Parental education and children’s cognitive development: A prospective

approach

Abstract
Using nationally representative data from the 1970 British Cohort Study (BCS70), which

followed participants and their children (n = 1,042, ages 3 to 16), this paper estimates the
effect of parental education on children’s cognitive development. Previous analyses
disregarded selective patterns of family formation, which may introduce endogenous
selection bias. In addition, genetic confounding may partially explain the association between
parental education and children’s cognitive development. We take advantage of the BC70’s
multigenerational design and use inverse probability of censoring and treatment weighting to
address non-random selection into parenthood and confounding via parental cognitive ability
and other parent and grandparent characteristics. After correcting for these biases, the effect
of parental education on children’s cognitive development is substantially reduced and

statistically non-significant.
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INTRODUCTION

In early childhood, children from higher socioeconomic status (SES) backgrounds perform
better on various cognitive outcomes than children from lower SES backgrounds (Bradley &
Corwyn 2002). Family SES is conceptualised through the lens of capital, wherein differential
access to financial, human, and social capital is associated with varying child development
(Coleman 1988). Although SES dimensions such as parental education, occupation, and
family income tend to be correlated, each dimension measures a distinct resource that
uniquely influences children’s cognitive development (Duncan & Magnuson 2003). When
these SES dimensions are considered jointly, parental education appears to be the strongest
predictor of children’s cognitive and academic development (Davis-Kean 2005; Reardon
2011). In the United States, for instance, children whose parents have a college degree have a
test score advantage of more than 0.5 standard deviations over children whose parents have a
high school diploma (Duncan et al. 2012).

Conventional analyses of child development retrospectively link children’s
developmental outcomes to their parents’ characteristics (e.g., education). However, this
approach excludes childless individuals and disregards family formation mechanisms,
potentially introducing endogenous selection bias into estimates of the effect of parental
education on children’s cognitive development (Elwert & Winship 2014). In light of recent
advances in the analysis of intergenerational social reproduction (Breen & Ermisch 2017,
Lawrence & Breen 2016; Song & Mare 2015), we propose a prospective approach
incorporating the effects of parental education on fertility into the analysis of children’s
developmental outcomes.

Using a prospective method will also allow us to condition on early parental
characteristics (e.g., parental cognitive ability, birth weight, parental attitudes) when

estimating the association between parents’ education and their children’s cognitive



outcomes. A central question in the literature is whether parents’ level of education is the
cause of differences in children’s cognitive ability (Duncan et al. 2017; Duncan & Magnuson
2012). This is because their early-life human capital endowment may vary, resulting in
disparities in later educational attainment and their children’s cognitive development. The
association between parental education and children’s cognitive development may be due to
genetic confounding, i.e., parents and children share genes related to cognitive ability.
Increasing evidence suggests, for instance, that parents’ early cognitive abilities are strongly
associated with their children’s cognitive abilities (e.g., Crawford et al. 2011; Sullivan et al.
2021). These associations may be due direct genetic transmission as well as parenting and
environmental advantages created by cognitively more able parents as well as (‘genetic
nurture’, Kong et al. 2018).

The article contributes to the literature on parental education and children’s cognitive
development by 1) correcting for selective fertility using inverse probability of censoring
weighting and 2) addressing confounding using parent and grandparent characteristics that
are typically unavailable in child cohort studies, e.g., correcting for parental cognitive ability

as a genetic proxy (S. Hart et al. 2021).

BACKGROUND

The human capital of parents “provides the potential for a cognitive environment for the child
that aids learning” (Coleman 1988: 109). The amount of human capital in a family
determines the quality and quantity of parent-child interactions and the availability of a
stimulating learning environment deemed advantageous for the cognitive development of
children (Nisbett et al. 2012; Shonkoff & Phillips 2000). Parental time spent with children in
educational activities appears to be the most productive input for cognitive development (Del
Bono et al. 2016; Fiorini & Keane 2014). For example, mother-child reading time

significantly improved children’s reading achievement (Barnes & Puccioni 2017; Kalb &
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Van Ours 2014; Price & Kalil 2019). In addition, the quantity and quality of linguistic input
directed at children in their social environment significantly impact language acquisition and
vocabulary development (B. Hart & Risley 1995; Hurtado et al. 2008; Weisleder & Fernald
2013).

Through their educational attainment, parents may develop cognitive flexibility (e.g.,
learning to think in complex ways), problem-solving ability (e.g., hypothesis testing),
language skills, and skills for synthesizing and evaluating the information on child-rearing
that is beneficial for children’s cognitive development (Davis-Kean et al. 2021; Harding et al.
2015). In addition, highly educated parents spend more time with their children and use this
time more effectively for cognitively stimulating activities with their children, such as shared
reading, telling stories, reciting rhymes, singing songs, and creating art (Altintas 2016; Dotti
Sani & Treas 2016; Kalil et al. 2012; Sayer et al. 2004; Suizzo & Stapleton 2007). They also
devote much of their budget to cognitively enriching materials and activities, such as books,
magazines, school supplies, and library and museum visits (Kaushal et al. 2011; Tighe &
Davis-Kean 2021). Additionally, highly educated parents may benefit from social networks
that provide their children with valuable knowledge, skills, and resources for their cognitive
development (Harding et al. 2015). Furthermore, maternal education was positively
correlated with childcare arrangements (i.e., type, quality, and quantity) deemed
advantageous for children’s cognitive development (Augustine et al. 2009).

Due to their parenting knowledge and skills (Bornstein et al. 2010; Rowe et al. 2016),
highly educated parents better understand how to tailor high-quality activities to their
children's developmental level (Benasich & Brooks-Gunn 1996; Kalil et al. 2012). In
addition, parents with a higher level of education communicate more verbally and abstractly
because they were exposed to this type of language and discourse for a longer time in formal

school settings (Rowe 2017). Therefore, they speak to their children more frequently, use a



greater variety of vocabulary, are more responsive to their children, and encourage more
child speech than parents with lower levels of education (Hoff 2003; Rowe 2008; Vernon-
Feagans et al. 2020).

Parental education can indirectly influence children's cognitive development through
increased family income. According to the family investment model, greater financial
resources are advantageous for providing children with a stimulating learning environment
(Haveman & Wolfe 1994). For example, a higher family income enables parents to invest in
educational resources such as toys, books, and computer programs that foster cognitive
development in their children (Guo & Harris 2000). In addition, financial resources enable
parents to avoid compromising their children's development through substandard housing,
neighbourhood conditions, child nutrition, and health (Evans & Kim 2007; Shonkoff &
Phillips 2000). According to the family stress model (Conger et al. 2010), economic
deprivation increases family stress. Psychological distress among parents will result in mental
health issues, increased family conflict, an increased risk of separation, and the use of
unresponsive parenting styles that are detrimental to children’s cognitive development

(Conger et al. 1994; Shonkoff & Phillips 2000).

CURRENT RESEARCH

Past research shows that parental education and children’s cognitive development are
strongly correlated (Bradley & Corwyn 2002; Davis-Kean 2005; Davis-Kean et al. 2021;
Mercy & Steelman 1982). Compared to other SES dimensions (e.g., family income, parental
occupation), parental education appears to be the strongest predictor of children’s cognitive
achievement (Davis-Kean 2005; Reardon 2011). In recent years, scholars of child
development have advocated for more comprehensive examinations of whether and to what

extent parents’ socioeconomic status influences children's developmental outcomes (Duncan



et al. 2017; Duncan & Magnuson 2012). Although most research has focused on the causal
effect of parental education on offspring’s educational attainment (for an overview, see
Fleury & Gilles 2018; Holmlund et al. 2011), emerging literature focuses on identifying the
causal relation between parental education and children's early developmental outcomes.

One line of research sought to identify the causal effect of parental education on
children’s cognitive development via an instrumental variables (1) approach (Andrabi et al.
2012; Carneiro et al. 2013; Cuartas 2022; Dickson et al. 2016; Gennetian et al. 2008;
Lundborg et al. 2014). Instruments included compulsory schooling reforms in Sweden and
the UK (Lundborg et al. 2014; Dickson et al. 2016), random assignment to an educational and
job training program in the US (Gennetian et al. 2008), variation in schooling costs in the US
(Carneiro et al. 2013), the availability of girls’ schools in Pakistan when mothers were
school-aged (Andrabi et al. 2012), and a universal primary education reform in Uganda
(Cuartas 2021). The effect of maternal education on children’s cognitive development was
positive and statistically significant across all contexts and instrument types.

However, these results are contingent upon the strong assumption of instrument
validity, i.e., that the instrument does not directly influence children's cognitive development
and that there are no unobservable confounding variables between the instrument and
outcome. This assumption cannot be tested, so its justification must be based on theoretical
reasoning and research knowledge. Moreover, the IV estimates the local average treatment
effect (LATE), which may only apply to a subset of the target population. Assuming
instruments are exogenous, it has been questioned whether the inferences derived from
standard Two-Stage Least Squares (2SLS) estimation practises are valid. Based on a
comprehensive sample of 1309 instrumental variable regression published in economics

journals and using Monte Carlo simulations, the jackknife and multiple forms of bootstrap,



Young (2022) found that 1V has little power as it rarely rejects the OLS point estimate or the
null that OLS is unbiased, while its statistical significance is exaggerated.

Another line of inquiry examined whether increases in maternal education among
mothers with already-born children enhance the cognitive development of their children
(Augustine & Negraia 2018; Awada & Shelleby 2021; Breinholt & Holm 2020; Harding
2015; Magnuson 2007; Magnuson et al. 2009). Some studies found positive effects of
additional maternal schooling on children's cognitive or academic achievement (Awada &
Shelleby 2021; Harding 2015; Magnuson 2007; Magnuson et al. 2009), while others found no
effect (Augustine & Negraia 2018; Breinholt & Holm 2020). These contradictory results may
be attributable to methodological factors. The studies that found positive effects did not focus
on education changes within mothers. In contrast, those that found null results used a mother
or sibling fixed effects design to account for unobserved time-constant heterogeneity. This
suggests that mothers who increase their education after childbirth differ from those who
maintain the same educational level in terms of unobserved characteristics. Moreover, the
findings of this design are limited to the lower end of the educational distribution, pertain to a

small subset of the population, and are therefore inapplicable to the entire population.

A PROSPECTIVE APPROACH

Due to a lack of prospective data across generations, most studies on child development,
including those examining the causal relation between parental education and children’s
outcomes, retrospectively link child and parent characteristics in child cohort data. However,
this design does not account for selective mechanisms of family formation because it
excludes childless individuals and their educational attainment from the analysis. For
example, it is known that highly educated women have higher rates of childlessness than less
educated women and are delaying motherhood (Fort et al. 2016; Gustafsson 2001; Kravdal &

Rindfuss 2008; Nisén et al. 2014; Wood et al. 2014). Therefore, if not appropriately adjusted,
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these selective fertility patterns may introduce endogenous selection bias into estimates of the
effect of parental education on children’s cognitive development (Elwert & Winship 2014).

We adopt a prospective approach (Breen & Ermisch 2017; Lawrence & Breen 2016;
Song & Mare 2015) to study the causal effect of parents’ education on children’s cognitive
development to circumvent this issue in conventional analyses. This prospective approach
starts with a birth cohort and follows it forward to understand how it reproduces itself
socially’ (Breen & Ermisch 2017: 591). In our study, we examine children’s cognitive
development among a subsample of those who became parents, allowing us to include
selective fertility in the analysis of the association between parental education and cognitive
outcomes.

Adopting this prospective methodology allows us to condition on a rich set of
grandparent and early parent characteristics that may influence parents’ education and
children’s cognitive development. For instance, parents may have attitudes towards education
and socioemotional skills that help them succeed in education and provide their children with
a stimulating environment. Instead of drawing on a valid instrumental variable, we will
examine the omitted-variable problem by directly observing typically unavailable covariates.

Notably, a prospective design permits us to control for genetic confounding by using
the information on parents’ early cognitive ability as a genetic proxy (S. Hart et al. 2021). To
determine whether parental education has a causal impact on children’s cognitive
development, we must distinguish environmental from genetic origins (Conley et al. 2015;
Liu 2018). Evidence suggests strong associations between parents’ cognitive abilities as
children and their children’s early cognitive outcomes (Anger & Heineck 2010; Brown et al.
2011; Crawford et al. 2011; Sullivan et al. 2021). Moreover, the cognitive ability of parents is
strongly related to their educational attainment, occupational status, and income (Strenze

2007).



Parental cognitive ability can confound the relation between parental education and
children’s cognitive outcomes through two mechanisms. First, the parent’s genotype
associated with their educational attainment is inherited by the child. Second, cognitively
competent parents transmit cognitive skills to their children through environmental
mechanisms (e.g., parenting) rather than genetic inheritance. For instance, findings by Wertz
et al. (2020) suggest that mothers’ genetics influence children’s educational attainment over
and above children’s genetics via cognitively stimulating parenting.

Few studies have accounted for cognitive ability when estimating the relation between
family socioeconomic status and children’s cognitive outcomes. For instance, parental
cognitive ability accounted for half the cognitive test score gap between children from high-
income and low-income families in the UK (Crawford et al. 2011). Similarly, the association
between parental education and children’s language ability in the UK was nearly halved
when maternal and partner language ability was controlled for (Sullivan et al. 2021). For the
US, Marks and O’Connell (2021) demonstrated that the cognitive ability of the mother
accounts for the majority of the effect of a composite SES score on children’s cognitive
development (60% for vocabulary; 54% for digit memory; around 60% for reading
comprehension, reading recognition, and mathematics). However, none of these studies
addressed the possibility of endogenous selection bias when investigating the relation

between family socioeconomic status and children’s cognitive outcomes.

CAUSAL MODEL

Figure 1 depicts the hypothesized causal relation between parental education (X) and
children’s cognitive development (Y) in the presence of grandparental (G) and parental (P)
confounders as well as the collider of having children (C). To avoid confounding bias and
estimate the causal effect of parental education on children’s cognitive development, we must

condition on any G (first generation) and P (second generation) that influence parents’
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educational attainment (X) and their children’s cognitive development (Y, third generation).
For instance, accounting for parental cognitive ability as part of P acts as a genetic proxy
addressing genetic confounding via direct transmission or genetic nurture effects (S. Hart et
al., 2021). First-generation resources (G) such as income influence the second generation’s
educational attainment but can also directly influence the cognitive development of the third

generation net of characteristics of the second generation (Mare & Song 2023).

Figure 1 here

The second issue this causal model highlights is endogenous selection bias, also
known as collider bias. When investigating the relationship between parental education and
children’s cognitive development, we induce a non-causal association between X and Y via
X->C->U->Y. Thus, we introduce bias into our estimates by limiting our sample to a subset
of the second generation who became parents and who differ from those who remained
childless in terms of educational attainment (X) and other unobserved characteristics (U). As
previously discussed, education is typically negatively associated with parenthood, which is
further associated with a variety of other characteristics that may impact the development of
children, such as lifestyle behaviors (e.g., Sharma et al. 2013) or personality traits (e.g.,

Hutteman et al. 2013).

DATA and METHODS

DATA

The 1970 British Cohort Study (BCS70) is a representative cohort study of individuals born
in England, Scotland, and Wales in a single week in 1970 (Elliott & Shepherd 2006). Data for
participants were collected at birth, ages 5, 10, 16, 26, and every four years beginning at age
30. Notably, at age 34, half of the participants who lived with their natural and adopted
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children were randomly selected for additional interviews and assessments of their children.
The prospective study design allows us to consider the characteristics of participants’ parents,
participant characteristics, including their early cognitive ability and educational attainment,
whether they lived with their natural or adopted children, and their children's cognitive
assessments. The early characteristics of participants, like cognitive ability and their parents’
characteristics, are derived from wave 1 (birth, Chamberlain 2013) and wave 3 (age 10,
Butler & Bynner 2016). Wave 7 (age 34, University of London 2016) measures participants’
educational attainment, whether they have children and live with them, and their children’s
cognitive assessments. In the remainder of the article, we will label participants’ parents as
‘first generation’, participants as ‘second generation’, and participants’ children as ‘third

generation’.

MEASURES
Our outcome is the cognitive ability of the second generation’s first-born child (Y in Figure
1), as measured by the British Ability Scales (BAS) Second Edition when the second-
generation member was 34. The BAS Second Edition is a commonly administered battery of
cognitive ability tests for children aged 2.5 to 17 years (Elliott 1996, 1997). To measure
children’s verbal ability, we used the Naming Vocabulary test for three- to five-year-olds and
the Word Reading test for children aged six to sixteen. The Naming Vocabulary task assesses
children’s expressive language ability and knowledge of nouns, asking children to identify
various objects in a coloured picture booklet. The Word Reading task required students to
read from a printed list of words.

To measure children’s numerical ability, we relied on the Early Number Concepts test
among younger children and the Number Skills test among older children. In the Early
Number Concepts task, children were given simple arithmetic tasks, such as counting and

evaluating quantities. Children were given a series of mathematical problems in the Number
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Skills task. All tests use test scores that account for differences in item difficulty. We age-
normalized test scores using the residuals from a regression of test scores on age and all other
variables used in the analyses (Crawford et al. 2011).

Our exposure is the second generation’s highest educational qualification at age 34
(depicted as X in Figure 1). It is operationalized as a binary measure indicating whether the
second-generation member earned an undergraduate degree or higher up until this age. We
focus on the distinction between university qualifications and any other qualifications among
the parent generation because university education may be most advantageous to fostering
children’s learning environment. This is because university education is typically associated
with a depth of knowledge and expertise, a better understanding of teaching methods, critical
thinking and problem-solving skills, research and information retrieval skills and a
commitment to lifelong learning.

Our covariates include information on second-generation characteristics (depicted as
P in Figure 1) that may influence their educational attainment, transition to parenthood and
children’s cognitive development: birth weight (in grams), cognitive ability, number of
siblings (none, one, two, three, more than three), locus of control, problem behavior, and
partner’s education. We refrain from adjusting our estimates for income and other
socioeconomic characteristics as these are on the causal pathway between second-generation
education and third-generation cognitive development (see pathways section again).

Four sub-scales of the British Ability Scales assessed the second generation’s
cognitive ability at age ten: word definition, word similarities, recall of digits, and matrices
(Elliott et al. 1979). We derived a general cognitive ability score from a principal component
analysis and standardized it to a mean of 0 and a standard deviation of 1 (Connelly & Gayle

2019; Schoon 2010).
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The psychosocial measure of locus of control refers to the extent to which individuals
view themselves as able to control their destinies (internal) as opposed to external forces
(external). In the BCS70, ten-year-old members of the second generation completed the
CARALOC questionnaire (Gammage 1982), a general locus of control measure whose raw
scores range from 0 to 15 and for which higher scores indicate greater internalization. Then,
standard scores are computed from these raw scores.

Problem behavior is measured with the Rutter Behavior Scale at age ten, as reported
by the mother (Rutter et al. 1970). The Rutter Behavior Scale is a well-established set of
questions for measuring children's behavioral difficulties. The BCS70 at age 10 used a visual
analog scale ranging from 0 (does not apply) to 100 (certainly applies) for each of the 19
questions. The total Rutter score is comprised of the sum of the individual variables. For each
scale, categorical ratings were calculated by dividing scores into three severity levels:
"normal” scores below the 80th percentile, "moderate” problem scores between the 80th and
95th percentile, and "severe™ problem scores above the 95th percentile.

Partner's education distinguishes between 1) no partner, 2) partner left education at
age 16 or younger, 3) partner left education at age 17/18, 4) partner left education at age 19-
22, and 5) partner left education at age 23+.

We further consider first-generation characteristics gathered when the second
generation was 10 (depicted as G in Figure 1). Their education is measured as the highest
educational qualification among fathers and mothers and is operationalized as a binary
indicator distinguishing between ‘undergraduate degree or higher’ and *below undergraduate
degree’. Income is determined by the total gross weekly family income and is derived from a
banded income question: ‘Less than £35 per week', ‘£35 to 49£ per week’, ‘£50 to £99 per
week’, ‘£100 to £149 per week’, ‘£150 to £199 per week’, ‘£200 to £249 per week’, ‘More

than £250 per week’. Finally, a measure of educational aspirations indicates whether the
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mother intends their child to pursue higher education after leaving school. The summary
statistics for all variables are provided in Table S1 in the Supplementary Material.
ANALYTIC STRATEGY

Estimating the effect of parental education (i.e., second generation’s highest educational
qualification) on children’s cognitive development presents two significant challenges:
(genetic) confounding and non-random selection into parenthood (i.e., systematic censoring
of living with natural or adopted children). To prevent confounding bias and endogenous
selection bias, we use inverse probability of treatment and censoring weighting (Hernan &
Robins 2020). Instead of explicitly controlling for measured covariates in our outcome
model, we regress children’s cognitive ability on parental education in a weighted pseudo-
population in which parental education is independent of our measured covariates and
parenthood is independent of both parental education and covariates.

Formally, the inverse probability of treatment (IPT) weight tw is defined as the ratio
of the unconditional probability that second generation i earned an undergraduate degree or
higher x and the same probability conditional on the covariates of first- and second-
generation characteristics (depicted as G and P in Figure 1) measured prior to qualification
attainment,

_ PXi=xy)
tw; = P(X;=x{|G;,P;)’ (1)

This weight creates a pseudo-population in which members of the second generation with
covariate values that are overrepresented in the observed degree or higher group are given
less weight, and members of the second generation with covariate values that are less
frequent are given more weight. Thus, confounders are distributed equally across both
qualification groups after weighting.

Reweighing with inverse probability of censoring (IPC) weights,

14



cws = —FEi=0)
L P(Ci=0|X;GiPy)’ (2)

corrects for non-random censoring based on second generation education and covariates.
Using the cw; weights generates a pseudo-population that would have been observed if

living with natural or adopted children between the ages of 3 and 16 had been random with
respect to the second generation’s education and covariates. Although our BCS70 sample
only captures parenthood until age 31 (child sample consists of 3—16-year-old children living
with parents at age 34), the censoring weights also address non-random delay in parenthood
based on education and covariates.

Using the product of the two weights to reweight the uncensored sample
simultaneously corrects for confounding by the measured covariates and non-random
censoring based on second generation’s education and covariates. Because all probabilities in
equations 1 and 2 are unknown, they were estimated using logistic regressions, respectively
(see Tables S2 and S3 in the Supplementary Material for the models estimating both
denominators).

Given that covariates are not included in the outcome model, inverse probability
weighting can avoid misspecification bias which can occur when interactions between
exposure and covariates (and between covariates) are not explicitly modelled in a
conventional regression approach. Consequently, the weighted estimate for parental degree
corresponds directly to the average difference in children’s verbal or numerical ability
(Elwert & Winship 2010; Morgan & Todd 2008)

Under the assumptions of no unmeasured confounding and systematic censoring,
positivity, and correct parametric specification of the weight models, the mean differences in
the weighted pseudo-populations provide consistent estimators for the average treatment
effect of parental education on children’s cognitive ability. Positivity requires a nonzero

probability of parental degree attainment for any combination of covariate values to ensure a
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“like with like” comparison. As a result of violations of positivity and misspecifications of
the weight models, estimated weights have mean values far from one or large standard
deviations (Cole & Hernan 2008). Table S4 in the Supplementary Material demonstrates that

neither of these conditions applied to our weights.

FINDINGS

We present our findings in three steps. First, to illustrate potential confounding bias, we show
mean differences in covariates (first- and second-generation characteristics) by the second
generation’s educational attainment (i.e., our exposure). Second, to illustrate potential
endogenous selection bias, we display how censored and uncensored samples differ with
regard to the second generation’s education and covariates. The censored sample consists of
second-generation members who do not live with children between the ages of 3 and 16 in
their households. Finally, we present our main analysis estimating the impact of parents’
education on children’s verbal and numerical ability after correcting for confounding and
endogenous selection bias.

Based on means for continuous variables and proportions for categorical variables,
Table 1 depicts covariate differences by the second generation's education for the full analytic
sample (including those in the second generation who did not live with natural or adoptive

children).

Table 1 here

Second-generation members with a degree or higher exhibited, on average, a significantly
higher cognitive ability, a higher locus of control score, i.e., they had a stronger belief that
they control their destinies, and less problem behaviour than those without a degree. Highly

educated second-generation members had fewer siblings than those with lower levels of
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education. While the second generation with a degree were more likely to be single, their
partners were more likely to have left school later if they had one. There were no significant
differences in birth weight between these educational groups.

Regarding first-generation characteristics, one-third of the second generation with a
degree had a degree-holding parent, compared to only 10% of the second generation without
a degree. Second-generation members with a degree tended to have parents with a higher
income than those without one. Lastly, first-generation members whose descendants gained a
degree had significantly greater aspirations for their children's pursuit of higher education
than first-generation members whose descendants remained without a degree. The
denominator treatment weight model (see Table S2 in the Supplemental Material) indicates
that the effects of second-generation cognitive ability, second-generation partner's education,
and first-generation educational aspirations on the likelihood of obtaining a degree are
statistically significant at the 5%-level.

Table 2 compares the second-generation educational attainment (exposure) and the
covariates between the sample of second-generation members living with their children
(uncensored sample) and those without children in the household (censored sample). The
table shows that second-generation members with a degree or higher were more prevalent
among the censored, i.e., they were more likely to be found in childless households. In
addition, second-generation cognitive ability was significantly greater in the censored than in
the uncensored sample. The censored second-generation members exhibited a slightly higher
locus of control and fewer problem behaviours than the uncensored second generation, but
the differences were not particularly pronounced. There were no discernible differences in
birth weight between the censored and uncensored samples. Second-generation members in
the censored sample tend to have fewer siblings than those in the uncensored sample.

Significantly, the share of second generation with no partner and a more educated partner is

17



much higher in the censored than the uncensored sample. In the censored sample, the first
generation’s education, income, and aspirations for higher education are also somewhat
higher.

The denominator censoring weight model (see Table S3 in the Supplemental
Material) indicates that the effects of second-generation educational attainment, cognitive
ability, having a partner, and having more than three siblings on the likelihood of being

censored (living without children) are statistically significant at conventional criteria.

Table 2 here

Table 3 shows the estimated differences in first-born children’s verbal and numerical ability
by parental education. The second column, “Unadjusted”, shows the effect of parents having
a degree on children’s verbal and numerical ability had confounding and endogenous
selection bias not been addressed. The third column, “IPTW1”, indicates the effect when
weighing the analyses with inverse probability of treatment weights using parental cognitive
ability to create weights alone. The fourth column, “IPTW2”, indicates the effect when using
inverse probability of treatment weights based on all measured confounders. The fifth
column, “IPCW”, displays the effect when addressing endogenous selection bias by weighing
the analysis with inverse probability of censoring weights. Finally, the last column,
“IPTW2xIPCW?”, shows the effect when applying the product of treatment weight based on
all confounders and the censoring weight. While this step-by-step approach will indicate the
sources of bias, our preferred model is the final model, eliminating all biases from observed
confounding and endogenous selection.

On the age-normalized verbal ability scale, children whose parent has a degree score

5.48 points higher than children whose parent does not have a degree (SE = 1.43, p < .001).
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This represents a difference equal to more than one-fourth of the standard deviation of verbal
ability (SD = 19.61). The effect is substantially attenuated and statistically non-significant
when cognitive ability is accounted for (B = 2.09, SE = 1.78, p >.05). It almost completely
disappears when all confounders are accounted for (p = 0.32, SE = 2.21, p >.05). Correcting
for endogenous selection bias alone results in a significantly larger estimated effect of
parental degree on children's verbal ability (B = 7.03, SE = 1.43, p < .001). Without
correcting for this bias, we would have underestimated the effect of parental education on
children's verbal ability. Using the product of the treatment and censoring weights, the verbal
ability scale score of children whose parents have a college degree is, on average, 1.81 points
higher than the score of their peers without a highly educated parent. This effect is

statistically non-significant at conventional criteria (SE = 1.82, p >.05).

Table 3 here

Regarding numerical ability, children with degree-holding parents score 4.35 points
higher than those without (SE = 1.19, p < .001). This is equivalent to a difference of more
than a quarter of a standard deviation of numerical ability (SD = 16.23). The effect is
substantially attenuated and statistically non-significant when cognitive ability is taken into
account (B = 2.51, SE = 1.42, p >.05) and is further reduced when all confounders are taken
into account (B = 1.97, SE = 1.73, p >.05). The estimated effect of parental degree on
children's verbal ability is slightly larger after adjusting for endogenous selection bias (p =
4.95, SE = 1.37, p < .001). The average verbal ability scale score of children whose parents
have a degree is 1.43 points higher than that of peers without a highly educated parent, using
the product of the treatment and censoring weights. This effect is statistically non-significant

at conventional criteria (SE = 1.31, p >.05).

19



DISCUSSION

On various cognitive outcomes, children from higher socioeconomic status families
outperform their peers with lower SES. The literature identified parental education as one of
the most influential socioeconomic factors in children’s developmental outcomes. Through
education, parents may acquire cognitive flexibility or problem-solving skills deemed
advantageous to their children’s cognitive development. Highly educated parents use their
time more efficiently to engage their children in cognitively stimulating activities.
Nonetheless, a central question in the literature is whether parents’ educational attainment is
causally related to differences in children’s outcomes. For instance, genetic confounding may
partly explain the association between parental education and children’s cognitive
development. Analyses of socioeconomic status and child development also disregard family
formation mechanisms, which may introduce endogenous selection bias. The paper addresses
these issues by taking advantage of the BCS70’s multigenerational design, using inverse
probability of treatment and censoring weighting to correct for confounding bias and non-
random selection into parenthood. This design permits a prospective approach to parental
influences on child development, including their early cognitive ability as a genetic proxy. It
further incorporates modelling the transition into parenthood into the child outcome analysis.
Previous studies (Crawford et al. 2011; Marks & O’Connell 2021; Sullivan et al.
2021) suggested that parental cognitive ability accounts for around half of the association
between family socioeconomic status and child cognitive ability. Our findings are consistent
with this literature, showing that parental cognitive ability explains 62% of the association
between parental education and children’s verbal ability and 42% regarding numerical ability.
In addition, other early parental characteristics, such as first-generation educational
aspirations (i.e., children’s grandparents), contribute to the confounding of the association

between parents’ education and children’s cognitive ability. In contrast, if we had not
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adjusted for selective parenthood, we would have underestimated the impact of parental
education on children’s numerical and especially verbal ability. This can be attributed, at
least partially, to the fact that the likelihood of entering parenthood in the second generation
decreases not only with higher education but also with higher cognitive abilities assessed
during early developmental stages.

After adjusting for both confounding and endogenous selection bias, the effect of
parental education on children’s verbal and numerical ability is statistically non-significant.
Our findings align with research showing that increases in mother’s education after childbirth
did not significantly improve children’s cognitive outcomes using a mother or sibling fixed
effects design (Augustine & Negraia 2018; Breinholt & Holm 2020). Nevertheless, the effect
sizes are far from trivial. For example, a 1.81-point increase in verbal ability for children
whose parents have a degree corresponds to an effect of 9% of a standard deviation.
Similarly, the numerical ability gap between children whose parents have a degree and those
without is 9% of a standard deviation. This suggests that parental education plays a role in
children’s cognitive development, but not to the extent previously believed. It is also
important to note that children’s cognitive development is assessed at a broad developmental
stage (ages 3 to 16), which may conflate heterogeneous effects across the age spectrum.

The association between parents’ education and children’s cognitive ability appears
largely due to genetic confounding, either through direct transmission or genetic nurture (e.g.,
Kong et al. 2018; Wertz et al. 2020). The mechanisms associated with any positive effect of
parental education on children’s development, such as parental time spent in educational
activities, may be attributable to differences in parents’ endowment of cognitive ability. The
findings suggest that equalizing education in the parent generation will have rather little

effect on reducing inequality in the succeeding generation (Conley et al. 2015).
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Our findings have implications for researchers examining associations between family
socioeconomic status and child outcomes. To account for genetic confounding, researchers
need to either use data containing genetic information or rely on proxy measures that account
for the respective outcome measures in the parent generation (S. Hart et al. 2021). For the
latter approach, it appears essential for child cohort studies to assess the cognitive ability of
parents in addition to that of their children and to collect more information on parents' early
life courses and grandparent characteristics. Multigenerational cohort studies, such as the one
used in this study, are advantageous in this regard and further address the issue of

endogenous selection bias.

22



REFERENCES

Altintas, E. (2016). The Widening Education Gap in Developmental Child Care Activities in
the United States, 1965-2013. Journal of Marriage and Family, 78(1), 26-42.
https://doi.org/10.1111/jomf.12254

Andrabi, T., Das, J., & Khwaja, A. I. (2012). What did you do all day? Maternal education
and child outcomes. Journal of Human Resources, 47(4), 873-912.
https://doi.org/10.3368/jhr.47.4.873

Anger, S., & Heineck, G. (2010). Do smart parents raise smart children? The
intergenerational transmission of cognitive abilities. Journal of Population
Economics, 23, 1255-1282. https://doi.org/10.1007/s00148-009-0298-8

Augustine, J. M., Cavanagh, S. E., & Crosnoe, R. (2009). Maternal Education, Early Child
Care and the Reproduction of Advantage. Social Forces, 88(1), 1-29.
https://doi.org/10.1353/s0f.0.0233

Augustine, J. M., & Negraia, D. V. (2018). Can Increased Educational Attainment Among
Lower-Educated Mothers Reduce Inequalities in Children’s Skill Development?
Demography, 55(1), 59-82. https://doi.org/10.1007/s13524-017-0637-4

Awada, S. R., & Shelleby, E. C. (2021). Increases in Maternal Education and Child
Behavioral and Academic Outcomes. Journal of Child and Family Studies, 30(7),
1813-1830. https://doi.org/10.1007/s10826-021-01983-7

Barnes, E., & Puccioni, J. (2017). Shared book reading and preschool children’s academic
achievement: Evidence from the Early Childhood Longitudinal Study-Birth cohort.
Infant and Child Development, 26(6), e2035. https://doi.org/10.1002/icd.2035

Benasich, A. A., & Brooks-Gunn, J. (1996). Maternal attitudes and knowledge of child-
rearing: Associations with family and child outcomes. Child Development, 67(3),

1186-1205. https://doi.org/10.1111/j.1467-8624.1996.tb01790.x

23



Bornstein, M. H., Cote, L. R., Haynes, O. M., Hahn, C.-S., & Park, Y. (2010). Parenting
knowledge: Experiential and sociodemographic factors in European American
mothers of young children. Developmental Psychology, 46(6), 1677-1693.
https://doi.org/10.1037/a0020677

Bradley, R. H., & Corwyn, R. F. (2002). Socioeconomic status and child development.
Annual Review of Psychology, 53, 371-399.
https://doi.org/10.1146annurev.psch.53.100901.135233

Breen, R., & Ermisch, J. (2017). Educational Reproduction in Great Britain: A Prospective
Approach. European Sociological Review, 33(4), 590-603.
https://doi.org/10.1093/esr/jcx061

Breinholt, A., & Holm, A. (2020). Heterogeneous effects of less educated mothers’ further
education during early childhood on children’s educational performance in
adolescence. Research in Social Stratification and Mobility, 68, 100506.
https://doi.org/10.1016/j.rssm.2020.100506

Brown, S., Mcintosh, S., & Taylor, K. (2011). Following in Your Parents’ Footsteps?
Empirical Analysis of Matched Parent-Offspring Test Scores. Oxford Bulletin of
Economics and Statistics, 73(1), 0305-9049. https://doi.org/10.1111/].1468-
0084.2010.00604.x

Butler, N., Bynner, J.M. (2016). University of London. Institute of Education. Centre for
Longitudinal Studies. 1970 British Cohort Study: Ten-Year Follow-Up, 1980. [data
collection]. 6th Edition. UK Data Service. SN: 3723, http://doi.org/10.5255/UKDA-
SN-3723-7

Carneiro, P., Meghir, C., & Parey, M. (2013). Maternal education, home environments, and

the development of children and adolescents. Journal of the European Economic

24



Association, 11(SUPPL. 1), 123-160. https://doi.org/10.1111/j.1542-
4774.2012.01096.x

Chamberlain, G. (2013). University of London, Institute of Education, Centre for
Longitudinal Studies. 1970 British Cohort Study: Birth and 22-Month Subsample,
1970-1972. [data collection]. 3rd Edition. UK Data Service. SN: 2666.
http://doi.org/10.5255/UKDA-SN-2666-2

Cole, S. R., & Hernan, M. A. (2008). Constructing inverse probability weights for marginal
structural models. American Journal of Epidemiology, 168(6), 656—664.
https://doi.org/10.1093/aje/kwn164

Coleman, J. S. (1988). Social Capital in the Creation of Human Capital. American Journal of
Sociology, 94(1988), S95. https://doi.org/10.1086/228943

Conger, R. D., Conger, K. J., & Martin, M. J. (2010). Socioeconomic status, family
processes, and individual development. Journal of Marriage and Family, 72, 685—
704. https://doi.org/10.1111/j.1741-3737.2010.00725.x

Conger, R. D., Ge, X,, Elder, G. H., Lorenz, F. O., & Simons, R. L. (1994). Economic Stress,
Coercive Family Process, and Developmental Problems of Adolescents. Child
Development, 65(2), 541-561. https://doi.org/10.1111/].1467-8624.1994.tb00768.x

Conley, D., Domingue, B. W., Cesarini, D., Dawes, C., Rietveld, C. A., & Boardman, J. D.
(2015). Is the Effect of Parental Education on Offspring Biased or Moderated by
Genotype? Sociological Science, 2, 82-105. https://doi.org/10.15195/v2.a6

Crawford, C., Goodman, A., & Joyce, R. (2011). Explaining the socio-economic gradient in
child outcomes: The inter-generational transmission of cognitive skills. Longitudinal

and Life Course Studies, 2(1), 77-93. https://doi.org/10.14301/llcs.v2i1.143

25



Cuartas, J. (2022). The effect of maternal education on parenting and early childhood
development: An instrumental variables approach. Journal of Family Psychology,
36(2), 280-290. https://doi.org/10.1037/fam0000886

Davis-Kean, P. E. (2005). The Influence of Parent Education and Family Income on Child
Achievement: The Indirect Role of Parental Expectations and the Home Environment.
Journal of Family Psychology, 19(2), 294-304. https://doi.org/10.1037/0893-
3200.19.2.294

Davis-Kean, P. E., Tighe, L. A., & Waters, N. E. (2021). The Role of Parent Educational
Attainment in Parenting and Children’s Development. Current Directions in
Psychological Science, 30(2), 186-192. https://doi.org/10.1177/0963721421993116

Del Bono, E., Francesconi, M., Kelly, Y., & Sacker, A. (2016). Early Maternal Time
Investment and Early Child Outcomes. The Economic Journal, 126(596), F96-F135.
https://doi.org/10.1111/ec0j.12342

Dickson, M., Gregg, P., & Robinson, H. (2016). Early, late or never? When does parental
education impact child outcomes? The Economic Journal, 126(596), F184-F231.
https://doi.org/10.1111/ec0j.12356

Dotti Sani, G. M., & Treas, J. (2016). Educational Gradients in Parents’ Child-Care Time
Across Countries, 1965-2012. Journal of Marriage and Family, 78(4), 1083-1096.
https://doi.org/10.1111/jomf.12305

Duncan, G. J., Bergman, L., Duckworth, K., Kokko, K., Lyyra, A.-L., Metzger, M.,
Pulkkinen, L., & Simonton, S. (2012). Child Skills and Behaviors in Intergenerational
Inequality. In J. Ermisch, M. Jantti, & T. Smeeding (Eds.), From Parents to Children

(pp. 207-234). Russell Sage Foundation; JSTOR.

26



Duncan, G. J., & Magnuson, K. (2012). Socioeconomic status and cognitive functioning:
Moving from correlation to causation. Wiley Interdisciplinary Reviews: Cognitive
Science, 3(3), 377-386. https://doi.org/10.1002/wcs.1176

Duncan, G. J., & Magnuson, K. A. (2003). Off with hollingshead: Socioeconomic resources,
parenting, and child development. In M. H. Bornstein & R. H. Bradley (Eds.),
Socioeconomic Status, Parenting, and Child Development (pp. 83-106). Lawrence
Erlbaum Associates.

Duncan, G. J., Magnuson, K., & Votruba-Drzal, E. (2017). Moving Beyond Correlations in
Assessing the Consequences of Poverty. Annual Review of Psychology, 68(1), 413—
434. https://doi.org/10.1146/annurev-psych-010416-044224

Elliott, Colin D., Pauline Smith, and Kay McCulloch. (1996). British Ability Scales Second
Edition (BAS IlI): Administration and Scoring Manual. London: National Foundation
for Educational Research—Nelson.

Elliott, Colin D., Pauline Smith, and Kay McCulloch. (1997). British Ability Scales Second
Edition (BAS I1): Technical Manual. London: National Foundation for Educational
Research—Nelson.

Elliott, Colin D., David J. Murray, and Lea S. Pearson. (1979). British Ability Scales. Slough:
NFER.

Elliott, J., & Shepherd, P. (2006). Cohort profile: 1970 British Birth Cohort (BCS70).
International Journal of Epidemiology, 35(4), 836-843.
https://doi.org/10.1093/ije/dyl174

Elwert, F., & Winship, C. (2010). Effect Heterogeneity and Bias in Main-Effects-Only
Regression Models. In R. Dechter, H. Geffner & J. Y. Halpern (Eds.), Heuristics,
Probability and Causality: A Tribute to Judea Pearl (pp. 327-336). College

Publication

27



Elwert, F., & Winship, C. (2014). Endogenous Selection Bias: The Problem of Conditioning
on a Collider Variable. Annual Review of Sociology, 40(1), 31-53.
https://doi.org/10.1146/annurev-soc-071913-043455

Evans, G. W., & Kim, P. (2007). Childhood Poverty and Health. Cumulative risk exposure
and stress dysregulation. Psychological Science, 18(11), 953-958.
https://doi.org/10.1111/j.1467-9280.2007.02008.x

Fiorini, M., & Keane, M. P. (2014). How the Allocation of Children’s Time Affects
Cognitive and Noncognitive Development. Journal of Labor Economics, 32(4), 787—
836. https://doi.org/10.1086/677232

Fleury, N., & Gilles, F. (2018). The intergenerational transmission of education. A meta-
regression analysis. Education Economics, 26(6), 557-573.
https://doi.org/10.1080/09645292.2018.1517863

Fort, M., Schneeweis, N., & Winter-Ebmer, R. (2016). Is education always reducing fertility?
Evidence from compulsory schooling reforms. The Economic Journal, 126(595),
1823-1855. https://doi.org/10.1111/ec0j.12394

Gammage, P. (1982). Children and Schooling: Issues in Childhood Socialisation. London:
George Allen and Unwin.

Gennetian, L. A., Magnuson, K., & Morris, P. A. (2008). From statistical associations to
causation: What developmentalists can learn from instrumental variables techniques
coupled with experimental data. Developmental Psychology, 44(2), 381.
https://doi.org/10.1037/0012-1649.44.2.381

Guo, G., & Harris, K. M. (2000). The Mechanisms Mediating the Effects of Poverty on
Children’s Intellectual Development. Demography, 37(4), 431-447.

https://doi.org/10.1353/dem.2000.0005

28



Gustafsson, S. (2001). Optimal age at motherhood. Theoretical and empirical considerations
on postponement of maternity in Europe. Journal of Population Economics, 14(2),
225-247. https://doi.org/10.1007/s001480000051

Harding, J. F. (2015). Increases in maternal education and low-income children’s cognitive
and behavioral outcomes. Developmental Psychology, 51(5), 583.
https://doi.org/10.1037/a0038920

Harding, J. F., Morris, P. A., & Hughes, D. (2015). The Relationship Between Maternal
Education and Children’s Academic Outcomes: A Theoretical Framework. Journal of
Marriage and Family, 77(1), 60—76. https://doi.org/10.1111/jomf.12156

Hart, B., & Risley, T. R. (1995). Meaningful differences in the everyday experiences of
young American children. Paul H Brookes Publishing.

Hart, S., Little, C., & van Bergen, E. (2021). Nurture might be nature: Cautionary tales and
proposed solutions. NPJ Science of Learning, 6(2). https://doi.org/10.1038/s41539-
020-00079-z

Haveman, R., & Wolfe, B. (1994). Succeeding Generations: On the Effects of Investments in
Children. Russell Sage Foundation.

Hernan, M., & Robins, J. (2020). Causal Inference: What if. Chapman & Hall/CRC.

Hoff, E. (2003). The Specificity of Environmental Influence: Socioeconomic Status Affects
Early Vocabulary Development Via Maternal Speech. Child Development, 74(5),
1368-1378. https://doi.org/10.1111/1467-8624.00612

Holmlund, H., Lindahl, M., & Plug, E. (2011). The Causal Effect of Parents’ Schooling on
Children’s Schooling: A Comparison of Estimation Methods. Journal of Economic
Literature, 49(3), 615-651. https://doi.org/10.1257/jel.49.3.615

Hurtado, N., Marchman, V. A., & Fernald, A. (2008). Does input influence uptake? Links

between maternal talk, processing speed and vocabulary size in Spanish-learning

29



children. Developmental Science, 11(6), 31-39. https://doi.org/10.1111/j.1467-
7687.2008.00768.x

Hutteman, R., Bleidorn, W., Penke, L., & Denissen, J. J. (2013). It takes two: A longitudinal
dyadic study on predictors of fertility outcomes. Journal of personality, 81(5), 487-
498. https://doi.org/10.1111/jopy.12006

Kalb, G., & Van Ours, J. C. (2014). Reading to young children: A head-start in life?
Economics of Education Review, 40, 1-24.
https://doi.org/10.1016/j.econedurev.2014.01.002

Kalil, A., Ryan, R., & Corey, M. (2012). Diverging Destinies: Maternal Education and the
Developmental Gradient in Time With Children. Demography, 49(4), 1361-1383.
https://doi.org/10.1007/s13524-012-0129-5

Kaushal, N., Magnuson, K., & Waldfogel, J. (2011). How is Family Income Related to
Investments in Children’s Learning? In Whither Opportunity? Rising Inequality,
Schools, and Children’s Life Chances. Russell Sage Foundation.

Kong, A., Thorleifsson, G., Frigge, M. L., Vilhjalmsson, B. J., Young, A. I., Thorgeirsson, T.
E., ... & Stefansson, K. (2018). The nature of nurture: Effects of parental
genotypes. Science, 359(6374), 424-428. https://doi.org/10.1126/science.aan6877

Kravdal, @., & Rindfuss, R. R. (2008). Changing relationships between education and
fertility: A study of women and men born 1940 to 1964. American Sociological
Review, 73(5), 854-873.

Lawrence, M., & Breen, R. (2016). And Their Children after Them? The Effect of College on
Educational Reproduction. American Journal of Sociology, 122(2), 532-572.

https://doi.org/10.1086/687592

30



Liu, H. (2018). Social and Genetic Pathways in Multigenerational Transmission of
Educational Attainment. American Sociological Review, 83(2), 278-304.
https://doi.org/10.1177/0003122418759651

Lundborg, P., Nilsson, A., & Rooth, D.-O. (2014). Parental education and offspring
outcomes: Evidence from the Swedish compulsory School Reform. American
Economic Journal: Applied Economics, 6(1), 253-278.
https://doi.org/10.1257/app.6.1.253

Magnuson, K. A. (2007). Maternal Education and Children’s Academic Achievement During
Middle Childhood. Developmental Psychology, 43(6), 1497-1512.
https://doi.org/10.1037/0012-1649.43.6.1497

Magnuson, K. A., Sexton, H. R., Davis-Kean, P. E., & Huston, A. C. (2009). Increases in
maternal education and young children’s language skills. Merrill-Palmer Quarterly
55(3), 319-350.

Mare, R. D., & Song, X. (2023). Social mobility in multiple generations. Research in Social
Stratification and Mobility, 100806. https://doi.org/10.1016/j.rssm.2023.100806

Marks, G. N., & O’Connell, M. (2021). No evidence for cumulating socioeconomic
advantage. Ability explains increasing SES effects with age on children’s domain test
scores. Intelligence, 88, 101582. https://doi.org/10.1016/j.intell.2021.101582

Mercy, J. A., & Steelman, L. C. (1982). Familial Influence on the Intellectual Attainment of
Children. American Sociological Review, 47(4), 532-542.
https://doi.org/10.2307/2095197

Morgan, S. L., & Todd, J. J. (2008). A diagnostic routine for the detection of consequential
heterogeneity of causal effects. Sociological Methodology, 38(1), 231-282.

https://doi.org/10.1111/].1467-9531.2008.00204.x

31



Nisbett, R. E., Aronson, J., Blair, C., Dickens, W., Flynn, J., Halpern, D. F., & Turkheimer,
E. (2012). Intelligence: New findings and theoretical developments. American
Psychologist, 67(2), 130-159. https://doi.org/10.1037/a0026699

Nisén, J., Martikainen, P., Silventoinen, K., & Myrskyla, M. (2014). Age-specific fertility by
educational level in the Finnish male cohort born 1940-1950. Demographic Research,
31, 119-136. https://doi.org/10.4054/DemRes.2014.31.5

Price, J., & Kalil, A. (2019). The Effect of Mother—Child Reading Time on Children’s
Reading Skills: Evidence From Natural Within-Family Variation. Child Development,
90(6). https://doi.org/10.1111/cdev.13137

Reardon, S. F. (2011). The widening academic achievement gap between the rich and the
poor: New evidence and possible explanations. In R. Murnane & G. Duncan (Eds.),
Whither Opportunity?: Rising Inequality, Schools, and Children’s Life Chances.

Rowe, M. L. (2008). Child-directed speech: Relation to socioeconomic status, knowledge of
child development and child vocabulary skill. Journal of Child Language, 35(1), 185—
205. https://doi.org/10.1017/S0305000907008343

Rowe, M. L. (2017). Understanding Socioeconomic Differences in Parents’ Speech to
Children. Child Development Perspectives, 0(0), 1-6.
https://doi.org/10.1111/cdep.12271

Rowe, M. L., Denmark, N., Harden, B. J., & Stapleton, L. M. (2016). The role of parent
education and parenting knowledge in children’s language and literacy skills among
White, Black, and Latino families. Infant and Child Development, 25(2), 198-220.
https://doi.org/10.1002/icd.1924

Rutter, M., Tizard, J., and Whitmore, K. (1970). Education, health and behaviour, London:

Longmans.

32



Sayer, L. C., Bianchi, S. M., & Robinson, J. P. (2004). Are Parents Investing Less in
Children? Trends in Mothers’ and Fathers’ Time with Children. American Journal of
Sociology, 110(1), 1-43. https://doi.org/10.1086/386270

Sharma, R., Biedenharn, K. R., Fedor, J. M., & Agarwal, A. (2013). Lifestyle factors and
reproductive health: taking control of your fertility. Reproductive Biology and
Endocrinology, 11(1), 1-15.

Shonkoff, J. P., & Phillips, D. A. (2000). From neurons to neighborhoods: The science of
early childhood development. National Academies Press.

Song, X., & Mare, R. D. (2015). Prospective versus retrospective approaches to the study of
intergenerational social mobility. Sociological Methods & Research, 44(4), 555-584.
https://doi.org/10.1177/0049124114554460

Strenze, T. (2007). Intelligence and socioeconomic success: A meta-analytic review of
longitudinal research. Intelligence, 35(5), 401-426.
https://doi.org/10.1016/j.intell.2006.09.004

Suizzo, M. A., & Stapleton, L. M. (2007). Home-based parental involvement in young
children’s education: Examining the effects of maternal education across U.S. ethnic
groups. Educational Psychology, 27, 533-556.
https://doi.org/10.1080/01443410601159936

Sullivan, A., Moulton, V., & Fitzsimons, E. (2021). The intergenerational transmission of
language skill. The British Journal of Sociology, 72(2), 207-232.
https://doi.org/10.1111/1468-4446.12780

Tighe, L. A., & Davis-Kean, P. E. (2021). The Influence of College Education on Parents and
Children in Low-Income Families. Merrill-Palmer Quarterly, 67(3), 293-328.

https://doi.org/10.13110/merrpalmquar1982.67.3.0293

33



University of London, Institute of Education, Centre for Longitudinal Studies (2016). 1970
British Cohort Study: Thirty-Four-Year Follow-Up, 2004-2005. [data collection]. 4th
Edition. UK Data Service. SN: 5585, http://doi.org/10.5255/UKDA-SN-5585-3

Vernon-Feagans, L., Bratsch-Hines, M., Reynolds, E., & Willoughby, M. (2020). How early
maternal language input varies by race and education and predicts later child
language. Child Development, 91(4), 1098-1115. https://doi.org/10.1111/cdev.13281

Weisleder, A., & Fernald, A. (2013). Talking to children matters: Early language experience
strengthens processing and builds vocabulary. Psychological Science, 24(11), 2143
2152. https://doi.org/10.1177/0956797613488145

Wertz, J., Moffitt, T. E., Agnew-Blais, J., Arseneault, L., Belsky, D. W., Corcoran, D. L.,
Houts, R., Matthews, T., Prinz, J. A., & Richmond-Rakerd, L. S. (2020). Using DNA
from mothers and children to study parental investment in children’s educational
attainment. Child Development, 91(5), 1745-1761.
https://doi.org/10.1111/cdev.13329

Wood, J., Neels, K., & Kil, T. (2014). The educational gradient of childlessness and cohort
parity progression in 14 low fertility countries. Demographic Research, 31, 1365—
1416. https://doi.org/10.4054/DemRes.2014.31.46

Young, A. (2022). Consistency without inference. Instrumental Variables in Practical
Application. European Economic Review, 147, 104112.

https://doi.org/10.1016/j.euroecorev.2022.104112

34



FIGURES

G

Figure 1. Causal model. G = Grandparent characteristics (first generation); P =
Parent characteristics (second generation); X = Parental education; C = Having
children; Y = Child cognitive ability (third generation); Dashed border means U

is unmeasured.
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TABLES

Table 1. Means and proportions for covariates by second generations’ educational

attainment.

Degree or higher Below degree
SG characteristics
SG cognitive ability 0.58 -0.11
SG birthweight in grams 3357.73 3295.30
SG number of siblings
None 0.10 0.10
One 0.52 0.46
Two 0.28 0.30
Three 0.07 0.10
More than three 0.03 0.05
SG locus of control 8.30 6.95
SG problem behavior
Normal (below the 80" percentile) 0.88 0.80
Moderate (between 80" and 95" 0.10 0.15
percentile)
Severe (above 95™ percentile) 0.02 0.05
SG partner’s education
No partner 0.29 0.26
Partner left education at age 16 or 0.27 0.51
younger
Partner left education at age 17/18 0.18 0.18
Partner left education at age 19-22 0.10 0.02
Partner left education at age 23+ 0.16 0.03
FG characteristics
FG education: degree or higher 0.34 0.10
FG income (weekly) in £
Less than £35 per week 0.01 0.02
£35 to 49£ per week 0.02 0.04
£50 to £99 per week 0.21 0.32
£100 to £149 per week 0.34 0.39
£150 to £199 per week 0.22 0.15
200 to £249 per week 0.11 0.05
More than £250 per week 0.10 0.04
FG aspirations: pursue higher 0.30 0.11
education: Yes
N 1,495 3,324

Source: British Cohort Study (BCS70). Note. Statistics pertain to full sample, including second
generation members without natural or adopted children (aged 3-16) living in the household. SG =
Second Generation, FG = First Generation.
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Table 2. Means and proportions for secondary generations’ educational attainment and

covariates by censoring status (children living in household).

Censored Uncensored
SG characteristics
SG degree or higher: Yes 0.39 0.23
SG cognitive ability 0.22 -0.26
SG birthweight in grams 3316.55 3313.48
SG number of siblings
None 0.10 0.10
One 0.51 0.45
Two 0.28 0.30
Three 0.09 0.09
More than three 0.03 0.06
SG locus of control 7.62 7.10
SG problem behavior
Normal (below the 80™ percentile) 0.84 0.82
Moderate (between 80" and 95" 0.13 0.14
percentile)
Severe (above 95™ percentile) 0.03 0.04
SG partner’s education
No partner 0.40 0.13
partner left education at age 16 or 0.29 0.58
younger
partner left education at age 17/18 0.15 0.20
partner left education at age 19-22 0.06 0.04
partner left education at age 23+ 0.09 0.05
FG characteristics
FG education: degree or higher 0.21 0.13
FG income (weekly) in £
Less than £35 per week 0.02 0.02
£35 to 49£ per week 0.04 0.04
£50 to £99 per week 0.26 0.30
£100 to £149 per week 0.37 0.37
£150 to £199 per week 0.18 0.17
200 to £249 per week 0.07 0.06
More than £250 per week 0.07 0.04
FG aspirations: pursue higher 0.19 0.14
education: Yes
N 2,466 2,353

Source: British Cohort Study (BCS70). Note. Uncensored = observed with valid information on
natural or adopted children (aged 3-16) living in the household. SG = Second Generation, FG = First
Generation.
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Table 3. Estimated differences in children’s verbal and numerical ability by parental education.

Verbal ability Unadjusted IPTW1 IPTW2 IPCW IPTW2xIPCW
Parental degree 5.48™" 2.09 0.32 7.03™ 1.81
(Ref. no degree) (1.43) (1.78) (2.21) (1.48) (1.82)

N 1,042 1,042 1,042 1,042 1,042
Numerical ability Unadjusted IPTW1 IPTW2 IPCW IPTW2xIPCW
Parental degree 4.35™" 2.51 1.97 4.95™" 1.43
(Ref. no degree) (1.19) (1.42) (1.73) (1.37) (1.31)
N 1,031 1,031 1,031 1,031 1,031

Source: BCS70; Note: Test scores are age-normalised; Analysis is restricted to first-born children with valid
information on cognitive ability who were randomly selected from the uncensored sample (second generation
living with their natural or adopted children at age 34); Numbers in parentheses are standard errors; IPTW1 =
Inverse probability of treatment weights based on parental cognitive ability; IPTW2 = Inverse probability of
treatment weights based on all covariates; IPCW = inverse probability of censoring weights; standard errors in
parentheses; “ p < 0.05, ™ p < 0.01, ™ p < 0.001.
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Table S1. Summary Statistics.

Mean/Proportion SD Min Max
TG outcome*
Verbal ability 4.70 19.61 -74.65 74.74
Numerical ability 1.43 16.23 -60.90 66.99
Exposure
SG education: degree or higher 0.31 0.00 1.00
Confounder: SG characteristics
SG birthweight in grams 3315.05 524.86 680.00 5448.00
SG cognitive ability 0.10 0.96 -3.33 3.37
SG number of siblings
None 0.10 0.00 1.00
One 0.48 0.00 1.00
Two 0.29 0.00 1.00
Three 0.09 0.00 1.00
More than three 0.04 0.00 1.00
SG locus of control 7.37 2.90 0.00 15.00
SG problem behavior
Normal (below the 80™ percentile) 0.83 0.00 1.00
Moderate (between 80" and 95" percentile) 0.14 0.00 1.00
Severe (above 95™ percentile) 0.04 0.00 1.00
SG partner’s education
No partner 0.27 0.00 1.00
Partner left education at age 16 or younger 0.44 0.00 1.00
Partner left education at age 17/18 0.18 0.00 1.00
Partner left education at age 19-22 0.05 0.00 1.00
Partner left education at age 23+ 0.07 0.00 1.00
Confounder: FG characteristics
FG education: degree or higher 0.17 0.00 1.00
FG income (weekly) in £
Less than £35 per week 0.02 0.00 1.00
£35 to 49£ per week 0.04 0.00 1.00
£50 to £99 per week 0.28 0.00 1.00
£100 to £149 per week 0.37 0.00 1.00
£150 to £199 per week 0.17 0.00 1.00
200 to £249 per week 0.07 0.00 1.00
More than £250 per week 0.05 0.00 1.00
FG aspirations: pursue higher education
Yes 0.17 0.00 1.00
No 0.83 0.00 1.00

Source: British Cohort Study (BCS70); Note: TG = Third Generation, SG = Second Generation, FG = First
Generation. Summary statistics based on full SG sample (N = 4,819). * Verbal ability measure based on TG
sample (N = 1,042); numerical ability measure based on TG sample (N = 1,031).
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Table S2. Summary of models estimating denominator of treatment weight (logistic
regressions).

Denominator treatment Denominator treatment
weight parental cognitive weight all confounders
ability
SG cognitive ability 0.87 (0.04) ™ 0.54 (0.05) ™
SG birthweight in grams -0.00 (0.00)
SG number of siblings (ref.: None)
One -0.11 (0.12)
Two -0.08 (0.13)
Three -0.18 (0.17)
More than three -0.00 (0.22)
SG locus of control 0.05 (0.01)
SG problem behavior (ref.: Normal)
Moderate -0.30 (0.27)
Severe -0.37 (0.48)
SG partner’s education (ref.: No partner)
Partner left education at age 16 or younger -0.63 (0.09) ™
Partner left education age 17/18 -0.21 (0.10)"
Partner left education age 19-22 0.92 (0.17)™
Partner left education age 23+ 1.15(0.15) ™
FG education: degree or higher 0.78 (0.10) ™
FG income (ref.: Less than £35 per week)
£35 to 49£ per week 0.17 (0.38)
£50 to £99 per week 0.34 (0.33)
£100 to £149 per week 0.49 (0.33)
£150 to £199 per week 0.66 (0.34)
200 to £249 per week 0.70 (0.35)
More than £250 per week 0.54 (0.36)
FG aspirations: pursue higher education
(ref.: No)
Yes 0.71 (0.21)™
Constant -1.01 (0.04) ™ -1.69 (0.42)
N 4,819 4,819

Source: British Cohort Study (BCS70). Note. SG = Second Generation, FG = First Generation. Robust
standard errors in parentheses. Statistics pertain to full SG sample, including SG members without natural
or adopted children living in the household. " p < .05, ™ p < .01, ™ p < .001.
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Table S3. Summary of model estimating denominator of censoring weight

(logistic regression).

Denominator censoring weight

SG degree or higher (ref.: No)

Yes

SG cognitive ability

SG birthweight in grams

SG number of siblings (ref.: None)

One

Two

Three

More than three

SG locus of control

SG problem behavior (ref.: Normal)
Moderate

Severe

SG partner’s education (ref.: No partner)
Partner left education at age 16 or younger
Partner left education age 17/18

Partner left education age 19-22
Partner left education age 23+

FG education: degree or higher

FG income (ref.: Less than £35 per week)
£35 to 49£ per week

£50 to £99 per week

£100 to £149 per week

£150 to £199 per week

200 to £249 per week

More than £250 per week

FG aspirations: pursue higher education
(ref.: No)

Yes

Constant

N

0.41 (0.08) ™
0.14 (0.04) ™
-0.00 (0.00)

0.08 (0.11)
-0.09 (0.12)
0.06 (0.15)
-0.61 (0.19) ™
0.02 (0.01)

-0.05 (0.09)
-0.17 (0.17)

-1.81 (0.08)
-1.51 (0.10) ™
-1.02 (0.16) ™
-0.86 (0.14) ™
0.16 (0.10)

-0.00 (0.29)
0.00 (0.25)
0.08 (0.25)
-0.04 (0.26)
-0.03 (0.28)
0.09 (0.29)

-0.06 (0.09)
0.98 (0.34) ™
4,819

Source: British Cohort Study (BCS70). Note. SG = Second Generation, FG = First
Generation. Robust standard errors in parentheses. Estimates presented as logit
coefficients. Censoring = no natural or adopted children between age 3 and 16 living in

SG’s household. " p < .05, ™ p < .01, "™ p < .001.



Table S4. Descriptive statistics for inverse probability weights.

Percentiles
M SD 1 25t 75t 99th
Treatment weight 1.01 0.69 0.35 0.77 0.99 4.02
(TW)*
Censoring weight 0.99 0.60 0.60 0.72 1.00 2.97
(Cw)
TW x CW 1.01 0.91 0.44 0.56 1.08 4.69

Source: British Cohort Study (BCS70). Note. Statistics pertain to uncensored sample. * Treatment weight based on
denominator model with all confounders (see Table S2).
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