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Preface

Abstract

The thesis is divided in the following four chapters; as they address different research
questions with different methods, each can be considered as a stand-alone paper.

Chapter 1 - Maternal Depression and Child Human Capital: A Genetic Instru-
mental Variable Approach. The Chapter addresses the causal relationship between mater-
nal depression and child human capital using UK cohort data. We exploit the conditionally-
exogenous variation in mothers’ genomes in an instrumental-variable approach, and describe
the conditions under which mother’s genetic variants can be used as valid instruments. An
additional episode of maternal depression between the child’s birth up to age nine reduces
both their cognitive and non-cognitive skills by 20 to 45% of a SD throughout adolescence.
Our results are robust to a battery of sensitivity tests addressing, among others, concerns
about pleiotropy and the maternal transmission of genes to her child.

Chapter 2 - Boys Don’t Cry (or Do the Dishes): Family Size and the House-
work Gender Gap. Published in the Journal of Economic Behavior and Organization. We
here use data from the British Cohort Study (BCS) to link family size to age-16 children’s
contribution to household chores and the adult housework gender gap. Assuming that home
production is an increasing function of family size and using an instrument to account for the
endogeneity of fertility, we show that larger families have a different effect on boys and girls
at age 16: girls in large families are significantly more likely to contribute to housework, with
no effect for boys. We then show that childhood family size affects the housework gender gap
between the cohort members and their partners at age 34. Women who grew up in larger
families are more likely to carry out a greater share of household tasks in adulthood, as
compared to women from smaller families. In addition, growing up in a large family makes
cohort members more likely to sort into households with a wider housework gender gap as
adults. We show that the persistent effect of family size is due to the adoption of behaviours
in line with traditional gender roles: a lower likelihood of employment and shorter commutes
for women, along with a higher employment probability for their partners.

Chapter 3 - Families at a Loss: The Relationship Between Income Changes
and Child Human Capital The main scope of this paper is to assess the relationship
and pathways that link gains and losses in family income to the cognitive and non-cognitive
development of children. With data from the UK Millennium Cohort Study (MCS), I use a
value added model to link distributional changes in family income to children’s reading scores
and internalising and externalising behaviour trajectories between age 3 and 15. I find that
only income losses have a significant negative impact on the non-cognitive development of
children and that around one third of the effect operates through channels related to mental

health and well-being of mothers. Instead, movements upwards and downwards the income
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distribution affect cognitive outcomes symmetrically. I find evidence suggesting that past
income losses matter only in conjunction with current losses in explaining residualised reading
test scores and that experiencing an income loss predicts the probability of entering the
bottom quintile of the distribution of cognitive and non-cognitive skills. The evidence further
suggests that the bottom quintile of non-cognitive skills is “stickier” than that of cognitive
skills, with income gains having no significant effect in predicting the probability of exiting
the bottom of the skills distribution.

Chapter 4 - Income and Wealth Volatility: Evidence from Italy and the U.S.
in the Past Two Decades. Published in the Journal of Economic Inequality. Income
volatility and wealth volatility are central objects of investigation for the literature on income
and wealth inequality and dynamics. Here we analyse the two concepts in a comparative
perspective for the same individuals in Italy and the U.S. over the last two decades. We
find that in both countries wealth volatility reaches significantly higher values than income
volatility, the effect being mostly driven by changes in the market value of real estate assets.
We also show that there is more volatility in both dimensions in the U.S. and that the
overall trend in both countries is increasing over time. We conclude by exploring volatility in

consumption.
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Co-author Statement

The following Chapter is a single-author paper:
o Chapter 3 - Families at a Loss: The Relationship Between Income Changes
and Child Human Capital

The remaining three Chapters have all been co-authored. Reflecting my relative contribu-
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Anthony and I are both at the origin of the research question (which originated on a late
summer afternoon, on the Syracuse seafront). It is hard to separate our contributions
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the result of a joint effort.
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in the Past Two Decades, co-authored with Edward N. Wolff (New York University),

and Conchita D’Ambrosio (University of Luxembourg).

Conchita is at the origin of the research question. I was in charge of the whole data

analysis and about 80% of the writing of the paper.
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General Introduction

General Introduction

Inequality and Parental Background

Prevalent social justice theories in Western societies rely on the concept of equality of
opportunity, rather than equality of outcomes. A number of authors have argued that
differences in observed individual outcomes are not only based on merit, but reflect personal
and environmental differences that are outside of the control of single individuals (Rawls,
1971; Sen, 1980; Dworkin, 1981; Cohen, 1989; Roemer, 1993). Despite differences in the
degree of responsibility individuals can be held accountable for and on the exact definition of
the object of equalisation, the consensus around egalitarian theories is the equal access to
opportunities (typically, opportunities for income), regardless on an individual’s background
and characteristics. Roemer (1998), among others, formalised this concept by describing
outcomes as the result of two components: effort (the set of actions an individual is responsible
for) and circumstances (the environment over which the individual has no control). As long
as all individuals in a given society have access to the same opportunities and there is no
discrimination based on personal characteristics such as gender or age, differences in observed
outcomes can be interpreted as the result of preference heterogeneity and effort, and welcomed
as a merit-based reward-system.

The aim of this dissertation at large is documenting inequalities deriving from circumstances
that are outside of the control of individuals. I mostly focus on the ways parental background
can shape children’s outcomes, from human capital to the time spent in paid work and
housework as adults. Not being able to choose the family they are born into, children cannot
be held responsible for the choices (and circumstances) of their parents. Following egalitarian
social-choice theories, policy makers should aim at compensating differences in outcomes that
emerge from differences in initial circumstances.

Chapter 1 of this thesis addresses differences in child human capital caused by having
a mother suffering from depressive symptoms; the identification strategy here relies on the
mother’s conditionally-exogenous genetic risk for depression. In Chapter 2, I then go on and
consider how family size affects children’s contribution to housework and the persistence of

this effect into adulthood, with consequences for gender inequality. Chapter 3 describes the
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relationship between family income changes and child human capital accumulation, allowing
for income losses and gains to have an asymmetric effect. Last, Chapter 4 further investigates
the concept of income changes over time and documents the evolution of income volatility, as
compared to wealth volatility, across two longitudinal datasets.

The rest of the introduction is organised as follows: I first review the literature on human
capital formation, zooming in onto the role of parental income. I then address how parents
can shape children’s outcomes beyond human capital, by influencing their set of values, beliefs,
and attitudes. Last, I investigate the role of the ‘genetic lottery’, a circumstance par excellence,
in explaining differences in outcomes, by summarising the recent advancements in the field of

social science genetics.

Human Capital Formation

Investments in human capital, as defined by the pioneering work of Becker (1962), are
those “activities that influence future real income through the embedding of resources in
people” (Becker, 1962, p. 9). Decisions to invest in human capital can thus be seen as the
product of a rational cost-benefit analysis, where individuals decide to spend time and money
in the formation of competences that are rewarded in the labour market, in order to achieve
better economic outcomes. From the Mincerian wage equation (Mincer, 1970, 1974), assessing
the relationship between years of schooling and wages, to more recent developments (Currie
and Almond, 2011; Cunha and Heckman, 2008; Gertler et al., 2014; Heckman, Humphries and
Veramendi, 2018; Noboa-Hidalgo and Urzua, 2012), a lot of effort has been put in identifying
what constitutes ‘human capital’ and which kind of investments contribute to its production.

Human capital is commonly defined as the ensemble of cognitive and non-cognitive skills.!
Cunha and Heckman (2007, 2008) developed the theoretical framework for our current
understanding of the human capital production function — first applied to cognitive skills
only, and then extending the framework to non-cognitive skills. Skills are the product of
genes, investments, and the environment, and they develop in accordance with a series of
technologies and inputs that may vary according to the child’s developmental stage. These

technologies are typically characterised by the processes of self-productivity and dynamic

LA broader definition of human capital as ‘human capabilities’ includes also health stocks (Heckman,
2007).
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complementarity: the first refers to the self-reinforcement of skills across developmental stages,
with skills acquired in a given stage fostering the formation of skills in the next stages; the
second instead addresses the synergy of investments across developmental stages, reflecting the
fact that the production of skills in one stage increase the productivity of future investments.

Among the determinants of child human capital, parental background plays a fundamental
role, by affecting both the parents’ potential to invest in their children’s skills and the
environmental circumstances. In this thesis I first focus on the role of mothers” mental
health. While depression is known to negatively affect employment and earnings (Zimmerman
and Katon, 2005; Fletcher, 2013; Banerjee, Chatterji and Lahiri, 2017; Hakulinen et al.,
2019), productivity (Bubonya, Cobb-Clark and Wooden, 2017), marital status and marital
satisfaction (Gotlib, Lewinsohn and Seeley, 1998), and parenting style (Kiernan and Huerta,
2008), little is known about the causal effect of maternal depression on child human capital.
Based on the models of skills formation, maternal depression could affect child human
capital investments, via a reduction of economic means and/or a worsening of the quality of
time investments. Chapter 1 of this thesis addresses the net effect of maternal depression
on children’s cognitive and non-cognitive skills, by exploiting quasi-exogenous variation in
mothers’ genetic propensity for depression.

The role of another parental characteristic, namely family income, on child human capital

is instead the object of Chapter 3.

The Role of Family Income

What constitutes an investment in human capital? From educational to emotionally
nurturing environment, parental investments in child human capital typically involve a cost —
be it money or time. Parental income, while arguably not constituting an investment per-se,
can be seen as the enabler most forms of investments. Even in presence of the provision
of public goods such as high-quality public education, parental income can complement
the production of skills via ancillary investments and thus contribute to the persistence of
intergenerational inequality.

A number of empirical studies document a positive association between family income
and child human capital (Duncan and Brooks-Gunn, 1997; Shea, 2000; Yeung, Linver and
Brooks-Gunn, 2002; Washbrook, Gregg and Propper, 2014), finding larger effect sizes for

9
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measures of cognitive rather than non-cognitive skills. Changes in family income have also
been shown to have an effect on child human capital (see Dahl and Lochner, 2012, for a
review). Mostly based on variations in earned income tax credit schemes or child-care support,
this causal literature shows modest positive effects of an exogenous increase in family income
on child cognitive skills, with little evidence on the effect on non-cognitive skills. However,
income gains and losses need not necessarily have a symmetric effect on child human capital
accumulation: drawing from prospect theory (Kahneman and Tversky, 1979), one may think
that individuals are more affected by income losses rather than gains. Additionally, income
losses likely interact with market conditions such as the presence of credit constraints; as such,
they may well have an asymmetric effect with respect to gains on the parents’ ability to foster
their children’s human capital, either via the provision of material inputs or via the quality
and quantity of their time inputs. Using longitudinal data from a UK cohort study of children
born at the turn of the millennium, Chapter 3 investigates whether there is any descriptive
evidence of an asymmetric effect of parental income gains and losses on child human capital.

Changes in income, however, may not necessarily translate into changes in the parents’
ability to invest in their children’s human capital. Moved by altruism, parents may have a
preference for keeping constant their investment level and may resort to the credit market
and/or erode wealth as insurance against adverse economic shocks. Similarly, in standard
theoretical models, wealth plays a protective role in that it can help ensuring consumption
smoothing. Given its role of insurance, one may then think wealth to be on average more
stable than income. Chapter 4 investigates whether this is indeed the case, describing the

evolution of individual income and wealth volatility in the U.S. and in Italy.

Cultural Socialisation, Identity, and the Persistence of Gender In-

equalities

Parental characteristics can affect their children’s later life outcomes in ways beyond
human capital formation. Parents can play both a direct and an indirect role in shaping their
children’s outcomes, by influencing their attitudes, behaviours, and identity formation. For
example, Dohmen et al. (2012) use German data to confirm some theoretical predictions of

models of cultural transmission, providing evidence of the intergenerational transmission of

10
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risk and trust attitudes — with consequences on a variety of child outcomes. Doepke and
Zilibotti (2008) explain the ascent of the middle-class in post-industrial Britain with the
practice of passing values of patience onto the next generation. Using a natural experiment
on the US military draft, Ferndndez, Fogli and Olivetti (2004) argue that men who grew
up in families with working mothers develop less stereotypical gender attitudes and are less
likely to be the only or main breadwinner in their household. In a similar spirit, Farré and
Vella (2013) find evidence of a direct correlation between the gender attitudes of parents and
children, showing that a mother’s beliefs about the role of women, in the household and in
the labour market alike, affect her children’s views towards female employment. Additionally,
these mothers are more likely to have employed daughters and daughters-in-law.

Much of this literature can be framed in the context of cultural transmission models a la
Bisin and Verdier (2001). According to these theoretical frameworks, children develop their
preferences via imitation and adaptation mechanisms that can be defined as ‘socialisation’.
Parents, moved by ‘paternalistic’ altruism, have a preference for their children acquiring the
same set of cultural norms they hold. As such, they exert effort to provide their children with
a direct form of socialisation. The cultural mix of the surrounding society provides an ‘oblique’
form of socialisation instead. The more aligned the preferences of the parents are with the
norms embedded in society, the less prevalent is the role of parents (family and society are
cultural substitutes). On the contrary, as the societal norms diverge from the parents’; families
find it optimal to put more effort into direct forms of socialisation for their children. Pairing
these insights with those from identity frameworks (Akerlof and Kranton, 2000, 2010) allows
to appraise the role of cultural socialisation in the intergenerational transmission of gender
norms. If children are socialised into stereotypical cultural prescriptions (about, say, gender
or race), they will likely internalise these norms as part of their identity and find it costly
to deviate from them. The social and personal costs associated with deviating from norms
that are part of one’s identity provide a plausible explanation for the cultural persistence of
stereotypical norms and behaviours.

A behavioural prescription often associated with stereotypical gender norms is that “women
should do more housework than men” (Akerlof and Kranton, 2010). The prevalence of this
prescription is consistent with empirical findings showing that women still spend significantly

more time in household chores than men (Bittman et al., 2003; Gupta and Ash, 2008;

11
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Lyonette and Crompton, 2015). One may think this evidence to only be the result of rational
specialisation patterns illustrated by standard household bargaining models (Chiappori, 1992;
Van Klaveren, van Praag and van den Brink, 2008). However, women’s intra-household
bargaining power has likely never been higher, as reflected by their labour force participation
and educational outcomes being at a historical high in most OECD economies (International
Labour Office, 2018; World Economic Forum, 2018). So why do we still observe specialisation
patterns that are systematically gendered? Norms, identity, and culture could indeed be
playing a role, as suggested by Akerlof and Kranton (2010). Women who are more educated or
earn more than their partners, and who so deviate from stereotypical gender-role prescriptions,
have been shown to compensate via a more traditional division of housework (Bittman et al.,

2003; Lyonette and Crompton, 2015; Bertrand, Kamenica and Pan, 2015).

Chapter 2 of this thesis draws from the considerations above and explores the role of
parental socialisation on the adult housework gender gap, by exploiting exogenous changes in

family size during childhood.

The Role of Genes

Other than through their behaviours and actions, parents have a direct biological effect
oh their children, via the transmission of genes. The genetic makeup of a person, fixed at
conception, can contribute to shaping a variety of outcomes, from health to educational
attainment (Lee et al., 2018) and subjective well-being (Okbay et al., 2016). In the absence
of inequality of opportunities, meritocratic societies welcome inequality of outcomes as a way
to reward effort (Arrow, Bowles and Durlauf, 2000; Atkinson, 2015): keeping environmental
factors constant and assuming better grades are administered to those who study harder, it
would be ‘fair’ for someone with good grades to have access to better-paying jobs with respect
to someone with lower grades. However, factoring in genetics considerations makes the line
separating effort and circumstances look ever-so-thin. As argued by Harden (2018, par. 10),
“success [...] is partially a result of genetic luck. No one earned his or her DNA sequence, yet

some of us are benefiting enormously from it”.
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Heritability: From Twin-Studies to Genome-Wide Association Studies

To what extent can genes explain observed individual variation in socio-economic outcomes?
What is the relative weight of a child’s DNA as an input in her human capital production
function? Decades of evidence from twin-studies summarised in the meta-analysis of Polderman
et al. (2015) show that the average heritability of a trait (i.e. the share of observed variation
in a trait that is only due to genetic differences) is little below 50%. While this figure hides
substantial heterogeneity across different traits (from around 90% heritability for height, to
around 40% for alcoholism), it provides a first gauge of the importance of genes in shaping
observed differences in outcomes.

With the large drop in the costs of genotyping technologies — that is, technologies ex-
tracting common variations in the DNA sequence, typically called SNPs (Single-Nucleotide
Polymorphisms) — facilitating the direct access to individuals’ DNA, the landscape of social-
science genetics research has dramatically changed over the past two decades. The ease of
access to individual genotype data fostered the diffusion of Genome-Wide Association Studies
(GWAS), aimed at detecting systematic associations between SNPs and given traits (e.g.
educational attainment) in ethnically-homogeneous populations.> One of the research outputs
of a GWAS consists in a set of summary statistics reporting the magnitude of the association
between each SNP and the target trait, as well as the p-value of such association. With
the diffusion of national biobanks and the practice of collecting genetic material from social
studies’ participants, GWAS sample sizes have substantially increased (reaching over 1 million
participants in the GWAS for educational attainment of Lee et al., 2018), allowing for the
detection of increasingly precise SNP-trait associations. The larger precision has contributed
to a better understanding of the highly polygenic nature of complex traits such as education
or depression: there is no ‘gene for’ a trait, rather a diffused signal over a multitude of
genetic variants. Additionally, the genetic variants identified in such studies exert an influence
on traits via a series of complex biological processes, which are inextricably linked to the

environment.

2Results from GWAS have shed a new light on our understanding of heritability: the fraction of a trait’s
variance that can be explained by the SNPs analysed in a GWAS is typically lower than the estimates of
heritability derived from twin studies — a phenomenon known as the ‘missing heritability’ problem (Young,
2019).
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Polygenic Scores in Economics Research

The diffused genetic signal derived from GWAS results can be summarised into a risk
score (the so-called ‘polygenic score’, or PGS) that captures an individual’s genetic likelihood
of displaying a particular trait (more details on the computation of polygenic scores can be
found in Appendix 1.B). The out-of-sample predictive power of polygenic scores, measured
with the incremental R?, is a function of the GWAS sample size, heritability, and number
of genetic variants associated with the trait (Dudbridge, 2013). The polygenic score for
educational attainment based on the latest GWAS of Lee et al. (2018) has been shown to
predict around 10% of the variation in years of education in replication cohorts — a predictive
power similar to that of father’s education and verbal ability (Lee et al., 2018). Additionally,
results from within-family studies show that polygenic scores can help explain a large fraction
of observed differences between siblings, across a variety of traits (Belsky et al., 2018). Despite
their potentially large predictive power, polygenic scores are far from being ‘fortune-tellers’
(Harden, 2021): just as we cannot foresee an individual’s educational attainment solely based
on their mother’s education level, a high polygenic score for education does not automatically

translate into more years of schooling.

What is the role of polygenic scores in economics research? From simple covariates to
tools to assess the moderating role of genes in public policy interventions (see Harden and
Koellinger, 2020, for a review of potential applications), polygenic scores provide an accessible
way of integrating genetic considerations into our understanding of economic phenomena
and social change. For example, Belsky et al. (2018) show that the polygenic score for
educational attainment is a predictor of upward social mobility, independent of socially-
transmitted measures of economic advantage. Kweon et al. (2020) find that the polygenic
score for income has a causal link to socio-economic status and health. The authors emphasise
how the mediating role of environmental pathways such as education leave room for policy
intervention. Polygenic scores can be also used in the context of Mendelian Randomisation —
a term borrowed from epidemiology that describes the use of genetic variants as instrumental
variables (Davey Smith and Hemani, 2014; Hemani, Bowden and Davey Smith, 2018; Koellinger
and de Vlaming, 2019). This approach, declined in an intergenerational context, is at the

basis of the identification strategy of Chapter 1 of this thesis (where the assumptions required
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in the context of genetic instrumental-variables are described in detail).

Another promising avenue for the use of polygenic scores in social-science research is that
of gene-environment interactions (G x F). Differences in genetic endowments can moderate
the effect of policy interventions and produce treatment effect heterogeneity. This is the
case, for instance, of the relationship between education and health: Barcellos, Carvalho and
Turley (2018) exploit the raise in the school-leaving age in the UK (the 1972 RoSLA) to
show that the policy was most effective in reducing BMI for individuals with a higher genetic
risk for obesity. Other examples explore the moderating role of genes in relation to smoking
behaviour and health, using exogenous environmental variations coming from the Vietnam
draft (Schmitz and Conley, 2016, 2017) or eligibility for MediCare (Biroli and Zwyssig, 2021);
others investigate the interaction between genes, drinking behaviour and alcohol licensing
policies in the UK (Biroli and Ziind, 2020).

One could wonder about the policy implications that come with genetic research. First, it
is important to mention that genetic heritability does not imply biological determinism. If
genes are fixed, the environment is not: even in the presence of a trait (say, myopia) that is
100% heritable, environmental factors will always able to play a role (think of eye surgery
or glasses to correct for myopia). Social-science genetics has opened the door to a broader
definition of inequality of opportunity, that is not only the result of the social lottery (the
circumstances in which we are born), but also of the genetic lottery. Taking into account
genetic differences can help designing better targeted policies (Joint Research Centre F7
- Knowledge Health and Consumer Safety, 2019), informed by the integration of genetic

research into the evaluation of existing policy interventions.

Dissertation Outline

This thesis draws from the literature described in the section above in order to address the
following research questions. First, we ask what is the causal role of parents’ mental health
in shaping children’s human capital trajectories (Chapter 1). Second, we address the role
of childhood family structure in explaining the housework gender gap (Chapter 2). I then
re-evaluate the role of income changes in the human capital production function, by asking

if gains and losses in family income affect child human capital formation in the same way
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(Chapter 2). Last, we use two longitudinal datasets to check whether, within each family,
income is more volatile than wealth (Chapter 4).

Chapter 1, “Maternal Depression and Child Human Capital: a Genetic Instrumental-
Varialble Approach”, addresses the causal role of maternal depression in the formation of
children’s cognitive and non-cognitive skills. Using a unique mix of socio-economic and
biological data from a UK-based cohort study, we here exploit the conditionally exogenous
variation provided by the mothers” DNA in order to create an instrumental variable that
captures their genetic risk of being depressed. We describe in detail the conditions under
which mother’s genetic variants can be used as valid instruments and address concerns such
as pleiotropy (the correlation between genes and multiple traits) and mother-to-child genetic
inheritance. The Chapter shows that maternal depression hinders cognitive and non-cognitive
outcomes throughout adolescence: one additional episode of maternal depression between the
child’s birth up to age nine reduces test-scores achievement by 20% of a standard deviation
and socio-emotional and behavioural health by 45% of a standard deviation. These results
are robust to a battery of sensitivity tests and survive a partial relaxation of the exclusion
restriction. Together with evidence showing that the treatment of maternal depression has
little benefits in terms of child human capital (Baranov et al., 2020), our results seem to point
to the fact that policies aimed at preventing, rather than treating, maternal depression might
bring about greater societal returns.

Chapter 2, “Boys Don’t Cry (Or Do the Dishes): Family Size and the Housework Gender
Gap”, deals with the intergenerational transmission of gender inequality, focusing on the
persistence of the housework gender gap in developed economies. We here use data from
the 1970 British Cohort Study (BCS) to investigate the role of family size in childhood as
a determinant of the adult housework gender gap. We do so by linking first family size to
the allocation of household chores to children. Using the same-sex instrument introduced
by Angrist and Evans (1998) to account for the endogeneity of fertility, we show that an
increase in family size has a different effect for boys and girls at age 16: girls in large families
are significantly more likely to contribute to housework, while no effect is found for boys.
Additionally, girls in larger families spend less time doing homework and in leisure activities.
We find the effect to persist into adulthood, translating into a larger housework gender gap at

ages 34 and 42. Results are driven by women in our sample who grew up in larger families,
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who appear to sort into cohabiting relationships where they systematically carry out more
housework than their partners. The effect of family size is larger for children from low-SES
families and families in which the mother holds conservative gender attitudes. We further show
that the persistent effect of family size in adulthood can be partly explained by the adoption
of behaviours in line with stereotypical gender roles, such as a lower likelihood of employment
and shorter commutes for women, and a higher employment probability for their partners.
These results provide evidence that a gendered attribution of household chores to children can
contribute to a persistent housework gender gap in the next generation, potentially limiting
women’s career opportunities and contributing to institutionalise gender inequalities.

Chapter 3, “Families at a Loss: The Relationship Between Income Changes and Child
Human Capital” focuses again on the way parental characteristics can affect child human
capital. In particular, I test descriptively whether positive and negative shocks in family
income have a symmetric effect on child cognitive and non-cognitive development. To do so, I
use data from the UK Millennium Cohort Study, looking at the impact of wave-to-wave gains
and losses in family income quintiles on the the socio-emotional development and reading
test-scores of children aged 3 to 15. Accounting for the dynamic nature of human capital
with a value-added model, the chapter shows that income losses are associated with worse
cognitive and non-cognitive outcomes of children, while income gains exert a positive impact
on cognitive skills only. Consistent with the literature in developmental psychology, the effect
of income losses is partly mediated by measures of maternal well-being. Additional results
investigating dynamic and distributional effects suggest that past income losses matter only
in conjunction with current losses in explaining residualised reading test-scores, and that
experiencing an income loss predicts the probability of entering the bottom quintile of the
distribution of both cognitive and non-cognitive skills. The evidence further suggests that the
bottom quintile of non-cognitive skills is somewhat stickier than the cognitive skills’ one, with
income gains having no significant effect in predicting the probability of exiting the bottom
of the skills distribution.

Chapter 4, “Income and Wealth Volatility: Evidence from Italy and the U.S. in the Past
Two Decades”, zooms-in on the concept of income changes. The Life-Cycle Theory suggests
that wealth can act as form of self-insurance against income shocks: in periods of diminished

income, consumption smoothing is ensured through the erosion of wealth and/or access to

17



General Introduction

the credit market. The presence of borrowing constraints might translate into even stronger
incentives to accumulate wealth and save ‘for a rainy day’. Following a life-cycle approach, one
might then believe income volatility in a given economy to be on average larger than wealth
volatility: while the former is more subject to life events and transitory conditions, the latter
is run down in case of necessity in order to converge towards a stable consumption path. If
that was the case, the adverse effects of income losses described in Chapter 3 might be partly
compensated with household wealth. However, is wealth really less volatile than income?
Chapter 4 provides an empirical test for this assumption, using a variance-decomposition
approach on high-detail income and wealth information from individual panel datasets in
the US and in Italy. Describing the evolution of individual equivalent income and wealth
volatility over time, we find that wealth volatility reaches significantly higher values than
income volatility over the period 2002-2014. While the distance between income and wealth
volatility is relatively contained in Italy, it appears to be larger in the U.S.. When turning to
consumption, we predictably find that consumption volatility is the lowest in both countries.
Investigating the process of wealth accumulation, we provide evidence for wealth volatility

being mostly driven by changes in the market value of real estate assets.
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1.1 Introduction

The prevalence of mental-health disorders has been rising steadily for over two decades (Stansfeld
and Hinchliffe, 2016), and these are now estimated to affect over 20% of the population in the UK
(www.mind.org.uk) and the US (www.nami.org/mhstats). Depression is one of the most common
of these disorders. A vast literature has documented worse outcomes for the depressed in terms of
not only health, but also employment and earnings (Zimmerman and Katon, 2005; Fletcher, 2013;
Banerjee, Chatterji and Lahiri, 2017; Hakulinen et al., 2019), productivity (Bubonya, Cobb-Clark
and Wooden, 2017), marital status and marital satisfaction (Gotlib, Lewinsohn and Seeley, 1998),
and parenting style (Kiernan and Huerta, 2008). Major Depressive Disorder has been identified as
the largest worldwide contributor to years lost to disability (Prince et al., 2007).

Depression in addition, likely also spills over onto others. There is a great deal of work on
the intergenerational correlation between parental and child depression (see Gotlib, Goodman and
Humphreys, 2020, for a recent summary). We here consider the consequences of maternal depression
on child human-capital in unique British birth-cohort data, beyond the intergenerational inheritance
of the genes associated with depression.

While a broad range of descriptive evidence has underlined the negative association between
maternal depression and child outcomes (see Goodman et al., 2011; O’hara and McCabe, 2013,
for meta-analyses and reviews of the psychological literature), there has been little causal analysis
of this intergenerational link. One exception is Dahlen (2016), who uses non-parametric bounds
to estimate ranges of the negative causal impact of maternal depression on the test scores and
socioemotional outcomes of US kindergarten children. More notably, Von Hinke et al. (2019) rely
on unexpected life experiences (the illness or death of friends and family members) to isolate the
effect of perinatal maternal depression on children’s cognitive and non-cognitive skills in a UK birth
cohort (ALSPAC; the same dataset that we use here). They find that mother’s worse mental health

around birth negatively affects their children’s non-cognitive skills, with the effects fading away as
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the child approaches adolescence. No effect is found on cognitive outcomes.

A small number of contributions have focused on the beneficial causal effects of the successful
treatment of depressed mothers. Perry (2008), exploiting the arguably-exogenous variation in US
primary-care physicians’ propensity to diagnose depression, shows that treating maternal depression
improved children’s asthma outcomes. Using data from a randomised controlled trial, Baranov et al.
(2020) find that prenatally-depressed mothers in rural Pakistan who were offered psychotherapy had
better mental-health outcomes, and invested more time and money in their children (although there
is only limited evidence that this investment improved child-development outcomes).

The causal link between parental mental health and child outcomes is of primary policy im-
portance, but is in general not particularly easy to establish. The interplay between maternal
mental health and child human-capital development is complex and subject to potential endogeneity
concerns. For instance, poor child school performance or behavioural problems might themselves
produce maternal depression; alternatively, environmental variables (shared by parents and children
who live in the same household), such as local public goods or criminality, could feed through to
both parental mental health and child outcomes. In both cases it is difficult to establish causality.

We here address endogeneity via recent advances in Epidemiology and Molecular Genetics.
In particular, we adopt a genetic instrumental-variable approach (similar to DiPrete, Burik and
Koellinger, 2018), and instrument maternal depression using a synthetic measure (the polygenic
score) based on the mother’s genetic variants that are robustly associated with the trait of depression.

Our empirical analysis is based on genetic and socio-economic information on mother-child pairs
from the Avon Longitudinal Study of Parents and Children (ALSPAC), a UK-based cohort study
that recruited about 14,000 pregnant mothers in the early 1990s. The key explanatory variable
is reported maternal depression: this is a summary measure from the answers mothers give to
questions about recent depression in seven different data waves from childbirth up to child age
nine. We instrument this cumulative depression score by the polygenic score (PGS) for maternal
depression, using Genome-Wide Association Studies (GWAS) summary statistics from the depression
meta-analysis in Turley et al. (2018). Our methodological approach is similar to that in Von Hinke
et al. (2016), who illustrate the assumptions under which an individual’s genetic variants can be
used as instrumental variables for that individual’s traits (in their empirical application, child fat
mass). Our question differs from theirs, as the trait we instrument (depression) and the outcome
(human capital) refer to different individuals (respectively, the mother and her child). In this
intergenerational analysis, additional concerns need to be addressed, such as those deriving from

genetic inheritance that we will discuss below.
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Following the human-capital development and skill-formation literature (see, for example, Cunha
and Heckman, 2008), we consider child cognitive and non-cognitive skills as human capital components.
The cognitive element is given by the measurement of child skills and knowledge at different stages of
compulsory education in the UK. We in particular analyse the child’s average Key Stage test-scores
at ages 11 and 14, and their total GCSE score at age 16 (at the end of compulsory education);
all three of these test scores come from administrative data. Non-cognitive skills come from the
child’s score from the questions in the Strengths and Difficulties Questionnaire (as reported by their
principal carer) at child ages 11, 13 and 16.

The genetic instrument allows us to isolate an exogenous change in maternal depression up to
child age nine and establish its causal impact on the child’s later human capital. We find that
one additional episode of maternal depression (out of the seven recorded) has a persistent negative
impact on both cognitive and non-cognitive skills, with an effect size of around 20% of a standard
deviation for the former and 40% for the latter.

Our identification strategy relies on a number of assumptions: while the relevance of the mother’s
PGS in predicting her depression can be formally tested, the genetic nature of this instrument calls
for a more thorough investigation of the exclusion restriction. We illustrate the potential pathways
that may compromise identification here, and discuss some ways in which these concerns can be
addressed. Pleiotropy (when one genetic variant can explain a number of different traits) is arguably
the main issue with genetic instrumentation in general. The intergenerational nature of our research
introduces a second potential problem, that of genetic inheritance: as the child inherits about 50% of
each parent’s genetic variants, the direct effect of the child’s inherited genetic variants may confound
the relationship between mother’s instrumented depression and child human capital. Child outcomes
will be affected by the child’s own depression, and this is partly due to the genetic propensity for
depression that was inherited from the mother. But this is not what we understand by asking if
depressed mothers affect their children’s outcomes: we here rather wish to establish the effect of
maternal depression net of genetic inheritance.

We tackle some of the pleiotropic concerns by controlling for a set of maternal and child traits
that might be affected by the genetic variants used in the construction of the PGS, and that are in
turn likely to affect human-capital development (e.g. educational attainment and fertility decisions).
Following Lawlor et al. (n.d.) and DiPrete, Burik and Koellinger (2018), we control for genetic
inheritance by holding constant the child’s own PGS for depression, as well as their PGSs for
cognitive and non-cognitive skills. Our results are robust to these and other sensitivity tests.

The remainder of this paper is organised as follows. Section 1.2 describes the birth-cohort
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data that we use. Section 1.3 then provides an overview of the conditions under which genetic
variants can be used as instrumental variables in observational data, and considers the specific issues
when the treatment and the outcome refer to different individuals who are genetically-related. The
main results, of a sizeable causal effect of maternal depression in childhood on adolescent children’s
cognitive and non-cognitive skills, and a variety of robustness checks, appear in Section 1.4. Last,

Section 1.5 concludes.

1.2 Data: The Avon Longitudinal Study of Parents and
Children

We will use mother’s genetic information as an instrument to establish the causal effect of her
depression on her children’s cognitive and non-cognitive outcomes. The data requirements to carry
out this analysis are stringent. We need information on mother’s reported depression during her
child’s young years, the adolescent outcomes of her child, and both the mother’s and the child’s
genotype. Few datasets contain all of this information. One that does is the Avon Longitudinal
Study of Parents and Children (ALSPAC) survey, also known as ‘The Children of the 90s’.

ALSPAC is an English birth-cohort study designed to investigate the influence of environmen-
tal, genetic, and socio-economic variables on health and development over the life course. Over
14,000 pregnant women who were due to give birth between April 1991 and December 1992 in
the county of Avon (Bristol and its surrounding areas) were recruited. These women and their
families have been followed ever since, even if they move out of the original recruitment area (see
www.bristol.ac.uk/alspac/). The pregnancy outcomes of the participants resulted in a total of 14,062
live births, with 13,988 children surviving their first year. The sample is broadly representative of the
early 1990s UK population of mothers with children under age one, although higher socio-economic
status groups as well as Whites are over-represented (see Fraser et al., 2013; Boyd et al., 2013, for
a full description of the cohort profile). The study includes detailed information about the family
environment, as well as indicators of child development, wellbeing and skills over time, and rich
information on the parents’ characteristics and background.! Biological samples from the children
and their parents were collected at different points in time, allowing for DNA genotyping. We

here use imputed genotype data from around 9,000 children and their mothers (Taylor et al., 2018,

!The study website contains details of all the data that is available through a fully searchable data
dictionary and variable search tool: http://www.bristol.ac.uk/alspac/researchers/our-data/.
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provide technical details on the genotyping technology, imputation, and quality control in ALSPAC).

When the child was aged 8 months and 2, 3, 4, 5, 6 and 9 years, their mothers were asked
whether they had experienced depression since the last interview in which they were asked about
their health (or since the birth of the child the first time this question was asked). Although the
wording of the question changed slightly across waves, the potential responses were the same: “Yes
and consulted a doctor”, “Yes but did not consult a doctor” and “No”. We consider a mother to
have had an episode of depression between two periods if she replied “Yes and consulted a doctor” or
“Yes but did not consult a doctor”. We combine these seven reported depression scores to produce
an index of reported maternal depression from the child’s birth to the child’s ninth birthday, with
index values running from zero to seven.

Our child non-cognitive skill measures come from the Strengths and Difficulties Questionnaire
(SDQ) (as used in Fleche, 2017; Briole, Le Forner and Lepinteur, 2020; Clark, D’Ambrosio and
Barazzetta, 2021). The SDQ is a 25-question behavioural-screening tool for children, including
questions on whether the child is considerate of others, and her concentration span, worries and
fears, degree of obedience, and social isolation (Goodman, 1997). The full list of the SDQ items
appears in Appendix Table 1.A1. The main carer (this is the mother in the vast majority of cases)
was asked to rate the child’s SDQ seven times between child ages 4 and 16. We will relate maternal
depression during the child’s first 9 years to the child’s subsequent SDQ scores at ages 11, 13 and 16.

The 25 SDQ items are split up into five sub-scales covering emotional problems, peer problems,
conduct problems, hyperactivity/inattention and pro-social behaviour. Consistent with Goodman,
Lamping and Ploubidis (2010) and the SDQ scores produced by ALSPAC, our main analysis will use
the total SDQ score, which is the sum of the first four sub-scales. We code total SDQ so that higher
values represent better outcomes (i.e. strengths rather than difficulties). In the robustness checks
(Section 1.4.4.2), we will consider additional non-cognitive skill measures to test for convergent
validity (teacher-reported SDQ scores, and an alternative measure of non-cognitive skills from the
Short Moods and Feelings Questionnaire, SMFQ, reported by the main carer).

Child cognitive development is measured by their national exam results in linked administrative
data from the UK National Pupil Database. We use the average Key Stage fine-grading test-scores
at ages 11 and 14 and the total GCSE score in all of the exams that the child took at the end of

compulsory education at age 16.2

2At the end of Key Stages 2 (age 11) and 3 (age 14), children’s progress in Mathematics, Science and
English is assessed using National Curriculum tests. While these tests do not produce exit certificates, the
national exams taken at the end of Key Stage 4 (age 16), the General Certificate of Secondary Education
(GCSE), do produce qualification certificates. Students in the UK typically take at least 5 GCSEs (one per
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The next section first sets out the principle of using genotype data as an instrument, and then

describes the way in which we will apply this method using ALSPAC data.

1.3 A Genetic Instrumental-Variable Approach

1.3.1 Mendelian Randomisation

Establishing causality in non-experimental data is very often challenging, and particularly so for
variables that are unlikely to be targeted by policies or be subject to quasi-experimental variation.
One recent approach in Social Sciences and Epidemiology is Mendelian Randomisation (MR). This
term refers to Mendel’s Laws of Segregation and Independent Assortment, which are involved in the
formation of reproductive cells (i.e. gametes) through meiosis and which ensure genetic variability
across individuals. Traits that are regulated by one gene are defined by a sequence of two alleles (one
inherited from each parent); the Law of Segregation states that each individual has a 50% chance
of inheriting one of the two maternal (paternal) alleles for a given gene. The Law of Independent
Assortment, on the other hand, ensures that alleles for different traits are passed on independently
of each other.® As a result, conditional on the parental genotypes, the child’s genotype can be seen
as the outcome of a lottery.?

MR in practice refers to a variety of different approaches, the common denominator being the
use of genetic variants as instrumental variables for a given endogenous trait (see Koellinger and
de Vlaming, 2019; Hemani, Bowden and Davey Smith, 2018, for reviews of some recent developments).
While some traits can be linked to a clear small set of genetic variants through well-characterised
biological pathways (this is the case for severe health problems, such as Huntington’s disease), most
traits that interest economists and other social scientists (e.g. socio-economic status, education,
and subjective well-being) are highly polygenic and, as such, involve a greater degree of genetic
complexity. The burgeoning literature on large-scale GWAS, which aims to estimate the relationship
between a given trait and known genetic variants (typically Single-Nucleotide Polymorphisms, or

SNPs) in large samples, has brought about significant advances in the understanding of the genetic

subject), with Mathematics, Science and English being compulsory.

3The Law of Independent Assortment does however come with a caveat: genes that are close to each other
on a chromosome strand have a higher chance of being transmitted together. This leads to what is known as
linkage disequilibrium: in a given population, alleles for different genes have higher association rates than
those that would be expected from random matching.

4Note that if parents were to match to each other independently of the trait that a given genotype
regulates, we would not even need to condition on parental genotypes for the genotype of the child to be a
random draw from the population genetic pool.
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architecture of genetically-complex traits such as education (Lee et al., 2018; Demange et al., 2021),
depression (Okbay et al., 2016; Turley et al., 2018) and risk behaviour (Karlsson Linnér et al., 2019).

One issue with the use of genetic variants of complex traits as instrumental variables is weak
instruments, as each single SNP identified in a GWAS likely has only relatively little predictive
power on its own. Polygenic scores have then come into widespread use as linear combinations of
all of the relevant genetic markers into one synthetic measure (Appendix 1.B provides more details
on the PGS and its functional form), capturing a greater portion of trait variance as compared to
single SNPs (DiPrete, Burik and Koellinger, 2018; Davies et al., 2015).

We now consider the various relationships between maternal genes and her child’s outcomes, and

how these can be addressed to establish a plausible causal relationship.

1.3.2 Instrumental Variables Assumptions in the Context of Ge-
netic Instruments

While others have laid down the assumptions for drawing inference from genetic instruments
within the same individual (notably Von Hinke et al., 2016), we here consider instrumentation
between parent and child, as illustrated by the solid black lines in Figure 1.1. We aim to measure the
causal effect of a mother’s trait Djs on her child’s outcome Yy (i.e. the value of the parameter /),
where G]\D4 is a vector of independent genetic variants of the mother that are robustly associated with
this trait Djys. In the ALSPAC analysis that we undertake here, D is maternal depression between
child birth and child age nine, Y- the adolescent-child’s human capital, and G]\D4 the mother’s PGS
for depression, based on the 88 most-relevant SNPs (p-value threshold of 10 %) derived from the
single-trait meta-analysis in Turley et al. (2018). The results throughout the paper are robust to the
use of a more-stringent threshold, identifying what are called genome-wide significant SNPs, with a
p-value threshold of 5 x 1078.

Just as in a standard instrumental variables (IV) analysis, the validity of the identification

strategy relies on the following assumptions:
o Relevance: the genetic variants G, are correlated with the trait Dy; (o # 0 ).

o Independence: the G¥, are not correlated with any confounders (U) of the association between

the mother’s trait and the child outcome (n =0 ).

o Exclusion restriction: the G¥, are causally related to the outcome Y only through the trait

Dy (so that § is not confounded by any of the dashed grey lines in Figure 1.1).
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The relevance assumption, while being the easiest to prove in most IV contexts, is particularly
straightforward in the case of genetic instrumental variables. The task of identifying which genetic
variants are robustly associated with a given trait is typically left to summary data from published
GWAS (see Appendix 1.B for further details). As noted above, single genetic variants per se might not
be sufficiently strong predictors of a trait, especially when the latter is genetically-complex. In these
cases, it is more appropriate to use synthetic measures such as the PGS to avoid weak-instrument
problems.

The independence assumption is typically assumed to hold in the context of MR due to the
randomness of genetic variants, with very few exceptions suggesting otherwise(e.g. Koellinger and
de Vlaming, 2019). It is worth underlining, however, that the mother’s genotype can be considered
as truly random only when conditioning on the maternal grandparents’ genotype. In practice, for
data-availability reasons, it is seldom possible to partial out the genes of the mother’s parents
when analysing GAD4. Some common established good practices in MR analyses are controlling
for population stratification® and documenting the absence of systematic correlations between the
instrument and observable confounders (Smith et al., 2007; Boef, Dekkers and Le Cessie, 2015).

In the context of multivariate regressions, controlling for a selected set of grandparental traits, as
well as environmental characteristics, should also attenuate the concerns regarding the independence
assumption. Consider, as an illustration of U in Figure 1.1, the potential influence of grandparental
depression. Depressed grandparents are first more likely to have genetic variants associated with
depression: via genetic inheritance, their daughters will then also likely display a higher PGS for
depression (in Figure 1.1 this would translate into 1 # 0). In addition, grandparental depression
may increase the chances of their daughter’s depression through non-genetic pathways, e.g. by
increasing familial stress and anxiety (this is represented by the line from U to Dy in Figure 1.1).
Last, grandparental depression can affect child outcomes directly, as depicted in the line from U to
Yc @ this could reflect, for example, the crowding-out effect of the time that mothers with depressed
parents can dedicate to their children. As they may simultaneously affect all of the variables of
interest (via the three unbroken grey lines in Figure 1.1), not controlling for grandparental genes

and/or their associated traits can violate the independence assumption.® Introducing controls for the

5This stratification reflects drifts in allelic frequencies within the population of interest. A popular
solution, which is particularly well-suited in contexts of considerable geographical and ethnic diversity, is
controlling for principal components derived from genotyped data. These account for systematic associations
between the alleles in subsets of a given population that are produced, among other things, by within-group
assortative-matching patterns.

6While the grandparents’ non-transmitted alleles can be unobserved confounders of the Dj;-Y¢ association
(through genetic nurture, as they likely affect the way in which the grandparents bring up the mother), they
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depression of both of the grandparents, as well as for other grandparental traits and environmental
characteristics, can attenuate the bias in this case.

The exclusion restriction is well-known to be the most problematic assumption in all IV setups,
and this is particularly true in the context of MR (Koellinger and de Vlaming, 2019). In our
mother-child framework, phenomena such as horizontal pleiotropy and genetic inheritance can link
G]\D4 and Yo through pathways other than Dyy.

Under horizontal pleiotropy, an individual’s genetic variant directly affects two or more of her
traits through separate biological pathways (e.g. the genetic variants causing maternal depression
might also affect other maternal traits, such as educational attainment). This will pose identification
problems if these additional traits affected by G¥; (the Xj; in Figure 1.1) are correlated with the
outcome of interest (y1 # 0).

One simple way to account for the confounding effects of the X, in Figure 1.1 is to control for
them. While this may sound rather trivial, most MR applications are actually bivariate associations
(accompanied, in most cases, by statistical tools to account for pleiotropy), typically due to data
limitations. We do of course need to be careful when controlling for maternal traits: while some
might indeed capture part of the observable pleiotropic effects, they can also partly mediate the
relationship between Dj; and Y and, as such, be ‘bad controls’ (Angrist and Pischke, 2008). In
relation to Figure 1.1, holding ‘bad controls’ constant would lead to the attenuation of the estimated
value of f.

Genetic inheritance also poses a problem for identification. Each child inherits 50% of each
parent’s genetic variants. This produces the path from G¥; to Gg, the child’s genetic variants that
are associated with child trait D, in Figure 1.1. There are then two pathways from Gg to the child’s
outcome. The first is the direct biological pathway from Gg to Yo (61 # 0); the second is due to
vertical pleiotropy (72 # 0), i.e. the effect of Gg on Y¢ that is mediated by one or more child traits
(Xe).

The issues around genetic inheritance might not only concern the transmission of the genetic
variants for depression. The child’s genetic variants explaining Y, Gg may also partly be inherited
from the mother’s G, and/or result from linkage disequilibrium (LD from here onwards; see
footnote 3 for the definition) with it (62 # 0). This is important here, as mental health and cognitive
achievement partly share the same genetic aetiology (see Rajagopal et al., 2020). Similarly to Gg,

the vector G¢ can affect the child outcomes either directly or via vertical pleiotropy (vy2 # 0).

do not play a role in the independence assumption of the effect of G} on Y, as they cannot appear in the
mother’s PGS for depression (Mendel’s Law of Segregation).
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Were the genetic data detailed enough, we could deal with all the concerns arising from genetic
inheritance by using only the mother’s non-transmitted alleles as instruments: mechanically, there
would then be no correlation between the mother’s and the child’s genotypes (unless there is
assortative matching between the parents over trait D and/or Y). Another possibility, which is
what we do here, is to control for the child’s genotypes, so as to hold constant all of the pathways
between G2, Gg and Yo. We will in addition control for the child’s traits, X¢, in case these partly
result from genetic variants other than Gg and Gg. We are to the best of our knowledge the first to
be able to control for both the child’s PGS for depression, Gg (Lawlor et al., n.d.), and cognitive
(non-cognitive) skills, G¥ (DiPrete, Burik and Koellinger, 2018),” in the empirical analysis. Note
that once we have controlled for the relevant child PGSs, the residual part of the bivariate pathway
between X); and Yo in Figure 1.1, v, reflects genetic nurture (Kong et al., 2018), i.e. the effect of
the maternal traits caused by the part of G]\D4 that is not inherited by the child.

We next describe the equations that to be estimated using ALSPAC data.

1.3.3 Empirical Strategy

We address endogeneity by estimating the following Two-Stage Least Squares (2SLS) regressions

using a genetic instrument:

DM:OzlpGS]e[—i-OQXM+a3Xc+a4PCM+€M (1.1)

HKcy = B1Dy + Bo X + 83X + BaPChrr + ver (1.2)

In Equation 1.1, Djs is the number of self-reported episodes of maternal depression, from the
child’s birth up to age nine, taking on values from 0 to 7. In Equation 1.2, the outcome H K¢y is
successively different measures of child C’s human capital at age t: the fine-grading average Key
Stage test-scores at ages 11 and 14, the total GCSE score at age 16, and total (carer-reported) SDQ
at child ages 11, 13 and 16. We standardise the different H K¢y variables for comparison purposes,
as they are not measured on the same scale.

We address pleiotropy by controlling for a set of both mother and child traits. X, is a vector of

"Note that controlling for Gg is what DiPrete, Burik and Koellinger (2018) refer to as Unconditional
Genetic Instrumental Variables (GIV-U), that is simply controlling for all the genetic variants associated with
Yo (ie. Gg) In particular, they show that GIV-U regression provides a reasonable lower bound for the true
effect of Dy; on Yo under several violations of the IV assumptions (either through moderate pleiotropy or
other genetic confounds).
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mother’s traits when the child is aged nine: age at the birth of the child and dummies for being
employed, having at least an A-level,® having a partner, having a partner with at least an A-level,
having an employed partner, the number of additional children, and banded household income (the
latter two variables are measured at child age 8). It can be argued that some of these are potentially
bad controls, as they may themselves be influenced by maternal depression (for example, mother’s
labour-force status and the household’s income). We will address this issue in the robustness checks.
Last, the X¢ are time-invariant child traits: gender, birth year and birth order.

In Equation 1.1, PGS’J\DA,7 the maternal polygenic score for depression (our measure of mother’s
genetic variants, G]\D4, in Figure 1.1) is used as an instrument for maternal depression Djy;. We
calculate PGSA[/)I using the command-line program PLINK 1.9, with summary statistics from the
single-trait depression meta-analysis GWAS in Turley et al. (2018). 68 of the 88 SNPs identified
in the GWAS are genotyped in ALSPAC participants and were used in the PGS: see Appendix
1.B for the details of the calculation. We standardise PGSA%, as polygenic scores have no natural
scale. With polygenic scores being based on genetic variants that are determined at conception, the
exogenous variation in maternal depression provided by PGS ]\D/[ is fixed prior to the child’s birth: this
rules out reverse-causality concerns (e.g. mothers’ mental health being affected by their children’s
poor cognitive and/or non-cognitive performance).

We address population stratification by excluding mothers of non-European descent: Hansell
et al. (2015) find no evidence of any remaining population stratification in ALSPAC after this
selection and other standard quality-control (QC) procedures (see Taylor et al., 2018, for a complete
overview of the QC procedures that were applied to ALSPAC data prior to its release). While the
documented lack of stratification provides evidence in favour of the independence assumption in our
context, we always control for 10 ancestry-informative principal components PCjs (as in Von Hinke
et al., 2016) and carry out additional tests for the influence of grandparental characteristics and
partners’ depression on the effect of maternal depression (see Section 1.4.3).

Our estimation sample consists of observations with non-missing values for mothers’ genetic

information, depression history, and the controls measured at child age nine.” As there are only

8An A-level (Advanced Level) qualification is a subject-based school-leaving certificate that is typically
obtained at the end of Upper-Secondary School at around age 18.

9The mother’s traits that are measured at child age eight (household income and the number of children
in the household) are missing in roughly 9% of the cases in our different estimation samples. Where the
respondents have missing information, we create a variable-specific dummy to flag this missing information
(the Missing Indicator method) and replace the missing value by the sample mean. We in addition drop the
32 cases with multiple births for the mother over the 18-month initial survey period (although our results are
robust to including these observations).
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1,065 families with non-missing information on all six human-capital measures and we cannot reject
concerns about weak instruments in this balanced sample, we here use a different estimation sample
for each dependent variable to maximise statistical power. Our final samples consist of between 2,036
and 2,993 observations per equation estimated. Due to attrition, the size of the non-cognitive skills
estimation samples falls naturally with child age (from 2,993 to 2,076 observations). For cognitive
skills, the estimation samples consist of 2,828 observations at age 16 (GCSE), 2,601 observations at
age 11 (KS2) and 2,036 at age 14 (KS3). The discrepancy between the sample sizes at age 16 and
earlier child ages reflects that the average KS2 and KS3 grades are retrospectively matched when
the child takes her GCSE exams at age 16. 10% of the 227-observation difference between the GCSE
and KS2 samples is due to either missing values in the school and academic year identifiers or in the
grades, while the remaining 90% is due to the NPD data-cleaning process. For the gap between the
GCSE and KS3 samples, 258 observations are missing for these two reasons, while the remaining
534 are due to the KS3 grades of ALSPAC children taking their GCSE in academic year 2008-09
no longer being collected.!® The influence of maternal depression and PGSY. on attrition and the
different sample sizes is discussed in the next section.

The distribution of self-reported maternal depression in the different estimation samples appears
in Table 1.1, where depression takes on values between zero and seven. Around half of the women in
our samples reported at least one episode of depression between the birth and ninth birthday of
their child. This figure is consistent with data from a nationally-representative survey, the British
Household Panel Study (BHPS), over the same time period: around 45% of the mothers observed
for at least two consecutive years from 1991 to 2000 reported a least one episode of depression. The
distribution of the measures of children’s human capital is shown in Appendix Figure 1.A1, and the
complete descriptive statistics are listed in Tables 1.A2 (cognitive skills) and 1.A3 (non-cognitive
skills).

While Equation 1.2 partly addresses pleiotropy by controlling for both the mother’s and the
child’s traits (X»s and X¢), the maternal PGS may still be directly linked to child human capital
via the child’s genome (G and G§ in Figure 1.1). We here follow Lawlor et al. (n.d.) and DiPrete,
Burik and Koellinger (2018), and address these concerns by controlling for the child’s PGS for

depression and, respectively, cognitive and non-cognitive outcomes (see Section 1.4.2.3).

10Technical details about the NPD cleaning process and the collection of the KS3 average grades we use
here can respectively be found at http://www.bristol.ac.uk/media-library /sites/cmpo/migrated /documents/
ksbuserguide2011.pdf and https://find-npd-data.education.gov.uk/en/data_ elements/11e50a8a-78d6-425¢-
871d-9d9fd3330dd9.
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1.4 Results

1.4.1 Main Results

Table 1.2 presents the OLS and 2SLS estimates of Equation 1.2 for the effect of maternal
depression on the different measures of child human capital. All of the estimated coefficients are
negative and significantly different from zero at the 10% level at least. In the 2SLS results in
columns (2), (4) and (6), one additional episode of maternal depression before child age nine reduces
child test-scores by on average 23% of a standard-deviation (SD) and total SDQ by roughly 45%
of a SD.!' Although the 2SLS estimates become a little larger as the child grows older, none of
them are significantly different from each other. This pattern does not reflect the different sample
compositions: restricting our analysis to families with valid information on either all of the cognitive-
skill measures or all of the non-cognitive skill measures yields similar conclusions (these results are
available upon request). Our specification exploits the longitudinal dimension of the dataset by
looking at the impact of the observed history of a mother’s depression on the subsequent cognitive
and non-cognitive outcomes of her children. Our estimates may thus reflect the predictive effect of
the PGS on unobserved later episodes of maternal depression occurring between child age nine and
the time the child’s outcome of interest is observed. Maternal depression during a child’s puberty
could have a greater impact on their schoolwork and behaviour, producing larger coefficients at ages
14 and 16. In either case, maternal depression produces worse child outcomes.

Instrument relevance is evaluated in the first-stage estimates below the 2SLS results in Table 1.2.
As expected, a higher PGS for depression significantly predicts more maternal-depression episodes in
all specifications (at the 0.1% level at least). We also list the Cragg-Donald Wald F-statistics for the
first-stages, which are sufficiently large to alleviate weak-instrument concerns in most cases.'? This
F-statistic is under 10 only for the effect of maternal depression on total SDQ at age 16, which may
show selective attrition. The probability of dropping out of the total SDQ estimation sample between
two periods rises with maternal depression, but does not depend on the value of the instrument. It

is thus unsurprising to see a lower first-stage F-statistic in the last column of the bottom panel of

" The reduced-form estimates for the PGS for depression range from -0.036 to -0.051 SD for cognitive skills
and from -0.071 to -0.063 SD for non-cognitive skills, with significance levels identical to those in our baseline
2SLS estimates. While reduced-form estimates rely on weaker assumptions, they come at a cost in terms of
interpretation, as they do not identify a mediating trait in the maternal genes - child outcome relationship.
Under the assumptions described in Section 1.3.2, our 2SLS estimates reveal that the causal effect of the PGS
for depression of the mother on the human child capital of children is only mediated by maternal depression.

12\We cannot make strong statements about whether the effect of maternal depression differs by gender,
birth-order, maternal education and household-income band, as the smaller samples produce F-statistics that
are mainly too low for robust inference.
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Table 1.2.13

Columns (1), (3) and (5) show the OLS results. Although these are qualitatively similar to the
2SLS estimates, they are four to ten times smaller in size. This gap may reflect that the GWAS
summary statistics from Turley et al. (2018) are based on discovery samples where the trait is
mostly measured as clinically diagnosed depression or self-diagnosed major depressive disorder (in
around 80% of cases). As such, it is normal that the 2SLS estimates be larger than those in OLS,
as the instrument captures more extreme forms of depression, that in turn play a larger role in
human-capital accumulation. When analysing a non-binary trait (like our measure of maternal
depression) genetic compliers can be seen as the whole population (see Dixon et al., 2020). Our
2SLS estimates then capture the average treatment effect of the trait that is most prevalent in the
GWAS discovery cohorts — that is, ‘severe’ forms of depression (clinically-diagnosed depression, or
major depressive disorder). On the contrary, the OLS estimates reveal the average effect of all forms
of depression, both mild and severe.

The difference between the OLS and 2SLS estimates is larger for cognitive than non-cognitive
skills: this may reflect the relative importance of diagnosed and undiagnosed symptoms of maternal
depression in these two dimensions of human capital. While we do not observe formal diagnoses
of depression, we know whether the mother consulted a doctor due to her depressive symptoms.
When we separately consider episodes of maternal depression that were followed up by a medical
visit and those that were not, the descriptive evidence from the OLS estimates suggests that, while
both measures matter equally for non-cognitive skills, only the former is significantly associated with

child cognitive skills (results available upon request).'*

13Note that neither maternal depression nor the instrument predict retrospective attrition for cognitive
skills in the top panel of Table 1.2. As information on Key Stages 2 and 3 (child ages 11 and 14, respectively)
test-scores are obtained retrospectively, attrition here is the probability of being in the age-16 sample for
cognitive skills and being absent from, respectively, the analogous age-11 and age-14 samples. The results on
attrition in the cognitive and non-cognitive samples are available upon request.

141t might be thought then that we would be better-off restricting our analysis only to episodes of maternal
depression that are followed by a medical consultation. When doing so, we find coefficients that are on
average twice as large as the baseline 2SLS estimates from Table 1.2 (all significant at least at the 10% level).
However, the F-statistics for episodes of maternal depression followed by a medical visit take values that are
systematically lower than those in Table 1.2. Using only depressive episodes followed by a medical visit comes
at a greater risk of weak-instrument issues.
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1.4.2 Addressing the Exclusion Restriction

1.4.2.1 Horizontal Pleiotropy

The credibility of the exclusion restriction relies on there being no relationship between the
PGS for maternal depression and the child outcomes, other than via maternal depression. However,
as set out in Section 1.3.2, a genetic variant may predict more than one trait: this is horizontal
pleiotropy. While we already control for a set of maternal traits in our main specification, we here
provide additional evidence against pleiotropy playing a significant role in our analysis. Table 1.A4
in Appendix 1.A shows the bivariate associations between the PGS for depression and a variety
of maternal traits. Unsurprisingly, the association between the PGS and maternal depression is
positive and very significant. Just as importantly, none of the other traits is significantly associated
with this instrument. While we cannot entirely rule out an effect of the genetic variants in the
mother’s PGS on other unobserved traits involved in child human-capital development, the lack of
any correlation with the observed traits is reassuring.

We also address the risk of pleiotropy more directly, investigating the known biological functions
that are linked to the 68 SNPs used in the mother’s PGS for depression. We do so using the
NHGRI-EBI online GWAS Catalog to review all of the biological functions associated with our
SNPs. In line with Von Hinke et al. (2016), we then calculate a new PGS discarding the six lead

15 as these are likely to violate the

SNPs linked to either the cognitive or non-cognitive outcomes,
exclusion restriction via their effect on the mother’s human capital. Columns (2), (4) and (6) of
Table 1.A5 list the 2SLS estimates with this restricted PGS: these are very similar to those in the
baseline (reproduced in columns (1), (3) and (5)). We also calculate the mother’s PGS for depression
excluding the lead SNPs that predict any trait other than depression, even those that may appear
unrelated to human capital (e.g. bone density). The last two sets of mother’s PGS exclude the SNPs
in LD with genetic variants explaining other traits (first, only the cognitive and/or non-cognitive
outcomes, and second an expanded set of traits made up of these two outcomes, along with BMI,
and smoking), using a window of 500k base-pairs and a squared pairwise correlation of at least 0.6.
Although both approaches reduce the variability in our instrument on which identification is based,
the 2SLS estimates remain qualitatively the same. These results are available upon request.

We last address unobserved associations between the SNPs for depression and mother’s human

capital (e.g. unknown biological pathways) by computing her PGS for both cognitive and non-

cognitive skills based on the GWAS summary statistics in Demange et al. (2021), and introducing

15These are the following: rs10514301, rs10789340, rs10045971, rs11876620, rs12958048, and rs174548
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these as controls in our main specification. Table 1.A6 shows that partialling out maternal genetic
variation in cognitive and non-cognitive skills does not qualitatively change the results (and these

latter are mostly not significant predictors of maternal depression in the first-stage regressions).

1.4.2.2 Bad Controls

As discussed in Section 1.2, controlling for mother’s and child’s traits attenuates pleiotropy
concerns. It can nonetheless be argued that some of these traits (for example, mother’s labour-force
status, the presence of a partner in the household and household income) are bad controls as they
could themselves result from depression. We thus re-estimate our 2SLS regressions first with no
controls, then controlling for the mother’s traits, and finally for the child’s traits. The results, as
compared to the baseline estimates (which control for both sets of traits), are depicted in Figure
1.2. The inclusion of potentially ‘bad’ controls makes relatively little difference, and the estimated
coefficients on maternal depression remain negative and significant in every specification for every

outcome.

1.4.2.3 Genetic Inheritance and Trait Overlap

We can expect about half of the genetic variants included in the PGS for maternal depression
to be passed on to the child (and an even higher figure if the parents match assortatively on the
basis of depression). As noted in Section 1.2, if the inherited variants are correlated with the child’s
cognitive/non-cognitive outcomes, then the exclusion restriction will be violated. Controlling for the
child’s polygenic scores for depression and cognitive/non-cognitive skills will effectively shut off any
confounding effect from genetic inheritance that affects these traits.

We here again use the summary statistics from the depression meta-analysis GWAS in Turley
et al. (2018) to calculate a PGS for depression in children. We use the GWAS-by-subtraction summary
data from Demange et al. (2021) and the summary statistics from the genome-wide association
meta-analysis of Middeldorp et al. (2016) to calculate the PGSs for cognitive and non-cognitive
skills. We do not use Demange et al. (2021) to calculate the PGS for non-cognitive skills, as the
weights from a GWAS on an adult population might not be relevant for children (see Zhang et al.,
n.d.). Furthermore, as Demange et al. (2021) define as ‘non-cognitive’ those SNPs associated with
educational attainment independent of cognitive ability, a PGS based on their summary statistics
may not be appropriate for our measure of non-cognitive skills (SDQ). In contrast, Middeldorp

et al. (2016) use a discovery sample of children under 13 to identify the SNPs associated with
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attention-deficit /hyperactivity disorder (ADHD) symptoms (a condition arguably captured by the
‘inattention /hyperactivity’ subscale of the SDQ).'6

Columns (1), (5) and (9) in Table 1.3 show the baseline 2SLS estimated coefficients for maternal
depression from Table 1.2; the other columns introduce various child PGS measures. As the child
genotype is missing in roughly 10% of the cases, we replace the missing values with the sample
average and use a missing-indicator flag (dropping missing-genotype children from the estimation
produces similar results). Columns (2), (6) and (10) in the top panel of Table 1.3 control for
the child’s cognitive-skill PGS: this is positively correlated with the child’s average test-scores (as
expected), but not with the PGS for maternal depression (there is little change in the F-statistics).
Analogous results pertain for the child’s non-cognitive PGS in the bottom panel of Table 1.3.

We then turn to the child’s depression PGS, part of which is inherited from the mother. As
expected, we find a 50% unconditional correlation between the mother’s and the child’s PGSs for
depression (which explains the lower F-statistics in columns (3), (7) and (11) when controlling for
the latter). However, in regressions including the mother’s PGS, the child’s depression PGS does
not significantly influence the dependent variables (as shown in the table) or maternal depression
(not reported — results available upon request). As the PGS uses weights derived from an adult
population, the genetic variants identified there may not work in the same way for children.

Columns (4), (8) and (12) introduce the two scores simultaneously, which does not change
our conclusions: the children of more-depressed mothers have significantly worse cognitive and
non-cognitive skills. Although the estimated maternal-depression coefficients change a little in size

as we introduce different PGS controls, they are never significantly different from each other.”

1.4.2.4 Plausible Exogeneity

While the analyses above have put considerable effort into tackling potential violations of the
exclusion restriction, there may still be unobserved pathways for which we do not control. For

instance, while we do account for horizontal pleiotropy from the mother’s genetic variants by

6Note that the discovery sample of Middeldorp et al. (2016) includes the ALSPAC cohort. We also used
alternative summary statistics from other GWAS (Benke et al., 2014; Pappa et al., 2016; Demange et al.,
2021) to calculate alternative polygenic scores for non-cognitive skills, but none of these significantly correlates
with total SDQ other than that from Middeldorp et al. (2016). These results are available upon request.

17 Another way of ruling out confounding genetic-inheritance effects is to recalculate the PGS for maternal
depression excluding the genetic variants that are also associated with children’s cognitive and non-cognitive
skills (either directly or through LD patterns). Out of the 68 top variants for maternal depression genotyped
in ALSPAC, we find that none coincides with top variants for cognitive skills, while fourteen others are in LD
with at least one cognitive top variant. In contrast, we find no overlap with the eight main genetic variants
for non-cognitive outcomes (as measured by ADHD). The results, available upon request, remain qualitatively
unchanged.
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controlling for a set of maternal covariates, there are still channels we do not observe or, if observed,
are subject to measurement error and reporting bias. Additionally, although their impact is likely to
be marginal, there might be yet some other sources of pleiotropy confounding our main estimates
(see, for instance, network pleiotropy in Boyle, Li and Pritchard, 2017).

We thus follow the analysis in Conley, Hansen and Rossi (2012), and consider the implications of
our instrument being only ‘plausibly exogenous’. Here the instrumental variable is allowed to have a
direct effect, A, on the outcomes. As in Nybom (2017), A is the share of the reduced-form effect of
the instrument on child human capital that is independent of the variable we instrument, maternal
depression. Considering different values of A allows us to identify the threshold at which our 2SLS
estimated coefficients are no longer significant at the 10% level.

Figure 1.A2 depicts the 2SLS estimates from Equation 1.2 for A in the interval [0, 1]. We follow
Nybom (2017) and assume that A is known with certainty. For cognitive skills at ages 11 and 14,
once A reaches 0.1 the 2SLS estimates are no longer significant at the 10% level (as revealed by the
grey shaded areas). For all other outcomes, the threshold is larger (A from 0.3 up to 0.5). In other
words, as long as the direct effect of the PGS for maternal depression on the child outcomes is under
30% of the total reduced-form effect, most of our 2SLS estimates remain significantly different from

zero at the 10% level.1®

1.4.3 The Influence of Maternal Grandparents and the Partner

Based on the ethnic composition of our subsample of ALSPAC participants and the fact that we
always control for 10 ancestry-informative principal components, we have little reason to believe
that residual population stratification is a threat to the independence assumption (see Section
1.3.3). However, other concerns regarding the independence assumption remain. Mendel’s laws of
Segregation and Independent Assortment imply that, conditional on the parental genotype, the
child’s genotype is the result of a lottery. The genotypes of the maternal grandparents are not
available in ALSPAC, so that the mother’s genotype, and consequently her PGS for depression,
might partly capture the effect of her parents’ genotypes, with the latter also potentially being

correlated with the U variables in Figure 1.1 (see Section 1.3.2).

8For the sake of transparency, the dashed grey lines in Figure 1.A2 show the 90% confidence intervals
when following the ‘local-to-zero’ approach described in Van Kippersluis and Rietveld (2018), where \ is
assumed to follow a Normal distribution and where there is no subsample for which the first-stage is zero.
When we do so half of our baseline estimates, i.e. A = 0, are no longer significantly different from zero at the
10% level. Note that Van Kippersluis and Rietveld (2018) apply this method to an estimation sample with
over 100,000 observations. With roughly 3,000 observations at best, our estimation samples may well be too
small to provide sufficient precision here.
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While we cannot control for the genetic variants of the maternal grandparents, we do have data
on a set of grandparental traits: their education, social status, and a dummy for at least one of the
maternal grandparents having had a severe mental illness prior to the birth of the child. The results
controlling for these variables appear in Table 1.A7. The 2SLS estimates are virtually unchanged
from those in the baseline. The F-statistics are slightly lower. This is unsurprising: even though,
after conditioning on the mother’s traits, none of the grandparental characteristics is correlated
with child human-capital, the mother having at least one parent with a history of mental illness is
positively and significantly associated with both our measure of maternal depression and her PGS
for depression.

We finally consider assortative matching between the child’s parents: depressed mothers might
choose their partners according to certain traits (depression itself, and/or other traits), which may
in turn affect child human capital. Our main specification, which includes a number of the mother’s
partner’s controls, partly addresses this. We can further show that these traits (having a partner,
partner’s working status and education) are not systematically explained by the mother’s PGS for
depression (see Table 1.A4). While this alleviates concerns about cross-trait assortative matching,
mothers with a higher genetic risk of being depressed might be more likely to have a depressed
partner. We have information on the mother’s partner’s number of depression episodes, measured
at child ages 2, 4 and 6. While the unconditional correlation between the partner’s depression
and maternal depression is relatively high (0.44) and significant, its correlation with the PGS
for maternal depression is not statistically different from zero (in both bivariate and multivariate

analyses). Introducing partner’s depression makes little difference to our main results (Table 1.A8).

1.4.4 Robustness Checks

1.4.4.1 The Measurement of Maternal Depression

We carry out a battery of robustness checks. We first show that our results hold with different
maternal-depression measures (the descriptive statistics of which appear in Table 1.A9). Our baseline
count of reported depressive episodes between child ages 0 and 9 weights recent and more-distant
episodes equally, but those at younger child ages may matter more (as children then have greater
developmental plasticity and spend more time with their mothers). Panels B and C of Table
1.A10 however reveal larger estimates for more-recent depressive episodes (although the estimated
coefficients between these panels are not significantly different from each other). The results continue

to hold using only the number of episodes net of post-partum depression (i.e. between child ages 2

44



Maternal Depression and Child Human Capital: A Genetic Instrumental-Variable Approach

and 9) in Panel D, and with a dummy for any episode of depression in Panel E. Panel F considers a
dummy for recent depression and Panel G the average of the six maternal scores on the Edinburgh
Postnatal Depression Scale (EPDS) between child ages 0 and 8 (at child age 8 months and 2, 3, 5, 6
and 8 years). Although the results continue to be of the same nature, the F-statistics are notably
worse. The instrument weakness here reveals that our PGS has greater predictive power when
maternal depression is measured over longer time periods and in a similar way to that in the GWAS

meta-analysis (the EPDS does not appear in Turley et al., 2018).

1.4.4.2 The Measurement of Non-Cognitive Skills

The SDQ measure of non-cognitive skills we use is reported by the mother. As depressed mothers
may over- or under-estimate their children’s non-cognitive skills (Del Bono, Kinsler and Pavan, 2020)
we turn to teacher-reported SDQ (which is only available when the child was aged 11). In the first
column of Table 1.A11, an additional episode of maternal depression continues to reduce total SDQ
with an effect size identical to that in Table 1.2.1 We also test for convergent validity using the
SMFQ (reported by the main carer) in columns (2) to (4) of Table 1.A11: the resulting estimates
are not significantly different from those in the baseline (although that at age 16 is statistically

insignificant). See Table 1.A12 for a complete list of the items in the SMFQ questionnaire.

1.5 Conclusion

Social scientists are interested in causal phenomena, and research agendas are partly limited to
the analysis of variables that can be influenced, either directly or via policy intervention. However,
there are many variables and pathways that are either costly or impossible to manipulate. We believe
that it is possible to make causal statements about some of these latter via the increasing availability
of genetic data and recent developments in the fields of Epidemiology and Molecular Genetics. This
is the approach that we have taken here. However, the use of genetic data as instruments is not
a quick fix, as it comes with a number of quite-stringent assumptions. We have here discussed a
number of tests and tools that can be applied in this empirical setting.

We illustrate how genetic data can be used to identify the effect of maternal depression on

children’s human capital, using data from a British birth-cohort study. We first show that genetic

9Total SDQ can be split into two finer subscales: internalising SDQ (emotional health: the sum of ‘peer
problems’ and ‘emotional problems’) and externalising SDQ (behavioural issues: the sum of ‘hyperactiv-
ity /inattention’ and ‘conduct problems’). Maternal depression produces worse outcomes for both internalising
and externalising SDQ. These results are available upon request.
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variants, combined into a synthetic polygenic score, are a strong instrumental variable for maternal
depression. In 2SLS estimation, we then exploit the exogenous differences in maternal depression
resulting from the mother’s genes to identify its negative consequences on the cognitive and non-
cognitive outcomes of their adolescent children.

Our results suggest that fewer episodes of maternal depression will not only benefit mothers, but
also improve their children’s human capital. In turn, better cognitive and non-cognitive skills in
childhood are known to have positive returns on a variety of outcomes during adulthood, such as
income and labour-market experience (Heckman, Stixrud and Urzua, 2006; Heckman, Humphries
and Veramendi, 2018; Clark, 2018; Clark and Lepinteur, 2019). As revealed by the evaluation of
the Improving Access to Psychological Therapies programme in the UK in Clark (2018), the costs
of effective treatments for depression are extremely low compared to their expected benefits. If
treatment also produces positive spillovers on children, the benefit-cost ratio will be even higher,
making treatment more attractive.

However, as we compare depressed to not-depressed or less-depressed mothers using cross-section
data on adolescents, our results do not tell us how changes in depression (in particular, due to
its treatment) would affect children. Baranov et al. (2020) find only small long-term effects on
child development following the treatment of prenatally-depressed mothers in rural Pakistan. The
socio-economic, geographical and temporal contexts of our work and those in Baranov et al. (2020)
are of course dissimilar. More importantly, they look at mothers who were already depressed
pre-birth, whereas we consider a general sample of mothers, some of whom experience episodes of
depression after birth and some of whom do not. While we show that the experience of maternal
depression has large scarring effects on adolescent children, we do not know how easy it is to erase
these scars. Policies that aim to prevent depression, rather than treat it once it occurs, may have a
greater return from a societal perspective.

The use of polygenic scores as instrumental variables is a promising avenue for causal inference
in observational data. It is however important to keep in mind that the genetic component of
complex traits, such as mental health, is far from deterministic. The same polygenic score can
be found in individuals with a very wide range of values of the trait of interest. This may reflect
that the individual genetic architecture predicts outcomes partly via individuals’ reactions to their
environment. This opens the door to policy intervention: while genes are fixed, the environment is
not. Future research on which stressors are the most important in this context will help advance our
understanding of the sign and size of causal relationships that can serve as inputs to public-policy

debate.
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CHAPTER 1

Figures and Tables

Figure 1.1: A DIRECTED ACYCLIC GRAPH ILLUSTRATING THE IV SETUP AND ITS
ASSUMPTIONS

Notes: The solid black lines depict the standard IV setup, where Gﬁ is a (vector of)
instrument(s) for a maternal trait Dy; and Y is the child-level outcome of interest.
U is a set of unobservable confounders of the trait-outcome association that should
not be correlated with G%; (the independence assumption, i.e. 7 =0). Xy is a
set of maternal traits that are influenced by G%; through horizontal pleiotropy
or other confounding pathways (e.g. genetic nurture) and have an impact on Yg,
thus violating the exclusion restriction. The identification issues in the bottom half
of the figure reflect genetic inheritance (Gg and Gg are, respectively, the child’s
genetic variants for traits D and Y'). Lines with arrows at the end represent causal
relationships; the line between G%; and U does not have an arrow and therefore
reflects a correlational relationship.
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Figure 1.2: MATERNAL DEPRESSION AND CHILD HUMAN CAPITAL: 2SLS RESULTS WITH
DIFFERENT SETS OF COVARIATES

Effect of Maternal Depression on:

Test-scores at age 11 Total SDQ at age 11

|

-.8 -.8 -.6 -4 -2 0
Total SDQ at age 13
I I I I I
-.8 -.8 -.6 -4 -2 0
Total SDQ at age 16
| I I I ! I I |
-.8 -.6 -4 -2 0 -8 -6 -4 -2 0

B o Traits B child Traits
|:| Mother Traits |:| All Traits

Notes: The horizontal lines in each bar show the 90% confidence intervals. All of the dependent
variables are standardised. The child traits are the child’s gender, birth year and birth-order dummies.
The mother’s traits are the child’s number of siblings in the household, the age of the mother at birth
of the cohort member, dummies for the mother having at least an A-level, working, having a partner,
having a partner with at least an A-level, and having a working partner, and dummies for banded
household income. All regressions using test-scores as the dependent variable include school and
school-year fixed effects. The Cragg-Donald Wald F-statistics for weak identification, going from the
“No traits” specification to the “All traits” specification, are the following: for KS2, 15.5, 16.0, 13.0,
14.0; for KS3, 20.9, 20.7, 18.8, 19.5; for KS4, 22.8, 22.2, 20.6, 21.2; for SDQ11, 23.8, 23.0, 20.6, 21.0;
for SDQ13, 22.1, 21.4, 21.1, 20.8; for SDQ16, 9.7, 9.2, 8.3, 8.1.
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Table 1.1: THE DISTRIBUTION OF MATERNAL DEPRESSION

Estimation Sample:

Test-scores Total SDQ

Age 11 Age 14 Age 16 Age 11 Age 13 Age 16
(1) (2) (3) (4) (5) (6)

Maternal Depression by Age 9:

No episodes 471%  47.4%  47.0%  48.6%  50.3%  50.5%
1 episode 17.0% 16.6% 17.2% 16.7% 16.8% 17.1%
2 episodes 11.1%  11.1%  11.0% 10.9% 10.6% 11.1%
3 episodes 8.0% 7.5% 7. 7% 7.2% 7.1% 6.7%
4 episodes 6.2%  6.4%  62%  6.0% 54%  6.1%
5 episodes 4.5% 4.6%  4.5% 4.4%  4.2% 3.7%
6 episodes 4.0% 3.9% 3.9% 3.9% 3.5% 2.5%
7 episodes 2.4% 2.6% 2.4% 2.4% 2.1% 2.3%
Observations 2601 2036 2828 2993 2585 2076

Note: These figures refer to the estimation samples used in the main analysis.
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Table 1.2: MATERNAL DEPRESSION AND CHILD HuMAN CapriTAL: OLS AND 2SLS
RESULTS

Test-scores

Age 11 Age 14 Age 16
OLS 2SLS OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)
Maternal Depression  -0.018*  -0.222* -0.031*** -0.178*  -0.016* -0.273***
(0.010) (0.120) (0.010) (0.097) (0.009) (0.102)
First Stage:
Mother’s PGS 0.158*** 0.205%* 0.179*
(0.042) (0.046) (0.039)
F-statistics 14.1 19.5 21.2
Observations 2601 2601 2036 2036 2828 2828
Total SDQ
Age 11 Age 13 Age 16
OLS 2SLS OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)
Maternal Depression -0.100"** -0.390** -0.087** -0.421*** -0.083*** -0.531**
(0.009) (0.128) (0.010) (0.136) (0.012) (0.245)
First Stage:
Mother’s PGS 0.160*** 0.167** 0.114*
(0.035) (0.037) (0.040)
F-statistics 20.9 20.8 8.1
Observations 2993 2993 2585 2585 2076 2076

Notes: Standard errors appear in parentheses. All dependent variables are standardised. Maternal
depression is the number of episodes of depression reported by the mother from the birth of the child
to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number of
siblings, the age of the mother at the birth of the child; dummies for the mother having at least an
A-level, being employed, having a partner, having a partner with at least an A-level, having an employed
partner, dummies for banded household income and ancestry-informative principal components. All
regressions using test-scores as the dependent variable include school and school-year fixed effects. The
reported F-statistics are those for the Cragg-Donald Wald weak-identification test. Statistical significance
is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower
than 0.05, * if the p-value is lower than 0.01.
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Table 1.3: ADDRESSING GENETIC INHERITANCE FOR MATERNAL DEPRESSION AND CHILD HUMAN CAPITAL: 2SLS RESULTS

Test-scores

Age 11 Age 14 Age 16
(1) (2) (3) (4) () (6) (7) (8) 9) (10) (11) (12)
Maternal Depression -0.222* -0.192  -0.238* -0.225*  -0.178*  -0.164* -0.182** -0.177* -0.273** -0.255** -0.294** -(.288***
(0.120)  (0.117)  (0.123) (0.121)  (0.097)  (0.096)  (0.089)  (0.089)  (0.102)  (0.100)  (0.106)  (0.106)
Child PGS:
Cognitive Skills 0.071 0.072%* 0.047 0.047* 0.061*** 0.062**
(0.020) (0.021) (0.022) (0.022) (0.020) (0.020)
Depression 0.005 0.012 0.002 0.006 0.009 0.014
(0.022)  (0.021) (0.021)  (0.021) (0.021)  (0.021)
F-statistics 14.1 13.9 13.7 13.7 19.5 19.2 23.0 22.9 21.2 21.3 20.3 20.4
Observations 2601 2601 2601 2601 2036 2036 2036 2036 2828 2828 2828 2828
Total SDQ
Age 11 Age 14 Age 16
nm @ ® @ G ©®  m  ®  © )  ay (12
Maternal Depression -0.390*  -0.391*** -0.295** -0.296** -0.421"** -0.421** -0.384** -0.383*** -0.531** -0.529** -0.478*  -0.482*
(0.128)  (0.128)  (0.124) (0.124) (0.136)  (0.136)  (0.127)  (0.127)  (0.245)  (0.244)  (0.249)  (0.250)
Child PGS:
Non-Cognitive Skills 0.044* 0.039* 0.058" 0.056™* 0.077* 0.074*
(0.022) (0.021) (0.025) (0.024) (0.031) (0.031)
Depression -0.036*  -0.036* -0.015 -0.015 -0.014 -0.013
(0.022) (0.022) (0.024)  (0.024) (0.031)  (0.031)
F-statistics 20.9 20.9 19.5 19.4 20.8 20.8 22.4 22.4 8.1 8.1 7.1 7.0
Observations 22993 2993 2993 2993 2585 2585 2585 2585 2076 2076 2076 2076

Notes: Standard errors are in parentheses. All dependent variables are standardised. Maternal depression is the number of episodes of depression reported by the mother from the
birth of the child to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number of siblings, the age of the mother at the birth of the child;
dummies for the mother having at least an A-level, being employed, having a partner, having a partner with at least an A-level, having an employed partner, dummies for banded
household income and ancestry-informative principal components. All regressions using test-scores as the dependent variable include school and school-year fixed effects. The reported
F-statistics are those for the Cragg-Donald Wald weak-identification test. Statistical significance is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the
p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Appendix 1.A: Additional Figures and Tables

Figure 1.A1: THE DISTRIBUTION OF TEST-SCORES AND TOTAL SDQ
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Notes: Each figure refers to one of our estimation samples. The test-scores at age 11, 14 and 16
respectively refer to the Key-Stage 2 average score, Key-Stage 3 average score and GCSE total score.
The densities are plotted using an adaptive-kernel (see Van Kerm, 2003, for the technical details).

57



CHAPTER 1

Figure 1.A2: PLAUSIBLE EXOGENEITY AND PLEIOTROPY-ROBUST MR

Effect of Maternal Depression on:
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Notes: Lambda represents the share of the reduced-form effect of the instrument on
the outcome that is independent of maternal depression. The black line is the 2SLS
point estimate of maternal depression for different values of lambda; the grey solid area
represents 90% confidence intervals using the Nybom (2017) approach, while the grey
dashed lines are the 90% confidence intervals following Van Kippersluis and Rietveld
(2018).
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Table 1.A1l: THE STRENGTHS AND DIFFICULTIES (QUESTIONNAIRE (SDQ)

Please think about this child’s behaviour over the last 6 months if you can:

This child: NOT SOMEWHAT CERTAINLY
TRUE TRUE TRUE
Emotional health:
Often complains of headaches, stomachaches or sickness 0 1 2
Has many worries, often seems worried 0 1 2
Is often unhappy, down-hearted or tearful 0 1 2
Is nervous or clingy in new situations, easily loses confidence 0 1 2
Has many fears, is easily scared 0 1 2
Total emotional health score: 0-10
Conduct problems:
Has temper tantrums or hot tempers 0 1 2
Is generally obedient, usually does what adults request 2 1 0
Often fights with other children or bullies them 0 1 2
2Often lies or cheats 0 1 2
bSteals from home/school/elsewhere 0 1 2
Total conduct problems score: 0-10
Hyperactity /Inattention:
Is restless, overactive, cannot stay still for long 0 1 2
Constantly fidgets or squirms 0 1 2
Is easily distracted, concentration wandered 0 1 2
“Thinks things out before acting 2 1 0
Sees tasks through to the end, good attention span 2 1 0
Total hyperactivity score: 0-10
Peer relationship problems:
Is rather solitary, tends to play alone 0 1 2
Has at least one good friend 2 1 0
Is generally liked by other children 2 1 0
Is picked on or bullied by other children 0 1 2
Gets on better with adults than with other children 0 1 2

Total peer relationship problems score: 0-10

Total internalising behaviour = emotional + peer relationship (0-20)
Total externalising behaviour = behaviour + hyperactivity (0-20)

@ Changed to “Often argumentative with adults” in the questionnaire for 3-4 years old.
® Changed to “Can be spiteful to others” in the questionnaire for 3-4 years old.

¢ Changed to “Can stop and think things out before acting” in the questionnaire for 3-4 years old.
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Table 1.A2: DESCRIPTIVE STATISTICS: COGNITIVE SKILLS ESTIMATION SAMPLES

Estimation samples:

Test-Scores (age 11)

2601 observations

Test-Scores (age 14)

2036 observations

Test-Scores (age 16)

2828 observations

Mean SD Min Max Mean SD Min Max Mean SD Min Max
Cohort member characteristics:
KS2 average score (fine-grading) 28.76 348 15 35
KS3 average score (fine-grading) 37.33 565 17 49
GCSE total score 445.48 132.63 0 1171
Female 0.51 0 1 0.52 0 1 0.51 0 1
Birth year:
1991 0.36 0 1 0.43 0 1 0.36 0 1
1992 0.63 0 1 0.57 0 1 0.64 0 1
1993 0.01 0 1 0.00 0 0 0.01 0 1
Birth order:
1st-born 0.46 0 1 0.45 0 1 0.46 0 1
2nd-born 0.37 0 1 0.38 0 1 0.37 0 1
3rd-born 0.14 0 1 0.13 0 1 0.14 0 1
4th-born or higher 0.03 0 1 0.03 0 1 0.03 0 1
Mother and family characteristics:
No. of episodes of maternal depression 1.50 1.94 0 7 1.51 196 0 7 1.50 1.94 0 7
Employed mother 0.74 0 1 0.74 0 1 0.73 0 1
Mother has an A-level or above 0.33 0 1 0.33 0 1 0.35 0 1
Age of the mother at child’s birth 29.29 4.23 18 44 29.29 423 18 44 2943  4.28 18 44
Presence of partner 0.94 0 1 0.94 0 1 0.94 0 1
Employed partner 0.89 0 1 0.89 0 1 0.88 0 1
Partner has an A-level or above 0.47 0 1 0.47 0 1 0.49 0 1
Number of siblings 229 077 0 6 229 077 0 6 2.28 0.76 0 6
Average family income per week:
<£100 0.01 0 1 0.01 0 1 0.01 0 1
£100-£199 0.07 0 1 0.07 0 1 0.07 0 1
£200-£299 0.16 0 1 0.16 0 1 0.15 0 1
£300-£399 0.20 0 1 0.21 0 1 0.20 0 1
£400+ 0.47 0 1 0.46 0 1 0.48 0 1
Do not know 0.05 0 1 0.05 0 1 0.05 0 1
Missing 0.04 0 1 0.04 0 1 0.04 0 1

Note: These figures refer to our estimation samples.

60



‘sojdures UOT)RUII}SO INO 0} I0Jol SoIn31 9ot ], 90N

T 0 70°0 T 0 700 1 0 70°0 BuIssIy
I 0 70°0 I 0 700 I 0 c0'0 aouy jou o(J
I 0 etealy} I 0 €c0 I 0 160 +007F
I 0 LT°0 I 0 61°0 I 0 61°0 66£F-008F
I 0 €10 I 0 €10 I 0 710 66CF-000F
T 0 €00 I 0 90°0 I 0 900 66TF-00TF
I 0 100 I 0 100 I 0 100 00T¥>
:yoom Jod owoour Arurej o3vIoAy
9 0 ¥L0 ST%C 9 0 SL0 92¢ 9 0 9.0 LT%C sGur[qrs jo roquiny
I 0 96°0 I 0 ¥G0 I 0 €80 9A0(® 10 [9AR[-Y UR ST IoujIed
1 0 060 I 0 68°0 I 0 68°0 Toujred padorduugy
T 0 ¢6°0 I 0 76°0 I 0 760 Tougred jo 9oULsaI]
€ 8T 9% LL6C €F 81 ¥eV €96¢ Vv 8T LTV 6968 I S, PIIYD Je IOI0U 91} JO 9Ty
I 0 7o I 0 170 I 0 620 9IOUI I0 [9AS]-Y e SeT] I9ION
1 0 7.0 1 0 7.0 1 0 €L0 Tojowr pasordury
L 0 ¥8T1T €1 L 0 88T &1 L 0 P61 9y'T uossaxdop [ewrsyeut jo aposids jo “ON
1801181.4290040YD fippuun) puv 4oyjo
I 0 200 I 0 €00 I 0 €00 910U I0 WIOq-T}f
I 0 z1ro I 0 €10 I 0 €10 w10q-pIg
I 0 LE0 I 0 LE0 I 0 180 uw10q-pug
I 0 8%°0 I 0 V0 I 0 V0 uI0q-4sT
Q@UMO ﬂwﬁm
I 0 100 I 0 100 I 0 100 €66T
1 0 79°0 I 0 €9°0 I 0 €90 7661
I 0 ce 0 I 0 9¢°0 I 0 9¢°0 1661
:eaA ayg
T 0 €g°0 T 0 0G0 I 0 0S°0 O[eTId,]
o €1 9% <¢s¥ve OF 0T ¢S9F 98¢ OF 9 G8F 6LE€E OAs oL

18911814910 DLDYD AQULIUL 340YO,)

X WN S WeON XelN W S Weoy Xe[y wWy (JS Ued
SUOT)RAIOSUO R7KT SUOT)RAIOSUO 9L()T, SUOTI)RAIOS(O T()OF,
(91 98%) DAS 1*10L (€1 95®) DAS 1e10L, (TT 98%) DAS ™10L

:sorduwres uoryewrrysyy

Maternal Depression and Child Human Capital: A Genetic Instrumental-Variable Approach

SHTdINVS NOILVINILSH STIIMS HALLINDO)-NON :SOILSILVLS HAILIYOSH(( ‘¢V'T °2[98L

61



CHAPTER 1

Table 1.A4: THE PGS FOR MATERNAL DEPRESSION AND
MATERNAL TRAITS: BIVARIATE ASSOCIATIONS

PGS for
Maternal Depression

Mother’s Traits:

Maternal Depression [0-7] 0.177*
(0.035)
Mother is Employed -0.007
(0.008)
Mother has at least an A-level 0.003
(0.009)
Age at Birth of CM 0.066
(0.076)
Mother has a Partner -0.005
(0.004)
Working Partner’ 0.002
(0.004)
Partner has at least an A-level 0.012
(0.009)
Number of Siblings 0.013
(0.014)
Family Income above the Median' -0.013
(0.009)

Notes: Each cell reports the estimate and standard errors (in parentheses)
of separate bivariate associations between the PGS for maternal depression
and various maternal traits. The bivariate regressions are based on the
observations coming from our largest estimation sample (the one for which
the SDQ at age 11 is not missing: 2993 observations). Using our five other
estimation samples produces similar estimates.

t indicates that we excluded the missing values of the maternal traits from
the estimation sample (including the missing values and introducing a
missing-indicator flag produces similar estimates). Statistical significance
is coded following the standard notation: *** if the p-value is lower than
0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 1.A5: MATERNAL DEPRESSION AND CHILD HuMAN CAPITAL: 2SLS RESULTS
USING THE MOTHER’S PGS FOR DEPRESSION EXCLUDING GENETIC VARIANTS
LINKED TO KNOWN BIOLOGICAL PATHWAYS

Test-scores

Age 11 Age 14 Age 16
(1) (2) (3) (4) (5) (6)

Maternal Depression  -0.222*  -0.214*  -0.178*  -0.142  -0.273"* -0.290***
(0.120)  (0.124)  (0.097)  (0.103)  (0.102)  (0.110)

First Stage:

Mother’s PGS 0.158**  0.152**  0.205"*  0.189"*  0.179***  0.167**
(0.042)  (0.042)  (0.046)  (0.047)  (0.039)  (0.039)
F-statistics 14.1 13.0 19.5 16.5 21.2 18.7
Observations 2601 2601 2036 2036 2828 2828
Total SDQ
Age 11 Age 13 Age 16

(1) (2) (3) (4) (5) (6)
Maternal Depression -0.390*** -0.396"* -0.421"* -0.418"* -0.531**  -0.534*
(0.128)  (0.145)  (0.136)  (0.157)  (0.245)  (0.314)

First Stage:

Mother’s PGS 0.160%*  0.142*  0.167"*  0.145"*  0.114**  0.090""*
(0.035)  (0.035)  (0.036)  (0.037)  (0.040)  (0.040)

F-statistics 20.9 16.5 20.8 15.5 8.1 5.0

Observations 2993 2993 2585 2585 2076 2076

Notes: Standard errors appear in parentheses. All dependent variables are standardised. Maternal
depression is the number of episodes of depression reported by the mother from the birth of the child
to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number of
siblings, the age of the mother at the birth of the child; dummies for the mother having at least an
A-level, being employed, having a partner, having a partner with at least an A-level, having an employed
partner, dummies for banded household income and ancestry-informative principal components. All
regressions using test-scores as the dependent variable include school and school-year fixed effects. The
reported F-statistics are those for the Cragg-Donald Wald weak-identification test. Statistical significance
is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower
than 0.05, * if the p-value is lower than 0.01.
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Table 1.A6: MATERNAL DEPRESSION AND CHILD HUMAN CAPITAL: 2SLS RESULTS
CONTROLLING FOR MOTHER’S PGS FOR COGNITIVE AND NON-COGNITIVE SKILLS

Test-scores
Age 11 Age 14 Age 16
(1) (2) (3) (4) (5) (6)

Maternal Depression  -0.222* -0.2147 -0.178* -0.177 -0.2737  -0.270"*
(0.120) (0.121) (0.097) (0.098) (0.102) (0.103)

First Stage:

Mother’s PGS 0.158**  0.156™*  0.205***  0.202**  0.179***  0.177**
for Depression (0.042)  (0.042)  (0.046)  (0.046)  (0.039)  (0.039)
Mother’s PGS -0.049 -0.093* -0.030
for Cognitive Skills (0.046) (0.050) (0.042)
F-statistics 14.1 13.5 19.5 18.9 21.2 20.8
Observations 2601 2601 2036 2036 2828 2828
Total SDQ
Age 11 Age 13 Age 16

(1) (2) (3) (4) (5) (6)
Maternal Depression  -0.390"* -0.392*** -0.421** -0.422"* -0.531**  -0.533""
(0.128)  (0.128)  (0.136)  (0.136)  (0.245)  (0.244)

First Stage:

Mother’s PGS 0.163***  0.164** 0.171**  0.172**  0.174**  0.129***
for Depression (0.035)  (0.035)  (0.036)  (0.036)  (0.055)  (0.043)
Mother’s PGS for -0.025 -0.044 -0.027
Non-Cognitive Skills (0.035) (0.037) (0.040)
F-statistics 20.9 21.0 20.8 20.9 8.1 8.2
Observations 2993 2993 2585 2585 2076 2076

Notes: Notes: Standard errors appear in parentheses. All dependent variables are standardised. Maternal
depression is the number of episodes of depression reported by the mother from the birth of the child
to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number of
siblings, the age of the mother at the birth of the child; dummies for the mother having at least an
A-level, being employed, having a partner, having a partner with at least an A-level, having an employed
partner, dummies for banded household income and ancestry-informative principal components. All
regressions using test-scores as the dependent variable include school and school-year fixed effects. The
reported F-statistics are those for the Cragg-Donald Wald weak-identification test. Statistical significance
is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower
than 0.05, * if the p-value is lower than 0.01.
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Table 1.A7: MATERNAL DEPRESSION AND CHILD HumMAN CAPITAL: 2SLS
RESULTS CONTROLLING FOR GRANDPARENTAL CHARACTERISTICS

Test-scores Total SDQ
Age 11 Age 14 Age 16  Agell  Agel3 Age 16
(1) (2) (3) (4) (5) (6)

Maternal Depression  -0.255*  -0.186*  -0.206"* -0.385*** -0.437*** -0.525*
(0.132)  (0.100)  (0.112)  (0.138)  (0.147) (0.273)

First Stage:

Mother’s PGS 0.146** 0.196** 0.164™*  0.147**  0.158** 0.102**
(0.042)  (0.047) (0.039) (0.035) (0.037)  (0.040)

F-statistics 11.8 17.5 17.7 17.6 18.2 6.4

Observations 2601 2036 2828 2993 2585 2076

Notes: Standard errors are in parentheses. All dependent variables are standardised. Maternal
depression is the number of episodes of depression reported by the mother from the birth of the child
to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number of
siblings, the age of the mother at the birth of the child; dummies for the mother having at least
an A-level, being employed, having a partner, having a partner with at least an A-level, having
an employed partner, dummies for banded household income and ancestry-informative principal
components. The regressions also include the following grandparental characteristics: dummies for
the mother having at least one parent who had a mental illness before the birth of the child and
the highest diploma obtained by the maternal grandmother and grandfather, and a social-status
index for the maternal grandmother and grandfather. All of the regressions using test-scores as the
dependent variable include school and school-year fixed effects. The reported F-statistics are those
for the Cragg-Donald Wald weak-identification test. Statistical significance is coded following the
standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the
p-value is lower than 0.01.
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Table 1.A8: MATERNAL DEPRESSION AND CHILD HUMAN CAPITAL: 2SLS RESULTS
CONTROLLING FOR PARTNER’S DEPRESSION

Test-scores Total SDQ
Age 11  Age 14 Agel1l6  Agell Agel3 Age 16
(1) (2) (3) (4) (5) (6)

Maternal Depression  -0.240*  -0.187*  -0.297*** -0.406** -0.436"* -0.566**
(0.129)  (0.102)  (0.113)  (0.136)  (0.143)  (0.270)

First Stage:
Mother’s PGS 0.148** 0.195** 0.163**  0.151**  0.160** 0.105"**

(0.040)  (0.044)  (0.037)  (0.033)  (0.035)  (0.039)
Partner’s Depression 0.965** 0.963** 0.942***  0.912"*  0.859** 0.873"**

(0.068) (0.073)  (0.062)  (0.056)  (0.060)  (0.066)
F-statistics 13.4 19.3 19.3 20.3 20.4 74
Observations 2601 2036 2828 2093 2585 2076

Notes: Standard errors appear in parentheses. All dependent variables are standardised. Maternal
depression is the number of episodes of depression reported by the mother from the birth of the child
to the child’s ninth birthday. The controls are: the child’s gender, birth year, birth order, number
of siblings, the age of the mother at the birth of the child; dummies for the mother having at least
an A-level, being employed, having a partner, having a partner with at least an A-level, having
an employed partner, dummies for banded household income and ancestry-informative principal
components. All regressions using test-scores as the dependent variable include school and school-year
fixed effects. The reported F-statistics are those for the Cragg-Donald Wald weak-identification test.
Statistical significance is coded following the standard notation: *** if the p-value is lower than 0.01,
** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 1.A9: DESCRIPTIVE STATISTICS: ALTERNATIVE MEASURES OF MATERNAL
DEPRESSION

Mean SD Min Max

Estimation Sample: Test-scores (age 11)

No. of depressive episodes between child age 0 and 5 1.06 1.44
No. of depressive episodes between child age 5 and 9  0.44  0.70
No. of depressive episodes between child age 2 and 9 1.25 1.70

OO oo oo
= = O DN Ot

Had at least one episode of depression 0.48
Recent depression 0.24
Mean EPDS 5.60 3.80 24.33

Estimation Sample: Test-scores (age 14)

No. of depressive episodes between child age 0 and 5 1.08  1.46
No. of depressive episodes between child age 5 and 9 0.43 0.70
No. of depressive episodes between child age 2 and 9 1.25 1.71

SO oo oo
= = O N Ot

Had at least one episode of depression 0.48

Recent depression 0.23

Mean EPDS 562 3.84 24
Estimation Sample: Test-scores (age 16)

No. of depressive episodes between child age 0 and 5 1.06 1.44 0 5
No. of depressive episodes between child age 5and 9 0.44 0.70 0 2
No. of depressive episodes between child age 2 and 9 125 1.70 0 6
Had at least one episode of depression 0.48 0 1
Recent depression 0.24 0 1
Mean EPDS 556 3.76 0 24
Estimation Sample: Total SDQ (age 11)

No. of depressive episodes between child age O and 5 1.03 144 0 5
No. of depressive episodes between child age 5 and 9 043 0.70 0 2
No. of depressive episodes between child age 2 and 9 121 1.70 0 6
Had at least one episode of depression 0.47 0 1
Recent depression 0.23 0 1
Mean EPDS 547 372 0 24
Estimation Sample: Total SDQ (age 13)

No. of depressive episodes between child age 0 and 5 0.97 1.40 0 5
No. of depressive episodes between child age 5 and 9 040 0.68 0 2
No. of depressive episodes between child age 2 and 9 1.14 1.66 0 6
Had at least one episode of depression 0.45 0 1
Recent depression 0.22 0 1
Mean EPDS 530 360 0 24
Estimation Sample: Total SDQ (age 16)

No. of depressive episodes between child age 0 and 5 0.95 1.38 0 5
No. of depressive episodes between child age 5 and 9 0.39 0.66 0 2
No. of depressive episodes between child age 2 and 9 1.10 1.62 0 6
Had at least one episode of depression 0.21 0 1
Recent depression 0.44 0 1
Mean EPDS 527 354 0 24

Note: These figures refer to the estimation samples used in Table 1.A10.
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Table 1.A10: ALTERNATIVE MEASURES OF MATERNAL DEPRESSION AND CHILD HUMAN
CAPITAL: 2SLS RESULTS

Test-scores Total SDQ

Age 1l Ageld Agel6  Agell Agel3 Agel6
(1) (2) (3) (4) () (6)

Panel A (Baseline from Table 1.2)

No. of depressive episodes -0.227*  -0.179* -0.284*** -0.394*** -0.416""* -0.498**
between child ages 0 and 9 (0.118) (0.093) (0.102)  (0.125)  (0.132)  (0.211)
F-statistics 14.8 21.3 21.8 22.1 22.2 10.3
Observations 2601 2036 2828 2993 2585 2076
Panel B
No. of depressive episodes -0.273*  -0.223* -0.364** -0.512*** -0.579*** -0.597**
up to child’s 5th birthday (0.139) (0.115) (0.130)  (0.162)  (0.187)  (0.244)
F-statistics 18.2 24.7 23.7 23.5 20.5 12.5
Observations 2601 2036 2828 2993 2585 2076
Panel C
No. of depressive episodes -0.681*  -0.545* -0.777*  -1.019*** -0.969**  -1.750
between child ages 5 and 9 (0.409) (0.320) (0.328)  (0.375)  (0.335)  -1.112
F-statistics 6.0 8.4 10.4 12.4 15.6 3.0
Observations 2601 2036 2828 2993 2585 2076
Panel D
No. of depressive episodes -0.282*  -0.218* -0.345"** -0.468"** -0.475"** -0.572**
between child ages 2 and 9 (0.148) (0.114) (0.126)  (0.151)  (0.152)  (0.245)
F-statistics 12.6 18.8 19.1 20.4 219 10.0
Observations 2601 2036 2828 2993 2585 2076
Panel E
Had at least one episode -0.948*  -0.843* -1.234*** -1.555"* -1.631"** -1.520**
of depression (dummy) (0.502) (0.457) (0.463)  (0.502)  (0.532) (0.610)
F-statistics 12.6 14.6 17.0 20.9 20.2 14.8
Observations 2601 2036 2828 2993 2585 2076
Panel F
Recent depression (dummy) -3.218  -1.972  -2.565**  -3.162"  -2.826**  -7.374
-2.759  -1.339  -1.283 -1.358 -1.107 -7.789
F-statistics 1.6 3.8 5.5 7.1 9.9 0.9
Observations 2601 2036 2828 2993 2585 2076
Panel G
Average EPDS -0.889  -0.583* -1.038** -1.220** -0.961"**  -2.048
(0.568) (0.336) (0.485)  (0.443)  (0.315)  -1.394
F-statistics 3.7 7.1 6.4 9.1 15.2 2.2
Observations 2559 1998 2783 2947 2548 2053

Notes: Standard errors appear in parentheses. All dependent variables are standardised. All non-binary measures
of maternal depression are standardised. The controls are: the child’s gender, birth year, birth order, number of
siblings, the age of the mother at the birth of the child; dummies for the mother having at least an A-level, being
employed, having a partner, having a partner with at least an A-level, having an employed partner, dummies for
banded household income and ancestry-informative principal components. All of the regressions with test-scores as the
dependent variables include school and school-year fixed effects. The difference in observations in the sixth panel is due
to missing values for the EPDS (Edinburgh Postnatal Depression Score) when the cohort member was eight years old.
The reported F-statistics are those for the Cragg-Donald Wald weak-identification test. Statistical significance is coded
following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value
is lower than 0.01. 68
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Table 1.A11: MATERNAL DEPRESSION AND CHILDREN’S NON-COGNITIVE SKILLS:
VALIDITY TESTS - 2SLS RESULTS

Total SDQ SMFQ
(Teacher reported) (Main-carer reported)
Age 11 Age 11  Age 13 Age 16
(1) (2) (3) (4)
Maternal Depression -0.332** -0.399***  -0.362"**  -0.130
(0.165) (0.128)  (0.133)  (0.188)
First Stage:
Mother’s PGS 0.172%* 0.160***  0.163™* 0.116***
(0.048) (0.035)  (0.037)  (0.041)
F-statistics 12.6 20.9 19.4 8.1
Observations 1559 2993 2558 2015

Notes: Standard errors are in parentheses. All dependent variables are standardised.
SMFQ takes on integer values from 0 to 26. The mean values (standard deviations) at ages
11, 13 and 16 are 23.8 (3.1), 23.9 (3.1) and 24.2 (3.0). Teacher-reported total SDQ at age
11 is on the same scale as carer-reported total SDQ, with mean (standard deviation) of
35.5 (5.1). Maternal depression is the number of episodes of depression reported by the
mother from the birth of the child to the child’s ninth birthday. The controls are: the
child’s gender, birth year, birth order, number of siblings, the age of the mother at the
birth of the child; dummies for the mother having at least an A-level, being employed,
having a partner, having a partner with at least an A-level, having an employed partner,
dummies for banded household income and ancestry-informative principal components.
The reported F-statistics are those for the Cragg-Donald Wald weak-identification test.
Statistical significance is coded following the standard notation: *** if the p-value is lower
than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.

Table 1.A12: THE SHORT MOODS AND FEELINGS QUESTIONNAIRE (SMFQ)

These questions are about how your teenager may have been feeling or acting recently. For each
question, please say how much you think he/she has felt or acted this way in the past two weeks.

Your teenager : NOT SOMEWHAT
TRUE TRUE TRUE

1. Felt miserable or unhappy 2 1 0
2. Didn’t enjoy anything at all 2 1 0
3. Felt so tired that he/she just sat around and did nothing 2 1 0
4. Was very restless 2 1 0
5. Felt he/she was no good anymore 2 1 0
6. Cried a lot 2 1 0
7. Found it hard to think properly or concentrate 2 1 0
8. Hated himself/herself 2 1 0
9. Was a bad person 2 1 0
10. Felt lonely 2 1 0
11. Thought nobody really loved him/her 2 1 0
12. Thought he/she could never be as good as other kids 2 1 0
13. Felt he/she did everything wrong 2 1 0
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Appendix 1.B: Polygenic Scores

Genetic variants, such as single-nucleotide polymorphisms (SNPs), are locations in the human
DNA at which a certain degree of variation is observed across individuals in a population. There are
only two possible nucleotide variations for each SNP, which are called alleles. Some specific alleles,
the ‘effect alleles’, are associated with particular diseases or traits (due to evolutionary mechanisms
of natural selection, these are typically the alleles appearing less frequently in the population, i.e.
the ‘minor alleles’). The number of effect alleles that an individual possesses for a given SNP (the
so-called ‘allelic dosage’) can either be 0 (no effect allele), 1 (only one effect allele), or 2 (both alleles
are the effect allele). Polygenic scores (PGS) are weighted sums or averages of individual allelic
dosages for a given set of SNPs. Both the weights and the set of relevant SNPs are obtained from
the publicly-available summary statistics of an existing GWAS. These are typically tables or text
files providing a list of SNPs that are robustly associated with a trait, accompanied by a range
of characteristics (e.g. the effect size of the SNP-trait association, the p-value of such association,
and the effect allele). For a given individual j in a prediction sample (independent of the training
sample used in the GWAS), the default formula for the calculation of her PGS in the command line
program PLINK 1.9 (www.cog-genomics.org/plink/) is:

N A
=1 BiXij
PGSj:“I}]\iJ

where B, is the estimated effect size of SNP i on the trait of interest (obtained from a GWAS),
X;j the number of effect alleles observed in individual j for SNP ¢, P the ploidy of the sample (i.e.
the number of sets of chromosomes in a cell, which is generally two for humans), N the total number
of SNPs included in the PGS, and M; the number of non-missing SNPs observed in individual j. If
individual j has a missing genotype for SNP ¢, then the population minor-allele frequency multiplied

by the ploidy (M AF; x P) is used instead of Xj;.

The allelic dosages of SNPs that are close to each other on a DNA strand tend to be correlated due
to linkage disequilibrium (LD), i.e. Cov(Xjj, Xy;) # 0 for i and s that are close enough. As each B;
coming from the GWAS results is separately estimated from a linear regression of the trait of interest
on SNP ¢ in the training sample, some of the B’s will be biased. Due to the overweighting of SNPs
in long LD blocks, the resulting PGS will also be biased, and will have worse predictive accuracy.

There are several ways to account for LD when interpreting the results of a GWAS: some, such as
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pruning or clumping,?’ are based on recursive algorithms where only approximately-independent
SNPs are retained for PGS construction; others, such as LDpred (Vilhjdlmsson et al., 2015), use
more complex machine-learning algorithms and Bayesian inference to obtain corrected effect-size
estimates 3; that take LD into account. It is increasingly common for GWAS authors to identify a
‘clean’ set of approximately-independent SNPs (either via pruning or clumping). This is the case for
the depression meta-analysis in Turley et al. (2018) that we use to calculate our instrumental variable.
The single-trait meta-analysis expands on the SNPs for depressive symptoms already identified in
Okbay et al. (2016), using a larger sample of 465,337 individuals from UK Biobank, 23andMe, and
the Resource for Genetic Epidemiology Research on Adult Health and Aging (GERA). In particular,
using clumping (for more details see the Online Methods of Turley et al., 2018), the single-trait
depression GWAS of Turley and co-authors identified 88 SNPs for depression significant at least at a
10~ p-value threshold, of which 68 were available in our ALSPAC genotyped data and used for the
construction of the PGS for maternal depression.?! Out of those 88 SNPs, 32 have a p-value lower
than the genome-wide significant threshold 5 x 10~® and were used in robustness checks to test the
sensitivity of our PGS to the number of SNPs included in its computation (available upon request).

Other PGSs used for the production of Table 3 were derived from the GWASs of Demange et al.
(2021) and Middeldorp et al. (2016). The former, which captures the cognitive aspects of educational
attainment, was used to calculate the PGS for cognitive skills. We clumped the GWAS summary
statistics using p-value thresholds of, respectively, 5 x 10~® for the lead SNPs and 10~° for the SNPs
in the clumps. Clumps were defined based on windows of 1000 kb from the lead SNPs and squared
pairwise correlations of at least 0.1 (LD patterns were inferred from the sequenced genotypes of 379

individuals of European descent from Phase 1 of the 1000 Genomes Project). Only 179 out of the

20Pruning takes the available SNPs in the prediction sample as the starting point. For each SNP in a
defined window, a pruning algorithm generally calculates the Variance Inflation Factor (VIF) or the squared
pairwise correlation between each pair of SNPs, and removes the pair if the LD is greater than a certain
threshold (e.g. 0.5). The procedure is then repeated shifting the window a certain number of SNPs forward.
Clumping, on the other hand, uses the GWAS summary results as the starting point. This procedure starts
by taking the SNP whose association with the trait of interest has the smallest p-value (the ‘lead” SNP) and
constructing a symmetric window around it; SNPs in the window that have a squared pairwise correlation
with the lead SNP above a certain cut-off are assigned to the lead SNP’s clump. The algorithm continues by
taking the next-most significant SNP that is not yet assigned to a clump and repeating the above procedure
until there are no more significant SNPs (based on user-defined significance thresholds; for large GWASs, the
genome-wide significance p-value threshold of 5 x 1078 is often used for lead SNPs). The clumped set of SNPs
is the list of all lead SNPs.

21 The full list of SNPs is available in the supplementary material of Turley et al. (2018). Those we could not
use, as they were not available in the genotyped data of ALSPAC participants, are the following: rs1806153,
rs3806843, rs4799936, rs9291059, rs9813064, rs10172121, rs10965565, rs113092725, rs11643097, rs11663393,
rs12501627, rs12515229, rs1520081, rs189383553, rs192796028, rs28383313, rs28567442, rs413130, rs7126679,
1rs9663959.
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225 lead SNPs were found in ALSPAC children and used for the calculation of the child’s PGS for
cognitive skills.

For non-cognitive skills, we first applied the same clumping procedure to the SNPs that were
significantly associated with the non-cognitive aspects of educational attainment from the GWAS-
by-subtraction in Demange et al. (2021). However, the resulting PGS is not predictive of any of our
measures of non-cognitive development in ALSPAC. This could reflect that the measure used in
Demange et al. (2021) to determine non-cognitive skills (i.e. the portion of educational attainment
that is not explained by cognitive skills) is very different from our measures of non-cognitive skills
(the SDQ and SMFQ). Furthermore, with respect to cognitive ability, non-cognitive skills encompass
a broader and harder-to-define variety of traits, which are also more likely to change over the life
course. Consequently, the weights derived from GWASs in adult populations may not provide
an appropriate summary of the importance of these genetic variants in the prediction of child
non-cognitive outcomes. As such, we considered the GWASs of non-cognitive skills in populations
of children and/or adolescents. The GWASs from the Early Genetics and Lifecourse Epidemiology
(EAGLE) consortium are to our knowledge the only appropriate ones, as they use cohorts of children
and adolescents to analyse internalising problems (Benke et al., 2014), ADHD, (Middeldorp et al.,
2016) and aggressive behaviour (Pappa et al., 2016).22 As the sample sizes here are much smaller
than those in adult populations GWASs, the SNP-trait associations are less-precisely estimated. We
thus use less-stringent p-value thresholds to select a subset of approximately-independent SNPs via
clumping: leading SNPs should have p-values of 5 x 107 at most, and only SNPs with a p-value
lower than 0.001 can form the clumps. Other than that, the clumping procedure is the same as that
described above for the depression PGS. After clumping, the PGS from the eight lead SNPs from
the ADHD GWAS of Middeldorp et al. (2016) proved to be the most predictive of total SDQ across
ages 11, 13 and 16. The PGSs from the clumped SNPs of the other two GWASs (Benke et al., 2014;
Pappa et al., 2016), although less-robustly associated with our measures of non-cognitive skills, were
used for sensitivity analysis in Table 3 (results available upon request).

Last, our results throughout the paper do not depend on either clumping or the clumping p-value
thresholds. The results remain qualitatively similar when using PGSs based on all SNPs above

certain p-value thresholds, regardless of LD concerns.??

22Note that the training samples here include children from the ALSPAC cohort, thus violating the standard
non-overlapping condition between the training and prediction sample (as we simply use the derived PGSs as
controls in Table 3, however, we do not believe that this constitutes a major problem in our context).

23In detail, we used p-value thresholds of either 5 x 1078 or 10~ for the PGSs for depression and cognitive
skills, and thresholds of 5 x 10~° and 0.001 for all the PGSs for non-cognitive skills.
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2.1 Introduction

Recent decades have seen a shift in the distribution of housework within couples. The time
women devote to household chores has fallen, while men’s participation in housework has risen.
However, the housework gender gap is yet to be closed in most countries: the cross-national trends
in Altintas and Sullivan (2016) show that convergence has stalled since the 1980s, especially in those
countries where the gap was initially smaller. The burden of housework and childcare continues to
disproportionately weigh on women, with consequences in terms of labour-market outcomes and
well-being. Using data from the Multinational Time Use survey, Sayer (2010) shows that women
in the early 2000s carried out 1.5 to 2 times as much housework as men in developed countries.
Extending the analysis to the more recent waves of the American Time Use Survey, Bianchi et al.
(2012) confirm that a decade later American women were still responsible for about 1.6 times more
housework than men. Along the same lines, McMunn et al. (2020) show that, in 2010, women in
93% of British couples spent more time on housework than their partners.

Standard models of household decision-making suggest that differences in bargaining power, from
labour-market earnings and non-market work productivity, help determine intra-household time
allocation (Chiappori, 1992; Van Klaveren, van Praag and van den Brink, 2008). Female labour-
force participation and educational outcomes are at a historical high in most OECD economies
(International Labour Office, 2018; World Economic Forum, 2018), with considerable consequences
for women’s bargaining power and the quality of their outside options (Antman, 2014; Bittman
et al., 2003). A large body of empirical work shows that the time spent in home production falls as
either absolute or relative earnings rise (Bittman et al., 2003; Gupta, 2007; Gupta and Ash, 2008;
Bertrand, Kamenica and Pan, 2015) and that, conditional on being employed, educated women
participate less in housework (Baxter, Hewitt and Haynes, 2008). Despite this progress, why do
women then still devote disproportionately more time to housework than men?

Many researchers have turned their attention towards explanations based on gender identity
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formation (Akerlof and Kranton, 2000, 2010). In societies where the definition of masculinity is
based on the principle that men should be the family breadwinners and should not engage in
‘feminine’ forms of housework, individuals will find it costly to adopt behaviours that deviate from
this prescription, as it would be at odds with their identity and would translate into a utility loss.
This is consistent with empirical work showing that women who are more educated or earn more than
their partners, and who so deviate from gender-role prescriptions, compensate via a more traditional
division of housework (Bittman et al., 2003; Lyonette and Crompton, 2015; Bertrand, Kamenica and
Pan, 2015). Considering the housework gender gap as a by-product of utility-maximising behaviour
is however at odds with the literature on subjective well-being: Fléche, Lepinteur and Powdthavee
(2018, 2020) show that the housework gender gap can be perceived as unfair and, as such, it produces
lower levels of happiness and marital stability.

Comparatively little is known about the role of childhood characteristics in shaping adult
differences in housework participation. Based on the intergenerational cultural socialisation framework
of Bisin and Verdier (2001), some authors have shown that children’s perception of gender roles
are directly linked to their parents’ attitudes, contributing to the persistence of unequal gender
norms (Farré and Vella, 2013). Children’s socialisation into traditional gender roles can also happen
indirectly, as a result of the household’s demographic structure. While we know that decisions
involving marital status and fertility affect adults’ labour-force participation (Angrist and Evans, 1998;
Cruces and Galiani, 2007; Bloom et al., 2009; Baxter, Hewitt and Haynes, 2008), the concomitant
effects on intra-household time allocation may well involve not only parents but also children. We
here consider the role of family size: assuming that the amount of housework rises with family
size (Blundell, Chiappori and Meghir, 2005; Cherchye, De Rock and Vermeulen, 2012), then the
time that parents move out of the labour market may not suffice to satisfy the greater demand
for home production, so that children may be asked to step in and contribute more to housework
(Brody and Steelman, 1985). If the effect of family size on children’s housework contribution depends
on their gender, a larger family size might then feed through to the adult housework gender gap,
through factors such as educational achievement, future labour-market outcomes, fertility and gender
attitudes.

To the best of our knowledge, the causal impact of family size on the allocation of childhood
household tasks, and the persistence of this effect in adulthood, has not been explored. We address
the endogeneity of family size via an instrumental-variables approach, as in Angrist and Evans
(1998). In the latter the impact of fertility on women’s labour supply in the US is considered using

an instrument reflecting parental preferences for child sex composition: parents whose first two
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children are of the same sex are more likely to have a third. Similarly, we restrict the analysis to
families with two or more children and exploit parents’ preferences for variety in the sex mix of
the offspring to predict the number of children in the household. When presenting our results, we
extensively discuss the validity of the instrument in our context, following Conley, Hansen and Rossi
(2012) and carrying out a number of additional tests.

In our sample of the 1970 British Cohort Study (BCS), a larger family size during childhood
increases the share of housework performed by girls at age 16, but not that of boys. This conclusion is
robust to different measures of housework. Girls also consistently spend less time on other activities,
namely homework and leisure. The effect of family size is mostly found in low-SES and conservative
households. We then show that family size at age 16 also affects the division of household tasks in
adulthood: at age 34, women in the BCS who grew up in large families are more likely to perform a
larger share of housework as compared to women from smaller families, and they additionally sort
into households where the housework gender gap is significantly larger. We again find that the effect
of childhood family size is significantly higher for cohort members who grew up in low-SES and
conservative households. The results at age 42 are similar. We then argue that this persistence is in
large part due to the adoption of behaviours conforming to traditional gender roles: women who
grew up in large families are more likely to be not-employed and to have an employed husband.

Our paper contributes to the existing literature in a number of ways. To the best of our knowledge,
we are the first to use both cohort data and an instrumental-variable strategy to estimate the causal
effect of family size on the contribution of children to household tasks. The richness of our data
allows us to explore the effect of family size on the time spent in other activities, such as leisure or
homework. Second, we use the same instrumental variable strategy to estimate whether the effect of
family size at age 16 is persistent and affects the housework gender gap of the cohort members once
partnered at age 34. Last, we consider some of the channels through which childhood family size
affects the adult division of housework, namely education, labour-market outcomes and fertility.

The remainder of the paper is organized as follows. Section 2 reviews two strands of the literature:
the first on the link between family size and children’s contribution to housework, and the second on
the influence of family size on a set of determinants of the adult housework gender gap. Section 3
then describes the data and identification strategy, and the empirical results at age 16 appear in

Section 4. The results at age 34 are then discussed in Section 5. Last, Section 6 concludes.
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2.2 Literature review

2.2.1 The determinants of the division of housework among chil-

dren

Theoretical models of household time-allocation usually consider that only adults carry out
household tasks, while children, if anything, create the need for more housework (Blundell, Chiappori
and Meghir, 2005; Cherchye, De Rock and Vermeulen, 2012). However, time-use surveys reveal
that children actually spend a significant amount of time performing household tasks (Peters and
Haldeman, 1987; Bianchi and Robinson, 1997). The contribution of children to housework can
first be explained by parental time constraints: employed parents may not have sufficient time to
handle the housework load and may ask their children to help them. We expect children to be
imperfect substitutes for their parents, as they are likely to be less productive than adults and can
only contribute to a limited set of tasks. It can also be argued that parents ask their children to
help with household tasks as they wish to transmit a set of skills to them and foster their human
capital (Blair, 1992a).

The empirical literature on children’s contribution to household tasks is small and mostly non-
causal. Using US data, Gager, Cooney and Call (1999) show that girls aged between 3 and 11
spend more time on housework than boys do. Girls also carry out more household tasks when
their mother is employed full-time (Peters and Haldeman, 1987; Blair, 1992a), while the evidence is
inconclusive for boys (Blair, 1992b). Antill et al. (1996) find that parental involvement in household
tasks positively predicts children’s housework participation.

We here focus on the effect of family size on the allocation of housework among children: according
to Brody and Steelman (1985), this is ambiguous. An additional household member increases the
housework load and may lead to parents asking their children to participate to a greater extent.
At the same time, an additional child also increases the number of potentially helping hands in
the household. The net effect of family size on the housework load per child will then be positive
(negative) if the new household member’s contribution is higher (lower) than the marginal increase
in housework her presence entails.

Using US samples of children aged from 3 to 11 and 12 to 16 respectively, both Bianchi and
Robinson (1997) and Gager, Cooney and Call (1999) find a positive relationship between family
size and children’s time spent on housework. These papers are the most-closely related to our first

empirical question here, but neither addresses endogenenity. Family size is considered as a simple
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control variable. However, fertility decisions are not random and depend on confounding factors

that may also be directly related to the allocation of housework among children.

2.2.2 The effects of family size in childhood on intra-household

time allocation in adulthood

The housework gender gap can be defined as the difference between women and men in the time
spent on housework. A body of theoretical and empirical work has aimed to understand why women
still devote more time to household tasks than men do. On the theoretical side, both unitary and
collective models of household decision-making suggest that the partner with the lowest earnings
should spend relatively more time on housework (Stratton, 2015). Bittman et al. (2003); Gupta
(2007) and Gupta and Ash (2008) confirm this prediction empirically: women contribute less to
housework as their earnings rise. As earnings are positively correlated with human capital, we expect
the housework gender gap to be smaller in households where the wife is highly-educated. Baxter,
Hewitt and Haynes (2008) use Australian data to show that women with a Bachelor’s degree spend
less time on average on household tasks than do women without a Bachelor’s degree, conditional on
being employed.

While the education gap between men and women has almost closed (World Economic Forum,
2018), the housework gender gap remains. The stream of literature burgeoning from the seminal
work on gender identity by Akerlof and Kranton (2000, 2010) attributes part of this persistence to
gender norms. In Bittman et al. (2003), couples that deviate from the norm that ‘a husband should
make more money than his wife’ compensate by a more traditional division of housework in the US
and Australia. This finding is corroborated in Bertrand, Kamenica and Pan (2015), who also show
that, controlling for the absolute level of income, women with a higher probability of out-earning
their husbands are less likely to participate in the labour force. An extensive Sociological literature
has confirmed that, holding earnings constant, egalitarian attitudes about the gender division of
labour are associated with a smaller housework gender gap (see Carlson and Lynch, 2013, for a
detailed review).

Baxter (2005) and Baxter, Hewitt and Haynes (2008) emphasize the role of life-course transitions
in the housework gender gap: while men’s contribution to household tasks is relatively insensitive
to marital status and the number of children, marriage and motherhood significantly increase
that of women. Using respectively British and German data, Schober (2011) and Grunow, Schulz

and Blossfeld (2012) confirm the asymmetric effect of parenthood on parental contributions to
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housework. Here again, Schober (2011) shows that parents with more egalitarian gender attitudes
share housework more equally.

The three groups of determinants of the housework gender gap described above (i.e. education
and earnings, gender norms and demographics) have one thing in common: they are all likely to be
influenced by childhood family structure and, as such, are good candidates for mediating an effect of
childhood family size on the adulthood division of household tasks. The paragraphs below review
some of the literature describing the relationship between childhood family size and adult outcomes.

Bjorklund and Salvanes (2011) note that a number of contributions have found large and robust
negative associations between family size and different measures of child quality, such as educational
achievement and adult labour-market outcomes. This is in line with the theoretical literature on
the trade-off between child quality and quantity (Becker, 1960; Becker and Lewis, 1973). However,
the use of instrumental variables to address the endogeneity of fertility decisions produces more
nuanced results. In Angrist, Lavy and Schlosser (2010) and Aslund and Gronqvist (2010) there is no
causal effect of family size on adult educational achievement or labour-market outcomes, while other
authors find negative and significant effects on private-school attendance (Conley and Glauber, 2006;
Céceres-Delpiano, 2006) and IQ (Black, Devereux and Salvanes, 2010).

Anderton et al. (1987), Booth and Kee (2009), Kolk (2014), and Fasang and Raab (2014) find
evidence supporting of the intergenerational transmission of fertility decisions. Instrumenting for
family size in Norwegian data, Cools and Hart (2017) find a differential effect of childhood family
size on adult fertility by gender: an additional sibling increases male fertility but reduces female
fertility. The authors argue that this difference comes from mothers reducing their labour supply
relatively less when they have a daughter than when they have a son. Cools and Hart (2017) also
provides descriptive evidence of a substitution effect, as girls are more likely than boys to help
with housework as family size rises. Girls then become more aware of the associated strain of large
families and limit their own number of children in adulthood.

One may also expect adulthood gender attitudes to be influenced by childhood family size. We
know that family structure and parental background play a role in the intergenerational transmission
of gender attitudes. Vella (1994) uncovers a relationship between young women'’s attitudes towards
female employment and her parents’ educational backgrounds and labor-market behaviour. Using
differences in the male draft across US states as an exogenous source of variation in mothers’
labour-force participation, Fernandez, Fogli and Olivetti (2004) argue that men who grew up in
families with working mothers develop less stereotypical gender attitudes and are less likely to be the

household breadwinner. The intergenerational transmission of gender attitudes can be tested directly
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by correlating parental gender attitudes with those of their children. Using the NLSY 1979, Farré and
Vella (2013) find that the mother’s views of the role of women, both in the family and in the labour
market, affect the views of her children. They also show that mothers with less-traditional views
about the role of women are more likely to have working daughters and working daughters-in-law
(consistent with Fernandez, Fogli and Olivetti, 2004). Using the British Cohort Study, Johnston,
Schurer and Shields (2013) test for the external validity of Farré and Vella (2013) and find similar
results. Last, Giménez-Nadal, Mangiavacchi and Piccoli (2019) use Russian panel data to infer the
gender norms of the parents from the share of housework carried out by the mother, and find that
conservative parents have sons and sons-in-law who perform less housework in adulthood. As it
affects the allocation of household tasks among boys and girls, family size is then likely to affect

children’s gender norms.

2.3 Data and empirical strategy

2.3.1 The British Cohort Study (BCS)

Our empirical analysis is based on the British Cohort Study (BCS). The 1970 BCS follows the
lives of more than 17,000 people born in England, Scotland and Wales in a single week of 1970.
Over the course of the lives of cohort members, the 1970 BCS has collected information on, amongst
others things, physical, educational and social development, health, economic circumstances and
gender attitudes. Since the birth wave of the survey in 1970, there have been nine other waves
(‘sweeps”) at ages 5, 10, 16, 26, 30, 34, 38, 42, and 46. At each sweep, different sources and methods
were used to gather information on the cohort members. In the birth survey, the main questionnaire
was completed by the midwife present at birth and supplementary information was obtained from
clinical records. As the cohort members aged, questionnaires were administered to parents, teachers
and, eventually, cohort members themselves. Medical examinations were also carried out and cohort
members participated in thorough assessments.

The first outcome variable of interest during childhood is cohort member’s contribution to
household tasks. This is derived from the question ‘What kind of things do you help with at home?’,
asked when the cohort member is about 16 years old. The question is followed by a set of twelve
items, each depicting a particular area of contribution to housework. The items are listed in the
questionnaire as follows: ‘Shopping’, ‘Washing up’, ‘Cleaning the house’, ‘Making the bed’, ‘Cooking’,

‘Looking after elderly relatives’, ‘Looking after pets’, ‘Washing and/or ironing clothes’, ‘Gardening’,
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‘Cleaning car if any’, ‘Painting or decorating’ and ‘Looking after younger children if any’ The
possible answers are ‘Regularly’, ‘Sometimes’ or ‘Rarely or never’.

A second housework outcome variable refers to the cohort member and their partner at age 34.
Cohort members married to or cohabiting with a partner were asked to report who does most of the
following household tasks: ‘Shopping’, ‘Washing up’, ‘Cleaning the house’, ‘Cooking’, ‘Paying the
bills’, ‘Looking after children when they are ill’; ‘Washing and/or ironing clothes’ and ‘Looking after
the children in general’. The possible answers were ‘I do most of it’, ‘My partner does most of it’,
‘We share more or less equally’ or ‘Someone else does it’.!

We further combine information on household composition at birth and age 16 to create a
measure of family size. We do so by adding the number of younger siblings of the cohort member at
age 16 to the number of her older siblings as reported in the birth sweep.2 We also know the gender
and birth date of all of the cohort member’s siblings, which we will use to create our instrumental

variable.

2.3.2 The endogeneity of family size

Our first goal is to estimate the impact of family size on teenagers’ contributions to household
tasks. To do so, we first show the Kernel density of the contribution to household chores of BCS
cohort members at age 16 (calculated as the share of household tasks the cohort member helps with
‘Regularly’, as opposed to ‘Sometimes’ or ‘Rarely or never’), by gender and family size (Figure 2.1).
Consistent with the extant literature, we find that, for any family size, girls contribute more to
household tasks than boys do. The descriptive results in Figure 2.1 further suggest that while family
size does not much affect boys’ contribution to housework, girls in larger families spend more time

on household tasks than girls in smaller families do.

ISurvey-derived housework measures are usually biased as compared to the more accurate time-use diaries
(Geist, 2010). Kan (2008) documents a systematic inflation in housework measures derived from stylised
questionnaires rather than time-use data, the gap being larger for men than for women. In a similar spirit,
Achen and Stafford (2005) show that the amount of time married men report spending in housework is larger
than the time their wives report for them. However, if reporting biases are orthogonal to the instrumental
variable we use in our empirical analysis, there is no reason to believe that our main estimate will be affected.
Second, in contrast with the literature, we here do not measure hours spent in housework, but the relative
contribution of individuals as compared to their partners — a measure which we believe to be less susceptible
to measurement error.

2As our identification strategy relies on the gender composition of the two first-born children in the
household, we measure family size as the total number of siblings. We are aware that this measure may include
siblings who had already left the household when the cohort member is age 16. We address this potential
concern by using the number of children living in the household at the fourth survey sweep as an alternative
measure of family size. The use of this alternative measure produces even stronger results (available upon
request), although, as expected, the instrument appears to be slightly weaker.
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The evidence in Figure 2.1 is suggestive of a role of family size for girls, but does not address
endogeneity. The distribution of fertility across households cannot be assumed to be random, as it
depends on a set of both observable and unobservable household characteristics that may well be
correlated with household tasks both during childhood and adulthood. For example, BCS family size
at age 16 is larger when the mother is not employed and has conservative opinions about maternal
employment. Being on average less educated and less likely to be employed, mothers in large families
will mechanically have more time to spend on housework, which in turn has a crowding-out effect
on childrens’ own contribution. Naive specifications that do not account for negative selection into
parenthood and the time-use of mothers may thus underestimate the true effect of family size on
childrens’ contribution to housework.

The endogeneity of family size is commonly addressed via instrumental variables. A first popular
strategy is to instrument the size of families with at least two children by the sex composition of
the two first-born children. To the best of our knowledge, Angrist and Evans (1998) is the first
influential work to use this strategy, and estimates the causal impact of family size on women’s
labour supply. The rationale here is that parents have a preference for variety: a couple with the
first two children of the same sex is more likely to try and have a third, relative to a couple whose
first two children are a boy and a girl. As the sex mix of children can be seen as random, the
instrument provides the exogenous variation necessary for plausible identification. This approach has
been widely-used in the literature to assess the impact of family size on a variety of child outcomes,
such as education, fertility and labour market outcomes (Angrist, Lavy and Schlosser, 2010; Black,
Devereux and Salvanes, 2010; Cools and Hart, 2017). Section 4.2 provides a discussion of the validity
of the same-sex instrument applied to our context.

Multiple births can also be seen as a source of exogenous change in family size. A number of
articles have used twin births as an instrument to estimate the causal impact of family size on
outcomes such as women’s labour supply (Rosenzweig and Wolpin, 2000; Angrist, Lavy and Schlosser,
2010) and children’s education (Black, Devereux and Salvanes, 2005; Caceres-Delpiano, 2006; Aslund
and Gronqvist, 2010). However, using individual data on 17 million births over 72 countries, Bhalotra
and Clarke (2019) underline that twin births are systematically positively correlated with maternal
health. This finding is robust to a battery of tests and casts doubt on the validity of multiple births

as an instrument for family size.

84



Boys Don’t Cry (or Do the Dishes): Family Size and the Housework Gender Gap

2.3.3 Empirical strategy

We account for the endogeneity of family size by following the instrumental-variable approach
in Angrist and Evans (1998). Our instrument is a dummy for the first two children of a couple
being of the same sex. We do not make use of multiple births in our main analysis for a number of
reasons. First, as noted above, Bhalotra and Clarke (2019) suggests that multiple births may not be
random and can reflect positive selection into motherhood that could bias our estimates. Second,
our estimation sample is of limited size and the lack of statistical power may be prejudicial to our
analysis; a similar concern is raised by Black, Devereux and Salvanes (2005) when considering the
3

results from estimation samples of sizes comparable to ours.

We first estimate the following model by Two-Stages Least Squares (2SLS):

FamSizeilﬁ = oy SameSex; + 1 X; +¢;

HhTasks® = agFamSizel® + 5, X; + p; (2.1)

where FamSizel® is family size at age 16, calculated as the total number of siblings of the
cohort member plus one, and HhTasks!% is the contribution to household tasks of individual i
at age 16, calculated as the share of household tasks the cohort member helps with ‘Regularly’
(as opposed to ‘Sometimes’ or ‘Rarely or never’). We use SameSex;, a dummy for the first- and
second-born children being of the same sex, as an instrument for FamSize!S. X; is a vector of
standard controls, including dummies for sex and the child being of European descent. We measure
parental education by the age at which the parents left school, and include a dummy for the child’s
parents still living together in 1986. We additionally exploit information on the study child’s father’s
socio-economic status (SES), observed at child age 0, as proxied by his occupational status (following
the Registrar General’s 1966 Classification of Occupation). In particular, we control for a dummy
equal one for being in either a professional, managerial, or non-manual skilled occupation (‘high
SES’), and zero for being either a skilled manual, semi-skilled, or unskilled worker, or unemployed
(‘low SES’). We also include an index constructed by the data providers to measure the mother’s

attitudes towards maternal employment, when the study child was 5 years old. Controlling for this

3Despite its limitations, we do ultimately use twin births as an instrument for family size as a supplementary
robustness check, as suggested in Angrist, Lavy and Schlosser (2010). While the estimates are in line with
our main results, none are significantly different from zero at conventional levels. As suggested by Black,
Devereux and Salvanes (2005) and Cools and Hart (2017), this lack of precision may come from the limited
sample size. The results from this additional identification approach are available upon request.
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variable attenuates the possibility of the SameSex; instrument to be spuriously capturing differences
in fertility responses correlated with heterogeneous adherence to conservative gender norms. We
control for a potential independent effect of the gender mix of all the siblings by adding a dummy
named Balanced for there being at least two siblings of different sex in the family. We finally control
for birth order dummies.

Our first estimation sample covers individuals from families with at least two children and with
valid information on both the household tasks performed at age 16 and the controls. This produces
3,389 observations. One reported task out of four is performed ‘regularly’ and the average family
size in our estimation sample is 2.8. The full descriptive statistics on this estimation sample can be
found in Table 2.A1 in Appendix 2.A. Only 6,349 out of roughly 13,000 solicited families completed
and returned the questionnaire measuring children’s contribution to housework (the ‘Document G:
Home and All That’). We ask in Table 2.A2 whether children from our estimation sample differ
significantly from those with similar characteristics but who did not complete ‘Document G: Home
and All That’ (i.e. children with at least one sibling and with valid information on the controls, but
no information on the household tasks performed at age 16). Children in our estimation sample have
on average a better family background (higher-SES households, more educated parents and a more
stable parental relationship) and are mostly girls. This is not surprising as male survey respondents,
as well as respondents whose parents have low levels of education, typically have higher attrition
rates and non-response rates with respect to females (Mostafa and Wiggins, 2015).* We find a
similar pattern of selection when comparing our estimation sample to the overall BCS population
with non-missing information on the controls.

We then ask whether family size at age 16 continues to influence the time devoted to housework

at age 34, via a second 2SLS model:

fM?mS’z'zel16 = p1SameSex; + §3X; + €

Y = ByFamSizel® + 6,X; + s (2.2)

Here Y;3* corresponds to one of the three following dependent variables measured at age 34:

the share of household tasks carried out by the wife (or female partner), the share of household

4 Additionally, based on observable characteristics, we do not find any evidence that girls and boys select
into non-response in systematically different ways (except for father’s age: having an older father significantly
increases the probability of returning the questionnaire for boys, while it plays no role for girls). These results
are available upon request.
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tasks carried out by the husband (or male partner) and the housework gender gap (the difference
between these two shares). The vector X; includes the same control variables as in model 2.1.
We do not control for the socio-demographic characteristics of the cohort members at age 34 (e.g.
labour-force status, number of children) as we suspect that these may mediate the effect of family
size in childhood and, as such, are ‘bad controls’ (Angrist and Pischke, 2008). We explore this
potential mediation in Section 5.2 using the decomposition approach in Gelbach (2016).

Our second estimation sample covers individuals who are in a partnership at age 34, with at
least one sibling at age 16, and with valid information on the household tasks performed at age 34
and on the controls. This produces a sample of 3,200 observations.> The cohort members in our
estimation sample sort on average into couples where about half of housework is only carried out by
women. Only 15 percent of the tasks are only carried out by men. Additional descriptive statistics

for this sample are shown in Table 2.A3.

2.4 Family size and the contribution to household tasks

at age 16

2.4.1 Main results

Table 2.1 shows both the OLS and 2SLS estimates of model 2.1. The first two columns refer to
the whole sample of households with at least two children, while the sub-samples by child sex appear
in columns (3) through (6). The main variable of interest is family size. In the OLS estimates in
column (1), an additional household member has a positive and significant impact on the contribution
of the study child to household tasks. When we instrument Family size by Same sex, the 2SLS
results in column (2) also reveal a positive and significant coefficient on Family size.5 This result is
in line with Bianchi and Robinson (1997) and Gager, Cooney and Call (1999): larger family size
increases the contribution of children to household tasks. Looking at the estimates in column (2),

one additional sibling increases the share of tasks performed ‘regularly’ by 5.4 percentage points.

5The estimation samples in childhood and adulthood are not the same size. This is because only a
sub-sample of the cohort members reported their contribution to housework tasks at age 16, while the
age-34 housework questionnaire was administered to all partnered cohort members. Keeping only the cohort
members who appear in both estimation samples reduces the number of observations drastically (under 1,500
observations). While such selection does not affect the size of our estimates, the smaller sample size does
reduce their precision. The results are available upon request.

6We have also re-estimated all our regressions using a dummy ‘Having at least three children’ rather than
all discrete values of family size, with the results remaining qualitatively unchanged.
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This effect is equal to 25 percent of a standard deviation of the dependent variable. In terms of
magnitude, the effect of family size on the share of housework is equivalent to about 60% of the
effect of being a girl.”

Figure 2.1 suggested that the effect of family size was mainly found for girls. We formally check
whether there is a difference between boys and girls in columns (3) to (6) of Table 2.1. Both OLS
and 2SLS estimates confirm that an increase in family size translates into a significantly higher
contribution of girls to household tasks at age 16, while it does not affect the contribution of boys.
The positive family size coefficient in columns (1) and (2) is thus mostly driven by girls.® Note that
when we do control for variables that are arguably endogenous (e.g. children’s cognitive skills and
mothers’ labour force participation), estimates for family size are not statistically different from
results in Table 2.1.

While both the OLS and 2SLS estimates are positive and significantly different from zero at 5%
level, both in the overall sample and in the subsample of girls, the OLS estimate is smaller than
that from IV. This is in line with our hypothesis that the negative selection into parenthood reduces
the true effect of family size in OLS. The difference between the OLS and 2SLS estimates might also
be due to the fact that the former is expected to capture the influence of family size over the whole
estimation sample while the latter is a Local Average Treatment Effect (LATE) for the compliers,
that is children whose parents are more likely to have a third child if the first two are of the same
sex. One could argue that the preferences for variety in the offspring sex-mix are not randomly
distributed across the population: individuals with more conservative views may care more about a
mixed-sex offspring pool, as compared to progressive individuals. If that was the case, parents whose
first two children are of the same sex and who decide not to have a third one may hold systematically
more progressive views than parents in the same position who instead decide to have a third child.

What does this mean for the interpretation of our LATE? The effect sizes found in columns
2 and 4 might be partly driven by the fact that larger weights are attached to the second-stage
treatment effect of those families in which fertility decisions are more sensitive to the same-sex
instrument — that is, arguably more conservative families. As conservativism is likely correlated with
a more gender-stereotypical assignment of housework to children, our 2SLS estimates might be thus

inflated. We address this potential source of concern in two ways: first, all our regression control

"One may argue that we should not compare the effect of a discrete variable to that of dummies. When we
dichotomise family size as a dummy for having at least three children, we find that the estimated coefficient
has the same magnitude of that of the female dummy.

8We also follow Wooldridge (2010) and use same-sex and its interaction with the cohort member’s gender
to instrument family size and its interaction with a female dummy. The difference between boys and girls
continues to be significantly different from zero at the 5% level.
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for the mother’s attitudes towards maternal employment, a proxy of the family’s conservativism.
Second, we check whether we find any evidence of conservative parents holding stronger preferences
for a mixed-sex offspring. As families with the same-sex instrument equal to zero already achieved a
composite gender mix, we here focus only on families in which the first two children are of the same
sex. Using a range of indices capturing the mother’s gender attitudes in 1975, Table 2.A4 shows
that, conditional on being assigned to the treatment (i.e. same-sex equal one), women who have a
third child do not hold systematically more conservative views than those who stop at two children.
This suggests that preferences for mixed-sex offspring are not systematically driven by conservative
attitudes in our estimation samples.

One may suspect a smaller effect of family size in families that outsource their home-production
in the market. The outsourcing of housework is not accurately measured in the BCS, so we use the
father’s SES as a proxy for the probability of hiring help. We expect the effect of family size to
be smaller in high-SES families, as they are more likely to hire in help for home production, thus
decreasing the need for children to contribute to housework. Net of concerns on families’ reactivity
to the same-sex instrument, we may also expect gender attitudes to be a source of heterogeneity for
the effect of family size — the effect being arguably larger for children from conservative households.
Traditional parents might believe, for instance, that their daughters (but not their sons) will face
a marriage-market premium when endowed with a set of domestic skills (this is consistent with
the matching model developed by Chiappori, Iyigun and Weiss, 2009, under the assumption of
traditional household roles). We empirically test the presence of these two sets of channels in
Table 2.2, where we split the estimation sample by gender, father’s SES, and mother’s adherence to
conservative gender norms (above or below the third quartile of the distribution of the measure of
mothers’ attitudes towards maternal employment discussed above).” Panel A of the table shows
that family size significantly increases the contribution of girls to housework in low-SES families but
not in high-SES families. In Panel B, the effect of family size on boys’ contribution to household
tasks remains insignificant in both cases. We also see that girls with conservative mothers are more
likely to contribute to household tasks as family size rises; there is no significant effect for girls with
non-conservative mothers or for boys.!%

In Appendix 2.B we show that our results are robust to alternative measures of children’s

contribution to housework, as well as to the aggregation of subsets of tasks according to their

9The results using the median of the mothers’ gender attitudes distribution are qualitatively similar.
10We have also looked at other sources of heterogeneity, and find that the effect of family size is stronger
for girls who are first- or second-born and whose mother is young.
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characteristics (e.g. ‘feminine’ vs ‘masculine’ tasks). Additionally, we explore the time children
spend in other activities (homework and leisure) and find consistent results suggesting that girls

from larger families dedicate less time to homework and leisure activities.

2.4.2 Assessment of the identification assumptions

For a valid causal interpretation of our 2SLS estimates, the following five assumptions need to

hold (Angrist, Imbens and Rubin, 1996):

e Assumption 1, SUTVA: in our context this is equivalent to saying that the time spent in
household tasks is not affected by the sex composition of the first two children born in other
families. Additionally, SUTVA requires the treatment (an increase in family size after the first

two children) to be the same across all individuals.

e Assumption 2, Independence: the sex composition of the two first-born children is uncorrelated

with any confounder of the association between family size and household tasks.

o Assumption 3, Relevance: having two first-born children of the same sex predicts a significant

increase in family size.

e Assumption 4, Monotonicity: there are no parents whose preferences are such that they have
more children only if their first two are of different sex, and stop having children if their first

two are of the same sex.

o Assumption 5, Exclusion Restriction: once family size is taken into account, the time spent in

household tasks is not affected by the sex composition of the two first-born children.

2.4.2.1 From Assumption 1 to 4

We here discuss how plausible the assumptions above are in our context. Assumption 1 is
uncontroversial: our setting does not exploit within-family variations and we do not expect major
general equilibrium effects from the sex-composition instrument. Except in the rare cases of multiple
birth, we can also safely assume that the treatment (an increase in family size after the first
two children) is the same across individuals. Sex at birth being random, Assumption 2 is also
indisputable: conditional on having at least two children, the sex-composition of the first two is
random. The relevance assumption can be shown to hold by looking at the first-stage regressions of

model (1), as summarised by the top section of Table 2.A5. The instrument’s coefficient is positive
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and highly-significant in all subsamples and the Cragg-Donald Wald F-statistics (also reported at
the bottom of Table 2.1) confirm the instrument’s strength. Last, Assumption 4 holds if they are
no defiers. Defiers in our context would be parents with a strict preference for having at least two
children of the same sex, therefore choosing to have a third child or more only if the first two are
of different sex. While the existence of this category is unlikely in our case (a 98%-white British
sample), it would not be surprising in different cultural context, where son preference is for instance
a wide-spread social norm (Lee, 2008; Rosenzweig and Wolpin, 2000). In order to rule out any
systematic preference for one particular gender, we split the same-sex instrument into two dummies:
one for the first two children being boys and one for them being girls. Both instruments are equally
predictive of subsequent fertility behaviour, suggesting that indeed British parents in our estimation

sample do not display preferences for a particular gender of their offspring.

2.4.2.2 The Exclusion Restriction: a discussion

Our identification strategy would prove problematic if the same-sex instrument were to be
correlated with the dependent variable through a channel other than family size. While Angrist
and Evans (1998) used mothers’ labour-force participation as their main outcome, we here consider
a child-level outcome that may well be correlated with the sex composition of the two first-born
children. One way this could happen is via a crowding-out effect: if children of one particular gender
systematically contributes more to housework, then having a sibling of such gender may reduce the
residual amount of housework to be carried out by the child. If we assume ex-ante one of our key
findings, that is girls contribute more to housework than boys (Gager, Cooney and Call, 1999), and
keeping everything else constant, having a sister will always decrease the residual pool of housework
a child can contribute to. While we partially take sibling composition into account by including a
dummy for there being at least a girl and a boy in the household, we cannot fully rule out empirically

the presence of such channel.

Before discussing this channel any further, we first investigate whether the data suggest in any
way the presence of a direct effect of the instrument on the outcome variable. We do so by carrying
out a placebo test and then looking into systematic correlations between the instrument and a
number of observed covariates. The first test relies on the following intuition: if the instrument
were to be correlated with the dependent variable through a channel other than family size, we
would expect to find a significant 2SLS family-size estimate even for household tasks that should not

be affected by family size. We here appeal to the estimates shown in the fourth and fifth rows of
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Panel B of Table 2.B1. These show, respectively, the estimated family-size coefficients for household
tasks that are likely increasing in family size and those that are not. None of the 2SLS family-size
estimates are significant for the latter (in the fifth row) while most of the estimates in the fourth
row are significant, suggesting that the instrument is unlikely to significantly affect the contribution
to household tasks other than via its impact on family size.!' We then look for the presence of any
systematic correlation between the instrument and observable characteristics of the cohort members
at age 16 and their parents. We follow Angrist, Lavy and Schlosser (2010) and Falck, Gold and
Heblich (2014) and derive reduced-form estimates from the regression of cohort members’ and their
parents’ characteristics at age 16 (normally used as control variables in our baseline regressions) on
the same-sex instrument and all other controls. If observable characteristics were to be correlated
with our instrument, we may expect the same for unobservable characteristics too. Table 2.A6
shows that the only covariate that is significantly explained by the same-sex instrument is mother’s
age at the birth of the cohort member. While we may worry about this correlation, the estimates
are arguably small in economic terms: for example, in column (1) mothers whose two first-born
children are of the same sex are on average five months younger than mothers whose first two
children are of different sex. The absence of selection into consecutive same-sex pregnancies based
on observable characteristics mitigates our concerns about systematic correlations with unobservable
characteristics.

While reassuring, the absence of evidence suggesting the instrument has a direct effect on
housework contribution alone is not sufficient to completely rule out any threat to the exclusion
restriction. We then draw from Conley, Hansen and Rossi (2012) and relax the exclusion restriction,
by allowing the instrument to be only ‘plausibly’ exogenous. The intuition behind the method in
Conley, Hansen and Rossi (2012) is to allow the instrument to have a direct effect on the dependent
variable in the second-stage of the 2SLS estimation. We here follow the application in Nybom (2017)

and express model 2.1 as follows:

FamSizeilG = a1 SameSex; + 1 X; +¢;

HhTask:sZ16 = asFamSizel® + MySameSex; + 52 X; + ;. (2.3)

1 This is assuming that all tasks are potentially equally-affected by the instrument, a condition under
which our restriction of the analysis to a set of tasks that is arguably insensitive to family size comes without
loss of generality.
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where «y is the instrument’s reduced-form effect and A is a parameter varying between 0 and 1.
As explained in Nybom (2017), the adjusted effect of family size mechanically converges towards
zero as A converges to one. Figure 2.A1 shows the estimates of family size instrumented by the
sex-composition of the first two children in the household, first for the whole sample and then
separately for girls and boys. If A is greater than 0.38 for the whole sample and greater than 0.45 for
girls, the 2SLS estimates of instrumented family size are no longer significantly different from zero.
This is equivalent to saying that, as long as the direct effect of the instrument is respectively smaller
than 38% and 45% of the instrument’s reduced form effect, the effect of family size on housework
will remain significantly different from zero for the whole sample and for girls.

Conceptually, and in line with the plausible exogeneity exercise, the bias induced by a violation
of the exclusion restriction would be problematic (i.e. result in an over-estimation of the effect of
family size) only in case the same-sex instrument caused an increase in housework participation,
through a channel other than family size. A plausible channel, as mentioned above, could be via
the crowding-out effects coming from the sisters’ housework participation. Table 2.A7 presents a
topology of all possible sibling compositions, given the value of the same-sex instrument. Consider
first the case in which the cohort member is the first- or second-born. If the cohort member is a boy,
then the instrument Z will take value 0 if he has a sister (case a) and 1 if he has a brother (case b).1?
If we assume that girls contribute more than boys to household tasks, then the cohort member will
be more likely to perform a larger share of housework in case b than in case a. Hence, with 2SLS we
would tend to overestimate the family-size coefficient due to the positive correlation between the
instrument and the dependent variable, given all other covariates. This would be problematic if we
found a positive effect of family size on the share of housework performed by boys, as we would not
be able to distinguish whether the effect comes from the real association between the variables or
the violation of the exclusion restriction. However, since we find no statistically-significant effect of
family size on the share of housework for boys, the real effect should be either zero or negative -
which in either case corroborates the finding that the effect of family size is larger for girls than for
boys.

Now consider the case where the cohort member is a first- or second-born girl. The instrument
takes value 0 when she has a brother (case ¢) and 1 when she has a sister (case d). With the same

assumption as above, the cohort member will be more likely to contribute more to housework in case

12Here, when talking about brothers and sisters in relation to first- or second-born cohort members, we
refer to the brother or sister that, together with the cohort member, makes up the pool of the two first-born
children.
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c than in case d. Here, conditional on the controls, the instrument would be negatively correlated
with the dependent variable. We again are not particularly worried about this potential violation of
the exclusion restriction, as it would bias the coefficient of family size towards zero.

We finally consider the case where the cohort member is neither the first- nor the second-born.
The instrument now takes the value of one in two occurrences: either the two first-born children are
both boys (cases by and d2) or both girls (cases b; and dj). Irrespective of his or her gender, a cohort
member with two older sisters would tend to perform relatively less housework compared to the
case where the instrument is zero (cases a; and c¢1). As argued above, the 2SLS estimate of family
size would then be biased toward zero. Instead, when the cohort member has two older brothers
(cases by and da) there will be comparatively more housework to do and he or she might be asked
to contribute relatively more than in the case where the two eldest siblings are of opposite sexes.
We may here expect the 2SLS estimate to overestimate the effect of family size. This is the most
worrying case, as the effect size we estimate is potentially inflated. To check whether the sample of
cohort members with this particular sibling mix is behind our results, we replicate our main results
from Table 2.1 excluding the 236 cohort members who have two older brothers. Consistent with the
results in Table 2.1, the 2SLS point estimate of family size is 0.061 for the whole sample and 0.088
for girls (both significant at the 1% level).

What do we empirically know about the effect of the sibship sex-mix on children’s contribution
to housework? While there are plenty of papers relying on the same-sex instrument, the number of
studies linking it to housework contribution in childhood is scarce. One exception is the descriptive
work of Schulz (2021), which assesses the influence of a variety of factors (among which, the siblings
sex composition) on the time children spend performing household chores. Using the German Time
Use Study, Schulz (2021) shows that, while girls spend on average more time in housework than boys,
each child’s contribution to housework is independent of their siblings’ gender (similar results are
also found in Cordero-Coma and Esping-Andersen, 2018). Assuming these conclusions would hold in
our context as well (as somewhat already suggested by Tables 2.A6 and 2.B1), the direct effect of
the same-sex instrument on the dependent variable would neither be positive (making the positive
upper bounds derived from Figure 2.A1 implausibly high) nor negative (in contrast with what we

would expect theoretically from most of the cases described in our topology above), but rather nil.!3

131t is important to stress that the exclusion restriction might also be violated for infra-marginals (always-
takers and never-takers). If this was the case, our 2SLS estimates would be biased (see Jones, 2015, for
technical details). Based on the adjustment via calibration formula proposed by Jones (2015) and assuming
no direct effect of the same-sex instrument on the outcome for never-takers, we can express the bias as the
product of the effect of the instrument on the outcome for always-takers and the share of always-takers over
the share of compliers, i.e. nar“2%. Taking estimates for mar and ¢ from Kowalski (2019), we can derive
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2.5 Family size and contribution to household tasks at

age 34

2.5.1 Main results

We now ask whether the effect of family size at age 16 persists into adulthood and affects the
division of housework in households formed by BCS respondents and their partners at age 34. To do
so, we replicate our 2SLS analysis using as the dependent variables the share of household tasks
performed by the female partner, by the male partner, and the housework gender gap (i.e. the
difference between the two shares). Before presenting our estimates, it is important to verify that
growing up in a large family in childhood (instrumented by the gender composition of the first two
siblings) does not influence the probability of being in a partnership at age 34 and, hence, being in
our estimation sample. We rule out this concern of endogenous selection in Table 2.A8 by showing
that the instrumented family size at age 16 does not affect significantly the probability of being in a
partnership at age 34.

Having found no evidence of selection into cohabitation based on the same-sex instrument, we
now turn to the main results in our adult sample described in Table 2.3. The 2SLS estimates for
the whole sample (Panel A) confirm a persistent effect of family size at age 16 on the division of
household tasks at age 34. Larger families at age 16 predict a greater share of household tasks done
by women, while the male share remains unchanged. As expected, column (3) then shows that
the larger the family at age 16, the greater the housework gender gap at age 34. As such, cohort
members who grew up in larger families sort into couples that conform more to stereotypical gender
roles and in which the housework gender gap is even larger.

In Panels B and C of Table 2.3 we then ask whether this result is stronger for men or women. It
appears that only women sort into households with a significantly larger housework gender gap as
family size at age 16 rises. As revealed in columns (1) and (2) of Panel B, this is mostly explained
by a significantly higher share of household tasks predominantly carried out by the wife.!* In

the bottom Panel of Table 2.3, there is some evidence that male cohort members who grew up in

the minimum 747 such that the true effect of family size on girls’ housework is not statistically different from
zero, that is nar = 0.05. In other words, as long as nar < 0.05 the true effect of family size remains positive
and significant. As we argued above, most of the cases we derived from the topology in Table 2.A7 suggest
that the direct effect of the same-sex instrument on the outcome should be theoretically negative. Following
the evidence in Schulz (2021) and Cordero-Coma and Esping-Andersen (2018), nar has been descriptively
shown to be zero in contexts similar to ours.

M\We also find that the share of tasks to which men and women contribute equally and the share of tasks
performed by someone else are unaffected by family size in childhood. These results are available upon request.
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larger families have a larger housework gender gap in their adult household, although the estimated
coefficient here is not statistically significant.

The previous section established that there is no significant effect of family size on the contribution
to household tasks for respondents who grew-up in high-SES families or with relatively progressive
mothers. We again look at this kind of heterogeneity, with the results for females appearing in the
first row of Table 2.4. The pattern here is similar: larger families have no impact on the contribution
to household tasks and the housework gender gap at age 34 for women from relatively well-off
families and non-conservative families. Consistent with the childhood results, women raised in large
low-SES families contribute significantly (at the 5% level) more to household tasks and sort into
couples with a higher housework gender gap. We find no significant results for men (see Table 2.A9
in Appendix 2.A). We can replicate this analysis for cohort members at age 42, to ensure that our
estimates are not a statistical artifact driven by the choice of a particular survey year: the results in
Table 2.A10 are qualitatively similar.

The assumptions for a valid causal interpretation of all the estimates in this section are the
same as the ones discussed in Section 4.2. While the same considerations made about the first four
assumptions (SUTVA, independence, relevance and monotonicity) hold regardless of the different
outcomes we consider here, it may be relevant to discuss how the exclusion restriction translates in
the adulthood context. As cohort members are now living with a partner and not anymore with
their childhood family members, we can rule out the presence of any sibling crowding-out effects on
the pool of housework to be performed. Sibling sex-composition could however still affect individuals’
contribution to housework in adulthood via peer effects: interacting with a sister (brother) who
formed a household where she (he) does most (none) of the chores might set an example for our
cohort members. However there is only limited evidence that this mechanism might be in place

(Nicoletti, Salvanes and Tominey, 2018) and, if in place, we believe its effects to be of second order.

2.5.2 Channels

Why does family size at age 16 continue to explain the individual’s contribution to housework 18
years or more later? In Table 2.4 we explore the role of family size on adult characteristics which
are likely to help shaping the housework gender gap of female cohort members (we replicate the
exercise in Table 2.A9 for male cohort members).

Section 2.2 suggested that we might expect children who grew up in larger families to have lower

education and thus worse labour-market outcomes. We investigate this in Table 2.4 by estimating
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the causal effect of family size at age 16 on the school-leaving age and the probability of having at
least an A-level at age 34. Most of the estimated coefficients on family size are not significantly
different from zero. This finding continues to hold with other measures of educational attainment
and is consistent with the results in Céceres-Delpiano (2006), Black, Devereux and Salvanes (2005)
and Angrist, Lavy and Schlosser (2010). Note that women who grew up in large families with
non-conservative mothers are the only exception, as they are more likely to have an A-level and left

full-time education at an older age.

We then look at the effect of age-16 family size on a set of labour-market outcomes, namely
employment, the monthly wage (in logs), weekly working hours and commuting time. Commuting
in BCS is measured in time bands, and we here create a dummy for commuting time of over 30
minutes. Only women from low-SES families have a significantly lower probability of being employed
and, when employed, spend less time commuting. This is in line with the burgeoning literature on
gendered preferences over workplace amenities (Mas and Pallais, 2017) and local labour markets
(Manning and Petrongolo, 2017). Our results provide indirect evidence that the definition of local
labour market might differ by gender, due to the different costs associated with distance from
the workplace: women might face social constraints that confine them to ‘even more local’ labour

markets.

Only limited information is available on the partners of BCS respondents. However, we can
estimate the causal effect of family size on the probability of having an employed partner. We
find here positive and significant estimates in almost all our samples: women who grew up in large

families tend to sort into couples where their partner is more likely to be employed.

We now turn to life-course transitions. According to Baxter, Hewitt and Haynes (2008) the
housework gender gap does not change with marriage but does increases as individuals enter
parenthood, and it has been shown that fertility is transmitted across generations (Anderton et al.,
1987; Booth and Kee, 2009; Kolk, 2014; Fasang and Raab, 2014). The effect of family size at age
16 on the housework gender gap might therefore transit via the cohort members’ own number of
children. Table 2.4 asks whether family size affects the probability of being married at age 34, as well
as the probability of being a parent and the number of children. There is some evidence that family
size increases the probability of marriage. Our fertility results are somewhat in line with Cools
and Hart (2017): only men’s fertility decisions are positively influenced by their own family size in
childhood, but not at conventional significance levels (see Table 2.A9). On the contrary, women'’s

fertility decisions are not affected by their number of siblings and hence do not lie behind the effect
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of family size at age 16 on the housework gender gap at age 34.15 As for the exclusion restriction, a
discussion similar to that in Section 5.1 could be applied to this context as well. See Angrist, Lavy
and Schlosser (2010) for an additional extensive discussion of the same-sex instrument’s validity
when using labour market outcomes, educational outcomes, and marriage and fertility decisions (see
also Cools and Hart, 2017, for a discussion on the latter).

The results above suggest that women who grew up in large families, and particularly low-SES
families, sort into partnerships with more traditional gender roles, i.e. with a lower probability
of employment and shorter commuting time for the woman, a higher probability of employment
for the husband, and a greater probability of being married rather than cohabiting. But does the
adoption of these gender roles fully explain the persistence of the housework gender gap? In order to
answer this question we here follow the decomposition approach developed by Gelbach (2016). The
decomposition relies on the omitted-variables bias formula and can be used to attribute a portion of
the treatment effect to potential mediators. Results from this exercise are presented in Table 2.5,
first for all women in our sample and then only for women from low-SES families and families with
conservative mothers. For each of the three subsamples, the Table reports three columns: the first,
‘Base’, reports the coefficient for family size from the baseline regression (model 2 in Section 3.3);
the second, ‘Full’, further augments the model specifications by adding the four potential mediators
(not in employment, commuting time, having an employed partner, being married); last, in column
‘Expl.” the difference between the family size coefficient in the baseline specification and the full
specification is decomposed into portions that can be explained by each of the potential mediators —
conditional on controlling for all of them simultaneously.

The first three columns of Table 2.5 show that about half of the estimated effect of family size
on the housework gender gap for women can be explained by the channels we included in the full
model specification. While all channels display a positive contribution, only having an employed
partner appears to be a significant mediator. Moving on to women from low-SES backgrounds,
columns 4 to 6 show a similar narrative — with labour market outcomes (labour force participation

and commuting time) significantly contributing to explaining the persistent effect of family size on

150ne may worry that the significance of our estimates in Table 2.4 results from multiple hypothesis testing.
Following Falck, Gold and Heblich (2014), we assume each regression to be an independent draw (where the
significance at conventional levels of the family size coefficient is seen as ‘success’) and exploit the properties
of a binomial distribution to derive how likely it is that the coefficients in Table 2.4 are statistically significant
only by chance. In the Table, 14 out of 55 estimated coefficients are statistically significant at least at a 10%
level. The probability that 14 or more out of 55 coefficients are significant at the 10% level by chance is only
0.08%. In the subsample of regressions based on women who grew up in low-SES families — for whom our
results appear to be stronger — the probability that 4 or more coefficients are significantly different from zero
at the 10% level by chance is 1.85%.
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the adult housework gender gap. No change is observed instead across the two specifications in
the subsample of women who grew up with conservative mothers. Although only descriptive, these
results confirm that the long-lasting influence of family size in childhood on the housework gender gap
can be largely attributed to the adoption of behaviours that conform to traditional gender roles.!®
Results for the subsample of women from high-SES families and women with non-conservative
mothers are displayed in Table 2.A11. We also replicate this analysis for men in Tables 2.A12 and
2.A13.

2.6 Conclusion

In this paper we have assessed the impact of childhood family size on the allocation of household
tasks of British Cohort Study cohort members at age 16 and then at age 34. We account for the
endogeneity of fertility by exploiting parents’ preferences for variety in the sex mix of their offspring,
and use the sex composition of the first two children as an instrumental-variable predictor of family
size.

We find that family size significantly increases the probability that adolescents contribute to
housework at the age of 16. However, we show that our estimates substantially differ by gender:
only girls do more housework as the family size increases. This finding is not sensitive to the
measurement of housework, and girls also spend relatively less time on leisure and homework in
larger families. There is also heterogeneity by father’s SES, as only girls whose father has low SES
do more housework as family size rises. This is consistent with high-SES parents being more likely to
outsource housework and less likely to ask their children to help with the chores. We also find that
the effect of family size on housework at age 16 is larger for girls whose mothers hold conservative
attitudes.

The effect of family size in childhood is persistent: at age 34, female cohort members who
grew up in large families are more likely to sort into couples in which the housework gender gap is
significantly larger with respect to women from smaller families. We again find that women from
low-SES families and with conservative mothers are behind this finding. We show that the long-term
effect of childhood family size is explained by the adoption of behaviours that are in line with more
conservative gender roles. First, women who grew up in large families are less likely to be employed,

and when they are employed their commuting time is significantly shorter. They are also more likely

16 Additionally including the other adult outcomes shown in Table 2.4 in our mediation analysis does not
appear to further attract part of the estimated effect of family size.
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to be married to employed partners who, in return, have less time to spend on household chores.
Contextualising our results in an identity formation framework & la Akerlof and Kranton (2000,
2010), it can be argued that women who grew up in large families maximise their utility by respecting
the behavioural prescriptions of the traditional gender attitudes into which they were socialised. If
this were the case, women would find it fair (or, at least, not sub-optimal) to do more housework
than their male partners and there would be no direct cost in terms of welfare (Fleche, Lepinteur
and Powdthavee, 2018, 2020). However, identity can be seen as a narrative, and as such can be
interpreted as a flexible concept (Sveningsson and Alvesson, 2003; Ashforth, 2000). More specifically,
it can adapt to act as a buffer against adverse life events (as in Ibarra, 2003, where changes in
working identity are seen as a coping mechanism for unexpected changes in employment status).
Following the same line of thought, one may suggest that girls who grew up in larger families are
more likely to adopt a conservative gender identity, in order to rationalise the fact that they are
asked to contribute more to chores as the housework load increases. We have shown that these girls
perform significantly more housework than their partners when they turn 34 and have worse labour
market outcomes: conservative identities of women who grew up in large families, which can partly
form as a childhood coping mechanism, have then the potential to develop into a set of constraining
norms as in Collier (2016). This is in line with the literature showing that women in charge of most
the housework load have limited opportunities for career and skills enhancements (Hirsch, 2005;
Manning and Petrongolo, 2008; Russo and Hassink, 2008; Evertsson, 2013). Additionally, as argued
by Mandel and Semyonov (2005) and Pettit and Hook (2005), conservative norms have the power to

institutionalise economic inequality between women and men.
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Figures and Tables

Figure 2.1: DISTRIBUTION OF HOUSEHOLD TASKS, BY SEX AND
FAMILY SIZE AT AGE 16

K-Density

0 2 4 6 8 1
Household Tasks Contribution
3 or fewer children >3 children
Girls — — —
Boys — — —

Note: These figures refer to our estimation sample. We use the Epanechnikov
kernel function and bandwidth of 0.2.
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Table 2.1: FAMILY SIZE AND SHARE OF HOUSEHOLD TASKS DONE ‘REGULARLY’ AT AGE
16: OLS AND 2SLS RESULTS

All Girls Boys

OLS  2SLS OLS 2SLS  OLS  2SLS
(1) (2) (3) (4) () (6)

Family Size 0.014**  0.054** 0.018** 0.084**  0.008 0.014
(0.005)  (0.023) (0.007) (0.029) (0.008) (0.036)
Female 0.088***  0.090***
(0.007)  (0.007)
Observations 3389 3389 1935 1935 1454 1454
F-stat (first stage) 137 80 58

Notes: Robust standard errors in parentheses. ‘Family size’ indicates the number of siblings of
the cohort member at age 16, plus one. All regressions control for the ethnicity of the cohort
member, birth order dummies, a dummy indicating whether the cohort member’s parents
are still living in the same household, a dummy for the father having a high SES, years of
education of the cohort member’s parents, age of the parents at birth of the cohort member,
an index measuring the attitude of the mother regarding maternal employment, a dummy
indicating whether the gender composition of the siblings is balanced and regional dummies.
Family size is instrumented by a dummy equal one if the first two children in the household
are of the same sex. Statistical significance is coded following the standard notation: *** if the
p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than
0.01.
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Table 2.2: FAMILY SIZE AND SHARE OF HOUSEHOLD TASKS DONE
‘REGULARLY’ AT AGE 16: HETEROGENEITY - 2SLS RESULTS

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

Conserv. Non-Conserv.
Low SES High SES Mothers Mothers

Panel A. Girls

Family Size 0.116™* -0.017 0.116** 0.055
(0.035) (0.054) (0.047) (0.035)
Observations 1303 632 490 1445
F-stat (first stage) 61 17 38 48
Panel B. Boys
Family Size -0.004 0.043 0.105 -0.030
(0.048) (0.043) (0.077) (0.040)
Observations 925 529 402 1052
F-stat (first stage) 36 33 13 48

Notes: Robust standard errors in parentheses. ‘Family size’ indicates the number of
siblings of the cohort member at age 16, plus one. All regressions control for the
ethnicity of the cohort member, birth order dummies, a dummy indicating whether
the cohort member’s parents are still living in the same household, a dummy for
the father having a high SES, years of education of the cohort member’s parents,
age of the parents at birth of the cohort member, an index measuring the attitude
of the mother regarding maternal employment, a dummy indicating whether the
gender composition of the siblings is balanced and regional dummies. Family size is
instrumented by a dummy equal one if the first two children in the household are of
the same sex. Statistical significance is coded following the standard notation: *** if
the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is
lower than 0.01.
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Table 2.3: FAMILY SIZE AT AGE 16 AND HOUSEHOLD TASKS AT AGE 34 - 2SLS RESULTS

Wife Husband  Housework
HH Tasks HH Tasks Gender Gap

(1) (2) (3)

Panel A. Whole sample

Family Size 0.052** 0.003 0.049*
(0.025) (0.012) (0.029)
Female 0.125** -0.045** 0.170***
(0.009) (0.004) (0.011)
Observations 3200 3200 3200
F-stat (first stage) 140 140 140
Panel B. Women
Family Size 0.070** -0.001 0.071*
(0.034) (0.015) (0.040)
Observations 1731 1731 1731
F-stat (first stage) 73 73 73
Panel C. Men
Family Size 0.033 0.009 0.023
(0.037) (0.019) (0.044)
Observations 1469 1469 1469
F-stat (first stage) 64 64 64

Notes: Robust standard errors in parentheses. ‘Family size’ indicates the number
of siblings of the cohort member at age 16, plus one. All regressions control for
the ethnicity of the cohort member, birth order dummies, a dummy indicating
whether the cohort member’s parents are still living in the same household,
a dummy for the father having a high SES, years of education of the cohort
member’s parents, age of the parents at birth of the cohort member, an index
measuring the attitude of the mother regarding maternal employment, a dummy
indicating whether the gender composition of the siblings is balanced and regional
dummies. Family size is instrumented by a dummy equal one if the first two
children in the household are of the same sex. Statistical significance is coded
following the standard notation: *** if the p-value is lower than 0.01, ** if the
p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 2.4: FAMILY SIZE AT AGE 16 AND ADULT WOMEN’S OUTCOMES: 2SLS RESULTS

Effect of Family Size for Women

All Conserv. Non-Conserv.
Women Low SES High SES Mothers Mothers
(1) (2) (3) (4) (5)
Housework gender gap 0.071* 0.086* 0.021 0.158 0.042
(0.040)  (0.046) (0.095) (0.098) (0.044)
Educational Attainment (age 34)
Age left FT education 0.688 0.333 1.999 -0.713 1.096**
(0.483)  (0.514) (1.405) (1.097) (0.546)
At least A-level 0.070 0.085 0.028 -0.147 0.125*
(0.062)  (0.070) (0.148) (0.144) (0.069)
Labour Market Outcomes (age 34)
Not employed 0.096 0.118* -0.035 0.094 0.091
(0.060)  (0.068) (0.144) (0.149) (0.065)
Monthly wage (log)! 0.183 0.150 0.838 0.176 0.213
(0.459)  (0.498) (1.226) (1.180) (0.490)
Weekly working hours’ -3.145 -3.357 -1.007 0.443 -3.855
(2.294)  (2.529) (5.831) (5.815) (2.480)
Commuting time’ -0.053 -0.094* 0.130 0.088 -0.096*
(0.048)  (0.048) (0.150) (0.131) (0.052)
Employed partner 0.078**  0.082** 0.098** 0.047 0.079*
(0.030)  (0.037) (0.048) (0.068) (0.033)
Demographic characteristics (age 34)
Married 0.110* 0.066 0.268* -0.031 0.126*
(0.061)  (0.067) (0.152) (0.148) (0.067)
Having a least one child 0.017 0.047 -0.104 0.131 -0.012
(0.055)  (0.058) (0.163) (0.140) (0.060)
Number of children 0.023 0.086 -0.176 -0.123 0.054
(0.152)  (0.156) (0.479) (0.336) (0.172)

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the coefficient for ‘Family size’
(the number of siblings of the cohort member at age 16, plus one) for different dependent variables. All regressions
control for the ethnicity of the cohort member, birth order dummies, a dummy indicating whether the cohort
member’s parents are still living in the same household, a dummy for the father having a high SES, years of
education of the cohort member’s parents, age of the parents at birth of the cohort member, an index measuring
the attitude of the mother regarding maternal employment, a dummy indicating whether the gender composition of
the siblings is balanced and regional dummies. Family size is instrumented by a dummy equal one if the first two
children in the household are of the same sex. Statistical significance is coded following the standard notation: ***
if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.

tThe regressions based on these outcomes are based on a subsample of employed cohort members. Results for these
outcomes are similar when including also individuals who are not employed and conditioning on employment.
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Table 2.5: FAMILY SIZE AT AGE 16 AND THE CHANNELS: 2SLS RESULTS - WOMEN

Whole sample Low SES Conservative Mothers
Base Full Expl. Base Full Expl. Base Full Expl.
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Family Size 0.071*  0.033 0.038*** 0.086* 0.044 0.042** 0.158 0.148  0.010
(0.040) (0.038) (0.012) (0.046) (0.043) (0.014) (0.098) (0.092) (0.023)
Contributions
Not employed 0.011 0.014* 0.008
(0.007) (0.008) (0.014)
Commuting time 0.005 0.010* -0.003
(0.005) (0.005) (0.005)
Employed partner 0.015* 0.016* 0.006
(0.007) (0.008) (0.017)
Married 0.007 0.003 -0.002
(0.004) (0.004) (0.009)
Observations 1731 1731 1731 1179 1179 1179 430 430 430
F-stat (first stage) 73 74 55 55 12 13

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the coefficient for ‘Family size’ (the
number of siblings of the cohort member at age 16, plus one) under different sample specifications. All regressions control for
the ethnicity of the cohort member, birth order dummies, a dummy indicating whether the cohort member’s parents are
still living in the same household, a dummy for the father having a high SES, years of education of the cohort member’s
parents, age of the parents at birth of the cohort member, an index measuring the attitude of the mother regarding maternal
employment, a dummy indicating whether the gender composition of the siblings is balanced and regional dummies. Family
size is instrumented by a dummy equal one if the first two children in the household are of the same sex. Columns 3, 6, and 9
perform a decomposition analysis of the difference between the effect of family size in the baseline and full model specifications,
following the approach of Gelbach (2016). Statistical significance is coded following the standard notation: *** if the p-value is
lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Appendix 2.A: Additional figures and tables
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Figure 2.A1: RELAXING INSTRUMENT EXOGENEITY
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Note: The blue lines show the estimates of family size instrumented by the sex of the first two children as a
function of the value of A. The dashed lines indicate the 90% confidence intervals. The red lines show the
minimal value of A for which the family-size estimates are no longer significantly different from zero.
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Table 2.A1: DESCRIPTIVE STATISTICS (CHILDHOOD ESTIMATION SAMPLE)

Mean SD Min Max

Age 16:

HH tasks 025 022 0 1
Homework 0.34 047 O 1
Leisure 041 023 0 1
Family Size 279 111 2 10
Same Sex 0.50 0 1
Balanced 0.65 0 1
Two Natural Parents in Household 0.72 045 0 1
Age 5:

Mother’s gender attitude -0.08 1.02 -3 2
Age 0:

Female 0.57 0 1
White 0.98 0 1
Birth Order 2.15 1.14 1 8
Age mother left school 1580 2.02 0 27
Age father left school 16.13 259 0 33
Mother’s age at cohort member’s birth 26.55 5.04 18 46
Father’s age at cohort member’s birth  29.32 5.90 16 67
High SES 0.34 0 1
Observations 3389
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Table 2.A2: SAMPLE COMPOSITION AT AGE 16: DIFFERENCES IN MEANS

(1) 2 M2 @ 3  (1-6)

Family Size 2785 2964 -0.179** 2785 2555 0.231***
[1.106] [1.215] (0.030) [1.106] [1.266] (0.025)
Same Sex 0.497 0.518  -0.022 0.497  0.506  -0.010
[0.500] [0.500] (0.013) [0.500] [0.500] (0.011)
Balanced 0.654 0.663  -0.009 0.654 0.658  -0.004
[0.476] [0.473] (0.012) [0.476] [0.474] (0.010)
Two natural parents in household 0.835  0.777  0.058**  0.835 0.798 0.038***
[0.371] [0.416] (0.011) [0.371] [0.402] (0.009)
Mother’s gender attitudes -0.081 -0.016 -0.065 -0.081 -0.036 -0.044
[1.019] [1.017] (0.026) [1.019] [1.026] (0.021)
Female 0.571 0404 0.167* 0.571  0.498 0.073"**
[0.495] [0.491] (0.013) [0.495] [0.500] (0.010)
White 0.981 0.983  -0.001 0.981 0.983  -0.002
[0.135] [0.131] (0.003) [0.135] [0.128] (0.003)
Birth order 2.078 2.262 -0.185** 2.078  1.967 0.111***
[0.95] [0.981] (0.025) [0.950] [0.984] (0.020)
Age mother left education 15.802 15.475 0.328"* 15.802 15.709  0.094
[2.018] [1.582] (0.047) [2.018] [1.847] (0.040)
Age father left education 16.127 15.669 0.458"* 16.127 15.958 0.169***

2.586] [1.971] (0.060) [2.586] [2.348] (0.050)

Mother’s age at cohort member’s birth 26.551 26.253 0.298 26.551 26.128 0.423***
[5.045] [5.230] (0.132) [5.045] [5.133] (0.106)

Father’s age at cohort member’s birth ~ 29.331 28915 0.416"* 29.331 28912 0.419**
[6.029] [6.200] (0.161) [6.029] [6.229] (0.131)
High SES 0.343  0.245  0.098** 0.343 0.240 0.103***
[0.475] [0.430] (0.012) [0.475] [0.421] (0.010)

Notes: The columns labeled ‘(1) refer to the estimation sample at age 16. The column labeled ¢(2)’ refers to the
sample of cohort members living in households with at least two children but with missing information on household
tasks. The column with label ‘(3)” instead refers to the overall BCS population with non-missing information on the
covariates shown in the table. Columns ‘(1)-(2)” and ‘(1)-(3)’ refer respectively to the differences in means between
column (1) and column (2) and between column (1) and column (3). Standard deviations are in square brackets,
while standard errors are reported in parentheses. Statistical significance is coded following the standard notation:
*** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 2.A3: DESCRIPTIVE STATISTICS (ADULTHOOD ESTIMATION SAMPLE)

Mean SD Min Max

Age 34:

Wife HH Tasks 047 026 O 1
Husband HH Tasks 0.15 0.12 0 1
Housework Gender Gap 032 032 -1 1
Married 0.73 0 1
Employed 0.84 0 1
A-level 0.44 0 1
Number of children 1.31 1.09 0 8
Age 16:

Family Size 282 1.10 2 11
Same Sex 0.49 0 1
Balanced 0.66 0 1
Two natural parents in household 0.73 044 0 1
Age 5:

Mother’s gender attitude -0.09 1.02 -3 2
Age 0:

Female 0.54 0 1
White 0.99 0 1
Birth Order 2.18 1.16 1 8
Age mother left school 1575 186 0 27
Age father left school 16.01 241 0 32
Mother’s age at cohort member’s birth 26.43 5.10 18 46
Father’s age at cohort member’s birth  29.08 5.87 16 63
High SES 0.32 0 1
Observations 3200
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Table 2.A4: MATERNAL ATTITUDES AT AGE 5 (ONLY HOUSEHOLDS WHERE THE SAME-SEX
INSTRUMENT IS EQUAL ONE)

Two children Three plus Difference

(1) (2) (3)

Panel A. Whole sample

Mother’s attitudes toward:

Maternal employment -0.033 -0.131 0.098
[1.010] [1.003] (0.063)

Sex equality 0.146 0.082 0.065
[0.935] [1.078] (0.061)

Better life for women -0.029 -0.080 0.050
[0.950] [1.087] (0.062)

Anti-authoritarian child rearing 0.175 0.097 0.078
[0.938] [1.003] (0.060)

Panel B. Girls

Mother’s attitudes toward:

Maternal employment -0.020 -0.133 0.113
[0.976] [0.960] (0.082)

Sex equality 0.118 0.077 0.041
[0.954] [1.103] (0.084)

Better life for women -0.072 -0.035 -0.037
[1.025] [1.048] (0.087)

Anti-authoritarian child rearing 0.142 0.098 0.044
[0.942] [1.043] (0.082)

Panel C. Boys

Mother’s attitudes toward:

Maternal employment -0.050 -0.128 0.078
[1.054] [1.053] (0.098)

Sex equality 0.184 0.087 0.097
[0.908] [1.051] (0.089)

Better life for women 0.025 -0.131 0.157*
[0.841] [1.131] (0.087)

Anti-authoritarian child rearing 0.218 0.096 0.122
[0.933] [0.958] (0.087)

Notes: The table reports differences in means across family types. While we cannot
distinguish compliers from infra-marginal individuals, we can expect compliers to
populate column 2 (where the same-sex instrument is equal one and family size is
above two). All variables are PCA-derived z-scores capturing maternal attitudes toward
different topics (maternal employment; sex equality; needs for better life for women;
anti-authoritarian child-rearing) at child age 5, computed by the data providers. High
scores are to be interpreted as egalitarian/liberal views. Standard deviations are in
square brackets, while standard errors are reported in parentheses. Statistical significance
is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the
p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 2.A5: FIRST-STAGE REGRESSIONS

All Females  Males

Child samples (age 16)

Same sex 0.054***  0.054*** 0.054***
(0.005)  (0.006)  (0.007)
F-test 138 80 58
Observations 3389 1935 1454
Adult samples (age 34)
Same sex 0.054***  0.054*** 0.053***
(0.005)  (0.006)  (0.007)
F-test 140 73 64
Observations 3200 1731 1469

Notes: The Table reports first-stage coefficients and Cragg-Donald
Wald F-statistics for the same-sex instrument in the childhood
estimation samples (age 16) and the adulthood estimation samples
(age 34). Standard errors in parentheses. Statistical significance is
coded following the standard notation: *** if the p-value is lower than
0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than
0.01.
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Table 2.A6: INSTRUMENT AND CONTROLS IN CHILDHOOD: OLS RESULTS

All Girls Boys

(1) (2) (3)
A. Child characteristics
Female -0.025 - -
(0.026)
White -0.005 -0.018 -0.010

(0.012)  (0.013)  (0.009)
B. Parent’s characteristics

Two natural parents in household 0.005 -0.011 0.029
(0.018)  (0.023)  (0.027)
Mother’s gender attitude -0.080 -0.069  -0.101
(0.053)  (0.070)  (0.079)
Age mother left school 0.137 0.194* 0.077
(0.091) (0.116)  (0.141)
Age father left school 0.036 -0.013 0.105

(0.110)  (0.138) (0.174)
Mother’s age at cohort member’s birth -0.532*** -0.389* -0.721***
(0.160)  (0.219) (0.242)
Father’s age at cohort member’s birth -0.214  -0.094  -0.280
(0.201)  (0.267)  (0.314)
High SES -0.002  -0.025 0.028
(0.014) (0.019) (0.022)

Notes: Robust standard errors in parentheses. Each cell shows the reduced-form
effect of the instrument ‘Same-sex’ for each of our controls. All regressions control
for the ethnicity of the cohort member, birth order dummies, the cognitive and
non-cognitive skills of the cohort member at age 16, a dummy indicating whether the
cohort member’s parents are still living in the same household, a dummy for the father
having a high SES, years of education of the cohort member’s parents, age of the
parents at birth of the cohort member, an index measuring the attitude of the mother
regarding maternal employment, a dummy indicating whether the gender composition
of the siblings is balanced and regional dummies. Statistical significance is coded
following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value
is lower than 0.05, * if the p-value is lower than 0.01. The lowest robust F-statistics is
24.4 and belongs to the 2SLS baseline regression with at least 10 reported tasks, for
the boys subsample.

Table 2.A7: A TOPOLOGY OF SIBLING COMPOSITIONS

Birth order: First or second  Third +

Sex of cohort member: Boy Girl Boy Girl

Instrument:

Z =0 a c aq c1
Z =1 (Two girls) - d by dy
Z =1 (Two boys) b - by  do
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Table 2.A8: FAMILY SIZE AND PROBABILITY TO BE PARTNERED AT AGE 34 - 2SLS
RESULTS

Probability to
be partnered

Family Size 0.027
(0.031)
Female -0.024**
(0.012)
Observations 4227
F-stat (first stage) 183

Notes: Robust standard errors in parenthe-
ses. ‘Family size’ indicates the number of
siblings of the cohort member at age 16,
plus one. All regressions control for the
ethnicity of the cohort member, birth order
dummies, a dummy indicating whether the
cohort member’s parents are still living in
the same household, a dummy for the father
having a high SES, years of education of
the cohort member’s parents, age of the
parents at birth of the cohort member, an
index measuring the attitude of the mother
regarding maternal employment, a dummy
indicating whether the gender composition
of the siblings is balanced and regional
dummies. Family size is instrumented by a
dummy equal one if the first two children
in the household are of the same sex.
Statistical significance is coded following
the standard notation: *** if the p-value is
lower than 0.01, ** if the p-value is lower
than 0.05, * if the p-value is lower than
0.01.

120



Boys Don’t Cry (or Do the Dishes): Family Size and the Housework Gender Gap

Table 2.A9: FAMILY SIZE AT AGE 16 AND ADULT MEN’S OUTCOMES: 2SLS RESULTS

Effect of Family Size for Men

Whole Conserv. Non-Conserv.
Sample Low SES High SES Mothers Mothers
(1) (2) (3) (4) ()
Housework gender gap 0.023 -0.010 0.065 -0.046 0.059
(0.044)  (0.060) (0.059) (0.079) (0.054)
Educational Attainment (age 34)
Age left FT education 0.158 0.028 0.745 -0.822 0.534
(0.513)  (0.676) (0.784) (0.870) (0.617)
At least A-level -0.026 -0.053 0.058 -0.096 -0.009
(0.063)  (0.084) (0.096) (0.105) (0.078)
Labour Market Outcomes (age 34)
Not employed 0.021 0.021 0.038 -0.047 0.052
(0.039)  (0.054) (0.049) (0.050) (0.053)
Monthly wage (log)! -0.031 -0.029 0.033 0.099 -0.046
(0.105)  (0.114) (0.231) (0.263) (0.140)
Weekly working hours’ 1.068 -0.227 1.843 4.799 -0.553
(2.355)  (3.274) (2.816) (3.094) (3.168)
Commuting time' -0.083 -0.064 -0.147 -0.266** 0.011
(0.071)  (0.094) (0.104) (0.117) (0.089)
Employed partner -0.091 -0.090 -0.066 -0.006 -0.162*
(0.068)  (0.093) (0.088) (0.099) (0.090)
Demographic characteristics (age 34)
Married 0.118* 0.176* 0.007 0.145 0.122
(0.068)  (0.097) (0.091) (0.104) (0.088)
Having a least one child 0.040 0.015 0.061 0.002 0.082
(0.070)  (0.095) (0.098) (0.106) (0.089)
Number of children 0.219 0.324 0.035 0.192 0.285
(0.154)  (0.217)  (0.196)  (0.239) (0.194)

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the coefficient for ‘Family size’

(the number of siblings of the cohort member at age 16) for different dependent variables. All regressions control
for the ethnicity of the cohort member, birth order dummies, a dummy indicating whether the cohort member’s
parents are still living in the same household, a dummy for the father having a high SES, years of education of the
cohort member’s parents, age of the parents at birth of the cohort member, an index measuring the attitude of the
mother regarding maternal employment, a dummy indicating whether the gender composition of the siblings is
balanced and regional dummies. Family size is instrumented by a dummy equal one if the first two children in the
household are of the same sex. Statistical significance is coded following the standard notation: *** if the p-value is
lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.

tThe regressions based on these outcomes are based on a subsample of employed cohort members. Results for these
outcomes are similar when including also individuals who are not employed and conditioning on employment.

121



CHAPTER 2

Table 2.A10: FAMILY SIZE AT AGE 16 AND HOUSEHOLD GENDER GAPS AT AGE 42

Conserv. Non-Conserv.
Low SES High SES Mothers Mothers

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

Panel A. Women

Family Size 0.090** 0.082 0.223* 0.049
(0.046) (0.106) (0.129) (0.043)
Observations 1179 5H2 430 1301
F-stat (first stage) 55 17 12 61
Panel B. Men
Family Size -0.056 0.043 -0.014 -0.016
(0.049) (0.052) (0.061) (0.046)
Observations 996 473 391 1078
F-stat (first stage) 34 39 24 44

Notes: Robust standard errors in parentheses. ‘Family size’ indicates the number of
siblings of the cohort member at age 16, plus one. All regressions control for the
ethnicity of the cohort member, birth order dummies, the cognitive and non-cognitive
skills of the cohort member at age 16, a dummy indicating whether the cohort
member’s parents are still living in the same household, a dummy for the father
having a high SES, years of education of the cohort member’s parents, age of the
parents at birth of the cohort member, an index measuring the attitude of the mother
regarding maternal employment, a dummy indicating whether the gender composition
of the siblings is balanced and regional dummies. Family size is instrumented by
a dummy equal one if the first two children in the household are of the same sex.
Statistical significance is coded following the standard notation: *** if the p-value is
lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 2.A11: FAMILY SIZE AT AGE 16 AND THE CHANNELS: 2SLS RESULTS - WOMEN

High SES Non-Conservative Mothers
Base Full Expl. Base Full Expl.
(1) (2) (3) (4) (5) (6)

Family Size 0.021 -0.008 0.029 0.042 -0.004 0.046***
(0.095) (0.094) (0.035) (0.044) (0.042) (0.015)

Contributions
Not employed -0.004 0.010
(0.015) (0.008)
Commuting time -0.013 0.012*
(0.015) (0.007)
Employed partner 0.017 0.015**
(0.014) (0.007)
Married 0.029 0.008
(0.019) (0.005)
Observations 552 552 552 1301 1301 1301
F-stat (first stage) 17 17 61 60

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the
coefficient for ‘Family size’ (the number of siblings of the cohort member at age 16) under
different sample specifications. All regressions control for the ethnicity of the cohort member,
birth order dummies, a dummy indicating whether the cohort member’s parents are still
living in the same household, a dummy for the father having a high SES, years of education
of the cohort member’s parents, age of the parents at birth of the cohort member, an index
measuring the attitude of the mother regarding maternal employment, a dummy indicating
whether the gender composition of the siblings is balanced and regional dummies. Family size
is instrumented by a dummy equal one if the first two children in the household are of the
same sex. Statistical significance is coded following the standard notation: *** if the p-value
is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than 0.01.
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Table 2.A12: FAMILY SIZE AT AGE 16 AND THE CHANNELS: 2SLS RESULTS - MEN

Whole sample Low SES Conservative Mothers

Base Full Expl. Base Full Expl. Base Full Expl.
(1) (2) (3) (4) (5) (6) (7) (8) 9)
Family Size 0.023 0.003 0.020 -0.010 -0.034 0.024 -0.046 -0.069  0.023
(0.044) (0.043) (0.013) (0.060) (0.059) (0.017) (0.079) (0.077) (0.028)

Contributions
Not employed -0.002 -0.002 0.004
(0.004) (0.006) (0.005)
Commuting time -0.004 -0.004 -0.017
(0.003) (0.005) (0.011)
Employed partner 0.017 0.019 0.019
(0.011) (0.014) (0.022)
Married 0.008 0.010 0.018
(0.005) (0.007) (0.013)
Observations 1469 1469 1469 996 996 996 391 391 391
F-stat (first stage) 64 64 34 34 24 22

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the coefficient for ‘Family size’ (the
number of siblings of the cohort member at age 16) under different sample specifications. All regressions control for the
ethnicity of the cohort member, birth order dummies, a dummy indicating whether the cohort member’s parents are still
living in the same household, a dummy for the father having a high SES, years of education of the cohort member’s parents,
age of the parents at birth of the cohort member, an index measuring the attitude of the mother regarding maternal
employment, a dummy indicating whether the gender composition of the siblings is balanced and regional dummies. Family
size is instrumented by a dummy equal one if the first two children in the household are of the same sex. Statistical
significance is coded following the standard notation: *** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05,
* if the p-value is lower than 0.01.
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Table 2.A13: FAMILY SIZE AT AGE 16 AND THE CHANNELS: 2SLS RESULTS - MEN

High SES Non-Conservative Mothers
Base Full Expl. Base Full Expl.
(1) (2) (3) (4) () (6)
Family Size 0.065 0.056 0.010 0.059 0.040 0.019
(0.059) (0.056) (0.020) (0.054) (0.053) (0.016)

Contributions
Not employed -0.001 -0.005
(0.003) (0.005)
Commuting time -0.002 0.000
(0.004) (0.003)
Employed partner 0.012 0.017
(0.015) (0.014)
Married 0.001 0.007
(0.009) (0.006)
Observations 473 473 473 1078 1078 1078
F-stat (first stage) 39 39 44 42

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the
coefficient for ‘Family size’ (the number of siblings of the cohort member at age 16) under
different sample specifications. All regressions control for the ethnicity of the cohort member,
birth order dummies, a dummy indicating whether the cohort member’s parents are still
living in the same household, a dummy for the father having a high SES, years of education
of the cohort member’s parents, age of the parents at birth of the cohort member, an index
measuring the attitude of the mother regarding maternal employment, a dummy indicating
whether the gender composition of the siblings is balanced and regional dummies. Family
size is instrumented by a dummy equal one if the first two children in the household are of
the same sex. Statistical significance is coded following the standard notation: *** if the
p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is lower than
0.01.
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Appendix 2.B: Robustness checks

2.B1 Sensitivity to the definition of the share of house-

work

We measure the contribution to housework at age 16 using the share of household tasks the
cohort member helps with ‘Regularly’. Cohort members report their contribution to twelve different
household tasks. Due to missing information and survey filters, the average number of reported
tasks in our estimation sample is 9.3 and the median is 10. It can be argued that the number of
reported tasks partially drives our estimates. We address this concern in two different ways: we
first add the number of reported tasks as an additional control variable, and then re-estimate our
main regressions using only cohort members reporting at least ten tasks out of twelve. The results,
compared to those from our baseline estimation, appear in the first three rows of Table 2.B1. The
first row shows our baseline estimates of family size for the whole sample and then for girls and boys
separately. In the second row, controlling for the number of reported tasks makes no difference. We
then show the estimated 2SLS coefficients of individuals reporting at least ten tasks in the third row
of Table 2.B1. Here, the effect of family size for girls remains unchanged, that for the whole sample

is somewhat smaller, and that for boys is negative but not statistically different from zero.

Rather than using tasks that are performed ‘Regularly’ as opposed to ‘Sometimes’ or ‘Rarely
or never’, we can also look at the intermediate category ‘Sometimes’. To do so, we assign a score
of 1 to tasks performed ‘Regularly’, a score of 0.5 to those performed ‘Sometimes’ and a score of 0
otherwise. As for our original dependent variable, we calculate the share as the average score across
the reported tasks. Using this new dependent variable does not affect our conclusions: as revealed
by the last line of the Part A of Table 2.B1, an additional family member still increases the whole

sample contribution to household tasks and, once again, the result is mostly driven by girls.
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2.B2 Different definitions of tasks

Our main measure of household contribution uses a set of twelve tasks that have different
features. As revealed in Table 2.B2, most tasks are gender-specific. We consider a task to be
‘feminine’ (‘masculine’) if the share of girls (boys) reporting doing the task ‘Regularly’ is statistically
larger than the share of boys (girls) at the 5% level. Girls spend significantly more time shopping,
washing up, cleaning, making the bed, cooking, looking after pets, washing and ironing, and looking
after younger siblings, while boys spend more time gardening, cleaning the car, and in DIY activities.
The share of girls looking after older people ‘regularly’ is slightly larger than the share of boys,
but the difference is not statistically significant at the 5% level. In the first two rows of Part B of
Table 2.B1 we check whether the effect of family size affects the contribution of cohort members
to ‘feminine’ and ‘masculine’ tasks differently. We find that, as family size rises, girls perform a
significantly larger share of both ‘feminine’ and ‘masculine’ tasks (although their contribution to the
former is larger than to the latter), while boys do not spend more time in any type of tasks. Note
that this partition of housework into ‘feminine’ and ‘masculine’ almost perfectly overlaps with the
intrinsic periodicity of the tasks (e.g. cooking and making the bed are daily activities, while a car

needs to be cleaned less frequently), so that our results can also be interpreted in terms of frequency.

In addition, some of the tasks require the presence of particular items or person in the household.
This is the case, for instance, for tasks involving care-giving or those such as cleaning the car and
tending to the garden. We cannot of course assume that all households in our sample satisfy the
pre-conditions for these kind of tasks to be performed. We then exclude these in row three of Part
B of Table 2.B1, where we construct the share of household tasks carried out by cohort members
based only on ‘unconditional’ tasks, i.e. tasks that can be carried out in any household. We find

that the effect of family size is even stronger when using this measure of housework contribution.

By pooling together the twelve types of household tasks to create one single measure, we also
implicitly assume that all tasks increase equally in family size. This is not unrealistic for some of our
tasks, such as shopping, washing up, cleaning, making the bed, cooking, washing and ironing, and
looking after youngsters (Bawa and Ghosh, 1999). It is however more difficult to believe that looking
after the elderly and pets, gardening, cleaning the car, and painting or decorating are tasks that
are more likely to be regularly performed in families with more children. We then expect our main
estimates to be driven by the first set of tasks, while the second set can be seen more as a placebo
test. This is confirmed in the fourth and fifth rows in Part B of Table 2.B1. A girl who grew up in a

large family contributes significantly more to those tasks for which demand likely rises in family size.
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However, there is no significant effect for girls when considering their contribution to the second set
of tasks that we expect to be less sensitive to family size. We continue to find no effect for boys
regarding either kind of tasks. The last row of Table 2.B1 excludes care-giving activities and only
considers the contribution to household tasks that do not involve social interactions. Again, we find
results that are in line with our baseline estimates: a larger family increases girls’ contribution to

housework but not that of boys.

2.B3 Other measures of time: homework and leisure

Time is a finite resource. As family size rises and girls contribute more to household tasks, we
expect a reduction in the time they spend on homework and leisure. The overall time allocation of
boys should instead remain unchanged. We check this in the BCS by looking at time spent on a
variety of activities. We measure time spent on homework from the following question: ‘How much
time did you spend doing homework yesterday?’. The respondents were asked to use different time
categories. Since more than two-thirds of our estimation sample reported doing no homework, we
create a dummy for the cohort member having done at least some homework. Cohort members were
also asked to report whether they read at least one book during the four weeks before the interview
and if they were members of a sports club, a religious organisation, or any other youth organisation
over the last 12 months. We construct an index of leisure activities as the share of activities a cohort
member engaged in.

We re-estimate our main model using our measures of homework and leisure as the dependent
variables. Table 2.B3 shows the results for the whole sample and by gender. Consistent with our
main results, girls spend relatively less time doing homework and are less likely to engage into leisure
activities in larger families. As expected, there is no effect for boys.!” As in Table 2.2, the effect
of family size is stronger for girls who grew up in low-SES families and with conservative mothers

(these results are available upon request).

17The large difference in sample size between the first three columns of Table 2.B3 and Table 2.1 reflects
that ‘time spent in homework yesterday’ and ‘contribution to housework’ were measured using different
questionnaires. According to the data provider’s documentation, the response rate of the former was much
lower than that of the latter. Our measure of ‘participation in activities’ and ‘contribution to housework’
were measured using the same questionnaire, and the difference of approximately 100 observations here is due
to missing information.
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Table 2.B1: FAMILY SIZE AND SHARE OF HOUSEWORK AT AGE 16: SENSITIVITY ANALYSIS

All Girls Boys
(1) (2) (3)

A. Sensitivity of the share of housework

Baseline 0.054* 0.084**  0.014
(0.023)  (0.029) (0.036)
Baseline (controlling for no. tasks) 0.061*** 0.090**  0.022
(0.022)  (0.029) (0.034)
Baseline (at least 10 reported tasks) 0.020  0.082**  -0.043
(0.022)  (0.032) (0.029)
Share of housework, counting approach 0.028 0.040* 0.008

(0.019)  (0.023) (0.030)

B. Different definitions of tasks

Feminine 0.064**  0.106***  0.011
(0.026)  (0.036) (0.039)
Masculine 0.034 0.051* 0.011
(0.025)  (0.027)  (0.047)
Unconditional 0.063** 0.104**  0.011
(0.026)  (0.036) (0.037)
Increasing in family size 0.063™ 0.108"*  0.008
(0.027)  (0.037) (0.038)
Insensitive to family size 0.027 0.033 0.009
(0.027)  (0.033) (0.046)
Excluding care-giving 0.051**  0.091** -0.001

(0.024)  (0.032) (0.035)

Notes: Robust standard errors in parentheses. The Table reports 2SLS estimates of the
coefficient for ‘Family size’ (the number of siblings of the cohort member at age 16) under
different definitions of the dependent variable. All regressions control for the ethnicity of the
cohort member, birth order dummies, a dummy indicating whether the cohort member’s
parents are still living in the same household, a dummy for the father having a high SES,
years of education of the cohort member’s parents, age of the parents at birth of the cohort
member, an index measuring the attitude of the mother regarding maternal employment, a
dummy indicating whether the gender composition of the siblings is balanced and regional
dummies. Family size is instrumented by a dummy equal one if the first two children in
the household are of the same sex. Statistical significance is coded following the standard
notation: *** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the
p-value is lower than 0.01. The lowest robust F-statistics is 24.4 and belongs to the 2SLS
baseline regression with at least 10 reported tasks, for the boys sub-sample.
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Table 2.B2: DISTRIBUTION OF HOUSEHOLD TASKS AT AGE 16

Girls  Boys Difference

1. Shopping 0.293 0.168  0.125**
[0.455] [0.374]  (0.016)
2. Washing up 0.503 0.332  0.171*
[0.500] [0.471]  (0.018)
3. Cleaning 0.302  0.133  0.170**
[0.459] [0.339]  (0.015)
4. Making the bed 0.493 0.319  0.174*
[0.500] [0.466]  (0.018)
5. Cooking 0.259  0.099  0.160**
[0.438] [0.299]  (0.014)
6. Looking after elders 0.084  0.060 0.025*
[0.278] [0.237]  (0.013)
7. Looking after pets 0.510  0.438  0.072**

[0.500] [0.496] (0.021)
8. Washing and/or ironing 0.320  0.061 0.259***
[0.467] [0.239] (0.015)

9. Gardening 0.035  0.147  -0.112**
[0.184] [0.354]  (0.011)
10. Cleaning car 0.042  0.149  -0.107***

[0.200] [0.356]  (0.011)
11. Painting or decorating 0.039  0.107  -0.067***
[0.195] [0.309]  (0.010)
12. Looking after youngsters 0.352  0.190  0.162***
[0.478] [0.393]  (0.024)

Observations 1935 1454

Notes: Each household task is reduced to a dummy equal one if the task
is performed regularly, zero otherwise. Standard deviations are in square
brackets, while standard errors are reported in parentheses. Statistical
significance is coded following the standard notation: *** if the p-value
is lower than 0.01, ** if the p-value is lower than 0.05, * if the p-value is
lower than 0.01.
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Table 2.B3: FAMILY SIZE AND TIME USE AT AGE 16: 2SLS RESULTS

Did homework yesterday Participation to activities

All Girls Boys All Girls Boys
(1) (2) (3) (4) (5) (6)

Family Size -0.049 -0.131* 0.018 -0.017 -0.058* 0.038
(0.053) (0.078) (0.072) (0.023) (0.030) (0.036)
Female 0.035" -0.001
(0.020) (0.008)
Observations 2177 1202 975 3263 1873 1390
F-stat (first stage) 103 57 49 138 81 58

Notes: Robust standard errors in parentheses. ‘Family size’ indicates the number of siblings
of the cohort member at age 16, plus one. All regressions control for the ethnicity of the
cohort member, birth order dummies, a dummy indicating whether the cohort member’s
parents are still living in the same household, a dummy for the father having a high SES,
years of education of the cohort member’s parents, age of the parents at birth of the cohort
member, an index measuring the attitude of the mother regarding maternal employment, a
dummy indicating whether the gender composition of the siblings is balanced and regional
dummies. Family size is instrumented by a dummy equal one if the first two children in
the household are of the same sex. Statistical significance is coded following the standard
notation: *** if the p-value is lower than 0.01, ** if the p-value is lower than 0.05, * if the
p-value is lower than 0.01.
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Families at a Loss: The Relationship Between Income
Changes and Child Human Capital

3.1 Introduction

The analysis of parental income in relation to human capital is no new subject in economics.
A considerable number of theoretical contributions describe how income enables parents to put in
place investments that will foster their kids’ human capital development, which in turn will shape
their later life outcomes. Extensive work from Heckman and coauthors from the early 2000s has
emphasised that human capital is a multidimensional concept that cannot be equated to cognitive
skills only (see, among others, Heckman and Rubinstein, 2001; Heckman, Stixrud and Urzua, 2006;
Cunha, Heckman and Schennach, 2010). The existing empirical literature, however, has largely
focused on how parents’ socio-economic status affects children’s cognitive abilities, often neglecting
non-cognitive ones, despite the growing body of evidence proving their importance in determining
later life outcomes (see Cunha, Heckman and Schennach, 2010; Blanden and Machin, 2010; Ermisch,
2008; Flouri, Mavroveli and Tzavidis, 2012; Flouri, Midouhas and Joshi, 2014). Further evidence
from neurobiology, developmental psychology, and economics underlines the fundamental role of
early age experiences and environment in shaping brain functions and future development. While
there is an increasing consensus on the importance of non-cognitive skills, the evidence surrounding
its determinants and, in particular, on the impact of economic shocks on the social and behavioural
outcomes of children is still scarce.

Transitory economic conditions, such as income shocks, are likely to affect child human capital
development. While there is an increasingly large body of evidence on the relationship between
parental socio-economic status or permanent income on child human capital, relatively little is known
on the role of transitory income changes. The causal evidence on the expansion of tax credit policies
and child benefits shows positive effects on a range of child cognitive outcomes (Dahl and Lochner,
2012; Evans and Garthwaite, 2014; Milligan and Stabile, 2011), while evidence on non-cognitive
outcomes is scarce. However, positive economic shocks might differ in nature from negative ones:
insights from prospect theory (Kahneman and Tversky, 1979) suggest that individuals overweight

utility losses over gains. Similarly, the realisation of income losses, together with their potential
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interaction with market conditions (e.g. credit constraints), may well have an asymmetric effect
on the parents’ ability to foster their children’s human capital, either via the provision of material
inputs or via the quality and quantity of their time inputs.

The main scope of this paper is to assess the relationship and pathways that link gains and
losses in family income to the cognitive and non-cognitive development of children. I do so using a
longitudinal dataset from the UK, the Millennium Cohort Study (MCS), which follows the lives of
around 19,000 children born at the turn of the millennium and their families. An almost unique
feature of the dataset is that it contains measures of both cognitive and non-cognitive development
of children aged 3 to 15. The relationship between parental income and child human capital in
MCS has already been the object of attention of some papers: Kelly et al. (2011), using cognitive
and non-cognitive measures of child development from waves 2 and 3 of MCS, find evidence of an
income gradient, consistently with the previous literature. Noonan, Burns and Violato (2018) links
family income to health and non-cognitive outcomes of children, finding that permanent income has
a protective effect against the probability of experiencing behavioural problems at age 11. Other
papers use the MCS to document a gradient between parental economic background and children’s
cognitive (Dearden, Sibieta and Sylva, 2011) and non-cognitive (Tamura, Morrison and Pikhart,
2020) development.

I here use information from the six available waves of MCS to investigate the relationship
between cognitive and non-cognitive skills formation and family income changes. The outcomes of
interest, namely cognitive and non-cognitive skills, are respectively measured through age-adjusted
reading test scores and the Strengths and Difficulties Questionnaire (SDQ), a widely recognised
behavioural screening tool for children and adolescents (Goodman, Lamping and Ploubidis, 2010).
Using a value added model to assess the impact of income gains and losses on child human capital, I
find that income losses are correlated with lower residualised measures of cognitive and non-cognitive
skills, while gains only predict better cognitive performance. Consistent with the literature, results
suggest that about one third of the effect of losses on non-cognitive outcomes transits via maternal
measures of well-being. Similar to Bruckauf and Chzhen (2016), I then explore mobility in and out
of the bottom of the reading test-scores and SDQ distributions. I find that income losses (gains)
are positively (negatively) correlated with the probability of entering the bottom quintile of the
distribution of all outcomes, and that the bottom of the distribution is stickier for non-cognitive
outcomes rather than cognitive ones. This paper contributes to the literature in at least three ways:
it is the first study to use data on measures of both cognitive and non-cognitive development for all

currently available waves of the MCS in relationship to movements across the income distribution; it
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uses a value added model approach to assess the contribution of income changes on the year-to-year
formation of cognitive and non-cognitive skills; lastly, it relaxes the assumption underlying most of
the empirical literature in this field, which is that income gains and losses have a symmetric effect
on children’s outcomes.

Here follows an outline of the remainder of the paper. Section 3.2 reviews part of the relevant
literature in the field. Section 3.3 describes the dataset and the main variables of interest, and
presents the empirical strategy. Section 3.4 describes the main results. Robustness checks are
conducted in Section 3.5, to test for the sensitivity of the estimates to changes in the specification
and measurement issues. Before concluding with Section 3.7, Section 3.6 shows some additional

results addressing persistence and transition dynamics.

3.2 Literature review

There is a large literature addressing the relationship between family income and child human
capital (see Dahl and Lochner, 2012, for a review). Part of this literature addresses the causal
impact of income, exploiting the exogenous variations coming from policy changes (e.g. income
transfer programs). With US data, Dahl and Lochner (2012) exploit discontinuities in the Earned
Income Tax Credit to identify the effect of income on test scores, finding that a 1,000 dollars increase
in family income raises combined math and reading test scores by 6% of a standard deviation.
Using the same policy discontinuities, Evans and Garthwaite (2014) find that higher income causes
lower levels of both self-reported maternal stress and biological markers associated with stress.
Milligan and Stabile (2011) look at variations in income induced by child benefit policy expansion
in Canada and find significant positive effects on child and mother’s mental health. Blau (1999)
performs a fixed effect analysis of the NLSY cohort, finding little to no effect of current income on
cognitive, social, and emotional development of kids; however, he does not control for potentially
endogenous transitory shocks. Dahl and Lochner (2012) improve Blau’s identification strategy with
an instrumental variables approach, finding larger effects. Kuehnle (2014) explores the link between
income and self-reported health on the 1970 British Cohort Study. Using local unemployment rates
as an instrument, he identifies a small positive causal effect of family income on children’s health.

Other studies adopt a descriptive approach to document a positive association between family
income and child human capital, the effect being mostly larger for cognitive rather than non-cognitive
outcomes (Duncan and Brooks-Gunn, 1997). While some focus on the net effect of family income

on human capital accumulation (Shea, 2000), other studies explore the channels mediating this
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relationship (Washbrook, Gregg and Propper, 2014; Yeung, Linver and Brooks-Gunn, 2002). Income,
for instance, is known to be a determinant of individual well-being, with several studies establishing a
causal link between the two (Frijters, Haisken-DeNew and Shields, 2004; Gardner and Oswald, 2007;
Powdthavee, 2010). Parental well-being, in turn, determines parenting practices: higher well-being
is associated with warmer and responsive parenting (McLoyd et al., 1994; Sampson and Laub, 1994;
Smith and Brooks-Gunn, 1997), with positive spillovers on children’s development (Conger et al.,
1992; McLoyd, 1990). Looking at the correlation between a permanent and a transitory measure
of income on preschool children’s outcomes, Yeung, Linver and Brooks-Gunn (2002) test for the
presence of two main set of mediating channels, respectively linked to the ‘family stress’ theory
and the ‘investment’ theory. They find that mothers’ emotional affect and parenting style play a
significant role in explaining the effect of income on preschool children’s externalising behaviour; on
the other hand, the effect of income on children’s cognitive skills runs mostly through the setting
up of material investments. Despite the important role of mediating factors, the authors find that
a direct effect of income on cognitive skills and externalising behaviour still persists. Washbrook,
Gregg and Propper (2014) find consistent results on the mediating role of parents, using a broader
set of measures of maternal psychosocial functioning. Frank and Meara (2009) find that maternal
depression has a large negative effect on child development and the accumulation of non-cognitive
skills, while it does not seem to affect math and reading test scores. However, these papers, using
only cross sectional variations in income, fail to capture the dynamics between income changes,
the short-term reaction of parents in terms of well-being, and children’s behavioural and cognitive
response. In this sense, a paper that comes closer to this objective is Clark, D’Ambrosio and
Barazzetta (2021), who use the same cross-sectional approach to estimate the effect of mothers’
financial problems (a variable capturing financial distress rather than plain income) on a variety
of childhood outcomes and find that only one quarter of the effect is captured by mothers’ mental

health.

In this paper, I use a value added model to address the relationship between changes in income
and the accumulation of child human capital over time. Value added models are an established tool
in the field of economics of education and are typically used to assess the impact of teachers on kids’
performance in school. In general, they can be used to evaluate the contribution of an input in the
accumulation of human capital from a given point in time to a subsequent one (Todd and Wolpin,
2003, 2007; Koedel, Mihaly and Rockoff, 2015). With respect to regressions to the mean, value added

models offer the advantage of assessing the average year-to-year contribution of factors of interest to

the trajectories of fairly persistent outcomes. In a way, they provide a life-event approach to the
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short-term evolution of human capital that, under certain assumptions, allows to control for latent
factors contributing to the human capital production function. Although widely used in relationship
to teachers’ quality, there are only few examples of their application to different contexts. With the
same dataset used in this paper, Del Bono et al. (2016) adopt a cumulative value-added model to
show the importance of early childhood maternal time investments on child cognitive skills. Other
papers use value-added models to address, for example, the effect of private schools on learning
achievements (Andrabi et al., 2011), the role of obesity in child non-cognitive development (Black
and Kassenboehmer, 2017), the persistence of mental health issues (Roy and Schurer, 2013), or the

relationship between income changes and changes in life satisfaction Boyce et al. (2013).

3.3 Data and Methodology

3.3.1 Data description

This paper uses data from five waves of the UK Millennium Cohort Study (MCS). MCS is a
longitudinal birth cohort study following the lives of around 19,000 children born in the UK between
2000 and 2001. Six waves of the survey have been conducted so far, at age 9 months, 3 years, 5 years,
7 years, 11 years, and 15 years. The study collects a variety of socio-economic and demographic
characteristics of the cohort members and their families, as well as information on parenting and
childcare. From age 3 onward, data on cognitive and non-cognitive development are also available.

As far as cognitive outcomes are concerned, reading and word assessment tests are consistently
available throughout waves 2 to 6. Numerical skills, on the other hand, are measured less frequently
and have limited cross-wave comparability. Cognitive skills are assessed through age-appropriate
standardised tests from the British Ability Scales (BAS) from waves 2 to 5. In order to capture
reading and vocabulary skills, I rely on the BAS Naming Vocabulary scale for waves 2 and 3, the
BAS Word Reading scale for wave 4, and BAS Verbal Similarity for wave 5 (see Hansen, 2014, for
further details on the tests available for each wave). In wave 6 the only available word assessment is
devised on the basis of standardised vocabulary tests developed by the Applied Psychology Unit at
the University of Edinburgh in 1976 (this measure was already used to evaluate children in the same
age range in the 1970 British Cohort Study). The measure of cognitive ability I use here is derived
from the standardisation of the age-adjusted standardised t-scores from each of the tests described

above (henceforth, referred to as ‘reading test-scores’ for simplicity).!

!The only exception is constituted by the vocabulary test at wave 6, for which only a raw score is available;

138



Families at a Loss: The Relationship Between Income Changes and Child Human Capital

The measure of non-cognitive outcomes available for most waves of the MCS is the Strength and
Development Questionnaire (SDQ). The SDQ is a screening test consisting of a set of age-appropriate
questions assessing the behavioural and emotional health of children aged 3 to 16. The questionnaire
is compiled by the cohort member’s main caregiver in waves 2 to 6. Additionally, teacher-reported
SDQ is available in waves 4 and 5 of MCS. The questionnaire is made of 25 items, which can be divided
between five different scales: emotional symptoms, conduct problems, hyperactivity/inattention,
peer relationship problems, and prosocial behaviour. Emotional symptoms and peer problems make
up the category ‘internalising problems’, while conduct problems and hyperactivity /inattention
constitute the ‘externalising problems’ category. Both categories are measured on a scale going from
0 to 20, which I reverse so that high values of SDQ correspond to better behavioural outcomes. As
argued by Goodman et al. (2010), in low-risk samples, using these two broader categories yields
better cross-sectional discriminant validity with respect to using the five SDQ scales. See Table 3.A1
in the Appendix for more details on measurement and on the items that make up internalising and
externalising SDQ.

As it is often the case in cohort studies, reported family income in MCS is not continuous,
but instead limited to a discrete number of bands that vary from wave to wave. Respecting the
limits imposed by the extremes of each income band, the data providers developed a measure of
imputed income using interval regression. Among the predictors of income were respondent’s age,
housing tenure, region of residence, education, and labour market status (see Millennium Cohort
Study, 2020, for a full list of predictors and more details on the imputation procedure).The measure
of imputed income was then equivalised in order to account for economies of scale within the family,
using the OECD household equivalence scale. While this measure allows to have a continuous income
variable in the dataset, it is likely to be affected by measurement error and to only partly reflect the
latent income of the families in the survey. In order to limit the sensitivity of the results to this
measurement issue, I build my main explanatory variables (that is, income gains and losses between
consecutive periods) based on the quintiles of the equilvalised imputed income. This approach has
the advantage of closely reflecting self-reported banded income, without suffering from the cross-wave
differences in the definition of the bands.? Furthermore, it allows me to capture relatively larger
variations in family income, as transitions from one income quintile to another will arguably be

observed only for sufficiently large income gains or losses (I formally test whether this is indeed

I standardise it beforehand to match the same range of the standardised reading scores of the previous waves.

2The income bands extremes and the number of bands changing from wave to wave, it is a difficult task
to harmonize such categories. Refer to the MCS data documentation and questionnaires for further details on
the definition of income bands for each wave.
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the case in Section 3.5). However, as shown more in detail in the robustness checks section, results
are qualitatively similar when using the broader range of information coming from the continuous
measure of imputed income provided in MCS. Transition matrices showing the raw probability of
moving across quintiles of the distributions of income, reading test-scores, and SDQ from one wave

to the next in the estimation sample are reported in the Appendix (Figures 3.A1 to 3.A4).

3.3.2 Empirical strategy

In this paper, I describe the evolution of children’s cognitive and non-cognitive outcomes
between two consecutive periods as a function of changes in household income. For this scope, I
adopt a ‘lagged score’ value added model (Koedel, Mihaly and Rockoff, 2015), which can be read as
a model generating from an autoregressive process of order one. This method explores the dynamics
of human capital formation by capturing the residualised changes in the measures of cognitive and
non-cognitive skills described in Section 3.3.1, while accounting for their unobserved time-invariant
determinants. For each of the outcomes of interest (i.e. internalising SDQ, externalising SDQ, and

reading test-scores), I estimate the following regression using pooled OLS:

5

Yii=Bo+ b1Yii—1+ BoLiy + B3Giy + Z%If,t_1 + X'6+ G+ ein (3.1)
s=2

where Y;; is one of the three outcomes of interest for individual ¢ at time ¢, all of which are
standardised. L;; and G;; are dummy variables indicating respectively whether there was a loss or a
gain in household income between period ¢t — 1 and period t. As discussed above, income is coded as
quintiles of equivalised imputed income and a loss (gain) is realised when the household the cohort
member belongs to is in a lower (higher) income quintile with respect to the previous wave. By
separately controlling for gains and losses in household income, income changes are allowed to have
an asymmetric effect on the accumulation of cognitive and non-cognitive skills. {Iﬁt_l, e If:t_l} isa
set of four dummies indicating the income band reported by the carer of child 7 in wave ¢t — 1 (Iz{t_l,
i.e. the dummy indicating the first income band, is omitted and used as the reference category).
X is a vector of standard controls, including child and household’s time-invariant characteristics
such as sex, mother’s age at birth, and child ethnicity; lagged characteristics and their variation
between t — 1 and ¢ (housing tenure and its variation); covariates at time ¢, such as single-parent
household, whether both parents participate to the labour market, and the square root of household

size (see Table 3.1 for a full list of controls). Finally, (; is a set of wave dummies. Standard errors
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are clustered at the child level.

Thanks to the richness of the dataset, I am able to test whether the effect of income changes
on cognitive and non-cognitive outcomes is at least partly mediated by channels pertaining to the
well-being of the parents. As it is often the case in cohort studies, parental variables are measured
more accurately for mothers than they are for their spouse. This is because mothers tend to be the
main caregiver and, hence, the main survey respondent. Furthermore, fathers might not always be
present in the household at all waves and might not always coincide with the mother’s partner or
spouse. Because of this I focus on maternal well-being as a potential mediator of the effect of income
changes on the accumulation of children’s cognitive and non-cognitive skills. In order to capture
mothers’ physical well-being, I rely on a measure of self-assessed general health derived from the
question “How would you describe your health generally?”. Potential answers are “Excellent”, “Very
good”, “Good”, “Fair”, and “Poor”. As for psychological well-being, I use two measures to capture
both the affects and the cognitive dimensions of well-being. The Kessler Psychological Distress Scale
(K6), measuring affects, is a 6-items scale assessing mood and anxiety disorders in a short-term

horizon. The question is introduced by the sentence “During the past 30 days, about how often

3 4 “ 44

did you feel..”, followed by the items: “..nervous?”, “..hopeless?”, “..restless or fidgety?”, “..so

¢ ¢

depressed that nothing could cheer you up?”, “..that everything was an effort?”, “..worthless?”.
Answers range from 1, meaning “all of the time”, to 5, meaning “none of the time”. Life satisfaction
is used to measure cognitive well-being: respondents are faced with a scale going from 1, meaning
“that you are completely dissatisfied” and 10, meaning “that you are completely satisfied” and asked
to choose a number indicating how satisfied or dissatisfied they are about the way their life has

turned out up to that moment.

The new specification mirrors the one described above, allowing for mothers’ physical and

psychological well-being to act as mediators:

5
Yie=Bo+ BrYiu-1+ BoLiy + B3Giy + > Vslir 1+ (AC) 11+ Ciy qpo+ X0+ G +eip (32)
s=2

where C;;_1 is a vector containing the aforementioned measures of maternal well-being at time ¢ — 1:
the Kessler K6 score, life satisfaction, and a dummy equal one if self-assessed health is either “fair”
or “poor”. All measures are coded in such a way that higher values reflect better outcomes. AC; is a
vector capturing the changes in the maternal channels, containing the standardised differences of
the levels of psychological well-being between time ¢ — 1 and time ¢, and a dummy equal one if there

was a worsening in the mother’s self-assessed general health between the two same periods.
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Conditioning on the availability of the dependent variables, the final estimation sample consists
of 40,189 observations (14,394 cohort members, each observed on average for 3.8 waves).> Missing
values of the explanatory variables were imputed using mean imputation; thus all regressions control

4 Sampling weights

for dummies indicating the position of the missing values for each variable.
and non-response weights provided by MCS are used throughout the analysis. Table 3.A2 in the
Appendix describes the features of the estimation sample. Around 22% of children experience a
drop in their family income that moves them to a lower quintile of the income distribution; gains in

family income quintile are instead experienced by around 27% of the estimation sample.

3.4 Results

3.4.1 Main regressions

Table 3.1 presents estimates of different specifications of the baseline model of equation (3.1):
for each of the three dependent variables, the first column (i.e. columns 1, 3, 6) reports pooled OLS
estimates of the baseline model without the lagged outcome; in columns 2, 4, and 6 instead the
lagged value of the outcome variable is added to the model. Irrespective of the specification used,
income losses seem to be systematically associated with lower levels of both reading test-scores and
the two dimensions of SDQ. While income gains appear to foster cognitive skills, their effect on
non-cognitive outcomes cannot be distinguished from zero. Comparing the first two columns for
each outcome, it seems that the adoption a value added specification improves the fit of the model
without qualitatively affecting the estimated coefficients.

Overall, the effect of moving to a lower income quintile is associated with a loss of about
3 to 4% of a SD of both externalising and internalising SDQ, and a loss of 3.5% of a SD in the
standardised reading t-scores distribution. Although the effect sizes might look modest at first
sight, the contribution of an income loss to the residualised internalising and externalising SDQ
is comparable to about half the effect of being born with a weight lower than 2.5 kg, and for
internalising SDQ it is not statistically different from the magnitude of the effect of being the

first-born. While losses appear to play a larger role than gains in explaining residualised SDQ),

3Note that information on the first wave a cohort member is observed are only used as lagged values in
relationship to the second wave of observation. So in practice, the estimation is conducted on average on 2.8
waves per cohort member.

4Missingness is not a big problem in MCS: the percentage of imputed missing values is never above 5%
for the main explanatory variables. Predictably, results are not sensitive to the imputation of missing values
and hold also when the correspondent observations are dropped from the sample.
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pairwise Wald tests fail to reject the equality (in absolute value) of the coefficients for income gains
and losses for all outcomes (the p-values of the tests are, respectively, 0.15 for externalising SDQ

and 0.34 for internalising SDQ).?

3.4.2 Channels

The literature in economics and developmental psychology suggest that family income changes
can affect children’s human capital accumulation directly, through the provision of material inputs,
and/or indirectly, through changes in parents’ well-being, which can in turn affect the process of
skills formation. While income gains and losses arguably reflect changes in parents’ ability to provide
material inputs to their children (e.g. piano lessons, books), specification (3.1) does not take into
account other mechanisms. Table 3.2 uses the value added model described in specification (3.2) to
explore the presence of mediators of the effect of income losses and gains reported in Table 3.1. The
magnitude of the coefficients estimated in Table 3.1 might in fact reflect the presence of channels,
such as mothers’ well-being, that are likely positively correlated with income changes. As expected,
the variables capturing the changes between ¢ — 1 and ¢, as well as the levels in ¢t — 1, of the mother’s
psychological and physical health explain a significant portion of the child’s human capital formation
trajectories and their introduction in the specification reduces on average the magnitude of the
coeflicients for both gains and losses. For internalising and externalising SDQ, about one third of
the effect of income losses appears to transit through these channels - although the estimates are
not precise enough to rule out the equality of the coefficients across specifications.

The coefficients of income gains and losses for reading test-scores are instead more robust to the
introduction of potential mediators, perhaps suggesting that income changes have a stronger direct
effect on school performance rather than internalising or externalising behaviour. The values of the
adjusted R-squared across each pair of specifications in Table 3.2 further shows that the introduction

of channels marginally improves the model’s prediction in the case of internalising and externalising

5Note that the effect of income quintile gains and losses can reflect both pure mobility effects and positional
effects deriving from the new family income quintile at time ¢. As controlling for income quintiles at time ¢
would introduce an identification problem, a possible alternative suggested by sociologists is recurring to a
diagonal reference model (DRM), typically used to study social mobility (Sobel, 1981, 1985). Under a set
of assumptions, DRM provide a way to disentangle origin, destination, and mobility effects. Results from
this model are presented in Table 3.A3, where the coefficients for upwards and downwards mobility along the
income distribution are only statistically meaningful (and of similar magnitude to the effects shown in Table
3.1) for reading test-scores. However, estimates of mobility from DRM are known to suffer from a high chance
of type-1I error, as shown by a body of null or weak evidence on mobility effects (see, for instance, Chan, 2018;
Houle and Martin, 2011; Kaiser and Trinh, Forthcoming; Schuck and Steiber, 2018; Tolsma, De Graaf and
Quillian, 2009; Zang and Dirk de Graaf, 2016) — in contradiction with the predominant sociological theoretical
frameworks.
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SDQ, but not for test-scores. This is also consistent both with Duncan and Brooks-Gunn (1997),
who suggest that cognitive skills, with respect to non-cognitive ones, rely more heavily on material
inputs. Yeung, Linver and Brooks-Gunn (2002)’s findings further corroborate the results presented
in Table 3.2, in at least two ways: first, their paper shows that the effect of income instability on
non-cognitive skills is mostly conveyed through maternal affects; secondly, they show that the effect
on cognitive skills is in larger part mediated by material investments, rather than mothers’ emotional
health. Qualitatively similar predictions are also supported by Washbrook, Gregg and Propper
(2014).

3.4.3 Dynamic panel data analysis

While the value added model accounts for unobserved time-invariant factors explaining
the dependent variable, there might still be some unobserved time-invariant factors affecting the
residualised outcome, that is the portion of the outcome that is not explained by its past value.
Such residual unobserved between-individuals heterogeneity can be addressed thanks to the panel
structure of the data, by including individual fixed effects and thus isolating within variation only.
However, the naive combination of a value added model with fixed effects would lead to a form of
dynamic panel bias known as the Nickell bias (Nickell, 1981): through the demeaning process of
fixed effects regression, the demeaned lagged value of the outcome (now the endogenous regressor)
can no longer be distributed independently of the error term. The deriving endogeneity produces a
bias that Nickell shows to be larger in samples with “small T and large N” - situation mirroring the
MCS sample. A solution to this problem is the adoption of a system generalised method of moments
(GMM) estimator (Arellano and Bover, 1995; Blundell and Bond, 1998). The estimator is derived
from a system of two simultaneous equations (the regression model specified in first-differences and in
levels), in which the endogenous variables are instrumented with suitable lags of, respectively, their
own levels and their first differences (under the assumption that the changes in the instrumenting
variables are uncorrelated with the fixed effects; see Roodman, 2009). Table 3.A4 compares the
performance of pooled OLS (same as in Table 3.1) and system GMM.S. The first and second columns

of each GMM specification differ for the number of GMM-style instruments used for the endogenous

61 here implement the system GMM estimator in Stata v 16.0 using the xtabond2 command developed
by David Roodman (see Roodman, 2009, for an introduction to difference and system GMM and the use
of xtabond2). All variables are considered as included instruments, except for the lag of the dependent
variable. This is instead instrumented GMM-style using its own lags of order two or higher. Standard errors
are estimated with a two-step procedure, with a finite-sample correction (Windmeijer, 2005). Instead of
first-differences, orthogonal deviations are used in order to minimise the loss of information due to the presence
of gaps in the panel (Arellano and Bover, 1995).
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regressor (the lag of the outcome variable): columns 2, 5, and 8 use only the outcome’s lags of
order two or greater to build the instruments, while columns 3, 6, and 9 use the same lags for all
the available outcomes (i.e. Externalising and Internalising SDQ, standardised reading test-scores).
The size of the autoregressive coefficient for the lagged value of each outcome in the GMM columns
constitutes an indirect validity test for the specification of the model, as the coefficient lays between
the FE (not shown in the table) and the OLS estimates (as shown by Hsiao, 2014, these are,
respectively, a lower and an upper bound for the true value of the coefficient). The GMM estimates
of gains and losses appear to be qualitatively similar to (where not of significantly larger magnitude
than) the OLS ones for all outcomes. This suggests that the omission of time-invariant factors that
are potentially correlated with the residualised outcome might translate into an attenuation bias at
worst; as such, the coefficients from baseline value-added model without individual fixed effects can
be interpreted as lower bounds of the real effect of income gains and losses. Differently from the
OLS estimates in columns 1 and 4, gains appear to be statistically meaningful in explaining part of
the residualised outcome in all GMM specifications of Internalising and Externalising SDQ, although
their magnitude is lower than that of losses (the difference between the two absolute coefficients

being statistically different from zero at the 5% level in the case of Externalising SDQ).

The use of system GMM does however come with a set of stringent assumptions. A crucial
one is of course that the instruments should be exogenous (that is, uncorrelated with the error term).
However, the Hansen J-statistic testing for over-identifying restrictions rejects the null hypothesis
of joint validity of the instruments, no matter which combination of lagged outcomes is used as
GMDM-style instruments. Additionally, the use of the in-levels equation in system GMM require
an extra assumption to hold, that is the first differences of the instrumenting variables should be
uncorrelated with the time-invariant component of the error term (i.e. the fixed effects). This
is equivalent to saying that, conditionally on all other covariates, the observed deviations in the
instruments from one period to the next should be taken as deviations from a sort of stationary state
and, as such, they do not depend on intrinsic individual characteristics (Roodman, 2009). Given of
the absence of convincing evidence in support of the identifying assumptions required by system
GMM and the conservative size of the OLS estimates with respect to the dynamic panel data ones, a
pooled OLS estimator of the value-added model illustrated by equation 3.1 will be used throughout

the remainder of the paper.
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3.5 Robustness Checks

3.5.1 The measurement of income

One important concern with the analysis conducted above is linked to the interpretation of
the coefficients of gains (losses) for individuals at the top (bottom) income quintile in ¢ — 1. Due
to the discrete nature of the income variable used, these individuals cannot transition upwards
(downwards) the income distribution, hence gains (losses) are not defined for them. A way of getting
around the issue is to replicate the estimates above using only cohort members who can potentially
transition both upwards and downwards the income quintile scale, that is, excluding in each wave
those individuals who were either in the top or in the bottom quintile of the household income
distribution in the previous wave. Columns 1, 3, and 5 of Table 3.A5 in the Appendix replicate
the baseline value-added model for a sub-sample of cohort members whose family income is neither
in the top nor in the bottom quintile around waves 2 to 5. Although the coefficients for reading
test-scores are less precisely estimated, the same considerations made for Table 3.1 qualitatively

hold.

One could take a step further and exclude from the estimation sample not only individuals
whose upwards or downwards movements across the income quintile distribution are made impossible
because of their position in either one of the its extremes, but also those for whom the size of the
jump is constrained because of their position. As an example, keeping all other things constant, a
cohort member who finds herself in the fourth income quintile and experience a family income gain
in the next period can only transition to the fifth quintile, no matter how large the gain her family
experienced. On the contrary, the gain experienced by someone going from the third to the fourth
quintile is less limited by the scale of the income variable (had the relative gain been larger, such
person could have potentially transitioned to the top quintile). Results for cohort members whose
movements are not constrained to one-quintile jumps across the income distribution can be found
in columns 2, 4, and 6 of Table 3.A5. Although of larger magnitude, the estimated coefficients of

income gains and losses are overall consistent with results in Table 3.1.

So far I only considered income as measured by quintiles. Despite the issues linked to its
measurement (see discussion in Section 3.3.1), the MCS imputed measure of continuous family
income has the potential to provide extra layers of information that could be useful in disentangling
the effect of more sophisticated categories of gains and losses. Arguably, gains and losses based

on income quintiles will likely capture larger changes in family income, while changes that are not
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large enough to drive a family out of their income quintile are considered as an absence of change
(I formally test that this is indeed the case at the end of this section). Additionally, an analysis
based on the continuous imputed measure of income would not depend on the relative position
of individuals across the income distribution, but would be based on their absolute income status
instead. As income in the MCS is imputed using not only banded income, but also information on
educational status, age, geography and a variety of other covariates (see Millennium Cohort Study,
2020, for more details on the imputation procedure), it can be interpreted as a broader measure of
socio-economic status.

First, I computed the growth rate of imputed equivalised income between one period and the
next, splitting it into two variables: one, ‘positive income growth’, reflecting its positive values (and
equal zero for all negative values) and the other, ‘negative income growth’; reflecting the absolute
value of its negative values (and equal to zero for all positive values). I then substituted the loss and
gain dummies in equation 3.1 with positive and negative income growth. The distribution of the
income growth rate is roughly normal, centered around zero, with a long right tail. Results for this
specification are illustrated in Table 3.A6, trimming any income growth rate larger than 10 (top 0.5%
of its distribution). 7 The story shown by the Table is consistent with that implied by Table 3.1:
negative income growth hinders both cognitive and non-cognitive outcomes (although the effect is
not always precisely estimated). Differently from the baseline, a positive income growth rate between
one period and the next is now significantly associated with better measures of non-cognitive skills,
although the absolute effect size is roughly one third of that of negative income growth. Another
difference with the baseline results is the difference in magnitude between the gains and losses
coefficients for reading test-scores: while the baseline estimates suggested symmetry of gains and
losses, here the absolute values of the positive and negative income growth estimates are statistically
different from each other at the 10% level — with gains affecting learning outcomes to a lesser extent
than losses.

An assumption implied so far is that income gains and losses (defined by transitions across
the income quintile distribution) are ‘large’. However, changes in a family’s relative income position
could well occur even in response to relatively small changes in imputed income. I here explore
the composition of income changes involved in the gain and loss dummies and their relative role
in shaping human capital accumulation. In Table 3.A7 the income quintile gain (loss) indicator

is decomposed into four dummies, based on the magnitude of the continuous income growth rate

"Note that the sample size is smaller than the baseline, because of missing values of imputed income and
trimming of the right tail. Baseline results still hold in this smaller sample.

147



CHAPTER 3

associated driving the underlying upwards (downwards) quintile movement.® While we can almost
never reject the equality of all the losses (gains) coefficients in each column, Table 3.A7 suggests
that the baseline results from Table 3.1 are not primarily driven by gains and losses induced by
small income changes: income quintile losses (gains) associated with a —25% (25%) income growth
rate or smaller (greater) are the ones to attract the most statistically significant estimates. This is
somewhat unsurprising, as about 54% (80%) of all downwards (upwards) movements in the income

quintile distribution involve an income growth rate of —25% or lower (25% or greater).

3.5.2 Omitted variables

One question that might emerge at this point concerns what are the drivers of these upwards
and downwards movements across the household income distribution. Income changes are indeed
likely to depend on factors such as changes in the country’s social security system, in the labour
market status of the parents, in the household’s demographic structure, in housing tenure. However,
is the process of human capital formation affected by these changes per-se, or does income have a
direct way of affecting cognitive and non-cognitive outcomes? In other words, do these factors affect
the outcomes only through changes in income or are they omitted variables threatening to confound
its effect?

Table 3.3 is an attempt to clarify the matter. Columns 1, 3, and 5 replicate columns 2, 5,
and 8 of Table 3.1. Columns 2, 4, and 6 introduce a list of life events between t — 1 and ¢ that
are likely to be correlated with changes in quintiles of equivalised income. Since housing tenure
and its changes are already controlled for in all specifications, remaining determinants of income
changes I could control for are separations, job losses and job changes, and additional changes in
household composition driven by siblings. The coefficients of gains and losses are overall robust to
the introduction of these potential confounders, suggesting that their omission does not contribute
to the creation of an omitted variables bias. This evidence is partly in contrast with Washbrook,
Gregg and Propper (2014), who find that the income gradient of non-cognitive skills and health
is completely shut out by distal factors such as socio-demographic and labour market outcomes,
with only one fifth of the effect of income on cognitive skills surviving the introduction of these
covariates. Conditional on current employment status, changes in the parents’ labour force status

from one period to the next do not appear to explain changes in the residualised cognitive and

8Here I chose 25%, 10%, and 5% (and their negative equivalents) as arbitrary thresholds to distinguish
between different categories of income growth. Results are however robust to a battery of other thresholds
and number of intervals.
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non-cognitive outcomes. A parent leaving the household appears to be negatively associated with
the residualised measures of non-cognitive outcomes (the association being statistically significant at
the 10% level only for Internalising SDQ), while no effect is found on reading test-scores. Changes in
the siblings pool composition appear to have a negative effect on child human capital accumulation,
especially in the case of socio-emotional development. Externalising problems increase with the
presence of new siblings, consistent with children engaging in disruptive behaviours to capture the
parents’ attention. The results for internalising symptoms instead hide substantial heterogeneity
across gender: while boys have lower residualised internalising SD(Q when younger siblings are born,

girls are only significantly affected by an older sibling leaving the household.

3.6 Additional results

3.6.1 Persistence

As shown by results in Tables 3.1 and 3.2, income gains between ¢ — 1 and ¢ do not seem
to be statistically significant in explaining changes in non-cognitive outcomes, while income losses
have a significant negative impact. One may wonder whether the same is true for past movements
across family income quintiles. Table 3.4 investigates the role of past gains and losses, as well
as current ones, and their interactions over time. The Table shows a picture similar to that of
Table 3.1 for recent gains and losses (Gain; and Loss;). While there is some evidence that past
income losses decrease residualised Internalising SDQ and reading test-scores, these effects are not
statistically significant. Similarly, past income gains appear to foster human capital, significantly
so only for reading test scores. As household income losses seem to affect cohort members partly
through parents’ well-being, it seems plausible that their effect on child human capital be mostly
immediate, driven by affects. As shown by Boyce et al. (2013), income gains typically have a positive
impact on subjective well-being of a lower magnitude with respect to that of losses. An income
gain between time t — 2 and ¢ — 1 might not have a strong enough impact on parents’ well-being
to justify a positive effect on non-cognitive human capital formation at time ¢ — 1 , but it might
still enable parents to put in place material investments fostering their children’s cognitive skills
that will still have an effect at time ¢, thus explaining the positive effect of past income gains on
reading test scores. There is however no evidence of complementarity between income gains in two
consecutive periods: if anything they appear to have a certain degree of substitutability, as shown

by the negative coefficient for the interaction between two consecutive gains. On the other hand,
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old income losses seem to matter only in relationship to current income losses, exacerbating their
negative relationship with reading test-scores.

Results from Table 3.4 can be interpreted in relationship to the literature on homeostatic
well-being (Cummins, 2016). As about one third of the effect of income losses on Internalising and
Externalising SDQ is mediated by mothers’ well-being, one might wonder whether the absence of
persistence of past income losses is due to an adaptation mechanism that pushes mothers’ well-being
back towards its homeostatic level. 1 test for this possibility, by replicating Table 3.4 for the two
outcomes reflecting mothers’ psychological well-being, namely life satisfaction and the Kessler (K6)
scale of affects (results available on request). As expected, I find evidence of mothers adapting to
income changes both in terms of affects and cognitive well-being, with the measure of affects adapting
at a faster rate than the cognitive one. Since the effect of income changes on reading test-scores does
not seem to be mediated by any parental well-being channel, the well-being adaptation mechanism
does not affect the persistence of past losses and gains, which matter both in absolute terms and in

conjunction with current income changes.

3.6.2 Transition dynamics

The results presented so far are just average effects across all income quintiles. However,
following the approach of Bruckauf and Chzhen (2016), it might be interesting to focus on the risk
factors that predict the entry to and exit from the bottom quintile of the income distribution.’
Table 3.5 reports average marginal effects derived from logistic regressions predicting the probability
of entering or exiting the bottom quintile of the cognitive or non-cognitive skills distributions. Note
that the estimation samples here are different: by construction, cohort members who are already
at the bottom quintile of an outcome’s distribution are dropped from the estimation sample of the
column tagged “entry” (unless they transition into a higher quintile and then back again into the
lowest one). For exit instead, the estimation sample is made up only by cohort members who already
were in the bottom quintile of the outcome’s distribution in ¢ — 1.

Controlling for the position in the income distribution in period ¢t — 1, a movement down the

income distribution quintiles is associated with a 2 pp increase of the probability of entering the

9Income quintile changes may not be independent of the child’s position in the distribution of cognitive
and non-cognitive outcomes. I empirically test whether that is the case in the estimation sample and find little
differences in the probability of experiencing income gains or losses between individuals at the bottom quintile
of any outcome’s distribution and those in higher quintiles. The likelihood of experiencing income gains
(losses) is 0.3 pp higher (0.9* pp lower) for those at the bottom quintile of the Externalising SDQ distribution;
1** pp higher (0.4 pp lower) for those at the bottom quintile of the Internalising SDQ distribution; and 0.8 pp
higher (1** pp lower) for those at the bottom quintile of the reading test-scores distribution.
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bottom quintile of the externalising SDQ distribution. While losses seem to predict the probability
of entering in the bottom quintile of the SDQ distributions, gains are associated with a lower
likelihood of entering the bottom quintile of internalising SDQ and reading test-scores. Neither
income losses nor gains seem to contribute to explaining transition dynamics out of the bottom
quintile of non-cognitive outcomes (with the exception of losses for externalising SDQ). On the other
hand, for reading test-scores, income gains are associated with a higher probability of exiting the

outcome’s bottom quintile.

3.7 Conclusion

This paper explores the relationship between changes in family income and the accumulation
of children’s cognitive and non-cognitive skills. By relaxing the assumption of a symmetric impact
of losses and gains, I find that losses matter more than gains in explaining changes in non-cognitive
outcomes between one wave and the next. Movements downwards the distribution of family income
are associated with a decrease of 3 to 4% of a standard deviation for both SDQ and reading test-scores,
an effect size comparable to that of a parent leaving the household.

The effect of losses is mediated for one third by channels reflecting mothers’ well-being. Losses
also predict the probability of transitioning into the bottom quintile of the distribution of both
non-cognitive and cognitive abilities; for the latter, experiencing a loss hinders the probability of
moving out of the bottom of the distribution. Moving upwards the family income distribution, on the
contrary, is correlated with both higher probability of exiting and lower probability of entering the
bottom quintile of the reading test-scores distribution. The effect of gains on reading test scores is
also persistent in time: past income gains still matter for today’s cognitive trajectories, consistently
with the theory of family investment.

Despite the robustness of the results presented above to a battery of sensitivity tests, the
empirical strategies used throughout the paper remain exposed to potential endogeneity issues.
However, results are consistent with the established literature in economics and developmental
psychology and contribute to uncovering some novel mechanism. From a policy perspective, the
findings of this paper suggest that income transfers, while fostering cognitive skills, might not have
the same effect on non-cognitive skills. The fact that human capital accumulation appears to be
more sensitive to income losses might provide yet another piece of evidence in support of insurance
and welfare policies to limit the negative impact of adverse economic conditions, paying particular

attention to the effects on the psychological well-being of adults.

151



CHAPTER 3

References

Andrabi, Tahir, Jishnu Das, Asim Ijaz Khwaja, and Tristan Zajonc. 2011. “Do value-added
estimates add value? Accounting for learning dynamics.” American Economic Journal: Applied
FEconomics, 3: 29-54.

Arellano, Manuel, and Olympia Bover. 1995. “Another look at the instrumental variable
estimation of error-components models.” Journal of Econometrics, 68: 29-51.

Black, Nicole, and Sonja C. Kassenboehmer. 2017. “Getting weighed down: the effect of
childhood obesity on the development of socioemotional skills.” Journal of Human Capital, 11: 263—
295.

Blanden, Jo, and Stephen Machin. 2010. “Intergenerational inequality in early years assess-
ments.” In Children of the 21st century: The first five years. Vol. 2, Eds. K. Hansen, H. Joshi and
S. Dex, Chapter 9, 153-168. Policy Press.

Blau, David M. 1999. “The effect of income on child development.” Review of Economics and
Statistics, 81: 261-276.

Blundell, Richard, and Stephen Bond. 1998. “Initial conditions and moment restrictions in
dynamic panel data models.” Journal of Econometrics, 87: 115-143.

Boyce, Christopher J., Alex M. Wood, James Banks, Andrew E. Clark, and Gor-
don D.A. Brown. 2013. “Money, well-being, and loss aversion: Does an income loss have a
greater effect on well-being than an equivalent income gain?” Psychological Science, 24: 2557-2562.

Bruckauf, Zlata, and Yekaterina Chzhen. 2016. Poverty and Children’s Cognitive Trajectories:
Evidence from the United Kingdom Millennium Cohort Study. UNICEF - Innocenti Working
Paper, 14.

Chan, Tak Wing. 2018. “Social mobility and the well-being of individuals.” British Journal of
Sociology, 69: 183-206.

Clark, Andrew E., Conchita D’Ambrosio, and Marta Barazzetta. 2021. “Childhood cir-
cumstances and young adulthood outcomes: The role of mothers’ financial problems.” Health
Economics, 30: 342-357.

Conger, Rand D., Katherine J. Conger, Glen H. Elder Jr., Frederick O. Lorenz,
Ronald L. Simons, and Les B. Whitbeck. 1992. “A family process model of economic
hardship and adjustment of early adolescent boys.” Child Development, 63: 526—-541.

Cummins, Robert A. 2016. “The theory of subjective wellbeing homeostasis: A contribution to
understanding life quality.” In A Life Devoted to Quality of Life. Vol. 60, Ed. F. Maggino, Chapter
4, 61-79. Springer.

Cunha, Flavio, James J. Heckman, and Susanne M. Schennach. 2010. “Estimating the
technology of cognitive and noncognitive skill formation.” Econometrica, 78: 883-931.

Dahl, Gordon B., and Lance Lochner. 2012. “The impact of family income on child achievement:
Evidence from the earned income tax credit.” American Economic Review, 102: 1927-56.

152



Families at a Loss: The Relationship Between Income Changes and Child Human Capital

Dearden, Lorraine, Luke Sibieta, and Kathy Sylva. 2011. “The socio-economic gradient in
early child outcomes: evidence from the Millennium Cohort Study.” Longitudinal and Life Course
Studies: International Journal, 2: 19-40.

Del Bono, Emilia, Marco Francesconi, Yvonne Kelly, and Amanda Sacker. 2016. “Early
maternal time investment and early child outcomes.” Economic Journal, 126: FO6-F135.

Duncan, Greg J., and Jeanne Brooks-Gunn. 1997. Consequences of Growing Up Poor. Russell
Sage Foundation.

Ermisch, John. 2008. “Origins of social immobility and inequality: parenting and early child
development.” National Institute Economic Review, 205: 62—-71.

Evans, William N., and Craig L. Garthwaite. 2014. “Giving mom a break: The impact of
higher EITC payments on maternal health.” American Economic Journal: Economic Policy,
6: 258-90.

Flouri, Eirini, Emily Midouhas, and Heather Joshi. 2014. “The role of urban neighbour-
hood green space in children’s emotional and behavioural resilience.” Journal of Environmental
Psychology, 40: 179-186.

Flouri, Eirini, Stella Mavroveli, and Nikos Tzavidis. 2012. “Cognitive ability, neighborhood
deprivation, and young children’s emotional and behavioral problems.” Social Psychiatry and
Psychiatric Epidemiology, 47: 985-992.

Frank, Richard G., and Ellen Meara. 2009. The Effect of Maternal Depression and Substance
Abuse on Child Human Capital Development. NBER Working Paper Series, 15314.

Frijters, Paul, John P. Haisken-DeNew, and Michael A. Shields. 2004. “Money does matter!
Evidence from increasing real income and life satisfaction in East Germany following reunification.”
American Economic Review, 94: 730-740.

Gardner, Jonathan, and Andrew J. Oswald. 2007. “Money and mental wellbeing: A longitu-
dinal study of medium-sized lottery wins.” Journal of Health Economics, 26: 49—60.

Goodman, Anna, Donna L. Lamping, and George B. Ploubidis. 2010. “When to use broader
internalising and externalising subscales instead of the hypothesised five subscales on the Strengths
and Difficulties Questionnaire (SDQ): Data from British parents, teachers and children.” Journal
of Abnormal Child Psychology, 38: 1179-1191.

Heckman, James J., and Yona Rubinstein. 2001. “The importance of noncognitive skills:
Lessons from the GED testing program.” American Economic Review, 91: 145-149.

Heckman, James J., Jora Stixrud, and Sergio Urzua. 2006. “The effects of cognitive and
noncognitive abilities on labor market outcomes and social behavior.” Journal of Labor Economics,
24: 411-482.

Houle, Jason N., and Molly A. Martin. 2011. “Does intergenerational mobility shape psycho-
logical distress? Sorokin revisited.” Research in Social Stratification and Mobility, 29: 193-203.

Hsiao, Cheng. 2014. Analysis of Panel Data. Cambridge University Press.

153



CHAPTER 3

Kahneman, Daniel, and Amos Tversky. 1979. “Prospect theory: An analysis of decision under
risk.” Econometrica, 47: 263-292.

Kaiser, Caspar, and Nhat An Trinh. Forthcoming. “Positional, mobility and reference effects:
How does social class affect life satisfaction in Europe?” FEuropean Sociological Review.

Kelly, Y., A. Sacker, E. Del Bono, M. Francesconi, and M. Marmot. 2011. “What role for
the home learning environment and parenting in reducing the socioeconomic gradient in child
development? Findings from the Millennium Cohort Study.” Archives of Disease in Childhood,
96: 832-837.

Koedel, Cory, Kata Mihaly, and Jonah E. Rockoff. 2015. “Value-added modeling: A review.”
FEconomics of Education Review, 47: 180-195.

Kuehnle, Daniel. 2014. “The causal effect of family income on child health in the UK.” Journal of
Health Economics, 36: 137-150.

McLoyd, Vonnie C. 1990. “The impact of economic hardship on Black families and children:
Psychological distress, parenting, and socioemotional development.” Child Development, 61: 311—
346.

McLoyd, Vonnie C., Toby Epstein Jayaratne, Rosario Ceballo, and Julio Borquez. 1994.
“Unemployment and work interruption among African American single mothers: Effects on
parenting and adolescent socioemotional functioning.” Child Development, 65: 562—-589.

Millennium Cohort Study. 2020. Millennium Cohort Study - User Guide (Surveys 1 to 5). 9"
ed., Centre for Longitudinal Studies.

Milligan, Kevin, and Mark Stabile. 2011. “Do child tax benefits affect the well-being of children?
Evidence from Canadian child benefit expansions.” American Economic Journal: Economic Policy,
3: 175-205.

Nickell, Stephen. 1981. “Biases in dynamic models with fixed effects.” Econometrica, 1417-1426.

Noonan, Katharine, Richéal Burns, and Mara Violato. 2018. “Family income, maternal
psychological distress and child socio-emotional behaviour: Longitudinal findings from the UK
Millennium Cohort Study.” SSM - Population Health, 4: 280-290.

Powdthavee, Nattavudh. 2010. “How much does money really matter? Estimating the causal
effects of income on happiness.” Empirical Economics, 39: 77-92.

Roodman, David. 2009. “How to do xtabond2: An introduction to difference and system GMM
in Stata.” Stata Journal, 9: 86—136.

Roy, John, and Stefanie Schurer. 2013. “Getting stuck in the blues: persistence of mental health
problems in Australia.” Health Economics, 22: 1139-1157.

Sampson, Robert J., and John H. Laub. 1994. “Urban poverty and the family context of
delinquency: A new look at structure and process in a classic study.” Child Development, 65: 523~
540.

Schuck, Bettina, and Nadia Steiber. 2018. “Does intergenerational educational mobility shape
the well-being of young Europeans? Evidence from the European Social Survey.” Social Indicators
Research, 139: 1237-1255.

154



Families at a Loss: The Relationship Between Income Changes and Child Human Capital

Shea, John. 2000. “Does parents’ money matter?” Journal of Public Economics, 77: 155—184.

Smith, Judith R., and Jeanne Brooks-Gunn. 1997. “Correlates and consequences of harsh
discipline for young children.” Archives of Pediatrics and Adolescent Medicine, 151: 7T77-786.

Sobel, Michael E. 1981. “Diagonal mobility models: A substantively motivated class of designs
for the analysis of mobility effects.” American Sociological Review, 46: 893—-906.

Sobel, Michael E. 1985. “Social mobility and fertility revisited: Some new models for the analysis
of the mobility effects hypothesis.” American Sociological Review, 50: 699-712.

Tamura, K., J. Morrison, and H. Pikhart. 2020. “Children’s behavioural problems and its
associations with socioeconomic position and early parenting environment: findings from the UK
Millennium Cohort Study.” Epidemiology and Psychiatric Sciences, 29.

Todd, Petra E., and Kenneth I. Wolpin. 2003. “On the specification and estimation of the
production function for cognitive achievement.” Economic Journal, 113: F3-F33.

Todd, Petra E., and Kenneth I. Wolpin. 2007. “The production of cognitive achievement in
children: Home, school, and racial test score gaps.” Journal of Human Capital, 1: 91-136.

Tolsma, Jochem, Nan Dirk De Graaf, and Lincoln Quillian. 2009. “Does intergenerational
social mobility affect antagonistic attitudes towards ethnic minorities?” British Journal of
Sociology, 60: 257-277.

Washbrook, Elizabeth, Paul Gregg, and Carol Propper. 2014. “A decomposition analysis
of the relationship between parental income and multiple child outcomes.” Journal of the Royal
Statistical Society: Series A (Statistics in Society), 177: T57-782.

Windmeijer, Frank. 2005. “A finite sample correction for the variance of linear efficient two-step
GMM estimators.” Journal of Econometrics, 126: 25-51.

Yeung, W. Jean, Miriam R. Linver, and Jeanne Brooks-Gunn. 2002. “How money matters
for young children’s development: Parental investment and family processes.” Child Development,
73: 1861-1879.

Zang, Emma, and Nan Dirk de Graaf. 2016. “Frustrated achievers or satisfied losers? Inter-and
intragenerational social mobility and happiness in China.” Sociological Science, 3: 779-800.

155



CHAPTER 3

Figures and Tables

Table 3.1: THE EFFECT OF INCOME CHANGES ON CHILD HUMAN CAPITAL

Externalising SDQ  Internalising SDQ  Reading test-scores

(1) (2) (3) (4) (5) (6)

Outcome (t — 1) 0.644* 0.518"** 0.287**
(0.007) (0.008) (0.006)

Gain 0019 0005 0016 0020  0.049™* 0.041"*
(0.016)  (0.012)  (0.016)  (0.014)  (0.013)  (0.012)

Loss -0.027%  -0.033*  -0.052* -0.039"* -0.035"* -0.035"*

(0.016)  (0.012)  (0.016)  (0.014)  (0.013)  (0.012)
2nd income quintile (t —1)  0.034 0.029 0.053** 0.031  0.072"**  0.056***
(0.026)  (0.020)  (0.026)  (0.022)  (0.019)  (0.018)
3rd income quintile (¢ — 1) 0.083** 0.057**  0.110**  0.056**  0.128**  0.100***
(0.030)  (0.021)  (0.029)  (0.023)  (0.022)  (0.020)
4th income quintile (¢ — 1)  0.136*™*  0.079*  0.171**  0.097**  0.173**  0.132"**
(0.033)  (0.023)  (0.031)  (0.024)  (0.026)  (0.022)
5th income quintile (¢ — 1) 0.188"** 0.106™*  0.281***  0.153"**  0.247**  0.198"**
(0.038)  (0.025)  (0.036)  (0.027)  (0.020)  (0.025)

Observations 40,189 40,189 40,189 40,189 40,189 40,189
Adjusted R-squared 0.135 0.469 0.121 0.357 0.361 0.424

Notes: Outcome (¢ — 1) represents the standardised lagged value of the dependent variable. All regressions
control for dummies indicating the child’s gender, having a twin or being part of a triplet, having low
birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and whether both parents
are employed; dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi,
Black, other), and the mother’s highest educational level; mother’s age at birth of the cohort member, parental
involvement at age 3 (i.e. frequency of reading to the child, regular bedtime, hours spent in front of the TV),
squared root of household size; dummies for house-tenure at time ¢ — 1 (ownership, mortgage, rent, other) and
its variation between ¢t — 1 and ¢; survey wave dummies, and country dummies (England, Wales, Scotland, NI).
Robust standard errors, clustered at the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.2: THE EFFECT OF INCOME CHANGES ON CHILD HUMAN CAPITAL: VALUE ADDED
MODELS WITH CHANNELS

Externalising SDQ  Internalising SDQ  Reading test-scores

(1) (2) (3) (4) () (6)

Outcome (t — 1) 0.644**  0.624**  0.518™*  0.484™*  0.287**  0.286™*
(0.007)  (0.007)  (0.008)  (0.008)  (0.006)  (0.006)

Gain 0.005 -0.001 0.020 0.010  0.041*  0.039***
(0.012)  (0.012)  (0.014)  (0.013)  (0.012)  (0.012)
Loss -0.033**  -0.022*  -0.039"*  -0.026* -0.035*** -0.034"**
(0.012)  (0.012)  (0.014) (0.014)  (0.012)  (0.012)

2nd income quintile (t — 1) 0.029 0.023 0.031 0.021 0.056™*  0.055"**
(0.020)  (0.019)  (0.022)  (0.021)  (0.018)  (0.018)

3rd income quintile (¢t — 1) 0.057**  0.042**  0.056™ 0.033  0.100**  0.097***
(0.021)  (0.021)  (0.023)  (0.023)  (0.020)  (0.020)

4th income quintile (¢t — 1) 0.079**  0.058*  0.097**  0.065**  0.132***  0.128"**
(0.023)  (0.022)  (0.024)  (0.024)  (0.022)  (0.022)

5th income quintile (t — 1) 0.106**  0.072**  0.153"*  0.104**  0.198***  0.193"**
(0.025)  (0.025)  (0.027)  (0.026)  (0.025)  (0.025)
A(Kessler scale);_1 -0.115"* -0.153"** -0.020"**
(0.007) (0.008) (0.006)

Kessler scale (t — 1) -0.026™* -0.037 -0.004*
(0.002) (0.002) (0.002)

A(Life satisfaction); 1, 0.028*** 0.036*** 0.002
(0.006) (0.007) (0.006)

Life satisfaction (¢t — 1) 0.013* 0.016** -0.002
(0.004) (0.004) (0.003)

Worsening in mother’s health -0.045** -0.068*** -0.020
(0.021) (0.023) (0.019)

Mother had poor health in ¢t — 1 0.006 -0.049** -0.028**
(0.015) (0.017) (0.014)

Observations 40,189 40,189 40,189 40,189 40,189 40,189

Adjusted R-squared 0.469 0.483 0.357 0.385 0.424 0.425

Notes: Outcome (¢ — 1) represents the standardised lagged value of the dependent variable. A(Kessler scale);_1
is the standardized difference of the mother’s Kessler Psychological Distress Scale (K6) score between wave t — 1
and t. Similarly, A(Life satisfaction);_; ¢ is the standardized difference in the mother’s life satisfaction between two
consecutive waves and Life satisfaction (¢ — 1) is the level of her life satisfaction in wave ¢ — 1. Worsening in mother’s
health is a dummy equal 1 if there was a worsening in the self-reported mother’s general health between wave t — 1 and
t. Mother had poor health in ¢ — 1 is a dummy equal 1 if the mother had either “fair” or “poor” self-reported general
health in wave t — 1. All regressions control for dummies indicating the child’s gender, having a twin or being part of a
triplet, having low birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and whether both
parents are employed; dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi, Black,
other), and the mother’s highest educational level; mother’s age at birth of the cohort member, parental involvement at
age 3 (i.e. frequency of reading to the child, regular bedtime, hours spent in front of the TV), squared root of household
size; dummies for house-tenure at time ¢ — 1 (ownership, mortgage, rent, other) and its variation between ¢t — 1 and ¢;
survey wave dummies, and country dummies (England, Wales, Scotland, NI). Sampling and non-response weights used.
Robust standard errors, clustered at the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.3: ROBUSTNESS CHECKS: OTHER LIFE EVENTS AS POTENTIAL CONFOUNDERS

Externalising SDQ  Internalising SDQ Reading test-scores

(1) (2) (3) (4) (5) (6)

Outcome (t — 1) 0.644%*  0.644™*  0.518* 0.517* 0.287"**  0.287***
(0.007)  (0.007)  (0.008)  (0.008)  (0.006)  (0.006)
Gain 0.005  0.005  0.020  0.019  0.041** 0.042"
(0.012)  (0.013)  (0.014)  (0.014)  (0.012)  (0.012)
Loss -0.033**  -0.029*  -0.039** -0.033** -0.035"* -0.039***

(0.012)  (0.013)  (0.014)  (0.014) (0.012)  (0.012)

Life events between t — 1 and t

Parent left -0.029 -0.058" 0.016
(0.027) (0.033) (0.023)
Mother lost job 0.002 0.021 0.019
(0.022) (0.026) (0.022)
Father lost job 0.032 0.038 0.021
(0.036) (0.041) (0.032)
Mother changed job -0.004 0.020 -0.006
(0.012) (0.013) (0.011)
Father changed job 0.006 -0.004 -0.011
(0.012) (0.013) (0.011)
1 new sibling -0.078*** -0.034* 0.002
(0.016) (0.017) (0.015)
2+ new siblings -0.144* -0.114* -0.049
(0.062) (0.068) (0.056)
Any siblings left -0.012 -0.062** -0.016
(0.027) (0.030) (0.022)
Observations 40,189 40,189 40,189 40,189 40,189 40,189

Adjusted R-squared 0.469 0.470 0.357 0.358 0.424 0.425

Notes: Outcome (t — 1) represents the standardized dependent variable at ¢t — 1 for SDQ, while for
Reading test-scores it is the quintile rank at ¢ — 1. Dummies indicating the child’s family’s income
quintile in ¢ — 1 are controlled for in all columns. Additionally, all regressions control for dummies
indicating the child’s gender, having a twin or being part of a triplet, having low birth-weight (< 2.5
kg), being a first-born, being in a single-parent household, and whether both parents are employed;
dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi, Black,
other), and the mother’s highest educational level; mother’s age at birth of the cohort member,
parental involvement at age 3 (i.e. frequency of reading to the child, regular bedtime, hours spent in
front of the TV), squared root of household size; dummies for house-tenure at time ¢ — 1 (ownership,
mortgage, rent, other) and its variation between ¢t — 1 and t; survey wave dummies, and country
dummies (England, Wales, Scotland, NI). Sampling and non-response weights used. Robust standard
errors, clustered at the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

158



Families at a Loss: The Relationship Between Income Changes and Child Human Capital

Table 3.4: PERSISTENCE OF THE EFFECT OF GAINS AND LOSSES

Externalising Internalising  Reading

SDQ SDQ test-scores
(1) (2) (3)
Outcome;_o 0.535*** 0.451*** 0.224***
(0.009) (0.012) (0.007)
Gainy 0.007 0.006 0.052%*
(0.020) (0.022) (0.017)
Loss; -0.038* -0.057*** -0.055***
(0.020) (0.022) (0.017)
Gaing_q 0.034 0.021 0.042*
(0.027) (0.029) (0.023)
Loss;_1 0.003 -0.045 -0.021
(0.026) (0.029) (0.023)
Gain; x Gainy_; 0.000 0.004 -0.087**
(0.044) (0.046) (0.038)
Gain; x Loss;_1 -0.037 -0.004 0.000
(0.037) (0.044) (0.033)
Loss; x Gaing_; 0.021 0.020 -0.047
(0.037) (0.043) (0.033)
Loss; x Loss;_1 0.012 0.071 -0.087*
(0.053) (0.062) (0.047)
Observations 25,377 25,377 25,377
Adjusted R-squared 0.362 0.253 0.462

Notes: Outcome; o represents the standardized dependent variable at ¢t — 2.
All regressions control for income quintile dummies for waves ¢t — 2 and ¢ — 1.
Additionally, all regressions control for dummies indicating the child’s gender,
having a twin or being part of a triplet, having low birth-weight (< 2.5 kg),
being a first-born, being in a single-parent household, and whether both
parents are employed; dummies reflecting the child’s ethnic background
(mixed, Indian, Pakistani or Bangladeshi, Black, other), and the mother’s
highest educational level; mother’s age at birth of the cohort member, parental
involvement at age 3 (i.e. frequency of reading to the child, regular bedtime,
hours spent in front of the TV), squared root of household size; dummies for
house-tenure at time ¢ — 1 (ownership, mortgage, rent, other) and its variation
between t — 1 and ¢; survey wave dummies, and country dummies (England,
Wales, Scotland, NI). With respect to the tables above, the levels of time
varying controls refer to wave ¢t — 2 and both the changes between ¢t — 2 and
t — 1, and between ¢t — 1 and ¢ were controlled for. Sampling and non-response
weights used. Robust standard errors in parentheses. *** p<0.01, ** p<0.05,
* p<0.1.
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Table 3.5: TRANSITIONS IN AND OUT OF THE OUTCOMES BOTTOM QUINTILES

Externalising SDQ Internalising SDQ Reading test-scores

Entry Exit Entry Exit Entry Exit

Gain -0.002  -0.017 -0.015* 0.004 -0.014** 0.053"**
(0.005)  (0.016)  (0.006) (0.016) (0.006)  (0.017)
Loss 0.019**  0.037**  0.015*  0.009  0.007  -0.013

(0.005)  (0.018)  (0.007) (0.017) (0.006)  (0.019)

Outcome quintiles in t — 1 (reference: 5th quintile)

2nd quintile 0,227 0.214% 0.124***
(0.011) (0.012) (0.007)
3rd quintile 0.127+ 0.126* 0.093*
(0.012) (0.012) (0.007)
4th quintile 0.067* 0.066** 0.050***
(0.013) (0.013) (0.008)
Observations 31,955 8230 30,925 9256 32,603 7,584

Pseudo R-squared  0.147 0.147 0.0926  0.0926 0.103 0.103

Notes: The coefficients shown in the Table are average marginal effects derived from logistic
regressions. The “Entry” and “Exit” columns represent respectively logistic regression where the
outcome variable is the probability of moving in and out of the bottom quintile of the distribution
of the outcome of reference. All regressions control for dummies indicating the child’s gender,
having a twin or being part of a triplet, having low birth-weight (< 2.5 kg), being a first-born,
being in a single-parent household, and whether both parents are employed; dummies reflecting the
child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi, Black, other), and the mother’s
highest educational level; mother’s age at birth of the cohort member, parental involvement at age 3
(i.e. frequency of reading to the child, regular bedtime, hours spent in front of the TV), squared
root of household size; dummies for house-tenure at time ¢t — 1 (ownership, mortgage, rent, other)
and its variation between ¢ — 1 and ¢; survey wave dummies, and country dummies (England, Wales,
Scotland, NI). Sampling and non-response weights used. Robust standard errors in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Appendix 3.A: Additional Figures and Tables

Figure 3.A1: TRANSITIONS ALONG THE QUINTILES OF EXTERNALISING SDQ
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Figure 3.A2: TRANSITIONS ALONG THE QUINTILES OF INTERNALISING SDQ
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Figure 3.A3: TRANSITIONS ALONG THE QUINTILES OF READING TEST-SCORES
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Figure 3.A4: TRANSITIONS ALONG THE QUINTILES OF HOUSEHOLD INCOME
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Table 3.A1: THE STRENGTHS AND DIFFICULTIES QUESTIONNAIRE

Please think about this child’s behaviour over the last 6 months if you can:

This child: NOT SOMEWHAT CERTAINLY
TRUE TRUE TRUE
Emotional health:
Often complains of headaches, stomachaches or sickness 0 1 2
Has many worries, often seems worried 0 1 2
Is often unhappy, down-hearted or tearful 0 1 2
Is nervous or clingy in new situations, easily loses confidence 0 1 2
Has many fears, is easily scared 0 1 2
Total emotional health score: 0-10
Conduct problems:
Has temper tantrums or hot tempers 0 1 2
Is generally obedient, usually does what adults request 2 1 0
Often fights with other children or bullies them 0 1 2
*Often lies or cheats 0 1 2
bSteals from home/school/elsewhere 0 1 2
Total conduct problems score: 0-10
Hyperactity /Inattention:
Is restless, overactive, cannot stay still for long 0 1 2
Constantly fidgets or squirms 0 1 2
Is easily distracted, concentration wandered 0 1 2
“Thinks things out before acting 2 1 0
Sees tasks through to the end, good attention span 2 1 0
Total hyperactivity score: 0-10
Peer relationship problems:
Is rather solitary, tends to play alone 0 1 2
Has at least one good friend 2 1 0
Is generally liked by other children 2 1 0
Is picked on or bullied by other children 0 1 2
Gets on better with adults than with other children 0 1 2

Total peer relationship problems score: 0-10

Total internalising behaviour = emotional + peer relationship (0-20)
Total externalising behaviour = behaviour + hyperactivity (0-20)

@ Changed to “Often argumentative with adults” in the questionnaire for 3-4 years old.
b Changed to “Can be spiteful to others” in the questionnaire for 3-4 years old.

¢ Changed to “Can stop and think things out before acting” in the questionnaire for 3-4 years old.
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Table 3.A2: DESCRIPTIVE STATISTICS

Variables Mean SD Min Max
Outcomes
Externalising SDQ 15.347  3.539 0 20
Internalising SDQ 17.029  2.991 1 20
Reading test-scores 54.669 11.904 20 80
Lagged outcomes
Externalising SDQ 14.694  3.677 0 20
Internalising SDQ 17.206  2.702 1 20
Reading test-scores 55.261 11.150 20 80
Income changes
Loss in income quintile between ¢t — 1 and ¢ 0.218 . 0 1
Gain in income quintile between ¢t — 1 and ¢ 0.271 . 0 1

Child characteristics

Low birthweight (<2.5 kg) 0.069 0 1
First born 0.414 0 1
Twin or triplet 0.023 0 1
White 0.880 0 1
Mixed 0.035 0 1
Indian 0.017 0 1
Pakistani or Bangladeshi 0.029 0 1
Black 0.026 0 1
Other ethnicity 0.012 0 1
Female 0.496 0 1
Household characteristics
Single parent 0.225 0 1
One working parent 0.352 0 1
Two working parents 0.508 . 0 1
Square root of household size 2.113  0.296 1.414 4
England 0.821 0 1
Wales 0.048 0 1
Scotland 0.090 0 1
Northern Ireland 0.040 0 1
Ownership (¢ — 1) 0.052 0 1
Mortgage (t — 1) 0.605 0 1
Rented (¢t — 1) 0.318 0 1
Other (t —1) 0.025 0 1
No ownership/mortgage between ¢t — 1 and ¢ 0.342 0 1
Lost house ownership between ¢t — 1 and ¢ 0.025 0 1
Parental investment at age 3
Up to one hour of TV per day 0.217 0 1
More than 1 hour of TV, less than 3 hours 0.623 0 1
More than 3 hours of TV per day 0.159 0 1
Regular bedtime 0.816 0 1
Read every day to the child 0.630 0 1
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Read more than once per week, not every day

Read less than twice per month

Mother’s characteristics
Mother’s age at birth
No educational qualifications
Less than O-level
GCSE or O-level
A-level or equivalent
Diploma of higher education
University degree or higher

Mother’s well-being
A(Kessler scale);—1 ¢
Kessler scale (t — 1)
A(Life satisfaction);_1 ¢
Life satisfaction (¢t — 1)
Mother’s health worsened
Mother has poor health (¢ — 1)

Life events between t — 1 and t
One additional sibling
Two or more additional siblings
One or more siblings left household
No change in siblings composition
One parent left
Mother lost job
Father lost job

0.312
0.058

28.977
0.138
0.019
0.466
0.099
0.095
0.182

0.221
3.430
-0.125
7.599
0.068
0.143

0.128
0.011
0.052
0.809
0.063
0.055
0.026

5.709

3.743
3.825
2.030
1.866

o O O o oo

0

58

—_ = e e

—_ e = e e e

All descriptive statistics refer to the main estimation sample of 40,189 observations.
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Table 3.A3: ESTIMATES OF INCOME MOBILITY ON COGNITIVE AND NON-COGNITIVE
OUTCOMES FROM A DIAGONAL REFERENCE MODEL

Externalising Internalising  Reading

SDQ SDQ test-scores
(1) (2) (3)
Outcome (t — 1) 0.644*** 0.517** 0.287**
(0.007) (0.008) (0.006)
Gain -0.017 -0.010 0.038*
(0.017) (0.024) (0.021)
Loss -0.011 -0.009 -0.032
(0.018) (0.025) (0.021)
Estimated effects for the immobile
Bottom income quintile -0.055"* -0.073*** -0.098***
(0.021) (0.022) (0.017)
2nd income quintile -0.037** -0.048*** -0.042%*
(0.014) (0.016) (0.013)
3rd income quintile 0.005 -0.004 0.004
(0.012) (0.016) (0.012)
4th income quintile 0.037** 0.032** 0.035"**
(0.012) (0.013) (0.010)
Top income quintile 0.050*** 0.094*** 0.102**
(0.013) (0.013) (0.013)
Weight for income in ¢ 0.664* 0.620* 0.061
(0.387) (0.353) (0.309)
Weight for income in ¢ — 1 0.336 0.380 0.939***
(0.387) (0.353) (0.309)
Observations 40,189 40,189 40,189
AIC 91,452.44 99,253.61 92,443.78

Notes: The table displays maximum likelihood estimates for a diagonal reference model (Sobel,
1981), with the ‘origin’ variable being the family income quintile at time ¢ and the ‘destination’
variable the income quintile in ¢ — 1. The dummies ‘Gain’ and ‘Loss’, defined as in the empirical
strategy section, here can be interpreted, respectively, as indicators of upward and downward
mobility. The table reports coefficients for the immobile categories, i.e. those individuals
whose family income quintile does not change between ¢ — 1 and ¢ (note that the sum of
these coefficients is constrained to zero). Estimated weights are one the inverse of the other,
and represent the relative importance of the origin vs destination variables. Outcome (¢ — 1)
represents the standardised lagged value of the dependent variable. All regressions control for
dummies indicating the child’s gender, having a twin or being part of a triplet, having low
birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and whether
both parents are employed; dummies reflecting the child’s ethnic background (mixed, Indian,
Pakistani or Bangladeshi, Black, other), and the mother’s highest educational level; mother’s
age at birth of the cohort member, parental involvement at age 3 (i.e. frequency of reading to
the child, regular bedtime, hours spent in front of the TV), squared root of household size;
dummies for house-tenure at time ¢ — 1 (ownership, mortgage, rent, other) and its variation
between t — 1 and ¢; survey wave dummies, and country dummies (England, Wales, Scotland,
NI). Sampling and non-response weights used in all columns. Robust standard errors, clustered
at the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.A4: INCOME CHANGES AND CHILD HUMAN CAPITAL: POOLED OLS AND GMM REGRESSIONS

Externalising SDQ Internalising SDQ Reading test-scores
OLS GMM OLS GMM OLS GMM
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Outcome (t — 1) 0.644**  0.301**  0.332*** 0.518"** 0.330"* 0.331** 0.287***  0.104**  0.090***
(0.007)  (0.014)  (0.014)  (0.008)  (0.014)  (0.013)  (0.006)  (0.010)  (0.009)
Gain 0.005 0.031*  0.025** 0.020 0.027** 0.026*  0.041*  0.066™*  0.067*
(0.012)  (0.012)  (0.012)  (0.014)  (0.013)  (0.013)  (0.012)  (0.012)  (0.012)
Loss -0.033**  -0.063*** -0.057** -0.039*** -0.045"** -0.043"* -0.035"* -0.073*** -0.079***

(0.012)  (0.012)  (0.012)  (0.014) (0.013) (0.013) (0.012) (0.012)  (0.012)

2nd income quintile (£ —1)  0.029  0.074** 0.076**  0.031  0.067*** 0.069** 0.056*** 0.121** 0.110"*
(0.020)  (0.020)  (0.019)  (0.022)  (0.021)  (0.021) (0.018)  (0.018)  (0.018)

3rd income quintile (£ —1)  0.057*  0.139™*  0.145**  0.056*  0.117** 0.120**  0.100** 0.222"*  0.221"**
(0.021)  (0.021)  (0.021)  (0.023)  (0.023)  (0.023)  (0.020)  (0.020)  (0.020)

Ath income quintile (t — 1)  0.079%*  0.224**  0.222°*  0.097**  0.180** 0.180"*  0.132"*  0.313"*  (.312"
(0.023)  (0.023)  (0.023)  (0.024)  (0.024) (0.023)  (0.022)  (0.023)  (0.023)

5th income quintile (¢ —1)  0.106**  0.323**  0.316**  0.153"*  0.255"*  0.257*  0.198***  0.463"*  0.467"*
(0.025)  (0.025)  (0.025)  (0.027)  (0.026)  (0.026)  (0.025)  (0.025)  (0.025)

Observations 40,180 40,189 40,180 40,189 40,189 40,189 40,189 40,189 40,189

Notes: Outcome (¢t — 1) represents the standardised lagged value of the dependent variable. Columns 2, 5, and, 8 use a system GMM estimator where
the lagged outcome is instrumented with its own lags of order two or greater. The remaining GMM columns additionally use the lags of order two or
greater of the other two outcomes as instruments (e.g. Internalisng and Externalising SDQ in column 9). As the panel presents gaps, orthogonal
deviations are used instead of first differences for all GMM estimations. All regressions control for dummies indicating the child’s gender, having a
twin or being part of a triplet, having low birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and whether both parents
are employed; dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi, Black, other), and the mother’s highest
educational level; mother’s age at birth of the cohort member, parental involvement at age 3 (i.e. frequency of reading to the child, regular bedtime,
hours spent in front of the TV), squared root of household size; dummies for house-tenure at time ¢ — 1 (ownership, mortgage, rent, other) and its
variation between ¢ — 1 and ¢; survey wave dummies, and country dummies (England, Wales, Scotland, NI). Sampling and non-response weights used
only in columns (1), (4), and (7). Robust standard errors, clustered at the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.A5: THE MEASUREMENT OF INCOME: RELAXING THE SCALE CONSTRAINTS OF
THE INCOME QUINTILES DISTRIBUTION

Externalising SDQ Internalising SDQ Reading test-scores

(1) (2) (3) (4) (5) (6)

Outcome (t — 1) 0.652°*  0.658* 0.518"* 0.528"* 0.286** 0.289"**
(0.008)  (0.009)  (0.009) (0.010) (0.007)  (0.008)
Gain 0.009  0.011 0028 0031 0025  0.039*
(0.014)  (0.018)  (0.015) (0.019) (0.014)  (0.018)
Loss -0.0417  -0.048"* -0.041** -0.044** -0.028* -0.051***

(0.017)  (0.018)  (0.019) (0.021) (0.016)  (0.018)
3rd income quintile (¢t —1)  0.027 0.026 0.036* 0.032  0.037  0.062*
(0.017)  (0.019)  (0.020) (0.021) (0.016)  (0.018)
4th income quintile (t — 1) 0.048  0.051**  0.085*** 0.097*** 0.066***  0.090***
(0.019)  (0.024)  (0.021) (0.026) (0.019)  (0.024)

Observations 25,326 19,948 25,326 19,948 25,326 19,948
Adjusted R-squared 0.459 0.458 0.341 0.349 0.406 0.412

Notes: Outcome (¢ — 1) represents the standardised lagged value of the dependent variable. All regressions
control for dummies indicating the child’s gender, having a twin or being part of a triplet, having low
birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and whether both parents are
employed; dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani or Bangladeshi, Black,
other), and the mother’s highest educational level; mother’s age at birth of the cohort member, parental
involvement at age 3 (i.e. frequency of reading to the child, regular bedtime, hours spent in front of the
TV), squared root of household size; dummies for house-tenure at time ¢ — 1 (ownership, mortgage, rent,
other) and its variation between ¢ — 1 and ¢; survey wave dummies, and country dummies (England, Wales,
Scotland, NI). Sampling and non-response weights used in all columns. Robust standard errors, clustered at
the cohort member level, in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.A6: THE MEASUREMENT OF INCOME: CONTINUOUS INCOME GROWTH RATE

Externalising Internalising  Reading

SDQ SDQ test-scores
(1) (2) (3)

Outcome (t — 1) 0.644** 0.518** 0.287***

(0.007) (0.008) (0.006)
Positive income growth;_q ¢ 0.019** 0.019** 0.016**

(0.008) (0.008) (0.008)
Negative income growth;_; , -0.047 -0.063* -0.079**

(0.034) (0.036) (0.034)
Observations 39,722 39,722 39,722
Adjusted R-squared 0.469 0.357 0.423

Notes: Outcome (t — 1) represents the standardised lagged value of the dependent
variable. Positive income growth;_; ; is a continuous variable taking the positive values
of the MCS imputed income growth rate between ¢t — 1 and ¢, and is set to zero for
negative values. Similarly, Negative income growth;_; ; reflects the absolute value of
negative income growth rates, and is set to zero for positive income growth. Note
that the estimation sample here is smaller than the main one due to conditioning on
the availability of the continuous measure of income and trimming values of income
growth above 10 (around the top 0.5%). Dummies indicating the child’s family’s income
quintile in t — 1 are controlled for in all columns. Additionally, all regressions control for
dummies indicating the child’s gender, having a twin or being part of a triplet, having
low birth-weight (< 2.5 kg), being a first-born, being in a single-parent household, and
whether both parents are employed; dummies reflecting the child’s ethnic background
(mixed, Indian, Pakistani or Bangladeshi, Black, other), and the mother’s highest
educational level; mother’s age at birth of the cohort member, parental involvement at
age 3 (i.e. frequency of reading to the child, regular bedtime, hours spent in front of the
TV), squared root of household size; dummies for house-tenure at time ¢ — 1 (ownership,
mortgage, rent, other) and its variation between ¢ — 1 and ¢; survey wave dummies, and
country dummies (England, Wales, Scotland, NI). Sampling and non-response weights
used in all columns. Robust standard errors, clustered at the cohort member level, in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.A7: THE MEASUREMENT OF INCOME: GAINS AND LOSSES BY CONTINUOUS
INCOME GROWTH RATE

Externalising Internalising  Reading

SDQ SDQ test-scores
(1) (2) (3)
Outcome (t — 1) 0.645%** 0.518** 0.288**
(0.007) (0.008) (0.006)
Gain
> 25% 0.008 0.018 0.035***
(0.013) (0.015) (0.013)
[10%, 25%) -0.006 0.015 0.074**
(0.029) (0.031) (0.022)
(5%, 10%) -0.045 0.048 -0.019
(0.053) (0.071) (0.047)
< 5% 0.107 0.102 0.089
(0.082) (0.082) (0.063)
Loss
< -25% -0.042** -0.050** -0.035**
(0.016) (0.019) (0.016)
(—25%, —10%) -0.013 -0.030 -0.024
(0.020) (0.021) (0.018)
(—10%, —5%] -0.042 -0.001 -0.080**
(0.036) (0.040) (0.036)
> —5% -0.059 -0.054 -0.017
(0.045) (0.050) (0.046)
Observations 39,825 39,825 39,825
Adjusted R-squared 0.469 0.357 0.423

Notes: Outcome (¢t — 1) represents the standardised lagged value of the
dependent variable. The income quintile gain and loss dummies are here
decomposed into a set of dummies based on the value of the continuous
income growth rate between t — 1 and ¢. The reference category (no change)
here includes also small income changes (income growth rates between -5%
and +5%). Note that the estimation sample here is smaller than the main
one (loss of 364 observations) due to conditioning on the availability of the
continuous measure of income. Dummies indicating the child’s family’s
income quintile in ¢ — 1 are controlled for in all columns. Additionally, all
regressions control for dummies indicating the child’s gender, having a twin or
being part of a triplet, having low birth-weight (< 2.5 kg), being a first-born,
being in a single-parent household, and whether both parents are employed;
dummies reflecting the child’s ethnic background (mixed, Indian, Pakistani
or Bangladeshi, Black, other), and the mother’s highest educational level;
mother’s age at birth of the cohort member, parental involvement at age 3
(i.e. frequency of reading to the child, regular bedtime, hours spent in front of
the TV), squared root of household size; dummies for house-tenure at time
t — 1 (ownership, mortgage, rent, other) and its variation between ¢ — 1 and ¢;
survey wave dummies, and country dummies (England, Wales, Scotland, NI).
Sampling and non-response weights used in all columns. Robust standard
errors, clustered at the cohort member level, in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

171



CHAPTER 3

172



Chapter 4

Income and Wealth Volatility:
Evidence from Italy and the U.S. in

the Past Two Decades

173



CHAPTER 4

Income and Wealth Volatility: Evidence from Italy and
the U.S. in the Past Two Decades

with Edward N. Wolff (New York University),
and Conchita D’Ambrosio (University of Luxembourg).

Published in the Journal of Economic Inequality

4.1 Introduction

Income volatility has risen in a number of OECD countries in the recent past (Bartels and Bonke,
2010, 2013; Daly and Valletta, 2008; Dynan, Elmendorf and Sichel, 2012; Jappelli and Pistaferri,
2010). Most of the literature has focussed on the U.S., documenting a moderate to large increase in
household income volatility from the 1970s to the 2000s, with a variety of different data sources
and methods (DeBacker et al., 2013; Dynan, Elmendorf and Sichel, 2012; Hacker and Jacobs, 2008;
Hacker, 2019; Shin and Solon, 2011; Winship, 2009). The financial lives of individuals and households
is increasingly subject to instability and unpredictability, due to changes in labour earnings, access
to welfare, and family composition. However, less is known about individual wealth volatility in
a comparative perspective, especially in relationship to income instability. Wealth inequality is
known to be typically higher than income inequality in the U.S. (Conley and Glauber, 2008). These
findings are confirmed by Fisher et al. (2016) and Johnson and Fisher (2020), who look at the
relationship between inequality and mobility in income, wealth, and consumption for the same
individuals. However, volatility is hardly ever addressed. One exception is the work of Whalley
and Yue (2009), who use Chinese data to investigate rural income inequality and argue that higher
income volatility exacerbates income inequality, as well as poverty concerns.

In this paper we investigate the relationship between income and wealth volatility in Italy and in
the United States, the only two countries for which, to the best of our knowledge, data is available
for more than a decade at the household and individual level. In order to do so, we adopt a range of
descriptive measures typically used in the realm of income and earnings volatility, and apply them
to both equivalised income and equivalised wealth following the tradition of the literature on the
measurement of individual wellbeing. In particular, we apply a battery of variance decomposition
methods developed by Gottschalk et al. (1994) and Moffitt and Gottschalk (2002, 2012), in order to
disentangle a transitory component from a permanent component of the variances of income and

wealth. We base our empirical analysis by calculating individual equivalised income and wealth from
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household longitudinal data from the United States (the Panel Study of Income Dynamics, from
here onwards PSID) and Italy (Banca d’Italia’s Survey on Household Income and Wealth, from
here onwards SHIW). The panel dimension of these datasets, together with their focus on income
processes and assets distribution, make them the perfect candidates for our purpose.

Several papers have documented an increase in household income volatility using PSID over the
last few decades. While most studies unanimously report an increasing trend in income volatility in
the U.S., there is no consensus on the magnitude of the effect — the differences between estimates
being mostly driven by measurement issues and sample selection. Using the transitory component
of the variance of log income, Hacker and Jacobs (2008) find that household income volatility
doubled between the late 1960s and the early 2000s; Winship (2009), on the other hand, reports a
more modest 30% increase in income volatility, measured as the standard deviation of the two-year
percentage change of income, around the same period. See Dynan, Elmendorf and Sichel (2012)
for a thorough review of studies on earnings and household income volatility in the U.S.. While
wealth in PSID has been linked to macroeconomic volatility (Huang et al., 2015; Heathcote and
Perri, 2018; Stiglitz, 2012), little to nothing has been said on household wealth volatility over time.
One exception is Conley and Glauber (2008), who measure wealth volatility in PSID as changes in
average and median wealth across time and find that more than one-third of adults experience at
least one $1,000 drop in their inflation-adjusted wealth before retirement.

With regard to Italy, Boeri, Brandolini and Rossi (2004) use SHIW to investigate whether the
impoverishment of Italian households was partly attributable to higher income volatility. They
perform their analysis at the individual level, using equivalised household income. Although referring
to income volatility, the authors focus their attention on income mobility measures and report that
mobility in Italy increased noticeably from the mid-1990s to the early 2000s. Diaz-Serrano (2005),
using the SHIW rotatory panel from 1986 to 2000, estimates transitory shocks in labour income as
the residuals from a Mincerian equation and finds a level of labour income uncertainty (measured
as the variance of individual level residuals over time) of 0.264 across the whole sample of male
earners. Using more recent waves of the panel component of the SHIW, Jappelli and Pistaferri
(2010) highlight that in 2006 the variance of earnings per adult equivalent is almost 0.5, higher than
the variance of raw earnings. As for the analysis of wealth, Brandolini et al. (2006) find a steady
increase in wealth inequality in SHIW during the 1990s, mostly due to a larger concentration of
financial wealth.

There are several papers that compare income and wealth variance (or inequality) on a theoretical

level. One of the most notable is Deaton and Paxson (1994). They conclude that “Assets are the
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sum of previous saving and so will be an I(2) process, whose cross-sectional variance will therefore
expand more rapidly than that of either consumption or disposable income” [p. 460]. However, the
paper does not directly address the issue of whether wealth volatility (over time) is greater than
income volatility.

De Nardi and Fella (2017) survey the savings mechanisms generated by a number of factors,
concluding that the transmission of bequests and human capital, entrepreneurship, and medical-
expense risk are crucial determinants of savings and wealth inequality. Their analysis begins with the
basic Bewley (1977) model which features an incomplete market environment in which people save to
self-insure against earnings shocks. In this framework, precautionary savings in the face of earnings
risk is the key force driving wealth concentration. However, since the ability to self-insure improves
as wealth increases relative to earnings, the model implies that the saving rate decreases with net
worth relative to earnings, which is inconsistent with empirical findings. They then consider several
other factors. The first is the intergenerational transmission of bequests and human capital. While
introducing voluntary bequests generates more wealth concentration at the top, it also happens
that, when calibrated using a standard earning process, this resultant economy has too many poor
households. The second is heterogeneous preferences. However, when calibrated, this factor has
limited success in generating realistic inequality throughout the entire wealth distribution. The
third force is earnings dynamics. With the key assumption that that earning shocks are log-normally
distributed, the main result is that the model predicts well the savings of the bottom 60% of the
wealth distribution but does not generate the kind of saving behaviour at the top that is necessary
to lead to a high concentration of wealth among the very rich. The fourth set of forces are medical
expense risk and heterogeneity in life expectancy. On the basis of the well-established finding that
richer people live significantly longer, the introduction of medical-expense risk and heterogeneous
longevity into a model of savings after retirement helps match wealth by age and income quintile
during retirement. The fifth force is idiosyncratic random shocks to the rate of return to wealth. This
process is capable of generating a long right tail in the wealth distribution. However, the introduction
of a bequest motive is found to be quantitatively more important than heterogeneous rates of return
to generate the observed degree of wealth concentration. The sixth force is entrepreneurship, which
is an important way to endogenize rates of return by explicitly modelling their production function.
The survey shows that in a model with a simple life-cycle structure, entrepreneurship does generate
a realistic level of wealth concentration.

More to the point is a paper by Heathcote and Perri (2018) as noted above. They indicate
that between 2007 and 2013, U.S. households experienced a large decline in net worth. The main
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objective of this article is to study the macroeconomic implications of this decrease. However, they
do find that during the Great Recession, wealth-poor households increased saving more than richer
households, pointing towards the importance of the precautionary motive over this period. As they
argue when wealth is high, the precautionary motive to save is weak but when wealth is low, the
precautionary motive to save is strong. If precautionary savings played an important role during
the Great Recession, then one should expect low wealth households to have reduced consumption
especially sharply, since their precautionary savings should be most sensitive to increased risk. They
do, in fact, find that low net worth households systematically increased savings rates by much more
than high net worth households around the onset of the recession.

They find from the PSID that over the period 2006-2008, poor households reduced their
consumption rate by about 4 percentage points more than rich households. One implication of these
findings (which the authors do not directly specify) is that wealth volatility should be greater during
economic downturns than normal times or booms, which is consistent with our findings reported
below. However, as far as we are aware, there are no papers that directly investigate the issue of
whether wealth volatility exceeds income volatility.

We analyse individual income and wealth volatility in PSID and SHIW across the years 2002 to
2014. We find that in both countries wealth volatility takes significantly higher values than income
volatility. We then investigate the determinants of wealth volatility by exploring the dynamics of
assets prices in Italy and the U.S., using data on rates of return to various components of wealth
from the Jorda-Schularick-Taylor Macrohistory Database. In particular, we decompose the variance
of wealth in order to disentangle the share of volatility that is due to changes in asset prices from
a residual component, and find that changes in the market values of stocks and real estate assets
drive most of the wealth volatility in our data. We also show that income and wealth volatility
are higher in the United States and that the overall trend in both countries is increasing over time.
Furthermore, we find evidence that the volatility of both income and wealth is higher during the
years of the Great Recession, more so for the U.S. than for Italy. We conclude by exploring volatility
in consumption and find that it predictably behaves in line with income volatility in both countries.

Our paper contributes to the literature in several ways. We are the first, to the best of our
knowledge, to describe the evolution of income and wealth volatility for the same individuals over
time. We do so adopting a comparative approach for two countries and a unified framework for each
of the monetary variables. We further explore the channels that are likely to drive our findings and,
finally, we exploit sources of heterogeneity across households in order to identify which groups are

more vulnerable to income and wealth instability.
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The remainder of the paper is organised as follows: Section 2 provides a review of the measures
of volatility that will be used in the paper, while Section 3 describes the data. Section 4 presents
results on income, wealth and consumption, and explores the role of rates of return in explaining

wealth volatility. Heterogeneity analysis is conducted in Section 5. Finally, Section 6 concludes.

4.2 Measuring Volatility

A large strand of the literature has developed sophisticated econometric methods to estimate
variance components models. However, as argued by Shin and Solon (2011), these methods rely on
many assumptions and results are very sensitive to parametric specifications. This is one of the
reasons behind the popularity of a simpler class of descriptive measures, developed by Gottschalk
and Moffitt across the last few decades (see below for the references). Relying on the literature on
permanent income and permanent wealth, we can think of the logarithm of each of our monetary

variables (say log of income, y;t) as the following:
Yit = Pi t €it

where p; is a fixed permanent component with variance o2 (with mean zero and common across

P
all individuals) and € is a transitory component analogous to an idiosyncratic shock with variance
o2. The total variance of the observed monetary variable can be decomposed into:

2 _ 2 2
0y =0, + 0.

Based on this underlying model, we decompose the variance of income and wealth into a transitory
and a permanent component. We here use two of the descriptive methods proposed in the literature:
the first, which we call MG1, is based on Moffitt and Gottschalk (2002, 2012); the second, from here
onwards MG2, was introduced by Gottschalk et al. (1994) and subsequently applied in Gottschalk
and Moffitt (2009) and Moffitt and Gottschalk (2012), among others. See Chapter 6 in Jenkins
(2011) for a thorough review of the econometric and descriptive methods for the estimation of the
transitory variance.

The first method, MG1, offers a straightforward way of decomposing the variance. Given a
long enough time interval s (based on data availability), it is possible to estimate the permanent
component of the variance as the covariance between income (wealth) at time t and income (wealth)

at time t-s. Subtracting the permanent variance to the observed variance yields an estimate of the
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transitory component of the variance.

On the other hand, MG2 uses a window averaging method: instead of considering a time period
with respect to a number of lags, it requires the creation of a symmetric time window around a
given year. Then individual averages are computed across that interval, which gives an estimate of
the individual permanent income (wealth). The permanent variance is computed on the basis of
deviations of the permanent income (wealth) from the sample average, while the transitory variance
can be estimated as the average of individual variances of the difference between observed income
(wealth) and permanent income (wealth).

We then take what Moffitt and Zhang (2018) refer to as a measure of ‘gross volatility’, i.e. the
standard deviation of the individual differences in log income between one period and the next.
Although using a measure of dispersion of income changes such as the standard deviation or the
variance does not allow one to distinguish between a transitory and a permanent component, Shin
and Solon (2011) argue that the standard deviation is less sensitive to calendar changes over time and
that, under certain assumptions, it can provide less biased estimates of the transitory variance than
MG1. Hence we conduct sensitivity analysis using the standard deviation of the two-year percentage
changes in equivalent income and wealth as a measure of volatility. This measure is systematically
used in the literature to analyse the dynamics and volatility individual earnings over time (see

Dynan, Elmendorf and Sichel, 2012, for a review of the relevant literature and methodology).

4.3 Data Description

For our empirical application, we use individual panel data from the U.S. and Italy. For the first
country we rely on the Panel Study of Income Dynamics (PSID), while for Italy we use data from
the Banca d’Italia’s Survey on Household Income and Wealth (SHIW).

The latter began in 1965, with microdata available from 1977 onwards. It currently covers a
nationally representative sample of 8,000 Italian families (about 20,000 people), with a variety of
information on economic and financial behaviour of individuals, both at the individual and family
level. The SHIW was a repeated cross-section until 1989, when a randomly selected sub-sample of
about 4,000 previously interviewed families was selected to be part of the panel component of the
study. From 1989 onwards data were collected biannually (with the exception of a three-year gap
between 1995 and 1998), with the latest available wave dating 2016. The year associated with the
wave in SHIW is not the year when the interview took place, but the year to which all variables refer

to. For example, the 2016 wave refers to income and wealth of year 2016, but was collected in 2017.
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The PSID is a longitudinal study collecting measures of income and other socio-economic
information for individuals living in the U.S.. It is currently the longest running panel study in
the world: starting with a nationally representative sample of 18,000 individuals surveyed in 1968,
the 2017-released 40th wave of the study covers around 26,000 people, of which 3,500 from the
original sample. While income in PSID is collected both at the individual and family level, a wealth
supplement is only available at the family level, for years 1984, 1989, 1994, and biannually from 1999
to 2017. For this reason we restrict the analysis to years 1999 to 2017. This choice is also consistent
with the SHIW, as data are available biannually from 1998 to 2016 (after a 3-years discontinuity
from 1995 to 1998). Since income - in PSID refers to the calendar year before the year in which the
interview took place, the time period we consider goes from 1998 to 2016, with biannual observations
for both countries. Note that measures of wealth in PSID are instead observed in the interview year.
See Appendix 4.A for more information on income and wealth components in the two surveys.

In order to have a consistent time window and interview spells in the two countries, we focus on
biannual observations from 1998 to 2016, with the caveat that wealth observations in the U.S. refer
to the calendar year after.

Unlike in SHIW, measures of income in PSID are not net of taxes and transfers. Since 1992,
PSID stopped providing estimates on federal income tax payments, making it impossible to directly
derive a measure of net income from the available data for more recent years. However, the National
Bureau of Economic Research made available the Internet TAXSIM program, a simulation tool
aimed at calculating tax liabilities in the U.S. by assigning individuals to tax units and tax filing
statuses (see Feenberg and Coutts, 1993, for a thorough description of the TAXSIM module). In
particular, we rely on the method developed by Kimberlin, Kim and Shaefer (2014) to compute
federal and state income taxes between year 1999 and 2011 and extend their procedure so to include
subsequent years in our sample.’

Most of the literature looking at earnings or income volatility using PSID focuses only on
earnings of the male household head. As we are interested in individual wellbeing, we prefer to
keep the individual as our main unit of analysis without restricting our study to male earners only.
However, both in PSID and SHIW, wealth is only available at the household level (contrary to
income, which can be traced back to individuals). To reconcile an individual-based analysis with the
data restrictions on wealth, we decided to attribute equivalised measures of household income and

wealth to individuals older than 15. Although we consider a variety of equivalence scale parameters,

!The process is straightforward, since Federal laws from 1960 to 2023 and State laws from 1977 to 2016
are already coded within the program.
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we here present our analysis using the square-root equivalence scale. Appendix 4.B discusses how
the choice of the scale parameter affects the volatility measures we use throughout the paper.

As standard in the literature, we convert euros to dollars using PPP from the OECD data portal
and deflate all monetary measures with 2010 constant prices. Additionally, we trim the top 1%
and the bottom 1% of the observations in our samples (separately for each year in each of the
two countries). We perform our analysis using a logarithmic transformation of equivalised income
and an inverse hyperbolic sine transformation of equivalised wealth. The latter allows us to work
with negative values without dropping them from the dataset, as would happen with a logarithmic
transformation. We are therefore able to take an unrestricted sample for wealth, while for income
we drop negative values and attribute the value 1 to zeros. Note that in our estimation sample, after
trimming, we only have eight individuals in the U.S. with negative income and none in Italy. As
for the zeroes, to which we attribute value 1, we have 414 cases in the U.S. (less than 0.5% of the
American estimation sample) and again zero for Italy.

For MG1 we use 6-years lags to compute the permanent and transitory variance of income and
wealth, whereas for MG2 we use time window averaging 5 years.?

Because of the longitudinal nature of the measures described above, we further restrict the sample
to individuals who are observed in at least two waves before and one wave after the current interview.
The final estimation sample spans from year 2002 to 2014, retrospectively and prospectively using
information collected in years 1998, 2000, and 2016. It covers 11,458 individuals from Italy and
20,975 Americans, with non-missing information on income and wealth for at least three consecutive
periods. Table 4.1 summarises the general characteristics of the estimation sample for the two

countries.

4.4 Results

4.4.1 Income and Wealth

We here look at the evolution of the trends in the permanent and transitory component of the
variance of income and wealth, as well as the standard deviation of individual changes from one
period to the next.

Figure 4.1 shows the evolution of the two descriptive Moffitt and Gottschalk variance decom-

2We also use a 9-year centered window as a robustness check and find that results are qualitatively similar
to the ones derived from the 5-year window MG2.
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position methods (MG1 and MG2) for incomes in the U.S. and in Italy. For each of the methods
used, the variance of income is decomposed into a transitory and into a permanent component, the
sum of which gives the total variance. The two methods seem to describe similarly the evolution
of the permanent component of income in both countries, while the same cannot be said for the
transitory component. The latter appears to be less smooth when using MG1 — the more so for the
U.S.. Regardless of the method used, Figure 4.1 shows that income volatility has been increasing
since 2006, mostly due to increases in its transitory component, more steeply for the U.S. than for
Italy. In the latter country, in fact, income volatility appears to be at most half of the U.S. levels.

To our knowledge, there are no other papers applying MG1 and MG2 to income data after the
mid-2000s to which we can compare our results. Moffitt and Gottschalk (2012) use MG1 and MG2
to decompose the earnings variance of males aged 30 to 39, with PSID data, but their series ends in
2004, the period after ours begins. Their estimates of the transitory variance for the latest years
in their sample have a magnitude of around 0.2, about half of the effect we find at the beginning
of our series. The trend in the transitory component of MG1 also seems to mirror that in income
inequality for the U.S., with a big jump over the Great Recession from 2006 to 2009, an abatement
from 2009 to 2012, and then a strong upward trend from 2012 to 2015 (see Wolff, 2017, for income
inequality trends based on the Survey of Consumer Finances). The permanent component of MG1
shows a similar pattern over time, though with smaller slopes (more attenuated changes). Both the
permanent and transitory components of MG2 show a more or less continuous increase over time.
When it comes to the Italian case, the trends in both MG1 and MG2 follow more of a U-shaped
pattern, slowly increasing around the Great Recession. With regard to the magnitude of income
volatility in Italy, in the early 2000s, we find our transitory income variance estimates to be in line
with the estimates size of Diaz-Serrano (2005). The overall variance of log income, i.e. the sum of
the permanent and transitory component of the MG1 variance, appears to be slightly lower than the
figure of 0.45 found by Jappelli and Pistaferri (2010) using SHIW between 1995 and 2005. However,
with respect to these authors, our sample is selected differently (e.g. we do not exclude retirees,
whose stable pension income might partly explain our lower figures), and we use net equivalised
income instead of earnings.

Figure 4.2 mirrors Figure 4.1, describing the evolution of wealth volatility in Italy and the
U.S.. In both countries we can see that wealth volatility seems to have increased more steeply in
concurrence of the Great Recession, more so in the U.S. than in Italy. Although, to the best of our
knowledge, no other paper applies MG1 and MG2 to wealth, we can still draw a parallel between

the evolution of the variance of wealth and wealth inequality in the U.S. and in Italy. Wealth
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inequality in the U.S. was flat from 2004 to 2007, spiked upward from 2007 to 2010, and then rose
modestly after that (see Wolff, 2017). Here the transitory component of MG1 tracks well with this
pattern from 2006 to 2012 but then shows a decline from 2012 to 2014. In contrast, the permanent
component of MG1 as well as both the permanent and transitory components of MG2 shows a more
or less continuous rise over the whole period. As for Italy, Dagnes, Filandri and Storti (2018) find
a modest decline in wealth inequality between 2000 and 2004, followed by a steep upward trend
peaking in 2012 and a sharp decline in 2014. These movements appear to be mirrored by both
the permanent and transitory MG1 components of the variance of wealth in Italy, while the MG2
components show a flatter trend.

Two remarks can be made when comparing Figure 4.1 and Figure 4.2. First, wealth volatility
appears to be strikingly higher than income volatility, irrespectively of the time period or the country
considered. This is true not only for Moffitt and Gottschalk’s descriptive measures, but also for
the standard deviation of the two-year percent change in income and wealth (see Figure 4.C1 in
Appendix 4.C). The second remark is a methodological one: consistent with Jenkins (2011), it
appears that MG1 systematically overestimates the magnitude of the transitory component of the
variances of both income and wealth with respect to MG2, whereas the contribution of the permanent
component of the variances is robustly estimated across the two methods.

So far, our results suggest that wealth is more volatile than income, at least in the countries
and years considered and the trend is increasing over time; in addition, both income and wealth

volatility are much higher in the U.S. than in Italy.

4.4.2 Consumption

We now extend this exercise to include consumption volatility. The definition of consumption is
very different in the two datasets undermining the comparability of the results by country. Still, we
decided to report our findings and maximize the use of the available information. We did our best
to harmonize the variables with only partial success. Similarly to the analysis for income and wealth
volatility, we here attribute equivalent household consumption to each individual.

In the SHIW, there are already variables coded as “durable consumption” (DC) and “non-durable
consumption” (NDC). We have to use them as they are, since it’s not possible to break them down
into their components in the dataset. In particular, DC is the total value of cars or other vehicles
bought in the last calendar year, net of the value of cars and vehicles sold; furniture, furnishings,

household appliances, sundry equipment. NDC is the value of food eaten at home and outside,
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utilities, holidays, clothing, education, leisure, medical expenses, rent.

PSID is more focused on expenditure rather than on consumption. We tried as much as possible
to apply the SHIW definitions and arrive to comparable DC and NDC values. For DC we built a
measure of the value of vehicles/cars owned net of vehicles/cars sold. Questions on furniture and
household appliances were introduced only in 2005. For NDC we included food eaten at home and
outside, utilities, repairs and maintenance of house and cars, transportation, holidays, clothing,
education, leisure, medical expenses, childcare, rent. PSID collects information on insurance expenses
(on house and vehicles), loans and car leases. We decided to neglect this since there is no equivalent
in SHIW.

Following the literature on consumption inequality (see Jappelli and Pistaferri, 2010), we expect
consumption volatility to be lower than income volatility: while the latter is subject to both transitory
and permanent shocks, the former tends to be more stable, as transitory shocks can be typically
smoothed out through the credit market, dissaving, and insurance to maintain a stable living
standard. As consumption is theoretically expected to mostly reflect permanent shocks, we use
the same variance decompositions methods used in the figures above to test empirically whether
consumption volatility is mostly driven by its permanent component. Figure 4.3 shows results using
MG2 with a 5-year moving average window (the other methods yield qualitatively and quantitatively
similar results and the results are available upon request). The figure shows that, as predicted,
when it comes to non-durable consumption, the permanent component of consumption volatility is
higher than the transitory one in both countries. Looking at consumption volatility of durable goods,
instead, we find the opposite results. This is still quite reasonable, as durable goods can be seen as
less essential and easier to renounce in case of adverse economic conditions. What is more surprising
is the net effect on total consumption volatility: while in Italy the narrative of non-durable goods

seem to prevail, in the U.S. the transitory component of consumption volatility matters the most.

4.4.3 The Effects of the Rate of Return

On the surface, it seems surprising that wealth volatility is so much greater than income and
consumption volatility, at least for the U.S.. The reason is that an individual’s wealth in year ¢

depends directly on the person’s wealth in year ¢ — 1. The actual equation (for individual 7) is:

Wit = Wie—1) + raWig—1) + suYir + Gir.

where W, is the net worth at time ¢, r is the rate of return on wealth, Y;; is income, s represents
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the savings rate out of income Yj;, and G is the net inheritances and gifts received. Changes in
r, 8, Y, or G could lead to volatility in wealth over time. However, it is unlikely that s or Gy
varies too much over time (G, in any case, is relatively small). Yj;, on the other hand, does show
some volatility over time, as is evident in Figure 4.5, though it is smaller than that in W;. Perhaps,
the most volatile component is the rate of return r. The rate of return faced by an individual
over time depends on both the rate of return for individual assets and the portfolio composition of
assets. The latter is relatively stable over time while rates of return on individual assets do show
a great deal of variation (see Table 4.C1). To test whether the changes in asset prices do actually
explain a significant portion of wealth volatility, we use rates of return for equity and housing to
simulate how these individual wealth components would evolve if they perfectly followed the market
rates of return of the antecedent period. In order to do so we use country-year data for Italy and
the U.S. from the Jorda-Schularick-Taylor Macrohistory Database,® which collects a wide range of
macroeconomic variables capturing, among others, asset price dynamics for 17 developed economies
between years 1870 to 2016. We build two-year real return rates based on the annual nominal rates
in the database and use them to compute the “explained” part of real estate and financial equity.
This allows us to compute an individual “residual” component based on the difference between the
actual value of real estate (equity), as reported in PSID and SHIW, and the explained value of
real estate (equity), based on asset price changes. The decomposition of the levels of housing and
equity into an explained and a residual component for the U.S. and Italy is illustrated respectively
in Figures 4.C2 and 4.C3 of Appendix 4.C. The figures show that housing seems to be very closely
predicted by asset price changes, while changes in equity from year to year are not explained quite
as accurately. This is more so for Italy, partly because the only available measure of equity in
SHIW also includes other financial instruments (such as bills and bonds) which are impossible to
disentangle from financial equity alone. We then test our hypothesis that wealth volatility is in great
part driven by the volatility of returns. Based on the aforementioned decomposition, we assess the
contribution of each component (i.e. explained and residual) to the yearly variances of equity and
real estate. We do so by following the Shorrocks (1982) decomposition of the variance of income into
the contributions of its factor components. Figures 4.4 and 4.5 illustrate the results of this exercise.
In both countries, asset price changes not only fully explain the variance of the value of real estate,
but they tend to systematically overestimate it, such that the residual component of the variance is
negative for almost all years. This appears to hold also for equity, although the relationship is less

stable across years, especially for Italy (probably due to the measurement issue mentioned in the

3 Accessed on July 237 2019.
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paragraph above). Furthermore, both in the U.S. and in Italy (albeit in the latter only for housing),
the portion of the variance explained by asset price changes tends to reflect more closely the actual

variance during the Great Recession with respect to other years.

4.5 Heterogeneity Analysis

In this section we analyze whether our results on income and wealth volatility are driven by
particular groups of individuals in our samples. In order to do so, we use the transitory component
of the variance derived from the MG1 method. This can in fact be interpreted not only as the
difference between the cross-sectional variance of income and the covariance of current income and
one of its past levels, but also as the covariance between current income and the difference between

current income and one of its past levels (the same holds for wealth). Put more simply,

o = Var(y:) — Cov(ys, yu—s)) = Cov(ys,y;)

where ¢ is the MG1 transitory component of the variance and y; = y; — Yi—s), s < t. In
order to assess the contribution of different groups of individuals to the transitory component of the
variances of income and wealth, we decompose the latter by population sub-groups. Let G1, Go, ...,
Gy, be k groups such that every individual in a population of size N belongs to one (and only one) of
the groups, with & < N. Let n; be the size of group G; and 7, = "—]\; the corresponding population

share. It is straightforward then to decompose the covariance between y; and y; as follows:

N k
Conty) = sy Sl =0~ = o - 3 (e~ i )
i=1 j=1 ’LEG
Where 7, and ¥} are the population averages of y; and y; respectively. We apply this decompo-
sition to households in our sample on the basis of available characteristics of the household itself
and household heads. In particular, we use household head’s relationship status (single or in a
cohabiting relationship), gender, age, education, and age. In the U.S. we are also able to observe the
racial group of the household head. We further decompose volatility on the basis of household size.
Results are illustrated in Table 4.2. For each of the two countries, the table reports the percentage
contribution of each sub-group to the overall volatility of income and wealth, as well as the number

of households in each sub-group.* When it comes to relationship status, cohabitation seems to have

4Here the overall volatility of income and wealth is computed as the MG1 transitory component of the
variance of income and wealth at the household level over the years 2002-2014. Volatility levels for the two
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an insulating effect against income and wealth volatility in the U.S., while the opposite is true for
Italy. Differences between the two countries appear also when looking at age of household head:
while the share of income and wealth volatility is the highest for young individuals in the U.S.,
in Italy it is middle-aged household heads who appear to be the most vulnerable to income and
wealth volatility. Furthermore, individuals in retirement age in the U.S. do not seem to account
for a large share of volatility, which is not the case in Italy — especially for wealth. Female headed
households are less subject to wealth volatility with respect to male headed and having a graduate
or post-graduate degree also seems to have a dampening effect on both income and wealth volatility.
Finally, in the U.S. most of income volatility can be attributed to households where the head is
African-American. Heterogeneity results shown in Table 4.2 are robust to the use of other measures
of volatility, such as the variance of the two-year difference in the natural logarithm of income or in
the hyperbolic sine transformation of wealth. The reason we use the variance as a robustness check
instead of the standard deviation is that the former is sub-group decomposable — what we need
in order to disentangle the contribution of different groups of individuals to the sample volatility
of income and wealth. Results for heterogeneity analysis using this other measure of volatility are

available upon request.

4.6 Conclusion

In this paper we look at the recent trends in income, wealth, and consumption volatility in Italy
and the U.S.. Income volatility is systematically lower than wealth volatility in both countries. All
measures of income and wealth volatility appear to increase in the aftermath of the financial crisis,
with wealth being the most affected, and their levels are always higher in the U.S. than in Italy.
In particular, income volatility in Italy reaches at most half of the U.S. levels: while partly driven
by higher earning inequality in the U.S., this result could also suggest that the system of tax and
transfers in Italy is more efficient in protecting individuals against income shocks. Consistently
with the literature, we also find that consumption volatility is lower than income volatility and
substantially driven by permanent changes in consumption patterns, although the volatility of
durable consumption shows a larger sensitivity to transitory fluctuations rather than permanent
ones. We explain our findings on wealth volatility by looking at how changes in asset prices predict
the evolution of individual wealth in our sample. We find that most of the fluctuations in housing

and equity can be explained by changes in market return rates of these assets. Our results show that

countries are reported in the last row of Table 4.2.
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individual wealth in Italy and the U.S. is highly sensitive to year-to-year fluctuations, largely more
so than income. If wealth acts as a buffer to ensure consumption smoothing over time, protecting
individuals against income shocks, then our results are indeed worrisome — especially in the light
of the increasing trend in income volatility. While in this paper we offer an explanation based on
changes in the price of real estate assets and stocks, other concurrent phenomena are likely to be in
place as well. Conley and Glauber (2008) argue that a reason behind the increased wealth volatility
in the U.S. could come from the liberalization of credit laws in 1978. In fact, between that period
and 2004, there was an over 400 percent increase in personal bankruptcy filings in the U.S., most of
which were due to unexpected medical expenses — with individuals covered by medical insurance
being affected as well. The authors argue that other cases were potentially likely to be triggered
by trends in demographic transition, such as increases in family dissolutions. We hope that this
paper will contribute to the debate on income and wealth volatility and that it will stimulate further

research on their interplay, as well as the mechanisms driving these two forces.
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Figure 4.1: TRENDS IN TRANSITORY AND PERMANENT INCOME VARIANCE
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Figure 4.2: TRENDS IN TRANSITORY AND PERMANENT WEALTH VARIANCE

MG1

Variance

MG2

o
T T T T T T T T T T T T T T
2002 2004 2006 2008 2010 2012 2014 2002 2004 2006 2008 2010 2012 2014
Year Year

us Italy
—@&— Permanent —@&—
— —@- — Transitory — —@— —
Figure 4.3: TRENDS IN CONSUMPTION VARIANCE
Non-Durable Consumption Durable Consumption Total Consumption
- e &1
o s - ~N N
\.\
@ | =~ ~e_ f i
T - N
— — N\ ——
o|” S o] -
~ \ o — — -
o~
o N
8+~ R
c c
& 8
s @ s D Ho-— —8
~
~
. _
e
Q_‘\__/o—f/‘_“’/‘ N \\‘.————0“"".
.————"/._—.___.—.—. NHe—0— o o 2o ——° @ 4
-9 o —o—8% 3 — —8+—8t—°
——e
- ——0— o o oo ——° e oo
(=2 o A
T T T T T T T T T T T T T T T T T T T T T
2002 2004 2006 2008 2010 2012 2014 2002 2004 2006 2008 2010 2012 2014 2002 2004 2006 2008 2010 2012 2014
Year Year Year
us Italy
—@®—— Permanent —@&——
— —@ — Transitory — —@- —

193



CHAPTER 4

Figure 4.4: VARIANCE DECOMPOSITION INTO ITS EXPLAINED AND RESIDUAL
COMPONENTS (PSID)
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Figure 4.5: VARIANCE DECOMPOSITION INTO ITS EXPLAINED AND RESIDUAL
COMPONENTS (SHIW)
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Table 4.1: DESCRIPTIVE STATISTICS FOR THE ESTIMATION SAMPLE

Variable Obs. Mean  Std. Dev. Min Max
Ttaly
Income 32,804 26,639 13,855 1 128,601
Wealth 32,804 194,492 200,362 -6,800 2,250,115
Non-Durable Consumption 32,804 11,779 6,718 719 115,358
Durable Consumption 32,804 1,253 3,537 -20,578 75,607
Assets 32,804 185,571 192,404 0 2,017,615
Age 32,804 52 19.023 15 100
Female 32,804  0.52 0.500 0 1
Education 32,804 3.17 0.999 1 6
Household size 32,804 3.04 1.244 1 12
Single woman 32,804 0.15 0.354 0 1
Single man 32,804  0.06 0.238 0 1
U.S.
Income 99,413 34,28 23,584 1 24,1567
Wealth 99,413 105,206 226,301  -130,000 3,345,062
Non-Durable Consumption 99,413 9,487 8,726 -255 749,833
Durable Consumption 87,455 29,525 126,056 -26,946 2,453,878
Assets 99,413 62,050 129,874  -329,156 2,758,257
Age 99,413 41 17.417 15 101
Female 99,413  0.54 0.499 0 1
Education 91,148  4.11 0.860 1 6
Household size 99,413 3.07 1.563 1 14
Single woman 99,413  0.26 0.437 0 1
Single man 99,413 0.10 0.298 0 1
Race head
White 51,141 0.58 0.494 0 1
Black 51,141 0.36 0.481 0 1
Other 51,141 0.05 0.221 0 1
Race spouse
White 25,901 0.71 0.454 0 1
Black 25,901 0.21 0.410 0 1
Other 25,901 0.07 0.248 0 1

Note: all monetary mesures are equivalised and expressed in 2010 constant dollars.
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Table 4.2: PERCENT CONTRIBUTION TO VOLATILITY, BY GROUP

U.S. Italy
Income Wealth N Income Wealth N

Status

Single 81.6 56.0 25,358  33.6 43.7 4,850

Cohabiting 18.4 44.0 25,783  66.4 56.3 10,003
Gender

Women 47.0 36.2 17,104 519 36.2 5,069

Men 53.0 63.8 34,037  48.1 63.8 9,784
Age group

15-34 42.5 475 15,617  11.7 4.3 351

35-44 16.9 21.0 10,366  24.9 16.8 1,735

45-54 21.1 170 10,685  37.8 30.8 3,119

55-64 11.0 9.6 7,730 13.0 21.4 3,492

65+ 8.4 4.8 6,743 12.6 26.6 6,156
Education (highest degree)

None 0.8 0.5 348 1.6 4.7 679

Primary 2.8 1.4 804 19.3 29.0 4,043

Lower secondary 24.9 7.6 5,408 54.2 42.1 5,093

Upper secondary 59.3 63.4 30,842 164 20.1 3,646

Graduate 7.6 17.2 7,331 8.1 4.0 1,301

Post-graduate 4.7 9.9 4,694 0.3 0.0 91
Household size

One 51.9 30.1 13,423 273 27.0 3,201

Two 20.4 25.4 15,287  13.7 20.0 4,754

Three 114 18.5 9,067 19.8 18.7 3,121

Four or more 16.3 26.0 13,364  39.2 34.2 3,777
Race

White 33.3 55.0 29,473 - - -

Black 62.7 39.5 18,619 - - -

Other 4.1 5.5 2,635 - - -
Total 0.93 43.42 51,141  0.18 4.63 14,853

Notes: The numbers in columns “Income” and “Wealth” indicate percentages. Each percentage
expresses the relative contribution of each group to the overall income (wealth) volatility and is
derived from the sub-group decomposition of the MG1 transitory component of the variance of
income (wealth). Individual characteristics (e.g. age, gender) refer to household heads. The row
Total reports total income and wealth volatility in the U.S. and in Italy, as well as the size of the
sample of households in each country.
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Appendix 4.A: Income and Wealth Components in PSID
and SHIW

4.A1 Income components

In order to account for the economies of scale deriving household members sharing economic
resources, we here attribute each individual a measure of equivalised income, using a square-root
equivalence scale. In SHIW, family income is the sum of each household member’s net disposable
income. This can be derived as the sum of net labour income, transfer income, business and self-
employment income, and asset income. Labour income includes both net salaries or wages and other
forms of monetary compensation, as well as in-kind benefits (e.g. company car).® Transfer income
includes pensions and other state transfers; from 1998 this category further includes transfers to and
from non-cohabiting relatives or friends). Business and self-employment income is the sum of profits,
dividends, and self-employed income, net of capital depreciation. Finally, asset income includes
income sources deriving from real estate assets (i.e. rents) and financial assets (i.e. interests).

Similarly, family income in PSID is measured as the sum of each household member’s taxable
income, transfer income, and social security income. Taxable income is any income deriving from
assets (i.e. interest, dividends, trust funds, rent), earnings (e.g. wage or salary, overtime, tips,
commissions), and net profit from farm or business. Transfer income encompasses all transfers
received by the family members, including pensions and annuity income. Note that the latter refers
to defined contribution pension plans, such as the 401(k), and not to other forms of private annuities
or IRAs, which are instead included in the computation of wealth. Missing values for all income
components are imputed using overall median substitution by income source and recipient (for
further details on the imputation method refer to PSID, 2019). Unlike in SHIW, however, labour
income in PSID is measured before taxes. In order to ensure consistency between our measures of
income across the two countries, we compute a measure of net family income in PSID by estimating

federal and state income taxes with the TAXSIM module (Feenberg and Coutts, 1993).

5Note that housing is not included as a form of in-kind benefit.
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4.A2 Wealth components

Both in PSID and in SHIW wealth is only available at the family level, which makes equivalisation
necessary in order to perform an individual-level analysis. In SHIW, family wealth is computed as
the sum of real and financial assets, net of financial liabilities. Real assets include houses, businesses,
and land and buildings, as well as valuable objects (e.g. jewels, furniture). Financial assets are
the sum of the value of checking and saving accounts; bonds; stocks, funds, and other financial
instruments; credits towards relatives or friends. Lastly, debts towards banks or financial corporations,
commercial debts, and debts towards other families make up financial liabilities. The PSID provides
two aggregate measure of family wealth, one without and the other with housing equity. The latter is
the sum of the values of seven asset types (farms and businesses; checking and saving accounts; other
real estate; stocks; vehicles; other assets, e.g. bonds, funds, valuable collections; private annuities
or IRAs), net of debt value (credit card debt; student loans; debt deriving from medical or legal
expenses; loans from relatives), plus the value of home equity (measured as the self-assessed market
value of the house, net of self-reported mortgage debt). Most wealth components overlap across
the two countries. The main discrepancy is given by the attribution of vehicles: as these are not
included in the definition of wealth in SHIW (figuring instead as durable consumption), we here use

a measure of wealth in PSID which is net of the value of vehicles.
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Appendix 4.B: Volatility and the Equivalence Scale Pa-

rameter

We here look at the sensitivity of our volatility measures to the choice of the equivalisation
parameter .5 In Figures 4.B1 and 4.B2 we plot the relationship between income and wealth
volatility and the parameter for the years in which all of our volatility measures were available,
namely 2004, 2006, 2008, and 2010. Depending on the measure used and on the year considered, we
find either a U-shaped or a negative relationship between income volatility and «. This is consistent
with the considerations on income inequality and the equivalence scale parameter by Cowell and
Mercader-Prats (1999), who find a similar U-shaped relationship using Spanish data. The measure
that seems to be the most sensitive to the choice of «, especially in the U.S., is the transitory
component of the income variance derived with the MG1 method. We find a flatter relationship
instead for other measures, especially the standard deviation.

Figure 4.B2 shows a linear relationship (with negative slope) between wealth volatility and the
equivalisation parameter. This comes as no surprise, since by construction there is an approximately
linear relationship between the inverse hyperbolic sine transformation we used to rescale equivalised
household wealth and the equivalisation parameter. Again, the measure that appears to be less
sensitive to the choice of « is the standard deviation of the individual percentage changes in wealth

between two consecutive periods (SD in the Figures).

5The parametric equivalence scale we use divides household income (wealth) by the number of household
members raised to the parameter a, a € [0, 1].
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Income volatility

Figure 4.B1:
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Figure 4.B2: WEALTH VOLATILITY AND THE EQUIVALENCE SCALE PARAMETER
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Appendix 4.C: Other Figures and Tables

Figure 4.C1: INCOME AND WEALTH VOLATILITY IN ITALY AND THE U.S.
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Figure 4.C2: RESIDUAL AND EXPLAINED LEVELS OF WEALTH IN PSID, BY WEALTH TYPE

Real estate Equity

40000 60000
1 1
10000 15000
1 1

20000
1
5000
1

20000
5000

T T T T T T T T T T T T T T
' 2002 2004 2006 2008 2010 2012 2014 002 2004 2006 2008 2010 2012 2014
Year Year

—@&— Residual —&— Total —@— Residual —&— Total
—@— Explained —@— Explained

Figure 4.C3: RESIDUAL AND EXPLAINED LEVELS OF WEALTH IN SHIW, BY WEALTH
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Table 4.C1: PERCENT CHANGES IN ASSET PRICES OVER TIME

Time span: 2002 - 2006 2006 - 2008 2008 - 2010 2010 - 2014

U.S.
Equity 62.8 -14.8 17.9 92.3
Housing 46.9 -3.3 -6.2 29.4
Italy
Equity 137.5 -44.8 14.8 21.5
Housing 41.2 11.8 -0.5 -6.9

Note: Return rates used to compute the percentage changes in the table are
adjusted for inflation.
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Future Developments and Research

Social Science Genetics Research
Gene-Environment Interactions

While Chapter 1 used genetic data as a source of identification to assess the relationship between
maternal depression and child human capital, the scope to apply genetic data into social science

research is much wider, as outlined in the General Introduction of this manuscript.

One interesting avenue that I plan on exploring is that of gene-environment interactions, or G x E.
Drawing from the evidence described in the Introduction (Barcellos, Carvalho and Turley, 2018;
Biroli and Ziind, 2020; Biroli and Zwyssig, 2021; Schmitz and Conley, 2016, 2017), I am interested
in addressing the role of differences in genetic endowments in moderating the associations between
exogenous changes in working and living conditions (that can be seen as changes in environmental
exposures in the G x E framework) and individual behaviours and wellbeing. Using limited-access
genetic data from the UK Household Longitudinal Study, I plan on exploiting policy discontinuities
introduced by labour-market and pension reforms, such as the 2013 UK Enterprise and Regulatory
Reform Act and the 1995 to 2011 Pensions Acts, to identify the interplay of exogenous environmental
exposures and genetic predispositions (as proxied by polygenic scores) in shaping the health and
behaviours of individuals. These quasi-natural experiments provide the ideal setting for identification
strategies such as Difference-in-Differences or Regression Discontinuity Designs, as already shown by

Cribb, Emmerson and Tetlow (2016) among others.

Using labour-market reforms to identify exogenous changes in environmental exposures is not
always a panacea. They rarely offer the possibility to identify plausible control groups and their
external validity is often limited. As a complement, I plan to investigate the impact of life events,
such as job losses or obtaining a permanent work contract, on individual wellbeing and behavioural
outcomes. Although these life events are easily observable in longitudinal survey data and occur
with higher frequencies than do natural experiments, they do not come about at random so that
endogeneity concerns need to be addressed. To do so, one possibility is to adopt a life-event study
approach (Kleven et al., 2019; Clark and Georgellis, 2013) and interact life-event variables with

polygenic scores to account for genetic differences.
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From the Environment to Genes: The Case of Epigenetics

While a person’s DNA is fixed at conception, genetic expression is not. In a cell’s nucleus, the
physical disposition of DNA filaments can be altered by the surrounding architecture of proteins
(called histones) and chemical bounds (typically, methyl groups). Modifications to these surrounding
structures (the so-called ‘epigenome’) can alter gene expression, i.e. the production of RNA or
proteins coded by a certain gene. Epigenetic changes such as DNA methylation and histone
modification are mostly the result of environmental exposures and are, by definition, heritable (i.e.,
they can be transmitted from parents to children). Although knowledge about the precise biological
mechanisms and the variety of circumstances inducing epigenetic changes in humans is still relatively
scarce, a wide range of environmental factors has been found to be associated with changes in DNA
methylation, including smoking, alcohol and diet, as well as stress and accidents (Alegria-Torres,
Baccarelli and Bollati, 2011). A substantial literature has shown that DNA methylation in certain
genetic regions can predict a shorter lifespan (Lin et al., 2016; Lu et al., 2019) and accelerated
biological ageing (Horvath, 2013; Horvath and Raj, 2018; Hannum et al., 2013; Levine et al., 2018) —
the latter being associated with the occurrence of diseases such as cancer (Horvath, 2013; Dugué
et al., 2018; Perna et al., 2016), Alzhimer’s disease (McCartney et al., 2018), and ALS (Zhang et al.,
2020).

It is however less clear what is the effect of accelerated epigenetic ageing on more distal factors
such as educational attainment, behavioural problems, or emotional health. In childhood, especially,
being epigenetically older with respect to one’s peers might exert a positive influence on early
developmental outcomes (Simpkin et al., 2017).

Thanks to the availability of epigenetic information for both mothers and children, the same
dataset used in Chapter 1 (the Avon Longitudinal Study of Parents and Children, or ALSPAC)
can be used to investigate the causes and consequences of early-life age acceleration at three time
points (child ages 0, 7, and 15-17). DNA methylation profiles can additionally be identified based on
trajectories of age acceleration and linked to later life outcomes, such as the likelihood of pursuing

higher education, risky behaviours or fertility decisions.

Government Responses to COVID-19: Consequences on Income
and Time-Use

From its onset in early 2020, the COVID-19 pandemic has affected the health, income, and general

wellbeing of individuals all over the globe. Governments have had to come up with carefully balanced

208



Future Developments and Research

sets of measures and restrictions, with the objective of limiting the diffusion of the virus, while
ensuring at least a certain degree of continuity of their countries’ economic activity. The existence
of cross country differences in the intensity and extent of containment and economic support policies
over time is what motivates the following part of my research agenda, which aims at investigating
how governments’ policy responses to the COVID-19 emergency have affected individuals’ incomes
and the time they spend in paid and unpaid work.

In a descriptive paper using real-time longitudinal survey data for five European countries (the
University of Luxembourg ‘COME-HERE’ dataset), I show that poverty increased by 1 percentage
point on average from the beginning of the pandemic to September 2020 (Menta, Forthcoming).
However, especially in the case of developed economies, poverty hardly captures the whole picture,
as individuals can be severely affected by income losses without necessarily falling into standard
definitions of income poverty. For this reason, I plan on focusing on the impact of policy responses to
COVID-19 on household income losses, other than the likelihood of falling into poverty. Preliminary
results show that more stringent confinement policies are associated with a higher risk of experiencing
household income losses and transitioning into poverty. These effects are partly counterbalanced for
high enough levels of economic support to individuals and households.

Chapter 2 of this thesis identifies the effect of an arguably exogenous increase in family size on the
contribution to housework in childhood and, later on, in adulthood. Here, the underlying assumption
is that an increase in family size generates the need for higher levels of home-production, as posited
by intra-household decision models such as Blundell, Chiappori and Meghir (2005) and Cherchye,
De Rock and Vermeulen (2012). The confinement measures following the onset of COVID-19 have
also likely created an increase in the demand for housework, with both adults and children spending
more time at home — due to job losses and remote working on one side and school closures on the
other. The viability of outsourcing the production of housework to the market being compromised
by confinement measures and arguably tighter budget constraints, it is reasonable to assume that a
substantial share of the increase in housework has been absorbed by household members themselves.
In order to investigate potential gender differences in the contribution to this higher housework load,
I will use the COME-HERE dataset to describe the evolution of time spent in paid and unpaid work
across gender, as well as its changes in response to more severe lockdowns. Preliminary results on
a sample of partnered individuals with children suggest that, conditional on being employed and
on the number of hours worked, more stringent lockdowns have translated into an equal increase
in housework participation for men and women and into a disproportionately larger increase in

childcare for women with respect to men.
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