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INTRODUCTION

Contemporary sociological studies on the family are focused on
understanding the causes and effects of specific family behaviors (Bianchi
2014). For example, among some of these behaviors, research has examined
the effects of marriages, unions, fertility, parenting, divorce, and separation
on adults and children (see Crosnoe et al. 2014; Smock and Schwartz 2020).
Questions of interest are: What factors affect these behaviors? And what
are the consequences these behaviors may have for adults’ and children’s
wellbeing? One salient perspective in family sociology considers families as
involved in a complex process of transmitting the conditions that make
possible certain standards of living and demographic behaviors from one
generation to the next (Edin and Kissane 2010; Amato and Patterson 2017).
From this point of view, analogous to an inheritance (Bourdieu 1993),
parents pass on to their children — the next generation — not just the
resources that were the product of their parents’ work, but also the ways of
being, the habitus, expectations, and all sorts of cultural behaviors that may

be relevant explanatory factors for the transmission of social inequality.

The study of the association between family behavior and children’s
wellbeing follows a long tradition in demographic and sociological research
(see Bianchi 2014; Seltzer 2019; Coontz 2016). The first studies on this topic
were focused on the observed differences in family behavior among
individuals of different socioeconomic backgrounds. One area of research of
continuing focus is potentially negative effects on children of the
demographic behavior of their parents. For example, early studies of
marriage patterns by social class in Wales and England in the 19th century
were focused on the fertility behavior of working-class families, their family
size, and what this entailed for infant child mortality (for a summary see

Garrett et al. 2001). Differences in family behavior by social class were



negatively valued and considered problematic from an early social policy,
anti-poverty and charity based, perspective. Later on, in the US, and
continuing this line of research, demographic studies diagnosed the family
structures of Blacks - where a higher prevalence of non-nuclear family
structures was observed - as a likely explanatory factor of the multiple social
problems among this group in comparison to Whites (see Du Bois 1899;
Frazier 1928). One could say that, although these early studies did not state
their claims in these terms, these were first attempts at studying how
demographic family behavior could shape — through its potential unintended
negative effects on children — the inter-generational reproduction of social

inequality.

The long term changes in family behavior observed by scholars during the
20th and 21st centuries led many researchers to explore what potential
consequences such drastic, rapid changes might have on the wellbeing of
children (see F. Bernardi and Boertien 2017; Hadfield et al. 2018). Such
claims led to the hypothesis that changes in family behavior were, at least
partly, an explanation for the lower educational and occupational
attainment of children coming from specific family backgrounds, given that
certain backgrounds made children more prone to experiencing disruptions
in parental family life courses (Fomby and Cherlin 2007). And, therefore, an
explanatory factor of the reproduction of social inequality through the
diverging destinies of children growing up in non-nuclear families (see

Bloome 2017; McLanahan 2004; McLanahan and Percheski 2008).

But is that so? Can we claim that parents’ demographic behavior negatively
affects the chances of children? In this dissertation, I examine often studied
mechanisms linking family behavior, children’s wellbeing, and social
inequality: the “negative” effects of divorce and family instability on
children, and the degree to which parenting practices, activities, and styles

can explain socioeconomic status (SES) differences in cognitive development

ii



among children (see Wu and Martinson 1993; Cavanagh and Fomby 2019;
Nomaguchi and Milkie 2020), but paying close attention to measurement
and modeling issues that arise when examining unobservable variables such
as children’s cognitive development. Establishing cause and effect relations
in the study of the intergenerational transmission of inequality is
complicated by the fact that family behavior is endogenous (Ginther and
Pollak 2004), meaning, that is itself an effect of events that took place in the
recent or distant past, and a cause of the family behavior that will take

place in the future.

The reason why I write “negative” effects is that quantifying specific
dimensions of children’s wellbeing, in particular those connected to
educational and occupational attainment, such as cognitive development,
ought to be reconsidered in the light of recent advances in causal inference
and measurement theories in psychology. Family instability, in turn, also
requires closer scrutiny. This is a broad concept capturing the notion of
repeated family transitions, closely related to other demographic concepts,
such as family complexity (Smock and Schwartz 2020; Van Winkle 2018). In
basic terms, family instability refers to repeated family changes caused by
disruptions in the romantic relationships of adults and which are
experienced by children (Cavanagh and Fomby 2019). Although children
can experience multiple other family changes, divorce or separation play a
prominent role in this literature (McLanahan, Tach, and Schneider 2013). In
the context of the second demographic transition (Lesthaeghe 1991;
Schweizer 2020), parental separation is the most frequent type of transition
children experience. For this reason, it is reasonable to examine this specific
transition, without disregarding the broader concept of family instability

and the timing of the effects of family changes.

Finally, lying in between family instability and children’s wellbeing are

multiple mechanisms that presumably link parents and their parenting —
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another type of family behavior occurring within families — with child
development (Kalil, Ryan, and Corey 2012). These mechanisms also require
a more throughout examination in terms of causal inference. Parenting,
broadly understood, describes the type of activities parents do with their
children with, among others, the purpose of enhancing their potential to
thrive as adults (Nomaguchi and Milkie 2020). However, parenting behavior
varies substantially by parental SES (Greg J. Duncan, ZiolGuest, and Kalil
2010). One of the explanations for why children exposed to family
instability perform worse than children in stable families has to do with the
parenting of lone mothers and the socialization of their children (Cavanagh
and Fomby 2019; Grusec 2011), though little evidence support parenting as
a mediating mechanism of family changes exist (for some findings see Brand
et al. 2019). The reason for this general lack of evidence might lie in that
parenting activities have not been studied under a causal inference
perspective, in what is known as causal mediation analysis. Therefore, it is
relevant to look more into this mechanism in a more general setting,
focusing on how much SES differences in cognitive development are
explained by parenting, which are far larger than those presumably

generated by family instability or divorce, making its analysis clearer.

Theoretical Background

Social stratification research has identified various sociodemographic
correlates of poverty and socioeconomic disadvantage (Brady 2019), which
have a substantial impact on family life. On one hand, behavioral theories
of poverty make the case that the behavior of individuals, and the families
they build, are the main explanatory factors behind the prevalence of
poverty and the intergenerational transmission of inequality (Edin and
Kefalas 2005; McLanahan 2004). Given that it is about choices made — the

micro-behavior — and not much about the circumstances surrounding and

iv



informing those choices, attempting to change or modify harmful behaviors,
and in particular behaviors around marriage and family stability, is
considered as a potential target for poverty alleviation (Cahill 2005),
supposedly largely benefiting the children of impoverished families. The
origin of this perspective can be traced back to structuralist-functionalist
views of family roles in society (Kingsbury and Scanzoni 2009; Burgess
1950), which in the US context were particularly targeted at single Black
women (Moynihan 1965; Wilson 1987), primary breadwinners and caregivers

in their families (Nieuwenhuis and Maldonado 2018).

G. S. Becker (1991) was among the first to synthesize and formalize the
‘stylized facts’ known at the time about family behavior and its relation to
social inequality. Marriage, divorce, fertility, and stepfamilies, under the
individualist choice perspective advocated by him, became the focus of
economics and were considered as the outcome of rational costs and benefits
comparisons (Browning, Chiappori, and Weiss 2014). Though the topic of
family behavior was not new to the field of home economics (Hara 2016),
the innovation of Becker came from the application of standard
micro-economic models to household decision-making. The rational choice
approach, however, fell short and quickly out of flavor within family
sociology — and in particular feminist economics perspectives — mainly
because of its rather strong assumptions on individual behavior and the lack
of empirical support for some of its propositions (Albelda, Himmelweit, and
Humphries 2004; Hara 2016). For example, these models were static — in
order to be mathematically traceable — and did not address how family
behavior could be the consequence of previous events in the family life

course Furstenberg (2016).

On the other hand, and in contrast to these perspectives, the studies of
Engels and Morgan (1884), and much later those of Bourdieu (1993), both

from a social conflict paradigm closer to structural and political theories of



poverty (Brady 2019), considered family the behavior as the result of larger
sociological, contextual factors in which family life unfolds, and in which
family choices are made. However, for this theory, the determinants of a
specific family behavior are difficult to trace. These determinants can
include aspects related to family experiences in the parental home,
employment trajectories, housing, social policies, neighborhood effects, etc.
For example, Elder (2018)‘s study showed that the overall historical period
in which certain choices were made, and the condition of interlinked lives in
which those events are experienced, also turned out to be of substantial
importance for a person’s life chances as adults. The life course perspective
further complicates our understanding of family behavior seen as a dynamic
type of behavior (L. Bernardi, Huinink, and Settersten Jr 2019). Research
suggests that disadvantages experienced in early childhood can have
cumulative and non-linear effects in the future (DiPrete and Eirich 2006).
Moreover, recent studies suggest that the family life course has rather small
repercussions on poverty and employment trajectories (Fasang and
Aisenbrey 2021), which suggest that is economic interventions, and not
family interventions, which can bring about socioeconomic improvements in
the lives of disadvantaged families. Instead of attempting to change the
demographic behavior of poor families to rip the benefits associated with
normative family transitions (Hadfield, Ungar, and Nixon 2018), social
policies seeking to break down cycles of intergenerational transmission of
disadvantage should focus on addressing the large, growing inequities in
family resources that affect children’s wellbeing and family formation
(James J. Heckman 2011). These mechanisms do not operate on parents’
choices but do so through the conditions, contexts, and environments in

which parents raise their children.

In trying to understand the causes of social inequality, and explore potential

policy solutions to its pernicious effects, the behavioral theories of poverty
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have provided important insights for the study of family behaviors. However,
they have not given enough attention to the problem of endogeneity in the
design of public policies aimed at modifying such behaviors. Some attention
has been placed on selection bias (Ginther and Pollak 2004; Manski 1993),
but in general, endogeneity takes multiple forms that have been only partly
discussed, which I explore in-depth in this dissertation. Endogeneity, which
refers to the situation when a regressor or an ‘independent’ variable is
correlated with the error term (Cameron and Trivedi 2005, 92), occurs when
not all causal interdependencies have been appropriately adjusted for in a
statistical model that is aimed at explaining the effect of a specific factor or
exposure. In the case of family stability, other alternative factors
simultaneously affect the probabilities of divorce, repartnering, and
children’s wellbeing. For example, it is known that housing and employment
policies affect family behavior, but policies that deregulate housing markets
and labor markets are likely negatively impacting family stability and
parenting in ways that are difficult to observe (Lauster 2010; Jacoby et al.
2017; Desmond and Perkins 2016), and also affecting children’s wellbeing,
but not through family behavior. Before trying to influence family behavior
through the imposition of direct, or indirect, incentives or penalties, we
ought to consider that divorce, parenting, and family instability, in general,
are determined by complex selection processes involving cumulative
disadvantage, life course effects, and contextual effects. Family behavior is
the result of an overly complex bundle of causal interdependencies that

highlight the complexity of accounting for endogeneity.

One way of summarizing the contribution of this dissertation is as a special
attention devoted to those causal interdependencies that, although implied
by theoretical claims, have received little or no attention in the literature.
The concern here is not, however, of a purely methodological kind -

solutions to the general problem of endogeneity in observational studies
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already exist (Yao et al. 2021). Instead, my concern is that these rich
theories often imply strong forms of endogeneity that go often unnoticed or
are ignored in further theorizing and empirical work. I argue that, instead,
these endogenous forms constitute a “richness of sorts” for the empirical
study of social inequality. Life course theories suggest that effects of events
occurring in the distant past may have long-lasting repercussions in the
present, not necessarily following the Markovian property which only
considers the recent past. Family instability claims that many consequences
in the future follow specific family transitions, but those family transitions
are also the result of previous events and affect further family transitions.
Considering parenting as a time-varying exposure experienced by children
implies, as well, that we ought to think how parenting is affected by SES
and what its main confounding mechanisms are. Finally, psychological
constructs related to child development are based on strong assumptions
about what standardized assessments for the measurement of, for example,

cognitive constructs, can actually capture.

Various forms of bias resulting from improper comparisons have affected the
analysis of the effects of family behavior on children’s well-being. For
example, children exposed to multiple family transitions not only differ from
children unexposed to any transition (i.e., those remaining in stable
two-parent families) in some background characteristics but also in multiple
other time-varying characteristics that are affected by family transitions and
that affect family transitions in dynamic, complex ways. Moreover, even
when one focuses on the case of a single event taking place in the lives of
children, such as the departure of the biological father, the trajectories of
factors or confounders that lead to that event are not comparable across
children. Another case in point is the study of parenting as a mediating
mechanism of the SES gaps in children’s cognitive development, which has

neglected the interactions between the different parenting mediating
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activities, and overlooked the role of confounding mechanisms of the
different parenting mechanisms. In fact, SES also affects many of those
confounding mechanisms, which complicates mediation studies in
considerable ways, as I explore in this dissertation. Finally, the
measurement of cognitive and “non-cognitive” skills in childhood is
complicated by the fact that those variables are unobservable and can only
be measured with error. Measurement error on the dependent variable,
often ignored or assumed not to be a major source of bias, may turn out to
be highly problematic for the case of unobservable variables that capture
the signal and the noise, noise that is not randomly distributed. These and
other forms of improper comparisons are the subject of this dissertation.
One could say that the overarching theme in the work here presented is that
of the endogeneity of family behavior and its implications for establishing
causal associations in family demography. I elaborate on these aspects and
explain its relevance for future empirical work in family demography and

social inequality more generally.

Instead of focusing on a single theoretical model of demographic behavior, I
take a data-driven approach to the study of family behavior and children’s
wellbeing. I ask what processes could generate data that may look like the
observed children’s wellbeing measures, and what processes generate the
associations between these measures and three types of family behavior.
Answering this question is what may allow us to rethink which causal
mechanisms might be at play. What I mean by a “data-driven approach”
can be summarized under one overarching question: What are the
data-generating processes of children’s outcomes affected by family
instability or parenting? Data on children’s wellbeing are generated by
multiple mechanisms. Some of these mechanisms may be related to family
instability or changes in family structure, as well as parenting, whereas

others, such as neighborhoods, schools, peers, etc., are not. The majority of
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the mechanisms generating the data on children’s cognitive or behavioral
outcomes go beyond the family, but to understand the influence of one
specific factor, such as family behavior, it is necessary to adjust for the

alternative pathways that affect or are affected by family instability.

Regarding methodology, this dissertation takes a decided “causal inference”
turn in the reading of the main family demography theoretical perspectives
(Hernan and Robbins 2020; Pearl 2009). A causal inference perspective
takes as a starting point knowledge and assumptions about potential
data-generating processes at play to later ask counterfactual type of
questions (Rubin 1974; Holland 1986). What would the wellbeing of
children of divorced parents or exposed to family instability had their
parents not separated? Would differences in language skills among
pre-school children be smaller if parents from different SES had the same
type of parenting, the same level of parental investments, and the same
frequency of parenting practices as high SES parents do? To answer such
questions, or to approximate an answer to them, we need to move beyond
the “simplifying assumptions” of most of current quantitative social science.
Though there is no causal inference in observational studies without
additional assumptions about the data generating mechanism, making these
assumptions clear is fundamental for proper studies Much clarity can thus

be gained by at least specifying what those data generating processes are.

I attempt to adjust for various selection mechanisms by considering the
following general statements. First, family behavior is dynamic, differs over
time and by social groups, and it affects and is affected by multiple other
socioeconomic factors that are also changing and interdependent. Second,
the effects of experiences family instability during childhood may appear
much later when children are teenagers or even by the time they reach
adulthood. And third, these effects may be nonlinear, something which the

main theoretical tenets often remind us of when they discuss the



multiple-way interactions in which effects are produced. To “adjust for” the
confounding factors that affect selection into specific family structures or
instability trajectories, we should go beyond adding variables in a linear
regression framework. If the effects are non-linear, cumulative, or if there
are multiple-way interactions, or even if the constructs are not measured
correctly and only approximately and with error, then the phrases “net of”
or “after controlling for” a given set of -often limited- confounders should be
read with caution. First, because there is no actual control being made for
these covariates, as in randomized control trials; and, second, because the
statistical adjustment can be done in multiple ways, and more often than
not researchers only show a final adjustment, discarding, without exploring,

other potential forms of adjustment bias-reducing strategies.

Summary of chapters

This dissertation is composed of six chapters, starting with this introduction.
Chapters 2 through 5 are single case studies that examine one aspect of the
negative effects of family instability and parenting on children’s wellbeing.
These are all single-authored papers that were written to be published in
peer-review Journals. Final chapter 6 presents the overarching conclusions

and a general discussion, as well as future work.

Chapter 2, Fair comparisons: life course selection bias and the effect of
father absence on US children, published in Advances in Life Course
Research, Vol. 51 (2022), starts from the premise that father absence in
opposite-gender couples has been shown to have detrimental effects on
various measures of children’s wellbeing encompassing health, behavior
problems, and cognitive development, net of selection bias (McLanahan,
Tach, and Schneider 2013). However, though often made, such a claim has
never accounted for the trajectories of confounders, such as housing,

employment, or health. Life course informed research suggests that
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adjusting for selection bias, even when only looking at specific transitions,
may be more complex than what has been thought so far. In this chapter, I
show how important it is to adjust for the trajectory of confounder
covariates in a nonparametric fashion — meaning without making
assumptions about how the effects are mostly additive and linear — when
estimating how father absence affects children’s wellbeing. I use data from
the Fragile Families and Child Wellbeing Study (FFCWS 2019) to estimate
the total effect of the departure of the biological father on children’s
wellbeing, considered as a single time point transition, and I further
estimate the delayed or fade-out effects of this family transition. I employ
Bayesian additive regression trees (BART), which is a machine learning and
causal inference method suited for statistical models that involve a number
of covariates (J. L. Hill 2011). Because I am adjusting for the trajectories of
these confounders, the method is especially well-suited to the study of these
effects on adolescents. The main result of this chapter is that, after
adjusting for multiple time-invariant and -varying confounder covariates, as
well as their history, the obtained estimates of father absence’s effect on
children’s wellbeing are substantially reduced. I refer to this finding as life
course selection bias because it captures the idea that the trajectories also
increase selection for divorce — and hypothetically for other family
transitions too — in a world that does not follow the Markov property. The
results suggest that early and middle childhood are not negatively affected
by the departure of the biological father in any of the dimensions I look at.
However, life course selection bias mostly affects the estimates of father
absence on adolescence. I believe this relates to the fact that children
directly experience their parent’s confounder trajectories leading to divorce
or separation, which does not occur when father absence is experienced in
early childhood. The main conclusion of this paper is that father absence is

mostly a marker of life course cumulative socioeconomic disadvantage, and
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not a cause of negative effects.

In Chapter 3, The complez effects of family instability on adolescent problem
behavior in a US birth cohort, currently under review in the journal
Demography, I turned my attention to family instability. This concept
refers to the number of family transitions experienced by children, including
the departure of the biological father and also the entrance or exit of a
social father. Family instability has also been hypothesized to negatively
affect children’s wellbeing, even after accounting for confounding factors or
selection bias (Lee and McLanahan 2015). However, once again, a life-course
reading of the family instability hypothesis reveals crucial interlinkages
between family life and employment, income, household, and housing
trajectories, which explain away part of this negative impact. Time-varying
confounders affected by previous episodes of family instability, and affecting
future family stability, can generate what is known in epidemiological
literature as treatment-confounder feedback bias (Hernan and Robins 2006).
This bias takes place in dynamic settings and for time-varying exposures,
when the exposure episodes can affect confounders intertemporally. Despite
being a form of dynamic or time-dependent confounding that occurs rather
frequently in sociological research, it has not received much attention in
sociological research until recently. Again, in this chapter I employ data
from the Fragile Families and Child wellbeing Study to empirically show
this on one dimension of children’s wellbeing: behavior problems. Problem
behavior, including both externalizing and internalizing problems, is one
particular dimension of children’s wellbeing where effects of family
instability are often found in the literature (Cavanagh and Huston 2006;
Fomby and Osborne 2017). Here the effects of interest, which correspond to
a life course cumulative instability model and a life course pathways model —
distinguishing the effect of timing of exposure to family changes as well as

the number of changes — are obtained through doubly robust marginal
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structural models and inverse probability of treatment weighting (Hernén,
Brumback, and Robins 2000). I further explore the potential for
heterogeneous effects by the child’s gender assigned at birth and their
racial-ethnic background. The results indicate that a dynamic version of the
selection hypothesis should be considered as an alternative explanation to
the instability hypothesis, one that better explains the differences in
children’s problem behavior when they are exposed to family instability.
Effects of family instability on problem behavior are small and often not
statistically significant, and their size is reduced after accounting for a set of
biasing feedback mechanisms. Although it seems that three changes in
family structure have the largest, though not statistically significant,
negative impact, the effect of four and up to five changes have a smaller
effect, which goes against the family instability hypothesis. Boys and White
children seem more affected by a high number of changes than other
demographic groups. The main conclusion of this chapter is that children’s
wellbeing is equally affected by the reinforcing and counteracting processes
brought about by family instability, which may lead us to reconsider the
interlinked pathways between trajectories in the socioeconomic context and

family life.

In Chapter 4, What can parents do? The causal mediating role of parenting
in SES differences in children’s language development, currently under
review in the Journal of Family Research, again well established social
inequalities constitute the starting point. Research has shown there are large
differences in children’s language development by parental SES (Madigan et
al. 2019). Various authors have argued that these differences are the result
of parenting behavior (Greg J. Duncan, ZiolGuest, and Kalil 2010; Fomby
and Musick 2018). SES gaps in language skills among preschoolers, these
authors argued, could be substantially reduced by intervening on parenting

styles, practices, and parental investments (Ayoub, Vallotton, and
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Mastergeorge 2011; James J. Heckman, Humphries, and Kautz 2014; Price
2010). However, something that is still unknown, from a causal inference
perspective, is the extent to which parenting causally mediates the effects on
language skills of growing up in low-SES contexts. In this chapter, I employ
data from the National Educational Panel Study starting cohort 1 (Blossfeld,
RoBbach, and Maurice 2011), which is a random sample of N = 1892
children that were born between 2012 and 2013 in Germany. In terms of
methodological choice, I employ interventional causal mediation analysis to
estimate the mediated share of the total effect of SES on children’s language
that goes through parenting (Nguyen, Schmid, and Stuart 2021; T. J.
VanderWeele and Tchetgen Tchetgen 2017). The results of these analyses
suggest that joint parenting explains around one third of the total effect of
SES on early language skills, but close to nothing of later language skills.
These mediated shares are remarkably small given the overemphasis made
on intervening on parenting as a potential solution. Although an important
share of the SES effect operates through this specific type of demographic
behavior, and parenting practices do affect children’s early language skills,
hypothetical interventions on the parenting of low SES parents would have a
limited effect on closing the language skill gaps in this cohort, and especially
limited when considering later gaps observed when children are older. These
results can be explained by the multiple alternative pathways through which
inequality in language skills operates, pathways that do not involve

parenting, and that may explain a larger share of the SES differences.

Finally, in Chapter 5, Is it just noise? Measuring unobservable cognitive
abilities in early childhood, published in Personality and Individual
Differences, 166 (2020), the starting point is the large evidence
suggesting that children from disadvantaged backgrounds have lower
cognitive abilities than their socioeconomically advantaged peers (Noble et

al. 2015; Greg J. Duncan, ZiolGuest, and Kalil 2010; Farah 2017). However,
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there are a few considerations worth the attention of family demography
scholars before one can finally establish with certainty the size of
associations between family demographic behavior and children’s cognitive
development. Two characteristics of the measurement of cognitive
constructs, as understood in mainstream psychometrics (Association,
Association, and Measurement in Education 2014), make it difficult to
quantify these inequalities. First, Bond and Lang (2013) suggested that
although items used within a standardized test may provide ordinal
information allowing us to rank children, these tests do not conform to the
properties of an interval scale that is necessary to quantify inequalities in
accordance to scientific principles of measurement. Second, and more
problematic for this quantification, is that a causal understanding of validity
is incompatible with the standard validation framework applied in
psychology (Borsboom, Mellenbergh, and Heerden 2004, 1067), further
complicating what it actually means to measure unobservable constructs
related to cognitive development. These two problems, but in particular the
second one, represent large, though unexplored problems for the estimation
of causal effects on unobservable variables in the context of family research,
as well as other types of exposures or treatments. The reason for this is that
measurement invariance (Penfield and Camilli 2006; Uher 2020), an
indicator that the measurement of these unobservable constructs does not
function as intended, generates endogeneity bias in causal inference for the
estimation of the effect of variables of interest on test scores, and may make
comparison across groups invalid (Kuroki and Pearl 2014). In this paper, I
analyze these data problems using three standardized assessments taken by
German children, thus taking an empirical look at the problem of
measurement error. I explore the limits of standardized assessments by
employing nonparametric psychometric models and the representational

theory of measurement. An alternative framework for validation of such
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constructs for use in demographic research, and other fields, built on these
two methods, may help to determine whether data fit the assumptions of a
measurement model, and to overcome some limitations when it does not. I
further compare competing statistical modeling alternatives that reveal
substantial differences in the quantification of social inequalities. The main
conclusion of this chapter is that, measurement error does not behave like
simple random noise, and, after accounting for it through this alternative
validation framework, I find an unsettling reduction in estimated effect sizes

associated with factors often studied in social stratification.

One common feature among the different chapters is the focus on
understanding the determinants of child development and children’s
wellbeing. What factors explain the differences seen in the behavioral and
developmental pathways of children? Previous research considers childhood
family experiences, encompassing family structure, family instability and
parenting, as important determinants in a child’s life, with substantial
consequences in adulthood, mainly because the family is the first
environment in which children spent most of their time, only matched
perhaps with schools and peer-networks. However, major determinants of
such key family experiences, that also affect children’s behavior and
developmental pathways, are parental socioeconomic status and various
parental socio-demographic characteristics that vary over time. Moreover, it
is worth emphasizing that for children from opposite-gender parents both
the mother and father side characteristics matter. The different chapters in
this dissertation attend to both of these factors by considering them as
interrelated, though unique contributors to child development, something
that most previous research does not attend to. In causal inference
language, mother’s and father’s characteristics are distinct confounders of
the association between family behavior and children’s wellbeing.

Researchers should therefore attempt to capture all parental characteristics
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when estimating the effects of any given family behavior of interest on

children’s well being and child development more generally.

The focus on causal inference has implications as well for the type of
methodologies necessary to answer specific causal queries about the effects
of family instability. Only some methods are useful to disentangle the causes
of effects and effects of causes, in particular when the exposures of interests
are time-varying, in contrast to single time point events. In this dissertation,
I make use of various methodologies developed within epidemiology but
which have important advantages with respect to more traditional methods
used in sociological research (e.g., generalized regression, matching,

instrumental variables, etc.), and are discussed in the following.

Although the different chapters have a methodological focus, they are based
on data coming from two specific countries: the US and Germany. None of
the chapters compares the US to Germany, in fact, none of the chapters has
a country comparison focus. However, it is worth highlighting that these
countries differ markedly in various family life domains and, therefore, the
effects of family behavior on children will depend on the specific contexts
where one examines them. For example, the prevalence of divorce is
considerably higher in the US than in Germany, and family instability is
much more common in the US. More importantly, it is likely that the
selection processes affecting the probability of divorce or repartnering, and
therefore the effects of these two family transitions, as well as others, on
children, are markedly different. The US is an extreme case where the
effects ought to perhaps be the largest. Whereas in Germany, partly thanks
to the socioeconomic welfare-state poverty alleviation programs and the
supply of public services such as daycare and schools, the effects of family
transitions and specific types of parenting ought to be rather small.
Therefore, in these two countries we ought to expect highly different

interdependencies among life domains. Future research, with a more
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country-comparative perspective, could help in further elucidating whether

effects vary in the hypothesized directions.
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CHAPTER 2 - Fair comparisons: life course
selection bias and the effect of father absence on

US children
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Father’s departure from the household in opposite-gender couples because of
separation or divorce is a presumed caused of negative effects on children’s
wellbeing. Although father absence thus defined does not rule out the
possibility that fathers may still be in contact with their children, the
literature on father absence considers that the very fact of children not
being co-residents with their fathers implies a loss of resources and time, less
effective parenting, potential inter-parental conflict, and little contact with
the father (McLanahan, Tach, and Schneider 2013), which are not
compensated by other custodial arrangements or stepfathers. Studies have
shown that children’s exposure to episodes of father absence is often
associated with worse outcomes for children (Fomby and Cherlin 2007). It is
further argued that the negative effects of father absence contribute to the
intergenerational transmission of inequality and disadvantage (McLanahan
2004; McLanahan and Percheski 2008). However, if the departure of the
biological father out of the family unit experienced during childhood can
have such long-lasting negative consequences on children’s lives, research in
family sociology should also consider the long-lasting effects of other events
across the life course which may trigger divorce or separation in the first

place, and which may also affect children’s wellbeing.


https://doi.org/10.1016/j.alcr.2021.100460

In other words, the trajectories leading to divorce or separation may also be
relevant when comparing children exposed to father absence and children in
stable families. One consequence of this is that family formation and
dissolution processes may not follow the Markov property, which states that
change in a given process (e.g., family instability) depends on the present
state and does not depend on its history. However, if events occurring in the
distance past still linger and have cumulative or non-linearly effects in the
future (DiPrete and Eirich 2006), then an adjustment for trajectories
leading to divorce is crucial for a fair comparison between children’s
wellbeing in two-parent and single-parent families. A fair comparison
between children who experienced a family transition, such as the departure
of the father, versus those who did not, but could have experienced it,
should account for the role of the socioeconomic trajectories, such as
employment trajectories, that may lead to divorce or separation (e.g., earlier
educational and employment trajectories, or housing instability, as well as a
downward income, occupational or residential trajectories, or even a

deteriorating relationship quality).

Although family instability scholars make an analogous claim about the
long-lasting effects of childhood family instability (Amato and Patterson
2017; McLanahan 2004), selection bias has not been considered from this
perspective, despite studies on intergenerational transmission of divorce
suggesting more complex dynamics leading to father absence (Amato and
Patterson 2017). Life course studies have argued for the strong linkages
between events that occurred in the distant past and those which occur in
the present (Elder Jr, Shanahan, and Jennings 2015). Stable and unstable
families are likely to differ in their life courses up to the time point when a
family transition takes place, and, therefore, the history of confounder
covariates, and their interactions, should be accounted for to disentangle

long sequences of causality. If family dynamics do not follow the



Markov-property, this could imply research on its effects on children’s
wellbeing should account for more complex forms of selection. Although
previous studies have argued for addressing omitted variable bias
(McLanahan, Tach, and Schneider 2013), only adjusting for the recent past
and time-fixed characteristics leaves open still the posibility for selection

bias in the estimation father absence effects.

The first aim of this paper is to advance life course research and family
demographic research on cumulative disadvantage (DiPrete and Eirich 2006;
L. Bernardi, Huinink, and Settersten Jr 2019), which suggest more complex
mechanisms may lead to divorce or separation. Second, the paper employs a
methodological approach that combines machine learning and causal
inference to get precise estimates of the causal effect of the departure of the
father on various measures of children’s wellbeing adjusting for selection
based on the trajectories of confounders. I develop the concept of life course
selection bias (i.e., the selection of the trajectory of confounders), and
methodologically T implement an adjustment for this using Bayesian
additive regression trees (BART, Tan and Roy 2019). This nonparametric
method combines regression trees and regularization priors in a Bayesian
framework to find a more appropriate balance in the distribution of relevant
confounders of the association between father absence and children’s
wellbeing. The BART algorithm outperforms both conventional as well as
other machine learning alternatives in causal inference tasks (Chipman et al.
2010; Dorie et al. 2019). BART is based on a data-driven approach to
model the response surface — measures of children’s wellbeing — jointly and
flexibly and the treatment assignment mechanism (i.e., the exposure to the
departure of the biological father) in a nonparametric way, which is useful
when little knowledge exists around the correct model specification for the

outcomes of interest, and the number of potential confounders increases.



Background
Father absence in US family sociology: Which causal effects?

The interest in father absence began as researchers noticed the changes
childbearing and family formation patterns that have been taking place over
the past 70 years in the United States (Furstenberg 2016), which decreased
intergenerational economic mobility because of the loss of material resources
and parenting time experienced by children (McLanahan and Percheski
2008). However, the sociological father absence literature presents two main
hypotheses around this issue: one in which father absence has negative
effects on children’s wellbeing, leading children from low resource families
through a divergent path than their advantaged peers (McLanahan 2004),
and another one where selection bias into this type of family transition
explains away most if not all the effects of father absence (McLanahan,

Tach, and Schneider 2013).

The study of family instability has a large and strong tradition in
sociological research, as over a dozen literature reviews attest to (Amato
and Keith 1991; Amato 2001, 2010; F. Bernardi et al. 2013;
Esping-Andersen 2016; Hadfield et al. 2018; Harkénen, Bernardi, and
Boertien 2017; Haveman and Wolfe 1995; Jeynes 2006; McLanahan, Tach,
and Schneider 2013; McWayne et al. 2013; Raley and Sweeney 2020;
Saint-Jacques et al. 2017; and Wells and Rankin 1991). Most up-to-date
systematic reviews on the topic emphasize that evidence for the family
instability hypothesis is mixed (Hadfield et al. 2018; and McLanahan, Tach,
and Schneider 2013). Although some studies suggest that the association is
not causal, or that selection bias explained it away (Bhrolchain 2001; Erola
and Jalovaara 2017), other studies consider that more robust evidence still
suggests smaller negative effects remain on some dimensions of wellbeing

(Lee and McLanahan 2015). Despite efforts to reconcile the father absence



and the selection hypotheses, as seen in the claim that negative effects of

father absence exist but are small and therefore not so substantial for most
children (Amato 2003; McLanahan, Tach, and Schneider 2013), underlying
this still debated question are at play two different causal understandings or

models of family dynamics (Raley and Sweeney 2020).

On one hand, the hypothesized negative effects follow from a deficit model
based on structural-functionalists premises (Kingsbury and Scanzoni 2009,
307), where father absence results in an irreplaceable loss of resources
deemed fundamental for child development, a model which is normatively
charged and considered outdated (Hadfield, Ungar, and Nixon 2018;
Coltrane and Adams 2003). The departure of the father makes up a source
of distress in multiple domains of a child’s life, although research has also
discussed the benefits of separation or divorce for some families, especially
those in which women live in stressful or violent relationships (Kelly 2000;
Fox et al. 2002; Hetherington and Stanley-Hagan 1999). Father absence
may affect the psychological and social functioning of children, especially
during early childhood (Cavanagh and Huston 2008). Although children will
experience other transitions in their life course (Fomby and Mollborn 2017),
the distinctiveness of the effects of father absence results from the
substantive role that fathers play in shaping children’s life course and from

this transition being often the first one.

Generally stated, the family instability hypothesis claims that changes in
family structure bring about disruptions in the lives of children (Cavanagh
and Fomby 2019), which require adaptation and adjustment from all family
members, and which in turn may generate stress on children and their
mothers (Masarik and Conger 2017). The departure of the biological father
out of a married or unmarried two opposite-gender parent family unit
disrupts the family routine and reduces the time, social capital, and

financial resources of the household (Fomby and Cherlin 2007; Harkonen,



Bernardi, and Boertien 2017), and corresponds to the first and main
negative shock in a trajectory of family instability. As reviewed in
McLanahan, Tach, and Schneider (2013), most studies are focused on the
effect of father absence. Father absence brings about stressful and negative
events in the life-course of adults and their children because children’s
parents cannot fully benefit from the gains of marriage (e.g., G. S. Becker
1973; and Schultz 1974; more recently Browning, Chiappori, and Weiss
2014), regardless of whether children stay in close contact with their fathers
after divorce or separation. For example, single parent families have fewer
resources than nuclear families; and blended, complex or stepparent families
provide less than optimal investments in children (Browning, Chiappori, and
Weiss 2014, 438-70). It is further argued that not having a father present in
the household, even when fathers remain in contact with their children, also
results in negative effects on children who lack the influence of positive
masculine role models in their development (Sigle-Rushton and McLanahan
2004). Mediated by its effects on the psychological wellbeing of the mother,
separation or divorce may negatively affect the quality of parenting that the
resident mother provides to her child (Fomby and Osborne 2017). However,
Cavanagh and Fomby (2019)’s remark on the lack of evidence for the
mediating role of many of the assumed pathways leading from father
absence to negative outcomes seems to suggest that the association between
father absence and worsening children’s outcomes still has not completely

resolved the problem posed by endogenous family behavior (Manski 1993).

On the other hand, scholars have also stressed that the sources or causes of
father absence are at the center issues of socioeconomic inequality. They

consider father absence as a correlate of disadvantage rather than a cause of
it. The two opposite-gender parent family, also referred to as the Bourgeois
family in Engels and Morgan (1884), has always depended on a set of often

neglected historical and sociological premises that make a certain family life



possible for some, but unattainable for others (Coontz 2016; Bourdieu 1993).
For example, low income single-mothers are often unable and not unwilling
to marry because they lack the means to do so (Edin and Kefalas 2005),
suggesting that it is the conditions for a proper marriage (e.g., a proper
education, a stable job, and secure housing) which have become more
difficult to attain for them and their prospective partners, rather than an
abandonment of the marriage norm as the functionalist premises lead us to
think (Cherlin 2004). It is these same factors —socioeconomic status,
neighborhoods, economic insecurity, etc.— which affect child development
(Minh et al. 2017; Conrad-Hiebner and Byram 2020; Pace et al. 2017;
Devenish, Hooley, and Mellor 2017). Therefore, it is socioeconomic factors

which explain divorce or separation and affect children’s wellbeing.

Although good theoretical reasons exist for why instability in the romantic
relationship history of parents may negatively affect children, exposure to
father absence and family instability are not experienced by all families at
similar rates (Cohen and Pepin 2018). The propensity of individuals to
experience divorce or separation differs in a population and may generate
selection bias for estimating the effect of father absence on children’s
wellbeing (Hadfield et al. 2018; Héarkonen, Bernardi, and Boertien 2017).
Research in this area stresses the role of selection due to confounding
factors, those which affect the risk of experiencing father absence and
children’s well-being. The selection hypothesis proposes that factors such as
low income, unemployment, or low education, which are associated with
changes in family structure, drive the negative association found in the data
(Jackson 2016). Critics of the father absence literature argue that the
negative association between the departure of the biological father and
children’s well-being follows from those parental characteristics that make
children from specific backgrounds more prone to experience disruptions in

the partnership trajectories of their parents.



Life course selection bias

The selection hypothesis, as selection bias is known, is a competing causal
hypothesis that explains the small negative effects of father absence by
considering what happens before, and therefore causes the departure of the
biological father. However, this hypothesis has not been considered from a
life course perspective. Employment, educational, housing, living
arrangements, health, relationship quality, and wellbeing trajectories of
parents, which may lead to divorce or separation, may further confound the

negative association between the departure of father and children’s wellbeing.

It is worth noticing that the prevalence of worsening trajectories can vary by
racial-ethnic groups, as defined by overlapping categories of gender and
race-ethnicity (Lee and McLanahan 2015; Cavanagh and Fomby 2019;
Cohen and Pepin 2018), as suggested by intersectional research (Collins
2009, 84). The thinking around confounder trajectories and their effect on
family structure was implicit in the pioneering works of Du Bois (1899) and
Frazier (1928), when these authors discussed the higher prevalence of single
motherhood among US Blacks. Both authors pointed out that the root
causes of problems affecting Blacks were traced to the effects of racial
oppression and poverty, especially as they related to inadequate housing and
segregation, Blacks’ low educational levels, and their low occupational class

attainment, and not on the absence of any family structure.

In other words, what may explain that children exposed to father absence
tend to, on average, do worse on various measures of wellbeing than children
raised by their two biological parents, are the negative and self-reinforcing
cumulative experiences that build up and lead parents to divorce or separate,
and that affect children’s wellbeing, regardless of their racial-ethnic
background. These negative experiences lead parents who follow a particular

life course to be exposed to transitions in their partnership trajectories with



more frequency than others, whose life course sets them apart from other

pathways in their family formation history (Aisenbrey and Fasang 2017).

I argue that estimating the total effect of a family transition such as the
departure of the biological father out of the family unit should also account
for life course selection bias. Following a life course perspective, this concept
captures the specific biasing effect that the confounders’ trajectories may
have in effect estimation dynamically. Dynamic confounding is
fundamentally linked to the departure of the biological father, although is
often considered in more complex forms of selection as studied when
examining the effects of number and type of family transitions experienced
during childhood (Lee and McLanahan 2015; Wu 1996). However, father
absence corresponds to the first of the many other family transitions

children might experience, perhaps the most critical one.

Life course selection bias corresponds, thus, to the effect that trajectories of
confounders, their history, have on the risk of divorce or separation. This
goes beyond the simplification that only the immediate past matters and
extends our consideration of potential confounding to other multiple-ways in
which confounders’ trajectories or history interact. For example, Hansen
(2005) shows that unemployment episodes increase divorce or separation risk
(Wagner 2020), where parents unemployment also negatively impacts
children’s wellbeing (Nomaguchi and Milkie 2020). Not only one episode of
unemployment generates negative effects, but recurrent unemployment
episodes may have similar and cumulative effects as well, and as some argue
is a difficulty for single mothers in urban US (Edin and Kefalas 2005). It is
in this sense that the probability of divorce as a function of unemployment
may not correspond to a memory-less process. Therefore, following
principles such as cumulative disadvantage (DiPrete and Eirich 2006), which
imply confounders’ trajectories would matter because of their effects on

children’s wellbeing and on the risk of exposure to father absence,



adjustment for confounders’ trajectories might be relevant for estimating the

effect of father absence on children’s wellbeing.

Prior processes leading to family instability, as seen in the trajectory of
confounder covariates, are as important in both the selection of individuals
into specific family structures and the wellbeing of children (Amato 2010;
Cavanagh and Huston 2008; and Morrison and Cherlin 1995). They may
even make up the main confounding mechanisms. Life course studies of
demographic behavior suggest that biographical, historical, and ecological
changes are as relevant, as the immediate past, for unraveling causal
relations between events that occur at different time points (Elder Jr,
Shanahan, and Jennings 2015; and Macmillan and Copher 2005). However,
the role of the not so immediate past has been ignored by earlier research
portraying family instability as having long-lasting consequences

(McLanahan 2004; McLanahan, Tach, and Schneider 2013).

Methods and Data
Causal inference for family transition effects, re-examined

From a causal inference perspective, the departure of the biological father is
as a point-in-time event that may occur to a child and her mother at some
specific point in their life courses, for most children happening only once in
their lifetime (Turney and Halpern-Meekin 2020). A dichotomous variable
Z €{0,1} denoting the time when the father left the household may
represent this event. Following the notation of Holland (1986) and Rubin
(1974), the focus of the father absence literature is on comparing potential
outcomes on some child wellbeing indicator between children who
experienced this form of family instability, Y;(Z = 1) = Y;(1), and children
who did not experience it, Y;(Z; = 0) = Y;(0), that is under Z =1 or Z =0,

respectively. It is not possible to estimate the difference in potential
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outcomes for any given child 4, represented by Y;(1) — Y;(0), because only
one of these potential outcomes is observed: Y; = Y;(1)Z; 4+ Y;(0)(1 — Z;).
Therefore, instead, the alternative is to estimate the sample average
treatment effect, denoted by > i ;(Y;(1) — Y;(0)), and the sample average
treatment effect on the treated, denoted by >3 ., _;(Y;(1) — Y;(0)), or a
conditional version of these, the conditional average treatment effect

(CATE).

Specifically, this implies that the role of two crucial assumptions of causal
inference, unconfoundedness and common support (J. Hill 2011), deserves
special reconsideration if indeed life course selection bias drives to some
extent these associations. Unconfoundedness, the first of these assumptions,
denoted by Y (0),Y (1) L Z|X, means that given a set of covariates X, it is
safe to assume that children’s potential outcomes are independent of the
family transition experienced, where X contains all confounder covariates
occurring before the father leaves the family unit. Although a solution
might be to include the trajectories of all these confounders into statistical
linear models to adjust for remaining confounding, such a strategy could be
bias increasing because of a small sample size relative to the number of
covariates (Middleton et al. 2016). The second assumption is that of
common support which says that the probability of experiencing this
treatment must be greater than zero for all children, 0 < Pr(Z = 1|X) < 1,
thus guaranteeing a sufficient overlap between the two groups under
comparison. Additionally, as stressed in J. Hill and Su (2013), OLS
estimation using a matrix of confounder covariates X that is
high-dimensional compromises the strong ignorability assumption, as would
happen when adjusting for confounders’ trajectories, and especially so when
employing parametric statistical models. These issues, when unattended to,
may lead to extrapolation and lack of common support (i.e., treated units

have no comparable data points for a credible counterfactual to be found).
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From this perspective, if indeed is necessary to adjust for life course
selection bias, estimating the effects of the departure of the biological father
must overcome three major difficulties. First, given that is unfeasible to
assess the effects of family instability through a controlled experiment, and
given that researchers lack a proper natural experiment randomizing
allocation to family instability (Corak 2001; Gruber 2004; and McLanahan,
Tach, and Schneider 2013), selection-on-unobservables is the main potential
source of bias. By assuming selection-on-observables and under a life course
perspective, however, current strategies aimed at adjusting for as many
confounder covariates as possible employing improved surveys or specific
methods that account for time-invariant confounders reach their limit by

including more confounder covariates to adjust for selection bias.

Second, lack of common support turns more likely by adjusting for more
confounder covariates to tackle omitted variable bias (J. Hill and Su 2013),
meaning that is less and less possible to find comparable children on all
covariates among exposed and unexposed children. Given that confounder
covariates may also play a role dynamically, and not just statically, adjusting
for baseline confounder covariates is not enough. Previous research suggests
that the biographical elements of interrelated family members (mother,
father, and their children), in multiple socioeconomic domains, should also
be considered in estimations of the causal effect of father absence in so far
as it cumulatively contributes to the probability of experiencing a family
transition, and therefore to selection into divorce or separation. To do so,
however, would require adjustment for an even larger set of confounder

covariates and their potential dynamic and inter-temporal interactions.

Third, and because of these two preliminary considerations, previous
research has often relied on untestable and strong parametric assumptions (J.
Hill and Su 2013). Statistical inference relies on assuming a correct model

specification to estimate the effects of family transitions, and on the model’s
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ability to extrapolate to areas where no data was observed. This is not
satisfied when there are not enough comparable units in the treatment or
control groups. Therefore, the question remains whether the effects of family
transitions would hold, given that models used to estimate assignment to
treatment or to estimate the response surface, or both, are mis-specified, a
problem that would give rise to a lack of common support and extrapolation.
Methods such as propensity score matching may overcome the reliance on
parametric assumptions, but they also rely on specific parametric
assumptions used to capture how the treatment assignment takes place. The
balancing properties of the propensity score depend on these assignment
models also being correctly specified; again, an untestable assumption when
treatment assignment models include more confounder covariates. Given
that the child’s gender or their racial-ethnic group may moderate the effects
of family transitions, simply including these covariates in the model might
not appropriate if effects indeed differ by subgroup. Separate models can be
fit to account for this possibility, as in stratification or subgroup analyses,
but they inflate the rate of type I error because they would artificially
increase the chances of finding a statistically significant effect by the mere
act of performing more comparisons, more so if we were to include an

interaction between gender and race-ethnicity (Schulz and Grimes 2005).

Bayesian additive regression trees

More flexible methodological approaches are thus needed. Unbiasedly
estimating the effect of interest which corresponds to the conditional
expectation of the outcome Y given that children have been exposed to the
divorce or separation of their parents Z, requires adjustment for all observed
confounding covariates, as in E(Y|Z, X = X) where the matrix

X = (Xop, X1, ..., X¢—7) denotes the trajectory of a relatively large

multidimensional set of confounder covariates, and also the time-invariant
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ones, and where 7 denotes the period before divorce or separation. For a
family transition from father presence to father absence, this would mean
accounting for all observed factors that may lead to this transition and that
may affect children’s well-being. However, the adjustment set should not
include mediating factors that explain, in part, the hypothetical effects of
father absence, such as marital or relationship quality, or income and

employment of the mother after the father left the household.

For example, a downward income trajectory, precarious working conditions
over the working life of the child’s parents, or housing instability, up to the
point before divorce or separation, may put more pressure on families and
cumulatively affect family stability and children’s wellbeing. To prevent
estimating the conditional expectation with further bias, we should look for
alternatives to the generalized linear regression models, thus avoiding the
curse of dimensionality, poor balance, lack of common support, and a strong
reliance on untestable parametric assumptions. These often-neglected forms
of bias easily appear in this scenario because a multiplicity of factors
explains family dynamics. Moreover, if life course selection bias plays a role,
as I advance in this paper, the trajectories of the confounder covariates are
also of importance, and we should therefore adjust for the confounder

covariates’ trajectories.

In this context, machine learning and causal inference may provide a
convenient solution to the challenge of estimating the effects of complex
family dynamics (Dorie et al. 2019; and Molina and Garip 2019). As
discussed in J. Hill and Su (2013), these methods can address more complex
selection processes, as well as those other sources of bias so far unexplored
in the literature on family instability. One such method corresponds to
BART. BART could balance the distribution of the relevant confounders of
father absence and children’s outcomes by combining two elements: a

sum-of-trees and a regularization prior. Given that estimating the

14



conditional average treatment effect is equivalent to the evaluation of two
response surfaces, each corresponding to the distribution of the outcome
variable of interest under the two types of exposure, namely

E(Y(1)|X) =EY|X =%),Z =1) = f(1,%) and

E(Y(0)|]X) = E(Y|X =X),Z = 0) = f(0,%), one response surface
corresponding to the conditional expectation for children who experienced
the departure of the father, and another one for children who remained in
stable families. BART can flexibly estimate each of these unknown functions

in a nonparametric fashion.

The first element of BART, the sum-of-trees, is a sum of J binary decision
trees which split the sample following the most predictive covariates of the
treatment (i.e., father departure of the household) and the outcome (i.e., an
indicator of children’s wellbeing). Each tree corresponds to a nonparametric
model for the outcome variable Y, and the algorithm constructs multiple
trees and combines them. The second element of BART refers to
regularization priors corresponding to the number of trees, the variables on
which to split, as well as their values, and other parameters used to fit these
trees, where regularization refers here to adjustments to the method used to
reduce its generalization error. The role of these regularization priors is to
prevent BART from overfitting the model to the observed data (Chipman et
al. 2010; and J. Hill 2011). BART’s algorithm employs Markov chain Monte
Carlo methods, similar to the logic behind ensemble learning in boosting
(Friedman 2002). The joint estimation of all parameters is derived from the
posterior predictive distribution of Y. Thus, BART is a desirable alternative
to more traditional approaches based on generalized linear models because it
may help us overcome some of the strong assumptions on which the father
absence literature, as well as sociological theory, rest (Abbott 1988). J. Hill,
Linero, and Murray (2020) summarizes the method and its underlying

assumptions, as well as computational details. A more detailed explanation
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of the methodological aspects of the algorithm is provided in

Supplementary Materials - Chapter 2.

Data

I estimated the effects of the departure of the biological father using data
from the Fragile Families and Child Wellbeing Study (FFCWS). In this
study, researchers have followed for over twenty years a cohort of American
children that were born between the years 1998 and 2000 in US cities with a
population greater than 200,000 (Reichman et al. 2001). The study is based
on a probabilistic sample with a complex design in which cities, hospitals,
and beds in the selected hospitals were randomly and sequentially sampled,
to arrive at a final sample of births in large US cities. For an overview of
the data response rates, sample weights and sampling designs see FFCWS
(2019) and Kennedy and Gelman (2018). The FFCWS over-sampled births
to unmarried opposite-gender parents, which experience more family
instability, but it also captured many married and unmarried couples who
were living together at the time of the birth of the child (approximately

n ~ 2000). Although the sample design sought to capture disadvantaged
families, children from more advantaged backgrounds were, however, also
part of the sample. These advantaged children are, however, the least
exposed to father absence or family instability (Kalmijn and Leopold 2020),
and the least affected by the hypothetical effects (Cavanagh and Fomby
2019). Table 1 provides an overview of all variables used in the analysis, as
well as their construction or operationalization, and the original questions

on which they are based.

Variables: treatment, confounders, and outcomes

The treatment or exposure of interest is the departure of the biological

father. I compare children who were still living together with both of their
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biological parents in one wave, to children who stopped being coresident
with their father and lived only with their mother in the next wave, but
excluding the few cases where this was because of father’s death. Here I
focus on the first departure of the biological father, the only one for most
children, and the most important and consequential one for later changes in
family structure. As shown in , with each wave the analytical sample
reduces to the remaining stable families. Children in those families that did
not split between waves correspond to the “control” group, a group that
shrinks over time, whereas the families in which the biological father left are
the corresponding treated or exposed group. In these analyses, I consider
the first 15 years of follow-up. At each wave, family structure was coded as
being: a) biological two-parent married; b) biological two-parent unmarried;
¢) divorced or separated, but the mother with another partner; and d)
divorced or separated, but with the mother remaining single. Only cases
where the child lived with the mother were considered, since the group of
children living with the father after divorce or separation is considerably

small.

I coded the departure of the biological father as a binary indicator for
children who were born to opposite-gender two-parent married or unmarried
couples, but who were not coresident with their biological father anymore at
the next wave. This is a necessary abstraction given the overall focus on
father absence, though it does not allow for a further examination of
different custodial arrangements after the father’s departure, which may
moderate the effect. Given that the entrance of a social father often follows
the departure of the biological father, in order not to mix up the effect of
father absence with the entrance of the stepfather, I did not include cases
where both transitions occurred between waves. This makes possible
distinguishing one effect from the other. After the departure of the

biological father took place, children exposed to this transition were
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excluded from the analytical sample for the estimation of effects in
subsequent waves to only capture the timing of the effect. Therefore, the
analytical sample at time ¢ is composed of children in remaining stable
families in the previous wave. I did not consider the cases in which both
biological parents started a cohabitation spell after the child’s birth because

they did not make up stable families from birth onward.

To provide leverage on the selection-on-observables assumption, I selected
two large sets of potential confounder covariates: a time-invariant and a
time-varying one. All models adjust for the following time-invariant
confounders: child’s gender assigned at birth; low birth weight (yes or no);
whether mother consumed alcohol, tobacco or other drugs during pregnancy
(ves or no indicators); mother and father’s ages at time of birth; their
educational levels (i.e., less than high-school; high-school or GED; some
college or technical education; and college or graduate education); their
self-assigned racial-ethnic categories (White, non-Hispanic; Black,
non-Hispanic; Hispanic; and other); their religiosity or frequency of religious
attendance; their migration background (i.e. were you born in the United
States; yes or no); their self-rated health (poor or fair health v. good, very
good or excellent); whether mother and father were living with both of their
respective parents during adolescence (yes or no); whether the mother had
thought about having an abortion or the father had suggested the mother to
have one (yes or no); whether pregnancy affected the relationship between
mother and father (worse, same or better); whether the father’s last name
would be in the birth certificate of the child; and finally whether the mother
had worked in the year before the child’s birth. Additionally, I included an
indicator of the mother’s cognitive abilities measured by the Peabody
Picture and Vocabulary Test. All these variables were observed at the
child’s birth, except for the mothers’ language ability score which was

captured on the 3rd wave. This selection of confounder covariates follows
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previous research (Cohen and Pepin 2018; Hérkénen 2014; Lichter, Price,
and Swigert 2019).

Besides those factors, time-varying confounder covariates may also
contribute to explain the departure of the biological father dynamically.
This selection of variables is in line with the work of Lee and McLanahan
(2015) and others, but I added trajectories for characteristics such as alcohol
problems in the family, household composition, public financial help,
monetary help from relatives, household wealth, mothers’ and fathers’

occupational attainment, residential instability, and neighborhood violence:

Parents’ health: The overall health of the mother was assessed employing
a subjective rating. Whether the mother met the criteria for depression and

parents’ alcohol problems was also included as binary indicators.

The relation between parents: Low relationship quality between father
and mother based on self-rated relationship quality indicator. I included an
indicator of whether the mother reported that her partner had verbally or
physically abused her. A binary indicator of whether the biological father
had ever been in jail was also included, given that it may affect the

relationship between mother and father, although not necessarily break it.

Living arrangements: I compared children in nuclear households (where
the child lives only with the two biological parents, with or without siblings)
v. extended (where the child lives with further extended kin, like
grandparents, uncles, aunts, or cousins; with or without siblings) or
composite households (where the child lives with people who are unrelated
to her; with or without siblings). The presence of siblings from the current
or previous relationships, through a binary indicator for the presence of
mother-side siblings in the household, as well as a binary indicator for
multipartner fertility (whether the mother had children with other men

different than the father of the child).
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Socioeconomic indicators: An indicator of public financial assistance in
the form of Temporary Assistance for Needy Families (TANF) or food
stamps (yes or no); monetary help from relatives (yes or no); and housing
wealth which was constructed based on whether households owned the house
they lived, the estimated value of the house minus the debt on the house.
For households in which none of its members owned the house where they
lived in, a value of zero housing wealth was given; and given that housing
wealth was not asked in wave 1, I used data from wave 2 for households that
did not change residence between birth and the first year of life). Finally, I
included the income to poverty ratio categories (with categories of more
than 300%, btw. 200-299%, btw. 100-199%, btw. 50-99%, and btw. 0-49%
of the national poverty line) and the equivalent household income at each
wave (both of these variables constructed by the survey organizers, which
included income from all sources). Parents’ occupational attainment was
also included. These variables were classified into seven categories:
white-collar, high skill (e.g., professional, technical, admin., and executives);
services, high skill (e.g., sales, admin. support and services); manual
blue-collar (e.g., repair, inspection, and transportation); other low skill (e.g.,
cleaning, farming and other); self-employed; unemployed; and out of the

labor force (OLF).

Residential instability: I included changes in residence concerning the
previous wave (yes or no), and whether the house the family currently lives
in is rented or owned. Finally, to partly capture neighborhood effects, a
subjective rating of the neighborhood’s safety (very unsafe, unsafe, safe, and
very safe) was included. Indicators of whether the mother would be afraid
to let her child go outside due to street violence were included in waves for

which the neighborhood safety question was not asked.

Previous research has neglected some of these time-varying variables, even

though there is evidence suggesting how they may affect family instability
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(e.g., Bourdieu 1993; Edin and Kissane 2010; Straus 2017). Therefore, this
paper considerably enlarges the set of potential dynamic confounders from

what in previous research might correspond to unobserved confounders.

Regarding child wellbeing measures studied in this paper, I looked at a
broad selection of child wellbeing indicators, taking advantage of the rich

information in the FFCWS:

Health: When children were one year old, mothers were asked at each wave
whether a doctor had diagnosed the child with asthma. I constructed a
dichotomous indicator when mothers responded affirmatively to this
question, with no diagnosis of asthma as the reference category. The
FFCWS calculated children’s BMI, standardized by age and gender, when
children were three, five, nine, and fifteen years old. Based on this
calculation, I constructed a dichotomous indicator for overweight or obesity
in childhood and adolescence, defined as those children’s BMIs that were
above the 85th percentile of the weight distribution at each year (Cote et al.
2013). Finally, at the 6th wave, to assess healthy behavior, I constructed a
dichotomous indicator that captures whether children, already in their
teenage years, had tried alcohol, tobacco, or any other drug or substances,

with no use of any substance as the reference category.

Behavioral Ratings and the "non-cognitive" domain: The
socio-emotional domain considers outcomes that relate to problematic
behavior in children and adolescents. At the second wave, when children
were only one-year-old, the child’s emotionality and shyness were assessed
employing mothers’ ratings on a subset of questions taken from the EAS
Temperament Survey for Children (Mathiesen and Tambs 1999).
Emotionality refers to irritability or anger, whereas shyness is related to
behavior with strangers. Both constructs are associated with later anxiety

and depression in young adulthood. I use maternal ratings on six items
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(three for emotionality and three for shyness) on a five-level scale to show
how characteristic a specific behavior was in her child (from 1 being “not
characteristic or typical of your child” until 5 being “very characteristic or
typical of your child”). Child Behavior Problems were assessed at the third,
fifth, ninth, and fifteenth follow-up surveys. These are based on different
subsets of questions from the Child Behavior Checklist 2-3 (Koot et al.
1997). Again, maternal ratings were used on a three-level scale indicating
whether a given item was not true (0); sometimes or somewhat true (1); or
very true or often true (2) of her child. Two additional measures of behavior
in school were included for the time children were adolescents (fifteen years
old): a binary indicator for whether the child had ever been expelled or
suspended from school; and the trouble at school scale, which consists of a
series of statements about situations that may occur to the child in the
school context (e.g., paying attention at school, getting along with
classmates and teachers, and getting homework done) evaluated by children
themselves on a scale from never (=0) to every day (=4). For all constructs
based on rating scales, I calculated a total score by adding the individual
items in each scale, following previous research and the FFCWS

recommendations.

Cognitive development and educational achievement: The Peabody
Picture and Vocabulary Test (PPVT) was assessed when children were
three, five, and nine years old (Hodapp and Gerken 1999). This
standardized assessment measures the verbal abilities of children in English
and is additionally considered as an indicator of cognitive development. In
addition to that, at the sixth wave, teens were asked about the grades they
obtained at the most recent grading period in the subjects of science,
history, mathematics, and English or language arts (i.e. A, B, C, D or lower,
no grade or pass/fail only). Based on these grades I constructed the GPA at

age 15. Finally, the event of having ever failed a class, also as a dichotomous
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indicator, was considered as an additional measure of educational

achievement.

Analytical strategy

First, estimates of the CATE employing BART serve as a contrast to the
more conventional approach of ordinary least squares (OLS) baseline
adjusted estimates. In these two models, I adjust for all time-invariant
confounder covariates, as well as the pre-family transition time-varying
covariates observed at ¢t — 1. I estimate the conditional expectation for each
outcome given the treatment and adjusting for baseline confounder
covariates, as in E(Y;|Z;, Xo) at each time point 7, adjusting for all
variables listed in Table 1. For binary indicators of wellbeing, I do this
employing linear regression probability models, and for the continuous ones,

after standardizing these scales, also linear regression models.

Second, I compare two BART estimates of the CATE to evaluate the
relevance of including the confounders’ trajectories. This is a comparison of
two different CATE estimates employing BART, one adjusted for baseline
confounders only, and another one adjusted by all confounders and their
trajectories. For each wellbeing outcome Y; I obtained BART estimates
given the treatment Z, and adjusting for time-invariant at baseline and the
history of time-varying covariates X;_, = (Xg, X1, ..., X¢_), all measured
before the departure of the biological father, which does not include any
mediating factor between the departure of the father and the measurement
of children’s wellbeing. Based on the work of J. Hill and Su (2013), I
excluded units whose predicted counterfactual outcome was one standard

deviation higher than the observed values for the actual treated units.

Third, given that the effects of family instability may also appear later, I

estimate the CATE of earlier father absence on later wellbeing outcomes
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using BART, adjusting for the trajectories of confounders. I do this for
transitions taking place before 5 years old (early childhood), before 9 years
old (middle childhood), and before 15 years old (adolescence). I do this for
multiple outcomes studied right after the experience of the family instability,
and for later outcomes under an intention-to-treat principle, i.e., regardless
of what other family structure changes children might have experienced
(Gupta 2011). Although these estimates may underestimate the
hypothesized positive effects of father presence on the later outcomes
because stable families may not comply with their status and later divorce
or separate, they do not, however, affect the estimation of the immediate
effects; whereas it would leave unaffected the negative effect of father
absence given that the subsequent episodes of family instability of
single-mother families should be considered as mediators, and therefore
should not be adjusted for in the estimation of the total effect of father
absence. Therefore, estimates of the timing effects of father absence
presented in this paper should be interpreted as a conservative upper bound
for the effect of father absence. But this distinction makes little difference,

given the broader statistical tendencies shown by the data.

The average percentage of missing information in the analytical variables
was around 18%, which does not deviate much from other longitudinal
designs (Huque et al. 2018). To address bias caused by missing information,
I use multiple imputation by chained equations with a total of M = 20
imputations, assuming missingness at random (van Buuren and
Groothuis-Oudshoorn 2011). The imputation model uses the CART
algorithm to find the best set of predictors among the analytical variables to
impute the data using all information available across waves, with 10
iterations per imputation (Burgette and Reiter 2010). Only values observed
in previous waves are used to impute the missing value at each wave (i.e.,

observations at time ¢ — 1 are used to impute values at ¢). Linear regression
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results make use of the sampling weights using the method of replicate
weights, as explained in FFCWS (2019) which accounts for the
over-sampling of births to non-married mothers. So far, no method or
general recommendations exist for the use of replicate weights with the
algorithm BART (Austin, Jembere, and Chiu 2018; DuGoff, Schuler, and
Stuart 2014; and Ridgeway et al. 2015). However, this might not pose
substantial problems given the variance reducing properties of tree-based
methods, such as BART, which may compensate for the remaining bias of
not accounting for survey design providing more precise estimates. This
form of bias should be expected to be small given the strong reliability of
the method to arrive at a fair comparison. The package ‘bartCause’ v. 1.0-4

in R v. 3.6.1 was used to estimate the CATE (J. Hill 2011).

Results

Figure 1 show the sizes of analytical samples at each time point. The figure
shows the reduction in sample sizes as a result of selecting on the family
status, which is needed to estimate the effect of interest (i.e., only remaining
stable families are considered for the estimation of the later effects).
Supplementary Materials - Chapter 2 show descriptive statistics for
the main baseline characteristics, time-fixed and time-varying variables,
broken down by family instability (stable v. unstable) at each of the
follow-up time points. The departure of the biological father is more
frequent among younger parents who are Black, non-Hispanic; with less
than High school; etc., as found by previous research (Hérkonen, Bernardi,
and Boertien 2017). As children age, differences between families who
experience instability on the baseline confounder covariates increases, and
children who experience father absence differ on many characteristics from

children not exposed to this family transition.

To achieve a fair comparison, it is therefore critical to consider differences in
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life courses. Figures 2, 3, and 4 show estimates of the CATE for each child
wellbeing dimension, employing BART Baseline (adjusting for the same set
of confounders as the linear model, measured at baseline) and BART All
(adjusting also for their trajectory before the separation or divorce), with
their respective posterior 95% credible regions, organized from highest effect
size to lowest; and right above these are the estimates from a linear model
adjusted by baseline confounder, and their respective 95% confidence
intervals. The first noticeable feature is that BART estimates are rather
similar to each other and, for most outcomes, similar to the OLS baseline
adjusted models. Therefore, for most outcomes, the linear model would
seem to be sufficient to estimate the effects. Adjusting for the trajectory of
confounders makes little difference for most outcomes examined in early and

middle childhood, with a different pattern for outcomes in adolescence.

Second, the comparison illustrates that BART All’s estimates are smaller
and closer to zero than the adjusted estimates illustrated by the OLS
baseline adjusted models. The center of the confidence intervals is shifted
towards zero for almost all effects. Although confidence intervals overlap to
some extent, they are marginally narrower than those of the OLS baseline
adjusted models, and the overlap should not be taken to mean that effects
are equal. A sizable difference in these estimates can be seen in the shift
towards zero. For example, for the outcomes “Asthma at 15 y/o”, “Asthma
at 5 y/o”, “Behavioral problems at 15 y/o”, “Behavioral problems at 9 y/o”,
“Trouble At School at 15 y/0”, “Shyness 1 y/o”, “Ever suspended from
school by 15 y/0”, “GPA at 15 y/0”, and “Ever Failed a class by 15 y/o”,
the credible intervals of BART All and BART Baseline contain zero,
whereas the OLS baseline adjusted model does not. Therefore, the use of
BART leads us to draw different conclusions: If we restrict our analyses to
the standard methods, we would have to conclude that father absence has a

negative and statistically significant effect on some of the child wellbeing
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dimensions, whereas our BART estimates show this is not the case. This
finding might have resulted from BART’s strategic search for and selection
of confounder covariates, and especially from its nonparametric nature.
BART makes results less dependent on researchers’ discretionary choices
and on the strong parametric assumptions embedded in standard statistical

models, which extrapolate to areas that lack common support.

The third observation that follows, however, is that for outcomes measured
at later ages the BART All and the BART Baseline estimates differ on a
small magnitude, as seen for the nine and fifteen-year-old outcomes (e.g.,
“Cognitive Skills at 9 y/0”, “GPA at 15 y/o”, “Ever Failed a class by 15
y/0”, “Behavioral problems at 15 y/0”, and “Trouble At School at 15 y/0”).
BART All estimates show a further small shift of the interval towards zero
without larger standard errors. Though this difference would not be
statistically significant, it is relevant given the overall small effect sizes. This
shift may signal that the older the child the more important the trajectories
of confounders become because the events that compose the trajectories of
confounder covariates are directly experienced by the child. Although the
shift is small and there is an important overlap of the confidence intervals, if
confounders’ trajectories would not matter, we should not see a shift in the
point estimates. Moreover, for “GPA at 15 y/o” the shift of the interval
when adjusting for confounders’ trajectories includes zero. This only
happens for one of the outcomes here examined, but if we had ignored an
adjustment for confounders’ trajectories, we would have reached a different
conclusion, namely that a negative exists on this outcome instead of the lack

of evidence for it.

Given that the largest effect sizes on children’s wellbeing correspond to the
effects of father absence when it occurs close to or during adolescence, the
periods of infancy, early, and middle childhood seem unaffected by the

departure of the biological father, as shown in other research (Hadfield et al.
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2018; Lee and McLanahan 2015), and in contrast to Cavanagh and Huston
(2008)’s findings. Given the overall small effect sizes, differences in point
estimates are small. However, most wellbeing dimensions examined during
adolescence show also no sizeable negative effect, with the sole exception
being the higher rate in substance use among fifteen-year-olds, which seems
unaffected by the adjustments of BART. This suggests there might be a
causal negative effect of the departure of the biological father, on the risk of
prior substance use among teenagers who experienced their biological
father’s departure from the family unit, even after adjusting for life course

selection effects.

To explore matters further, I also estimate the delayed effects of earlier
father absence on later wellbeing outcomes using only BART All, as shown
in Figure 5 for early childhood, in Figure 6 for middle childhood, and in
Figure 7 for adolescence. These figures show point estimates of earlier
experiences of father absence on later outcomes, and their 95% posterior
credible regions. There is little evidence of delayed effects of father absence
during early childhood for transitions occurring before children were five
years old, and for transitions taking place before children were 9 years old as
well. We see this in the flat curves for the prevalence of asthma and obesity,
as well as on the curves of behavioral problems and cognitive skills scores in
these age groups, which suggest early father absence effects appear neither

in early or in middle childhood.

However, Figure 7 shows a more complex pattern for wellbeing in
adolescence. In the health domain, curves for the prevalence of asthma and
obesity are flat, with some slight increases when the father’s departure took
place during infancy, similar to results for UK children (Goisis, Ozcan, and
Van Kerm 2019). For substance use by fifteen-year-olds, for which the
largest effect size was found, there is evidence of fade-out effects, meaning

that earlier experiences of father absence have smaller effects on this

28



behavior than the more recent transitions; though the posterior credible
regions contain the value of zero. For the behavioral domain, effects on
Behavioral problems, on trouble at school, and on having ever been
suspended from school, results suggest that the departure of the biological
father during infancy, early or middle childhood may have effects that
appear later on when children reach adolescence, although these differences
cannot be distinguished from zero. Among the schooling outcomes, there
seems to be an effect of the departure of the biological father during infancy
on failing a class. However, this outcome cannot be assigned to a specific
developmental stage because it refers to having ever failed a class, though it
was measured when children were fifteen years old. For the GPA, results
suggest fade-out effects as well. Thus, evidence suggest the effects of father
absence may be salient around adolescence, a critical developmental stage,
where the confounding adjustment for life course selection bias turns the
most relevant, in consonance with the more important role of cumulative

disadvantages in selecting for divorce or separation.

In summary, evidence suggests that delayed effects of father absence can be
to some extent found for behavioral outcomes when children reach
adolescence, though not for health-related or scholarly performance, and not
during early or middle childhood. Even though most effects are not
statistically significant under the null hypothesis of no effects, we can
observe the timing effects on the problem behavior dimension of wellbeing
for fifteen-year-olds, particularly when transitions took place many years
before. This finding provides more confidence for a small and negative

causal effect of father absence during this developmental stage.

Discussion

In contrast to the conclusions of McLanahan, Tach, and Schneider (2013),

who summarized the evidence for the causal effects of father absence, my
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results suggest that the departure of the biological father does not have
substantive negative effects on children’s wellbeing. Exposure to this form of
family instability may therefore be considered or interpreted as a marker of
life course socioeconomic disadvantage, rather than a cause of negative
effects. However, when children in this urban US sample reached
adolescence, small negative effects appeared in the behavioral dimension of
wellbeing. Although this result requires further investigation, it would
correspond to a truly causal effect of father absence on children’s wellbeing.
This may imply that small negative effects of father absence are

characteristic of adolescence.

However, these findings contradict the family stress theory regarding the
effects of father absence, and are not supportive of the family instability
hypothesis. If a lack of resources or disruptions in the family system caused
by the departure of the biological father brings about negative effects on
children’s wellbeing, these should be found for most outcomes across
children’s life course, not just for one single outcome observed in
adolescence. Although the family instability hypothesis focuses on the joint
effect of further episodes of instability, that theory relies on the assumption
that the departure of the father has negative effects on children and
therefore this paper provides evidence that does not support that hypothesis
either. Moreover, estimates on later outcomes are of a similar or smaller
magnitude than the estimated effects on outcomes measured right after the
experience of father absence, which were all between null to small effects.
These small effects are found for families within large cities in the US, for
which the FFCWBS was designed. Similar effects could be larger or smaller
in other contexts depending on the existence and strength of the safety net
supporting families and single mothers (Edin and Kissane 2010). For
example, De Vaus et al. (2017) show variability in the effects of divorce on

women’s household income across OECD countries, pointing towards a
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country’s social security system, social safety nets, and labor market

characteristics as important modifiers or moderators of these effects.

Overall, evidence suggests that father absence has no substantive negative
effects on early or middle childhood wellbeing indicators. Selection accounts
for all the differences in children’s outcomes between those exposed to the
departure of the biological father and those children unexposed to this
transition. Similarly to studies on fade-out effects of early childhood
interventions, the effects of father absence early in childhood on later child
outcomes also tend towards zero (Cavanagh and Huston 2008; Bailey et al.
2017). This paper’s results are robust to the inclusion of the observed
history of confounder covariates that may affect selection into this form of
family instability, which was obtained by adjusting for more confounder
covariates. The results are also robust to assumptions about correct model
specification, thanks to the use of a non-parametric estimation method
designed for causal inference. This leads us to reconsider why changes in
family structure would have long-lasting consequences in the lives of
children, as to reproduce inequality and disadvantage across generations,
when the effects of the departure of the father are small, in most cases not
even distinguishable from the null, and especially when effects of targeted
developmental interventions instead, with much larger effect sizes, fade out

over time (Bailey et al. 2017).

However, despite the more stringent adjustments employed by BART, for
the behavioral domain among adolescents I found negative effects of the
departure of the biological father. The fade-out plots suggest earlier
experiences of father absence when children were 1 and 9 years old appeared
to affect problematic behavior when children reached adolescence, as found
in other research (Ryan and Claessens 2013; Laird, Nielsen, and Nielsen
2020). Thus, although most of these effects cannot be distinguished from

zero, results suggest adolescents exposed to this family transition are more
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likely to have tried substances such as alcohol, tobacco, or drugs, to fail a
class in school, or to be suspended from school, as well as to show higher
scores on the behavioral problem rating scale; net of all previous
characteristics that may affect selection into divorce or separation. These
outcomes are markers of behavioral or non-cognitive development linked to
low self-regulation (Magar, Phillips, and Hosie 2008). Prior research had
identified problem behavior as a sensitive domain in which changes in family
structure may bring about negative consequences for children (Cavanagh
and Fomby 2019; Fomby and Cherlin 2007; and McLanahan, Tach, and
Schneider 2013), but the results of the more robust analysis presented in
this paper point towards adolescence, and not early childhood, as the
developmental stage in which the effects of father absence appear. The
consequences of these small differences may turn out to be of substantive
importance, given that many crucial educational and work choices take place

during adolescence (Dahl et al. 2018; Spengler, Damian, and Roberts 2018).

In that regard, research shows that interventions geared towards teenagers’
behavior problems may reduce these negative effects (Smithers et al. 2018;
Haggerty, McGlynn-Wright, and Klima 2013; and Patton et al. 2018). This
would be in line with what certain research calls the building of “character
skills” to confront the challenges of growing up into adulthood (Kautz et al.
2014). And as document in the work of McLanahan, Tach, and Schneider
(2013), effects on the socio-emotional development in adolescence repeatedly
appear in earlier empirical work, and they increase adolescents’ risky
behaviors which may explain the effects of father absence on high school
graduation rates. Notwithstanding, comparing effects across life course
stages is difficult because different outcomes might be relevant for different
stages, therefore the effects on adolescence may not be comparable to those
in infancy. Given that most effect sizes were small and most of them not

distinguishable from the null hypothesis of no effect, future research should
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explore the extent to which children’s future chances as adults may depend

on these small differences, or whether effects fade-out in this case as well.

Similar to the arguments made against the conclusions of Moynihan (1965),
policies aimed at promoting stable marriages should foremost address the
long list of factors that put families at risk of dissolution, many of which may
negatively affect children’s wellbeing as well (Maldonado and Nieuwenhuis
2015). Furthermore, social policies that benefit single mothers in the US
have often the unintended effect of discouraging employment and delaying
the formation of stable families (Edin and Kissane 2010; Quadagno et al.
1994, 135-54). For example, factors such as affordable housing, employment,
and housing stability, and family violence, could not only reduce the risk of
divorce or separation but also improve children’s wellbeing without focusing
on stabilizing families (Pilkauskas and Michelmore 2019). We could thus
consider affordable housing policies as an alternative to promote stable
families. Other findings in demographic research are driven to a large extent
by selection effects, such as the associations between fertility and family
policies in Nordic countries (Andersson 2020), and the marriage wage
premium (Ludwig and Briider] 2018; Killewald and Lundberg 2017). In
connection to this, family formation and dissolution are endogenous
processes whose determinants remain to a large extent unknown (Manski
1993; Ginther and Pollak 2004, 691-93; Hirschman 2016). These processes
are determined by numerous complex interacting factors and therefore are

quite unlikely to be affected by narrow policy changes (Cahill 2005).

Despite the advantages of this study, there remain several limitations worth
mentioning. First, the sample only captured children born in big US cities
and therefore the findings of this paper refer to this urban sample. Second,
as most studies based on longitudinal data, attrition may affect estimates in
this paper, given unstable families drop out at higher rates than stable

families. Attrition, however, does not impact the main conclusion of the
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study, which is that better adjustment strategies are needed to make fair
comparisons between different family structures because OLS baseline
control approaches are too simplistic to adjust for confounding. Although
the existence of selection bias may imply the estimated CATEs are closer to
the lower bound, all three estimates would be equally affected by attrition,
thus not affecting one of these estimates more than another. The design of
FFCWS was aware of sample attrition for the study of fragile families, and,
therefore, designed an over-sample of births to unmarried couples. Attrition,
although still playing a role as in any longitudinal study, would not make up
the biggest problem for these findings. Third, another limitation of this
study is that the higher leverage on the common causal support assumption
enabled by BART, comes at the price of not being able to know what goes
on amid interactions between confounder covariates, or which of those

confounders is important.

Moreover, as in all observational studies, unobserved variables may continue
to play a role. For example, the largest negative effects were found when
children reached adolescence, but the 15th year follow-up survey was
separated by six years from the previous 9th year follow-up. Therefore,
these estimates may continue to be upwardly biased because of the
remaining selection bias that I could not adjust for. A conservative
interpretation of these results suggests caution, given the overall statistical
tendencies found for the other estimates. Future studies, perhaps based on
data following children’s development on smaller time intervals, could
explore whether these found negative effects remain when a better
adjustment for trajectories is possible, but such studies often lack many of
the confounders used in the adjustment set in this paper. Therefore, we
require stronger evidence to support claims of father absence affecting
problematic behavior in adolescence. Finally, father absence is never a

complete absence, and some form of visiting or custodial arrangements is in
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place. Therefore, children’s actual lived experiences of father absence may
matter, and depending on custodial arrangements and actual time spent
together with fathers, the effects of father absence may be moderated. Such
analysis would require a different methodological approach to the one

employed in this paper, which is left for further research.

Compared to previous studies on the same effect, the use of BART has
allowed me to include many more confounder covariates than previous
studies had done, and to test whether effects hold employing nonparametric
methods. This study shows how findings of previous research are affected by
the strong and untestable parametric assumptions of statistical models that
are used to show how the effects of father absence affect children’s
well-being, in linear ways (Abbott 1988). This paper overcomes these
limitations by adjusting for multiple-way, non-linear, and time-dependent
interactions among confounder covariates and their trajectories, as observed
before the departure of the biological father. Here I have compared multiple
child wellbeing outcomes that were expected to be affected by father
absence, as hypothesized and explored in this literature, which allows for a
ready comparison of wellbeing domains. To my knowledge, besides
systematic reviews of the literature and a study employing BART and the
FFCWS in a prediction modeling task (Carnegie and Wu 2019), this is the
first study to look at this number of outcomes from a causal inference
perspective, and to report multiple estimates. This paper shows that with
one single exception, effects in the health, behavioral and cognitive domains
tend towards the null hypothesis of no effects. Life course selection bias
seems to play a small though noticeable role for outcomes examined close to
or during adolescence, but not on those in early or middle childhood. This
is, however, in line with the role of cumulative disadvantages not only on

outcomes but also crucially on selection processes for divorce or separation.

This paper contributes to a better and more fair comparison between
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children who experienced this type of family transition and those who were
not. Future similar studies for further family transitions, such as the effects
of step-families on children’s well-being (Saint-Jacques et al. 2017), as well
as other topics within family sociology, could explore the life course
selection bias in other applications. The life course perspective suggests
strong interactions between the distant past and the present, which implies
that more flexible approaches are needed if accounting for complex selection
bias mechanisms is necessary. Given that many demographic behaviors are
endogenous (see Ginther and Pollak 2004; Manski 1993), demographic
causal inference should consider more flexible approaches such as BART to
better inform contemporary debates on its effects, especially those involving
longer sequences of causality. As shown in this paper, machine learning plus
causal inference methods might provide a convenient solution to achieve this
(Dorie et al. 2019). For the case of BART, introductory material to this
method exists for researchers interested in exploring other topics for which
such complex forms of confounding, as stated in the life course selection
bias, might make up a form of dynamic confounding (Dorie et al. 2019; J. L.

Hill 2011; J. Hill, Linero, and Murray 2020; Tan and Roy 2019).

Precisely because family dynamics imply complex selection processes, as
processual sociological accounts of social phenomena invite us to consider
(Abbott 2016), more flexible approaches such as BART could advance the
life course perspective in family sociology. Even though the departure of the
biological father out of the family unit does not capture the effect of a
complex concept such as family instability, which is measured as a
time-varying exposure, these results highlight how dynamic confounding and
causal inference assumptions may compromise even the simplest of effects
that are held as supportive of the family instability hypothesis, i.e., the
effect of the first family transition. Moreover, if father absence does not

have negative effects on children’s well-being, then the mechanisms
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explaining this are of great interest because they highlight the potential for
family resilience as an adjustment strategy against negative life course
events (Seltzer 2019). The null-findings presented in this paper may be the
consequence of families and children’s resilience and adaptation to cope with
changes in their environments (Kelly and Emery 2003; Hetherington and
Stanley-Hagan 1999), which is an important topic to be addressed by future

research on father absence and the family instability hypothesis.

37



Tables and Figures
Table

38



6¢

Table 1: Description of variables used in chapter 2

Variables Min Max N  Description Waves
Child’s verbal ability 40 137 964  Peabody Vocabulary Test (PPVT/TVIP) score 3rd, 5th, 9th years
(PPVT)
Child’s combined GPA  1.00 4.00 1199 It includes the subjects of English, Math, History or Social Studies, 15th year
and Science
Ever failed a class 1 2 1422 Ever failed a class in school? (yes/no) 15th year
Emotionality 3 15 1831 Emotionality - EAS Temperament Survey for Children: Parental 1st year
Ratings - the tendency to become aroused easily and intensely, broad
measure of distress in the very young infant, associated to fear and
anger tendencies in the older child.
Shyness 3 15 1827  Shyness - EAS Temperament Survey for Children - a tendency 1st year
towards inhibition and awkward behavior in the young child
Child behavior 0 80 1156  Child Behavior Problems (CBCL) including both internalizing and 3rd, 5th, 9th, and 15th
problems externalizing problems years
Trouble at school scale 0 8 1411  Trouble at School in four areas getting along with teachers, paying 15th year
attention in school, getting homework done, and getting along with
other students (0 = Never to 4 = Every day)
Ever suspended from 1 2 1423  Ever been suspended or expelled in past 2 years? (yes/no) 15th year
school
Diagnosed with 1 2 1628 Has a health care professional ever told you child has asthma? 3rd, 5th, 9th, and 15th
asthma (yes/no) years
Overweight 1 2 981  Child Body Mass Index standardized by age and gender, binary 3rd, 5th, 9th, and 15th
indicator if child’s BMI is higher than the 85th percentile (yes/no) years
Use of substances 1 2 1452 Ever smoked an entire cigarette? Drank alcohol more than two times  15th year
without parents? Tried marijuana? Tried other illegal drugs besides
marijuana?
Child’s gender 0 1 2055  Gender assigned at birth (boy/girl) Baseline
Low birth weight 0 1 1999  Was the child diagnosed with low birth weight? (yes/no) Baseline
Mother drank alcohol 1 5 2049  During the pregnancy, how often did you drink alcohol? (1=Everyday Baseline

during pregnancy

to 5=Never)
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Table 1: Description of variables used in chapter 2 (continued)

Variables Min Max N  Description Waves
Mother smoked during 1 4 2050  During the pregnancy, how many cigarettes did you smoke? (1=more Baseline
pregnancy than packages per day - 4=None)
Mother took drugs 1 5 2051  During the pregnancy, how often did you use drugs? (1=Everyday to  Baseline
during pregnancy 5=Never)
Father’s last name on 0 1 2042  Will the baby (babies) have the father’s last name? (yes/no) Baseline
birth certificate
Mother’s age at child’s 15 43 2054  Mother’s age (years) Baseline
birth
Father’s age at child’s 16 53 1858  Father’s age (years) Baseline
birth
Mother’s education at 1 4 2053  Mother’s education (1=less than highschool, 2=highschool or Baseline
child’s birth equivalent, 3=some college, technical education, or 4=college or
graduate)
Mother’a verbal ability 40 139 929  Mother’s or primary care giver PPVT - Standardized score 3rd year
(PPVT)
Father’s education at 1 4 2046  Father’s education (1=less than highschool, 2=highschool or Baseline
child’s birth equivalent, 3=some college, technical education, or 4=college or
graduate)
Mother’s race 1 4 2051  Mother’s race 1= white, non-hispanic; 2 black, non-hispanic; Baseline
3=hispanic; 4=other
Father’s race 1 4 2054  Father’s race 1= white, non-hispanic; 2 black, non-hispanic; Baseline
3=hispanic; 4=other
Mother is US citizen 0 1 2053  Was the mother born in the U.S.? (yes/no) Baseline
Father is US citizen 0 1 1856  Was the father born in the U.S.? (yes/no) Baseline
Mother’s religiosity 0 1 2052 How often does mother attend religious services? (at least once a Baseline
year vs. never)
Father’s religiosity 0 1 1857 How often does father attend religious services? (at least once a year  Baseline
vS. never)
Mother lived with both 0 1 2035  Was the mother living with both of her biological parents at age 157  Baseline

her parents

(yes/no)
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Table 1: Description of variables used in chapter 2 (continued)

Variables Min Max N  Description Waves
Father lived with both 0 1 1847  Was the father living with both of her biological parents at age 157 Baseline
his parents (yes/no)
Mother thought about 0 1 2051  When mother found out she was pregnant, did she think about Baseline
abortion having an abortion? or the father suggested her to have an abortion?
Father thought about 0 1 1852  When father found out the biological mother was pregnant, did he Baseline
abortion think about her having an abortion?
Mother’s overall health 0 1 2054  How is the mother’s health? (1=Great to 5=Poor) Baseline, 3rd, 5th, 9th,
and 15th years
Mother-father 1 3 2040  After mother found out she was pregnant, how did mother’s Baseline, 3rd, 5th, 9th,
relationship quality relationship with biological father change? (better, worse, same) And  and 15th years
after baseline, how is mother’s relationship with child’s father?
(1=excellent to 5=Very bad)
Mother with 0 1 2052 In last year, have alcohol/drugs interfered with mother’s Baseline, 3rd, 5th, 9th,
alcohol/drug problems work/relationships? (yes/no) and 15th years
Father with 0 1 1855  In last year, have alcohol/drugs interfered with father’s Baseline, 3rd, 5th, 9th,
alcohol/drug problems work /relationships? (yes/no) and 15th years
Father has been in jail 0 1 2053  Both mother and father report that father was in jail at each Baseline, 3rd, 5th, 9th,
interview (yes/no) and 15th years
Violence against the 0 1 1955  Frequency that father hit or slaps mother when he is angry, insults or ~ Baseline, 3rd, 5th, 9th,
mother criticizes her? (if this ever happened one, else zero) and 15th years
Welfare/food 0 1 2039 In last year, did the mother have income from public Baseline, 3rd, 5th, 9th,
stamps/TANF assistance/welfare/food stamps/TANF? (yes,no) and 15th years
recipient
Financial assistance 0 1 2050 Have you receive financial support from anyone besides biological Baseline, 3rd, 5th, 9th,
from other family father? and 15th years
members
Father’s 1 7 1848  What sort of work does/did father do in his current/most recent job?  Baseline, 3rd, 5th, 9th,

socio-occupational
category

(white collar, high skill; services, high skill; manual blue collar; other
low skill; self-employed; unemployed; or out of the labor force)

and 15th years
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Table 1: Description of variables used in chapter 2 (continued)

Variables Min Max N  Description Waves

Mother’s 0 1 2055  What sort of work does/did mother do in his current/most recent Baseline, 3rd, 5th, 9th,

socio-occupational job? (white collar, high skill; services, high skill; manual blue collar; and 15th years

category other low skill; self-employed; unemployed; or out of the labor force)

Neighborhood violence 1 4 2045  How safe are the streets around your home at night or frequency of Baseline, 3rd, 5th, 9th,

level gang activity? (1= Very safe to 5=Very unsafe) and 15th years

Mother has moved 0 1 1583 Has the mother moved houses since child was born or since last Baseline, 3rd, 5th, 9th,

from previous house interview? (yes/no) and 15th years

Mother lives in a 0 1 2038 Is the home/apartment were mother currently resides owned/rented?  Baseline, 3rd, 5th, 9th,

rented and 15th years

house/appartment

Non-Nuclear family 0 1 2055 A synthetic indicator created from household members information Baseline, 3rd, 5th, 9th,

structure (dichotomous indicator if non-nuclear family structure is present) and 15th years

Child’s siblings live in 0 1 2055 A synthetic indicator created from household members information Baseline, 3rd, 5th, 9th,

the same household (dichotomous indicator if at least one child’s sibling is present) and 15th years

Housing wealth -315002 5000000 1041  Net housing wealth (difference between the value the house could be  Baseline, 3rd, 5th, 9th,
sold minus what is owed to the bank) and 15th years

Equivalized household 0.0000 94575.5320 2041  Household income combining all sources of income, divided by the Baseline, 3rd, 5th, 9th,

income square root of the household size and 15th years

Poverty categories 1 5 2055  Poverty categories constructed by FFCWB based on mother’s Baseline, 3rd, 5th, 9th,
household income/poverty threshold ratio (1 = 0-49% to 5 = 300%+) and 15th years

Mother’s depression 0 1 1839  Mother meets depression criteria (liberal) at one-year (based on the 3rd, 5th, 9th, and 15th
CIDI questionnaire) years

Child’s age (at second 9 30 1837 Baby’s age at time of mother’s one-year interview 3rd, 5th, 9th, and 15th

wave) years

Multipartner fertility 0 1 1833  Mother has children by man other than the biological father of child  3rd, 5th, 9th, and 15th

indicator

years




Figures

2000 1

Family Transition

17.2% Unstable

I stable

19091 14.8%
12.5%
< 1000 1 141 %
19.2%
500- I
0.

Wa\'/e 2 Wa\'/e 3 Wa\'/e 4 Wa\'/e 5 Wa\'/e 6

Figure 1: Sample Sizes at Each Wave by Family Instability, FFCWS

43



Model F8 BART Al o] BART Baseline OLS Baseline Adj.

1 1
| 1
Substance use by 15 y/o 1 1=

y y 1 ==
1 1
1 1
Asthma at 15 y/oq : == :
1 1
1 1
Asthma at 3 y/o : == :
1 1
. 1 1
Obesity at 9 y/o | =t |
1 1
1 1
. 1 1
Obesity at 3 y/oq ' == '
1 1
| |
. 1 1
Obesity at 15 y/o h == h
1 1
1 1
i 1 - 1
Asthma at 5 y/o h == h
1 1
1 1
Asthma at 9 y/o : == :
1 1
1 1
Obesity at 5 y/o 4 : == :
1 1
1 1
Asthma at 1 y/o 1 =fs= 1
1 1= 1
l l

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8
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Effect of father absence on five-year—olds' outcomes
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Figure 5: Timing - CATE of Earlier Father Departure on Later Early
Childhood wellbeing Outcomes, FFCWS
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Effect of father absence on nine-year-olds' outcomes
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Figure 6: Timing - CATE of Earlier Father Departure on Later Middle

Childhood wellbeing Outcomes, FFCWS
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Effect of father absence on fifteen-year-olds' outcomes
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Figure 7: Timing - CATE of Earlier Father Departure on Later Adolescence
wellbeing Outcomes, FFCWS
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CHAPTER 3 - The complex effects of family
instability on adolescent problem behavior in a

U.S. birth cohort

Almost three decades ago, Wu and Martinson (1993) advocated for the use
of dynamic measures of family structure to examine the family instability or
change hypothesis. This hypothesis claims there are negative effects on
children’s wellbeing associated with experiencing repeated changes in family
structure during childhood (Cavanagh and Fomby 2019). The main
argument Wu and Martinson (1993) made at the time was that the use of
static measures of family structure was inappropriate to capture an
essentially dynamic effect (Amato and Keith 1991; Wells and Rankin 1991).
Therefore, the approach of comparing the wellbeing of children living in
different family structures, adjusting for potential ‘control variables,” was
insufficient. Instead, empirical studies of family instability, and in general
family complexity, required dynamic measures of family experiences. This
led researchers to focus on the number of changes in family structure, or
cumulative instability (Cavanagh and Huston 2008), which became one of
the main measures of family instability used in demographic research —
together with the type of family transition, distinguishing relationship
formation from its dissolution. Despite more recent findings that the
number of family changes is negatively associated with children’s wellbeing
(Lee and McLanahan 2015; McLanahan, Tach, and Schneider 2013;
McLanahan and Percheski 2008), and in particular child behavior problems,
research on family dynamics has not fully address the empirical challenges

of estimating this dynamic effect.

The approach of Wu and Martinson (1993), and of others who followed
(Fomby and Cherlin 2007), though important breakthroughs, were left

incomplete. One reason why this is the case is that changes in family
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structure are causal factors affecting the probability of further family
changes (Crosnoe et al. 2014). For instance, separation or divorce leads to,
among other things, residential changes, temporarily moving in with
extended kin, reductions in household income, as well as to increases in
divorced mothers’ labor force participation. These events explain an
important chunk of the effect of family instability (i.e., as mediators of
family changes, as suggested by Brand et al. 2019). However, those
intermediate effects may also affect the probability of further family changes,
they affect the risk of finding a new partner (Edin and Kefalas 2005), as
may result from moving to a new neighborhood or from entering new jobs
with precarious working conditions (Cohen 2002). Multiple studies provide
examples of this type of causal chains that likely follow family transitions
(Hall, Iceland, and Yi 2019; Harding et al. 2010; Jacoby et al. 2017; Mikolai
and Kulu 2018; and K. L. Perkins 2017).

If family changes at different time points affect children’s problem behavior —
though with differences in their effect sizes depending on the type of family
change (Hadfield et al. 2018; Saint-Jacques et al. 2017) — the intermediate
events that are caused by a family change mediate the effect of an initial
transition, but confound the association between a second family change
and children’s wellbeing. For this reason, the effect of number of family
transitions experienced by children, for example, two transitions compared
to no transitions (‘intact’ families), cannot be estimated by traditional
methods — as reviewed, for example, in McLanahan, Tach, and Schneider
(2013) or Héarkonen, Bernardi, and Boertien (2017) — without incurring in
treatment-confounder feedback bias (Hernan and Robbins 2020; Hernén,

Brumback, and Robins 2000).

Assessing whether the number of family structure changes impacts children’s
problem behavior requires addressing dynamic confounding, especially

treatment-confounder feedback bias, and, in particular, should place special
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care to the timing of the effect. One way of addressing all these issues is
through the use of G-methods, such as Marginal structural models (MSM)
with inverse probability of treatment weighting (IPTW) (see Hernén and
Robins 2006; Mansournia et al. 2017). The use of MSM has been fairly
limited in this research area. For example, Lee and McLanahan (2015)
employed this method to estimate the effect of number of family transitions
on children’s cognitive development and externalizing and internalizing
problem behaviors, with findings suggesting that only White boys problem
behavior was affected by family instability net of dynamic confounding.
Similarly, K. L. Perkins (2019) employed MSM to estimate the effects of
household composition change — including though not limited to changes in
the relationship status of parents — on educational attainment, finding here
negative effects too. Finally, Harvey (2020) studied how doubling up —
residing with extended kin or non-kin adults — shaped children’s life chances,
as reflected in lower young-adult health and lower educational attainment
impacts, equally employing MSM. The findings of these previous studies are
suggestive of negative effects of various forms of instability (i.e., family

structure, household composition, and doubling-up).

However, one shortcoming of this research, and another reason why
conventional methods, is that they did not consider jointly the timing of
these changes (TenEyck, Knox, and El Sayed 2021; Cavanagh and Huston
2008). The timing of the effects matters too, and most studies did not
address the effect of more than three changes in family structure, which are
empirically observed. Family transitions can occur from birth till the child
18th birthday, but, at least hypothetically, it makes a difference when those
changes occur. One, two, three or more changes can take place early in the
child’s life, right before adolescence, or can be ‘equally spaced’ throughout
childhood. The same number of family changes sustained by two different

children can therefore refer to fundamentally different experiences from the
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child perspective. For example, Womack et al. (2022) show that both
increasing and declining levels of instability are not associated with high
externalizing behaviors in adolescence, but are so in childhood — their
methodological approach, however, does not differentiate the timing of these

effects (Cavanagh and Huston 2008).

Given that MSM do not have a single unique counterfactual trajectory that
one can compare stable families to, it is up to the researcher to select which
comparison to make. A major shortcoming of previous studies is that it is
unclear what is being compared to what: most studies compare different
degrees of instability to the most stable or normative ones (i.e., family
trajectories without family changes). Although important, this is not the
only comparison, nor necessarily the most interesting one we can make.
More importantly, for example, Lee and McLanahan (2015) adjusted for a
highly restrictive set of time-varying mediators/confounders affected by
family change and affecting future family change, which was an important
advancement. However, these authors left open other biasing paths by not

including other observed time-dependent confounders, such as housing.

In this paper, I present a similar estimation of the effect of changes in
childhood family structure using a doubly robust estimation of MSM
employing IPTW and considering a larger set of time-dependent
confounders. The life course cumulative and pathway models, as explained
in Mishra et al. (2009), are tested against the data. Similarly to other
causal inference methods, MSM estimate the effects of counterfactual or
hypothetical interventions (De Stavola, Herle, and Pickles 2022), and their
parameters have a causal interpretation based on a set of assumptions. One
crucial assumption behind MSM based on IPTW is that models for the
exposure at each time point ought to be correctly specified. In contrast to
previous research, I estimate these probabilities employing Bayesian

Additive Regression Trees (BART), a machine learning algorithm that is
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more flexible and better suited to predictive modeling and causal inference
(see, for an overview, Tan and Roy 2019; J. L. Hill 2011), and which has the
advantage of considering all potential non-linear interactions between

time-dependent confounders.

Background
Problem behavior in a cohort of American children

One dimension of children’s wellbeing on which the effects of family
instability have been consistently found is socioemotional development
(Cavanagh and Huston 2008; Lee and McLanahan 2015), which relates
closely to problem behavior. In contrast to cognitive development, where
evidence for effects is scant, previous studies have found that children who
experienced repeated changes in their family structure had higher reports of
problem behavior than children growing up in stable families (Cavanagh and

Huston 2006).

Problem behavior, or socioemotional skills, is a child wellbeing dimension
related to the overall cognitive functioning of the child. This dimension taps
into various cognitive fundamental skills in child development, such as
self-control, the management of emotions, and planning, etc. (Bongers et al.
2003). The problem behavior checklist (Koot et al. 1997) — an indicator
used to approach this dimension — roughly captures self-regulatory skills in
the child at different ages, by measuring behavioral internalizing and
externalizing traits associated with it (i.e., through maternal, teacher, or
independent observer ratings). For example, internalizing problems is
captured through multiple indicators of withdrawn behavior or behaviors
related to anxiety and depression, such as worrying too much, feelings of
guilt, crying a lot, or feeling worthless. Externalizing problems, in turn,

refer to behavior that can be considered as aggressive, such as arguing a lot,
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being disobedient at home or school, destroying things, or physically

harming others, and also rule breaking behavior more generally.

In addition to family instability (Wallenborn et al. 2019; Lee and
McLanahan 2015), problem behavior in children has been shown to be
influenced by neighborhood disorder (Pei et al. 2019), mother’s
ethnic-racial identity (Lazarevic, Toledo, and Wiggins 2020), food insecurity
(Hobbs and King 2018), and other socioeconomic determinants related to
poverty. Such contextual factors are further potential sources of endogeneity
(i.e. selection bias) that confound the association between number of
changes in family structure and children’s problem behavior. These factors
further affect the probability of selecting into multiple changes in family

structure, but are equally affected by changes in family structure too.

Family instability: the accumulation and timing of its effects

A key dimension of childhood family structure trajectories are the number
of changes or transitions (Cavanagh and Huston 2008), which some research
suggest are far more substantial for children’s wellbeing than the type of
family transition experienced (