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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
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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
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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
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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
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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
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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 complex 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 (Hernán 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 (Hernán,

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,

Roßbach, 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

This paper has been publihsed as: Rodríguez Sánchez, A. (2022). Fair

comparisons: Life course selection bias and the effect of father absence on

US children. Advances in Life Course Research, 51, 100460.

This is the accepted manuscript. The final version is available at

https://doi.org/10 .1016/ j.alcr.2021.100460

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.
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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
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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 I 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.
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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; Härkönen, 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
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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; Härkönen,
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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
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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; Härkönen, 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.
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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
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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,
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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, Yi(Z = 1) = Yi(1), and children

who did not experience it, Yi(Zi = 0) = Yi(0), that is under Z = 1 or Z = 0,

respectively. It is not possible to estimate the difference in potential

10



outcomes for any given child i, represented by Yi(1) − Yi(0), because only

one of these potential outcomes is observed: Yi = Yi(1)Zi + Yi(0)(1 − Zi).

Therefore, instead, the alternative is to estimate the sample average

treatment effect, denoted by ∑n
i=1(Yi(1) − Yi(0)), and the sample average

treatment effect on the treated, denoted by ∑n
i=1;zi=1(Yi(1) − Yi(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) ⊥ 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, X̄ = x̄) where the matrix

X̄ = (X0,X1, ...,Xt−τ ) denotes the trajectory of a relatively large

multidimensional set of confounder covariates, and also the time-invariant
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ones, and where τ 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
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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)|X̄)) = E(Y |X̄ = x̄), Z = 1) = f(1, x̄) and

E(Y (0)|X̄) = E(Y |X̄ = x̄), Z = 0) = f(0, x̄), 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;

c) 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 t 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

(yes 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; Härkönen 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(Yτ |Zτ ,X0) at each time point τ , 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 Yτ I obtained BART estimates

given the treatment Zτ and adjusting for time-invariant at baseline and the

history of time-varying covariates X̄t−τ = (X0,X1, ...,Xt−τ ), 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 t− 1 are used to impute values at t). 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 (Härkönen, 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/o”, “Shyness 1 y/o”, “Ever suspended from

school by 15 y/o”, “GPA at 15 y/o”, 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/o”, “GPA at 15 y/o”, “Ever Failed a class by 15

y/o”, “Behavioral problems at 15 y/o”, and “Trouble At School at 15 y/o”).

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, Özcan, 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
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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 Brüderl 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

36



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.
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Table 1: Description of variables used in chapter 2

Variables Min Max N Description Waves

Child’s verbal ability
(PPVT)

40 137 964 Peabody Vocabulary Test (PPVT/TVIP) score 3rd, 5th, 9th years

Child’s combined GPA 1.00 4.00 1199 It includes the subjects of English, Math, History or Social Studies,
and Science

15th year

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

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.

1st year

Shyness 3 15 1827 Shyness - EAS Temperament Survey for Children - a tendency
towards inhibition and awkward behavior in the young child

1st year

Child behavior
problems

0 80 1156 Child Behavior Problems (CBCL) including both internalizing and
externalizing problems

3rd, 5th, 9th, and 15th
years

Trouble at school scale 0 8 1411 Trouble at School in four areas getting along with teachers, paying
attention in school, getting homework done, and getting along with
other students (0 = Never to 4 = Every day)

15th year

Ever suspended from
school

1 2 1423 Ever been suspended or expelled in past 2 years? (yes/no) 15th year

Diagnosed with
asthma

1 2 1628 Has a health care professional ever told you child has asthma?
(yes/no)

3rd, 5th, 9th, and 15th
years

Overweight 1 2 981 Child Body Mass Index standardized by age and gender, binary
indicator if child’s BMI is higher than the 85th percentile (yes/no)

3rd, 5th, 9th, and 15th
years

Use of substances 1 2 1452 Ever smoked an entire cigarette? Drank alcohol more than two times
without parents? Tried marijuana? Tried other illegal drugs besides
marijuana?

15th year

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
during pregnancy

1 5 2049 During the pregnancy, how often did you drink alcohol? (1=Everyday
to 5=Never)

Baseline
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Table 1: Description of variables used in chapter 2 (continued)

Variables Min Max N Description Waves

Mother smoked during
pregnancy

1 4 2050 During the pregnancy, how many cigarettes did you smoke? (1=more
than packages per day - 4=None)

Baseline

Mother took drugs
during pregnancy

1 5 2051 During the pregnancy, how often did you use drugs? (1=Everyday to
5=Never)

Baseline

Father’s last name on
birth certificate

0 1 2042 Will the baby (babies) have the father’s last name? (yes/no) Baseline

Mother’s age at child’s
birth

15 43 2054 Mother’s age (years) Baseline

Father’s age at child’s
birth

16 53 1858 Father’s age (years) Baseline

Mother’s education at
child’s birth

1 4 2053 Mother’s education (1=less than highschool, 2=highschool or
equivalent, 3=some college, technical education, or 4=college or
graduate)

Baseline

Mother’a verbal ability
(PPVT)

40 139 929 Mother’s or primary care giver PPVT - Standardized score 3rd year

Father’s education at
child’s birth

1 4 2046 Father’s education (1=less than highschool, 2=highschool or
equivalent, 3=some college, technical education, or 4=college or
graduate)

Baseline

Mother’s race 1 4 2051 Mother’s race 1= white, non-hispanic; 2 black, non-hispanic;
3=hispanic; 4=other

Baseline

Father’s race 1 4 2054 Father’s race 1= white, non-hispanic; 2 black, non-hispanic;
3=hispanic; 4=other

Baseline

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

year vs. never)
Baseline

Father’s religiosity 0 1 1857 How often does father attend religious services? (at least once a year
vs. never)

Baseline

Mother lived with both
her parents

0 1 2035 Was the mother living with both of her biological parents at age 15?
(yes/no)

Baseline
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Table 1: Description of variables used in chapter 2 (continued)

Variables Min Max N Description Waves

Father lived with both
his parents

0 1 1847 Was the father living with both of her biological parents at age 15?
(yes/no)

Baseline

Mother thought about
abortion

0 1 2051 When mother found out she was pregnant, did she think about
having an abortion? or the father suggested her to have an abortion?

Baseline

Father thought about
abortion

0 1 1852 When father found out the biological mother was pregnant, did he
think about her having an abortion?

Baseline

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
relationship quality

1 3 2040 After mother found out she was pregnant, how did mother’s
relationship with biological father change? (better, worse, same) And
after baseline, how is mother’s relationship with child’s father?
(1=excellent to 5=Very bad)

Baseline, 3rd, 5th, 9th,
and 15th years

Mother with
alcohol/drug problems

0 1 2052 In last year, have alcohol/drugs interfered with mother’s
work/relationships? (yes/no)

Baseline, 3rd, 5th, 9th,
and 15th years

Father with
alcohol/drug problems

0 1 1855 In last year, have alcohol/drugs interfered with father’s
work/relationships? (yes/no)

Baseline, 3rd, 5th, 9th,
and 15th years

Father has been in jail 0 1 2053 Both mother and father report that father was in jail at each
interview (yes/no)

Baseline, 3rd, 5th, 9th,
and 15th years

Violence against the
mother

0 1 1955 Frequency that father hit or slaps mother when he is angry, insults or
criticizes her? (if this ever happened one, else zero)

Baseline, 3rd, 5th, 9th,
and 15th years

Welfare/food
stamps/TANF
recipient

0 1 2039 In last year, did the mother have income from public
assistance/welfare/food stamps/TANF? (yes,no)

Baseline, 3rd, 5th, 9th,
and 15th years

Financial assistance
from other family
members

0 1 2050 Have you receive financial support from anyone besides biological
father?

Baseline, 3rd, 5th, 9th,
and 15th years

Father’s
socio-occupational
category

1 7 1848 What sort of work does/did father do in his current/most recent job?
(white collar, high skill; services, high skill; manual blue collar; other
low skill; self-employed; unemployed; or out of the labor force)

Baseline, 3rd, 5th, 9th,
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
socio-occupational
category

0 1 2055 What sort of work does/did mother do in his current/most recent
job? (white collar, high skill; services, high skill; manual blue collar;
other low skill; self-employed; unemployed; or out of the labor force)

Baseline, 3rd, 5th, 9th,
and 15th years

Neighborhood violence
level

1 4 2045 How safe are the streets around your home at night or frequency of
gang activity? (1= Very safe to 5=Very unsafe)

Baseline, 3rd, 5th, 9th,
and 15th years

Mother has moved
from previous house

0 1 1583 Has the mother moved houses since child was born or since last
interview? (yes/no)

Baseline, 3rd, 5th, 9th,
and 15th years

Mother lives in a
rented
house/appartment

0 1 2038 Is the home/apartment were mother currently resides owned/rented? Baseline, 3rd, 5th, 9th,
and 15th years

Non-Nuclear family
structure

0 1 2055 A synthetic indicator created from household members information
(dichotomous indicator if non-nuclear family structure is present)

Baseline, 3rd, 5th, 9th,
and 15th years

Child’s siblings live in
the same household

0 1 2055 A synthetic indicator created from household members information
(dichotomous indicator if at least one child’s sibling is present)

Baseline, 3rd, 5th, 9th,
and 15th years

Housing wealth -315002 5000000 1041 Net housing wealth (difference between the value the house could be
sold minus what is owed to the bank)

Baseline, 3rd, 5th, 9th,
and 15th years

Equivalized household
income

0.0000 94575.5320 2041 Household income combining all sources of income, divided by the
square root of the household size

Baseline, 3rd, 5th, 9th,
and 15th years

Poverty categories 1 5 2055 Poverty categories constructed by FFCWB based on mother’s
household income/poverty threshold ratio (1 = 0-49% to 5 = 300%+)

Baseline, 3rd, 5th, 9th,
and 15th years

Mother’s depression 0 1 1839 Mother meets depression criteria (liberal) at one-year (based on the
CIDI questionnaire)

3rd, 5th, 9th, and 15th
years

Child’s age (at second
wave)

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

Multipartner fertility
indicator

0 1 1833 Mother has children by man other than the biological father of child 3rd, 5th, 9th, and 15th
years
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Figure 2: CATE of Departure of Bio. Father on Health wellbeing Outcomes,
FFCWS
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Behavioral problems at 3 y/o
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Figure 3: CATE of Departure of Bio. Father on Behavioral/Noncognitive
wellbeing Outcomes, FFCWS
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Figure 4: CATE of Departure of Bio. Father on Cognitive/Schooling wellbe-
ing 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 Härkönen, Bernardi, and Boertien (2017) – without incurring in

treatment-confounder feedback bias (Hernan and Robbins 2020; Hernán,

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 Hernán 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,

54



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 (Fomby and Cherlin 2007; Lee and

McLanahan 2015). Studies suggest that the departure of the biological

father has more detrimental effects than the entrance of a social father, but

both transitions are negatively associated with children’s wellbeing.

Although growing up in stable family arrangements has been shown to be

beneficial in terms of children’s socioemotional wellbeing, empirical evidence

for the effects of these two types of family transition is mixed.

The balance of recent literature reviews seems to support the claim of small

negative effects (Amato 2010; F. Bernardi et al. 2013; Esping-Andersen

2016; Hadfield et al. 2018; Härkönen, Bernardi, and Boertien 2017;

McLanahan, Tach, and Schneider 2013; McWayne et al. 2013; Saint-Jacques
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et al. 2017). Changes in family structure bring about stressful and negative

events in the life-course of adults and their children. Presumably more so

for children with a racial-ethnic background and from more recent cohorts,

among which family instability is more prevalent (Census Bureau 2019;

Smock and Schwartz 2020), and particularly so for U.S. children (Fomby

and Johnson 2022; Cherlin 2010). In theory, changes in family structure

negatively affect children because their parents cannot fully benefit from the

gains of marriage (G. S. Becker 1973; Schultz 1974; Browning, Chiappori,

and Weiss 2014). Therefore, family instability would be an important

contributing factor in the perpetuation of poverty and inequality in the U.S.

(McLanahan 2004).

From a dynamic perspective, the family instability hypothesis focuses on the

reinforcing processes that, following a change in family structure, may

negatively affect children’s wellbeing. For example, single-parent families

have, on average, less financial and time resources than families in which the

two biological parents are present; whereas blended, complex or stepparent

families sub-optimally invest in children as a result of the stepfathers’ lack

of incentives to care for stepchildren’s human capital formation (Browning,

Chiappori, and Weiss 2014) [pp. 438-470]. Furthermore, the quality of

inter-parental and parent-child relationships is also affected by family

instability. Disruptions in the roles and routines of parents and their

children caused by divorce or repartnering require adaptation and

adjustment from the complete family system (Masarik and Conger 2017),

therefore becoming an additional source of stress. Moreover, in families

resulting from changes in family structure, the roles of the single-parent or

the stepparent ought to be negotiated anew, which creates the potential for

conflict between parents and children, who, in addition, presumably lack an

extra paternal source of authority or attachment (Sigle-Rushton and

McLanahan 2004). Therefore parents’ relationship quality, as well as their
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mental health, and parenting quality are presumed to be lower among

families experiencing instability (Hadfield et al. 2018). For these reasons,

most previous research has suggested that changes in family structure, and,

in particular, the frequency or number of changes, are causes of negative

effects in the life-course of children.

However, the life course theory suggest the influence of changes in family

structure likely differs by the child’s age at the time the family transition

takes place (Elder Jr, Shanahan, and Jennings 2015; Cavanagh and Huston

2008). Each additional family transition is associated with cumulative stress

and negative effects on the child (Gosselin, Babchishin, and Romano 2015).

But some research suggests that the different needs and levels of dependency

of children vis-à-vis adolescents could explain specific timing effects

(Hadfield et al. 2018, 101–3). Despite the difficulty of capturing the timing

aspect with survey data of high temporal granularity, some studies suggest

these effects are larger in early childhood than in adolescence (Ryan and

Claessens 2013; Fomby 2013), whereas other studies on specific transitions

find only small negative effects for transitions experienced during or close to

adolescence (Rodriguez S. 2021).

Dynamic selection into family instability from a life-course

perspective

As highlighted by Wu and Martinson (1993), family instability should be

conceived of as a time-varying exposure unfolding over children’s life-course.

In this regard, family dynamics are the result of heterogeneous social and

economic circumstances affecting family formation/dissolution processes

(Seltzer 2019). Especially in the US, family dynamics exhibit a high level of

complexity (Fomby and Johnson 2022; Brown, Manning, and Stykes 2015;

VanOrman and Scommegna 2016). The life-course perspective suggest this

complexity results from counteracting processes that also take place after
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experiencing changes in family structure (L. Bernardi, Huinink, and

Settersten Jr 2019, 3–7).

These processes may have important consequences for family theories that

often assume effects of family instability to follow the life course cumulative

instability model. However, zooming in on the causal pathways leading from

family instability to worse outcomes in children reveals substantial nuances.

Family instability activates what could be conceived as interlocking

trajectories in various other domains of the life-course of parents and their

children that affect each other in dynamic ways: both in negative and

therefore reinforcing ways; as well as positive, and therefore counteracting

ways. Critics of the family instability hypothesis argue that the negative

association between family instability and children’s wellbeing is the result

of parents’ characteristics and events taking place in their life course,

making some children more prone to experience changes in the relationship

status of their parents than other children (Härkönen, Bernardi, and

Boertien 2017; Rodriguez S. 2021). The dynamic selection hypothesis

proposes that socioeconomic factors such as low income, unemployment, or

low education – which are associated with changes in family structure –

drive the often empirically found negative association, in what causal

inference refers to as dynamic confounding (Jackson 2016). By adjusting for

selection into specific family structures (F. Bernardi and Boertien 2017),

effects are substantially reduced and are in general not statistically

significant anymore. Other research argues that, although confounding does

exist in this association, after appropriately adjusting for it, there remains a

negative, albeit smaller effect of family instability on children’s wellbeing

(McLanahan, Tach, and Schneider 2013). Moreover, the evidence seems

consistent across various children’s wellbeing dimensions and other Western

developed countries show similar effects (Amato 2010), which lends more

credence to the family instability hypothesis.
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A further research strand within this literature has focused on the events

that trigger those changes in family structure, as well as on the effects of

those family structure changes on further family instability (Cooper and

Pugh 2020). For example, in response to changes in family structure, single

mothers make decisions to accommodate to new circumstances and respond

to the changes in family resources (K. L. Perkins 2017; Mikolai and Kulu

2018; Edin and Kefalas 2005). Divorced mothers may strategically

reconfigure the composition of their families by moving in with extended kin;

by changing their residence (Jæger 2012; Raley et al. 2019; Desmond and

Perkins 2016); by cutting on unnecessary expenses and by re-organizing

their schedules; or even by finding a new partner. Mothers who experience a

disruption in their partnership trajectories – and fathers as well – may find

ways of compensating for the lost family resources after a change in family

structure took place (Erola and Kilpi-Jakonen 2017, 9–14); but these

changes are likely to further affect the trajectories of family formation

leading to more or less future family instability, thus making previous family

instability a causal factor of future family instability (Cohen and Pepin

2018; Lyngstad 2011). Such feedback mechanisms are characteristic of

complex family dynamics, and, importantly, they also shed light on the

problems of dynamic confounding for the estimation of effects of a

time-varying demographic behavior such as repeated changes in family

structure (Hernan and Robbins 2020, 247–55).

Methods and Data

Methods

In other words, changes in family structure make further changes more likely

because of two reasons. First, in most cases, repartnering can only occur

after a separation or divorce has first taken place. Second, because the

mechanisms triggered by the first change in family structure affects the
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chances of further family changes. Family research early recognized this

feature of family behavior as endogeneity (Ginther and Pollak 2004), which

implies – for estimates of causal effects of family instability on children’s

wellbeing – that there is dynamic confounding, given that not all families

are equally likely to experience subsequent family changes. In general,

whether a child will experience family instability in their life-course is the

result of a dynamic treatment trajectory. The directed acyclic graph (DAG)

in Figure 8 portrays the interactions implied by such dynamic trajectories,

and where dynamic confounding is observed [Pearl (2009); p.65-105]. The

DAG shows a measure of children’s problem behavior Y15 – when the child

was already 15 years old – as affected by the trajectory of family instability

experienced by the child (F̄15 = {F0, F1, F3, F5, F9, F15}) and multiple

confounding factors. These factors affect family change at all time points,

and encompass baseline time-invariant characteristics (W0, such as parental

education, race-ethnicity, age of parents at child’s birth, etc.); and also the

trajectory of time-varying characteristics (V̄15 = {V0, V1, V3, V5, V9, V15},

such as household income, residence, employment, etc.); unobserved

variables UY , such as social networks – that in turn, for simplification, may

affect all processes in the sequence. Therefore, problem behavior is in this

DAG a function g (unknown) of multiple events in the child’s life course

Y15 = g(W0, V̄15, F̄15, U
Y ).

Following the data structure of the FFCWS, the DAG represents the main

theoretical ideas behind the family instability and the selection hypotheses.

The family instability hypothesis focuses on the changes in resources

captured by V̄15 (Brown, Manning, and Stykes 2015; VanOrman and

Scommegna 2016), as well as the mediating effects of parenting related

variables (Masarik and Conger 2017), that are affected by family changes.

These parenting mediators, as well as other mediating mechanisms not

affecting family changes, are excluded from the DAG given that the focus is
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on estimating the joint effect of repeated family changes. The selection

hypothesis makes emphasis, in turn, on the arrows that go from the

unobserved factors UY and the observed baseline characteristics W0 and V0,

to the exposure nodes that conform F̄15 and the outcome node Y15

(Härkönen, Bernardi, and Boertien 2017). Both of these hypothesis consider,

to some extent, how each factor Vt causes dynamic confounding (Lee and

McLanahan 2015).

The DAG also illustrates the importance of understanding which factors

determine the realization of a particular instability trajectory. Knowledge

and observation of these factors is necessary to obtain a consistent and

unbiased estimation of the causal effect of exposure to family instability.

The vector F̄15 could be made up of specific family structures experienced at

each time-point – which are known as the alphabet in the sequence analysis

literature (Gauthier et al. 2010, 7) – but they can be thought of as binary

indicators of any kind of change in family structure (Ft ∈ {0, 1}), marking

episodes of family changes. In this framework, two changes in family

structure can take, among many others, for example, the following forms:

{0, 1, 1, 0, 0, 0}, {0, 0, 1, 1, 0, 0}, {0, 0, 0, 0, 1, 1}, or {0, 1, 0, 0, 1, 0}, thus

marking the different time points when changes in family structure took

place.

Estimating the difference between adolescent problem behavior measures for

children following different family trajectories, such as Y (0,0,0,0,0,0)
15 and

Y
(0,0,0,0,1,1)

15 conditional on some time-invariant or varying covariates, does

not warrant a causal interpretation. As explained above, children who were

exposed to family changes will likely differ on observed and unobserved

characteristics from children exposed to alternative trajectories. The DAG

in Figure 8 shows the many backdoor paths that remain open or upon up

when inappropriately adjusting for them, employing conventional statistical

methods. The gray and blue arrows show the paths will bias the estimates of
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causal effects (i.e. the red arrows) one is interested in obtaining, when using

methods such as ordinary least squares. Any effects of family instability up

to any given time point after baseline (F̄t) will be biased when adjusting

only for baseline covariates (W0) that do not vary over time. But will also

be biased by naively adjusting by the history of time-varying confounders

(V̄t) through regression (e.g. generalized linear mixed models), stratification

or matching, or by simply neglecting unobserved pathways. The trajectories

captured by the time-varying confounders V̄t, and the family instability

trajectories F̄t are interlocked in a feedback chain of cause and effect.

The overall aim of this paper is to find a more adequate adjustment for the

dynamic confounding factors affecting the sequence of family transitions.

The effects of interest can be estimated by a doubly robust MSM, estimated

employing IPTW. MSM serve the goal of modeling the marginal distribution

of the unobserved potential outcomes in data when time-dependent

exposure, time-dependent confounding, and treatment-confounder feedback

effects are present (Hernan and Robbins 2020, 247–55). MSM will provide

unbiased estimates in the case of dynamic confounding and

treatment-confounder dependencies, under the assumption of having reached

sequential exchangeability, positivity, and consistency. However, sequential

exchangeability relies on assuming that no further unmeasured confounders

remain. But as I argue in the discussion section, this assumption is strong in

light of neighborhood effects (Sharkey and Faber 2014), parental wealth

(Hällsten and Pfeffer 2017) and marital sorting in social networks (Downey

and Condron 2016), which likely affect family changes and children’s

wellbeing, to name a few of the potential time-varying confounders which

remain partly or fully unobserved in this study. Furthermore, the

consistency assumption only holds if models of the selection into family

instability (i.e. the propensity models) are correctly specified. To avoid

misspecification due to incomplete knowledge of the determinants of a family
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instability trajectory, a doubly robust version is used to reach consistency.

The estimation of MSM is done in two steps. In the first step, probability

weights obtained from IPTW – in this case employing BART (J. L. Hill

2011) and improving the specification of selection models – are used to

reweigh the sample of children and obtain a pseudo-population on which we

can estimate effects on counterfactual unobservable outcomes. I used

stabilized weights (swt
i) to account for the low probabilities of specific

trajectories of family instability in the sample up to time t = 15, which is

when children in the cohort have reached adolescence. The weights

sw15
i = h(ft|f̄t−j ,wo)

h(ft|f̄t−j ,v̄t−1,wo) for a sample of i = 1, ..., N children, j = 1, 3, 5, 9, 15

denoting the previous waves of the study. Here the function h() corresponds

to the conditional distribution of the exposure at time point t, also known

as a propensity score model. I employ BART to estimate these conditional

distributions for the event of changing family structure during childhood

between follow-up surveys t and t− 1. BART is a regression method that

can flexibly fit non-linear outcomes in high-dimensional inference problems

(J. Hill, Linero, and Murray 2020), when many covariates are available. One

advantage of this method, which can further be used for causal inference in

observational studies, is that it has the ability to capture relevant

interactions and non-linearities among the covariates (Tan and Roy 2019).

In this paper, I use BART to obtain the estimates of propensity scores based

on a causal inference model for the effect of changes in family structure at

each time point on problem behavior among fifteen-year-old children.

The propensity scores obtained from these models are then used in the

estimation of the MSM. For the probabilities in the numerator, I used prior

changes in family structure and baseline family structure, together with

baseline confounders that do not change over time. For the denominator,

information on the history of previous changes in family structure, all

time-varying confounders up to t− 1, and all baseline confounders were
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used. In both cases, I used BART to estimate the propensity scores for

children experiencing a family change at each time-point. To account for

loss to follow-up, an additional censoring model with baseline covariates was

estimated to compute weights that account for selective drop out

(i.e. avoiding sample selection bias). I obtained the predicted probabilities of

changing family structures between each follow-up survey and censoring,

and combined them to form the stabilized weights obtaining

sw15
i = sw1

i × sw3
i × sw5

i × sw9
i × c15

i where the superscript 15 denotes the

time-point at which effects on children’s problem behavior are estimated.

In the second step of the estimation of MSM, a regression model for the

outcome variables in which baseline covariates determining the outcome are

included. Thus, a weighted regression model adjusting for further baseline

covariates will be doubly robust, and will have higher chances of capturing

the effect if the adjusted outcome regression model or the propensity score

model, or both, are correctly specified (Kang, Schafer, et al. 2007). A first

model is estimated for the life course cumulative effects model, denoted here

as

E(Y f̄t
t ) = β0 + β1cum(f̄t) + β2W0 (1)

where cum(f̄t) = ∑τ
t=0 ft is the sum of instability episodes within the

trajectories observed up to a specific time point τ , and the estimates of β1

corresponds to the effect of those trajectories on a counterfactual outcome

Y f̄t
t . A second model 2 is also estimated, which represent a more complex,

though high demanding, fully interacted or saturated life course model
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including all potential interactions between the exposures of interest

E(Y f̄t
t ) = θ0 + θ1F1 + θ2F3 + θ3F5 + θ4F9 + θ5F15

+ θ7F1F3 + θ8F3F5 + θ9F3F9 + θ10F3F15 + θ11F1F3F5

+ ...+ θ32F1F3F5F9F15 + θ33W0

(2)

Whereas Model 1 is testing the cumulative effects of family instability,

irrespective of their timing, Model 2 simultaneously compares all potential

trajectories, directly encoding the timing, which can be tested by looking at

the estimates of each coefficient capturing specific interactions. I estimate

linear regression for the outcome models, comparing various instability

trajectories that differentiate the number and timing of the effects. Positive

values of estimates in these regression models on the re-weighted sample

imply that the outcome is higher for children exposed to unstable family

trajectories. I considered a standardized or rescaled version of the score on

each of the problem behavior scales so that parameter estimates may be

interpreted as standardized coefficients and compared across time-points.

The average percentage of missing information in the analytical variables

was around 16%. To address bias due to missing information, I used

multiple imputation by chained equations (van Buuren and

Groothuis-Oudshoorn 2011) assuming missing at random. The imputation

model used the CART algorithm (Burgette and Reiter 2010) to find the best

set of predictors among the analytical variables to impute the data using all

information available across waves, with 20 iterations per imputation.

Data

In the FFCWS, researchers have followed a cohort of American children for

over twenty years. This cohort was born between the years 1998 and 2000 in

U.S. 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
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cities, hospitals and beds in randomly selected hospitals were sampled. The

FFCWS oversampled births to unmarried parents, a group of parents that

experiences more frequent family instability but high attrition in previous

studies. For an overview of the data response rates, sample weights and

sampling designs see FFCWS (2019) and Kennedy and Gelman (2018).

Women and men of certain characteristics might self-select into

lone-parenthood or be more prone to divorce and to re-partner, or may be

exposed to restricted marriage markets, which limit their chances of finding

a partner (see Cohen and Pepin 2018; Lichter, Price, and Swigert 2019; and

Wilson 1987). Some of those characteristics can also impact children’s

outcomes in systematic ways. For this reason I included a rich set of

baseline characteristics observed at birth which are in line with previous

research (F. Bernardi et al. 2013).

Time-invariant and time-varying adjustment variables I included

two sets of characteristics that may confound and bias the causal estimates,

one corresponding to the time-constant or baseline characteristics; and

another one to the time-varying characteristics that act as both mediators

and confounders. Table 2 provides an overview of these variables, their

operationalization, as well as the time-points at which they were captured in

the FFCWS. There is little knowledge about which specific factors may

affect the probability of experiencing a given family instability trajectory

(Härkönen 2014; Saint-Jacques et al. 2017). For this reason, I selected a

broad set of time-dependent factors that are likely contributing to changes

in partnership trajectories of mothers in causal ways, based on previous

research and the family instability hypothesis. This selection of variables is

in line with the work of Lee and McLanahan (2015) and others, but I added

many other variables that were not considered in any previous study in a

dynamic fashion. The time-invariant and time-varying variables sets are,
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however, partial, meaning that other characteristics that confound the

association remain unobserved. I make use of the child’s mother and father

responses to the questions, which were obtained at baseline and all other

available follow-ups when children were one, three, five, nine and fifteen

years old.

Measures of child’s behavioral problems Child behavior problems,

both internalizing and externalizing ones, were assessed at the third, fifth,

ninth and fifteenth follow-ups, but in this paper I focus on the problem

behavior scores among 15-year-olds. These different scores are based on

different subsets of questions from the Child Behavior Checklist 2-3 (Koot et

al. 1997). Maternal ratings 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 make up the total score on both the internalizing and

externalizing dimensions. Table 3 shows the different items that compose

the indicators of problem behavior at age fifteen years old.

Changes in family structure The effects of family instability are

usually examined by considering two different dimensions of family

dynamics: First, the relationship status between the biological parents of

the child; and second, the presence or absence of the biological or social

father. The operationalization of childhood family structure at each

time-point follows Raley et al. (2019). I used the mother’s relationship with

the biological father of the child at each wave together with information on

the relationship of the child to the people living in her household:

• If the mother was married to or cohabiting with the biological father

of her child and lived in a household in which her partner was declared

to be present, then I assumed these were the “traditional” two

biological nuclear families (T ).
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• If she was married to or cohabiting with her partner, but did not live

in a household with her partner present, then these were classified as

living apart together (L) families.

• If the mother was not in a relationship with the father of the child

(i.e. in a visiting relationship, they were friends, never or hardly talk,

were divorced, separated or widowed, or had no relationship), and the

mother did not live in a household with a partner present, then these

were single-mother families (S).

• Lastly, if the mother was not in a relationship with the father of the

child, but lived in a household with a partner present, then these were

considered as blended, complex or stepfamilies (B).

After classifying childhood family structure in any of these four types

(ft ∈ {T, S,B, L}), and at each time point, I operationalized family

instability as a dichotomous indicator variable capturing any change in the

family structure. For the purposes of this study, the family instability

indicator, thus, takes the value of one when the family structure at time t

differs from the one observed at t− 1, the previous observation period, and

zero otherwise, such that instead of specific family structures, at each time

point we have ft ∈ {0, 1}. Although this definition does not distinguish

between the different types of changes (Cavanagh and Huston 2008), I am

able to capture the most recently occurred changes in family structure.

Related to this, and as in previous research (Lee and McLanahan 2015),

between survey waves, and especially between those waves spread over

multiple years, I did not capture possible further changes in family structure

which might have occurred. Therefore, the indicator is probably a

conservative estimate of the real number of family transitions.
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Results

Table 4 presents descriptive characteristics of the FFCWS sample at baseline

by the type of family structure at birth, for which all further analyses adjust

for. Substantial differences can be observed between children born to

married or cohabiting parents v. those born to single-mothers or in blended,

complex or stepparent family configurations – the children born to LAT

family structures are in contrast more similar to the married/cohabiting

parents. The “Fragile families,” those that were not married at the child’s

day of birth, are more prone to experience family instability, are

predominantly formed by young and low-educated parents, and mostly of

non-Hispanic Black and Hispanic racial/ethnic backgrounds. They are more

likely to live in with extended or unrelated kin, and are more affected by

poverty than the married two-parent families. Moreover, different exposures

to changes in family structure over time can have different effects at various

later outcomes. Figure 9 shows the average total problem behavior score

evaluated at four different ages according to the different exposure histories

of changes in family structure. One first remarkable result is that the

differences in problem behavior between the distinct exposure histories are

not large. In fact, there is no easily discernible pattern between more

episodes of family instability, or specific timings, and a higher score on

overall problem behavior. The most stable trajectory at each time point,

however, has the smallest average score. For the remaining of the paper, I

focus on problem behavior, and its internalizing and externalizing

dimensions, among adolescents, shown in panel D in Figure 9.

The results of the MSM fitted to the life course cumulative instability model

are shown in Figure 10. These are the effects of different number of changes,

irrespective of the timing of the family changes, compared to the reference

category of no changes in family structure, i.e., the stable families. The

69



conditional effects, unadjusted and adjusting only for baseline time-invariant

covariates, are shown next to the causal estimates obtained from the doubly

robust MSM based on IPTW and adjustment for time-invariant covariates.

In general, estimates of the unadjusted effect, which for most outcomes show

the well-known, moderate negative association between family instability

and children’s wellbeing, are substantially reduced by the inclusion of

baseline confounders; and slightly further reduced by consideration of the

dynamic interplay of time-dependent confounders, with a few noticeable

exceptions.

As suggested by Figure 10, most of the action is on the externalizing

problem dimension, given that internalizing problems do not respond to

more changes in family structure – seen in that the curve is mostly flat. In

contrast, externalizing problems tend to increase with the number of

changes, but not linearly. After three changes, when the effect is largest,

though still of a small magnitude, the MSM estimates suggest that exposure

to further changes in family structure have a smaller effect. The effect for

three changes in family structure experienced during childhood likely

correspond to a common experience: The parents’ separation or divorce,

followed by a repartnering, and a subsequent separation from the new

partner. However, three changes can in principle capture other types of

transitions as well.

Though all confidence intervals in Panel C Figure 10 contain the value zero,

the effect of three changes on externalizing problem behavior are remarkably

consistent. The adjustment for time-dependent confounding does not reduce

the size of this estimate much more, though it slightly increases the

standard error. This result, in contrast to all other comparisons being made

with the life course cumulative model, suggest the presence of a small

negative effect of at least three episodes of family instability on the

externalizing problem behavior of teenagers, which goes in line with
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previous results (Lee and McLanahan 2015; Rodriguez S. 2021). However,

the estimates for further changes, four and five, are substantially reduced,

with children experienced up to five changes showing lower problem

behavior than children in stable families, which speaks against the family

instability hypothesis (Hadfield et al. 2018).

To explore matters further, Figure 11 shows the moderating effects in the

cumulative model by racial-ethnic background and the child’s gender

assigned at birth, based on the doubly robust MSM employing IPTW. Panel

A shows the moderating effect of racial-ethnic background, which suggests

that White children are on average more affected than Hispanic children for

all number of changes, whereas no sign of moderation for Black children

with the exception of the effect of five changes. Panel B, in turn, explores

the moderation by the child’s gender assigned at birth, which suggests that

boys exposed to five family changes are more affected than girls in both

externalizing and internalizing dimensions, whereas no moderation effect is

observed for smaller number of changes.

These findings already suggest important forms of heterogeneity in the effect

of cumulative changes or number of family transitions, a heterogeneity that

can hardly be captured by the family instability hypothesis. What could

possibly explain these findings? One possibility is that the specific family

life course trajectories experienced by children have effects that do not

correspond to major theoretical expectations, hence the relevance of

evaluating whether the timing makes a difference.

Figure 12 is based on the more flexible, fully interacted doubly robust MSM,

which tests whether the life course pathways model can reveal more nuances

in the claim of negative effects. This model contains all possible interactions

between the different time points at which children experienced a family

transition, and can in principle show the effect of specific joint exposure
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histories. As already hinted at in the descriptive results, and zooming in on

the internalizing and externalizing dimensions, the effects of these different

exposure trajectories are far from straightforward. The same total number

of family transitions can have both positive and negative effects. However, it

is impossible to discern any clear pattern regarding the effects of timing or

number of changes from this model, especially considering the relatively

small sample size for this kind of analysis. One highlight of this figure,

however, is that trajectories with less number of family transitions are

associated with a higher effect than trajectories with more family

transitions, and sometimes even of an opposite sign to the theoretically

expected. Moderating effects in the pathways model cannot be reliably

estimated given the relatively small sample size (i.e., not enough units to

compare specific trajectories by subgroups defined by the child’s gender or

racial-ethnic background).

Discussion

The results of this paper suggest that the association between family life

course trajectories with adolescent problem behavior is far more complex

than previously thought of. This higher complexity has multiple sources, as

seen in the moderation of some effects, suggestive of cumulative changes in

family structures affecting certain subgroups (Lee and McLanahan 2015),

but mainly in that family life course trajectories may not follow simple

monotonic rules and, more generally, may not correspond to the causal

models often hypothesized in the literature. In summary, this

re-examination of the family instability hypothesis suggests that changes in

family structure may not be as detrimental to problem behavior among

adolescents. The data here analyzed further suggest the family instability

hypothesis portrays family dynamics in an overly simplistic manner,

disregarding the potential for highly complex effects of family dynamics and
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its associations with children’s problem behavior.

A life-course reading of the family instability hypothesis and dynamic

confounding reveals how untangled causes and consequences can get in the

study of family dynamics (L. Bernardi, Huinink, and Settersten Jr 2019).

Past research has argued that family instability is a dynamic phenomenon

with multiple negative consequences for the wellbeing of children (Cavanagh

and Fomby 2019; Lee and McLanahan 2015), but an account of the

sequencing of events – including both reinforcing and counteracting

processes – set in motion in the life-course of children by a change in family

structure shows this might not be the case. These intermediate processes

may attenuate to a considerable extent the presumed negative impacts of

family instability; thus suggesting there might not be negative effects after

all. This in turn would imply that various indirect feedback mechanisms may

be as relevant for children’s wellbeing, as the initial triggering family change.

A study of family life course trajectories defined by specific family structures

experienced by children, e.g., living with two parents, living with one parent,

a stepparent, a second stepparent, or even considering further household

dimensions, such as coresidence with other relatives, etc., suggests itself as

the next step in understanding why the number of family changes can have

such varied effects.

However, such an analysis would require a far larger number of observations

followed from birth onward because of two reasons: 1) there is increasing

variability as children get older and the sequences of family life course are

quite complex from a statistical modeling point of view; and 2) by the time

children are nine years old, there are very few children following specific

family trajectories, which limits the extent to which we can establish

statistical comparisons for more detailed family life course.

Given selection on relevant unobservable variables and the consequent likely
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misspecification of the propensity score models estimating the probabilities

for family changes at each time point, the IPTW estimates may still be

upwardly biased. For example, no study on the effects of changes in family

structure has considered the effects of neighborhoods, social networks, yet

the decision to marry, to have children, and to stay married to a specific

partner, may be affected by these. Both of these confounding factors may

affect the stability of families because the cultural capital and the economic

capital or patrimony acquired through marriage may be at stake in the case

of a divorce. Individuals in specific social circles with high economic capital

marry “because of their capital” and stay together “for their capital”

(Bourdieu 1993) [p. 35]. On the opposite, lack of wealth or low

socio-occupational attainment may decrease the stability of family among

those who had little to gain from marriage to begin with, and therefore little

to lose from its dissolution; while at the same time, wealth and

socio-occupational class are important determinants of children’s wellbeing

(Downey and Condron 2016; Hällsten and Pfeffer 2017; and for other

contextual factors see Fomby and Mollborn 2017). Future research should

address this as well as other potential pathways that affect the dynamic

feedback effects between the set of time-dependent confounders V̄t and

family instability F̄t.

Measurement error may induce further bias thus far not considered in this

paper. For example, psychological wellbeing variables such as those used for

internalizing and externalizing problems, are unobserved constructs

measured with error. Of special concern in this regard are the scales built

from maternal ratings. Family transitions may make some mothers more

keen observers of their child’s behavior than others. If family instability

affects how mothers rate this behavior, artificially a statistical association is

created between changes in family structure and the score obtained in a

ratings checklist. So far, the literature has not discussed this in relation to

74



the estimation of family instability effects. There is, however, little that can

be done to address this issue with current statistical tools, under not so

restrictive assumptions, besides trying to device better measurement

instruments.

The life-course of children who experience changes, even repeated changes,

in family structure tell a more complex story. A life-course perspective

reveals that family instability should be considered as a dynamic concept,

rather than a static one, as suggested by Wu (1996). Doing so moves

forward the debate in the direction proposed by Seltzer (2019) for

demographic studies of families, by better portraying contemporary

dynamics of family life, but it follows that more flexible models are needed

for understanding the complex effects family instability can have on

children’s wellbeing. Therefore, children negatively affected by instability in

family structure may be only those for which the triggering negative event

of family instability led primarily to reinforcing or counteracting

mechanisms, which may be caused by further unobserved sources of

heterogeneity. The resulting chain of negative events that result from

changes in family structure can turn into a cumulative disadvantage

trajectory in multiple dimensions of the life-course, but not all children, and,

in fact, most children, experience both reinforcing and counteracting events

in their life-course after changes in family structure take place, which may

lead to a positive balance after the complete series of events is accounted for.

Future research ought to be aware of the role of family privilege in family

theory and research as suggested by Hadfield, Ungar, and Nixon (2018).

Conceiving stable families, especially those conformed by the two biological

parents of the child, as the benchmark to which other family arrangements

ought to be compared to, reminds us of the ethnocentric perspective of

White middle-class researchers who insist that children “fare better” under

—demographically speaking— living arrangements most similar to their own.
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More sound understandings of family dynamics ought to make room for

people’s agency in their choices of family life, as these are affected by the

structural constraints in which they try to navigate the demands of work

and family (Damaske, Bratter, and Frech 2017). Family life is equally

determined by potential alternative sources of strength and resilience which

may be found in alternative family structures as well (Orthner,

Jones-Sanpei, and Williamson 2003). Against the hypothesized harmful

psychological effects of “dysfunctional” families or absent relationship

figures in children’s lives, this paper highlights the extent to which

socioeconomic trajectories of families (i.e. employment, income, housing and

household trajectories) matter in explaining children’s wellbeing.

If the results of this paper seem puzzling at first sight, given the strong

theoretical expectations of negative effects, it is only because research has

been disproportionately focused on the reinforcing mechanisms that would

follow a family transition such as divorce. Family research should also

reconsider the role played by counteracting mechanisms that are set in place

once a family transition takes place (Kelly and Emery 2003). Many of these

mechanisms, as explained in this paper, remain under-theorized. For

example, help from extended family members may only become available

after the father leaves the household. Future research should focus on

establishing the strength of both reinforcing and the counteracting

mechanisms. The results of this paper suggest that these tend to, on

average, balance out whatever negative effect would supposedly follow from

a family transition. However, this research must find how those processes

moderate the outcome as to generate a net null effect of family instability on

children’s wellbeing. Methods such as structural nested models may provide

evidence for this but this task remains outside the scope of this paper.
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Tables and Figures
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Table 2: Description of variables used in chapter 3

Variables Min Max N Description Waves

Child’s verbal ability

(PPVT)

40 137 964 Peabody Vocabulary Test (PPVT/TVIP) score 3rd, 5th, 9th years

Child’s combined GPA 1.00 4.00 1199 It includes the subjects of English, Math, History or Social Studies,

and Science

15th year

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

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.

1st year

Shyness 3 15 1827 Shyness - EAS Temperament Survey for Children - a tendency

towards inhibition and awkward behavior in the young child

1st year

Child behavior

problems

0 80 1156 Child Behavior Problems (CBCL) including both internalizing and

externalizing problems

3rd, 5th, 9th, and 15th

years

Trouble at school scale 0 8 1411 Trouble at School in four areas getting along with teachers, paying

attention in school, getting homework done, and getting along with

other students (0 = Never to 4 = Every day)

15th year

Ever suspended from

school

1 2 1423 Ever been suspended or expelled in past 2 years? (yes/no) 15th year

Diagnosed with

asthma

1 2 1628 Has a health care professional ever told you child has asthma?

(yes/no)

3rd, 5th, 9th, and 15th

years
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Table 2: Description of variables used in chapter 3 (continued)

Variables Min Max N Description Waves

Overweight 1 2 981 Child Body Mass Index standardized by age and gender, binary

indicator if child’s BMI is higher than the 85th percentile (yes/no)

3rd, 5th, 9th, and 15th

years

Use of substances 1 2 1452 Ever smoked an entire cigarette? Drank alcohol more than two times

without parents? Tried marijuana? Tried other illegal drugs besides

marijuana?

15th year

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

during pregnancy

1 5 2049 During the pregnancy, how often did you drink alcohol? (1=Everyday

to 5=Never)

Baseline

Mother smoked during

pregnancy

1 4 2050 During the pregnancy, how many cigarettes did you smoke? (1=more

than packages per day - 4=None)

Baseline

Mother took drugs

during pregnancy

1 5 2051 During the pregnancy, how often did you use drugs? (1=Everyday to

5=Never)

Baseline

Father’s last name on

birth certificate

0 1 2042 Will the baby (babies) have the father’s last name? (yes/no) Baseline

Mother’s age at child’s

birth

15 43 2054 Mother’s age (years) Baseline

Father’s age at child’s

birth

16 53 1858 Father’s age (years) Baseline
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Table 2: Description of variables used in chapter 3 (continued)

Variables Min Max N Description Waves

Mother’s education at

child’s birth

1 4 2053 Mother’s education (1=less than highschool, 2=highschool or

equivalent, 3=some college, technical education, or 4=college or

graduate)

Baseline

Mother’a verbal ability

(PPVT)

40 139 929 Mother’s or primary care giver PPVT - Standardized score 3rd year

Father’s education at

child’s birth

1 4 2046 Father’s education (1=less than highschool, 2=highschool or

equivalent, 3=some college, technical education, or 4=college or

graduate)

Baseline

Mother’s race 1 4 2051 Mother’s race 1= white, non-hispanic; 2 black, non-hispanic;

3=hispanic; 4=other

Baseline

Father’s race 1 4 2054 Father’s race 1= white, non-hispanic; 2 black, non-hispanic;

3=hispanic; 4=other

Baseline

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

year vs. never)

Baseline

Father’s religiosity 0 1 1857 How often does father attend religious services? (at least once a year

vs. never)

Baseline

Mother lived with both

her parents

0 1 2035 Was the mother living with both of her biological parents at age 15?

(yes/no)

Baseline
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Table 2: Description of variables used in chapter 3 (continued)

Variables Min Max N Description Waves

Father lived with both

his parents

0 1 1847 Was the father living with both of her biological parents at age 15?

(yes/no)

Baseline

Mother thought about

abortion

0 1 2051 When mother found out she was pregnant, did she think about

having an abortion? or the father suggested her to have an abortion?

Baseline

Father thought about

abortion

0 1 1852 When father found out the biological mother was pregnant, did he

think about her having an abortion?

Baseline

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

relationship quality

1 3 2040 After mother found out she was pregnant, how did mother’s

relationship with biological father change? (better, worse, same) And

after baseline, how is mother’s relationship with child’s father?

(1=excellent to 5=Very bad)

Baseline, 3rd, 5th, 9th,

and 15th years

Mother with

alcohol/drug problems

0 1 2052 In last year, have alcohol/drugs interfered with mother’s

work/relationships? (yes/no)

Baseline, 3rd, 5th, 9th,

and 15th years

Father with

alcohol/drug problems

0 1 1855 In last year, have alcohol/drugs interfered with father’s

work/relationships? (yes/no)

Baseline, 3rd, 5th, 9th,

and 15th years

Father has been in jail 0 1 2053 Both mother and father report that father was in jail at each

interview (yes/no)

Baseline, 3rd, 5th, 9th,

and 15th years

Violence against the

mother

0 1 1955 Frequency that father hit or slaps mother when he is angry, insults or

criticizes her? (if this ever happened one, else zero)

Baseline, 3rd, 5th, 9th,

and 15th years
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Table 2: Description of variables used in chapter 3 (continued)

Variables Min Max N Description Waves

Welfare/food

stamps/TANF

recipient

0 1 2039 In last year, did the mother have income from public

assistance/welfare/food stamps/TANF? (yes,no)

Baseline, 3rd, 5th, 9th,

and 15th years

Financial assistance

from other family

members

0 1 2050 Have you receive financial support from anyone besides biological

father?

Baseline, 3rd, 5th, 9th,

and 15th years

Father’s

socio-occupational

category

1 7 1848 What sort of work does/did father do in his current/most recent job?

(white collar, high skill; services, high skill; manual blue collar; other

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

Baseline, 3rd, 5th, 9th,

and 15th years

Mother’s

socio-occupational

category

0 1 2055 What sort of work does/did mother do in his current/most recent

job? (white collar, high skill; services, high skill; manual blue collar;

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

Baseline, 3rd, 5th, 9th,

and 15th years

Neighborhood violence

level

1 4 2045 How safe are the streets around your home at night or frequency of

gang activity? (1= Very safe to 5=Very unsafe)

Baseline, 3rd, 5th, 9th,

and 15th years

Mother has moved

from previous house

0 1 1583 Has the mother moved houses since child was born or since last

interview? (yes/no)

Baseline, 3rd, 5th, 9th,

and 15th years

Mother lives in a

rented

house/appartment

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

and 15th years
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Table 2: Description of variables used in chapter 3 (continued)

Variables Min Max N Description Waves

Non-Nuclear family

structure

0 1 2055 A synthetic indicator created from household members information

(dichotomous indicator if non-nuclear family structure is present)

Baseline, 3rd, 5th, 9th,

and 15th years

Child’s siblings live in

the same household

0 1 2055 A synthetic indicator created from household members information

(dichotomous indicator if at least one child’s sibling is present)

Baseline, 3rd, 5th, 9th,

and 15th years

Housing wealth -315002 5000000 1041 Net housing wealth (difference between the value the house could be

sold minus what is owed to the bank)

Baseline, 3rd, 5th, 9th,

and 15th years

Equivalized household

income

0.0000 94575.5320 2041 Household income combining all sources of income, divided by the

square root of the household size

Baseline, 3rd, 5th, 9th,

and 15th years

Poverty categories 1 5 2055 Poverty categories constructed by FFCWB based on mother’s

household income/poverty threshold ratio (1 = 0-49% to 5 = 300%+)

Baseline, 3rd, 5th, 9th,

and 15th years

Mother’s depression 0 1 1839 Mother meets depression criteria (liberal) at one-year (based on the

CIDI questionnaire)

3rd, 5th, 9th, and 15th

years

Child’s age (at second

wave)

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

years

Multipartner fertility

indicator

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

years

Note:

Own elaboration.
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Table 3: Average score on items and subscales of problem behavior at fiffteen-
year follow-up and descriptives by gender and racial-ethnic background

Dimension Question or item Total Girls Boys White Black Hispanic

Withdrawn Youth is underactive, slow moving,
or lacks energy

0.32 0.33 0.30 0.34 0.30 0.34

Youth is unhappy, sad, or
depressed

0.28 0.31 0.26 0.35 0.27 0.25

Anxiety/Depression Youth cries a lot 0.13 0.22 0.07 0.19 0.12 0.13
Youth feels worthless or inferior 0.16 0.17 0.18 0.27 0.14 0.15
Youth is nervous, highstrung, or
tense

0.30 0.32 0.30 0.42 0.27 0.30

Youth is too fearful or anxious 0.26 0.27 0.25 0.31 0.22 0.26
Youth feels too guilty 0.14 0.15 0.15 0.17 0.14 0.14
Youth worries 0.48 0.52 0.49 0.67 0.43 0.47

Internalizing Subtotal 2.04 2.28 1.98 2.70 1.87 2.02
Aggressive Youth argues a lot 0.47 0.50 0.48 0.55 0.44 0.50

Youth is cruel, bullies, or shows
meanness to others

0.19 0.18 0.20 0.15 0.22 0.16

Youth destroys things belonging to
family or others

0.10 0.08 0.14 0.09 0.13 0.09

Youth is disobedient at home 0.42 0.39 0.47 0.41 0.45 0.41
Youth is disobedient at school 0.29 0.23 0.33 0.17 0.40 0.21
Youth gets in many fights 0.10 0.11 0.10 0.06 0.13 0.08

Youth physically attacks people 0.05 0.03 0.06 0.02 0.06 0.05
Youth is stubborn, sullen, or
irritable

0.62 0.64 0.63 0.72 0.65 0.50

Youth has temper tantrums or a
hot temper

0.39 0.38 0.41 0.35 0.43 0.38

Youth threatens people 0.08 0.06 0.10 0.07 0.10 0.07
Youth is unusually loud 0.33 0.38 0.29 0.30 0.38 0.28

Rule Breaking Youth doesn’t seem to feel guilty
after misbehaving

0.33 0.30 0.36 0.28 0.39 0.30

Youth hangs around with others
who get in trouble

0.21 0.17 0.23 0.15 0.28 0.15

Youth lies or cheats 0.32 0.27 0.37 0.26 0.39 0.27
Youth runs away from home 0.04 0.04 0.04 0.03 0.04 0.03
Youth sets fires 0.01 0.00 0.02 0.01 0.01 0.01

Youth steals at home 0.07 0.05 0.07 0.04 0.08 0.05
Youth steals outside the home 0.04 0.03 0.05 0.03 0.06 0.01
Youth swears or uses obscene
language

0.37 0.33 0.42 0.44 0.38 0.34

Youth vandalizes 0.03 0.03 0.04 0.03 0.05 0.04
Externalizing Subtotal 4.39 4.16 4.70 4.11 5.02 3.80

Behavior Problems Total 10.31 10.35 10.65 10.75 10.97 9.55

Note:
Own elaboration. All items are on a scale from 0 (not true), 1 (sometimes or somewhat true) to 2 (very true or often true)
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

N Count 1979 1286 28 148 1

Mother’s age Median 25 22 23.5 25 22

Father’s age Median 28 24 26 27 -

Mother’s race (%) White, non-hispanic 32.4 12.9 28.6 19.6 0

Black, non-hispanic 30.2 58.5 57.1 43.9 0

Hispanic 32.1 25.7 14.3 33.8 100

Other 5.1 3 0 2.7 0

Missing 0.2 0 0 0 0

Father’s race (%) White, non-hispanic 30.2 8.9 10.7 15.5 0

Black, non-hispanic 31.7 61.4 57.1 43.9 0

Hispanic 32.8 24.8 21.4 34.5 100

Other 5.3 3.2 7.1 6.1 0

Missing 0.1 1.7 3.6 0 0

Mother born in U.S.

(%)

No 19.6 10.7 3.6 26.4 0

Yes 80.3 89 96.4 73.6 100
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Missing 0.1 0.3 0 0 0

Father born in U.S.

(%)

No 18.2 5.2 3.6 22.3 0

Yes 73.1 55.8 57.1 52 0

Missing 8.6 39 39.3 25.7 100

Mother’s religiosity

(%)

Seldom or never 39.8 43.2 21.4 30.4 100

At least once a year 60.2 56.6 78.6 68.2 0

Missing 0.1 0.2 0 1.4 0

Father’s religiosity (%) Seldom or never 40.9 30.1 28.6 29.1 0

At least once a year 50.5 30.9 32.1 45.3 0

Missing 8.6 39 39.3 25.7 100

Mother thought about

abortion (%)

No 79.8 50.3 53.6 77.7 0

Yes 20 46.6 39.3 21.6 0

Missing 0.3 3.1 7.1 0.7 100
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Father suggested

abortion (%)

No 78.6 43.5 42.9 64.9 0

Yes 12.6 17.3 17.9 9.5 0

Missing 8.8 39.3 39.3 25.7 100

Mother’s education

level (%)

Less than Highschool 29.3 40.7 32.1 34.5 0

Highschool or GED 27.6 33.2 28.6 29.7 100

Some college or tech. 26 23.1 28.6 22.3 0

College or Graduate 17.1 3 10.7 13.5 0

Missing 0.1 0.1 0 0 0

Father’s education

level (%)

Less than Highschool 30.5 35.9 39.3 36.5 0

Highschool or GED 28.8 34.2 25 31.1 0

Some college or tech. 24.4 16.7 17.9 20.3 0

College or Graduate 16 3.3 0 10.8 0

Missing 0.4 9.9 17.9 1.4 100
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Mother lived with both

parents growing up

(%)

No 49 65.9 71.4 49.3 100

Yes 50.3 33.4 28.6 45.9 0

Missing 0.7 0.8 0 4.7 0

Father lived with both

parents growing up

(%)

No 43.2 39.4 39.3 37.2 0

Yes 48 21.5 21.4 35.1 0

Missing 8.9 39 39.3 27.7 100

Mother’s health Good 93.2 91.7 92.9 93.9 100

Fair or poor 6.7 7.9 7.1 6.1 0

Missing 0.1 0.4 0 0 0

Father’s health Good 85 55.8 57.1 70.9 0

Fair or poor 6.5 5.4 3.6 3.4 0

Missing 8.5 38.9 39.3 25.7 100

Father ever in jail No 98.8 89 78.6 93.9 100
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Yes 1.2 7.7 14.3 5.4 0

Missing 0.1 3.3 7.1 0.7 0

Child’s gender (%) Girl 48.4 46 32.1 45.3 0

Boy 51.6 54 67.9 54.7 100

Missing 0 0 0 0 0

Low-weight birth (%) Yes 7.8 11.6 10.7 8.8 0

No 89.5 86.3 82.1 87.8 100

Missing 2.7 2.1 7.1 3.4 0

Twins at birth (%) No 98 98.6 92.9 98.6 100

Yes 2 1.4 7.1 1.4 0

Missing 0 0 0 0 0

Alcohol, Tobacco or

drug consumption at

birth (%)

Used 0.2 0.3 0 0.7 0

Did not use 99.8 99.7 100 99.3 100

Missing 0 0 0 0 0
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Living with extended

kin or unrelated adults

(%)

Nuclear 73 32.4 75 43.2 0

Extended or complex 27 67.6 25 56.8 100

Missing 0 0 0 0 0

Mother side siblings in

household (%)

No siblings 39.4 31.6 28.6 43.2 0

Siblings present 60.6 68.4 71.4 56.8 100

Missing 0 0 0 0 0

Violence by partner

against mother (%)

No 68.7 81.4 39.3 66.9 100

Yes 26.2 18.6 7.1 33.1 0

Missing 5.2 0 53.6 0 0

Mother does paid work

(%)

No 41.2 41.3 53.6 50 0

Yes 48.7 47.6 39.3 37.2 0

Missing 10.1 11.1 7.1 12.8 100
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Changed home (%) Did not moved 43.9 52 42.9 48 0

Moved 33.1 25 42.9 29.1 100

Missing 23 23 14.3 23 0

Lives on rent (%) Own house 36.8 35.1 21.4 33.1 0

Renting 62.5 64 78.6 64.9 100

Missing 0.7 0.9 0 2 0

Income to poverty rate

categories

0-49% 12.7 27.8 32.1 19.6 100

50-99% 12.3 20 10.7 19.6 0

100-199% 24.2 28.2 25 24.3 0

200-299% 17.4 14.4 10.7 13.5 0

300% 33.4 9.6 21.4 23 0

Missing 0 0 0 0 0

Nominal equivalized

household income

Median 15910 8839 9856 11599 3750
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Table 4: Descriptive Statistics for Analytical Variables in the FFCWS Initial Sample by Family Structure at Birth (continued)

Married or

Cohabiting

two parents

Lone-parent Complex,

step or

blended

family

LAT Missing

Mother’S cognitive

skills (PPVT std.

score)

Median 93 87 85 85 -

Note:

Own elaboration. Mother’s employment is measured one year after birth92
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Figure 8: Simplified DAG for the family instability hypothesis and the
Selection Hypotheses
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Figure 9: Average problem behavior at various ages following all potential
exposures
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Figure 10: Estimated cumulative effects of repeated family changes on
problem behavior at 15 years old

95



Black x 1

Black x 2

Black x 3

Black x 4

Black x 5

Hispanic x 1

Hispanic x 2

Hispanic x 3

Hispanic x 4

Hispanic x 5

−1 0 1 2
Coefficients

 

A. Difference by Mother's race−ethnicity 
 on the cumulative effect of family changes 
 (ref. White)
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B. Difference between boys and girls on 
 the cumulative effect of family changes 
 (ref. Girls)

Figure 11: Moderating effect of cumulative changes in family structure on
problem behavior at age 15 by child’s mother racial-ethnic category and
child’s gender assigned at birth
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Figure 12: Joint effect family instability exposure trajectories up to 15
years old on the internalizing, externalizing and total problem behavior of
adolescents [ref. stable families (0,0,0,0,0)]
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CHAPTER 4 - What can parents do? The causal

mediating role of parenting in explaining SES

differences in children’s language development

This paper has been publihsed as: Rodríguez Sánchez, A. (2023). What can

parents do? The causal mediating role of parenting in explaining SES

differences in children’s language development. Journal of Family Research,

35, 53-84.

This is the accepted manuscript. The final version is available at

https://doi.org/10 .20377/jfr-688

There is a strong association between low parental socioeconomic status

(SES) and many adverse outcomes in childhood that carry on into

adulthood (Greg J. Duncan et al. 1998). One of the most consistently

investigated child development markers affected by low SES is children’s

language development (Romeo et al. 2018). Research in Germany has

shown that SES differences in cognitive development, of which language

development is an important part of, emerge well before children enter

school and tend to remain stable throughout children’s school careers

(Skopek and Passaretta 2020). Substantial inequalities in children’s

developmental trajectories have been observed in other countries as well, but

parental SES influences children’s wellbeing both directly and indirectly. In

the US, for example, where differences in children’s language development

by parental SES have been long investigated (Greg J. Duncan, ZiolGuest,

and Kalil 2010), researchers have begun to narrow in on one salient

mechanism: the differences in how low-SES and high-SES parents care for

and rear their children (Fomby and Musick 2018).

Concerns over children’s wellbeing have taken researchers to closely examine

internal family dynamics and in particular caregiver-child interactions
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(Mayer et al. 2019), as these might mediate, or indirectly explain, the effects

of parental SES. The literature on parenting often distinguishes between

three general types of behaviors parents engage in with their children (Spera

2005): parenting styles, parenting practices or daily activities, and parental

investments (Doepke, Sorrenti, and Zilibotti 2019; Mayer et al. 2019).

These can be considered different dimensions of parenting (Maccoby 1994),

though there is a large overlap between them. Parenting style describes the

type of parent-child interaction that occurs on a regular basis, and it has

been classified into five general types: authoritative, emotional, sensitive,

detached, or authoritarian (Baumrind 2005; Kuppens and Ceulemans 2019).

Parenting practices, instead, refer to the daily activities done with the child,

such as attending to the child’s basic needs or promoting the language and

reading skills of the child, and their socio-emotional development

(Cobb-Clark, Salamanca, and Zhu 2019; Kalil, Ryan, and Chor 2014), as

well as the cultivation of literacy at home (Melhuish et al. 2008). Parental

investments, although often fused together with parenting styles and

practices, refer more to the time and financial resources parents invest in

their children in the form of goods/services such as childcare, books for

children, or other cognitively stimulating activities (Doepke, Sorrenti, and

Zilibotti 2019; Miller et al. 2020).

Parenting covers a large range of practices and activities that parents do

with their children, which makes it difficult to exactly differentiate them.

Hoff (2013) and Romeo et al. (2018) trace parental SES differences in

children’s language skills to gaps in some parenting dimensions. For

example, the effects of authoritarian or detached parenting styles (T. W.

Chan and Koo 2011), as well as the effects of the differences in reading-time

with children (Kalil, Ryan, and Corey 2012), and the effects of low or

insufficient parental investments (Doepke, Sorrenti, and Zilibotti 2019) do

explain to some extent structural inequalities by SES. In fact, such types of
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parenting are more characteristic of low-SES families. This is one reason

behind the focus of parenting interventions and early childhood programs on

teaching low-SES mothers parenting skills deemed necessary for effective

child development (Ayoub, Vallotton, and Mastergeorge 2011; James J.

Heckman, Humphries, and Kautz 2014; Price 2010). However, and even

though specific types of parenting affect children, little is known as to what

share of the total effect of SES is mediated through parenting, a quantity of

relevance for early childhood public policy.

Whatever that quantity may be, previous studies suggest the link between

SES and children’s cognitive development cannot be fully accounted for by

parenting (Sullivan, Ketende, and Joshi 2013), which is itself suggestive of

alternative pathways. In this study, I explore and estimate the mediated

share of the SES effect on language skills that goes through parenting,

broadly understood (Berendes et al. 2013). To achieve this, I follow the

suggestion of previous research and use a broader conception of parenting

when estimating these effects, instead of focusing on a single parenting

dimension (Fomby and Musick 2018; Mollborn 2016) – an approach that is

riddled with identification problems, as I explain in the paper. I estimate

the share of the SES effect that is jointly mediated through multiple

parenting mediators employing interventional mediation analysis, as

explained and developed in T. J. VanderWeele and Tchetgen Tchetgen

(2017), to best meet the multiple assumptions on which causal mediation

analysis depends on (Nguyen, Schmid, and Stuart 2021).

Background

Various later child wellbeing and development indicators, such as memory

skills, literacy, and general school performance, heavily depend on early

language development (Shonkoff 2011). Therefore, to narrow social

inequality in school performance and academic achievement (T. Schneider
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and Linberg 2021), researchers and policy makers need to understand which

mechanisms generate early differences in language skills by SES. Studies

show parenting is, without a doubt, an active force in children’s

developmental trajectories (Grusec 2011; Maccoby 2000). Two recent studies

estimate the association between SES and language development in the

German context (Skopek and Passaretta 2020; Attig and Weinert 2020).

These studies employed the same data used in this paper and find a long

lasting impact of SES – parents’ education – on language, and on cognitive

development more generally, as well as strong differences in parenting

practices or joint activities by SES.

Parenting is thought to constitute one of the most salient processes through

which social inequalities are reproduced from one generation to the next

(Guo and Harris 2000). Among these processes, family influences like

parenting are but one important social determinant of children’s

development (Maggi et al. 2010). Although the overview of Hoff and

Laursen (2019) discuss parenting as a moderating factor in the association

between SES and children’s language development, it might be more

appropriate to consider parenting as a general mediating mechanism

explaining SES-related differences in child development (Weininger and

Lareau 2009). Both the family stress model and the family investment

model suggest parenting is, however, if not the main, certainly one

important mechanism linking children’s development trajectories and SES

(Conger, Conger, and Martin 2010; Greg J. Duncan et al. 1998). Although

parenting dimensions are conceptualized as different though related aspects

in the rearing of children, recent research suggests that these are not

independent of one another, and that, therefore, their effects on children’s

development should perhaps be considered jointly (Elliott and Bowen 2018;

Mayer et al. 2019).
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Parenting and the development of language skills

In addition to the SES and parenting association, there are several pathways

linking parenting and various aspects of language development in early

childhood (Pace et al. 2017). The effect of various parenting dimensions on

the cognitive development of children has been recently summarized by

Ulferts (2020), including multiple studies and meta-analyses. A recent

meta-analysis of studies evaluating the linkages between parenting and

language development suggests that sensitive parenting facilitates language

and learning in children in a myriad of ways (Madigan et al. 2019). In

particular, evidence from randomized controlled trials show that the effect

of interventions on parental sensitive responsiveness on children’s language

in economically disadvantaged families is stronger than what is found in

high-SES families (Madigan et al. 2019). Moreover, S. C. Perkins, Finegood,

and Swain (2013)|s review of basic brain functions and areas related to

language development further suggest that these are directly and indirectly

affected by exposure to low SES contexts and parenting (Merz et al. 2019;

Kuhl 2004).

In this respect, word variety, a higher complexity of language, as well as

more frequently asking children questions eliciting a response from them,

which are more characteristic of high SES parents and are linked to specific

parenting behaviors (Vernon-Feagans et al. 2012; Ochs and Kremer-Sadlik

2015), would be more beneficial for early language skills. Early word

learning, for example, is often the outcome of children’s engagement in joint

activities with their caregivers (Hart and Risley 1995; Kuchirko 2019), an

effect that is enhanced when caregivers are responsive to children’s needs

and solicitations (Hoff 2003). There is evidence that low educated mothers

display a less responsive type of communication with their children, which

suggests this may be one explanation of the lower verbal abilities found
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among low-SES children (Dollaghan et al. 1999). Similar findings have been

observed in Germany. Attig and Weinert (2020) show that various

characteristics of the home learning environment of children vary by SES,

with negative impacts on children’s language skills.

Other research suggests the effects of parenting might be heterogeneous as a

consequence of families being embedded within specific contexts around

which family life is organized (Manstead 2018). The effects of certain

parenting styles may depend on broader cultural and local contexts in which

parenting is embedded. The effects of the same parenting practice of, for

example, reading a book to a child, might depend on the expectations that

peer-groups or families have for a child, and a myriad of additional effects

that might enhance, reinforce or suppress, and therefore discourage, the

effects of parenting styles, practices, or investments in those contexts.

Regarding specific parenting dimensions, various pioneering works on the

child development, parenting literature suggest strong interactions between

these different dimensions, which are thought to generate differences in

language development. Authoritative styles might be more important in

specific environments, particularly those of low SES families (Sorkhabi and

Mandara 2013). Parenting practices’ effectiveness in promoting language

development, on the other hand, may depend on the type of parenting style

(Darling and Steinberg 1993). Moreover, parenting styles could be an

underlying cause of specific parenting practices and parental investments,

causing parents to engage in more activities with their child and invest more

time and resources in them (Doepke, Sorrenti, and Zilibotti 2019).

Differences in parenting behavior by SES

There are multiple mechanisms linking SES and parenting, which explains

why SES differences in parenting could be an important reason behind
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language skill gaps. Most of these mechanisms operate through the stress

associated with raising a child in low-resource contexts (Bradley and

Corwyn 2002). Economic insecurities associated with low SES, added to the

diffusion of the ideology of intensive parenting, are major sources of stress

affecting parental wellbeing and parenting (Nomaguchi and Milkie 2020).

Moreover, Doepke and Zilibotti (2017) show important differences in

parenting by the overall socioeconomic status of the country, and

substantial differences in time involved in parenting by parents’ educational

level. Hoff and Laursen (2019) conclude that evidence suggest multiple

causal pathways are at work between these two factors (Merz et al. 2020).

The variables involved in these pathways - which include external factors,

such as circumstances in which parents live, and internal ones, such as

parents’ socio-demographic characteristics - act jointly to generate

differences in parenting (Hoff and Laursen 2019).

The main theoretical perspectives explaining the connection between SES,

parenting, and children’s cognitive development rely on a set of complex

interactions between multiple parenting mechanisms (Hoff and Laursen

2019). The family investment model, for instance, considers that differences

in resources and parental investments explain differences in children’s

cognitive development (Greg J. Duncan et al. 1998). The family stress

model, instead, centers on the stress that is caused by low resources, and on

how this form of stress negatively affects parents’ behavior when rearing and

educating their children (Conger, Conger, and Martin 2010). Moreover,

research on the parenting package (Fomby and Musick 2018), as well as on

the effects of developmental ecologies (Mollborn 2016), suggest the

mediating linkages between SES and parenting might be far more complex

than currently understood. For Bronfenbrenner and Morris (2007)‘s

bio-ecological model, parenting is a proximal process within the family,

which influences children’s development through multiple pathways.
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However, the effects of these pathways are embedded in networks of peers,

neighborhoods, and larger institutions, thus hypothesizing a much less

mechanistic role for parenting in child development. For example, low-SES

parents might have a heavier workload and receive lower wages, which

implies higher levels of tiredness, stress, and, perhaps, less leisure time to

spend with their children, all of which may produce a less effective type of

parenting (Milkie, Raley, and Bianchi 2009). In contrast, high-SES parents

are able to hire or pay for extra parenting provided by others in the form of

cognitively stimulating activities with care professionals, even from early on

(Schober and Schmitt 2017); which may improve the parent-child

relationship by taking away some of the burden of care work from parents’

shoulders.

Parenting is something done by unequal parents and in unequal

circumstances (Lahire 2019). For example, studies have shown that

middle-class parents engage in parenting practices that have been

characterized as concerted cultivation, positively reinforcing middle-class

children’s skills, whereas working-class and working-poor-class families’

parenting is more similar to the accomplishment of natural growth, a

different kind of parent-child interaction that may not provide these same

benefits (Lareau 2011: pp. 238-239). On top of that, other qualitative

research suggests that social inequalities in children’s language skills result

from the interaction between social class origins and teachers’ or caregivers’

differential expectations about children’s behavior and language (Millet and

Croizet 2016). Parents are not only unequally endowed with resources and

skills for child rearing, they are unequally constrained by factors such as

time and working conditions that also have effects on their parenting

(Bradley and Corwyn 2002). Given the highly complex interactions between

parenting mediators, and the many confounding factors affecting them,

there is reason to doubt parenting could mediate close to the full share of
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the SES total effect as theoretically expected (Milkie, Nomaguchi, and

Denny 2015; Sullivan, Ketende, and Joshi 2013), in fact, it is more likely

that this share is rather small.

SES as a causal factor in parenting and children’s language

development

Most studies in the parenting literature reduce parenting to one of the

child’s parents educational attainment (Kalil, Ryan, and Corey 2012), often

that of the mother’s. This reductionist approach, although encouraged by

some highly popular research (Hoff and Laursen 2019; Cunha, Heckman,

and Schennach 2010; Goldthorpe 2010), obscures rather than clarifies many

of the ways in which parenting actually operates as a proximal process. The

reductionist approach is not universally accepted by all research on

parenting (Thaning and Hällsten 2020; Savage et al. 2013; Sullivan, Ketende,

and Joshi 2013; Goldfeld et al. 2018). Other approaches that consider

additional SES related variables, such as income, wealth, occupational

attainment, welfare dependency, etc., and combine them, have also received

attention in the parenting literature (Ishizuka 2019), and in explaining gaps

by SES in other child wellbeing measures (Berge et al. 2010).

In socio-linguistic research, it was early recognized that families use of

language is fundamentally a function of their SES or social class (Bernstein

1964; Bourdieu 1991). Children from different SES backgrounds acquire

different communicative abilities, but these are not a simple additive

function of SES as assumed by the reductionist approach. I argue that it is

necessary to include both parents’ resources in understanding the effects of

family SES, as it has been recently discussed when studying siblings

correlations on educational outcomes (Thaning and Hällsten 2020).

There are important disadvantages in the reductionist approach vis-à-vis its

106



alternative – that of combining the different dimensions (Hauser and Warren

1997; Goldthorpe 2021; Hollingshead et al. 1975) – which I address in this

paper. Mother’s educational attainment correlates strongly with other SES

dimensions – and with those of the father – and it has been found to be the

most predictive of SES factors for children’s language (Kalil, Ryan, and

Corey 2012). However, that approach does not correspond with the many

nuances reviewed above of parenting as a function of SES. For example,

occupation, income, and wealth, are fundamentally functions of educational

attainment, which would make it a type of mediator that also affects

parenting. These factors may also moderate the effects of education, with

differences in their impact. There is little research on the effect of

socio-occupational class, but household income has been shown to be of

little relevance (Berger, Paxson, and Waldfogel 2009), and recent studies

suggest wealth may have an important independent, additive effect (Dräger

2022). However, when children are born, they experience all the dimensions

of their mother and father’s SES simultaneously, not just one dimension at a

time, so it is difficult to try to separate them (Bihagen and Lambert 2018).

Each SES dimension affects what parents know or are able to do with their

children (e.g., networks, learning from peers, etc.) and, therefore, may affect

the functioning of the educational attainment dimension, even in systematic

ways (Heinrich 2014; D. Schneider, Hastings, and LaBriola 2018). Moreover,

given that not one single dimension can operate equally, the combined

approach has the advantage of acknowledging important differences caused

by families’ divergent class backgrounds (Gillies 2005; Lahire 2019), in the

direction of the individuation of social class.

Notwithstanding these nuances, the major disadvantage of the reductionist

perspective is that employing mother’s educational level to approximate

SES ignores potential measurement error in this variable. Educational

attainment of the mother does not fully capture the construct of SES and it
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does so with systematic error, for example, by ignoring father’s educational

level or assuming that different educational degrees, such as doctor versus

school teacher, at the same educational level, are entirely comparable. For

example, the occupation of both parents may be relevant for language

development when parents work in fields such as education or health versus

manual occupations with little involvement of verbal abilities, beyond

parents’ educational levels. Equally so, parents with high financial resources,

but low educational attainment, may compensate for lacking educational

credentials through private tutoring, by engaging in cultural activities

themselves, or by enrolling their children into verbally intensive activities or

social networks. Therefore, and although the SES-related individual

variables may be used in place of a latent construct, these do not fully

represent, nor override, the construct of SES.

One SES dimension does not replace another one and cannot solely stand

for the other ones either (Thaning and Hällsten 2020). The literature on

parenting so far offers no answers to these critical issues because underlying

the suggestion of using only mother’s education there is no causal model

being hypothesized, or only one following a conception of education as

human capital (G. S. Becker 2009), supposedly uniform and exchangeable.

In contrast to the reductionist approach, and considering that SES is an

unobservable and theoretical construct (Lahire 2019; Savage et al. 2013;

Goldthorpe 2021), an inductive or formative methodology seems more

appropriate. The debates around the measurement of SES do suggest that a

measurement model could incorporate all the dimensions and address the

limitations of the reductionist approach – of which no advantage has been

shown (Thaning and Hällsten 2020).
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Data and Methods

Causal interventional direct and indirect effects

In previous research, the estimation of direct and indirect effects of specific

parenting dimensions has been based on so-called “third variable analyses”

(Attig and Weinert 2020; T. Linberg et al. 2019), also known as statistical

mediation or statistical decomposition methods – in contrast to causal

mediation analysis – such as structural equation models or Oaxaca-Blinder

decomposition methods (Nguyen, Schmid, and Stuart 2021; Guo and Harris

2000). However, recent advances in causal mediation analysis stress that the

identification of mediating pathways relies upon various assumptions that

often go untested in empirical studies (T. VanderWeele 2015), and that are

unrealistic in almost all empirical applications. Statistical decomposition

methods provide descriptive analyses of the exposure-mediator-outcome

associations, but these do not warrant a causal interpretation. Furthermore,

these methods only consider the case of a single exposure, that is one

mediator at a time, and assume independence among all possible individual

mediating mechanisms, which is the reason why the sum of all “indirect”

effects obtained with such methods can sometimes exceed the total effect

under investigation. The reason for this is that statistical decomposition

analyses do not explicitly address the problems of confounding, which bias

the magnitude of the mediating pathways, and which should be addressed

by estimating counterfactual mediators and outcomes.

Parenting as a mediating mechanism, as discussed in the background section,

is hypothesized to be a mediating process involving multiple, distinct

mediators that interact with each other, and which follow multiple pathways.

Therefore, studies of parenting require a more encompassing exploration of

the role of parenting, one that considers the various dependencies and

pathways involved in the SES, parenting, and language associations. As an
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example, Figure 13 displays many of the complex hypothesized interactions

that I have discussed in the Background section. The different parenting

mediators (here simply denoted as parenting practices MP , parenting styles

MS , and parental investments M I), interact with one another in ways that

are largely unknown, and probably context dependent. Although these

parenting dimensions can be thought of as mediators, studies suggest strong

interactions with one another, something which should be considered in

estimations of the mediated share. Not only that, but parenting is itself a

function of multiple factors beyond SES, which should be considered

simultaneously when estimating mediation. These are factors which are

affected by SES, the exposure of interest, but which also have direct and

indirect effects on the language development indicators, Y . There are two

major sources of this type of confounding: a general confounding mechanism

C, such as parents’ ages, and an exposure-induced confounding mechanism

CM , such as smoking during pregnancy, low birthweight, parental working

hours or use of child care arrangements. The existence of exposure-induced

confounders has been neglected by most previous research, yet it is especially

problematic given that these confounders are affected by SES, affecting

equally all parenting mediators and children’s language development.

In contrast to statistical decomposition methods, causal mediation analysis

addresses these issues, and emphasizes the problems of identification. Four

main assumptions are necessary for providing a causal interpretation of

mediation. The first assumption is that there is no unmeasured confounding

of the exposure-outcome association Z → Y , where Z stands for SES and Y

for children’s language skills. In mathematical notation, this assumption can

be written as Y (z,m) ⊥⊥ Z|C, ∀z,m with z being the observed level of SES

and m the values taken by the mediators (e.g., a family SES is affected by

the child’s grandparents’ SES which also affects their verbal skills). Second,

we need to assume there is no unmeasured confounding of the
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mediator-outcome association, M → Y , or that M(z) ⊥⊥ Z|C, ∀z, where

M(z) is the counterfactual value of the mediators – the parenting styles,

practices and parental investments – had the exposure been set to z possibly

contrary to fact (i.e., a highly sensitive mother that attends to her child’s

needs although from a low-SES background). The third assumption is that

no unmeasured confounding factors exists between the exposure-mediator

association, Z → M , or that Y (z,m) ⊥⊥ M |Z = z, C, ∀z, z∗,m, with z∗

being the counterfactual level of exposure SES different to one actually

observed z (e.g., problem behavior in children may affect parenting and also

language development) Finally, the fourth assumption states that there are

no confounders of the mediator-outcome association, M → Y , that are

affected by the exposure, that is, that they are also caused by Z:

Y (z,m) ⊥⊥ M |Z = z, C, ∀z, z∗,m (i.e., smoking or drinking during

pregnancy is associated with low-SES families, it may affect the type of

parenting needed, and it also affects children’s development).

Once explicitly stated, it becomes clear that meeting any one of these

assumptions in the context of parenting as a mediating mechanism between

SES and children’s language skills is rather difficult. As discussed above, the

fourth of these assumptions is particularly problematic. We can be fairly

sure that the no exposure-induced mediator-outcome confounding

assumption does not hold for the mediating mechanisms we have in mind.

Here two examples: a) Smoking during pregnancy or a premature birth are

affected by maternal education, but both smoking and having had a

premature child may affect the type of parenting done by caregivers and the

children’s language or cognitive development; b) Dual-earner families, in

which both parents work full-time, may have less time to engage in highly

intensive parenting practices, but full-time work, especially in high paying

occupations, may also allow families to purchase time-intensive activities for

their children or higher quality childcare. Moreover, all major surveyed
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theories in the parenting literature – the family stress model (Conger,

Conger, and Martin 2010), the family investment model (Cobb-Clark,

Salamanca, and Zhu 2019), and the bio-ecological model (Bronfenbrenner

and Morris 2007) – describe many more potential mediating pathways.

If SES affects a parenting dimension, say parental investments, that in turn

affects another one, such as parenting practices, then the fourth assumption

required for causal mediation does not hold for these single mediating

pathways. For example, research has shown sensitive mothers perform more

time-intensive parenting practices with their children, and that high-SES

mothers adjust their parenting to fit the child’s needs (A. Linberg 2018;

Kalil, Ryan, and Corey 2012). Children from low-SES backgrounds may

spend more time with their mothers - who are more likely to be unemployed,

out of the labor force, or working part-time, but the time-intensive

parenting with low-educated mothers may not be as effective in the teaching

of language skills if the mother-child interaction does not correspond to a

sensitive parenting style. Also, parental investments in the form of books or

cognitively stimulating toys may affect how often children are exposed to

literary content and stimulating activities (Greg J. Duncan et al. 1998), and

through such pathways to more or less frequent reading or less time with

sensitive mothers. Therefore, parenting is akin to a causal sequential chain

that lacks a clear specification because it is unclear what is causing what

amid the different parenting mediating mechanisms. However, the

identification of individual pathways is troublesome and, following causal

mediation analysis, this sequential chain may not be empirically testable.

An estimation of the mediated share of the SES effect that goes through

parenting requires a particular kind of causal mediation analysis that

accounts for exposure induced mediator-outcome confounding and

mediator-mediator effects (T. VanderWeele and Vansteelandt 2014; T. J.

VanderWeele and Tchetgen Tchetgen 2017). An alternative approach to the
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mediating effects of parenting – broadly understood – is to take on a

so-called “interventional perspective” that considers a joint version of the

individual mediating pathways (Nguyen, Schmid, and Stuart 2021; T. J.

VanderWeele and Tchetgen Tchetgen 2017). We let M̄ = (M I ,MP ,MS) be

a vector containing all the different mediators of parental investment, joint

practices, and parenting style, and define GM̄ as the conditional distribution

of the mediators vectors, which is conditional on the common factors that

confound the association between SES and children’s language skills. What

would be the effect of intervening or modifying the overall distribution of

the mediators, GM̄ ? The interventional effect is of relevance for

understanding ideal interventions on parenting, such as the interventions

proposed in the work of Mayer et al. (2019), which are aimed at reducing

the differences between the parenting of low-SES mothers. One plausible

research question that practitioners and researchers would be equally

interested in is: what would happen to the average low-SES children

language skills if we were to replace the parenting experiences these children

normally obtain in their family for a randomly selected experience from the

distribution of parenting vector GM̄ observed among high-SES parents? An

answer to such a counterfactual type of question – involving a sustained

intervention on parenting – could tell us what benefits we could expect from

parenting interventions that equalize the parenting done in families of

different SES, especially as these are being considered or implemented in

Germany as well (Walper 2021; Cina et al. 2006).

In causal mediation notation, and as fully explained and developed in T. J.

VanderWeele and Tchetgen Tchetgen (2017), the total effect (TE) of the

exposure of SES can be decomposed into a Pure Natural Direct Effect

PNDE = E[Y (z, M̄(z∗))] − E[Y (z∗, M̄(z))] and a Total Natural Indirect

Effect TNIE = E[Y (z, M̄(z))] − E[Y (z, M̄(z∗))]. Therefore,

TE = PNDE + TNIE. Here z denotes a value taken by the exposure Z,

113



which in this case would correspond to a given SES level, and M̄(z) is the

value the mediators take for that given SES level (i.e., the values taken

along the parenting pathway for a low-SES parent, such as insensitive

parenting, few joint activities, and low parental investments). The

counterfactual quantity Y (z,M(z)) can be interpreted as the child’s

language score after growing up in a given SES context z (e.g., very low

SES), had the the child have had the mediators M̄ taken the actual value m̄

corresponding to that context. However, these are not identifiable quantities

as explained above (Nguyen, Schmid, and Stuart 2021). Other approaches,

such as ‘en bloc’ mediation (T. VanderWeele and Vansteelandt 2014), have

the advantage of identifying natural direct and indirect effects, but they do

not allow us to separate the part of the total effect that goes through other

mediating mechanisms not involving parenting (i.e., the exposure-induced

confounders of the mediator-outcome association), and instead mix the

mediated share going through parenting with the mediated share going

through these other pathways.

Instead, the interventional or randomized counterparts of these causal

mediation parameters can be estimated despite the presence of

exposure-induced confounders of the mediator-outcome association, and,

importantly, in the presence of more than one single mediator, as in M̄ . The

interventional analogue of these parameters is based on the idea of randomly

drawing the values of the mediators from the counterfactual distribution –

that of the comparison group, and are defined as follows. The

rPNDE = E[Y (z,GM̄
z∗ )] − E[Y (z∗, GM̄

z∗ )] is the effect of the exposure that

does not involve the mediators (the randomized/interventional analogue of

PNDE); whereas rTNIE = E[Y (z,GM̄
z )] − E[Y (z,GM̄

z∗ )], the effect

involving a change in the mediators, is the randomized/interventional

version of the Total Natural Indirect Effect. The sum of these two quantities

provides again the Total Effect, which makes sense for a decomposition.
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With the decomposition into a direct and indirect effect, one can then

obtain the proportion mediated by this randomized/interventional

quantities, defined as rPM = rT NIE
T E .

The counterfactual distributions, from which rPNDE and rTNIE are

computed, are obtained through the imputation approach. These

imputations, in turn, are based on a set of statistical models fitted to each

variable in the mediating set, in this case, each parenting indicator,

regressed on the exposure, the exposure-induced confounders, and other

confounders, as well as a model for the outcome (children’s language skills),

and, importantly, a model for the exposure-induced confounders.

Predictions from these models are used to compute the g-formula (Robins

1986). Standard errors and confidence intervals are obtained by means of

bootstrapped results and its percentiles, respectively.

One drawback of the randomized/interventional approach, as well as of the

traditional statistical decomposition methods, is that identifying individual

pathways is no longer possible without making strong assumptions –

unlikely to hold for the case of parenting. However, this is currently the best

we can possibly do when trying to decompose a total effect into its direct

and indirect pathways (Nguyen, Schmid, and Stuart 2021).

Notwithstanding, an advantage of interventional mediation over joint

mediation analysis and, especially, over statistical decomposition methods is

that we are able to exclude the share of the effect of SES that operates

through observed confounders of the mediator-outcome association affected

by exposure (e.g., working hours, childcare arrangements, behavior

problems, premature birth, smoking during pregnancy, etc.), which do not

correspond to the effect of interest. To estimate the rPNDE, rTNIE and

the rPM I employ the mediational g-formula proposed in T. J.

VanderWeele and Tchetgen Tchetgen (2017), and as implemented in the R

package CMAverse (Shi et al. 2021). This method uses the imputation
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approach with 200 bootstraps samples for estimating standard errors of the

interventional/randomized quantities.

Missing data and panel attrition Missing data and systematic panel

attrition may generate bias in the estimates of interest in this paper. To

deal with these two issues, multiple imputation by chained equations with

56 imputed data sets was performed (Young and Johnson 2015). The

method CART was used to impute missing values because it has been

shown to ensure the best possible predictions within the observed value

range of each variable (Burgette and Reiter 2010). All analytical variables

were used in the multiple imputation procedure. After converting the data

into wide format, all variables observed at time point t− 1 served as

predictors for the missing values at t, and subsequently those from t− 1 and

t were used as predictors for the missing values at t+ 1, excluding

observations lost to follow-up did not affect the findings. No noticeable

convergence issues were observed in the resulting multiply imputed values.

Data

This study uses data from the National Education Panel Study

(doi:10.5157/NEPS:SC1:6.0.0), a random sample of Germany-born children,

a cohort of newborns in Germany that has been followed for over seven

consecutive years. The data sampling was based on official register data on

births that occurred between 2011 and 2012 in Germany (NEPS-SC1,

Blossfeld, Roßbach, and Maurice 2011). NEPS data was collected as part of

the Framework Program for the Promotion of Empirical Educational

Research funded by the German Federal Ministry of Education and

Research (BMBF). As of 2014, NEPS is carried out by the Leibniz Institute

for Educational Trajectories (LIfBi) at the University of Bamberg in

cooperation with a nationwide network. The sample was generated using a
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complex random study design and in each follow-up survey, children’s

characteristics, and performance in standardized tests were recorded along

with parents’ characteristics and their parenting. The analytical sample was

established as follows. From the original sample of NEPS-SC1 N = 3418, I

excluded all children with a migration background (i.e., being second or

third generation, N = 1589) to arrive at a final sample of n = 1892 children

for which both parents have no migration background.

Although this exclusion prevents me from exploring the topic of parenting

among the Germany-born children of migrants, standardized language

assessments, such as the ones used in this study, have been shown to be

biased against children from minority-language homes (Leśniewska, Pichette,

and Béland 2018). The language assessments used in this study are based

on the German language, the inclusion of children with a migration

background from a minority-language home may understate the effects of

parenting, as understood in this paper, because for this population group

parenting may not appear to readily translate into language development as

measured in German (i.e., although, if language skills were measured in the

minority-language of the home the child grows up, the effects might be

comparable). Therefore, in order not to confuse the minority-language

background with low-skills in language, this exclusion is necessary.

Exposure: Latent class analysis to measure SES

One can think of approaches to the measurement of SES such as Latent

Class Analysis (LCA, Berge et al. 2010), in which both parents

characteristics can be combined, as a form of measurement model of the

construct of parental education, or, alternatively, as more appropriately

capturing such highly complex and nonlinear interactions among the

different factors making up SES. I employ LCA to obtain a less error-prone

measure of the family SES (Hagenaars and McCutcheon 2002). LCA is
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convenient because we can combine multiple dimensions of SES that are

interrelated in complex ways (Conger, Conger, and Martin 2010), and

because I can employ the information on both the father and mother. The

underlying assumption in LCA is that the individual SES indicators –

mothers and fathers’ educational attainment, socio-occupational class,

income and wealth levels, and welfare recipient status – are assumed to be

conditionally independent given the hypothesized latent class. In this sense,

each latent class, a categorical variable, would be what makes those

indicators correlate with one another, a correlation that could be interpreted

as SES or as a refined measured of children’s parents educational

background. If the social position of a family is what creates an association

between markers of SES – as theoretically developed in the perspective of

Bourdieu (1984), then it seems plausible to argue and interpret the latent

classes as the socioeconomic position occupied by parents, the unobservable

latent SES. The number of latent classes was chosen inductively, according

to statistical fit criteria using the Bayesian Information Criteria (BIC),

which gave four latent classes providing the best statistical fit (Hagenaars

and McCutcheon 2002).

The following parental socioeconomic indicators were used in this analysis:

the educational levels of both the child’s mother and father; the occupations

of the chid’s mother and father following the occupational class structure of

Eriksson and Goldthorpe (see Evans 1992); a categorized version of the

monthly household adjusted income level by the quartiles of the household

income distribution in the sample; a categorized version of the level of

net-wealth in the household by quartiles of the distribution as well; and,

finally, an indicator of whether mother or father received welfare benefits.

Although I interpret these latent classes as the “position” each family

occupies in the social structure, another interpretation of them is as more

“refined” measures of an underlying construct for which maternal education

118



stands for (e.g., human capital, cultural capital, etc.).

Outcome: language skills

Two standardized language assessments for children are used to quantify

language development. First, the Parent’s Questionnaire for the Early

Diagnostic of Children at Risk 2 (Elternfragebogen für die Früherkennung

von Risikokindern 2 ; ELFRA-2) was given to the child’s parents when

children were between 25-27 months of age. This is a standardized

questionnaire containing a list of words that a child might be able to utter

by a given age – a list of words that is highly sensitive to specific

socio-cultural contexts. The scale has been shown to have adequate

reliability values according to the standards but is sensitive to the language

spoken at home (Sachse and Von Suchodoletz 2007). This questionnaire is

filled in by the child’s main caregiver and consists of three sub-scales that

assess productive vocabulary, syntax, and grammar abilities in German.

The ELFRA-2 is used as a screening test for diagnosing delays in language

development in German children aged 24 months (see for an overview of the

test Grimm and Doil 2006), but it may serve as a first indirect assessment of

language skills in early childhood. I make use of the sub-scale on productive

language (ELFRA-2P), which is only focused on vocabulary knowledge.

Although the ELFRA-2 may be affected by response desirability bias, the

scale may still serve as a rough measure of the child’s vocabulary size for

such a young age (e.g., it resembles and has a high correlation with other

more standard language assessments that are only doable on older children).

The second assessment was the Peabody Picture Vocabulary Test Fourth

Edition (PPVT-4), which was applied at waves four and six when children

were between 37-39 months of age and again when they reached five years of

age, respectively. The PPVT-4 assesses receptive vocabulary or

verbal/language skills in children and adolescents in the German
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norm-referenced sample (Roßbach, Tietze, and Weinert 2005). The test

contains 228 items divided into 19 sets, each containing 12 items. These

items were presented on a tablet displaying four different images, only one

of which corresponded to the word. During the test, the child listens to each

word and must then select the image corresponding to the word heard. The

total number of correct responses is often used to establish the stage of

children’s language development, but the test is also used as a general

measure of cognitive development.

Mediators: Parenting

Given that parenting involves multiple factors and processes, this study tries

to encompass the broadest possible available set of things that parents can

do with their children. There are three main parenting dimensions I explore

in this paper, these are described in Table 5, which documents at greater

detail the construction of each indicator, the rational behind it, and the

parenting dimension each indicator corresponds to.

The approximation to the construct of parenting style was based on the

ratings given to a recorded and standardized mother-child play situation

interaction (A. Linberg et al. 2019; Sommer and Mann 2015). This

interaction was videotaped and coded by independent raters according to

how characteristic or uncharacteristic certain statements about the

interaction apply to the series seen in the video. These statements concern

the sensitivity to distress and non-distress present in the child, intrusiveness

and detachment from the part of the mother, as well as, stimulation,

positive regard, and emotionality. Given that this is an interaction situation,

within this paradigm, both mother and child’s behavior were rated because

multiple reciprocal interactions might take place (A. Linberg 2018).

However, only the mother’s behaviors were used to approach parenting style.

Different strategies have been proposed to classify parenting styles, and
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although I explored whether these indicators could fit the theoretical

expected typology of mothering (Spera 2005; Darling and Steinberg 1993;

Baumrind 2005), the results were not satisfactory, with the large majority of

mothers falling in an “average” category. For this reason, I included each of

these indicators as a binary variable, re-coding individual items.

Parental investments were captured through three different types of

questions. First, I employed parents’ reports of spending on activities such

as participation in toddler or play groups, baby swimming, music groups, or

parent-child programs. Second, I considered that another form of parental

investment could be to borrow time from work to spend with the child, as in

parental leave. I included a binary indicator for whether the mother and

father took parental leave during the first two years after the child’s birth.

Third, yet another form of parental investment corresponds to parents

buying or organizing childcare by other means, for example, through

grandparents, childcare, nanny, au-pair, friends, etc. Therefore, a binary

indicator of whether the child spends some time in any of these childcare

arrangements was included.

For the dimension of parenting practices I make use of an extensive list of

joint activities that are performed with the child. These are based on the

list of items detailed in Table 7 and refer to the frequency of joint activities

with the child. Among these items, I included all information on activities

such as reading to the child, dealing with literacy and numeracy activities,

such as recognition of words, playing with the child in cognitively

stimulating activities, teaching rhymes or songs, etc. These activities could

have been performed by the parents themselves or by any other person in

the household providing childcare for the child. This simple index was

calculated for each wave. Although these are simple additive and

standardized scores, they may serve as rough approximations to the

frequency with which early literacy activities take place and do not affect
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the overall results of the mediation analysis (e.g., the mediation analysis

including each individual item, as its own mediator, did not differ from the

ones here presented). Related to this dimension, I further included another

set of indicators of parents’ cultural capital activities which included things

like buying books, visiting museums, going to the theater, and other

cultural activities (all described in Table 7).

Exposure-induced confounders of the mediator-outcome

association

One important advantage of the interventional mediation analyses – with

respect to statistical mediation or joint mediation – is that we can separate

the effects of the parenting dimensions from the factors that simultaneously

affect those dimensions and also children’s language abilities (i.e., the

confounders of the mediator-outcome association affected by SES).

Exposure-induced confounders considered here are factors like whether the

child was premature birth, whether the mother smoke tobacco or drank

alcohol during pregnancy, the number of months she breastfed the child,

whether child born with a low birth-weight (< 2500g.), whether the mother

experienced postpartum depression, the working hours of mother and father,

and, importantly, children’s behavioral problems, measured by the Strength

and Difficulties Questionnaire (SDQ; Goodman et al. (2000)). These are all

factors affected by SES that may further affect children’s language skills.

For each factor in this list – which is far from exhaustive, but limited by

what is captured by the NEPS SC1 study. However, this decomposition of

effects is not as straightforward when we consider the intermediate effects of

parenting. Here is important to make a clarification regarding intermediate

outcomes of children’s language, and the exposure-induced confounders. If

early language skills are affected by SES and parenting, and if they have an

independent direct effect of later language skills (Yt → Yt+1), then early
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language becomes an exposure-induced confounder when examining the

mediating effects of parenting. Although the effects of parenting can operate

through the effects on early language, they may not necessarily affect

language skills later on to the same extent. However, early language skills

are also a confounder of the later parenting and later language skills in the

sense that parents would tend to adjust to their child’s development, further

enhancing what they perceive is important for their child or refraining from

certain practices or investments they deemed to be inappropriate (Brandone

et al. 2006).

The interventional approach cannot distinguish between those possibilities,

and therefore, for a decomposition of these effects, we are left with at least

three possibilities: we can either include early language skills within the

mediating pathway corresponding to parenting, or exclude it and adjust for

early language as yet another exposure-induced confounder of the

mediator-outcome association, the third alternative been to simply ignore it.

Here I present results for the former alternative and exclude early language

from the parenting mediator set, while including it amid the

exposure-induced confounder set. I do this because the interventional

approach asks a specific question regarding what the mediated effects on

some outcome would be, excluding other potentially indirect pathways. By

including the language skills within the mediator set, we would be

considering a hypothetical intervention that affects language skills directly,

for example, asking that all these pre-school children attend some language

stimulating course not involving their parents. This hypothetical

intervention, though plausible, would be different than one affecting

parenting styles and practices, and parental investments. However, results

do not change in an important way by the inclusion or exclusion of the

intermediate language skills already affected by previous parenting. Finally,

the interventional mediation analyses adjust for place of residence in
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Germany (i.e., East vs. West Germany); whether parents own the house

they live in; mother’s age at childbirth; and whether child is a first born.

Finally, Table S1 in Supplementary Materials - Chapter 4 presents

descriptive statistics for all adjustment variables and confounders of the

exposure-outcome and mediator-outcome associations including, though not

limited to, gender, birth order, premature, low birth weight, smoking or

drinking while pregnant, etc.

Results

Table 6 shows the classification of SES into four strata, which was chosen as

providing the best fit based on the lowest BIC, classifying most households

into the high-SES class. The NEPS-SC1 sample, from its onset, suffers from

selection bias towards children from highly educated parents (Zinn et al.

2020), which is a considerable limitation of the data for this type of study.

Nevertheless, the four LCA categories do suggest a good fit with the concept

of SES. For example, the high-SES class is composed of fathers and mothers

with a high educational level and occupational attainment, most of them in

the highest two categories of the EGP scheme. These high SES parents are

also in the highest income and net-wealth categories, and none of them

receives welfare. The very low-SES group, at the other extreme, is composed

of parents with the lowest educational and worst occupational attainments –

mostly occupational categories IIIb, V, VI, VIIa, and VIIb for fathers, and

IIIa, IIIb, V, VI, VIIa, and VIIb for mothers. These very low-SES parents

are mostly in the lower income and lower net-wealth brackets (e.g.,

including negative net-wealth or debt), and a majority of them are welfare

recipients, although they are a relatively small group of the sample.

On the middle range, the categories low- and medium-SES are also

distinguished from the two extremes, and are different from one another.

Although the medium-SES category also has high educational and
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occupational attainments, of a similar level to the high-SES class, their

income and net-wealth levels are, on average, lower than the levels of the

high-SES parents, but higher than those of the low-SES class. This suggests

that LCA has separated the group of highly educated parents with high

economic and financial resources – high SES – from the highly educated

parents with lower financial resources – medium SES, something that would

have been neglected had we looked at the single education or occupational

dimensions.

Regarding the low-SES latent class, this one differs from both the very low-

and the medium-SES groups by their relatively higher income levels, but

generally lower educational levels, respectively. In terms of occupational

attainment, the low-SES group is composed of a large group of

technical/applied or civil servant workers, especially fathers, but a higher

percentage of mothers who are out of the labor force compared to any of the

other socioeconomic groups. LCA, therefore, yielded a gradual stratification

of parents that combines the information of mothers and fathers’ most

relevant SES dimensions, and in a theoretically plausible direction. For

example, a similar gradient in the language gap is also observed when

considering these four latent classes, as with the reductionist approach

considering only mother’s educational level (see Figure S1 in

Supplementary Material - Chapter 4).

Table 7 shows the distribution of all mediators considered in this paper. In

accordance with previous studies (Attig and Weinert 2020; T. Linberg et al.

2019), parents in the high-SES group have, on average, higher levels of

parental investment, more frequent parenting practices, and a slightly higher

presence of sensitive mothers than parents in the very low- and low-SES

groups, though the differences is really small in terms of the indicators of

parenting style. Keeping in mind those differences, Figure 14 shows the size

of the TE, the rPNDE and the rTNIE for the counterfactual reference
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group of being from a high-SES background, at three different time points:

when children were between 25-27 months of age - ELFRA-2P score –, when

children were between 37-39 months of age – PPVT-4 score, and when

children were 5 years of age – PPVT-4 score. Results show the well-known

finding that children from very low-SES and low-SES families are the

furthest away from the high-SES peers in terms of language skills at these

three time points (the TE). These are all substantial, large effects, as found

by Skopek and Passaretta (2020). The gaps are largest when children were

between 25-27 months of age, smaller though persisting still when children

were 37-39 months, and slightly increasing when children are five years of

age. There are also similar gaps for the contrast between low-SES and

high-SES groups, though these are notoriously smaller than those against

the most economically disadvantaged group in this sample. There are no

differences in language skills when comparing the medium and high-SES

groups, which speaks to the little importance of the further economic

resources of the high-SES parents, and in particular the higher occupational

achievement of high-SES fathers – though, again, these effects cannot be

empirically distinguished.

The main empirical findings refer to the decomposition of the total effect of

SES into the direct and indirect components, also shown in Figure 14. First,

the sizes of the indirect effects, measured by the rTNIE estimates, are

always smaller than the estimates of the direct effect – the rPNDE –

regardless of the time point, which suggest most of the SES effect operates

through other pathways not involving parenting. In other words, if we were

to equalize the parenting of families from different SES, we would reduce the

differences in their children’s language skills, but these would still remain

highly stratified. This effect, however, depends on the group we are

comparing the high-SES children to, and on the age of the child at which we

evaluate the mediating share. For the gaps against children of very low SES
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parents, the size of the indirect effect is small, and thus a small share of the

SES is being mediated by parenting – When children are 25-27 months this

share is rPM = 0.27 with CI : [0.10 − 0.44]; when they are 37-39 months

old, the share is rPM = 0.18 with CI : [−0.28; 0.67]; and when they are 5

years or not applicable because indirect and direct effects go in opposite

directions, though these are very small. For the Low-SES, the mediated

share is slightly higher than for the very low SES parents – the share is

rPM = 0.42 with CI : [0.15; 0.98] when low SES children are 25-27 months;

and, when children are 37-39 months old, the share is rPM = 0.21 with

CI : [−0.07; 0.66]. For the medium SES, given that the gap is rather small

or non-existent, the mediated effect is null or not applicable. Thus, when

children reach 37-39 months of age and even later still at five years of age,

the mediated effect would be substantially smaller for all comparison groups,

despite some smaller gaps being present. Therefore, these results suggest the

mediated share tends to become smaller over time.

Discussion

Overall, results suggest parenting mediates a rather small share of the effect

of SES on the language skills of preschool children, especially of the later

gaps when children are 5 years old. The fact that the share explained by

parenting mediators reaches at most approximately one-third of the total

effect of SES on children’s language skills strongly suggests that, though

other pathways might be causing these inequalities, parenting could play an

important though limited role in reducing inequalities to some extent.

Although children from very low-SES families are the furthest away in terms

of language skills from their high-SES peers, a comprehensive population

parenting intervention – one that would equal the distribution of parenting

done by these two groups of parents – would have a rather narrow and

limited effect on reducing these gaps.
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This paper contributes to the increasing breadth of evidence documenting

social inequalities in language skills among pre-school children by parents’

SES. Although some of the SES effect on children’s early language skills is

mediated, in one way or another, through parenting, the largest part of the

SES effect operates through alternative pathways. Seemingly though, these

alternative mechanisms do not operate through parenting and therefore

would not be subject to “improvements” in the parenting skills, styles,

practices, or parental investments of low-SES parents, as could be expected

from previous findings too (Milkie, Nomaguchi, and Denny 2015; Sullivan,

Ketende, and Joshi 2013). Therefore, language skills in children would

continue to be stratified by SES, despite a hypothetical narrowing of

parenting gaps achieved through parenting interventions.

I have shown that inequalities in language skills are not simply the product

of deficits in parenting. Previous research has criticized the

conceptualization of parenting as a simplistic transferring mechanism of

socioeconomic inequalities, in particular because of the middle-class

assumptions and biases that are embedded in the studies of low-SES

parents, all of which are conducted by highly educated researchers - some of

them parents themselves (Letiecq 2019; Keller et al. 2006). In contrast, the

results of this paper suggest that low-SES families might not decide to

invest less in their children, nor do they engage in less “effective” types of

parenting. The differences observed in the different parenting dimensions

are not being directly transmitted to their children as much as the literature

believes this is happening, and as it is assumed by child development

interventions on parents (Shonkoff and McCoy 2021; Mayer et al. 2019).

Parents from low resource contexts face crucial time and financial

intersecting constraints that limit their ability to provide their children with

those extra activities that high-SES parents take for granted (Lahire 2019).

The literature of parenting is, therefore, in a constant tension between
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considering poor families and their parenting as unequally positioned in the

social structure, and the embrace of a deficit perspective which takes, as its

standard, the parenting done by middle-class families, without

acknowledging the conditions that allow for such a standard to exist in the

first place (Letiecq 2019). Families, instead, should be considered as

enacting the parenting practices and styles they received as children from

their parents and caregivers, or engaging in the practices that are in

accordance with their socioeconomic and cultural circumstances and

experiences (Dermott and Pomati 2016).

This paper highlights various avenues for future research on the effects of

parenting, the limitations of intervening on the parenting of low-SES

parents, and provides three main contributions to the literature on SES,

parenting, and language development of children. First, the paper presents a

more holistic and encompassing measure of SES that attends to the

potential for confounding and measurement error in individual,

unidimensional indicators, and which appropriately incorporates both

parents’ characteristics. This helps to reveal the important effects of a

complex construct such as SES going beyond individual indicators. Second,

it is surprising that the mediated share of the joint effects of parenting is

not higher than what was found in this study, especially given the number

of mediators considered, and the number of potential pathways that are

being simultaneously examined. Previous studies had not quantified this

share and, to my knowledge, this is the first study to do so. Attig and

Weinert (2020), though focused on the learning environments and parenting

behavior as mediators of children’s language, and including many of the

indicators used in this paper, employ an empirical approach that consider

these dimensions as independent of one another. Although it would be

useful to know the mediator-specific pathways linking SES and children’s

language development through specific parenting practices or investments,
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and even parenting styles, the effects of this highly specific pathways remain

unidentifiable under the causal mediation analysis framework. However,

given that most applied programs are focused on intervening on a

“parenting package” (and not individual markers of that package), the share

of SES that is jointly mediated by parenting broadly understood is of

practical relevance as well. Third, these findings, though partly inconsistent

with the expectations and hypothesis of the parenting literature (Ulferts

2020), highlight that universalistic ideas about parenting do not fit highly

individualized developmental processes (Bear and Minke 2006) – which in

itself is a reminder of the high selectivity on which most of the child

development literature is based on (Nielsen et al. 2017).

Following Bronfenbrenner and Morris (2007), multiple “ecologies” are

responsible for children’s developmental trajectory: the individual; the

immediate and extended family context, the surrounding neighborhood, and

the overall community. It is therefore not surprising that the effects of

parenting are not as strong as hypothesized. There are many more

alternative pathways, not involving parenting, through which the effects

could be generated. These pathways – involving, for example, neighborhood

effects, school environments, such as student-to-teacher ratio, the quality of

teaching and access to resources, as well as extended family and social

network effects, etc. – would not be addressed by interventions on parenting

(e.g., J. Heckman et al. 2014).

Some limitations of this paper are, however, worth noticing. In contrast to

parenting time-use studies (Milkie, Nomaguchi, and Denny 2015), it was not

possible to quantify the exact time that parents spend with children because

such information was not captured. Related to this, I was unable to assess

the quality of the time spent in the joint activities that compose the

parenting practices score, and the quality of parental investments. Parental

language usage was also not directly observed. One partial explanation of
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the results of this paper, therefore, is that mediators were measured with

error, something that should be better addressed in future studies using

time-use data and improved measurements that capture quality as well as

quantity. The focus was, however, on activities that parents do with their

children, as well as their reported frequency. This limits the extent to which

parenting is being captured by the indicators in the study, but it may also

address some aspects of parenting that are not quantified when employing

time use data. Parental expectations on their child’s course of development

may also interact with some of these parenting dimensions. Parents’ own

childhood experiences of received parenting further influence how they

themselves attend to their children, yet this, as well as other potentially

relevant confounders (e.g., genetics and epigenetics), remain unobserved.

The NEPS SC1 was not able to capture child neglect and abuse (e.g.,

spanking), which are particularly hard to measure, though it may have

strong effects on children’s language development (Widom 2014). All of

these factor may further bias the estimates of the mediated share in hard to

assess directions. Finally, these analyses should be replicated using a sample

that has more very low and low SES households. Especially the very low

SES families in the sample were under-represented. My results indicate this

is a particularly vulnerable group that requires more attention from

research, perhaps employing specialized studies.

A rather unexplored aspect of social inequalities in language development is

inequalities by children’s migration background (B. Becker 2011). Studies

on US samples show that SES and racial-ethnic background of parents affect

parenting and the effects of parenting on language development in early

childhood (Pungello et al. 2009; Bornstein 2012; Keller et al. 2006).

However, these studies often neglect the bias present in language

standardized assessments against children from minority groups (Stockman

2000; Leśniewska, Pichette, and Béland 2018). Although this topic in the
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German context certainly deserves more attention (Nauck and Lotter 2015),

it is challenging to study potentially culturally sensitive parenting effects on

language skills inequalities by children’s SES and migration background

when language assessments are sensitive to the language spoken at home.

Moreover, even though the effects of parenting on children are not disputed,

there is still debate as to the potential for these effects to be heterogeneous,

as suggested by qualitative research (Conger, Conger, and Martin 2010).

Recent discussions around the effects of mother-time on children’s

development have called for alternative explorations of this topic in some or

all of these parenting dimensions (Milkie, Nomaguchi, and Denny 2015;

Nomaguchi, Milkie, and Denny 2016; Waldfogel 2016; and Kalil and Mayer

2016).

Unless the unmediated share is directly addressed by parenting

interventions, the gaps will persist through other indirect pathways not

affected by parenting (Manstead 2018). The specific details on how

hypothetical parenting interventions could look like in practice should, in

any case, depend on sound evidence-based research (Ulferts 2020).

Furthermore, a specific dimension of parenting may be more important than

the others. If not all that parents can do matters equally for children’s

language skills, what specifically could make a difference? Parenting style

was one factor thought to have a substantial significance, but, besides the

difficulties associated with defining and measuring this concept, it is unclear

whether parenting style is something that emerges together with different

parenting practices or parental investments, a result and not a cause.

Further research should be devoted to closely examining the child rearing

behavior of German parents from different SES, attending to the variability

in the range of parenting behaviors, and also inquiring why parents do

certain things with their children. As highlighted by Shonkoff and McCoy

(2021), elucidating the complex mechanisms generating differences in early

132



language skills, and developing sustainable early childhood interventions,

will require tackling the empirical and methodological challenges posed by

parenting as a mediating mechanism.

For the case of language skills, the results of this paper would suggest, in any

case, that we should consider the role of the larger context. For example,

environmental interventions in combination with interventions in parenting,

might be more suited to truly reduce inequalities by SES. This would require

public policy to move beyond the deficit perspective on parenting, which

seems unaware of the limited impact that psychology-based interventions

would have on overcoming social inequalities (Cina et al. 2006). This paper

highlights the potential for extending the purview on the mediation of the

SES effect beyond parenting, which, although important and consequential

for language development as shown here, may not suffice to reduce social

inequalities. The results of this paper should hopefully encourage research

on those other neglected pathways that do not involve parenting but may

hold the promise of overcoming early childhood inequalities.

Tables and Figures
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Table 5: Description of variables used in Chapter 4

Category Indicator Operationalization Waves

Parenting

style

Sensitive to non-distress The original scale of this individual items was

on 1 (=not at all characteristic) to 5 (=very

characteristic) scale. I created a binary

indicator for each parenting marker if

mother’s behavior was coded as partly, rather,

or very caracteristic, with zero otherwise for

the not at all and rather no characteristic.

1st

Intrusiveness " 1st

Detached " 1st

Stimulating " 1st

Positive Regard " 1st

Emotionality " 1st

Parental

Invest-

ments

Set of care givers who care for one or more children outside of the

parents’ household. This includes nursery, day care, au-pair,

grandparents, other relatives or friends, or other care.

I created a binary indicator capturing whether

there was any care provided by people

different than the mother or father of the

child. For each type of external care, a yes or

no answer was avaiable.

2nd, 3th,

4th, 5th

and 6th

Have you taken parental leave for the child since child’s birth? This question is asked for both parents of the

child and at two points in time, and the

response options were yes or no. These were

coded as a binary indicator

2nd and

4th
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Child’s participation in courses or groups such as toddler or play

groups, baby swimming, music groups, etc.

The response options were yes or no and were

coded into a binary indicator.

1st and 3rd

Parenting

activities

Looked at picture books together; Playing together with an object

which child can pull, push or purposefully grab and hold onto; Played

together in or even with water; Playing together with dolls, stuffed

animals, animal figurines or similar items; Playing together with

building blocks or other things for inserting, stacking or building;

Playing together with an item that makes noise; Interacting with

child, singing, telling or showing something; Romping, cuddling or

simply fooling around with child; Gone out together to enjoy the

fresh air

Each of these activities was evaluated on a

scale from 1 (=Several times a day) to 5

(=Not at all) and ask whether parents or

anyone in the household engage with the child

in any of these activities. I added them up to

create a sum indicator of the intensity or

frequency with which all these practices are

performed with the child. The scale was then

inverted so that higher values convey a higher

frequency of activities and then standardized.

1st
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Reading to child or looking at picture books; Show letters to child

when looking at picture books or something similar; Practicing

individual numbers or counting with child; Teaching child poems,

children?s rhymes or songs; Painting, drawing, or crafting with child;

Reenacting something together with child; Go to a book shop

together with child; Looking at picture books about nature with

child; Talking with child about nature; Attend a museum or an art

exhibition; Watch a movie at the movie theater; Attend an opera,

ballet or classical music concert; Go to the theater; Attend a rock or

pop concert

" 3rd

Reading to child or looking at picture books; Show letters to child

when looking at picture books or something similar; Practicing

individual numbers or counting with child; Teaching child short

poems, children?s rhymes or songs; Painting, drawing, or crafting

with child; Reenacting something together with child; Go to a book

shop together with child; Looking at picture books about nature with

child; Talking with child about nature

" 4th
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Reading to child or looking at picture books; Show letters to child

when looking at picture books or something similar; Practicing

individual numbers or counting with child; Teaching child short

poems, children?s rhymes or songs; Painting, drawing, or crafting

with child; Reenacting something together with child; Go to a book

shop together with child; Looking at picture books about nature with

child; Talking with child about nature; Attend a museum or an art

exhibition; Watch a movie at the movie theater; Attend an opera,

ballet or classical music concert; Go to the theater; attend a rock or

pop concert

" 5th
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Child engage in picture books, letter games and the like; Comparing,

sorting and collecting things and the like; Playing number games,

dice and the like; Doing puzzles and the like; Building and

construction games; Doing handicrafts, painting, pottery and the like;

Roleplaying, puppet plays, and the like; Practice sports activities,

motoric games and the like; Make music, singing, dancing and the

like; Experiences nature, gardening and the like; Read aloud to child

at home; Tell child stories at home or look at picture books together;

Show child individual letters or the ABC, for example when looking

at picture books; Practicing numbers or counting with child; Teach

child little poems, nursery rhymes or songs; Paints, draws or does

arts and crafts with child at home; Go to a library with child

" 6th

Parents’

Cultural

capital

activities

Parents read on a normal work day in your spare time; Number of

books at home ; Books of classical literature at home; A dictionary at

home; A book with poems at home; A library card at home; Works of

art such as paintings at home

Each of these items were binary indicators. I

added them up to create a simple additive

measure of parents’ cultural capital which

may influence children’s behavior, although

not directly "parenting", it may work in

indirect ways with the child observing their

parents behavior and the things around them.

3rd, 4th

and 5th
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Confounders

of

parenting -

language

affected by

SES

Premature birth This is a binary indicator of whether the child

was born before the ninth month of pregnancy.

1st

Smoke during pregnancy A binary indicator based on mother’s

self-report of whether she smoked at all during

pregnancy.

1st

Drank during pregnancy A binary indicator based on mother’s

self-report of whether she drank alcohol at all

during pregnancy.

1st

Low birthweight (<2500g) A binary indicator of whether the child was

born with low birthweight, meaning less than

2500 grams.

1st

Number of months the mother breastfed The number of months that the mother

self-reported to have breastfed her child

during first year of life.

1st
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Postpartum depression This was captured by a question on how often

ithe mother felt depressed or sad in the last

four weeks. The options given were never,

seldom, sometimes, often, and always. I

created a binary indicator taking the value of

one when the mother responded that

sometimes, often or always, with zero

otherwise.

1st

Working hours of mother and father At each wave, the survey captured the number

of working hours of both father and mother. I

included an adjustment for these

1st, 3rd,

4th, 5th,

and 6th
Children’s behavioral problems This is measured by the Strength and

Difficulties Questionnaire (SDQ), a

standardized assessment of children’s

behavior. It consists of parental reports of

varying degrees of problematic behavior. I

standardized the score in each wave.

4th and 6th

Confounders Place of residence in Germany: East vs. West Germany Location of the household where survey was

conducted. Only this geographical division is

available.

1st

Parents own the house they live in I created this binary indicator of whether

parents own the house they currently live in.

1st
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Table 5: Description of variables used in Chapter 4 (continued)

Category Indicator Operationalization Waves

Mother’s age at childbirth Age of the mother when child was born

computed from the difference between the

birthdate of the child and birthdate of the

mother.

1st

First born An indicator whether this was a first or higher

order child.

1st
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Table 6: Composition of Socioeconomic Status Latent Classes by Mothers
and Fathers’ Characteristics, NEPS SC1

All Socioeconomic Status Latent Classes

n (%) Very Low (N = 221) Low (N = 553) Medium (N = 261) High (N = 857)

Mother’s educational level
No degree or vocational/voluntary degree 116 (6) 93 (42) 22 (4) 0 (0) 1 (0)
Technical/applied or Civil Servant 448 (24) 101 (46) 263 (48) 21 (8) 63 (7)
Technical Degree (Fachhochschulreife) 528 (28) 25 (11) 247 (45) 61 (23) 195 (23)
University Education 800 (42) 2 (1) 21 (4) 179 (69) 598 (70)

Father’s educational level
No degree or vocational/voluntary degree 107 (6) 80 (36) 23 (4) 0 (0) 4 (0)
Technical/applied or Civil Servant 550 (29) 110 (50) 343 (62) 38 (15) 59 (7)
Technical Degree 401 (21) 23 (10) 171 (31) 39 (15) 168 (20)
University Education 834 (44) 8 (4) 16 (3) 184 (70) 626 (73)

Mother’s EGP occupational class
I 463 (24) 5 (2) 39 (7) 89 (34) 330 (39)
II 692 (37) 21 (10) 168 (30) 119 (46) 384 (45)
IIIa 210 (11) 78 (35) 87 (16) 12 (5) 33 (4)
IVa and IVb 37 (2) 8 (4) 13 (2) 7 (3) 9 (1)
IIIb, V, VI, VIIa and VIIb 168 (9) 70 (32) 80 (14) 4 (2) 14 (2)
Unemployed/OLF 322 (17) 39 (18) 166 (30) 30 (11) 87 (10)

Father’s EGP occupational class
I 700 (37) 7 (3) 43 (8) 103 (39) 547 (64)
II 505 (27) 18 (8) 123 (22) 101 (39) 263 (31)
IIIa 76 (4) 12 (5) 42 (8) 8 (3) 14 (2)
IVa and IVb 65 (3) 5 (2) 30 (5) 13 (5) 17 (2)
IIIb, V, VI, VIIa and VIIb 531 (28) 172 (78) 312 (56) 31 (12) 16 (2)
Unemployed/OLF 15 (1) 7 (3) 3 (1) 5 (2) 0 (0)

Household monthly income
(100,1.100] 362 (19) 210 (95) 76 (14) 74 (28) 2 (0)
(1.100, 1.550 435 (23) 11 (5) 276 (50) 124 (48) 24 (3)
(1.550,2.080] 552 (29) 0 (0) 178 (32) 63 (24) 311 (36)
(2.080,16.200] 543 (29) 0 (0) 23 (4) 0 (0) 520 (61)

Welfare Recipient
Yes 180 (10) 164 (74) 3 (1) 12 (5) 1 (0)
No 1,712 (90) 57 (26) 550 (99) 249 (95) 856 (100)

Household net-wealth Categories in Euros
(-400000,500] 444 (23) 176 (80) 139 (25) 91 (35) 38 (4)
(500,50’000] 530 (28) 32 (14) 207 (37) 139 (53) 152 (18)
(50000,170’000] 442 (23) 10 (5) 119 (22) 21 (8) 292 (34)
(170’000,150’000.000] 476 (25) 3 (1) 88 (16) 10 (4) 375 (44)

Note: NEPS-SC1. Own calculations.
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Table 7: Parenting mediators and exposure-induced confounders by SES,
NEPS SC1

All Socioeconomic Status Latent Classes P-value

n (%) Very Low (N = 221) Low (N = 553) Medium (N = 261) High (N = 857)

Parenting practices score wave 1

Mean (sd) 0.00 (1.00) -0.21 (1.05) -0.03 (0.98) -0.03 (0.98) 0.15 (0.97)

Median 0 -0.3 0.0 0.0 0.3 1.7e-11

Parenting practices score wave 3

Mean (sd) 0.00 (1.00) -0.18 (1.08) 0.00 (0.99) 0.03 (1.00) 0.08 (0.95)

Median 0.1 -0.1 0.1 0.1 0.1 9.0e-04

Parenting practices score wave 4

Mean (sd) 0.00 (1.00) -0.29 (1.12) -0.04 (1.00) 0.16 (0.93) 0.13 (0.92)

Median 0.1 -0.1 0.0 0.1 0.1 3.8e-13

Parenting practices score wave 5

Mean (sd) -0.00 (1.00) -0.21 (1.05) -0.01 (0.99) 0.11 (0.96) 0.08 (0.98)

Median 0 -0.2 0.0 0.1 0.1 3.9e-04

Parenting practices score wave 6

Mean (sd) 0.00 (1.00) -0.43 (1.16) -0.06 (0.98) 0.20 (0.92) 0.21 (0.86)

Median 0.1 -0.4 0.1 0.3 0.2 7.9e-17

Parents’ cultural practices wave 3

Mean (sd) 8.47 (2.98) 7.19 (2.38) 7.98 (2.59) 9.24 (3.23) 9.33 (3.16)

Median 8 7 7 9 9 1.1e-45

Parents’ cultural practices wave 4

Mean (sd) 11.48 (3.14) 10.40 (3.53) 10.87 (3.03) 12.51 (2.96) 12.24 (2.74)

Median 11.3 10.0 10.5 12.0 12.0 2.7e-32

Parents’ cultural practices wave 5

Mean (sd) 20.62 (3.60) 18.76 (3.62) 20.37 (3.43) 21.36 (3.39) 21.59 (3.38)

Median 21 19 21 22 22 3.2e-34

Parenting style: sensitive to nondistress at wave 1

Characteristic 3,348 (98) 627 (95) 1,093 (99) 456 (98) 1,172 (99)

Not Characteristic 70 (2) 31 (5) 16 (1) 8 (2) 15 (1) 1.9e-28

Parenting style: intrusiveness at wave 1

Characteristic 142 (4) 43 (7) 54 (5) 18 (4) 27 (2)

Not Characteristic 3,276 (96) 615 (93) 1,055 (95) 446 (96) 1,160 (98) 7.4e-14

Parenting style: detachment at wave 1

Characteristic 31 (1) 11 (2) 10 (1) 2 (0) 8 (1)

Not Characteristic 3,387 (99) 647 (98) 1,099 (99) 462 (100) 1,179 (99) 2.6e-03

Parenting style: stimulating at wave 1

Characteristic 2,037 (60) 317 (48) 647 (58) 290 (62) 783 (66)

Not Characteristic 1,381 (40) 341 (52) 462 (42) 174 (38) 404 (34) 3.0e-10

Parenting style: positive Regard at wave 1

Characteristic 2,641 (77) 428 (65) 855 (77) 374 (81) 984 (83)

Not Characteristic 777 (23) 230 (35) 254 (23) 90 (19) 203 (17) 4.4e-13

Parenting style: emotionality at wave 1
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Table 7: Parenting mediators and exposure-induced confounders by SES,
NEPS SC1 (continued)

All Socioeconomic Status Latent Classes P-value

n (%) Very Low (N = 221) Low (N = 553) Medium (N = 261) High (N = 857)

Characteristic 1,799 (53) 265 (40) 571 (51) 265 (57) 698 (59)

Not Characteristic 1,619 (47) 393 (60) 538 (49) 199 (43) 489 (41) 3.9e-15

Parental investments wave 1

Yes 1,903 (56) 124 (19) 603 (54) 284 (61) 892 (75)

No 1,515 (44) 534 (81) 506 (46) 180 (39) 295 (25) 9.3e-105

Parental investments wave 3

Yes 2,400 (70) 267 (41) 782 (71) 340 (73) 1,011 (85)

No 1,018 (30) 391 (59) 327 (29) 124 (27) 176 (15) 1.4e-55

Mother took parental leave during first year

Yes 2,619 (77) 322 (49) 892 (80) 365 (79) 1,040 (88)

No 799 (23) 336 (51) 217 (20) 99 (21) 147 (12) 2.2e-42

Father took parental leave during first year

Yes 1,263 (37) 67 (10) 356 (32) 231 (50) 609 (51)

No 2,155 (63) 591 (90) 753 (68) 233 (50) 578 (49) 2.3e-43

Mother took parental leave during first two years

Yes 781 (23) 169 (26) 273 (25) 103 (22) 236 (20)

No 2,637 (77) 489 (74) 836 (75) 361 (78) 951 (80) 4.2e-01

Father took parental leave during first two years

Yes 355 (10) 31 (5) 108 (10) 60 (13) 156 (13)

No 3,063 (90) 627 (95) 1,001 (90) 404 (87) 1,031 (87) 8.0e-04

Child was cared for by others wave 2

Yes 1,240 (36) 119 (18) 377 (34) 199 (43) 545 (46)

No 2,178 (64) 539 (82) 732 (66) 265 (57) 642 (54) 2.7e-11

Child was cared for by others wave 3

Yes 2,054 (60) 205 (31) 637 (57) 330 (71) 882 (74)

No 1,364 (40) 453 (69) 472 (43) 134 (29) 305 (26) 4.7e-29

Child was cared for by others wave 4

Yes 2,273 (67) 263 (40) 723 (65) 353 (76) 934 (79)

No 1,145 (33) 395 (60) 386 (35) 111 (24) 253 (21) 4.9e-11

Child was cared for by others wave 5

Yes 2,324 (68) 269 (41) 732 (66) 341 (73) 982 (83)

No 1,094 (32) 389 (59) 377 (34) 123 (27) 205 (17) 4.1e-04

Note: NEPS-SC1. Own calculations.
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C CM

Note: This diagram shows the parenting mediated share (blue lines)
of the total effect of SES. The green line shows the direct effect. Inter-
ventional analysis decomposes the total effect of SES going through
the different parenting mediators by properly adjusting for the con-
founders C and CM which are affected by SES (i.e., exposure-induced
confounding). The edges between mediators are shown as going in
both directions, suggesting that relations could go both ways. How-
ever, no single pathway can be identified without making strong as-
sumptions.

Figure 13: DAG representation of the theoretical associations between
parenting mediators and exposure-induce confounding
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Figure 14: Interventional/Randomized mediation effects by SES on language
skills at three time points with respect to High SES parents

146



CHAPTER 5 - Is it just noise? Measuring

unobservable cognitive abilities in early childhood

This paper has been published as: Rodríguez Sánchez, A. (2020). Is it just

noise? Measuring unobservable cognitive abilities in early childhood.

Personality and Individual Differences, 166, 110162.

This is the accepted manuscript. The final version is available at

https://doi.org/10 .1016/ j.paid.2020.110162 .

Despite a large number of studies showing that significant social inequalities

in cognitive abilities can already be observed among children (Noble et al.

2015; Greg J. Duncan, ZiolGuest, and Kalil 2010; Farah 2017), little is

known about how such estimates might be affected by measurement error.

This is illustrated by the reliance on and the common use of the Standards

for Educational and Psychological Testing (Association, Association, and

Measurement in Education 2014), which have become the almost exclusive

guideline for the choice of instruments for the measurement of unobservable

constructs, but which do not say much about how measurement error might

be inherent in the use of such instruments. This is the result of the

standards’ focus on issues of validity and reliability, and much less so with

issues of measurement error from a causal inference perspective; which is a

topic that remains absent from discussions on the measurement of

psychological constructs, and yet it might turn out to be of crucial

significance.

There are two forms of error in standardized assessments which this paper

argues are of crucial importance for social science research: one refers to

underlying assumptions about the types of scales which remain untested and

what be sad with them, and the other one concerning measurement

invariance for social groups of interest. Given that a correct quantification

of unobservable cognitive abilities is required for establishing which
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mechanisms drive these social inequalities, and which interventions may

overcome them, this omission is a matter of concern. The operations

designed to “capture” these unobservable constructs through the use of

standardized assessments do not reflect the true complexity behind an

adequate quantification of unobservable variables. This paper argues that

measurement error affects the quantification of social inequalities in

unobservable cognitive abilities, which may compromise the results of

previous studies, more than what researchers might be willing to admit.

A study which took these concerns seriously was Bond and Lang (2013), in

which careful consideration of the lack of cardinality of test score data made

salient the need to establish whether scales for unobservable constructs are

interval or ordinal, or if they at least allow for the classification of

individuals into nominal groups. Moreover, these authors stressed out that

there is no statistical or biological reason to assume the distribution of an

unobservable trait follows the “bell-curve”. However, despite this

assumption playing a critical role in the development of psychometric

measurement models (Michell 2008), it remains untested. If an ordinal scale

is treated as interval, however, many effects in empirical studies may

disappear when they had been found before or may appear when they were

not there to begin with, and they may even invert from one direction to the

other as shown in Liddell and Kruschke (2018). To address this, this paper

considers additive conjoint measurement checks (Domingue 2014), which are

an empirical test of whether scales built from test score data conform to the

properties of an interval scale.

Another concern related to measurement error is measurement invariance

when comparing groups. In test development, and as part of the validation

of standardized assessments, it is crucial to establish the degree to which

standardized tests are sensitive to underlying differences between social

groups, which are unrelated to the unobservable construct of interest.
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Norming samples and pilot studies are used to accomplish this. However,

validation and measurement invariance are in constant tension in the sense

that, in any given application of a standardized assessment, a set of items

may display differential item functioning (DIF), which, if it did occur, would

crucially limit the ability of the resulting test score to establish comparisons.

For this reason, this paper considers measurement invariance as a potential

form of endogeneity that induces bias in the estimation of causal effects of

targeted interventions or of socioeconomic characteristics (Z) on children’s

unobservable cognitive abilities (Y θ). Although in part discussed in the

causal inference literature (Kuroki and Pearl 2014), this problem may fall

into the rubric of measurement error in the dependent variable, which is

usually assumed away in classic econometrics textbooks, but which might be

a more serious problem when it comes to unobservable cognitive constructs.

The purpose of this study is to critically examine the extent to which

standardized assessments possess the statistical properties they are often

only assumed to have. The concept of measurement error is addressed from

an empirical point of view, following a pragmatist and social-constructivist

perspective (Baird et al. 2017). In addition to the current validation

practices for psychological constructs, the paper makes use of

non-parametric psychometric and representational measurement theories.

To illustrate the problems of measurement, I make use of a standardized

mathematics test and of two standardized psychological tests of language

ability taken by a cohort of German children. The paper seeks to establish

whether the use of standardized assessments as measures of underlying

cognitive abilities and their use as explanatory factors in social stratification

research, are justified; or whether instead, systematic error might be driving

a large part of the often found social inequalities in such constructs.
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Background

Pitfalls of the traditional validation framework

Two interrelated problems can be said to be present in standardized

assessments. These characteristics may make the quantification of social

inequalities in cognitive abilities more difficult than presumed by previous

research. The first problem is that causal understandings of validity may

not be compatible with the traditional validation framework. Contemporary

notions of validity claim that “A test is valid for measuring an attribute if

variation in the attribute causes variation in the test scores” (Borsboom,

Mellenbergh, and Heerden 2004, 1067); which for cognitive tests would

imply that changes in brain structure and function at a neuronal level, for

example, correspond to higher cognitive ability. Therefore, changes “in the

brain” (e.g. as a result of development or targeted interventions) should

cause nonnegative changes in test scores, if researchers wish to determine

that a standardized test is valid, i.e., that it measures something happening

to the brain (e.g., more neural connections leading to higher mathematics

ability, similar to how in a blood cell count test the presence of disease

causes changes in the cell count).

In the psychometric framework of item response theory (IRT), cognitive

abilities are presumed to lie on a [min,max] range. Mathematics ability for

example would fall into such types of hypothetical ranges, which should

somehow capture how the structures and functions of the brain indicative or

supportive of a more mathematically-skilled child are distributed in a

population. Test scores of mathematics skills, which have their arbitrary

scales according to the number of items and to how items are graded, should

map onto the hypothetical range of cognitive abilities in a nondecreasing

functional relation (Vautier et al. 2012). Such evidence, however, has not

been provided by the test developers of any of the current existing cognitive
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tests. Besides from evidence based on brain imaging suggesting infants

possess fundamental cognitive capacities to differentiate auditory and visual

stimuli (Dehaene-Lambertz and Spelke 2015), standardized tests aimed at

“measuring” cognitive abilities use the verb measure in a metaphorical sense

(Briggs 2013), and are completely disconnected from the concepts of

measurement in the natural sciences (Uher 2020). This suggests that

interpretation of test scores might be hampered by a fundamental lack of

validity when the measurement operation is considered as a unified scientific

framework.

And even though no unique concept of validity exists (Newton and Baird

2016), validity and measurement, in general, are still downplayed in the

social sciences, where test scores are used to show the existence of gaps

between social groups and to explain such gaps. As stated before, present

validation state-of-the-art methods follow the Standards for Educational and

Psychological Testing (Association, Association, and Measurement in

Education 2014), in which a combination of exploratory or confirmatory

factor analysis (EFA or CFA); internal reliability estimates such as

Cronbach’s α; and correlation coefficients between test scores and other

relevant outcomes, are used to assess the internal consistency of latent

variables. Validation of scales of educational constructs follows in turn a

similar framework (Shear and Zumbo 2014, 91–111).

However, this understanding of validity might be misleading, and reliability

therefore much harder to achieve. As shown by Maul (2017), and earlier by

Wood (1978), CFA or IRT models do not provide researchers with the

means of detecting a truly underlying structure in data from standardized

assessments. These numerical procedures are not designed to falsify the

hypothesis that an underlying unobservable construct is driving the

correlations, because almost always these methods will find some underlying

“structure” when applied to data. They are, after all,
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dimensionality-reduction techniques based on correlation, not causation.

Moreover, more specialized procedures, such as Rasch models and its

developments, have been shown to provide appropriate fit even when their

assumptions in simulation studies are violated (Karabatsos 2001, 394–95;

and for estimating “coin-flipping” ability Wood 1978). Even though no

perfect fit is expected from such models, these multiple laboratory and

simulation studies have brought forward the disconnection between

validation as causal and validation as model fit. The construct of “gibberish”

can be measured with high reliability following the standard approaches

because the numerical procedures within the current standards are not

connected to the most intuitive definition of validity, namely that a

standardized test measures what is supposed to measure and nothing else

(Borsboom, Mellenbergh, and Heerden 2004). Therefore, one type of error in

which social sciences research might have been incurring on is to take test

scores as indicators of an underlying construct, when in fact test scores

might conflate the operational definition of a given construct (i.e., items on

a test related to cognitive ability) with the construct of the cognitive ability

itself. [Uher (2020); p.995]. In most cases of cognitive constructs, in fact,

items define the construct, and not the other way around (Baird et al. 2017,

324)

Ordinal v. Interval: properties of scales

Second, there is the problem of the scale at which constructs can be

supposedly “measured”. Three types of scales are often in mind: nominal,

ordinal, interval, or ratio (Velleman and Wilkinson 1993). This issue is still

a matter of dispute, but the effects of considering underlying constructs as

ordinal or metric may introduce various kinds of errors in empirical studies.

O’Brien (1985) provided an overview of the problems which result from

treating ordinal variables as if they were interval ones. Doing so may lead to
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several misleading results in the estimation of effects, such as the prediction

of values below or above the scale’s range, the lack of variability in response

options, ceiling, and floor effects, among other well-known errors (Agresti

2012, 5–7). However, more recently Liddell and Kruschke (2018) showed

that more severe errors may occur when incurring in this practice: false

alarms, failure to detect effects, and even inversion of effects.

Relatedly, though different from this, is the discussion in Bond and Lang

(2013) about the salience of the assumptions underlying the scoring process

of mathematics achievement tests in the U.S., which had been discussed in

the value-added assessment literature as well (Ballou 2009). If test scores

only possess ordinal properties, then different assumptions about the

unknown distribution of the unobservable latent construct can lead to

contradictory results. In fact, dramatic changes arise in the direction of

effects by assuming different distributions for the unobservable construct of

mathematics ability, which can be done by applying nondecreasing

monotonic transformations to the test-scores (Bond and Lang 2013). For

this reason, given that there is no evidence that unobservable constructs are

quantitative attributes; nor that these unobservable constructs have been

measured on an interval scale, research should empirically establish which

qualities are ‘measurable’, i.e. behave as quantitative magnitudes, orders, or

classes of a hypothesized construct.

Measurement invariance as measurement error

The third related problem is more general, but perhaps more severe than

issues of validity and scaling. Serious epistemological criticisms of

psychometric measurement models abound, and an overview of literature

discussing psychometrics as an entirely or partly pathological science, as

claimed by Michell (2008), can be found in the works of Johnson (1936),

Michell (2008), Trendler (2013), Humphry (2013), Mari et al. (2017), Maul,
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Irribarra, and Wilson (2016), Briggs (2013), Vautier et al. (2012) and Lacot,

Afzali, and Vautier (2016), among others. Despite the little attention they

have received in the applied literature, these authors point to a common

feature of standardized assessments: measurement invariance. In a nutshell,

their argument goes back to two characteristics of standardized tests. First,

that measurement through questionnaires or tests makes explicit use of the

human mind in the measurement process, i.e., a child answers questions on

a standardized test. Second, that regardless of how much control is placed

on the testing situation, the human mind is not a reliable measuring device

(Uher 2020). For example, in standardized educational tests, correct

responses allow observers to infer that a child masters a particular skill or

competence. The opposite inference, namely that the child does not master

the skill, cannot be drawn from an incorrect response because a wrong

answer might have resulted from language barriers; unfamiliarity with the

testing situation; lack of concentration; lack of motivation; lack of working

memory; lack of confidence; stereotype threat; tiredness; stress, anxiety, or

fear; or from multiple-way and nonlinear interactions of many of these

factors (Banerjee 2016). Which are, under the assumption of

unidimensionality on which most if not all psychometrically validated tests

are built (Baird et al. 2017, 323–24), unrelated to the cognitive construct

itself.

Beyond traditional factors accounted for in educational research (e.g.,

opportunities to learn as determined by the teacher, classroom or

socioeconomic characteristics, cheating, guessing, etc.), these other

extraneous factors which may hinder students’ performance are far from

randomly distributed among a population. In fact, they are likely

concentrated among disadvantaged groups and cannot be factored out from

the measurement operation. Thus, it is easy to derive alternative hypotheses

to explain differences between social groups or changes in scores as not
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unequivocally caused by corresponding differences or changes in the

hypothetical unobservable attribute residing in children’s brains. This in

and of itself constitutes a serious threat to the validity of these instruments

for establishing differences or inferring changes in psychological or

educational constructs.

Concerning this, measurement invariance is thus one of the main sources of

measurement error related to the above problems. When some test displays

measurement invariance, the operationalization of the construct may not be

equivalent among different groups in a population. Therefore, some aspects

of the test, or specific items in it, affect the response behavior in a manner

not relevant to the construct. Test developers often state that pilot studies

on similar samples allow for the detection and exclusion of items displaying

DIF (Penfield and Camilli 2006). However, even within the traditional

framework, validation is understood as an ongoing process (E. K. H. Chan

2014, 4). Therefore, a scale’s “good” psychometric properties in similar

samples are never sufficient criteria to determine the validity of an

instrument for comparison between groups. A test is valid if, and only if, it

has been validated for well-defined purposes in the contexts of its

application. Thus, no DIF should be observed each time the test is used

when comparing groups.

And here is where the problem of measurement invariance may have lead

researchers astray when they are interested in establishing causal

associations using cognitive constructs. Basic causal effect notation may

help to highlight the problem of measurement error in the quantification of

unobservable attributes for causal inference, as shown in the DAG of Figure

15. A basic assumption of all psychometric models to date is that Y , the

score on some standardized assessment, is an unknown function f of Y θ,

representing the true cognitive latent construct, and of UY representing an

error term, i.e., Y = f(Y θ, UY ). Social scientists focus on unbiasedly
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estimating effects of some characteristic or intervention program Z on the

cognitive abilities or skills of children, the arrow Z → Y θ. What is done in

practice is to estimate the response surface E(Y |Z) employing some type of

model in which an additive error term, representing all other factors not

included in the model, is usually added, i.e., Y = Zβ + ε. However, even in

this simple framework, the typical assumption that the error term UY on

the dependent variable is random or exogenous may not be warranted for

the case of cognitive constructs and their operationalization (i.e.,

σ2
Z,UY ̸= σ2

ε,UY ̸= 0). It is hard to conceive of a standardized assessment

unaffected by some of those extraneous factors captured by ε which occur in

systematic ways. Therefore, because Z → UY or ε → UY might be causal

effects affecting the measurement error component, especially if there is

evidence of DIF, estimates of the effects of Z on Y might be overestimated

due to what causal inference refers to as confounding. In general, if there is

measurement invariance for the variable of interest Z, estimates of the size

of the green arrow in Figure 15 will be biased because of measurement error

in the dependent variable Y that is correlated with the independent variable

Z and or the error term ε. These potential correlations, which are assumed

to be zero in econometrics textbooks, should not be assumed away in the

case of unobservable cognitive constructs based on standardized assessments

as dependent variables. Especially so when little is know about how Z, or

any of the omitted variables captured by ε, may causally affect UY .

Psychology’s “atomic bomb”, to coin Borsboom and Wijsen (2017, 444)‘s

term when referring to psychological tests’ role in the scientific world,

surreptitiously fell over social science research practices without causing too

much noise, but perhaps a lot of damage. Following the work of Baird et al.

(2017), this paper proposes the use of readily available empirical tests that

may make visible the pitfalls of present validation practices in educational

research, which hide these issues. In what follows, this paper discusses these
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methods, namely nonparametric item response theory and DIF; as well as

on the representational measurement theory (i.e., additive conjoint

measurement). By doing this researchers might be able to ground the

validation process in empirically supported claims and not on untested

assumptions. When the usual validation framework is connected to these

additional analyses, it might be possible to overcome some of these pitfalls:

First, by recognizing that these might be the cause of bias; and second, by

providing appropriate warrants for the kinds of causal claims researchers

would like to make about social inequalities in cognitive abilities when

interpreting test scores.

Methods

Data

To assess the above-mentioned problems in an empirical study, I evaluated

two dimensions of children’s cognitive development: mathematics and

language abilities. As an example, and only to illustrate this, I chose data

from the National Education Panel Study Starting Cohort Number 1

(NEPS-SC1, Blossfeld, Roßbach, and Maurice 2011)1; but I argue that the

problems of measurement are inherent to all standardized assessments. The

NEPS-SC1 contains a diverse set of standardized tests to measure children’s

development in various dimensions. This section describes the tests’

characteristics, and descriptive statistics can be found in Supplementary

Materials - Chapter 5 Tables S7 and S8. The sample was generated

using a complex random study design and consists of a cohort of newborns

who were officially registered between February and July of 2012. In each
1NEPS-SC1 (doi:10.5157/NEPS:SC1:6.0.0). From 2008 to 2013, NEPS data was col-

lected as part of the Framework Program for the Promotion of Empirical Educational
Research funded by the German Federal Ministry of Education and Research (BMBF). As
of 2014, NEPS is carried out by the Leibniz Institute for Educational Trajectories (LIfBi)
at the University of Bamberg in cooperation with a nationwide network. The NEPS-SC1
sample consists of a cohort of newborns in Germany that has been followed for over seven
consecutive years.
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follow-up survey, children’s characteristics and performance in standardized

tests were recorded along with parents’ characteristics.

Measurement Instruments First, a standardized Mathematics test

in Wave 5 was carried when children were around five years old. This test

consisted of 20 items on five different categories of mathematics competency:

a) sets, numbers, and operations; b) units and measuring; c) space and

shape; d) change and relationships; and e) data and chance (for information

about the test and its scaling procedures see Petersen and Gerken 2018).

Second, the Peabody Picture Vocabulary Test Fourth Edition (PPVT-4

Verbal ability) was applied at Wave 4. The PPVT-4 assesses receptive

vocabulary or verbal skills in children and adolescents in the German

norm-referenced sample (see for an overview of the test Roßbach, Tietze,

and Weinert 2005). The test contains 228 items divided into 19 sets, each

containing 12 items. These items are of varying difficulty, but the total

number of correct responses is computed to establish the progression of

children’s language development. The PPVT-4 is also used as an indicator

of cognitive ability, given that comprehension of language and concepts

plays a major role in it. And third, the Elternfragebogen für die

Früherkennung von Risikokindern 2 (ELFRA-2) 2, which is a standardized

questionnaire containing a list of words and utterances that a child should

be able to say at a given age. It is filled in by the child’s main caregiver and

consists of three subscales that assess productive vocabulary, syntax, and

grammatic abilities in German. This paper makes use of the subscale on

productive language (ELFRA-2P). The ELFRA-2 is used as a screening

test for diagnosing delays in language development in German children aged

24 months (see for an overview of the test Grimm and Doil 2006). The scale

has been shown to have adequate reliability values according to the

standards but is sensitive to the language spoken at home (Sachse and Von
2The Parent’s Questionnaire for the Early Diagnostic of Children at Risk 2

158



Suchodoletz 2007).

Methods

As explained above, the two main assumptions refer to the scale of the

unobservable construct and the issues of measurement invariance. There are

some methods available to empirically explore the extent to which

assumptions about unobservable constructs are warranted. To address the

first of these, two frameworks are considered: the representational theory of

measurement and the non-parametric item response theory. The first one

focuses on whether the quantitative structure assumption holds in the data.

From previous research, it is known that whenever the difficulty of items in

a test differs, as is the case of most standardized tests, raw or standardized

sum scores do not yield an interval scale (Wright 1992; Ballou 2009). Given

that sum scores only provide ordinal information, which allows to rank

test-takers, researchers scale their data through IRT models to obtain

interval scales. Although these models are supposed to guarantee estimates

of ability are continuous, it is argued whether many of the most crucial IRT

assumptions are warranted, especially when no scale built from standardized

assessments so far is of an interval kind (Kyngdon 2010; Domingue 2014);

and when it might be that psychological attributes cannot be measured at

all (Trendler 2018).

However, the hypothesis of quantifiability of an attribute can be verified by

checking if a specific functional relation among the set of respondents and

the set of items holds in the data (Luce and Tukey 1964). Karabatsos (2018)

and Domingue (2014) developed methods to assess a stochastic version of

the axioms of transitivity, antisymmetry, and strong convexity for an ordinal

relation; and associativity, commutativity, monotonicity, solvability,

positivity, and the Archimedean condition for an interval relation (Heene

2013); which are the core assumptions from which interval scales can be

159



derived from according to the ACM perspective. The connection among

these conditions and the single and double cancellation axioms is elaborated

in Domingue (2014). It is these conditions which to some extent can be

empirically tested, although Karabatsos (2018, 324) pointed out the

limitations of this approach for higher-order cancellation axioms. However,

when these conditions hold, the claim that the responses to a standardized

test yield an interval scale is more plausible. Violations of the quantitative

structure assumption are expressed in the percentage of comparisons of

adjacent 3 × 3 matrices that do not comply with the single and double

cancellation axioms. Although such checks have been used in some empirical

applications, the use of and familiarity of researchers with ACM is far from

extended within psychometrics (Domingue 2014; Dimitrov 2016). In this

paper these checks are performed on the three standardized tests and

compare the results obtained.

Another alternative route to examine the interval scale assumption is to

consider ordinal psychometric models and their properties. By empirically

checking whether these are present, one can indirectly gather evidence

against scales as intervals if the ordinal relations happen not to be found in

the data. These ordinal relations can in turn be tested employing Mokken

scale analysis [MKS; Sijtsma and Meijer (2006)], which considers

non-parametric item response models, such as the monotone homogeneity

model (MHM). These might be used as an exploratory tool to study

response patterns and establish whether ordinal scales can be built from

data (Sijtsma and Ark 2016), even when ACM checks show violations of

assumptions for the hypothesized quantitative structure. This framework

allows for a test of three of the most basic psychometric properties

underlying all psychometric models: undimensionality, monotonicity, and

local independence. These properties should hold in the data before

considering fitting a model for ordinal scales (Sijtsma and Ark 2016), and
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especially before considering fitting a model that assumes interval scales. An

advantage of Mokken scales, however, is that a scale might be constructed

out of subsets of items that do conform to the MHM’s assumptions. Mokken

subscales are those that conform to these three properties, which also

underly all other IRT models. The construction of a Mokken scale is shown

for the mathematics test for illustration purposes. However, only scalable

items at c = 0.3 are chosen, and items causing violations of monotonicity or

local independence are excluded.

As for the measurement invariance assumption, the analysis was based on

the framework proposed by Rosenbaum (1984, 428). The sum score

R(−j),[i] = ∑J
l=1 yl for l ̸= j for each child i excluding item j , also known as

rest score, might be taken as a reduced form of the test, and might be used

to empirically assess if other extraneous factors associated with some

characteristics of interest are affecting the probability of correctly answering

the excluded item. I estimate the relative risks for the event of correctly

answering item j in the test, conditional on the score the child would have

received had this item been excluded from the test, namely for the event of

P(yj = 1|R(−j),[i], Z). This approach has a number of attractive features.

Assuming this rest score is the best predictor for correctly answering the

excluded item j, children’s characteristics should be unrelated to the

probability of a correct answer. I estimate relative risks using a log-linked

binomial model for a set of sociodemographic and socioeconomic covariates:

preterm, gender, migration background, socioeconomic status (SES) and

language ability (for the estimation of SES see Table S10 in

Supplementary Materials - Chapter 5). For this step, the two

polytomous items in the mathematics step were recoded as follows. If at

least one out of four options was correct, the item was scored as correct,

ignoring the gradation difficulty implied by the question. All other items in

the test were dichotomous. Twenty models, one for each item in the test,
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were estimated, and the relative risks with 95% confidence intervals are

presented. After adjusting for ability measured by the rest score, relative

risks of probabilities should equal one or be close to one, without showing

patterns besides expected random fluctuation. If the mathematics test is

fair, valid, and reliable, then the rest score should explain all variation

affecting the probability of correctly answering any other item in the test.

Finally, a more conventional approach to measurement invariance is

explained in Penfield and Camilli (2006), which discusses the relevance of

nonparametric methods to achieve this without making unrealistic

assumptions about the scale of constructs. One of these methods is based on

the generalized Maentzel-Hazel (gMH) statistic, on which tests might be

performed without requiring the estimation of an IRT model with its

corresponding assumptions to hold (results of this statistic are found in

Supplementary Materials - Chapter 5 Table S18). If a scale does not

equally evaluate individuals from different groups, then a test might be

considered to be biased, and its items should be examined and potentially

excluded if, on closer examination, they are found not to be measurement

invariant. This is how the making of standardized assessments takes place:

by considering a large set of items of which some are eliminated because they

do not conform with the desired structures of a construct (Baird et al. 2017,

331). The gMH statistic was used with continuity correction and P-value

adjustment for multiple comparisons by the Holm method for a comparison

of more than two groups. Measurement invariance is checked for the social

groups of preterm children, girls, children with migration background, and

children from low-SES families. The raw score was used to match children

from each group and a threshold or cut-off value score was selected to

classify the corresponding items as displaying DIF (Magis et al. 2010).

However, such a meticulous analysis of the data seems insufficient to show

that measurement error causes bias if one cannot show that the connection
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between the assumptions and the estimation of effects. The last analysis

presented in the paper, therefore, focuses on showing that the

above-mentioned considerations do make a difference. To determine this,

this paper compares estimates of effects of several covariates on mathematics

ability based on IRT ability estimates; on the sum of correct responses; and

on the sum of correct responses in a Mokken scale. The comparison

considers, in addition to basic linear regression models, the cumulative link

model (CLM) for the probabilities of being at different quartiles of the

distribution of ability (Winkelmann and Boes 2006, 175), which would be

appropriate if indeed scales are ordinal and not interval scales. Differences

between the two modeling strategies are assessed descriptively. Given that

variance in ordinal models cannot be decomposed as in linear models, and

that estimated parameters associated with each group of covariates will

change with the inclusion or exclusion of additional covariates, the model

assessment was done by estimates of changes in probabilities, i.e., average

marginal effects (AME). Only complete cases were used for these analyses.

Finally, in each of these three analyses sample sizes differed depending on

the test being assessed, but this is beyond the point and results hold when

the sample of complete cases is used (results available upon request).

Multiple imputation analysis was not applied because these methods make

use of associations already present in the data, which the analysis presented

here aims to empirically assess. Except for relative risk estimates, no

inferential results are presented, and regression models are shown only for

illustrative purposes, and only the univariate estimates of relative risks are

estimated taking into consideration sample design. Tables S7-S8 in

Supplementary Materials - Chapter 5 show the sample sizes used for

each analysis.
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Results

Results of the standard validation practices can be found in Tables S11-S16

in Supplementary Materials - Chapter 5. It suffices to say that these

results conform to the expectations of validity and reliability according to

the standards. Based on those results, and as a running example, one can

consider the probability of scoring below the 25th percentile of the

distribution of mathematics ability as measured by the full battery of items

on the standardized mathematics test by various sociodemographic groups,

which is scaled by a parametric IRT model. This group corresponds to the

less able in terms of unobservable mathematics ability according to the

standards. For children born preterm, the unadjusted relative risk of being

among this lowest scoring group is 1.724 times that of full-term babies (C.I:

[1.323, 2.208]); for girls, the risk is 0.979 times that of boys (C.I: [0.855,

1.121]); for children with migration background it is 1.736 times that of

nonmigrant background children (C.I: [1.45, 2.063]); and for children of

parents in the least well off socioeconomic status (SES) 3.162 times the risk

than children of the most wealthy, highly educated and better employed

parents (C.I: [2.569, 3.902]; own calculations).

Regarding the results which concern the scales of these constructs, results

shown in Table 8 suggest several violations of the single and double

cancellation conditions which should test for an ACM structure in the

mathematics test responses. Both the weighted and unweighted proportion

of violations are high when compared to the 2% for the unweighted and 1%

for weighted violations for data simulated from a Rasch model and subjected

to the same checks (Domingue 2014). Heene (2013) suggested such results

would be obtained for many data sets that fit some parametric IRT model,

even when violations of its assumptions are present, so this result is not

surprising. However, what is surprising is that none of these standardized
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tests satisfies the conditions of an interval scale (i.e., that the differences

between the units on test scores are of an equal interval). These tests do not

fulfill the assumptions of a quantitative attribute despite evidence in favor

of appropriate fit following the Standards for Educational and Psychological

Testing. These results are further confirmed by the Mokken scale analysis.

Unidimensionality, monotonicity and local independence assumptions as well

as invariant item ordering, which are shown in Table 9 and in

Supplementary Material - Chapter 5 Table S17, suggests poor fit of

this data with these ordinal model, which shows some of the items in the

mathematics test are even unscalable. There was, however, evidence for a

weak scale (ψ = 0.3) in accordance to this model’s properties, which can be

conformed from 11 of the items in the original test. These items do conform

an ordinal scale without either violation of monotonicity or local

independence. However, the Mokken scale of mathematics ability does not

conform to the properties of a quantitative attribute either, given that the

weighted average number of violations is 11.393 and the unweighted 17.07.

Moving to the second concern regarding measurement invariance, Figure 16

presents the estimated relative risks associated with a one-unit increase in

the rest score. These risks are ordered from easiest to hardest items

according to the percentage of correct responses to the question in the test.

One extra point in the rest score increases the probability of correctly

answering the excluded item; these are, as expected, all greater than one.

Moreover, the rest score’s predictive ability increases with the difficulty of

the items. In this sense, this result validates the use of the test in the

prediction of a correct response. However, and as shown in Panels A, B, C,

and D of Figure 17, other covariates also remain predictive of a correct

response in the items, even after controlling for mathematics ability as

measured by the rest score. For the language ability tests, ELFRA-2P and

PPVT-4 shown in panels E and F, no association with the probability of

165



correctly answering an item is seen; but this is not the case for low-SES

children. For 13 out of 20 items, the relative risks are below 1, meaning that

there was a lower chance of correctly answering 13 items in the test despite

controlling for mathematics ability as measured by the rest score. The more

difficult items also show effects for being born preterm and also for being a

girl (some in a positive direction). However, except for SES, the effects of

the other covariates do not follow any significant pattern; but it is possible

that this standardized test has captured something other than mathematics

ability and therefore that systematic error may have permeated the

measurement operation.

To confirm this, DIF in the different standardized tests shown in Table 10

presents the share of items that were flagged as presenting DIF. Results

suggest DIF is present in all three of these standardized tests. Of special

concern are those items for the mathematics test that show much higher

odds of being correctly answered for groups different than the focal groups,

as displayed in the gMh coefficients in Table S17 in Supplementary

Materials - Chapter 5. The mathematics test has the largest share of

items flagged as DIF for the different groups. Such high percentages might

be indicators that the test is biased, especially concerning children with a

migration background, as well as children from low-SES families. The group

of preterm children does not show noticeable differences, although some of

the items are regarded as presenting DIF.

Finally, in Figure 18 the standardized coefficients and average marginal

effects for the different analytic strategies described before are presented.

Interestingly, there are multiple differences between these analytical

strategies. Using the Mokken scale as a linear scale showed larger effects for

preterm and migration background, whereas the parametric IRT (PIRT)

and sum score showed the largest effects were for the language ability

covariates. Moreover, when considering effect sizes, as shown in Table 11,
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differences between the linear regression and the CLM are noteworthy.

AMEs, which are taken as overall effect sizes of the predictor variables,

showed that low-SES had the largest effect of them all. By contrast,

according to the linear model, it is language abilities which have the largest

main effect. Furthermore, the effects of being preterm or having migrant

background were larger when using the Mokken scale than when using the

scale built with the full battery of items; whereas for socioeconomic status

these effects were smaller when using the Mokken scale than the full scale.

The most striking effect is that the direction of the effect of migration

background changes comparing the PIRT to the Mokken scale. The fact

that these noticeable differences were found in an easy comparative exercise

highlights how drastic a study’s conclusions might change when following

different analytical strategies, as argued in Liddell and Kruschke (2018).

These results, partial as they are, especially for the EFLRA-2P and the

PPVT-4, which were mostly because of space limitation, show that these

three standardized tests do not show the properties of an interval scale, nor

do they seem unbiased for the groups here chosen. The items that fit the

assumptions of IRT in the Mokken mathematics ability scale, excluding

items flagged as DIF for each of the four covariates here examined (i.e.,

items z17s, v061, z121, and r14s), would leave the mathematics scale with

only 7 items on which ordinal comparisons can be safely made.

Based on those seven items, and an ordinal scale built on them, the relative

risk of being among the lowest-scoring group3 in the Mokken scale of

mathematics ability is, for preterm children 1.476 times the risk than

full-term babies (C.I: [1.198, 1.798]); for girls 0.983 times the risk than boys

(C.I: [0.886, 1.09]); for children with migration background 1.307 times the

risk than non-migrant background children (C.I: [1.124, 1.512]); and for
3Which means having correctly answered 0, 1 or 2 out of 7 mathematics questions,

corresponding to the 25th percentile of children’s scores on this reduced form of the test.
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children of parents in the least well off socioeconomic status (SES) 2.202

times the risk than children of the wealthiest, higher educated and

better-employed parents (C.I: [1.872, 2.59]). These are substantially smaller,

though still important social inequalities when compared to those indicated

by the full battery of items. However, these estimates are qualitatively

different because they are based on ordinal information, not on a metric

“measure” of mathematical ability, as presumed by the estimation of an IRT

model. Such an ordinal conception of inequalities lends itself to a different

and more fruitful discussion of social inequalities in unobservable cognitive

constructs. Even though this alternative analysis might be favored by some

and not others, it has one advantage over the standard assessment: it is

based on assumptions that are supported by the data, whereas the standard

analysis is not. It is interesting to note that if assumptions on which IRT

scale tests are not warranted, then analysis based on those assumptions,

such as logit scale based DIF, are also not warranted. These results are

preferrable in the sense of conforming to the assumptions of the models used

to scale them, but do not represent the only alternative. Evidence thus

suggest that although standardized assessments are not just measuring

“gibberish” or noise, to clearly separate the signal from the noise in this type

of data, and to unbiasedly estimate causal effects, much more than what the

Standards for Educational and Psychological Testing assume is needed would

be required.

Discussion

The present study was designed to explore the extent to which two forms of

measurement error might be present in data generated by standardized

assessments. As hypothesized, results suggest that treating these scales as if

they had interval properties may lead to erroneous conclusions that are not

warranted when scales are found to only possess ordinal properties. But
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also, results indicate that measurement error creates a strong bias in the

estimation of the effects of typical socioeconomic and demographic

covariates. Therefore, measurement error, at least in the standardized

assessments analyzed in this study, is pervasive in the measurement of

cognitive abilities. Future research should establish the extent to which

these problems can be found in the quantification of other unobservable

attributes of cognitive or “non-cognitive” domains, such as personality

assessment, but other research suggests this might the case as well (Uher

and Visalberghi 2016).

What is surprising in this study is that none of the scales here considered

displayed the less demanding properties of nonparametric measurement

models and consequently nor those of an interval scale, even though such

types or standardized tests are common in the literature and have been

validated according to the standard validation framework. Previous studies

observed that the scale at which unobservable constructs might be measured

is far from fulfilling the strict criteria of interval scales (Domingue 2014;

Karabatsos 2018). More worrisome, however, is that current validation

practices hide this particular problem because the assumption of

equal-interval unobservable constructs which can be then measured is

merely stated, but never tested (Michell 2008). The data and measurement

theories outside of psychometrics, however, suggest these attributes may not

be quantifiable (Trendler 2013; Uher 2020) As mentioned in Borsboom

(2006), IRT aims at modeling the interaction between a person’s ability as a

latent and unobservable trait and a given item stimulus, but this theory

does not guarantee that their underlying assumptions hold in any

standardized assessment based on the IRT paradigm, much less in classical

test theory. Therefore, a change of paradigm in the validation of

standardized assessments to measure unobservable cognitive skills might be

needed, one that is empirically able to test its underlying assumptions.
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These results thus support the idea that the use of test scores for

comparisons on a difference-scale must be warranted by the measurement

operation and not by untested assumptions about what the attribute is

(Velleman and Wilkinson 1993).

On the issue of measurement invariance, results indicate that low-SES and

migration background seem to affect the chances of correctly answering a

subset of items in a test, even after adjusting for “mathematics ability” as

measured by the rest score. These results were further confirmed by the

analysis of DIF, which furthermore also pointed to similar problems in the

quantification of verbal ability. Two implications of this finding warrant

discussion. First, teachers’ use of scores on standardized tests in classroom

activities may reify social inequalities when differences of an ordinal kind

are misunderstood as being of an interval one if indeed they are based on

similar standardized assessments in the classroom (Dalziel 1998). In a

scenario in which child A has answered 12 out of 20 questions correctly,

whereas child B got 6 out of 20, and child C only 3 out of 20, the difference

in mathematics ability between children B and C (|b− c|) compared to the

difference between children A and B (|a− b|) is not twice as much

(|a− b| ̸= 2 × |b− c|, where a, b and c are taken as units of an unobservable

construct, ability or competence). How far behind child C is from child B or

A, or child B is from child A, remains unknown and might even be a

meaningless question to ask in the first place. From a pragmatist

perspective, if hypothesized changes in the latent variable cannot be

empirically traced back to quantitative changes in the score produced by the

standardized test, then the information provided by test scores may make

comparison across groups invalid.

Second, more caution should be had when interpreting the estimates of the

effects of covariates on unobservable cognitive abilities. As shown in this

paper, measurement error may notoriously affect the size of inequalities
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when measurement error is not considered. It is possible to hypothesize that

this results from statistical confounding or selection bias, as argued above

(Kuroki and Pearl 2014). Again, the reason being that it is no longer

possible to discern whether differences are caused by changes in the

attribute, or by changes in systematic error component, or maybe by both

(Vautier et al. 2012), which would be an insidious form of endogeneity

present in almost all tests that display DIF for the effect of interest Z. The

results of this paper thus suggest that caution is warranted in using test

scores to compare children across social groups based on difference statistics,

which might be, as shown here, an unjustified use because scales might be

ordinal, not quantitative, and because of measurement invariance.

The present results are important in two major respects on which future

work should focus. First, social scientists have long documented the lower

academic chances of children from disadvantaged backgrounds (Bourdieu

and Passeron 1964). And although social stratification research suggests

that data on competencies mediates the generation of such inequalities

(i.e. primary versus secondary effects), it is not clear whether inequalities in

education result from deficits in cognitive skills; or from standardized tests

reliably measuring both signal and noise. An implication of this being that

standardized tests and evaluations of children might simultaneously create

and certify these social inequalities (Millet and Croizet 2016; Grodsky,

Warren, and Felts 2008). Second, although this paper deals with one specific

type of assessment, social science research should dedicate more effort in

thinking about the distance between behavior (i.e. taking cognitive abilities

as a type of behavior) and assessments that supposedly measure that

behavior. The goal of building scales or subscales with expected properties

is motivated on “technical” grounds, but whether a given pattern of

responses is being caused by the construct being assessed, or whether the

pattern results from the hypothesized and desired characteristics of a
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measurement instrument, as arguably happens when selecting items in PISA

(Baird et al. 2017, 331), is still unknown. These results, however,

corroborate the findings of Uher and Visalberghi (2016), where analogous

problems in the assessment of personality are delineated. Because a test’s

reliability and validity using the traditional validation framework may result

from tests reliably capturing noise; and from educational institutions

making extensive use of standardized tests in the classroom, it might be

that “measurement error begets measurement error”.

Although early childhood inequalities in cognitive abilities exist, a correct

quantification of them may still be pending. These findings suggest that

social inequalities in cognitive skills are worrisome, but for a different reason

than understood in contemporary debates within social science. A large

chunk of the here initially estimated social inequalities in mathematics

ability, e.g., against children with a migration background or low-SES

children, might be in large part the result of error-prone assessments and of

the possible socio-cultural biases present in them. Thus, differences in

estimated skills might not be a reflection of inequalities already embodied in

children’s brains, as supposedly shown by their (in)capacity to solve basic

mathematics operations.

Finally, the findings presented here do lend credence to the replicability

crisis in psychology (Loken and Gelman 2017). The replication of

measurement operations of psychological constructs might be ill-founded,

which probably relates to the fact that, under other scientific conceptions of

measurement, psychology’s standardized assessments may not have

measured anything at all (Trendler 2013). In fact, other studies argued that

the ontological basis of cognitive constructs might be more similar to a

process happening in the brain than to a quantity residing presumably in

the brain (Guyon 2018), a point in which social scientists, in general, may

have more to say than current validation practices in psychology. Future
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studies should focus on establishing the connections between test scores and

measures of brain’s structures and functions, which under a causal account

of validity seem like a requirement for establishing sound comparisons

among children on a “causally” validated metric. And although further

requiring that observations obtained through these standardized tests

conform to the conditions of a conjoint additive structure, before scaling the

data to produce an interval scale, is too strict a criteria for psychological

measures to meet, it is the only way one can speak of an interval metric,

under a scientific conception of measurement in correspondence with the

natural sciences.
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Tables and Figures

Table 8: ACM Checks for Mathematics Test, PPVT-4 and ELFRA-2P

Adjacent 3x3 Matrices
Instrument Weighted Mean Unweighted Mean
ELFRA-2 Productive subscale 18.1 40.8
PPVT-4 12.5 42.4
Mathematics Test 17.9 22.9
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Note: Each node represents an analytical random variable: Y is the observed or manifest
test score; Y θ the unobservable cognitive trait; UY the measurement error of the test; Z the
independent variable of interest; and ε an error term as would be observed from Y = Zβ+ ε.
Arrows in turn represent causal associations between these variables, with dashed lines for
hypothesized but not estimated ones.

Figure 15: Directed Acyclic Graph Illustrating Measurement Error Caused
by Measurement Invariance

Table 9: Mokken Scale Analysis Results for Mathematics Test Items

Mathematics Test
Statistic Complete: 20 items Subscale: 11 items
Number of Unscalable Items at c=0.3 7 0
Number of Scales 2 1
Scalability Index H 0.236 0.378
Number of negative item-scale scalbility 0 0
Number of negative inter-item scalability 4 0
Monotonicity Violations 1 0
Number of Flagged Items W 1 Index 3 0
Number of Flagged Items W 3 Index 6 0
H_T 0.47 0.539

Table 10: Number and Proportion of Items with DIF by Generalized Mantel-
Haezel Test

Preterm Girls Mig. Background Low-SES
j % j % j % j %

ELFRA-2 Productive subscale 14 5.38 67 25.8 92 35.4 78 30.00
PPVT-4 6 3.66 38 23.2 27 16.5 16 9.76
Mathematics Test 5 25.00 7 35.0 6 30.0 3 15.00
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Table 11: Effect Size Estimates from Linear Models in Panel A

Dependent Variable Covariates SSR d.f. Eta Delta
PIRT WLE Preterm 0.26 1 0.0003 0.0002

Gender 5.58 1 0.0058 0.0047
Migration Background 0 1 1.71e-06 1.38e-06
Socioeconomic Status 33.63 3 0.0337 0.0281
ELFRA-2P 27.82 1 0.0280 0.0233
PPVT-4 71.03 1 0.0686 0.0594

20 items Sum Score Preterm 0.45 1 0.0005 0.0004
Gender 2.91 1 0.0031 0.0024
Migration Background 0.24 1 0.0003 0.0002
Socioeconomic Status 42.59 3 0.0435 0.0356
ELFRA-2P 31.61 1 0.0327 0.0264
PPVT-4 79.13 1 0.0779 0.0662

Mokken Sum Score Preterm 1.65 1 0.0017 0.0014
Gender 4.97 1 0.0051 0.0042
Migration Background 1.18 1 0.0012 0.0010
Socioeconomic Status 32.72 3 0.0325 0.0274
ELFRA-2P 28.45 1 0.0284 0.0238
PPVT-4 69.12 1 0.0663 0.0578
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Figure 16: Mathematics Rest-score Relative Risk Adjusted by Rest Score
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Figure 17: Relative risks for Various Covariates Adjusted by Rest Score
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Figure 18: Standardized Estimated Coefficients in Linear Model (Panel A)
and Average Marginal Effects from Cumulative Link Model (Panels B and
C) for Scores on Mathematics Test
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CONCLUSION

The four empirical chapters presented in this dissertation make the case that

furthering causal inference thinking in family sociology, social inequality,

social mobility, and family demography research is a worthy endeavor with

important implications. Thanks to this causal inference lens, I was able to

find little support for some of the most often touted hypotheses in family

research – e.g., the negative effects of divorce and family instability, as well

as evidence for the causal mediation role of parenting, on children’s

wellbeing, and I showed how the measurement of unobservable constructs

related to children’s cognitive development is far more complex than

acknowledged because these constructs are endogenous to the sociological

processes that determine them. Hence, the strong methodological focus of

this dissertation opens up the path for further theorizing. One important

avenue in theory development is the recognition that the more complex

associations between family behavior and children’s wellbeing often assumes

models that may lack an appropriate representation in empirical studies.

The match, or mismatch, between a given empirical design and a statistical

model and a theory, such as those falling under the life course umbrella (L.

Bernardi, Huinink, and Settersten Jr 2019), should be evaluated before

considering whether any theory is supported by empirical data or not.

Staying at the level of associations is not enough to uncover fundamentally

causal mechanisms that are assumed to be at play in the reproduction of

social inequalities.

The results of Chapter 2 suggest that the departure of the biological father

out of the family unit acts as a marker of life course socioeconomic

disadvantage, and not as a cause of negative effects on children’s wellbeing,

employing data from the Fragile Families and Child Wellbeing Study. Why

is it that divorce has no causal effects on children’s wellbeing? This is an
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important question that invites us to open up the black box of family events

and experiences, and to investigate which reinforcing and counteracting

processes are triggered by family changes, so that, despite the hypothesized

negative effects, following the perspectives of the family investment and

family stress models, we do not find on average a negative effect of father

absence on children’s wellbeing. However, results related to the

socio-emotional dimension of adolescents’ wellbeing seem more consistent

with small negative effects of this particular family transition. Adolescence,

an important life course stage in human development, deserves further

scrutiny and specialized studies to understand why father absence effects are

more likely to be found in this stage as opposed to experiences of father

absence at younger ages.

Chapter 3 explored the role ascribed to family instability, operationalized as

the number of family transitions experienced during the first 15 years of a

child’s life, on the internalizing and externalizing child behavior problem

dimension. Employing the same data from the Fragile Families and Child

Wellbeing Study, but taking a more dynamic perspective and assuming that

previous family changes cause future family changes, I show that

treatment-confounder feedback bias affects the estimation of the effects of

family instability. Again, reinforcing or counteracting mechanisms are

probably at play in selecting families to experience a given number of family

transitions. Future research should focus on what those processes are, given

that they could hold the promise of becoming policy targets to reduce other

potentially negative effects of family instability. However, the results do not

support the family instability hypothesis. The effects of various

operationalization choices of family instability, capturing early,

mid-childhood, or adolescence experiences of family instability, suggest these

family transitions are not detrimental to the socio-emotional development of

children, independent of the child’s gender and racial-ethnic group.
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Chapter 4, on the parenting mediation of SES differences in children’s

language skills, I showed that the mediated share is rather small, small for

the large differences seen between the very low SES families and the high

SES families in Germany, employing data from a cohort of newborns in the

National Educational Panel Study. This suggests that interventions geared

at equalizing parenting differences among parents from different SES

backgrounds will not be sufficient to make this gap vanish, their impact is

rather narrow and limited. These results also show that differences in

children’s language skills are also informed by experiences that are related

to alternative causal pathways, not directly involved in parenting. Those

other pathways, in which neighborhoods, peer effects, and larger

socialization contexts likely play a predominant role, should be the subject

of further research. Collecting data on all of these factors is, however, a

difficult challenge to meet. Importantly, causal inference thinking can help

in the design of the type of studies and data that could approach such

questions in the future.

Finally, chapter 5 took on the topic of measurement error, an often-ignored

subject in much of sociological literature. However, measurement error in

unobservable constructs can have substantial impacts on the effects we are

interested in understanding, particularly on the quantification of social

inequalities. The results suggest that the scales used to measure children’s

skills, based on standardized assessments, applied here to test early

numeracy and mathematics skills, do not correspond to the interval scale

properties often assumed to exist in continuous scales of cognitive ability

that are used to compare children. More important though, I find that

measurement error correlates with other social background characteristics,

such as low SES family background, which generates endogeneity bias in the

estimation of effects of other characteristics we may be interested in.

In this dissertation, I have dealt with important concepts for the wellbeing

181



of children: parental SES, parenting, family instability, and one specific

family transition caused by parental divorce or separation. However, my

focus was on the different processes affecting and being affected by these

various concepts. A life-course perspective reveals that family instability

and parenting should be considered as dynamic concepts that vary over

time, rather than static ones, which further makes research on them more

complex. Doing so, however, advances debates within family sociology in

the direction proposed by Seltzer (2019), by providing a more accurate

portrait of the complex, contemporary dynamics of family life.

Another approach in that direction could be to join together anthropological

studies of families in contemporary US and Germany with traditional

demographic definitions of a household, in conjunction with a life-course

perspective that considers the sequence of multiple contexts that are

affected by family instability and parenting. For example, as discussed in

Bourdieu (1993), it is important to take the ethnomethodological step of

suspending the researcher’s beliefs in the categories dictated by the family

discourse. Behind this discourse lie hidden several presuppositions whose

origin remains rather obscure: family as a decision unit, family as private

(i.e. concerning only their immediate members’ interactions), and as a

durable or a stable unit in time (e.g. the family name and the family home).

Related to this, future research ought to be aware of the role of family

privilege in family theory and research as suggested by Hadfield, Ungar, and

Nixon (2018). In future research, we should avoid introducing biases arising

from presuppositions on what is good or better on such normative loaded

topics, such as the effects of family structure, family instability, or parenting.

Achieving this, however, is challenging, because we, as researchers, are also

products of our socialization practices. Further reflection on this topic

deserves much more scrutiny. In any case, conceiving stable families, specific

types of parenting, especially those of families conformed by the two
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biological parents of the child, as the benchmark to which other family

arrangements ought to be compared to, reminds us of the ethnocentric

perspective of mostly White middle-class researchers who insist that

children “fare better” under —demographically speaking— living

arrangements most similar to their own; while unconvincingly showing

biased estimates of effects of family behavior in support of such claims.

In relation to this, the focus of Moynihan (1965) on the ‘sexual mores’ of

non-traditional family structures, as well as the early focus on the sexuality

of the lower classes at the very onset of demographic research on the family,

serves as an important reminder that family studies pass through the

studies of sexuality. The connection between reproduction and family

formation is better exemplified by studies on contraceptive use in developing

countries and teenage pregnancy. The control of sexuality appears, again

and again, as the hidden, real target behind some of the social policies

targeted at the promotion of stable marriages (Cahill 2005). But, as shown

in this paper for family stability, such discussions are much more about

what is considered socially and culturally appropriate, and not much about

what effects certain family behaviors have on children. Future studies

should establish, again from a causal inference perspective, whether a causal

effects narrative is supported by the data or not.

By supposedly merely describing how family structure relates to measures of

children’s well-being, the effects that configure a particular family formation

remain opaque; when in fact they are, at least partially, the result of

interlocking trajectories of reinforcing and counteracting mechanisms. If

family as a social category contributes to the reproduction of social

inequalities, it does so only to the extent that individuals perceive the social

world through this particular social category of the nuclear family; and

engage in actions and strategies that seek to reproduce nuclear families

through institutional sanctioned rituals (Bourdieu 1993). These rituals
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guarantee the transmission of different forms of capital – economic, social,

and cultural – within one’s own imagined kin; while keeping away from such

ideals other individuals who by law (e.g. as was the case of same-sex

marriage) or by their socioeconomic circumstances (see Edin and Kissane

2010; and Lauster 2010) lack the means to keep up with the expectations of

the ideal family life.

Furthermore, sociological understandings of family dynamics should

continue to theorize and empirically assess the role played by the state in

the configuration of family structures and their different living standards, as

well as the role of parenting in children’s wellbeing (e.g., Maldonado and

Nieuwenhuis 2015; Pilkauskas and Michelmore 2019). For example,

housing/dwelling urban planning policies to develop suburbs or gated

communities for middle class families contrast with the construction of large

urban housing projects for low-income families. Both of these policies

contribute to the creation of social spaces of different kinds and in which

diverging family dynamics are likely to unfold over time, as they are affected

by residential context effects (see Sharkey and Faber 2014). Moreover, tax

and social welfare policies that benefit or harm individuals in certain social

positions also affect the configuration of family forms they choose to live

under (Edin and Kissane 2010).

Instead of the disproportionate weight given to psychological explanations of

family dynamics, research on the effects of family instability should refocus

on understanding how raising children in stable marriage-based two-parent

households is dependent on the different social contexts in which families are

formed. Variation across countries in the social gradient of the two-parent

family shows that similar objective conditions do not necessarily translate

into the adoption of the same family structures. However, families are

fundamentally the product of the social conditions that enable or make

difficult certain family formations, and more research should be geared
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towards understanding how the larger social context, such as the social

networks in which parents are embedded, structural changes in employment,

and family policies more broadly, etc. (Ruggles 2015), can influence the

family formation and dissolution dynamics. Some individuals decide to

comply with prevalent notions of the ideal family life when they can do so

and want to. Others, whose socioeconomic conditions prevent them from

abiding by this discourse, seek to build families and raise children in

alternative ways nonetheless (Nieuwenhuis and Maldonado 2018); families

that suit their contexts amid the adversities which they are faced with.

In this dissertation, I have focused on the topic of family behavior as it

relates to children’s wellbeing. However, it becomes clear that the modeling

and measurement issues here described, and partially dealt with, are far

more common, and can be observed in other areas of social inequality

research. Family behavior and children’s wellbeing were the case studies

selected to showcase these data and causal inference problems in an applied

empirical case. Future studies should investigate how other claims or

stylized facts about social inequality can be the result of these and other

forms in which endogeneity biases the results of empirical analyses

(Hirschman 2016). There is a broad range of theoretical claims on social

inequality that deserve closer scrutiny to advance sociological research and

public policies in the causal inference era.

Policy implications

Although the chapters of this dissertation were not focused on policy

evaluations, a few implications from some of the findings follow. For the US

context, given the little causal evidence for an effect of family instability,

policy makers’ goals should be the improvement of the socioeconomic

circumstances of poor families and not the stabilization of the two-parent

family norm. As discussed in chapters 2 and 3, family formation and
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dissolution processes are the results of an endogenous decision-making

process. In general, individuals will tend to make the family choices they

know are more appropriate for their wellbeing and that of their children.

Policymakers lack key information about the determinants of those family

choices, which should probably be enough reason not to engage in the

promotion of a specific type of family life.

Parenting is often touted as a potential great equalizer, fundamental to the

reduction of social inequalities in early childhood. Chapter 4 has shown,

however, that, although parenting has a positive effect on children’s

language development, the gaps by parental socioeconomic status are

considerably much larger than the largest effect of a hypothetical parenting

intervention that would equalize the parenting done by low-SES and

high-SES parents. Therefore, parenting may not be the key to the reduction

of social inequalities in early childhood, and its role might be quite limited.

Inequalities in language skills among children are generated and reproduce

through multiple, alternative mechanisms – remaining unobserved – that

potentially do not involve parenting. The growing focus on parenting that is

seen in the German context – and which is far larger in the US – should be

balanced by an equal if not stronger focus on other neglected and contextual

(i.e., non-individual or psychological) factors that also shape children’s

language development in important ways.

Limitations

Despite the advances made in this dissertation, some limitations of the work

presented here ought to be acknowledged. First, the focus of each chapter

on a single piece of the causal inference puzzle should not overshadow the

fact that a joint assessment of these different problems is often necessary in

any given empirical application. A unifying framework to evaluate, for

example, the mediating role of parenting in explaining the effects of number
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of family changes or transitions on an child’s wellbeing outcome measured

with error would require attention to all the issues raised in these chapters,

simultaneously. This work is left for future studies on family dynamics.

Second, family instability can be measured by considering the number of

family changes or transitions, as I did in Chapter 3, but is equally important

to distinguish different family structures and specific family transitions.

These may also matter for child wellbeing. Lack of data containing enough

samples of children experiencing very unique parental family life course

trajectories prevented me from further exploring this topic - though to some

extent the study of father absence, one specific transition, is an example of a

study that could be replicated for other very specific, single time point

family transitions. The use of register data, in which all childhood family

structures experienced by children from birth until the age they leave the

parental household, could facilitate the estimation of the effects of specific

family structure trajectories. One could compare, for example, children

raised in two-parent families with any children experiencing any other

family trajectory, on the assumption that a large enough number of cases

following unique family trajectories are present in the data, and that enough

time-dependent confounders are captured by the register data. Lack of

information on important confounders is a serious trade-off to consider when

estimating effects of time-varying life course family behaviors employing

longitudinal surveys versus register data.

Third, causal mediation is a particularly challenging type of analysis that

has not received the attention it truly deserves in the literature. Mediation

analyses can, at least in principle, get us closer to the policy relevant

processes that transform a given socio-demographic exposure of interest,

such as low socioeconomic status, into undesirable social outcomes, lower

language skills in children. However, capturing the multiple mediating

mechanisms that go from the exposure of interest to the outcome of
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relevance, and simultaneously overcoming time-dependent confounding, and

in particular exposure-induced confounders of the mediator and outcome

effects – which result from multiple and often unintended consequences of

such kinds of exposures – can only be partially alleviated by better and

more data. To better understand causal mediation, we would need especially

designed studies that capture all known or hypothesized mediating effects of

parental socioeconomic status effects on children’s outcomes. Causal

mediation analysis can make researchers aware of the difficulty of making a

mediation claim without warrants on the underlying data generating

processes.

Finally, fourth, I have discussed the problem of measurement error in

psychological constructs related to children’s cognitive development.

However, these errors are far more extended than the realm of children’

wellbeing. A solution to the problem of measurement error was out of the

scope of the dissertation, but it remains a crucial challenge to be able to

distinguish the signal from the noise in data obtained from the application

of standardized assessments for the measurement of cognitive or

socio-emotional constructs. Furthermore, measurement error affects many

other types of variables – and not just psychological constructs – and the

biases introduced by measurement error on outcomes, exposures or

mediators require further investigation.

Discussion

Although in order to understand social problems, such as social inequality

through intergenerational effects, one must study and understand family

dynamics (Smock and Schwartz 2020), social inequality also affects the

formation and dissolution of families and, therefore, it is equally important

to understand how social inequality can or cannot produce certain effects on

the family, and what its consequences might be. Two well known theories
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deserve a special comment in light of the results obtained in this

dissertation. The results on family instability and the phenomenon of father

absence, which I have shown are mostly a marker of socioeconomic

disadvantage and not a cause of negative effects, echoes former criticism of

the second demographic transition in the direction that the changes in

marriage, non-marital cohabitation, divorce, and childbearing outside

marriage were the result of a “pattern of disadvantage” and not an

attitudinal change or rejection of well-established family norms (Lesthaeghe

2014). If family dynamics do not reflect cultural shifts but changes in

socioeconomic circumstances, more attention should be given to

understanding the effects of changes to come: automation, home office,

reduction in welfare spending, the liberalization and precarization of the

labor market, growing wealth inequality with housing being a major driving

component of it, climate change, etc., to mention a few of the future

challenges for family scholars. It is perhaps those changes that deserve much

more attention in light of the results here obtained.

In connection with this, the diverging destinies hypothesis ought to be

revisited once more (McLanahan 2004). Although the evidence

overwhelmingly suggests that there is a social gradient in marriage and in

who follows the normative family formation process across many Western

countries (McLanahan and Jacobsen 2015), the effects of such changes in

family life on children’s wellbeing are not found. Therefore, it does not

follow that such divergence in family life courses is necessarily harmful to

children. This is because the two-parent household family structure is only

associated with, and not a cause of, children’s wellbeing. As I have shown in

this dissertation, children’s wellbeing is a complex function of many

time-varying socioeconomic parental characteristics that act in consonance

with family life course. When the effects of those time-dependent

confounding socioeconomic factors are adjusted for, the diverging family life
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courses do not seem to matter as much. In fact, the results of the

cumulative instability model suggest that the story behind the family

instability hypothesis may have to be entirely reworked given that, as shown

in Chapter 5, a higher number of family changes – four or five, a much

stronger marker of family instability – are less associated with adolescent

problem behavior than a smaller number of changes.

Related to this, previous research on the effects of family instability on

children has not fully addressed the reflection problem in the identification

of causal effects, a problem which remains in all observational studies –

including the ones presented in this dissertation. Family behavior, as shown

in the previous chapters, and as past research had discussed (Manski 1993),

is a prime example of endogenous behavior (Ginther and Pollak 2004)

[pp. 691–693], meaning that family behavior is the result of many other

factors informing those behaviors. More awareness of this fact may turn out

to be crucial for how researchers study contemporary family dynamics

empirically and for further theory development. For example, regardless of

how much previous empirical evidence there is on the diverging destinies

hypothesis (McLanahan 2004), the stylized fact on which the family

instability hypothesis is based will remain ill-founded (Hirschman 2016)

until an appropriate identification strategy is found.

However, if we fail to find such effects when improving our methodological

tools, then more questions arise. If changes in family behavior do not

explain child development, then what does explain it? Why is it that despite

families breaking apart are children not harmed? What coping mechanisms

are at play in both parents and children? How do these mechanisms inform

family formation and dissolution dynamics? Future studies should address

these key questions and at the same time try to address the different

methodological challenges highlighted in this dissertation: time-varying

exposures, time-dependent confounding, causal mediation, and measurement
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error. Focusing on the multiple and inter-temporal determinants of

individuals’ family relationships and parenting behavior could further our

understanding of family dynamics and its effects on children (Seltzer 2019).

One specific application of this could be the study of whether parenting acts

as a mediating mechanism between family instability and children’s

outcomes as one potential resilience and counteracting mechanism that

prevents most children experiencing family instability from obtaining worse

outcomes than children raised in the two-parent stable families.
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APPENDIX

Supplementary Materials - Chapter 2

Part 1 - Bayesian Additive Regression Trees

In this section of supplementary materials, I provide a more detailed

description of Bayesian Additive Regression Trees (BART). As explained in

J. Hill and Su (2013), and given the assumption of ignorability conditioning

on X̄, estimation of the conditional average treatment effect is equivalent to

the evaluation of two response surfaces, namely

E(Y (1)|X̄)) = E(Y |X̄ = x̄), Z = 1) = f(1, x̄) and

E(Y (0)|X̄) = E(Y |X̄ = x̄), Z = 0) = f(0, x̄); one for children who

experienced father absence up to a certain time point and another one for

children who remained in stable families. BART can flexibly estimate f in a

nonparametric fashion, accounting for nonlinear main effects (e.g., potential

quadratic effects of income or age of parents), multiple-way interactions

(e.g., between unemployment and housing stability, or alcohol problems and

father-mother relationship quality), as well as a high number of covariates

(Chipman et al. 2010).

The BART algorithm consists of two main elements: a sum-of-trees and a

regularization prior. A binary tree structure T is a set of sequential decision

rules based on the information of the confounder covariates X̄, a rule that

partitions the confounder covariate space (J. Hill, Linero, and Murray 2020).

For example, when trying to predict the event of departure of the biological

father, given that this event might be more prevalent among people below

the median wage, and in that group, the probability might be higher among

people age below 25, and further down the tree, the probability might be

higher for low educated Black parents than for other racial-ethnic groups,

etc. Assuming a tree T with b bottom terminal nodes or leaf functions, for

each of these nodes there will be an associated parameter µk, such that the
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set of final nodes of the tree can be denoted by M = {µ1, µ2, ..., µb}. A value

for the conditional expectation is assigned to each observation unit given the

observed data by following the branches of the tree leading to a particular

terminal node at the bottom of the tree. The sum-of-trees element is thus a

sum of J of these binary trees which corresponds to a model for the outcome

variable Y such that multiple trees are combined. For each (z, x̄) data pair,

BART follows specific branches of multiple trees, then assigns the value of

each terminal node, and adds them all up together. Thus, each output

value, denoted by g(z, x̄;Tj ,Mj), is obtained from each tree and is then

additively combined to provide an estimate of the response surface as in

Y = g(z, x̄;T1,M1) + g(z, x̄;T2,M2) + ...+ g(z, x̄;Tm,Mm) + ϵ =
J∑

j=1
g(z, x̄;Tj ,Mj) + ϵ

(3)

where Tj is the jth binary tree structure and Mj = {µj1, µj2, ..., µjb}

contains the terminal node parameters which are associated with the Tj tree.

The second element of BART refers to regularization priors

p[(T1,M1), ..., (Tm,Mm), σ]: the number of trees, the variables on which to

split, as well as their values, and other parameters. Priors prevent BART

from overfitting the model to the data by specifying the size of each of the

trees, the shrinkage used to fit each tree, and the degrees of freedom

corresponding to the residual standard error (Chipman et al. 2010; and J.

Hill 2011), such that the salience, complexity, and size of each tree is

reduced in the final model; making each tree a weak learner (J. Hill, Linero,

and Murray 2020). To arrive at a prior distribution, these priors are all

assumed to be independent of each other and were chosen following the

description of J. Hill (2011). BART’s algorithm is based on Markov chain

Monte Carlo methods, similarly to how ensemble learning works for boosting
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(Friedman 2002), and all parameters are estimated in a unifying way as

features of the posterior predictive distribution of Y . With each iteration of

the Markov chain, a draw of f is taken out of the posterior predictive

distribution. By denoting f r as the rth draw from this distribution (i.e., a

predicted value for children experiencing the departure of the biological

father or a stable family structure), it is possible to compute the difference

dr
i = f r(1, x̄i) − f r(0, x̄i) for each i = 1, ..., n and each draw r. Thus, the

average of dr
i over n, with r fixed, is an approximation to the posterior

distribution of the conditional average treatment effect (CATE) in the

sample and an estimation of the treatment effect of interest.

To tackle the potential lack of common support, a more robust version of

BART can be estimated. The notion of common causal support, as

advanced by J. Hill and Su (2013), suggests that not all confounders may be

equally strong or important and that therefore not all units ought to be

included in the estimation of the causal effects (e.g., avoiding to match on

variables that don’t act as true confounders). In principle, the computation

of the effect of father absence should only consider units with a non-zero

probability of receiving the treatment across the covariate space. Therefore,

some of the observations which lack common support, or which have high

posterior uncertainty, could be excluded from the prediction of the

counterfactual outcomes. For a more detailed exposition of the specific

aspects of the implementation of BART, see J. Hill (2011) and J. Hill,

Linero, and Murray (2020); and for a tutorial on how to perform BART in

biostatistics that can be easily transported to research on demography, see

Tan and Roy (2019).

Part 2 - Additional Tables with descriptive statistics
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Baby’s gender assigned at birth
Boy 1,041 (52) 891 (54) 150 (44) 724 (54) 134 (57)
Girl 956 (48) 763 (46) 193 (56) 629 (46) 101 (43)

Low birth weight
Yes 165 (8) 129 (8) 36 (10) 98 (7) 27 (11)
No 1,832 (92) 1,525 (92) 307 (90) 1,255 (93) 208 (89)

Mother’s age
median 25 26 23 27 23
mean (sd) 26.22 (6.07) 26.70 (6.14) 23.89 (5.14) 27.21 (6.14) 24.66 (5.91)

Mother’s education
Less than High-school 587 (29) 453 (27) 134 (39) 342 (25) 85 (36)
High-school or equivalent 548 (27) 429 (26) 119 (35) 334 (25) 68 (29)
Some college, technical education 511 (26) 434 (26) 77 (22) 358 (26) 64 (27)
College or graduate degree 351 (18) 338 (20) 13 (4) 319 (24) 18 (8)

Mother’s race-ethnicity
Other 99 (5) 89 (5) 10 (3) 82 (6) 6 (3)
Hispanic 658 (33) 563 (34) 95 (28) 479 (35) 69 (29)
Black, non-hispanic 597 (30) 430 (26) 167 (49) 297 (22) 103 (44)
White, non-hispanic 643 (32) 572 (35) 71 (21) 495 (37) 57 (24)

Mother’s immigration status
Immigrant 411 (21) 378 (23) 33 (10) 333 (25) 38 (16)
Native 1,586 (79) 1,276 (77) 310 (90) 1,020 (75) 197 (84)

Mother lived with both parents as teenager
Yes 1,016 (51) 891 (54) 125 (36) 758 (56) 107 (46)
No 981 (49) 763 (46) 218 (64) 595 (44) 128 (54)

Mother’s religiosity
At least once a year 1,223 (61) 1,046 (63) 177 (52) 887 (66) 127 (54)
Hardly, never 774 (39) 608 (37) 166 (48) 466 (34) 108 (46)
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves) (continued)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Mother was suggested/thought about abortion
No 1,604 (80) 1,364 (82) 240 (70) 1,148 (85) 174 (74)
Yes 393 (20) 290 (18) 103 (30) 205 (15) 61 (26)

Mother drank alcohol during pregnancy
Never 1,800 (90) 1,489 (90) 311 (91) 1,218 (90) 215 (91)
Less than one time per month 163 (8) 137 (8) 26 (8) 114 (8) 16 (7)
Several times per month 22 (1) 18 (1) 4 (1) 13 (1) 2 (1)
Several times per week 10 (1) 9 (1) 1 (0) 7 (1) 2 (1)
Every day 2 (0) 1 (0) 1 (0) 1 (0) 0 (0)

Mother smoked during pregnancy
None 1,661 (83) 1,406 (85) 255 (74) 1,169 (86) 189 (80)
< 1 pck./day 291 (15) 217 (13) 74 (22) 161 (12) 41 (17)
Btw. < 1 and 2 pck./day 42 (2) 29 (2) 13 (4) 21 (2) 5 (2)
> 2 pck./day 3 (0) 2 (0) 1 (0) 2 (0) 0 (0)

Mother took drugs during pregnancy
Never 1,938 (97) 1,618 (98) 320 (93) 1,327 (98) 228 (97)
Less than 1 time per month 36 (2) 24 (1) 12 (3) 19 (1) 4 (2)
Several times per month 13 (1) 7 (0) 6 (2) 4 (0) 2 (1)
Several times per week 5 (0) 2 (0) 3 (1) 1 (0) 0 (0)
Every day 5 (0) 3 (0) 2 (1) 2 (0) 1 (0)

Mother’s score on PPVT test at wave 3
median 91 92 88 93 88
mean (sd) 91.86 (12.79) 92.61 (13.08) 88.24 (10.61) 93.59 (13.11) 88.05 (12.41)

Father’s age
median 28 29 25 29 26
mean (sd) 28.80 (6.96) 29.32 (7.00) 26.29 (6.20) 29.69 (6.86) 27.59 (7.23)

Father’s education
Less than High-school 617 (31) 477 (29) 140 (41) 365 (27) 87 (37)
High-school or equivalent 566 (28) 447 (27) 119 (35) 345 (25) 83 (35)
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves) (continued)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Some college, technical education 491 (25) 420 (25) 71 (21) 349 (26) 52 (22)
College or graduate degree 323 (16) 310 (19) 13 (4) 294 (22) 13 (6)

Father’s race-ethnicity
Other 107 (5) 96 (6) 11 (3) 82 (6) 11 (5)
Hispanic 672 (34) 556 (34) 116 (34) 464 (34) 74 (31)
Black, non-hispanic 625 (31) 463 (28) 162 (47) 330 (24) 104 (44)
White, non-hispanic 593 (30) 539 (33) 54 (16) 477 (35) 46 (20)

Father’s immigration status
Immigrant 428 (21) 387 (23) 41 (12) 341 (25) 40 (17)
Native 1,569 (79) 1,267 (77) 302 (88) 1,012 (75) 195 (83)

Father lived with both parents as teenager
Yes 1,066 (53) 940 (57) 126 (37) 812 (60) 102 (43)
No 931 (47) 714 (43) 217 (63) 541 (40) 133 (57)

Father’s religiosity
At least once a year 1,122 (56) 964 (58) 158 (46) 808 (60) 123 (52)
Hardly, never 875 (44) 690 (42) 185 (54) 545 (40) 112 (48)

Father suggested/thought about abortion
Yes 280 (14) 200 (12) 80 (23) 145 (11) 41 (17)
No 1,717 (86) 1,454 (88) 263 (77) 1,208 (89) 194 (83)

Father’s last name on birth certificate
Yes 1,931 (97) 1,608 (97) 323 (94) 1,329 (98) 216 (92)
No 66 (3) 46 (3) 20 (6) 24 (2) 19 (8)

Relatives/non-relatives in household (1st wave)
Yes 566 (28) 437 (26) 129 (38) 339 (25) 76 (32)
No 1,431 (72) 1,217 (74) 214 (62) 1,014 (75) 159 (68)

Child lives with siblings from mother side (1st wave)
Yes 1,201 (60) 996 (60) 205 (60) 816 (60) 138 (59)
No 796 (40) 658 (40) 138 (40) 537 (40) 97 (41)
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves) (continued)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Mother’s general health (1st wave)
Fair or poor 131 (7) 105 (6) 26 (8) 81 (6) 18 (8)
Good 1,866 (93) 1,549 (94) 317 (92) 1,272 (94) 217 (92)

Mother had alcohol problems (1st wave)
Yes 39 (2) 26 (2) 13 (4) 19 (1) 4 (2)
No 1,958 (98) 1,628 (98) 330 (96) 1,334 (99) 231 (98)

Father had alcohol problems(1st wave)
Yes 100 (5) 72 (4) 28 (8) 50 (4) 18 (8)
No 1,897 (95) 1,582 (96) 315 (92) 1,303 (96) 217 (92)

Relationship quality between mother and father (after pregnant)
Same 860 (43) 724 (44) 136 (40) 584 (43) 112 (48)
Worse 114 (6) 82 (5) 32 (9) 60 (4) 15 (6)
Better 1,023 (51) 848 (51) 175 (51) 709 (52) 108 (46)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 543 (27) 427 (26) 116 (34) 335 (25) 72 (31)
No 1,454 (73) 1,227 (74) 227 (66) 1,018 (75) 163 (69)

Father was in jail (1st wave)
Yes 28 (1) 13 (1) 15 (4) 9 (1) 2 (1)
No 1,969 (99) 1,641 (99) 328 (96) 1,344 (99) 233 (99)

Public assistance, e.g., TANF or food stamps (1st wave)
Yes 533 (27) 386 (23) 147 (43) 275 (20) 81 (34)
No 1,464 (73) 1,268 (77) 196 (57) 1,078 (80) 154 (66)

Relatives provided financial assistance (1st wave)
Yes 719 (36) 537 (32) 182 (53) 394 (29) 102 (43)
No 1,278 (64) 1,117 (68) 161 (47) 959 (71) 133 (57)

Poverty Categories based on Household income (1st wave)
More than 300% 664 (33) 604 (37) 60 (17) 544 (40) 51 (22)
Btw. 200-299% 342 (17) 290 (18) 52 (15) 237 (18) 39 (17)
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves) (continued)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Btw. 100-199% 475 (24) 373 (23) 102 (30) 295 (22) 63 (27)
Btw. 50-99% 257 (13) 200 (12) 57 (17) 150 (11) 34 (14)
Btw. 0-49% 259 (13) 187 (11) 72 (21) 127 (9) 48 (20)

Equivalized Household income (1st wave)
min 0 0 0 0 0
max 94575.53 94575.53 89974.39 94575.53 89974.39
mean (sd) 23,601.08 (22,582.39) 25,374.93 (23,562.72) 15,047.29 (14,290.23) 27,310.96 (24,424.96) 17,542.13 (17,911.69)
median 15909.9 17320.51 11250.00 19006.58 12374.37

Father’s occupation (1st wave)
White collar, high skill 325 (16) 300 (18) 25 (7) 268 (20) 24 (10)
Services, high skill 562 (28) 465 (28) 97 (28) 369 (27) 75 (32)
Manual blue collar 696 (35) 572 (35) 124 (36) 475 (35) 76 (32)
Other low skill 194 (10) 160 (10) 34 (10) 122 (9) 30 (13)
Self-employed 16 (1) 14 (1) 2 (1) 13 (1) 1 (0)
Unemployed 138 (7) 94 (6) 44 (13) 66 (5) 21 (9)
OLF 66 (3) 49 (3) 17 (5) 40 (3) 8 (3)

Mother worked before having child
Yes 1,619 (81) 1,347 (81) 272 (79) 1,102 (81) 191 (81)
No 378 (19) 307 (19) 71 (21) 251 (19) 44 (19)

Did you change residence since previous wave? (1st wave)
Yes 868 (43) 708 (43) 160 (47) 553 (41) 116 (49)
No 1,129 (57) 946 (57) 183 (53) 800 (59) 119 (51)

Current living situation (1st wave)
Rent 1,255 (63) 998 (60) 257 (75) 776 (57) 171 (73)
Owned house/apt. 742 (37) 656 (40) 86 (25) 577 (43) 64 (27)

Neighborhood safety (1st wave)
Very unsafe 40 (2) 29 (2) 11 (3) 21 (2) 7 (3)
Unsafe 212 (11) 158 (10) 54 (16) 123 (9) 30 (13)
Safe 1,117 (56) 920 (56) 197 (57) 736 (54) 142 (60)
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Table S1: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave
(baseline, 2nd and 3rd waves) (continued)

Full Sample n (%) Stable at W2 Unstable at W2 Stable at W3 Unstable at W3

Very Safe 628 (31) 547 (33) 81 (24) 473 (35) 56 (24)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Baby’s gender assigned at birth
Boy 622 (54) 77 (47) 503 (54) 81 (53) 383 (54) 89 (52)
Girl 521 (46) 87 (53) 429 (46) 72 (47) 332 (46) 81 (48)

Low birth weight
Yes 77 (7) 16 (10) 57 (6) 12 (8) 42 (6) 11 (6)
No 1,066 (93) 148 (90) 875 (94) 141 (92) 673 (94) 159 (94)

Mother’s age
median 28 24 28 24 29 27
mean (sd) 27.59 (6.10) 25.34 (6.12) 28.09 (6.05) 25.72 (6.11) 28.51 (5.95) 27.48 (6.08)

Mother’s education
Less than High-school 268 (23) 60 (37) 200 (21) 49 (32) 145 (20) 36 (21)
High-school or equivalent 279 (24) 41 (25) 213 (23) 45 (29) 148 (21) 51 (30)
Some college, technical education 301 (26) 44 (27) 248 (27) 39 (25) 189 (26) 49 (29)
College or graduate degree 295 (26) 19 (12) 271 (29) 20 (13) 233 (33) 34 (20)

Mother’s race-ethnicity
Other 75 (7) 5 (3) 65 (7) 8 (5) 52 (7) 11 (6)
Hispanic 393 (34) 70 (43) 317 (34) 55 (36) 234 (33) 60 (35)
Black, non-hispanic 234 (20) 56 (34) 177 (19) 42 (27) 134 (19) 37 (22)
White, non-hispanic 441 (39) 33 (20) 373 (40) 48 (31) 295 (41) 62 (36)

Mother’s immigration status
Immigrant 298 (26) 27 (16) 258 (28) 29 (19) 207 (29) 42 (25)
Native 845 (74) 137 (84) 674 (72) 124 (81) 508 (71) 128 (75)

Mother lived with both parents as teenager
Yes 667 (58) 73 (45) 587 (63) 62 (41) 469 (66) 94 (55)
No 476 (42) 91 (55) 345 (37) 91 (59) 246 (34) 76 (45)

Mother’s religiosity
At least once a year 751 (66) 107 (65) 635 (68) 93 (61) 508 (71) 99 (58)
Hardly, never 392 (34) 57 (35) 297 (32) 60 (39) 207 (29) 71 (42)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves) (continued)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Mother was suggested/thought about abortion
No 984 (86) 127 (77) 823 (88) 120 (78) 636 (89) 147 (86)
Yes 159 (14) 37 (23) 109 (12) 33 (22) 79 (11) 23 (14)

Mother drank alcohol during pregnancy
Never 1,028 (90) 149 (91) 843 (90) 137 (90) 646 (90) 152 (89)
Less than one time per month 100 (9) 10 (6) 77 (8) 14 (9) 59 (8) 16 (9)
Several times per month 10 (1) 2 (1) 9 (1) 1 (1) 8 (1) 1 (1)
Several times per week 4 (0) 3 (2) 3 (0) 1 (1) 2 (0) 1 (1)
Every day 1 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Mother smoked during pregnancy
None 1,000 (87) 135 (82) 838 (90) 123 (80) 650 (91) 147 (86)
< 1 pck./day 126 (11) 23 (14) 82 (9) 28 (18) 56 (8) 21 (12)
Btw. < 1 and 2 pck./day 16 (1) 5 (3) 11 (1) 2 (1) 8 (1) 2 (1)
> 2 pck./day 1 (0) 1 (1) 1 (0) 0 (0) 1 (0) 0 (0)

Mother took drugs during pregnancy
Never 1,122 (98) 159 (97) 921 (99) 149 (97) 708 (99) 166 (98)
Less than 1 time per month 16 (1) 3 (2) 9 (1) 2 (1) 6 (1) 3 (2)
Several times per month 3 (0) 1 (1) 1 (0) 2 (1) 1 (0) 0 (0)
Several times per week 1 (0) 0 (0) 1 (0) 0 (0) 0 (0) 1 (1)
Every day 1 (0) 1 (1) 0 (0) 0 (0) 0 (0) 0 (0)

Mother’s score on PPVT test at wave 3
median 93 91 94 92 95 91
mean (sd) 94.02 (13.33) 90.74 (11.96) 94.43 (13.55) 92.38 (12.50) 95.11 (13.68) 92.39 (12.64)

Father’s age
median 30 27 30 27 30 30
mean (sd) 30.05 (6.81) 27.57 (6.65) 30.42 (6.74) 28.76 (7.20) 30.82 (6.75) 29.78 (6.53)

Father’s education
Less than High-school 289 (25) 61 (37) 216 (23) 47 (31) 147 (21) 45 (26)
High-school or equivalent 269 (24) 55 (34) 203 (22) 55 (36) 151 (21) 45 (26)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves) (continued)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Some college, technical education 308 (27) 34 (21) 254 (27) 38 (25) 199 (28) 46 (27)
College or graduate degree 277 (24) 14 (9) 259 (28) 13 (8) 218 (30) 34 (20)

Father’s race-ethnicity
Other 77 (7) 4 (2) 60 (6) 14 (9) 48 (7) 10 (6)
Hispanic 373 (33) 72 (44) 298 (32) 55 (36) 220 (31) 56 (33)
Black, non-hispanic 263 (23) 59 (36) 200 (21) 46 (30) 148 (21) 44 (26)
White, non-hispanic 430 (38) 29 (18) 374 (40) 38 (25) 299 (42) 60 (35)

Father’s immigration status
Immigrant 300 (26) 33 (20) 252 (27) 33 (22) 200 (28) 39 (23)
Native 843 (74) 131 (80) 680 (73) 120 (78) 515 (72) 131 (77)

Father lived with both parents as teenager
Yes 702 (61) 80 (49) 602 (65) 73 (48) 470 (66) 101 (59)
No 441 (39) 84 (51) 330 (35) 80 (52) 245 (34) 69 (41)

Father’s religiosity
At least once a year 686 (60) 99 (60) 574 (62) 79 (52) 445 (62) 99 (58)
Hardly, never 457 (40) 65 (40) 358 (38) 74 (48) 270 (38) 71 (42)

Father suggested/thought about abortion
Yes 112 (10) 27 (16) 88 (9) 17 (11) 67 (9) 15 (9)
No 1,031 (90) 137 (84) 844 (91) 136 (89) 648 (91) 155 (91)

Father’s last name on birth certificate
Yes 1,125 (98) 158 (96) 922 (99) 147 (96) 711 (99) 164 (96)
No 18 (2) 6 (4) 10 (1) 6 (4) 4 (1) 6 (4)

Relatives/non-relatives in household (1st wave)
Yes 269 (24) 53 (32) 207 (22) 47 (31) 145 (20) 45 (26)
No 874 (76) 111 (68) 725 (78) 106 (69) 570 (80) 125 (74)

Child lives with siblings from mother side (1st wave)
Yes 689 (60) 101 (62) 554 (59) 100 (65) 418 (58) 104 (61)
No 454 (40) 63 (38) 378 (41) 53 (35) 297 (42) 66 (39)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves) (continued)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Mother’s general health (1st wave)
Fair or poor 66 (6) 15 (9) 46 (5) 15 (10) 31 (4) 13 (8)
Good 1,077 (94) 149 (91) 886 (95) 138 (90) 684 (96) 157 (92)

Mother had alcohol problems (1st wave)
Yes 15 (1) 3 (2) 9 (1) 3 (2) 5 (1) 3 (2)
No 1,128 (99) 161 (98) 923 (99) 150 (98) 710 (99) 167 (98)

Father had alcohol problems(1st wave)
Yes 39 (3) 8 (5) 30 (3) 5 (3) 22 (3) 3 (2)
No 1,104 (97) 156 (95) 902 (97) 148 (97) 693 (97) 167 (98)

Relationship quality between mother and father (after pregnant)
Same 503 (44) 69 (42) 408 (44) 64 (42) 313 (44) 74 (44)
Worse 43 (4) 14 (9) 32 (3) 9 (6) 24 (3) 7 (4)
Better 597 (52) 81 (49) 492 (53) 80 (52) 378 (53) 89 (52)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 277 (24) 51 (31) 213 (23) 51 (33) 167 (23) 43 (25)
No 866 (76) 113 (69) 719 (77) 102 (67) 548 (77) 127 (75)

Father was in jail (1st wave)
Yes 7 (1) 1 (1) 4 (0) 2 (1) 3 (0) 1 (1)
No 1,136 (99) 163 (99) 928 (100) 151 (99) 712 (100) 169 (99)

Public assistance, e.g., TANF or food stamps (1st wave)
Yes 209 (18) 49 (30) 144 (15) 49 (32) 93 (13) 36 (21)
No 934 (82) 115 (70) 788 (85) 104 (68) 622 (87) 134 (79)

Relatives provided financial assistance (1st wave)
Yes 304 (27) 67 (41) 233 (25) 53 (35) 167 (23) 45 (26)
No 839 (73) 97 (59) 699 (75) 100 (65) 548 (77) 125 (74)

Poverty Categories based on Household income (1st wave)
More than 300% 492 (43) 39 (24) 433 (46) 44 (29) 364 (51) 61 (36)
Btw. 200-299% 191 (17) 36 (22) 165 (18) 18 (12) 114 (16) 43 (25)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves) (continued)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Btw. 100-199% 251 (22) 35 (21) 180 (19) 47 (31) 136 (19) 32 (19)
Btw. 50-99% 117 (10) 30 (18) 92 (10) 21 (14) 65 (9) 20 (12)
Btw. 0-49% 92 (8) 24 (15) 62 (7) 23 (15) 36 (5) 14 (8)

Equivalized Household income (1st wave)
min 0 0 0 0 0.000 1530.931
max 94575.53 89974.39 94575.53 89974.39 94575.53 94575.53
mean (sd) 28,849.71 (25,086.07) 17,991.71 (16,346.87) 31,037.28 (25,904.28) 19,558.24 (19,016.54) 32,957.43 (26,310.14) 27,123.76 (24,486.69)
median 21213.2 15000.0 21250 12500 24537.39 19006.58

Father’s occupation (1st wave)
White collar, high skill 250 (22) 14 (9) 226 (24) 17 (11) 192 (27) 28 (16)
Services, high skill 309 (27) 43 (26) 250 (27) 45 (29) 186 (26) 54 (32)
Manual blue collar 398 (35) 61 (37) 321 (34) 55 (36) 236 (33) 66 (39)
Other low skill 95 (8) 24 (15) 76 (8) 15 (10) 57 (8) 14 (8)
Self-employed 9 (1) 4 (2) 8 (1) 0 (0) 6 (1) 1 (1)
Unemployed 50 (4) 11 (7) 32 (3) 11 (7) 24 (3) 6 (4)
OLF 32 (3) 7 (4) 19 (2) 10 (7) 14 (2) 1 (1)

Mother worked before having child
Yes 925 (81) 139 (85) 744 (80) 129 (84) 574 (80) 137 (81)
No 218 (19) 25 (15) 188 (20) 24 (16) 141 (20) 33 (19)

Did you change residence since previous wave? (1st wave)
Yes 456 (40) 78 (48) 358 (38) 69 (45) 255 (36) 75 (44)
No 687 (60) 86 (52) 574 (62) 84 (55) 460 (64) 95 (56)

Current living situation (1st wave)
Rent 632 (55) 113 (69) 501 (54) 93 (61) 366 (51) 101 (59)
Owned house/apt. 511 (45) 51 (31) 431 (46) 60 (39) 349 (49) 69 (41)

Neighborhood safety (1st wave)
Very unsafe 16 (1) 4 (2) 10 (1) 5 (3) 6 (1) 3 (2)
Unsafe 96 (8) 16 (10) 64 (7) 24 (16) 48 (7) 13 (8)
Safe 620 (54) 96 (59) 506 (54) 82 (54) 383 (54) 95 (56)
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Table S2: Descriptive Statistics for Analytical Variables in the FFCWS at Baseline by Type of Transition at each wave (4th -
6th waves) (continued)

Stable at W4 n (%) Unstable at W4 Stable at W5 Unstable at W5 Stable at W6 Unstable at W6

Very Safe 411 (36) 48 (29) 352 (38) 42 (27) 278 (39) 59 (35)

206



Table S3: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 3

Stable at W3 n (%) Unstable at W3

Relatives/non-relatives in household (1st wave)
Yes 339 (25) 76 (32)
No 1,014 (75) 159 (68)

Relatives/non-relatives in household (2nd wave)
Yes 254 (19) 51 (22)
No 1,099 (81) 184 (78)

Child lives with siblings from mother side (1st wave)
Yes 816 (60) 138 (59)
No 537 (40) 97 (41)

Child lives with siblings from mother side (2nd wave)
Yes 1,239 (92) 186 (79)
No 114 (8) 49 (21)

Multipartner Fertility (2nd wave)
Yes 347 (26) 74 (31)
No 1,006 (74) 161 (69)

Mother’s general health (1st wave)
Fair or poor 81 (6) 18 (8)
Good 1,272 (94) 217 (92)

Mother’s general health (2nd wave)
Fair or poor 135 (10) 34 (14)
Good 1,218 (90) 201 (86)

Mother meets depression criteria (2nd wave)
Yes 146 (11) 36 (15)
No 1,207 (89) 199 (85)

Mother had alcohol problems (1st wave)
Yes 19 (1) 4 (2)
No 1,334 (99) 231 (98)

Mother had alcohol problems (2nd wave)
Yes 9 (1) 5 (2)
No 1,344 (99) 230 (98)

Father had alcohol problems (1st wave)
Yes 50 (4) 18 (8)
No 1,303 (96) 217 (92)

Father had alcohol problems (2nd wave)
Yes 44 (3) 11 (5)
No 1,309 (97) 224 (95)

Change of relationship quality between mother and father (1st wave)
Same 584 (43) 112 (48)
Worse 60 (4) 15 (6)
Better 709 (52) 108 (46)

Relationship quality between mother and father (2nd wave)
Poor 0 (0) 0 (0)
Fair 0 (0) 0 (0)
Good 584 (43) 112 (48)
Very Good 60 (4) 15 (6)
Excellent 709 (52) 108 (46)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 335 (25) 72 (31)
No 1,018 (75) 163 (69)
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Table S3: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 3 (continued)

Stable at W3 n (%) Unstable at W3

Violence against mother, e.g., physical and verbal abuse (2nd wave)
Yes 455 (34) 72 (31)
No 898 (66) 163 (69)

Father was in jail (1st wave)
Yes 9 (1) 2 (1)
No 1,344 (99) 233 (99)

Father was in jail (2nd wave)
Yes 6 (0) 4 (2)
No 1,347 (100) 231 (98)

Public assistance, e.g, TANF or food stamps (1st wave)
Yes 275 (20) 81 (34)
No 1,078 (80) 154 (66)

Public assistance, e.g, TANF or food stamps (2nd wave)
Yes 249 (18) 83 (35)
No 1,104 (82) 152 (65)

Relatives provided financial assistance (1st wave)
Yes 394 (29) 102 (43)
No 959 (71) 133 (57)

Relatives provided financial assistance (2nd wave)
Yes 401 (30) 87 (37)
No 952 (70) 148 (63)

Poverty Categories based on Household income (1st wave)
More than 300% 544 (40) 51 (22)
Btw. 200-299% 237 (18) 39 (17)
Btw. 100-199% 295 (22) 63 (27)
Btw. 50-99% 150 (11) 34 (14)
Btw. 0-49% 127 (9) 48 (20)

Poverty Categories based on Household income (2nd wave)
More than 300% 420 (31) 40 (17)
Btw. 200-299% 250 (18) 48 (20)
Btw. 100-199% 336 (25) 60 (26)
Btw. 50-99% 186 (14) 39 (17)
Btw. 0-49% 161 (12) 48 (20)

Equivalized household income (1st wave)
min 0 0
max 94575.53 89974.39
mean (sd) 27,310.96 (24,424.96) 17,542.13 (17,911.69)
median 19006.58 12374.37

Equivalized household income (2nd wave)
min 0 0
max 288675.1 139718.8
mean (sd) 23,471.78 (23,696.50) 16,242.67 (15,002.24)
median 17441.33 12500.00

Housing wealth (2nd wave)
min -200002 -15000
max 2000002 389000
mean (sd) 32,312.43 (98,235.09) 8,245.77 (34,785.99)
median 0 0

Father’s occupation (1st wave)
White collar, high skill 268 (20) 24 (10)
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Table S3: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 3 (continued)

Stable at W3 n (%) Unstable at W3
Services, high skill 369 (27) 75 (32)
Manual blue collar 475 (35) 76 (32)
Other low skill 122 (9) 30 (13)
Self-employed 13 (1) 1 (0)
Unemployed 66 (5) 21 (9)
OLF 40 (3) 8 (3)

Father’s occupation (2nd wave)
White collar, high skill 338 (25) 26 (11)
Services, high skill 361 (27) 74 (31)
Manual blue collar 419 (31) 74 (31)
Other low skill 88 (7) 29 (12)
Self-employed 0 (0) 0 (0)
Unemployed 95 (7) 19 (8)
OLF 52 (4) 13 (6)

Mother’s occupation (2nd wave)
White collar, high skill 253 (19) 25 (11)
Services, high skill 437 (32) 108 (46)
Manual blue collar 32 (2) 4 (2)
Other low skill 23 (2) 3 (1)
Self-employed 0 (0) 0 (0)
Unemployed 176 (13) 54 (23)
OLF 432 (32) 41 (17)

Did you change residence since previous wave? (1st wave)
Yes 553 (41) 116 (49)
No 800 (59) 119 (51)

Did you change residence since previous wave? (2nd wave)
Yes 511 (38) 118 (50)
No 842 (62) 117 (50)

Current living situation (1st wave)
Rent 776 (57) 171 (73)
Owned house/apt. 577 (43) 64 (27)

Current living situation (2nd wave)
Rent 839 (62) 201 (86)
Owned house/apt. 514 (38) 34 (14)

Neighborhood safety (1st wave)
Very unsafe 21 (2) 7 (3)
Unsafe 123 (9) 30 (13)
Safe 736 (54) 142 (60)
Very Safe 473 (35) 56 (24)

Neighborhood safety (2nd wave)
Very unsafe 22 (2) 7 (3)
Unsafe 120 (9) 25 (11)
Safe 726 (54) 145 (62)
Very Safe 485 (36) 58 (25)
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Table S4: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 4

Stable at W4 n (%) Unstable at W4

Relatives/non-relatives in household (1st wave)
Yes 269 (24) 53 (32)
No 874 (76) 111 (68)

Relatives/non-relatives in household (2nd wave)
Yes 206 (18) 40 (24)
No 937 (82) 124 (76)

Relatives/non-relatives in household (3rd wave)
Yes 171 (15) 29 (18)
No 972 (85) 135 (82)

Child lives with siblings from mother side (1st wave)
Yes 689 (60) 101 (62)
No 454 (40) 63 (38)

Child lives with siblings from mother side (2nd wave)
Yes 1,050 (92) 149 (91)
No 93 (8) 15 (9)

Child lives with siblings from mother side (3rd wave)
Yes 1,016 (89) 143 (87)
No 127 (11) 21 (13)

Multipartner Fertility (2nd wave)
Yes 269 (24) 62 (38)
No 874 (76) 102 (62)

Multipartner Fertility (3rd wave)
Yes 277 (24) 64 (39)
No 866 (76) 100 (61)

Mother’s general health (1st wave)
Fair or poor 66 (6) 15 (9)
Good 1,077 (94) 149 (91)

Mother’s general health (2nd wave)
Fair or poor 104 (9) 20 (12)
Good 1,039 (91) 144 (88)

Mother’s general health (3rd wave)
Fair or poor 100 (9) 20 (12)
Good 1,043 (91) 144 (88)

Mother meets depression criteria (2nd wave)
Yes 114 (10) 27 (16)
No 1,029 (90) 137 (84)

Mother meets depression criteria (3rd wave)
Yes 167 (15) 41 (25)
No 976 (85) 123 (75)

Mother had alcohol problems (1st wave)
Yes 15 (1) 3 (2)
No 1,128 (99) 161 (98)

Mother had alcohol problems (2nd wave)
Yes 7 (1) 1 (1)
No 1,136 (99) 163 (99)

Mother had alcohol problems (3rd wave)
Yes 144 (13) 19 (12)
No 999 (87) 145 (88)

Father had alcohol problems (1st wave)
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Table S4: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 4 (continued)

Stable at W4 n (%) Unstable at W4
Yes 39 (3) 8 (5)
No 1,104 (97) 156 (95)

Father had alcohol problems (2nd wave)
Yes 36 (3) 5 (3)
No 1,107 (97) 159 (97)

Father had alcohol problems (3rd wave)
Yes 260 (23) 33 (20)
No 883 (77) 131 (80)

Change of relationship quality between mother and father (1st wave)
Same 503 (44) 69 (42)
Worse 43 (4) 14 (9)

Relationship quality between mother and father (2nd wave)
Better 597 (52) 81 (49)

Poor 5 (0) 3 (2)
Fair 41 (4) 9 (5)
Good 150 (13) 44 (27)
Very Good 403 (35) 53 (32)
Excellent 544 (48) 55 (34)

Relationship quality between mother and father (3rd wave)
Poor 2 (0) 4 (2)
Fair 37 (3) 16 (10)
Good 180 (16) 46 (28)
Very Good 460 (40) 64 (39)
Excellent 464 (41) 34 (21)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 277 (24) 51 (31)
No 866 (76) 113 (69)

Violence against mother, e.g., physical and verbal abuse (2nd wave)
Yes 374 (33) 68 (41)
No 769 (67) 96 (59)

Violence against mother, e.g., physical and verbal abuse (3rd wave)
Yes 368 (32) 69 (42)
No 775 (68) 95 (58)

Father was in jail (1st wave)
Yes 7 (1) 1 (1)
No 1,136 (99) 163 (99)

Father was in jail (2nd wave)
Yes 5 (0) 1 (1)
No 1,138 (100) 163 (99)

Father was in jail (3rd wave)
Yes 8 (1) 5 (3)
No 1,135 (99) 159 (97)

Public assistance, e.g, TANF or food stamps (1st wave)
Yes 209 (18) 49 (30)
No 934 (82) 115 (70)

Public assistance, e.g, TANF or food stamps (2nd wave)
Yes 183 (16) 56 (34)
No 960 (84) 108 (66)

Public assistance, e.g, TANF or food stamps (3rd wave)
Yes 200 (17) 52 (32)
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Table S4: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 4 (continued)

Stable at W4 n (%) Unstable at W4
No 943 (83) 112 (68)

Relatives provided financial assistance (1st wave)
Yes 304 (27) 67 (41)
No 839 (73) 97 (59)

Relatives provided financial assistance (2nd wave)
Yes 314 (27) 66 (40)
No 829 (73) 98 (60)

Relatives provided financial assistance (3rd wave)
Yes 220 (19) 49 (30)
No 923 (81) 115 (70)

Poverty Categories based on Household income (1st wave)
More than 300% 492 (43) 39 (24)
Btw. 200-299% 191 (17) 36 (22)
Btw. 100-199% 251 (22) 35 (21)
Btw. 50-99% 117 (10) 30 (18)
Btw. 0-49% 92 (8) 24 (15)

Poverty Categories based on Household income (2nd wave)
More than 300% 385 (34) 24 (15)
Btw. 200-299% 208 (18) 35 (21)
Btw. 100-199% 274 (24) 48 (29)
Btw. 50-99% 148 (13) 30 (18)
Btw. 0-49% 128 (11) 27 (16)

Poverty Categories based on Household income (3rd wave)
More than 300% 430 (38) 42 (26)
Btw. 200-299% 204 (18) 30 (18)
Btw. 100-199% 248 (22) 44 (27)
Btw. 50-99% 150 (13) 22 (13)
Btw. 0-49% 111 (10) 26 (16)

Equivalized household income (1st wave)
min 0 0
max 94575.53 89974.39
mean (sd) 28,849.71 (25,086.07) 17,991.71 (16,346.87)
median 21213.2 15000.0

Equivalized household income (2nd wave)
min 0 0
max 288675.1 103923.0
mean (sd) 24,751.29 (24,769.03) 15,854.25 (14,020.82)
median 18158.5 11686.0

Equivalized household income (3rd wave)
min 0 0
max 577349.7 121243.6
mean (sd) 28,638.09 (33,155.21) 19,347.09 (15,711.86)
median 21000.00 16049.84

Housing wealth (2nd wave)
min -200002 -70002
max 2000002 245002
mean (sd) 36,315.76 (105,386.62) 9,102.46 (28,822.08)
median 0 0

Housing wealth (3rd wave)
min -38002 -15000
max 500002 200002
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Table S4: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 4 (continued)

Stable at W4 n (%) Unstable at W4
mean (sd) 40,188.42 (89,074.98) 10,822.05 (27,507.08)
median 0 0

Father’s occupation (1st wave)
White collar, high skill 250 (22) 14 (9)
Services, high skill 309 (27) 43 (26)
Manual blue collar 398 (35) 61 (37)
Other low skill 95 (8) 24 (15)
Self-employed 9 (1) 4 (2)
Unemployed 50 (4) 11 (7)
OLF 32 (3) 7 (4)

Father’s occupation (2nd wave)
White collar, high skill 306 (27) 26 (16)
Services, high skill 304 (27) 45 (27)
Manual blue collar 346 (30) 55 (34)
Other low skill 74 (6) 10 (6)
Self-employed 0 (0) 0 (0)
Unemployed 71 (6) 20 (12)
OLF 42 (4) 8 (5)

Father’s occupation (3rd wave)
White collar, high skill 351 (31) 28 (17)
Services, high skill 253 (22) 32 (20)
Manual blue collar 364 (32) 57 (35)
Other low skill 78 (7) 21 (13)
Self-employed 0 (0) 0 (0)
Unemployed 60 (5) 13 (8)
OLF 37 (3) 13 (8)

Mother’s occupation (2nd wave)
White collar, high skill 229 (20) 18 (11)
Services, high skill 364 (32) 61 (37)
Manual blue collar 23 (2) 8 (5)
Other low skill 21 (2) 1 (1)
Self-employed 0 (0) 0 (0)
Unemployed 127 (11) 38 (23)
OLF 379 (33) 38 (23)

Mother’s occupation (3rd wave)
White collar, high skill 248 (22) 30 (18)
Services, high skill 379 (33) 61 (37)
Manual blue collar 20 (2) 4 (2)
Other low skill 8 (1) 1 (1)
Self-employed 0 (0) 0 (0)
Unemployed 136 (12) 31 (19)
OLF 352 (31) 37 (23)

Did you change residence since previous wave? (1st wave)
Yes 456 (40) 78 (48)
No 687 (60) 86 (52)

Did you change residence since previous wave? (2nd wave)
Yes 410 (36) 77 (47)
No 733 (64) 87 (53)

Did you change residence since previous wave? (3rd wave)
Yes 474 (41) 79 (48)
No 669 (59) 85 (52)
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Table S4: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 4 (continued)

Stable at W4 n (%) Unstable at W4

Current living situation (1st wave)
Rent 632 (55) 113 (69)
Owned house/apt. 511 (45) 51 (31)

Current living situation (2nd wave)
Rent 688 (60) 118 (72)
Owned house/apt. 455 (40) 46 (28)

Current living situation (3rd wave)
Rent 606 (53) 117 (71)
Owned house/apt. 537 (47) 47 (29)

Neighborhood safety (1st wave)
Very unsafe 16 (1) 4 (2)
Unsafe 96 (8) 16 (10)
Safe 620 (54) 96 (59)
Very Safe 411 (36) 48 (29)

Neighborhood safety (2nd wave)
Very unsafe 16 (1) 5 (3)
Unsafe 96 (8) 16 (10)
Safe 603 (53) 98 (60)
Very Safe 428 (37) 45 (27)

Neighborhood safety (3rd wave)
Very unsafe 32 (3) 6 (4)
Unsafe 46 (4) 10 (6)
Safe 79 (7) 17 (10)
Very Safe 986 (86) 131 (80)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5

Stable at W5 n (%) Unstable at W5

Relatives/non-relatives in household (1st wave)
Yes 207 (22) 47 (31)
No 725 (78) 106 (69)

Relatives/non-relatives in household (2nd wave)
Yes 163 (17) 32 (21)
No 769 (83) 121 (79)

Relatives/non-relatives in household (3rd wave)
Yes 126 (14) 35 (23)
No 806 (86) 118 (77)

Relatives/non-relatives in household (4th wave)
Yes 120 (13) 24 (16)
No 812 (87) 129 (84)

Child lives with siblings from mother side (1st wave)
Yes 554 (59) 100 (65)
No 378 (41) 53 (35)

Child lives with siblings from mother side (2nd wave)
Yes 867 (93) 132 (86)
No 65 (7) 21 (14)

Child lives with siblings from mother side (3rd wave)
Yes 841 (90) 126 (82)
No 91 (10) 27 (18)

Child lives with siblings from mother side (4th wave)
Yes 810 (87) 117 (76)
No 122 (13) 36 (24)

Multipartner Fertility (2nd wave)
Yes 196 (21) 57 (37)
No 736 (79) 96 (63)

Multipartner Fertility (3rd wave)
Yes 202 (22) 58 (38)
No 730 (78) 95 (62)

Multipartner Fertility (4th wave)
Yes 216 (23) 59 (39)
No 716 (77) 94 (61)

Mother’s general health (1st wave)
Fair or poor 46 (5) 15 (10)
Good 886 (95) 138 (90)

Mother’s general health (2nd wave)
Fair or poor 83 (9) 16 (10)
Good 849 (91) 137 (90)

Mother’s general health (3rd wave)
Fair or poor 73 (8) 18 (12)
Good 859 (92) 135 (88)

Mother’s general health (4th wave)
Fair or poor 70 (8) 18 (12)
Good 862 (92) 135 (88)

Mother meets depression criteria (2nd wave)
Yes 85 (9) 21 (14)
No 847 (91) 132 (86)

Mother meets depression criteria (3rd wave)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5
Yes 123 (13) 33 (22)
No 809 (87) 120 (78)

Mother meets depression criteria (4th wave)
Yes 103 (11) 26 (17)
No 829 (89) 127 (83)

Mother had alcohol problems (1st wave)
Yes 9 (1) 3 (2)
No 923 (99) 150 (98)

Mother had alcohol problems (2nd wave)
Yes 5 (1) 2 (1)
No 927 (99) 151 (99)

Mother had alcohol problems (3rd wave)
Yes 110 (12) 24 (16)
No 822 (88) 129 (84)

Mother had alcohol problems (4th wave)
Yes 20 (2) 5 (3)
No 912 (98) 148 (97)

Father had alcohol problems (1st wave)
Yes 30 (3) 5 (3)
No 902 (97) 148 (97)

Father had alcohol problems (2nd wave)
Yes 25 (3) 8 (5)
No 907 (97) 145 (95)

Father had alcohol problems (3rd wave)
Yes 206 (22) 40 (26)
No 726 (78) 113 (74)

Father had alcohol problems (4th wave)
Yes 11 (1) 4 (3)
No 921 (99) 149 (97)

Change of relationship quality between mother and father (1st wave)
Same 408 (44) 64 (42)
Worse 32 (3) 9 (6)
Better 492 (53) 80 (52)

Relationship quality between mother and father (2nd wave)
Poor 5 (1) 0 (0)
Fair 28 (3) 9 (6)
Good 110 (12) 31 (20)
Very Good 328 (35) 55 (36)
Excellent 461 (49) 58 (38)

Relationship quality between mother and father (3rd wave)
Poor 0 (0) 1 (1)
Fair 22 (2) 12 (8)
Good 125 (13) 45 (29)
Very Good 378 (41) 58 (38)
Excellent 407 (44) 37 (24)

Relationship quality between mother and father (4th wave)
Poor 6 (1) 7 (5)
Fair 23 (2) 21 (14)
Good 139 (15) 36 (24)
Very Good 353 (38) 50 (33)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5
Excellent 411 (44) 39 (25)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 213 (23) 51 (33)
No 719 (77) 102 (67)

Violence against mother, e.g., physical and verbal abuse (2nd wave)
Yes 304 (33) 49 (32)
No 628 (67) 104 (68)

Violence against mother, e.g., physical and verbal abuse (3rd wave)
Yes 295 (32) 56 (37)
No 637 (68) 97 (63)

Violence against mother, e.g., physical and verbal abuse (4th wave)
Yes 294 (32) 58 (38)
No 638 (68) 95 (62)

Father was in jail (1st wave)
Yes 4 (0) 2 (1)
No 928 (100) 151 (99)

Father was in jail (2nd wave)
Yes 1 (0) 3 (2)
No 931 (100) 150 (98)

Father was in jail (3rd wave)
Yes 4 (0) 4 (3)
No 928 (100) 149 (97)

Father was in jail (4th wave)
Yes 4 (0) 8 (5)
No 928 (100) 145 (95)

Public assistance, e.g, TANF or food stamps (1st wave)
Yes 144 (15) 49 (32)
No 788 (85) 104 (68)

Public assistance, e.g, TANF or food stamps (2nd wave)
Yes 129 (14) 38 (25)
No 803 (86) 115 (75)

Public assistance, e.g, TANF or food stamps (3rd wave)
Yes 147 (16) 38 (25)
No 785 (84) 115 (75)

Public assistance, e.g, TANF or food stamps (4th wave)
Yes 132 (14) 40 (26)
No 800 (86) 113 (74)

Relatives provided financial assistance (1st wave)
Yes 233 (25) 53 (35)
No 699 (75) 100 (65)

Relatives provided financial assistance (2nd wave)
Yes 246 (26) 50 (33)
No 686 (74) 103 (67)

Relatives provided financial assistance (3rd wave)
Yes 164 (18) 37 (24)
No 768 (82) 116 (76)

Relatives provided financial assistance (4th wave)
Yes 184 (20) 42 (27)
No 748 (80) 111 (73)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5

Poverty Categories based on Household income (1st wave)
More than 300% 433 (46) 44 (29)
Btw. 200-299% 165 (18) 18 (12)
Btw. 100-199% 180 (19) 47 (31)
Btw. 50-99% 92 (10) 21 (14)
Btw. 0-49% 62 (7) 23 (15)

Poverty Categories based on Household income (2nd wave)
More than 300% 343 (37) 30 (20)
Btw. 200-299% 170 (18) 28 (18)
Btw. 100-199% 204 (22) 48 (31)
Btw. 50-99% 118 (13) 21 (14)
Btw. 0-49% 97 (10) 26 (17)

Poverty Categories based on Household income (3rd wave)
More than 300% 381 (41) 34 (22)
Btw. 200-299% 162 (17) 32 (21)
Btw. 100-199% 191 (20) 36 (24)
Btw. 50-99% 117 (13) 28 (18)
Btw. 0-49% 81 (9) 23 (15)

Poverty Categories based on Household income (4th wave)
More than 300% 367 (39) 43 (28)
Btw. 200-299% 171 (18) 30 (20)
Btw. 100-199% 206 (22) 42 (27)
Btw. 50-99% 102 (11) 19 (12)
Btw. 0-49% 86 (9) 19 (12)

Equivalized household income (1st wave)
min 0 0
max 94575.53 89974.39
mean (sd) 31,037.28 (25,904.28) 19,558.24 (19,016.54)
median 21250 12500

Equivalized household income (2nd wave)
min 0.0000 662.3233
max 288675.1 178885.4
mean (sd) 26,091.06 (25,548.64) 18,875.92 (20,739.49)
median 19838.70 13097.19

Equivalized household income (3rd wave)
min 0.0000 115.4701
max 577349.7 100000.0
mean (sd) 30,523.89 (35,245.85) 18,981.81 (16,093.22)
median 22500.00 16212.83

Equivalized household income (4th wave)
min 0 0
max 357770.88 86602.54
mean (sd) 31,009.22 (31,888.42) 21,839.15 (16,377.84)
median 23094.73 17888.54

Housing wealth (2nd wave)
min -200002 -19000
max 2000002 750000
mean (sd) 39,044.95 (110,332.70) 26,353.03 (84,658.07)
median 0 0

Housing wealth (3rd wave)
min -38002 -9000
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5
max 500002 500002
mean (sd) 42,235.46 (89,504.43) 32,822.95 (90,532.56)
median 0 0

Housing wealth (4th wave)
min -13000 -3000
max 400002 400002
mean (sd) 37,344.19 (82,750.94) 23,843.16 (73,488.42)
median 0 0

Father’s occupation (1st wave)
White collar, high skill 226 (24) 17 (11)
Services, high skill 250 (27) 45 (29)
Manual blue collar 321 (34) 55 (36)
Other low skill 76 (8) 15 (10)
Self-employed 8 (1) 0 (0)
Unemployed 32 (3) 11 (7)
OLF 19 (2) 10 (7)

Father’s occupation (2nd wave)
White collar, high skill 274 (29) 24 (16)
Services, high skill 240 (26) 51 (33)
Manual blue collar 277 (30) 47 (31)
Other low skill 61 (7) 8 (5)
Self-employed 0 (0) 0 (0)
Unemployed 50 (5) 14 (9)
OLF 30 (3) 9 (6)

Father’s occupation (3rd wave)
White collar, high skill 308 (33) 30 (20)
Services, high skill 214 (23) 30 (20)
Manual blue collar 283 (30) 55 (36)
Other low skill 61 (7) 12 (8)
Self-employed 0 (0) 0 (0)
Unemployed 43 (5) 13 (8)
OLF 23 (2) 13 (8)

Father’s occupation (4th wave)
White collar, high skill 322 (35) 29 (19)
Services, high skill 190 (20) 30 (20)
Manual blue collar 284 (30) 57 (37)
Other low skill 66 (7) 16 (10)
Self-employed 0 (0) 0 (0)
Unemployed 41 (4) 7 (5)
OLF 29 (3) 14 (9)

Mother’s occupation (2nd wave)
White collar, high skill 196 (21) 24 (16)
Services, high skill 297 (32) 46 (30)
Manual blue collar 11 (1) 9 (6)
Other low skill 17 (2) 3 (2)
Self-employed 0 (0) 0 (0)
Unemployed 93 (10) 27 (18)
OLF 318 (34) 44 (29)

Mother’s occupation (3rd wave)
White collar, high skill 219 (23) 22 (14)
Services, high skill 297 (32) 62 (41)
Manual blue collar 14 (2) 6 (4)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5
Other low skill 6 (1) 0 (0)
Self-employed 0 (0) 0 (0)
Unemployed 101 (11) 25 (16)
OLF 295 (32) 38 (25)

Mother’s occupation (4th wave)
White collar, high skill 216 (23) 28 (18)
Services, high skill 340 (36) 69 (45)
Manual blue collar 18 (2) 2 (1)
Other low skill 7 (1) 2 (1)
Self-employed 0 (0) 0 (0)
Unemployed 83 (9) 29 (19)
OLF 268 (29) 23 (15)

Did you change residence since previous wave? (1st wave)
Yes 358 (38) 69 (45)
No 574 (62) 84 (55)

Did you change residence since previous wave? (2nd wave)
Yes 322 (35) 64 (42)
No 610 (65) 89 (58)

Did you change residence since previous wave? (3rd wave)
Yes 372 (40) 75 (49)
No 560 (60) 78 (51)

Did you change residence since previous wave? (4th wave)
Yes 354 (38) 57 (37)
No 578 (62) 96 (63)

Current living situation (1st wave)
Rent 501 (54) 93 (61)
Owned house/apt. 431 (46) 60 (39)

Current living situation (2nd wave)
Rent 546 (59) 98 (64)
Owned house/apt. 386 (41) 55 (36)

Current living situation (3rd wave)
Rent 472 (51) 95 (62)
Owned house/apt. 460 (49) 58 (38)

Current living situation (4th wave)
Rent 539 (58) 113 (74)
Owned house/apt. 393 (42) 40 (26)

Neighborhood safety (1st wave)
Very unsafe 10 (1) 5 (3)
Unsafe 64 (7) 24 (16)
Safe 506 (54) 82 (54)
Very Safe 352 (38) 42 (27)

Neighborhood safety (2nd wave)
Very unsafe 12 (1) 3 (2)
Unsafe 72 (8) 19 (12)
Safe 498 (53) 77 (50)
Very Safe 350 (38) 54 (35)

Neighborhood safety (3rd wave)
Very unsafe 25 (3) 6 (4)
Unsafe 36 (4) 6 (4)
Safe 70 (8) 7 (5)
Very Safe 801 (86) 134 (88)
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Table S5: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 5 (continued)

Stable at W5 n (%) Unstable at W5

Neighborhood safety (4th wave)
Yes 85 (9) 11 (7)
No 847 (91) 142 (93)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6

Stable at W6 n (%) Unstable at W6

Relatives/non-relatives in household (1st wave)
Yes 145 (20) 45 (26)
No 570 (80) 125 (74)

Relatives/non-relatives in household (2nd wave)
Yes 113 (16) 39 (23)
No 602 (84) 131 (77)

Relatives/non-relatives in household (3rd wave)
Yes 84 (12) 29 (17)
No 631 (88) 141 (83)

Relatives/non-relatives in household (4th wave)
Yes 88 (12) 20 (12)
No 627 (88) 150 (88)

Relatives/non-relatives in household (5th wave)
Yes 68 (10) 19 (11)
No 647 (90) 151 (89)

Child lives with siblings from mother side (1st wave)
Yes 418 (58) 104 (61)
No 297 (42) 66 (39)

Child lives with siblings from mother side (2nd wave)
Yes 660 (92) 162 (95)
No 55 (8) 8 (5)

Child lives with siblings from mother side (3rd wave)
Yes 646 (90) 149 (88)
No 69 (10) 21 (12)

Child lives with siblings from mother side (4th wave)
Yes 629 (88) 144 (85)
No 86 (12) 26 (15)

Child lives with siblings from mother side (5th wave)
Yes 563 (79) 120 (71)
No 152 (21) 50 (29)

Multipartner Fertility (2nd wave)
Yes 144 (20) 38 (22)
No 571 (80) 132 (78)

Multipartner Fertility (3rd wave)
Yes 146 (20) 41 (24)
No 569 (80) 129 (76)

Multipartner Fertility (4th wave)
Yes 158 (22) 42 (25)
No 557 (78) 128 (75)

Multipartner Fertility (5th wave)
Yes 163 (23) 45 (26)
No 552 (77) 125 (74)

Mother’s general health (1st wave)
Fair or poor 31 (4) 13 (8)
Good 684 (96) 157 (92)

Mother’s general health (2nd wave)
Fair or poor 61 (9) 17 (10)
Good 654 (91) 153 (90)

Mother’s general health (3rd wave)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6
Fair or poor 48 (7) 17 (10)
Good 667 (93) 153 (90)

Mother’s general health (4th wave)
Fair or poor 57 (8) 9 (5)
Good 658 (92) 161 (95)

Mother’s general health (5th wave)
Fair or poor 69 (10) 21 (12)
Good 646 (90) 149 (88)

Mother meets depression criteria (2nd wave)
Yes 66 (9) 14 (8)
No 649 (91) 156 (92)

Mother meets depression criteria (3rd wave)
Yes 91 (13) 25 (15)
No 624 (87) 145 (85)

Mother meets depression criteria (4th wave)
Yes 76 (11) 21 (12)
No 639 (89) 149 (88)

Mother meets depression criteria (5th wave)
Yes 89 (12) 16 (9)
No 626 (88) 154 (91)

Mother had alcohol problems (1st wave)
Yes 5 (1) 3 (2)
No 710 (99) 167 (98)

Mother had alcohol problems (2nd wave)
Yes 2 (0) 3 (2)
No 713 (100) 167 (98)

Mother had alcohol problems (3rd wave)
Yes 82 (11) 16 (9)
No 633 (89) 154 (91)

Mother had alcohol problems (4th wave)
Yes 15 (2) 3 (2)
No 700 (98) 167 (98)

Mother had alcohol problems (5th wave)
Yes 9 (1) 1 (1)
No 706 (99) 169 (99)

Father had alcohol problems (1st wave)
Yes 22 (3) 3 (2)
No 693 (97) 167 (98)

Father had alcohol problems (2nd wave)
Yes 17 (2) 7 (4)
No 698 (98) 163 (96)

Father had alcohol problems (3rd wave)
Yes 156 (22) 39 (23)
No 559 (78) 131 (77)

Father had alcohol problems (4th wave)
Yes 7 (1) 4 (2)
No 708 (99) 166 (98)

Father had alcohol problems (5th wave)
Yes 11 (2) 7 (4)
No 704 (98) 163 (96)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6

Change of relationship quality between mother and father (1st wave)
Same 313 (44) 74 (44)
Worse 24 (3) 7 (4)
Better 378 (53) 89 (52)

Relationship quality between mother and father (2nd wave)
Poor 4 (1) 1 (1)
Fair 18 (3) 9 (5)
Good 79 (11) 23 (14)
Very Good 259 (36) 58 (34)
Excellent 355 (50) 79 (46)

Relationship quality between mother and father (3rd wave)
Poor 0 (0) 0 (0)
Fair 15 (2) 4 (2)
Good 92 (13) 28 (16)
Very Good 285 (40) 72 (42)
Excellent 323 (45) 66 (39)

Relationship quality between mother and father (4th wave)
Poor 3 (0) 3 (2)
Fair 17 (2) 5 (3)
Good 94 (13) 32 (19)
Very Good 276 (39) 60 (35)
Excellent 325 (45) 70 (41)

Relationship quality between mother and father (5th wave)
Poor 1 (0) 5 (3)
Fair 20 (3) 9 (5)
Good 118 (17) 43 (25)
Very Good 296 (41) 61 (36)
Excellent 280 (39) 52 (31)

Violence against mother, e.g., physical and verbal abuse (1st wave)
Yes 167 (23) 43 (25)
No 548 (77) 127 (75)

Violence against mother, e.g., physical and verbal abuse (2nd wave)
Yes 232 (32) 57 (34)
No 483 (68) 113 (66)

Violence against mother, e.g., physical and verbal abuse (3rd wave)
Yes 224 (31) 59 (35)
No 491 (69) 111 (65)

Violence against mother, e.g., physical and verbal abuse (4th wave)
Yes 225 (31) 61 (36)
No 490 (69) 109 (64)

Violence against mother, e.g., physical and verbal abuse (5th wave)
Yes 187 (26) 52 (31)
No 528 (74) 118 (69)

Father was in jail (1st wave)
Yes 3 (0) 1 (1)
No 712 (100) 169 (99)

Father was in jail (2nd wave)
Yes 1 (0) 0 (0)
No 714 (100) 170 (100)

Father was in jail (3rd wave)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6
Yes 4 (1) 0 (0)
No 711 (99) 170 (100)

Father was in jail (4th wave)
Yes 3 (0) 1 (1)
No 712 (100) 169 (99)

Father was in jail (5th wave)
Yes 1 (0) 0 (0)
No 714 (100) 170 (100)

Public assistance, e.g, TANF or food stamps (1st wave)
Yes 93 (13) 36 (21)
No 622 (87) 134 (79)

Public assistance, e.g, TANF or food stamps (2nd wave)
Yes 85 (12) 32 (19)
No 630 (88) 138 (81)

Public assistance, e.g, TANF or food stamps (3rd wave)
Yes 96 (13) 37 (22)
No 619 (87) 133 (78)

Public assistance, e.g, TANF or food stamps (4th wave)
Yes 93 (13) 27 (16)
No 622 (87) 143 (84)

Public assistance, e.g, TANF or food stamps (5th wave)
Yes 143 (20) 52 (31)
No 572 (80) 118 (69)

Relatives provided financial assistance (1st wave)
Yes 167 (23) 45 (26)
No 548 (77) 125 (74)

Relatives provided financial assistance (2nd wave)
Yes 193 (27) 42 (25)
No 522 (73) 128 (75)

Relatives provided financial assistance (3rd wave)
Yes 129 (18) 31 (18)
No 586 (82) 139 (82)

Relatives provided financial assistance (4th wave)
Yes 139 (19) 39 (23)
No 576 (81) 131 (77)

Relatives provided financial assistance (5th wave)
Yes 157 (22) 41 (24)
No 558 (78) 129 (76)

Poverty Categories based on Household income (1st wave)
More than 300% 364 (51) 61 (36)
Btw. 200-299% 114 (16) 43 (25)
Btw. 100-199% 136 (19) 32 (19)
Btw. 50-99% 65 (9) 20 (12)
Btw. 0-49% 36 (5) 14 (8)

Poverty Categories based on Household income (2nd wave)
More than 300% 295 (41) 41 (24)
Btw. 200-299% 125 (17) 36 (21)
Btw. 100-199% 140 (20) 52 (31)
Btw. 50-99% 89 (12) 21 (12)
Btw. 0-49% 66 (9) 20 (12)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6

Poverty Categories based on Household income (3rd wave)
More than 300% 318 (44) 52 (31)
Btw. 200-299% 122 (17) 34 (20)
Btw. 100-199% 144 (20) 38 (22)
Btw. 50-99% 76 (11) 31 (18)
Btw. 0-49% 55 (8) 15 (9)

Poverty Categories based on Household income (4th wave)
More than 300% 302 (42) 55 (32)
Btw. 200-299% 128 (18) 35 (21)
Btw. 100-199% 151 (21) 43 (25)
Btw. 50-99% 78 (11) 18 (11)
Btw. 0-49% 56 (8) 19 (11)

Poverty Categories based on Household income (5th wave)
More than 300% 299 (42) 52 (31)
Btw. 200-299% 122 (17) 24 (14)
Btw. 100-199% 156 (22) 59 (35)
Btw. 50-99% 77 (11) 24 (14)
Btw. 0-49% 61 (9) 11 (6)

Equivalized household income (1st wave)
min 0.000 1530.931
max 94575.53 94575.53
mean (sd) 32,957.43 (26,310.14) 27,123.76 (24,486.69)
median 24537.39 19006.58

Equivalized household income (2nd wave)
min 1.732051 167.381799
max 288675.1 200000.0
mean (sd) 27,760.63 (26,388.27) 21,875.19 (23,094.84)
median 20581.30 15876.08

Equivalized household income (3rd wave)
min 0.0000 604.6328
max 577349.7 175000.0
mean (sd) 32,854.49 (38,112.39) 24,002.83 (22,173.02)
median 24494.90 18592.25

Equivalized household income (4th wave)
min 0 0
max 357770.9 200000.0
mean (sd) 33,005.43 (33,877.82) 26,338.48 (24,334.47)
median 24596.75 20576.42

Equivalized household income (5th wave)
min -1.341641 0.000000
max 450000 300000
mean (sd) 36,271.92 (36,168.65) 28,846.40 (29,768.30)
median 27280.03 20268.51

Housing wealth (2nd wave)
min -200002 -30002
max 2000002 600000
mean (sd) 44,106.27 (119,000.49) 22,011.24 (69,615.42)
median 0 0

Housing wealth (3rd wave)
min -9000 -38002
max 500002 500000
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6
mean (sd) 47,462.43 (94,566.75) 25,617.08 (63,626.02)
median 0 0

Housing wealth (4th wave)
min -13000 -13000
max 400002 400002
mean (sd) 40,446.08 (86,051.76) 28,046.13 (71,092.92)
median 0 0

Housing wealth (5th wave)
min -300002 -300002
max 3000002 1200002
mean (sd) 115,198.68 (234,243.98) 69,250.06 (152,705.71)
median 33000 0

Father’s occupation (1st wave)
White collar, high skill 192 (27) 28 (16)
Services, high skill 186 (26) 54 (32)
Manual blue collar 236 (33) 66 (39)
Other low skill 57 (8) 14 (8)
Self-employed 6 (1) 1 (1)
Unemployed 24 (3) 6 (4)
OLF 14 (2) 1 (1)

Father’s occupation (2nd wave)
White collar, high skill 230 (32) 33 (19)
Services, high skill 179 (25) 54 (32)
Manual blue collar 210 (29) 48 (28)
Other low skill 45 (6) 13 (8)
Self-employed 0 (0) 0 (0)
Unemployed 34 (5) 14 (8)
OLF 17 (2) 8 (5)

Father’s occupation (3rd wave)
White collar, high skill 245 (34) 57 (34)
Services, high skill 175 (24) 30 (18)
Manual blue collar 204 (29) 57 (34)
Other low skill 46 (6) 12 (7)
Self-employed 0 (0) 0 (0)
Unemployed 31 (4) 9 (5)
OLF 14 (2) 5 (3)

Father’s occupation (4th wave)
White collar, high skill 266 (37) 46 (27)
Services, high skill 143 (20) 41 (24)
Manual blue collar 207 (29) 59 (35)
Other low skill 51 (7) 9 (5)
Self-employed 0 (0) 0 (0)
Unemployed 27 (4) 8 (5)
OLF 21 (3) 7 (4)

Father’s occupation (5th wave)
White collar, high skill 258 (36) 40 (24)
Services, high skill 151 (21) 35 (21)
Manual blue collar 203 (28) 46 (27)
Other low skill 35 (5) 14 (8)
Self-employed 0 (0) 0 (0)
Unemployed 45 (6) 25 (15)
OLF 23 (3) 10 (6)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6

Mother’s occupation (2nd wave)
White collar, high skill 159 (22) 32 (19)
Services, high skill 229 (32) 54 (32)
Manual blue collar 10 (1) 1 (1)
Other low skill 15 (2) 1 (1)
Self-employed 0 (0) 0 (0)
Unemployed 63 (9) 22 (13)
OLF 239 (33) 60 (35)

Mother’s occupation (3rd wave)
White collar, high skill 176 (25) 38 (22)
Services, high skill 225 (31) 58 (34)
Manual blue collar 10 (1) 3 (2)
Other low skill 5 (1) 1 (1)
Self-employed 0 (0) 0 (0)
Unemployed 63 (9) 24 (14)
OLF 236 (33) 46 (27)

Mother’s occupation (4th wave)
White collar, high skill 175 (24) 33 (19)
Services, high skill 251 (35) 74 (44)
Manual blue collar 13 (2) 4 (2)
Other low skill 6 (1) 0 (0)
Self-employed 0 (0) 0 (0)
Unemployed 56 (8) 17 (10)
OLF 214 (30) 42 (25)

Mother’s occupation (5th wave)
White collar, high skill 219 (31) 46 (27)
Services, high skill 233 (33) 64 (38)
Manual blue collar 18 (3) 3 (2)
Other low skill 7 (1) 1 (1)
Self-employed 0 (0) 0 (0)
Unemployed 65 (9) 23 (14)
OLF 173 (24) 33 (19)

Did you change residence since previous wave? (1st wave)
Yes 255 (36) 75 (44)
No 460 (64) 95 (56)

Did you change residence since previous wave? (2nd wave)
Yes 226 (32) 76 (45)
No 489 (68) 94 (55)

Did you change residence since previous wave? (3rd wave)
Yes 277 (39) 71 (42)
No 438 (61) 99 (58)

Did you change residence since previous wave? (4th wave)
Yes 261 (37) 77 (45)
No 454 (63) 93 (55)

Did you change residence since previous wave? (5th wave)
Yes 277 (39) 78 (46)
No 438 (61) 92 (54)

Current living situation (1st wave)
Rent 366 (51) 101 (59)
Owned house/apt. 349 (49) 69 (41)

Current living situation (2nd wave)
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Table S6: Descriptive Statistics for Time-varying Analytical Variables in the
FFCWS at Wave 6 (continued)

Stable at W6 n (%) Unstable at W6
Rent 395 (55) 113 (66)
Owned house/apt. 320 (45) 57 (34)

Current living situation (3rd wave)
Rent 338 (47) 101 (59)
Owned house/apt. 377 (53) 69 (41)

Current living situation (4th wave)
Rent 405 (57) 101 (59)
Owned house/apt. 310 (43) 69 (41)

Current living situation (5th wave)
Rent 313 (44) 92 (54)
Owned house/apt. 402 (56) 78 (46)

Neighborhood safety (1st wave)
Very unsafe 6 (1) 3 (2)
Unsafe 48 (7) 13 (8)
Safe 383 (54) 95 (56)
Very Safe 278 (39) 59 (35)

Neighborhood safety (2nd wave)
Very unsafe 6 (1) 4 (2)
Unsafe 51 (7) 18 (11)
Safe 381 (53) 90 (53)
Very Safe 277 (39) 58 (34)

Neighborhood safety (3rd wave)
Very unsafe 17 (2) 8 (5)
Unsafe 27 (4) 7 (4)
Safe 52 (7) 16 (9)
Very Safe 619 (87) 139 (82)

Neighborhood safety (4th wave)
Yes 59 (8) 21 (12)
No 656 (92) 149 (88)

Neighborhood safety (5th wave)
Yes 80 (11) 27 (16)
No 635 (89) 143 (84)
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Table S7: Descriptive Statistics by Parents’ Socioeconomic Status, NEPS SC1

All Socioeconomic Status Latent Classes

n (%) Very Low (N = 221) Low (N = 553) Medium (N = 261) High (N = 857)

Baby’s gender assigned at birth
Boy 981 (52) 117 (53) 293 (53) 145 (56) 426 (50)
Girl 911 (48) 104 (47) 260 (47) 116 (44) 431 (50)

Birth Order
First 631 (33) 57 (26) 161 (29) 101 (39) 312 (36)
Second or later 1,261 (67) 164 (74) 392 (71) 160 (61) 545 (64)

Premature birth
Yes 112 (6) 16 (7) 29 (5) 13 (5) 54 (6)
No 1,780 (94) 205 (93) 524 (95) 248 (95) 803 (94)

Low birthweight (< 2500g)
Yes 108 (6) 20 (9) 30 (5) 12 (5) 46 (5)
No 1,784 (94) 201 (91) 523 (95) 249 (95) 811 (95)

Smoke while pregnant
Yes, regularly, now and then 194 (10) 112 (51) 62 (11) 6 (2) 14 (2)
No, never 1,698 (90) 109 (49) 491 (89) 255 (98) 843 (98)

Drank alcohol while pregnant
Yes, regularly, now and then 129 (7) 10 (5) 30 (5) 16 (6) 73 (9)
No, never 1,763 (93) 211 (95) 523 (95) 245 (94) 784 (91)

Months breastfed
Not breastfed 212 (11) 75 (34) 76 (14) 15 (6) 46 (5)
Btw. 1-3 months 284 (15) 71 (32) 117 (21) 25 (10) 71 (8)
Btw. 4-6 months 1,135 (60) 61 (28) 302 (55) 165 (63) 607 (71)
More than 6 months 261 (14) 14 (6) 58 (10) 56 (21) 133 (16)

Mother’s feelings of depression
Never 670 (35) 49 (22) 182 (33) 87 (33) 352 (41)
Seldom 723 (38) 78 (35) 211 (38) 111 (43) 323 (38)
Sometimes 355 (19) 61 (28) 114 (21) 50 (19) 130 (15)
Often/always 144 (8) 33 (15) 46 (8) 13 (5) 52 (6)

Mother’s age
Mean (sd) 32.46 (5.11) 27.43 (5.81) 31.18 (4.99) 32.43 (4.24) 34.59 (3.92)
Median 32 27 31 32 34

Family structure at birth
Two biological parent 1,717 (91) 122 (55) 519 (94) 231 (89) 845 (99)
Two parents (stepfather) 16 (1) 5 (2) 6 (1) 0 (0) 5 (1)
Lone mother 159 (8) 94 (43) 28 (5) 30 (11) 7 (1)
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Table S7: Descriptive Statistics by Parents’ Socioeconomic Status, NEPS SC1 (continued)

All Socioeconomic Status Latent Classes

n (%) Very Low (N = 221) Low (N = 553) Medium (N = 261) High (N = 857)

Family owns house they live in
Yes 815 (43) 9 (4) 238 (43) 59 (23) 509 (59)
No 1,077 (57) 212 (96) 315 (57) 202 (77) 348 (41)

Residence location in Germany
East 505 (27) 113 (51) 143 (26) 123 (47) 126 (15)
West 1,387 (73) 108 (49) 410 (74) 138 (53) 731 (85)

Cultural capital index
Mean (sd) 8.69 (2.98) 7.21 (2.18) 8.02 (2.58) 9.64 (3.11) 9.22 (3.13)
Median 8 7 7 9 9

Number of adults in household
One 140 (7) 83 (38) 22 (4) 28 (11) 7 (1)
Two 1,694 (90) 126 (57) 502 (91) 230 (88) 836 (98)
More than two 58 (3) 12 (5) 29 (5) 3 (1) 14 (2)

ELFRA-2P wave 3 sum score
Mean (sd) 147.42 (63.80) 105.00 (66.20) 142.25 (66.59) 157.57 (58.01) 158.60 (57.85)
Median 158 99 153 167 166

PPVT-4 wave 4 sum score
Mean (sd) 49.11 (28.25) 37.37 (27.09) 46.29 (27.84) 52.42 (28.45) 52.94 (27.74)
Median 55 39 52 60 58

PPVT-4 wave 6 sum score
Mean (sd) 83.92 (22.36) 71.05 (21.68) 80.54 (22.21) 86.29 (23.00) 88.69 (20.75)
Median 84 72 80 85 89

Note: NEPS-SC1. Own calculations.
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Clarifications on causal mediation analysis

The casual mediation analysis I am using in the paper is suited for the case

of a single exposure (SES), whose total effect on an outcome (Y ), goes

through multiple sequential mediators (MP ,M I ,MS). To deal with

mediator-outcome confounders affected by exposure, and other confounders,

I employ the g-formula approach. Following the diagram in Figure 1 in the

paper, this approach relies on the estimation of a series of models: an

outcome regression for the language skills of children at a given age

(Y = f(SES,M,C,CM )); various mediator regressions of parenting

mechanisms (MD = gD(SES,C,CM ) for each of the D parenting

dimensions (P, I, or S) – and more precisely each of the mediators that are

being considered); and regressions for mediator-outcome confounders

affected by the exposure (CM = wl(SES,C) for each exposure-induced

confounder l affected by exposure SES), where f , gm and wl are functions

to be estimated. These functions are estimated via generalized linear

models, adjusted to each type of dependent variable (i.e., linear, binary, or

ordinal). After estimating these models, and based on its predictions, the

g-formula is applied to obtain the counterfactual outcomes and compute the

respective randomized direct and indirect effects. In the paper, I have

outcomes at three time points, Y1, Y2, and Y3, hence, for later outcomes, all

the in-between mediators and exposure-induced confounders, early, middle,

and late, are used to compute the counterfactual distribution. In this sense,

the hypothetical intervention corresponds to a sustained intervention, not

just a one point in time. Therefore, for later outcomes, the mediating

mechanisms become more complex, involving early and later mediators. In

the models, I include all parenting mediators that have taken place before

the measurement of the outcome, and adjust for all observed potential

exposure induced confounders in between, as described in the main paper.
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Robustness check employing mother’s edudcational attainment

instead of latent class approach to SES
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Figure S 1: Interventional/Randomized mediation effects by maternal educa-
tion (ISCED) on language skills at three time points with respect to mothers
with university education
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Supplementary Materials - Chapter 5

Sample Descriptive Statistics

Descriptive statistics of samples used in the paper are shown in Table S7

and S8.

Latent Class Analysis for the Social Class Structure

Latent class analysis (LCA) was used to identify homogeneous groups in the

data using three widely used socioeconomic characteristics: a) the

educational level of mother and father; b) the occupations of mother and

father classified by the occupational class structure of Eriksson and

Goldthorpe (see Evans 1992); and c) the monthly household adjusted

income level as reported by the child’s parents. These characteristics are

associated to socioeconomic status (SES), an unobservable variable. An

inductive or formative model is used to estimate SES, as in latent class

analysis following the work of Savage et al. (2013). Although researchers

tend to associate an order among the set of latent classes, these classes

constitute different categories without an intrinsic order. An assumption in

LCA is that the different variables making up the latent classes are assumed

to be conditionally independent given that the observations, in this case

children, belong to the same class. The number of groups or classes was

chosen based on statistical criteria, given that no theoretical number of SES

strata is acknowledged. The model with 4 latent classes was chosen as

providing the best fit (results not shown). As seen in Table 10, classification

in four groups was still interpretable. Low-SES (Class 4) are children whose

parents are mostly low educated, have low occupational attainment and are

in the low category of household income. The most relevant group of

contrast is against children with highly educated parents, high ranking

occupations and a high household income (class 2), which serves as the
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reference category in all analysis in the paper.

Parametric Item Response Theory (PIRT): partial credit model

for polytomous item responses

This section presentes the results of the traditional validation framework

following the Standards for Educational and Psychological Testing

(Association, Association, and Measurement in Education 2014). Table S11

shows the frequency distribution of responses to each of the items

composing the test, and percentage of missing values. None of the items has

low variance or a substantial percentage of missing values. At this stage, all

items can be considered for the next analysis. The polychoric correlation

shown in Figure S2 suggests that inter-item correlations are on the middle

to low range, although some negative correlations were also found Not all

items vary in the same direction, as would be expected from a mathematics

test, unless skill in some types of questions is negatively associated to others,

which seems implausible. These items were however not excluded at this

stage. For reliability, coefficients α, Guttman’s λ2, and hierarchical ωh are

computed (Revelle and Zinbarg 2009). Coefficients Omega hierarchical ωh =

0.797, Cronbach’s α = 0.874 and Guttman’s λ6 = 0.764 show high values.

In addition, inter-item correlations, as well as drop-item reliabilities, are

computed to examine internal reliability. Inter-item and drop-item statistics

presented in Table S12 indicate sufficient internal reliability of the

mathematics scale built out of these 20 items.

An exploration of the underlying structure present in the data is obtained by

computing EFA, CFA and structural equation models (SEM). For the EFA,

I chose a larger number of hypothesized factors in the mathematics test in

order to compare the fit of different solutions. I then used parallel analysis,

Very Simple Structure (VSS) criteria and the Velicer MAP criterion to

compare solutions of varying complexity. The solution with one factor was
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selected and then estimated using CFA, and the fit of the model is assessed

through the Normed Fit Index (NFI), Non-Normed Fit Index (NNFI),

Comparative Fit Index (CFI), and root mean square error of approximation

(RMSEA), all of which are used to assess the global fit of latent variable

models. Results of the exploratory factor analysis are shown in Table S13.

These suggests, according to the different criteria, that a one factor

corresponds to the best solution. This was followed by the estimation of a

confirmatory maximum likelihood two-bifactor model (Chalmers 2012). For

this I used the M2 statistic; RMSEA; the Standardized Root Mean Square

Residual (SRMSR); the Tucker Lewis index (TLI); and again the CFI. As

shown in Table S14 and S15, taken together, the items in the mathematics

test have appropriate fit indices according to typical CFA and the bi-factor

model criteria, substantiating the claim that items are measuring the

unidimensional underlying construct of mathematics ability in children.

The partial credit model for polytomous item responses was fitted to the

mathematics test data. As shown in Table S16, the model provides

estimates of item location and category threshold parameters (Thorpe and

Favia 2012). The fit of the model show convergence problems, which are

possibly caused by item r14s not fitting the assumptions of the model; the

probability of answering 2 out of 3 correct options in this item is never

above 50% for some levels of ability. A transformation of this item to a

dichotomous one generates the same output as found by Petersen and

Gerken (2018). This might be the reason why in Petersen and Gerken

(2018) this variable was recoded as dichotomous before fitting the model

that was used to compute the NEPS SC1 mathematics ability estimates.

Additionally, these properties can be analyzed following the nonparametric

item response theory. In it, unidimensionality claims that manifest

responses to items are caused by one single attribute, construct or skill.

Unidimensionality is assumed by the three standardized tests. Most IRT

237



models assume unidimensionality too, and even though multidimensional

IRT modes exist, their use is rare. No unique method to assess

unidimensionality exists, but in the traditional validation framework the

examination of factor loadings and eigenvalues generated by EFA is

considered sufficient. The monotone homogeneity model (MHM), however,

assess dimensionality of a scale by examining the behavior of a family of

scalability coefficients—the Hjk, Hj and H coefficients (Sijtsma and Ark

2016, 145)—as the requirement to conform a scale of weak, medium or

strong association is explored. The automatic item selection procedure

(AISP) with the genetic algorithm has been shown to perform better in

simulation studies to examine structure, though there are some limitations

when seeking to discover an underlying structure, as explained in Straat,

Van der Ark, and Sijtsma (2013) through a simulation study. The

assumption of monotonicity in this MHM model refers to the item step

response function (ISRF). A monotonic ISRF refers to P(Yj ≥ yj |Y θ) being

a non decreasing on the latent attribute Y θ for all j items. As the construct

increases, the probability of correctly answering an item should be higher

and likewise more difficult items should require higher values of ability.

Number of violations of monotonicity assumption are presented. Local

Independence refers Conditioning on the attribute Y θ, items j, k are

independent for all pairs (j, k)). The indices W1 and W3 present items

flagged for local independence violations. Invariant Item Ordering: This

property does not correspond to the MHM, but to the double homogeneity

model. It states that all items are scored in the same order by all

individuals responding to the test, at all levels of ability. This was assessed

by the HT coefficient.

The progression of the mathematics scale by increasing the threshold ψ as

shown in supplementary materiales Table S17 revealed that 7 items are

unscalable and 2 items belong to another scale. No items were found to
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have Hj < 0, but inter-item scalibility coefficients Hjk < 0 were present, as

well as monotonicity and local independence violations. Finally, Guttman

errors, which measure the extent to which items may behave as in a

unidimensional series, meaning that harder items are only answered if the

eassier items have also been correctly answer. On the basis of the outlier

score G+, which is discussed in Sijtsma and Ark (2016), the distribution of

children and number of Guttman errors is presented in a plot for the

original J items and the subset of items conforming to a Mokken scale.

Figure 3 presents the distribution of Guttmann errors for the full and the

MKS scales; these contain a considerable number of Guttman errors, but

the MKS shows considerably fewer ones.

Tables and Figures

Tables
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Table S8: Sample Descriptive Statistics Complete Cases in NEPS SC1 5th Wave

ELFRA-2 Productive at Wave 3 PPVT-4 at Wave 4 Mathematics Test at Wave 5
Variable Categories N % Mean Median Min. Max. Mean Median Min. Max. Mean Median Min. Max.
Preterm birth Full-term 1122 93.81 152 161 2 260 48.4 54.0 0 116 0.054 0.048 -3.56 3.19

Preterm 74 6.19 142 156 14 251 47.1 51.0 2 108 -0.067 -0.016 -3.56 3.19
Gender Boy 565 47.24 144 155 4 260 48.7 55.0 0 112 -0.042 -0.010 -3.56 3.19

Girl 631 52.76 158 167 2 260 48.0 53.0 0 116 0.125 0.108 -3.56 3.19
Migration Background No Migration Background 1101 92.06 155 164 4 260 49.6 56.0 0 116 0.080 0.086 -3.56 3.19

With migration background 95 7.94 112 121 2 260 33.5 34.0 2 77 -0.342 -0.303 -2.27 1.78
Social Class SES Class 1 268 22.41 150 156 6 260 49.7 56.0 0 112 0.093 0.089 -2.35 3.19

SES Class 2 539 45.07 162 172 6 260 51.6 59.0 0 116 0.229 0.229 -2.99 3.19
SES Class 3 299 25.00 147 158 2 260 45.8 50.0 0 100 -0.088 -0.117 -3.33 2.06
SES Class 4 90 7.53 109 102 7 260 33.6 35.5 0 83 -0.743 -0.935 -3.56 1.84

Total - 1196 100.00 152 160 2 260 48.3 54.0 0 116 0.046 0.038 -3.56 3.19
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Table S9: Sample Descriptive Statistics Complete Cases by Standardized Test in NEPS SC1

ELFRA-2 Productive at Wave 3 PPVT-4 at Wave 4 Mathematics Test at Wave 5
Variable Categories N % Mean Median Min. Max. N % Mean Median Min. Max. N % Mean Median Min. Max.
Preterm birth Full-term 1997 93.8 141.0 151 0 260 1580 94.1 46.5 52.0 0 121 1729 94.28 -0.001 0.012 -3.56 3.19

Preterm 132 6.2 124.1 133 1 251 99 5.9 42.9 47.0 0 108 105 5.72 -0.196 -0.137 -3.56 3.19
Gender Boy 1061 49.8 131.1 144 0 260 820 48.8 45.8 52.0 0 121 905 49.35 -0.092 -0.071 -3.56 3.19

Girl 1068 50.2 148.8 158 1 260 859 51.2 46.8 52.0 0 116 929 50.65 0.066 0.094 -3.56 3.19
Migration Background No Migration Background 1892 88.9 146.1 157 0 260 1503 89.5 48.1 54.0 0 121 1634 89.09 0.041 0.053 -3.56 3.19

With migration background 237 11.1 91.0 82 0 260 176 10.5 30.9 31.5 0 86 200 10.90 -0.442 -0.390 -3.31 2.53
Social Class SES Class 1 459 21.6 145.2 153 5 260 365 21.7 47.8 54.0 0 112 408 22.25 0.066 0.065 -2.66 3.19

SES Class 2 851 40.0 156.8 167 2 260 700 41.7 51.0 58.0 0 117 759 41.38 0.209 0.207 -2.99 3.19
SES Class 3 562 26.4 130.0 140 0 260 432 25.7 43.4 47.0 0 121 487 26.55 -0.152 -0.137 -3.33 2.53
SES Class 4 257 12.1 96.9 88 1 260 182 10.8 32.3 34.0 0 98 180 9.81 -0.741 -0.863 -3.56 1.84

Total - 2129 100.0 140.0 151 0 260 1679 100.0 46.3 52.0 0 121 1834 100.00 -0.012 0.002 -3.56 3.19
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Table S10: Latent Class Analysis for Social Class Structure in NEPS SC1 Cohort at Wave 1

Latent Classes
Variable Categories Class 1 Class 2 Class 3 Class 4
Mother’s educational level No degree or vocational/voluntary degree (Haupt-, Real-, Volksschulabschluss) 2.32 0.00 2.79 51.52

Technical/applied or Civil Servant 33.94 6.11 48.97 39.46
Technical Degree (Fachhochschulreife) 47.57 10.30 34.73 8.86
University Education 16.17 83.59 13.50 0.17

Father’s educational level No degree or vocational/voluntary degree (Haupt-, Real-, Volksschulabschluss 1.36 0.31 6.61 45.73
Technical/applied or Civil Servant 16.51 8.91 71.24 46.52
Technical Degree (Fachhochschulreife) 39.31 8.20 22.16 5.21
University Education 42.82 82.58 0.00 2.55

Mother’s EGP occupational class I and II 44.40 93.15 48.64 9.45
IIIa and IIIb 45.69 5.15 40.91 50.19
IVa, IVb and IVc 3.59 1.43 1.64 2.31
V and VI 2.84 0.27 6.04 9.43
VIIa and VIIb 3.48 0.00 2.78 28.63

Father’s EGP occupational class I and II 78.04 95.48 23.20 9.65
IIIa and IIIb 11.41 2.08 16.89 11.56
IVa, IVb and IVc 7.29 1.90 4.64 4.94
V and VI 0.00 0.41 36.95 23.86
VIIa and VIIb 3.26 0.13 18.32 50.00

Household adjusted monthly income in 2012 EUR (0,1160] 15.02 7.36 28.94 80.44
(1160,1620] 24.80 13.69 44.61 17.12
(1620,2019] 34.11 29.49 23.47 1.62
(2190,16200] 26.07 49.46 2.99 0.82
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Figure S 2: Polychoric Correlation for Mathematics Test Items

Table S11: Mathematics Test Items

Missing Incorrect or Wrong Correct: Right answer | 1 out of 3 Correct: 2 out of 3 Correct: 3 out of 3
n % n % n % n % n %

z17s 0 0.00 575 27.38 440 21.72 615 30.5 410 20.4
z021 0 0.00 948 45.94 1092 54.06 - - - -
v181 0 0.00 1350 66.05 690 33.95 - - - -
z161 3 0.15 649 31.24 1388 68.76 - - - -
r14s 6 0.29 105 4.76 293 14.44 302 14.9 1334 65.9
d191 8 0.39 1040 51.10 992 48.90 - - - -
z051 10 0.49 1383 68.00 647 32.00 - - - -
g151 10 0.49 578 28.44 1452 71.56 - - - -
r131 12 0.59 1369 67.35 659 32.65 - - - -
g111 15 0.74 1749 86.36 276 13.64 - - - -
z121 16 0.78 292 14.14 1732 85.86 - - - -
v041 21 1.03 1358 67.05 661 32.95 - - - -
z081 21 1.03 1893 93.73 126 6.27 - - - -
d091 23 1.13 199 9.83 1818 90.17 - - - -
z201 26 1.27 1236 61.33 778 38.67 - - - -
g101 29 1.42 394 19.56 1617 80.44 - - - -
z011 29 1.42 1374 68.20 637 31.80 - - - -
r071 43 2.11 991 49.55 1006 50.45 - - - -
d031 31 1.52 1422 70.71 587 29.29 - - - -
v061 32 1.57 1138 56.67 870 43.33 - - - -

243



Table S12: Internal Reliability Coefficients for Mathematics Test Items

Cronbach’s Alpha Guttman’s Lambda 6 Average interitem cor. Median interitem cor. Cor. with score (corrected) Drop item cor.
z17s 0.865 0.919 0.252 0.240 0.614 0.552
z021 0.863 0.925 0.250 0.238 0.654 0.597
v181 0.871 0.975 0.263 0.249 0.451 0.373
z161 0.865 0.975 0.253 0.238 0.605 0.542
r14s 0.868 0.948 0.256 0.244 0.549 0.479
d191 0.880 0.976 0.278 0.256 0.214 0.124
z051 0.864 0.928 0.251 0.238 0.635 0.575
g151 0.879 0.990 0.277 0.256 0.231 0.141
r131 0.871 0.953 0.262 0.249 0.468 0.392
g111 0.876 0.944 0.271 0.254 0.325 0.239
z121 0.860 0.913 0.245 0.238 0.728 0.680
v041 0.870 0.945 0.261 0.243 0.479 0.404
z081 0.864 0.914 0.251 0.243 0.634 0.574
d091 0.859 0.906 0.243 0.238 0.765 0.722
z201 0.860 0.926 0.244 0.238 0.750 0.705
g101 0.866 0.905 0.254 0.238 0.590 0.524
z011 0.863 0.903 0.250 0.238 0.655 0.597
r071 0.872 0.983 0.263 0.251 0.441 0.363
d031 0.870 0.971 0.261 0.246 0.475 0.399
v061 0.866 0.964 0.254 0.238 0.581 0.515

Table S13: Criteria for Number of Factors in Mathematics Test Items

Factors VSS 1 VSS 2 MAP Parallel FA
1 0.498 0.000 0.005 3.130
2 0.364 0.413 0.007 0.435
3 0.319 0.413 0.011 0.179
4 0.251 0.359 0.015 0.157
5 0.246 0.343 0.021 0.128
6 0.250 0.325 0.027 0.084

Table S14: Confirmatory Factor Analysis for Mathematics Test Items

Chi-Square d.f. P-value NFI NNFI CFI RMSEA
322 170 1.64e-11 0.972 0.985 0.987 0.021

Table S15: Full-Information Item Bi-factor and Two-Tier Analysis for Math-
ematics Test Items

M2 d.f. P-value RMSEA SRMSR TLI CFI
237 146 2.67e-06 0.018 0.027 0.984 0.988
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Table S16: Graded Response Model Estimates for Mathematics Test Items

Threshold: 1 vs. 0 | 1/3 Threshold: 2/3 Threshold: 3/3 Discrimination
z17s -0.128 -0.44 1.1 0.71
z021 -0.153 - - 1.42
v181 0.981 - - 0.77
z161 -0.889 - - 1.09
r14s -2.865 -0.48 -2.6 0.56
d191 0.215 - - 0.20
z051 0.821 - - 1.16
g151 -3.386 - - 0.28
r131 1.066 - - 0.77
g111 4.369 - - 0.44
z121 -1.455 - - 1.90
v041 0.980 - - 0.83
z081 2.089 - - 1.91
d091 -1.937 - - 1.57
z201 0.361 - - 2.37
g101 -1.627 - - 1.05
z011 0.675 - - 1.69
r071 -0.028 - - 0.67
d031 1.272 - - 0.78
v061 0.299 - - 1.15
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Figure S 3: Person and Item Fit Plot from Graded Response Model in
Mathematics Test Items 245



Table S17: AISP Genetic Algorithm for Mathematics Test Items

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55
z17s 1 1 1 1 1 1 1 0 1 1 0 0
z021 1 1 1 1 1 1 1 1 0 0 0 0
v181 1 1 1 1 1 0 0 2 0 0 0 0
z161 1 1 1 1 1 1 1 1 0 0 0 0
r14s 1 1 1 1 1 1 2 3 3 0 0 0
d191 2 2 0 0 0 0 0 0 0 0 0 0
z051 1 1 1 1 1 1 1 1 3 0 0 0
g151 1 1 0 2 0 0 0 0 0 0 0 0
r131 1 1 1 1 1 0 2 0 0 0 0 0
g111 1 1 1 1 0 0 0 0 0 0 0 0
z121 1 1 1 1 1 1 1 1 1 1 1 1
v041 2 2 1 1 1 1 0 3 0 0 0 0
z081 1 1 1 2 1 1 1 1 1 1 1 1
d091 1 1 1 1 1 1 1 1 1 1 1 2
z201 1 1 1 1 1 1 1 1 1 1 1 0
g101 1 1 1 1 1 1 1 2 2 0 0 0
z011 1 1 1 1 1 1 1 1 1 1 1 1
r071 1 1 1 1 0 0 0 0 0 0 0 0
d031 1 1 1 1 1 0 0 0 0 0 0 0
v061 1 1 1 1 1 1 1 0 2 0 0 2
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Figure S 4: Number of Gutman Errors and Number of Children in the
Mathematics Test Items and their Mokken Subscale
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Table S18: Mathematics Items Flagged as DIF by Generalized Mantel-Haezel
Test

Items Preterm Girls Mig. Background Low-SES
gMH P-value gMH P-value gMH P-value gMH P-value

z17s 5.51 0.02 18.46 1.73e-05 5.96 0.01 5.96 0.01
z021 0.35 0.55 0.72 0.40 6.03 0.01 0.01 0.93
v181 0.85 0.36 7.28 6.97e-03 0.03 0.87 0.23 0.63
z161 0.00 0.96 0.00 0.95 4.92 0.03 0.57 0.45
r14s 14.78 1.21e-04 40.33 2.15e-10 65.12 6.66e-16 5.67 0.02
d191 5.35 0.02 2.14 0.14 1.21 0.27 1.85 0.17
z051 0.04 0.84 0.09 0.77 4.09 0.04 1.09 0.30
g151 0.07 0.79 0.14 0.71 2.07 0.15 3.28 0.07
r131 1.07 0.30 0.21 0.65 0.03 0.87 1.76 0.19
g111 3.87 0.05 6.18 0.01 3.13 0.08 1.31 0.25
z121 4.30 0.04 1.32 0.25 0.85 0.36 1.76 0.18
v041 0.31 0.58 0.20 0.65 0.03 0.86 1.00 0.32
z081 0.01 0.94 12.64 3.77e-04 0.81 0.37 0.12 0.73
d091 0.98 0.32 15.51 8.19e-05 0.05 0.82 0.26 0.61
z201 0.68 0.41 0.00 0.95 0.27 0.61 0.05 0.82
g101 1.51 0.22 0.02 0.89 2.41 0.12 3.74 0.05
z011 0.58 0.45 1.24 0.27 0.00 0.95 0.46 0.50
r071 0.59 0.44 0.97 0.32 0.04 0.83 0.19 0.67
d031 0.19 0.67 0.77 0.38 0.46 0.50 2.69 0.10
v061 0.34 0.56 28.27 1.05e-07 6.70 9.66e-03 13.67 2.18e-04
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Abstract

There are multiple and well-established associations between family

behavior - including divorce, repartnering, parenting - and children’s

wellbeing. However, making a causal interpretation of these associations is

not straightforward. In this dissertation, I consider various statistical

modeling and measurement issues that complicate the causal attributions

made about those associations in the literature in family sociology and

social inequality. First, life course informed research suggests that the

problem of selection bias in the father absence literature may be more

complex than currently thought. After adjusting for multiple time-invariant

and -varying confounder covariates, as well as their history, estimates of

father absence’s effect on children’s wellbeing are reduced substantially, a

finding which may be refer to as life course selection bias. These results

suggest that father absence is mostly a marker of life course cumulative

socioeconomic disadvantage, not a cause of negative effects. Second, family

instability experienced during childhood, measured by the number of family

transitions, is said to negatively affect children’s wellbeing. However,

time-dependent confounders affected by past episodes of family instability

and affecting future family stability might explain away part of the

hypothesized negative impact. I show that a dynamic version of the

selection hypothesis plays a substantial role countering the family instability

hypothesis, and the effects of cumulative family instability are small and not

consistent with the family instability hypothesis. Third, research suggest

that socioeconomic status gaps in language skills among preschoolers could

be substantially reduced by intervening on the parenting styles, practices,

and parental investments of low-resource parents. Employing interventional

causal mediation analysis, however, and placing attention in the support for

some of the assumptions made in the statistical mediation literature, I show

parenting mediates around one third of the total effect of SES on early

274



language skills, but close to nothing of later language skills, which casts

doubt on how effective parenting interventions could be. Fourth, the

measurement of cognitive abilities, such as language or numeracy skills, is

complicated by various features of standardized assessments. Those

problems have important implications for the quantification of social

inequality in unobservable variables and for causal inference research

because test scores capture non-random noise and are therefore biased. The

dissertation concludes by making a plea for furthering causal inference

thinking in family sociology, social inequality, social mobility, and family

demography research. A life-course perspective on the study of the

association between family behavior and children’s wellbeing reveals that

family instability and parenting should be considered as dynamic concepts

that vary over time, rather than static ones, thus calling for an appreciation

of the true complexity of the family life course.

Keywords: life course, causal inference, childhood, adolescence, family
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Zusammenfassung

Es gibt zahlreiche und gut belegte Zusammenhänge zwischen familiärem

Verhalten - einschließlich Scheidung, Wiederverpartnerung,

Erziehungsverhalten - und kindlichem Wohlergehen. Diese Zusammenhänge

können jedoch nur begrenzt kausal interpretiert werden. In dieser

Dissertation gehe ich auf verschiedene statistische Modellierungs- und

Messprobleme ein, die eine kausale Interpretation der in der Literatur zu

Familiensoziologie und sozialer Ungleichheit gefundenen Zusammenhängen

erschweren. Erstens legt die Lebensverlaufsforschung nahe, dass das

Problem der Verzerrung durch Selektion in der Literatur über die

Abwesenheit von Vätern komplexer sein könnte als bisher angenommen.

Durch die Korrektur von Verzerrungen durch zeitkonstanter und

zeitvariabler konfundierender Variablen, sowie vorherigen zeitvariablen

konfundierender Variablen, wird die Schätzung des kausalen Effektes der

Abwesenheit des Vaters auf das Wohlergehen der Kinder erheblich reduziert.

Dieses Ergebnis kann als Lebensverlaufselektionsverzerrung bezeichnet

werden. Diese Ergebnisse deuten darauf hin, dass die Abwesenheit des

Vaters hauptsächlich ein Indikator für kumulative sozioökonomische

Benachteiligungen im Lebensverlauf ist und nicht die Ursache für diese

negative Auswirkungen. Zweitens wird in der aktuellen Forschung

angenommen, dass familiäre Instabilität in der Kindheit, gemessen an der

Zahl der Familienübergänge, das Wohlbefinden der Kinder negativ

beeinflusst. Allerdings könnten zeitabhängige konfundierende Faktoren, die

durch vergangene Episoden familiärer Instabilität beeinflusst werden und

sich auf die künftige Stabilität der Familie auswirken, einen Teil der

angenommenen negativen Auswirkungen erklären. Ich zeige, dass eine

dynamische Version der Selektionshypothese eine wesentliche Rolle bei der

Entkräftung der Hypothese der familiären Instabilität spielt. Die

Auswirkungen der kumulativen familiären Instabilität sind gering und
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stimmen nicht mit der Hypothese der familiären Instabilität überein, wenn

dynamische Selektivität in die Analyse einbezogen wird. Drittens deuten die

Forschungsergebnisse darauf hin, dass die soziale Stratifizierung bei den

Sprachkenntnissen von Vorschulkindern durch Eingriffe in den

Erziehungsstil, die Erziehungspraktiken und die elterlichen Investitionen von

Eltern mit wenig Ressourcen erheblich verringert werden könnten. Mit Hilfe

einer kausalen Mediationsanalyse und unter Berücksichtigung einiger der in

der statistischen Mediationsliteratur getroffenen Annahmen zeige ich jedoch,

dass die elterliche Erziehung nur etwa ein Drittel des Gesamteffekts des

sozioökonomischen Status auf die frühen Sprachfähigkeiten mediieren, aber

fast nichts auf die späteren Sprachfähigkeiten Dies lässt Zweifel daran

aufkommen, wie wirksam eine Intervention in elterliches

Erziehungsverhalten sein kann. Viertens wird die Messung kognitiver

Fähigkeiten, wie z. B. Sprach- oder Rechenfertigkeiten, durch verschiedene

Merkmale standardisierter Beurteilungen erschwert. Diese Probleme haben

wichtige Auswirkungen auf die Quantifizierung sozialer Ungleichheit bei

unbeobachtbaren Variablen und auf die Forschung zu kausalen

Schlussfolgerungen, da Testergebnisse systematisch verzerrt sind. Die

Dissertation schließt mit einem Plädoyer zur rigoroseren Anwendung von

Methoden der kausalen Inferenz in Familiensoziologie, Familiendemographie

und Forschung zu sozialer Ungleichheit und Mobilität.. Eine

Lebensverlaufsperspektive bei der Untersuchung des Zusammenhangs

zwischen familiärem Verhalten und dem Wohlergehen von Kindern zeigt,

dass familiäre Instabilität und elterliche Erziehung als dynamische Konzepte

betrachtet werden sollten, die sich im Laufe der Zeit verändern, und nicht

als statische Konzepte und daher eine Würdigung der Komplexität des

Familienlebenslaufs erfordern.

Schlüsselwörter: Lebensverlauf, Kausal Inferenz, Kindheit, Jugend,

Familie
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