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Abstract

Sibship size is a widely studied predictor of educational attainment. However, existing research
documents its average effect on schooling, not whether it reshapes how strongly children's indi-
vidual potential translates into attainment. This study tests that question using a child's educational
attainment polygenic index (EA PGI) as a marker of educational propensity. Controlling for pa-
rental genotype leaves any remaining variation in children's genetic marker randomized, providing
a natural experiment that identifies direct genetic effects on completed education. Across more
than 17,000 genotyped respondents from two large-scale surveys conducted in the United States,
Add Health and the Wisconsin Longitudinal Study, each with parental EA PGIs Mendelian-im-
puted from genotyped sibling pairs, the EA PGI's effect on years of schooling declines by roughly
20-25 percent from one to six siblings (1.08-0.86 years per SD in Add Health; 0.90-0.68 in WLS).
The attenuation is replicated in both cohorts and remains statistically significant in the WLS after
conditioning on parental EA PGlIs; a related analysis using a parental fertility PGI as a proxy for
sibship size supports these findings. Because larger sibships are concentrated among disadvan-
taged families, this pattern is consistent with resource dilution, and represents a channel through

which stratified fertility reproduces educational inequality.
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Introduction

Families shape children’s educational attainment not only by possessing or lacking resources, but
also by allocating them. How parents distribute their time, attention, money, and cultural guidance
across their children determines which of their children’s educational strengths are recognized and
enhanced. This within-family allocation process is a central mechanism through which social ine-
quality is reproduced across generations (Blau and Duncan 1967; Breen and Jonsson 2005; Lareau
2011; Torche 2015). Two features of this family resource environment matter here: how many
children share the family’s resources (a child’s sibship size, i.e., the number of brothers and sisters
the child grows up with), and how those resources are divided among them. This study asks how
the first feature shapes the second. As the number of children competing for the family’s resources
grows, the level of investment in any particular child's strengths may diminish. This directly shapes
the distribution of educational opportunity: if larger sibships reduce the effect of educational pro-
pensity on attainment, then family structure would shape not merely how much children achieve,
but also which children’s capabilities are translated into educational attainment.

The association between sibship size and educational attainment is among the most replicated in
stratification research, and it is one of the most contested in causal terms (Blake 1981; Downey
1995; Steelman et al. 2002). The negative gradient is often attributed to resource dilution: as more
children compete for the resources their parents can provide, average investment per child declines,
resulting in lower educational attainment (Becker and Lewis 1973; Becker and Tomes 1976). Re-
search using causal identification strategies, including twin births and sibling sex composition in-
struments, finds smaller and more heterogeneous average effects than observational estimates,
which suggests that the observed gradient partly reflects selection on family background (Angrist

and Evans 1998; Black, Devereux, and Salvanes 2005; Rosenzweig and Wolpin 1980). Sibship



size is itself socially stratified and is historically more common among lower-SES and minority
families (Choi et al. 2020; Fahey 2017). This links the consequences of growing up in a large
family to broader conditions of socioeconomic disadvantage (Cherlin 2010; Fomby and Johnson
2022; McLanahan 2004).

While the average effect of sibship size on education is well established, little is known about
whether a higher number of siblings shapes the extent to which individual educational potential
translates into educational outcomes. If larger sibships reduce the level of investment in each
child's specific strengths, then children's individual educational propensity should become less
predictive of their completed schooling as sibship size increases. As educational attainment in-
creasingly determines life chances (Bloome, Dyer, and Zhou 2018; Bloome and Western 2011;
Chetty et al. 2020; Hout 1988; Hout and Janus 2011; Mare 1981; van de Werthorst 2024), a weaker
association between educational propensity and educational attainment in larger sibships would
appear to increase the impact of stratified fertility on inequality. Thus, it is important to examine
how individual educational propensity is reflected in educational outcomes across family contexts.
Therefore, I examine in this study whether growing up with more siblings weakens the effect of
individual children’s polygenic propensity on their realized education.

In order to test this question, I focus on the educational attainment polygenic index (EA PGI) as
an observable indicator of a child's educational propensity that varies within families and is not
itself a product of parental investment. This marker is created based on a large-scale genome-wide
association study (Okbay et al. 2022). It captures variation in educational propensity at the indi-
vidual level and can predict educational attainment between and within families. However, it is
not a measure of fixed ability. The effect of the EA PGI on educational attainment varies substan-

tially across social contexts, including across countries (Baier et al. 2022) and family SES levels



(Ghirardi and Bernardi 2025). A key identifying feature is that variation in children's EA PGIs
arising from Mendelian segregation is neither chosen nor anticipated by parents, as siblings receive
different PGIs through the random lottery of genetic inheritance. However, an important compli-
cation is that a child's PGI partly reflects the family-level genetic environment constructed by
parents, a phenomenon termed “genetic nurture” (Kong et al. 2018). Because both samples used
in this study contain genotyped sibling pairs, the mid-parental PGI can be imputed from the sib-
lings' genotypes, and controlling for Mendelian-imputed parental EA PGI addresses this issue di-
rectly: any residual variation in a child's PGI after parental PGI is held constant is attributable to
random Mendelian segregation. This provides a natural experiment in which the children’s PGI is
€x0genous.

The empirical analysis draws on genotyped respondents from two independent studies: the Na-
tional Longitudinal Study of Adolescent to Adult Health (Add Health), a nationally representative
sample of U.S. adolescents followed into adulthood (Harris et al. 2019), and the Wisconsin Lon-
gitudinal Study (WLS), a probability sample of Wisconsin high school graduates and their siblings
from 1957 who are followed across more than five decades (Herd, Carr, and Roan 2014; Sewell,
Hauser, and Wolf 1980). The analyses reveal that in both samples, the relationship between the EA
PGI and years of schooling is weakened by approximately 20 to 25 percent when comparing indi-
viduals with one sibling and those with six siblings, and that this pattern persists after conditioning
on the Mendelian-imputed parental EA PGI. These findings suggest that the suppression of the
individual biological propensity for educational success by a higher number of siblings is a crucial
mechanism explaining the negative effect of sibship size on education. In light of stratified fertility,
whereby socioeconomically disadvantaged families have more children, this phenomenon pre-

dominantly affects individuals who are already in a vulnerable societal position.



This study makes three contributions. First, it moves the focus of the question about the impact of
sibship size from how much children achieve on average to how fully each child’s own propensity
is realized, which is a within-family question that studies of average effects cannot answer. Second,
it puts polygenic markers to new use by applying them not as measures of fixed ability, but rather
as markers of a child’s propensity that are randomized across siblings once parental genotype is
held constant, which makes an otherwise hidden process of family resource allocation observable.
Third, by finding the same pattern in two cohorts born four decades apart, it shows that this allo-
cation process is a durable feature of how families turn potential into education, and links this

process to the stratified fertility that concentrates large sibships among disadvantaged families.

Sibship Size and the Educational Attainment of Individual Children

Sibship Size as a Stratified Family Context

Fertility is socially stratified by factors such as class, education, race, and religion. This means that
sibship size is one element of the unequal family contexts of children, which are often established
before they reach school age (Choi et al. 2020; Fahey 2017; Hayford and Morgan 2008; Schubert,
Skirbekk, and Nisén 2026). The prevalence and penalties framework of Brady, Finnigan, and
Hiibgen (2017) highlights that sibship size affects inequality not only because exposure to large
families is unequally distributed, but also because the consequences of that exposure may vary
across social groups. Boertien and Bernardi (2022) extended this logic by showing that changes in
family structure, such as increases in divorce and non-marital childbearing, have reinforced edu-
cational inequality for daughters but not for sons.

The 1957 Wisconsin cohort came of age when socioeconomic gradients in sibship size were still

strong (Mare 1981). These gradients persisted into the later decades covered by the Add Health



cohorts, although they weakened over time (Fahey 2017). The United States is a particularly in-
formative context for examining the educational consequences of these patterns because in the
U.S., the burden of child investment falls more heavily on families than on public institutions
(Chetty et al. 2014; Schneider, Hastings, and LaBriola 2018). The influence of the family environ-
ment on children’s education is particularly strong in the United States (Gritz et al. 2021). Torche
(2015) has characterized the United States as a relatively high-inequality, low-mobility setting in
which education serves as the primary driver for both intergenerational reproduction and social
mobility. Thus, family conditions that shape educational attainment are especially consequential

in this context.

Family Investment and the Translation of Propensity into Attainment

The family is an environment in which parents invest their time, attention, money, cultural
knowledge, and interactional effort into their children's educational outcomes. In high-investing
families, parents cultivate their children's development, providing them with economic, cultural,
and social resources (Hamilton, Cheng, and Powell 2007). Socioeconomically advantaged families
transmit resources through organized activities, assistance with institutional navigation, and lan-
guage practices that schools reward, while less advantaged families are less able to engage in this
form of concerted cultivation (Lareau 2011). The capacity to translate socioeconomic resources
into educational advantage depends on specific parenting practices that vary systematically by
social background (Roksa and Potter 2011). Moreover, given that parents’ economic resources are
partly a proxy for their cognitive and noncognitive skills, the relationship between family back-
ground and children's educational outcomes cannot be reduced to money alone (Doren and Grod-

sky 2016).



The specific mechanisms through which families convert educational propensity into educational
attainment involve the allocation of finite time and attention in ways that are developmentally
consequential. Highly educated mothers have a greater capacity to tailor their parenting practices
to their children's age-specific needs than less educated mothers (Kalil, Ryan, and Corey 2012;
Schwartz and King 2026). As parents spending time on educational activities with their children
is among the most efficient drivers of cognitive development, parental time allocation can be seen
as a competitive process (Fiorini and Keane 2014). The majority of social origin gaps in school-
age achievement are established before formal schooling begins, which suggests that early family
investment has long-term developmental consequences (Passaretta, Skopek, and van Huizen
2022). It also indicates that extended family resources matter more in lower-SES settings, and thus

that the capacity to sustain child-specific investments is itself stratified (Jeger 2012).

The Education PGI, Child-Specific Propensity, and Genetic Nurture

Testing whether sibship size moderates the predictive power of educational propensity requires an
indicator of child-specific educational propensity that is observable prior to and is independent of
the family resource allocation process. The EA PGI serves this purpose. Derived from a genome-
wide association study of approximately 757,000 individuals (Okbay et al. 2022), the EA PGI used
in this study aggregates the estimated effects of millions of genetic variants into a single index that
explains approximately 12 to 16 percent of the variance in educational attainment in independent
validation samples of European ancestry, and predicts differences in educational attainment be-
tween families as well as within families (Domingue et al. 2015). However, polygenic markers are
not deterministic measures of ability or fixed constraints on outcomes, but should instead be un-

derstood as indicators of opportunity for achievement (Nielsen 2006; Turkheimer 2000).



In U.S. samples, associations between polygenic markers and intelligence are stronger for children
from socioeconomically advantaged families, which is consistent with the view that favorable en-
vironments permit the fuller expression of propensity (Erola et al. 2022; Rowe, Jacobson, and Van
den Oord 1999; Scarr-Salapatek 1971; Tucker-Drob and Bates 2016). This pattern is absent in
more institutionally egalitarian national contexts, thus demonstrating that the size of PGI effects
on educational attainment is an institutional phenomenon rather than a biological constant (Baier
et al. 2022). Guo and Stearns (2002) articulated this logic directly, observing that while genetic
propensity reflects the potential for educational development, whether that potential is realized
depends on the environmental conditions families provide. Silva et al. (2025) extended this pattern
to the neighborhood context by showing that neighborhood socioeconomic conditions moderate
how polygenic propensity is translated into achievement.

The effects of a child's PGI not only reflect individual educational propensity, but also partly cap-
ture the indirect effects of parental genotype on the environments parents create — a phenomenon
Kong et al. (2018) called genetic nurture. Their estimates indicate that the effects of nontransmitted
parental PGIs on children's educational attainment are approximately 30 percent as large as the
effects of transmitted scores. Young et al. (2019) showed that GWAS estimates conflate direct
genetic effects with indirect effects mediated through parental phenotypes and family environ-
ments. Wertz et al. (2019) and Bates et al. (2018) provided direct evidence that parental PGIs
predict parenting warmth, cognitive stimulation, and the socioeconomic quality of the home envi-
ronment. Nivard et al. (2024) demonstrated that these indirect genetic effects operate through dy-
nastic social processes. Without accounting for parental genotype, a regression of educational at-
tainment on a child's EA PGI risks conflating child-specific propensity with the genetically influ-

enced family environment parents create. When parental genotype is controlled for, the residual



child-PGI variation reflects Mendelian segregation, i.e., the random child-specific assignment of
parental alleles to offspring (Kong et al. 2018; Young et al. 2022). Young et al. (2022) introduced
the snipar method used here, which imputes the mid-parental PGI from the genotypes of sibling

pairs, which are available for all respondents in both restricted samples.

Sibship Size, Resource Dilution, and the Predictive Power of Educational Propensity

The resource dilution framework provides the central theoretical account of how sibship size con-
strains educational attainment. Becker and Lewis (1973) formalized the quantity-quality tradeoff:
as sibship size increases, the implicit cost of investing in any given child's quality rises, and the
average investment per child declines. Across samples and national contexts, larger sibships are
consistently associated with lower average educational outcomes, with dilution operating through
both economic resources and interactional resources such as parental time, attention, and verbal
and cognitive engagement (Blake 1981; Downey 1995; Steelman et al. 2002). Close sibling spac-
ing intensifies this competition (Powell and Steelman 1993), and causal evidence confirms that
exogenous sibship size increases reduce specific investments such as those in private school at-
tendance (Caceres-Delpiano 2006).

Becker and Tomes (1976) introduced child-specific endowments into the quantity-quality frame-
work. Their model implies that as sibship size grows, the family's capacity to respond differentially
to each child’s educational propensity diminishes. Thus, resource dilution represents not only a
reduction in average investment, but also a constraint on how much parents can invest in any par-
ticular child's strengths. As more siblings compete for parental time and attention, a child's indi-
vidual educational propensity should become less predictive of their completed schooling, because
the family's capacity to cultivate each child's specific strengths is spread across more individuals.

Moreover, differential parent-child relationships are among the primary sources of nonshared

10



experiences within families (Dunn and Plomin 1991). Further research confirms that having addi-
tional siblings reduces a child’s cognitive development, as parental resources are spread across
more children (Yu and Yan 2023). This logic extends beyond the nuclear household, with the size
of extended kin networks shaping children’s educational outcomes even in institutionally generous
contexts such as Northern European countries (Barclay and Conley 2024).

A substantial body of quasi-experimental research has examined the average causal effect of sib-
ship size on educational attainment. Studies using twin births, sex composition instruments, and
policy-generated fertility variation generally find smaller or more heterogeneous average effects
than observational estimates, which suggests that the observed gradient partly reflects selection on
family background (Angrist and Evans 1998; Angrist, Lavy, and Schlosser 2010; Black et al. 2005;
Conley and Glauber 2006; Dahl and Moretti 2008; Guo and VanWey 1999; Li, Zhang, and Zhu
2008; Mogstad and Wiswall 2016; Qian 2009; Rosenzweig and Wolpin 1980). Prior research has
quantified how sibship size affects mean educational attainment. The complementary question ad-
dressed in this study is whether sibship size also compresses how individual propensity translates
into outcomes. From this framework, the central hypothesis follows:

H1: The effect of children’s EA PGI on their educational attainment weakens as sibship

size increases.

Potential Moderators

Specific features of sibling structure may concentrate this pattern in particular family arrange-
ments. Four moderators are examined: parental SES, birth order, sibling sex composition, and the
siblings' own EA PGI. Each moderator offers reasons to expect greater attenuation in certain sub-

groups.
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Whether the impact of sibship size is further shaped by SES depends on the resource logic: if the
family's capacity to cultivate individual children's strengths is tied to the resources families can
mobilize, higher-SES families may be able to sustain child-specific investments even as sibship
size grows. Higher-SES families have more economic resources and are able to allocate parental
time in more developmentally targeted ways (Kalil et al. 2012). Class gaps in parental financial
investment widen when income inequality is higher (Schneider et al. 2018), and extended family
resources buffer educational disadvantage more in lower-SES settings (Jager 2012). However, the
concerted cultivation practices through which middle-class families convert children's potential
into realized attainment are less available to lower-class families (Lareau 2011). In lower-SES
households, each additional sibling competes for a more constrained supply of parental investment.
This reasoning leads to the following hypothesis:
H2: The decline in the EA PGI's effect on educational attainment with increasing sib-
ship size is stronger among children from lower-SES families.

Birth order shapes how parental attention and investment are distributed across children within a
family. Differential investment by birth order position emerges from sequential fertility decisions
(Ejrnes and Portner 2004), and it has been shown that first-born children receive substantially
more quality parental time per day than later-born children of the same age (Price 2008). Cognitive
gaps between first-born and later-born children emerge before age one, driven largely by differ-
ences in cognitive stimulation at home (Lehmann, Nuevo-Chiquero, and Vidal-Fernandez 2018),
with these gaps reflecting social rank within the family rather than biological birth order effects
per se (Kristensen and Bjerkedal 2007). Differential parental investment explains more than half
of the first-born child’s cognitive advantage (Pavan 2016). This pattern is robust across national

contexts (Bagger et al. 2021; Barclay, Hillsten, and Myrskyld 2017; Barclay, Lyngstad, and Conley
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2021; Black et al. 2005; Hotz and Pantano 2015; Kantarevic and Mechoulan 2006). Individuals
with higher educational potential benefit disproportionately from first-born status (Muslimova et
al. 2020), and differences in educational attainment by birth order originate in postnatal environ-
ments rather than in differences in potential (Isungset et al. 2022). Later-born children enter a
household in which parental attention and investment are already partially allocated to existing
children, which suggests that the attenuation of the effects of sibship size may be stronger for them.
This leads to the following hypothesis:

H3: The decline in the EA PGI's effect on educational attainment with increasing sib-

ship size is greater among later-born children than among first-born children.
Sibling sex composition shapes within-family investment claims in contexts where parental re-
sources follow gender lines. Sex composition predicts continued childbearing (Angrist and Evans
1998). Moreover, son preference is pervasive in parental decisions in the U.S., where fathers' res-
idential choices have been found to respond to child sex in ways consistent with differential valu-
ation (Dahl and Moretti 2008). Prior to the mid-1960s, parents were more likely to encourage and
invest in the education of their sons than of their daughters, and this differential was especially
pronounced in less educated families (Buchmann and DiPrete 2006; Raley and Bianchi 2006).
Sibships with more brothers therefore represent stronger competition for the parental cultivation
that converts educational propensity into educational attainment. This suggests that:

H4: The decline in the EA PGI's effect on educational attainment with increasing sib-

ship size is greater in sibling sets with a higher proportion of brothers.
A final potential moderator is the siblings' genetic educational propensity. If parents respond to
their children's academic orientations by directing more resources to their higher-propensity chil-

dren, a sibling with a high educational propensity represents a stronger competitor for the focal
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child's share of parental investment. The quantity-quality framework of Becker and Tomes (1976)
explicitly anticipates this, stating that child-specific endowments affect how parents optimally al-
locate their investments, thus implying that the siblings' own endowments may reduce the focal
child's share. Previous research supports this finding, showing that children's EA PGIs predict
cognitively stimulating parenting behaviors even after conditioning on parental PGIs, confirming
that parents observe and respond to child-specific propensities (Breinholt and Conley 2023).
Therefore, in a family with a fixed attentional capacity, having siblings with high polygenic pro-
pensities may increase the constraints on the focal child. This leads to the following hypothesis:
H5: The decline in the EA PGI's effect on a child’s educational attainment with in-

creasing sibship size is greater when the siblings have higher EA PGIs.

Data, Measures, and Methods

Data and Sample

The analysis uses two independent studies. The first is the National Longitudinal Study of Adoles-
cent to Adult Health (Add Health), a nationally representative, school-based sample of more than
20,000 U.S. adolescents first surveyed in 1994-95 and followed into adulthood (Harris et al. 2019).
The second is the Wisconsin Longitudinal Study (WLS), a probability sample of approximately
10,317 men and women who graduated from Wisconsin high schools in 1957 (Herd et al. 2014).
The WLS followed this cohort across multiple waves, including through mail surveys and tele-
phone interviews conducted in 1964, 1975, 1992-93, 2003-04, and 2011 (Herd et al. 2014; Sewell
et al. 1980).

Saliva and blood samples collected primarily during the 2003-04 and 2011 waves in the WLS and

at the Wave 1V interview in 2008 in Add Health provide the biological material for genotyping.
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Genotyping was conducted using standard genome-wide arrays, with quality control procedures
filtering out respondents with high rates of missing genotype data, evidence of non-European an-
cestry based on principal components, or indicators of sample contamination.

The analyses use two analytic samples for each study. The all-genotyped sample comprises all
genotyped respondents with non-missing information on years of schooling, number of siblings,
and the EA PGI, and retains respondents with zero siblings; it consists of 9,343 Add Health re-
spondents and 8,560 WLS respondents. Because the regression models additionally adjust for sex,
birth year, and ancestry principal components, the all-genotyped estimation sample consists of
9,327 Add Health respondents. This difference in size of the Add Health sample is due to listwise
deletion of cases missing a model covariate, while the WLS estimation sample is unaffected at
8,560 respondents. The restricted sample requires that respondents have at least one genotyped
sibling so that parental EA PGIs can be imputed. The final restricted sample consists of 1,271 Add
Health respondents and 4,080 WLS respondents. Sample construction is detailed in Figure Al in

the appendix. Analytic sample sizes by cohort and specification are reported in Table A11.

Measures

Educational attainment

The primary outcome is years of completed schooling, measured at approximately age 53 in the
WLS (1992-93 wave) and in early to mid-adulthood in Add Health (Wave IV interview in 2008,
at ages 24 to 34). Additionally, I ran robustness checks with two alternative outcomes: any post-

secondary schooling and bachelor's degree attainment.
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Sibship size

Sibship size is the total number of brothers and sisters ever born in the respondent's family of
origin, based on self-reported counts of brothers and sisters. The measure is recoded into an eight-
category categorical variable with levels zero through six and seven or more siblings, with one
sibling as the reference category. One sibling serves as the reference rather than zero because sin-
gletons are a qualitatively distinct group experiencing no sibling competition. Additionally, I use
a continuous specification of sibship size. In the continuous specification, singletons are retained
as a separate zero-sibling indicator interacted with the EA PGI, so that only children are not forced
onto the linear sibship-size trend; this is the source of the separate EA PGI by singleton coefficient

reported in the linear columns of Table 2.

Educational attainment polygenic index

The EA PGI is derived from the EA4 GWAS meta-analysis of Okbay et al. (2022). Because the
23andMe component cannot be publicly shared, the weights are constructed from the publicly
available subset excluding 23andMe (N=757,000) using PRS-CS (Ge et al. 2019). It aggregates
the estimated effects of millions of common genetic variants into a single individual-level score.
In both analytic samples, the EA PGI is standardized to a mean of zero and a standard deviation of
one. In the parental control models, a respondent-specific PGI is used alongside the Mendelian-
imputed parental EA PGI, which represents the mid-parent average of the two parents' estimated
scores, also standardized within the sample.

The Mendelian-imputed parental EA PGI is the primary tool for isolating the child-specific edu-
cational propensity from the family-level genetic environment. Conditional on parental genotype,

the genetic variants a child inherits are assigned by random Mendelian segregation; residual child
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PGI variation after parental PGI is held constant, and is thus attributable to child-specific propen-
sity rather than to genetic nurture (Kong et al. 2018; Young et al. 2022).

A second PGI, the cognitive performance (CP) PGI, is derived from the cognitive performance
GWAS of Lee et al. (2018) (N=258,000), and is constructed by the same PRS-CS procedure de-
scribed above. Cognitive performance captures a cluster of cognitive abilities, including working
memory, processing speed, and reasoning, that is correlated with educational attainment but con-
stitutes a distinct dimension of cognitive genetic endowment. The CP PGI is standardized to a
mean of zero and a standard deviation of one within each analytic sample; in the parental control
models, respondent-specific and Mendelian-imputed parental CP PGIs are constructed and con-
trolled for in parallel with their EA counterparts. I estimate the same set of models substituting the
CP PGI for the EA PGI throughout. If the moderation effect is specific to the genetic propensity
for educational attainment rather than reflecting a general sensitivity of cognitive endowment to

sibship size, the interaction between the CP PGI and the sibling count should be weaker.

Socioeconomic status

The interaction models use a standardized continuous parental SES composite as the moderator.
In the WLS, this composite is the factor-weighted SES score constructed from the 1957 baseline
administrative data following Sewell and Hauser (1975), which combines father's occupational
status (scored using the Duncan Socioeconomic Index), father's educational attainment, mother's
educational attainment, and family income into a single score through factor analysis. In Add
Health, the parallel moderator is a constructed parental SES composite that combines parental
education, occupation, and household income into a single standardized index. As both indicators
summarize the same underlying dimensions of parental education, occupation, and income, the

SES moderator is substantively comparable across samples. The score is standardized to a mean
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of zero and a standard deviation of one within the analytic samples, so that the three-way interac-
tion coefficient captures how the relationship between the EA PGI, sibship size, and educational

attainment varies across the observed range of parental SES.

Covariates and ancestry controls

All models include sex and birth year as demographic controls. All-genotyped models additionally
include 20 genetic principal components, which control for population structure and ancestry dif-
ferences that could otherwise confound PGI associations through stratification bias (Howe et al.
2022). In the parental control models, principal components are omitted because the parental EA

PGI absorbs the ancestry signal.

Methods

The main model regresses years of schooling on the EA PGI, a categorical sibship size indicator,
the interaction of the EA PGI with each sibling category, and controls:

Y = o+ Bpg + 6S + 6(PGI X S) + CONTROLS + ¢
where Y denotes years of schooling, PGI denotes the standardized EA PGI, S denotes sibship size
(levels 0, 2, 3, 4, 5, 6, 7+ relative to the reference of one sibling), and controls denote the vector
of genetic principal components as well as the sociodemographic control variables. The coefficient
vector § captures average attainment differences across sibling categories relative to the one sib-
ling reference, while 0 captures how the effect of the EA PGI on attainment shifts at each sibling
count relative to that reference. All models are estimated by OLS with standard errors clustered at
the family level. Additional linear models use a continuous sibling count in place of the categorical
specification, leaving a single coefficient for the EA PGIxsibship size interaction.
Parental PGI models add the Mendelian-imputed parental EA PGI (P) as a covariate:

Y = a + B,PGI + &S + O(PGI X S) + AP + CONTROLS + ¢
18



The parental EA PGI enters as a main effect A but is not interacted with sibling category, isolating
the child-specific PGI interaction 6 from the family-level genetic environment.

Heterogeneity in the attenuation is examined with a set of secondary three-way specifications. The
first extends the main equation to a three-way interaction with parental SES:

Y = a+ B,PGI + &S + $SES + 8(PGI X S) + {(PGI x SES) + n(S X SES) + k(PGI X S x SES)

+ CONTROLS + ¢

Here SES denotes the standardized continuous parental SES composite as well as a median-split
binary SES indicator in an additional model, S denotes the continuous sibling count centered at
one sibling, and the three-way interaction coefficients k identify whether the sibship size modera-
tion of the EA PGI effect on attainment is itself moderated by parental SES. Similar three-way
interaction effects are estimated with the share of female siblings and the siblings' EA PGI as the

moderator.

Identification

While the key identification approach of this study is that child EA PGI variation arising from
Mendelian segregation is exogenous in models controlling for the parental PGI, sibship size itself
is not randomly assigned. Its main effect on attainment reflects a mixture of causal and selection
influences. In sensitivity analyses, I apply three strategies to test whether sibship size can be read
as an exogenous moderator, in addition to the exogeneity of children’s polygenic propensity for
education when controlling for parental genotype.

I first test whether the child's EA PGI predicts the number of siblings, which would indicate that
the interaction is confounded by selection of high-propensity children into smaller families. Such
selection could arise if parents respond to children's observable ability by stopping childbearing

earlier (Lavy and Nussbaum 2023; MacInnes 2008).
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A second approach uses a parental fertility-related PGI as a proxy for realized sibship size (Barban
et al. 2016). The age at first birth (AFB) PGI indexes the genetic propensity for earlier childbearing
and is constructed using PRS-CS from the Barban et al. (2016) GWAS (N=251,000, excluding
23andMe). Because these PGIs reflect parental genotype, not child educational propensity, their
interaction with the child's EA PGI captures a form of exogenous sibship size moderation. Because
the parental fertility PGI is fixed at the parents' conception and, conditional on the child's own
genotype, is uncorrelated with the child's educational propensity, it is temporally prior to the child’s
outcomes. It is not, however, a valid instrument in the strict sense: a parental fertility genotype can
influence many parental traits beyond fertility timing, which could in turn affect the child directly
and interact with the child’s propensity for education for reasons unrelated to sibship size.

A third strategy uses the Angrist and Evans (1998) same-sex instrument: parents whose first two
children are the same sex are more likely to have a third child, providing exogenous variation in
sibship size. I report first-stage F statistics to assess instrument strength; given the modest first
stages, the resulting two-stage least squares estimates are interpreted as a directional check rather
than as precise causal estimates. The analysis is restricted to first-born respondents, for whom the
sex composition of the first two children is the respondent's own sex paired with the next-oldest
sibling's sex.

Scripts for replication of the dataset construction as well as all analyses in both datasets are avail-

able at https://osf.io/f7kwr/overview?view_only=192b91cc44af497¢96617487bbcc48e0.
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Results

Descriptive Patterns

Sibship size is socially stratified in both samples. The gradient is replicated in both data sources.
Figure 1 plots mean sibship size by family background, showing pronounced gradients by parental
education that are replicated across cohorts. Beyond the parental education gradient (parental col-
lege and high school graduation), other sociodemographic gradients show more cohort-specific
patterns. Farm origin and Catholic background are associated with substantially larger sibships in
the WLS cohort but not in the Add Health cohort, consistent with the distinct historical and regional
context of each sample. These patterns confirm that in both samples, exposure to large sibships is
associated with socioeconomic disadvantage, the condition under which a within-family allocation

constraint would matter most for inequality.
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Mean number of siblings by family background
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Figure 1: Mean number of siblings by family background

Table 1 reports descriptive statistics for each analytic sample. The two samples are demograph-
ically distinct: Add Health respondents were born around 1979 and observed in early adulthood,
whereas WLS respondents were born around 1939 and observed in later midlife. Both samples are
roughly balanced by sex (about 52 to 53 percent female). On average, Add Health respondents
have 2.9 siblings while WLS respondents have 3.2 siblings, with singletons making up about four
percent of each all-genotyped sample. Parental education differs across cohorts, reflecting educa-
tional expansion: approximately half of Add Health respondents have at least one college-educated
parent, compared with about 15 percent of the earlier WLS cohort. All PGIs are standardized to a

mean of zero and a standard deviation of one within each analytic sample to ensure that the
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coefficients are directly comparable across cohorts. In both samples, larger sibships are concen-
trated among children of less educated parents. Sibship size is right-skewed in both cohorts:
roughly one in 10 WLS respondents and one in 15 Add Health respondents have seven or more
siblings, and about 15 and 11 percent, respectively, have six or more siblings (Appendix Table
A14). These large families are markedly disadvantaged relative to smaller ones: the parents in
larger families have lower socioeconomic status and are less likely to be college-educated. In the
WLS sample, large families are more likely to have a Catholic and a farm origin (Appendix Table
A15). Moreover, children in large families in the Add Health sample have substantially lower EA
PGIs on average than children in smaller families, and they have a stronger gene-environment
correlation than their counterparts in the WLS sample, which underscores the need to condition on
parental genotype (Appendix Table A15). Figure A3 plots the distribution of completed schooling

in each cohort.

Table 1: Descriptive sample characteristics

Add Health / All-gen- Add Health / Re- WLS /All-geno- WLS / Re-

Variable otyped stricted typed stricted
(N=9,343) (N=1,271) (N=8,560) (N=4,080)
Education (years) 13.8 (2.2) 13.8 (2.3) 13.8(2.4) 13.9 (2.4)
Female (%) 52.3 50.0 52.5 533
Birth year 1979.0 (1.7) 1978.9 (1.7) 1939.5 (4.3) 1939.7 (4.9)
Number of siblings 2.9 (2.1) 3.2 (2.0) 3.2(2.3) 3.3(2.3)
Singleton (%) 4.0 0.0 4.1 0.0
First-born (%) 37.8 30.3 35.7 32.1
lsiﬁgrse(oo/f)female SIb- 475 49.2 49.9 50.9
EA PGI 0.0 (1.0) 0.0 (1.0) 0.0 (1.0) 0.0 (1.0)
CP PGI 0.0 (1.0) 0.0 (1.0) 0.0 (1.0) 0.0 (1.0)
EA PGI (parental) — 0.0 (1.0) — 0.0 (1.0)
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Add Health / All-gen- Add Health / Re- WLS / All-geno- WLS / Re-

Variable otyped stricted typed stricted
(N=9,343) (N=1,271) (N=8,560) (N=4,080)

AFB PGI (parental) — 0.0 (1.0) — 0.0 (1.0)

Parental SES (z) 0.0 (1.0) 0.0 (1.0) 0.0 (1.0) 0.0 (1.0)

Any parent college 5 ¢ 522 15.0 15.9

(%)

Father college (%) 36.9 38.9 9.8 10.1

Mother college (%) 39.9 38.9 10.4 11.4

Note: Cells show the mean with standard deviation in parentheses for continuous variables, and the percentage for
binary variables. "All-genotyped" is the full genotyped sample; "Restricted" is the subsample with
imputed parental PGIs. Polygenic indices (PGIs) are standardized (mean 0, SD 1) within each analytic sample.

Sibship Size Attenuates the Returns to the Education PGI

Table 2 reports the underlying coefficients for both samples across the linear and categorical spec-
ifications. The EA PGI is a strong and statistically significant predictor of completed schooling in
every model, and its main effect is of similar magnitude across the two cohorts: in the all-geno-
typed linear models, a one standard deviation increase in the EA PGI is associated with 1.08 addi-
tional years of schooling in the Add Health sample and 0.90 additional years of schooling in the
WLS sample (both p<.001). The key term, the linear EA PGI by sibship interaction, is negative
and statistically significant in both samples (Add Health -0.045, WLS -0.042; both p<.001), indi-
cating that the returns to genetic educational propensity are reliably lower in larger sibships. This
interaction remains negative when the Mendelian-imputed parental EA PGI is added. In the WLS
it is statistically significant (-0.039, p<.01); in the smaller Add Health restricted sample it is of
comparable magnitude but is not statistically significant (-0.069). The parental EA PGI itself is not
significantly associated with educational attainment in these models (Add Health 0.229; WLS

0.091).
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Table 2: OLS regression results

All-genotyped (linear)

All-genotyped (categori-

cal)

Restricted (linear)

Restricted (categorical)

Variable Add Health WLS Add Health WLS Add Health WLS Add Health WLS
EAPGI 1.079%%%  0.897%%x  ]083%%*  (.855%k%  (710%FF  (.839%FF  0.907***  (.860%**
(0.037)  (0.035)  (0.051)  (0.054)  (0.180)  (0.068)  (0.241)  (0.092)
0.229 0.091 0.226 0.086
EAPGI (parental) (0.166) (0.063) (0.165) (0.063)
N sk ~ k%
Singleton (0 siblings) (8%8) (g?gg)
No. of siblings -0.182%#% (), ]87**x -0.194%#% () ]95%
: g 0.013)  (0.011) (0.038)  (0.016)
0 siblines -0.162 -0.301*
& (0.110) (0.130)
5 siblings 0.131%  -0.251%* 0.137 -0.143
& (0.064)  (0.081) 0.232)  (0.122)
3 siblings -0.495%%*% () 548%%* 0.562%  -0.586%**
& (0.070)  (0.084) 0.253)  (0.125)
4 siblings 0.645% %% (). 74TH* -0.307 -0.744%%%
& (0.080)  (0.093) 0.287)  (0.139)
5 siblings 0.697%%  _].062%** 0.788%  -1.122%%*
& (0.099)  (0.103) (0.306)  (0.163)
6 siblings -0.884%#% ] (38%k 0.711%  -1.073%%
& (0.120)  (0.122) 0322)  (0.187)
T+ siblings 1.026%%% ] 308%%* 0.933%% ] .274%%*
& 0.092)  (0.092) 0.298)  (0.137)
EA PGI x Singleton (0 -0.202 -0.122
siblings) 0.125)  (0.118)
EAPGI x No. of sib- -0.045%%*  0.042%%*
lings 0.012)  (0.011)
EA PGI x No. of sib- -0.069 -0.039%*
lings (0.040)  (0.014)
EA PGI x 0 siblings ;8' }23) Eg’?g;)
EA PGI x 2 siblings igggé) (()(')13722)
- * -
EA PGI x 3 siblings (8(1)2;) (g(l)gg)
EA PGI x 4 siblings iggé;) ig(l)ég)
- i *
EA PGI x 5 siblings (8}3(3)) (8532)
- * _ *
EA PGI x 6 siblings (8?2;) (8??3)
- ke -
EA PGI x 7+ siblings (gégg) (g(l)gg)
EA PGI x 2 siblings ig;gg) ?0014059)
- k - *
EA PGI x 3 siblings (ggjg) (g'ﬁg)
EA PGI x 4 siblings ig;})) Egﬂ%
- k - *
EA PGI x 5 siblings (822?) (8?22)
EA PG« 6 siblings o4 0l
EA PGI x 7+ siblings ig'ggg) ig'} ;g)
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All-genotyped (categori-

All-genotyped (linear) cal)

Restricted (linear) Restricted (categorical)

Variable Add Health WLS Add Health WLS Add Health WLS Add Health WLS
0.613***  -0.690%**  0.612%**  -0.686***  0.699***  -0.711*** (.717***  -0.708***

Female 0.043)  (0.048)  (0.043)  (0.048)  (0.127)  (0.072)  (0.126)  (0.072)
Birth yoar (2) -0.023 0.047%%+ 0,023 0.047#%%  _0.085%  0.042%%*  _0.088%  0.043%**
0.012)  (0.006)  (0.012)  (0.006)  (0.036)  (0.008)  (0.036)  (0.008)
Interoept 15.619%%%  [2.740%%% 15.612%%* [2.808%** 20.600%** 13.066%** 20.635%*% |3,077***
0.951)  (0.239)  (0.950)  (0.243)  (2.875)  (0.310)  (2.841)  (0.317)
N (observations) 9,327 8,560 9,327 8,560 1,271 4,080 1,271 4,080

Note: Coefficient estimates with standard errors in parentheses. * p<0.05, ** p<0.01, *** p<0.001 (two-tailed tests). "All-geno-
typed" models use the full genotyped sample without a parental PGI control and instead adjust for the first 20 genetic ancestry
principal components (PC estimates not shown). "Restricted" models are limited to respondents with imputed parental PGIs and
control for the parental PGI. The reference category for sibship size is one sibling.

Figure 2 displays the same result as marginal effects, plotting the estimated EA PGI effect on years
of schooling at each sibship size for both samples. The points for siblings one to six are the cate-
gorical estimates and the inserted line shows the linear specification, while the zero sibling (sin-
gleton) point is estimated from the linear model’s singleton term to capture the qualitatively dis-
tinct status of being an only child. The two panels show a nearly parallel downward gradient. In
the linear models, the return to the EA PGI falls from 1.08 years at one sibling to 0.86 years at six
siblings in the Add Health sample, and from 0.90 to 0.68 years, respectively, in the WLS sample,
representing an average decline of roughly 20 to 25 percent. The categorical estimates do not de-
cline smoothly with each additional sibling: there is no clear trend from one to four siblings, and
the decrease mainly occurs at five and six siblings. Thus, the overall decline is concentrated among
the largest sibships. The close correspondence of two cohorts based on different survey designs
who were born four decades apart in different regions indicates the robustness of the pattern. A
similar gradient is visible in the models that condition on the parental EA PGI, where the negative
slope remains, though it is estimated less precisely in the smaller restricted samples (statistically
significant in the WLS), which suggests that the attenuation is not an artifact of gene-environment

correlation operating at the family level.
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control).

Figure 2: Marginal effects of the EA PGI on years of schooling by number of siblings derived from main regression models

Heterogeneity

Socioeconomic Status

Hypothesis 2 predicted that the sibship size attenuation would be stronger among children from
lower-SES families, in which each additional sibling competes for a more constrained parental
investment pool. The data do not support this expectation, as the constraint on the PGI attainment
link does not vary by SES. However, as is discussed below, SES plays a different role: while it
does not shape the strength of the constraint, it substantially shapes exposure to the constraint
through the differential prevalence of large sibships across SES strata. Figure 3 displays the mar-
ginal EA PGI effect across sibship size separately for below- and above-median parental SES, and

the gradients are statistically indistinguishable across strata. In the pooled three-way specification
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(see Table A3 in the online appendix), the EA-PGI-by-sibship-by-SES interaction is small and not
statistically significant in either sample (Add Health -0.053, p=49; WLS 0.017, p=.56).

EA PGl x sibship size by parental SES
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Notes: Points show categorical estimates with 95% Cls. Dashed line: linear specification. SES split at sample
median. All models control for the parental EA PG, sex, and birth year . Source: Add Health (N=1,271), WLS
(N=4,080).

Figure 3: Marginal effects of EA PGI on years of schooling by number of siblings derived from SES interaction models

Birth order

Hypothesis 3 anticipated stronger attenuation among later-born children. Figure 4 presents the EA
PGI by sibship gradient estimated separately by birth order position. The decline in the EA PGI
effect with sibship size appears across birth order strata, but shows no systematic concentration
among later-born children in either cohort (see Table A1l in the online appendix); the birth order-

specific interactions are individually imprecise and do not differ substantially from one another.
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EA PGl x sibship size by birth order
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Figure 4: Marginal effects of EA PGI on years of schooling by number of siblings derived from birth order interaction models
Sex Composition and Sibling Education PGl

Figure 5 shows the conditional EA PGI by sibship interaction across the share of female siblings
and across siblings' EA PGI. In the three-way models (see Table A2 in the online appendix), the
interaction with the share of female siblings is not statistically significant in either sample (Add
Health -0.050, p=.60; WLS 0.030, p=.62). This is also the case for the interaction with siblings'
EA PGI (Add Health 0.004, p=.88; WLS -0.015, p=.28). Larger sibships attenuate the returns to
the EA PGI regardless of whether the competing siblings are brothers or sisters, and regardless of
their own genetic propensity for schooling. Estimating the base models separately for males and
females tells the same story: the EA-PGI-by-sibship interaction is negative for both, with no con-
sistent difference between the sexes observed across the two data sources (see Appendix Table

Al3).
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Conditional EA PGl x sibship size interaction
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Figure 5: EA PGI x Number of siblings interaction effects on years of schooling by share of female siblings and sibling EA PGI
Identification
I further test whether the child's EA PGI predicts realized sibship size, which would signal selec-
tion of high-propensity children into smaller families. In the all-genotyped sample the child PGI
is weakly and negatively associated with sibship size (Add Health -0.146, p<.001; WLS -0.054,
not statistically significant), but this association disappears once the parental PGI is held constant
(Add Health 0.008; WLS -0.065; both not statistically significant; see Table A5 in the online ap-
pendix), which is consistent with the residual within-family PGI variation being exogenous to sib-
ship size. Second, I use the parental age at first birth (AFB) PGI, which predicts fertility but reflects
parental rather than child genotype, as a genotype-based proxy for sibship size. Its interaction with

the child EA PGI is positive and statistically significant in both samples (Add Health 0.270,
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p<.001; WLS 0.070, p<.05; Figure 6; see Table A4 in the online appendix), reproducing the atten-
uation. This gene-by-gene pattern is similar for low- and high-SES families (Figure A2 in the
online appendix). The parental AFB PGI is not a valid instrument in the strict sense, since parental
fertility genotype can affect the child through pathways other than sibship size; this result is there-
fore best read as a robustness check using a proxy correlated with sibship size that is fixed prior
birth and is not affected by characteristics of the child.

EA PGl x parental age-at-first-birth PGl
Add Health WLS
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Notes: Lines show the conditional effect of the EA PGI on years of schooling across the parental AFB PGI
distribution. Shaded bands: 95% Cls. All models control for the parental EA PGI , sex, and birth year. Source:
Add Health (N=1,271), WLS (N=4,080).

Figure 6: EA PGI x Number of siblings interaction effects on years of schooling by parental age at first birth PGI

Third, the Angrist-Evans same-sex instrument for sibship size points in the same direction but is
less informative: the first stages are weak (first-stage F=10.5 in the all-genotyped Add Health sam-
ple and 5.1 in the WLS sample, and it is weaker still in the smaller parental control samples), and
the interacted two-stage least squares estimates are too imprecise to support the interaction (see
Table A9 in the online appendix; first-stage and overidentification diagnostics are reported in Table
A10). Given a first-stage F that is this weak (10.5 and 5.1, and weaker still in the restricted sam-
ples), the same-sex instrument's two-stage estimates are not informative about the sign or the mag-

nitude of the sibship size moderation.
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Alternative Outcomes and Robustness

The central interaction also survives a set of specification checks. First, I re-estimate the models
with the cognitive performance (CP) PGI in place of the EA PGI (see Table A6 in the online ap-
pendix). In the all-genotyped sample, the CP-by-sibship interaction is also negative but smaller
than its EA counterpart (Add Health -0.027; WLS -0.024; both p<.05). In the within-family paren-
tal control sample, this interaction is not statistically significant in either sample (p=.61 and .26),
whereas the EA interaction persists. Thus, the attenuation is comparatively specific to the educa-
tional attainment PGI under the design that isolates child-specific variation, though this compari-
son rests on point estimates from separate models with different powers rather than a formal test
of whether the EA and CP interaction coefficients differ from one another.

Replacing years of schooling with binary thresholds yields weaker and less consistent evidence:
the EA-by-sibship interaction predicts any postsecondary schooling in the Add Health sample (-
0.085, p<.05) but not in the WLS sample, and neither sample shows attenuation for bachelor's
degree attainment (see Table A8 in the online appendix).

Finally, I apply a Benjamini-Hochberg false discovery rate correction to the linear EA by sibship
interaction in each sample as well as the moderation analyses. The main all-genotyped coefficients
survive this correction in both cohorts (q<.001). For the parental PGI-controlled interaction the
two cohorts diverge: it survives correction in the WLS cohort (q=.016) but not in the Add Health
cohort (g=.16). The moderator interactions remain null after correction in both cohorts (see Table
A7 in the online appendix). Across these checks, the central finding of a modest but consistent
decline in the returns to the EA PGI as sibship size grows remains stable. As a further check, I let
parental SES moderate the genetic return alongside sibship size, adding interactions of the EA PGI

with parental SES (and of sibship size with SES) to the models. The EA-PGI-by-sibship interaction
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then declines by more than half and is no longer significant in either cohort, while the EA-PGI-
by-SES interaction is positive and significant (Appendix Table A12): higher-SES children show
larger genetic returns, and allowing for this moderator absorbs much of the sibship moderation

pattern.

Discussion

In this study, I show that the association between the EA PGI and years of schooling declines by
roughly 20 to 25 percent as sibship size grows from one to six siblings, and that this attenuation
persists when parental polygenic indices are held constant. From the resource dilution tradition
(Blake 1981; Downey 1995; Steelman et al. 2002) to the quasi-experimental quantity-quality lit-
erature (Black et al. 2005), decades of studies have asked the question of how sibship size affects
mean educational attainment (e.g., Angrist et al. 2010; Céceres-Delpiano 2006; Conley and Glau-
ber 2006). There is, however, no previous research on the question of whether sibship size changes
the rate at which individual differences in propensity are converted into educational attainment.
The evidence presented here shows not only that children in larger families have lower average
educational attainment, but also that the causal effect of the EA PGI on children’s educational
attainment is smaller in families with larger sibships. This is a within-family heterogeneity result
that prior average effect studies of sibship size could not detect, and further work is needed to
identify which family process is responsible for it.

This pattern extends the resource dilution account. Becker and Tomes' (1976) model of child-spe-
cific endowments anticipated it, and the evidence presented here directly tests it. My results show
that the returns to a child's genetic propensity shrink as sibship size grows, which is consistent with
evidence indicating that the parental time investment that plausibly underlies this pattern is itself
sensitive to the number of competing children in the family (Fiorini and Keane 2014; Kalil et al.
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2012; Price 2008). As the design does not observe that investment directly, dilution remains the
expected interpretation of the attenuation rather than a demonstrated mechanism. Because the child
PGI varies within families for reasons parents neither choose nor foresee, its interaction with sib-
ship size isolates a within-family allocation process that observational measures of ability cannot
capture.

Resource dilution is not the only process that can produce this pattern, and the design cannot dis-
tinguish between the possibilities. The absence of any SES difference in the attenuation suggests
that a purely economic version of dilution is less likely, and that a division of finite parental time
and attention, which is constrained regardless of household income, is more likely (Kalil et al.
2012; Price 2008). A related possibility is that additional children dilute the cognitive complexity
of the home environment rather than its material resources, as the confluence model proposes (Za-
jonc and Markus 1975). Yet another possibility is that siblings are not only competitors for parental
investment, but can also be sources of it: older siblings may provide instruction, supervision, and
encouragement, and such sibling spillovers can raise younger children’s educational attainment
(Nicoletti and Rabe 2019). If this process partly offsets dilution, the net attenuation observed here
would understate the underlying reduction in parental investment. Finally, the pattern may arise in
part outside the household through the neighborhood and institutional contexts into which larger
and more disadvantaged families are sorted (Silva et al. 2025), rather than through within-family
allocation alone.

The attenuation shows striking consistency across multiple family configurations, indicating a uni-
versal constraint. It is no stronger among later-born children, lower-SES families, or sibships with
more brothers, or when the siblings themselves have a high educational propensity. The con-

sistency of these null interactions across both samples suggests that the constraint is not a feature
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of particular family configurations, but is instead a general pattern across larger sibships. Theoret-
ically, this favors a structural reading of resource dilution over accounts that locate the action in
specific parental strategies of differential investment (Breinholt and Conley 2023; Gritz and
Torche 2016): i.e., what appears to matter most is the number of children.

These four null results deserve more than a single structural reading, since each carries a different
theoretical cost. The SES null is the most consequential: resource dilution logic predicts that each
additional sibling will be more consequential in families with scarce parental resources, yet the
attenuation is statistically indistinguishable across SES strata in both samples. One possibility is
that the structural reading offered above is correct and dilution operates on a per child basis largely
independent of how much there is to dilute. Another possibility is that the EA PGI's interaction
with sibship size captures something that is more distal from parental investment decisions than
the resource dilution account assumes, and is therefore closer to institutional sorting or generic
family size effects on attention than to SES-contingent parental strategies. The sex composition
and sibling PGI nulls are more straightforwardly informative: neither the gender mix of competing
siblings nor their own genetic propensity changes the attenuation, which suggests that if parents
are responding to sibling characteristics in ways that drive the pattern, sex and sibling PGI are not
the characteristics they are responding to. A further caveat applies specifically to the Add Health
sample: given that the restricted, parental PGI-controlled sample used for all four moderator tests
is small (N=1,271), and that not all of the four hypothesis tests are sufficiently powered to detect
interaction effects of the size found in the base model, null results for this sample are also con-
sistent with insufficient power and should not be read as confirming the absence of moderation.
Parental socioeconomic status complicates this reading. As large sibships are concentrated in low-

SES families (Figure 1; Appendix Table A15), sibship size and parental SES are two markers of
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the same resource-poor environment, and letting the genetic return vary with both cuts the sibship
size moderation by more than half (Appendix Table A12). The question is whether parental SES
is a confounder or part of the mechanism. Given that low parental SES is the main reason why
families are large in the first place, controlling for it removes part of the process of interest rather
than a confounder: much of what sibship size captures is the socioeconomic disadvantage that
stratified fertility concentrates in large families. With this reading the attenuation is expected, the
unconditional estimate is the relevant one, and conditioning on SES explains away part of the
potential mechanism. Because the two factors cannot be fully separated here, the moderation is
best read as bounded between the two estimates, and the rarity of high-SES families with five or
more children (Appendix Table A16) leaves little power to separate them directly.

The persistence of the interaction after conditioning on parental polygenic indices is theoretically
important (Kong et al. 2018). If the sibship size moderation is an artifact of that family-level pro-
cess, it should weaken once the parental PGI is controlled for, but it does not. The moderation
operates on the child-specific component of the PGI, demonstrating that polygenic indices can
serve sociology not as measures of fixed endowment, but as tools for identifying the family pro-
cesses that convert educational endowment into educational attainment (Belsky et al. 2018; Harden
and Koellinger 2020; Mills and Tropf 2020). The cognitive performance analyses reinforce this
reading, as the analogous interaction is weaker, and it is absent in the within-family design. This
result points to a genetic propensity for educational attainment rather than a generic sensitivity of
cognition to sibship size (Lee et al. 2018).

These findings also shed light on how stratified fertility shapes inequality, a phenomenon the de-
scriptive patterns highlight. Even though Add Health and the WLS have different designs and

cover different eras and regions, both show that larger sibships are systematically concentrated
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among the children of less educated, lower-SES parents (Brady et al. 2017; Choi et al. 2020;
McLanahan 2004) (Figure 1). While the strength of this educational gradient in fertility has nar-
rowed across birth cohorts (Fahey 2017), and there is some evidence suggesting that it is flattening
or reversing in more recent data (Ciganda, Lorenti, and Dommermuth 2025; Leocadio, Koops, and
Gauthier 2026), it is clearly present in both of the cohorts studied here. This replicated gradient
means that the within-family pattern documented here does not operate evenly across the popula-
tion: the children most exposed to large sibships are precisely those from disadvantaged back-
grounds, and it is in large families that the EA PGI's causal effect on a child's own educational
attainment is smallest. Importantly, the absence of SES moderation reported earlier does not mean
that SES is unimportant here: SES does not change the strength of the within-family effect, but it
strongly shapes exposure to the family contexts in which that effect is smaller because the large
sibships in question are concentrated among disadvantaged families. Stratified fertility thus deliv-
ers a compounded disadvantage. Prior work has documented that sibship size is socially stratified
and lowers average educational attainment. This analysis reveals a complementary pattern in
which sibship size moderates the causal effect of genetic propensity on completed schooling. For
stratification and family research, this identifies one concrete, replicable channel through which
educational inequality is reproduced within and between families (Gritz et al. 2021).

These findings have implications beyond the debate over the relative influence of genes and envi-
ronment. Whatever the precise channel is, how fully a child's genetic propensity for schooling is
reflected in their actual educational attainment appears to depend on the family context in which
the child grows up, and the EA PGI's association with attainment is weakest in large families,
which are themselves disproportionately disadvantaged. Two implications follow that are offered

cautiously because, unlike the moderation finding itself, which rests on the exogeneity of within-
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family genetic variation, the family process and policy interpretations presented below are not
directly established by the design. First, PGIs capture educational propensities that families and
institutions can either cultivate or leave latent. Second, if scarcity of household resources is part
of what drives this pattern in large families, policies that ease that scarcity—such as subsidized
childcare, paid parental leave, child allowances, well-resourced schools, and early, targeted sup-
port for children in large and disadvantaged families—are plausible solutions that are worth testing
directly.

Several limitations remain. The analyses are restricted to respondents of European genetic ances-
try, the population in which the current polygenic indices are valid (Martin et al. 2019), and the
indices are built from summary statistics that exclude the highly restricted 23andMe samples, thus
lowering their predictive power. Both of these features make the estimates conservative but limit
their generalizability. The two cohorts also differ in ways that bear directly on how the replication
should be read. Add Health is based on a nationally representative sample of U.S. adolescents from
the mid-1990s, while the WLS core panel members are 1957 Wisconsin high school graduates,
which means that part of the WLS sample is selected on secondary school completion, and its
regional, cohort, and historical context (rural Midwest, late 1950s) differs sharply from that of the
Add Health sample. However, the WLS sample used here also includes a randomly selected sibling
of each graduate. As these siblings are not required to have completed high school, their educa-
tional attainment ranges below the graduate panel’s floor. This dissimilarity from the Add Health
cohort is one reason why the replication is informative: a pattern that holds across two cohorts this
different is unlikely to be an artifact of either sampling frame. The graduate panel selection still
means that the WLS estimates are more heavily weighted toward respondents who completed at

least secondary education than a fully unselected sample would be. Therefore, if part of the
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dilution-related pattern operates through dropout risk at the secondary level, the WLS sample could
understate it. The finding that the two cohorts nonetheless converge on a similar interaction sug-
gests that the pattern is not confined to the population segment most affected by this selection.
Sibship size, unlike the child PGI, is not randomly assigned. Although the parental fertility-PGI
analysis points in the expected direction, the same-sex instrument is too weakly identified to be
informative, and its interacted estimates are too imprecise to be decisive. The causal status of the
moderation therefore rests primarily on the exogeneity of within-family genetic variation rather
than of sibship size itself. Finally, both samples consist of respondents born in the U.S. in the 20th
century, and thus in a setting where the costs of child investment fall heavily on families. Whether
the same allocation constraint operates in more institutionally redistributive contexts is an open
question that cross-national replication could address (Baier et al. 2022).

Two further limitations concern measurement and mechanism. The EA PGI captures only a portion
of the heritable variation in educational propensity, and is best understood as a probabilistic index
rather than as a complete measure of a child's educational propensity; measurement error of this
kind would, if anything, attenuate the interactions reported here, again rendering the estimates
conservative. Sibship size is likewise measured as the total number of brothers and sisters ever
born, which need not equal the number of siblings competing for parental resources during the
respondent’s own childhood, given differences in birth spacing, siblings who had already left the
home, and sibling deaths. The outcome of completed years of schooling likewise captures only
one dimension of educational success, which leaves open the question of whether sibship size
similarly moderates the EA PGI's effect on school performance, field of study, or credential quality.
In the Add Health sample, the outcome is measured at ages 24-34, when some respondents may

not have completed their education. To the extent that this introduces measurement error correlated
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with sibship size, it could affect the magnitude though not the direction of the Add Health estimates

relative to the WLS estimates, in which the outcome is measured at approximately age 53.

Conclusion

This study's central finding has a clear implication. Because educational attainment increasingly
shapes life chances, a pattern in which children’s genetic propensity is less likely to be realized in
larger families, which are mainly clustered in low-SES environments, would seem to deepen the
disadvantage of children already born into resource-constrained homes, not only by lowering the
average educational attainment, but by also weakening the expression of the very individual dif-
ferences in propensity that schooling is meant to stimulate. This study identifies this heterogeneity
in the EA PGI’s effect using exogenous within-family genetic variation. However, the broader
implications of this pattern for inequality, which depend on the specific family process responsible
for it, remain a matter of interpretation.

Treated not as a verdict on individual potential, but rather as a marker of propensity that is ran-
domized across siblings once parental genotype is held constant, the PGI makes an otherwise in-
visible allocation process measurable, and it does so in a way that two very different cohorts inde-
pendently confirm. Bringing this approach to bear on other features of family structure, other re-
sources, and other outcomes could improve our understanding of how the circumstances of child-

hood translate, or fail to translate, individual potential into educational success.
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Appendix Figures

Sample construction

The flowchart traces how each cohort’s analytic samples are built: from respondents with non-
missing parental SES, to the all-genotyped sample (non-missing EA PGI, years of schooling, and
sibship size), to the restricted sample, which adds a Mendelian-imputed parental EA PGI and
therefore requires a genotyped sibling pair.

Wisconsin
Add Health P
Longitudinal Study

Respondents with _ _
non-missing parental SES N =19,324 N =19,046
All-genotyped analytic sample
(non-missing EA PG, years of N =9,343 N = 8,560
schooling, and sibship size)
Restricted analytic sample
(adds Mendelian-imputed N=1.271 N = 4,080

parental EA PGI; requires a
genotyped sibling pair)

Figure Al. Sample-construction flowchart, Add Health and WLS.

Gene-by-gene falsification, by parental SES

This figure is the SES-stratified analog of the main gene-by-gene result. It plots the conditional
effect of the EA PGI on years of schooling across the parental age-at-first-birth (AFB) PGI distri-
bution, separately for low- and high-SES families in each cohort. The absence of a systematic SES
gradient indicates the gene-by-gene pattern is not driven by socioeconomic background.

Distribution of completed schooling

Histograms of years of completed schooling in each cohort’s all-genotyped sample. The Wisconsin
sample is concentrated at twelve years, reflecting its high-school-graduate origins, whereas the Add
Health distribution is more dispersed.



EA PGl effect on years of schooling

EA PGI x parental AFB PGI by SES stratum
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Notes: Lines show the conditional EA PGl effect across the parental AFB PGl distribution, by SES stratum.
Shaded bands: 95% Cls. SES split at sample median. All models control for the parental EA PGI, sex, and birth
year. Source: Add Health (N=1,271), WLS (N=4,080).

Figure A2. EA PGI by parental AFB PGI, stratified by parental SES, Add Health and WLS.
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Figure A3. Distribution of completed schooling, Add Health and WLS.



Appendix Tables

Birth order

The EA PGI by sibship-size interaction estimated separately within birth-order groups. This checks
whether the attenuation of genetic returns is confined to later-born children rather than operating
across the sibship as a whole.

Table Al. Educational-attainment PGI by sibship size, by birth order, Add Health and WLS.

Term Add Health WLS

First-born (N: Add Health = 379, WLS = 1,311)
EA PCI (child

EA PGI (child
EA PGI (child
EA PGI (child
EA PGI (child) x 5 siblings
EA PGI (child) x 6 siblings
EA PGI (child) x 7+ siblings

X 2 siblings
X 3 siblings
X 4 siblings

N e iNa e e iNaw]

0.265 (0.335)
0.504 (0.270)
-0.126 (0.422)
0.301 (0.724)
-1.207* (0.496)
1.418%%* (0.223)

Second-born (N: Add Health = 502, WLS = 1,304)

EA PGI (child)
EA PGI (child
EA PGI (child
(child
EA PGI (child
(

X 2 siblings
x 3 siblings
X 4 siblings
% 5 siblings
X 6 siblings
X T4+ siblings

child
EA PGI (child

N e iNa e e e

1.162%%* (0.283)
-0.071 (0.229)
-0.565 (0.335)
-0.243 (0.395)
-0.318 (1.093)

1.233%%* (0.207)

Third-born (N: Add Health = 232, WLS = 656)

EA PGI (child)

EA PGI (child) x 3 siblings
EA PGI (child) x 4 siblings
EA PGI (child) x 5 siblings
EA PGI (child) x 6 siblings
EA PGI (child) x 7+ siblings

0.214 (0.452)
-0.324 (0.353)
-1.379% (0.562)
-0.377 (1.104)
0.096 (0.425)

Fourth-born or later (N: Add Health = 137, WLS = 809)

EA PGI (child)

-0.133 (0.577)

0.865%* (0.142)
0.051 (0.151)
-0.252 (0.200)
-0.328 (0.199)
-0.407 (0.298)
-0.274 (0.272)
-0.163 (0.210)

0.796™** (0.145)
0.173 (0.162)
-0.269 (0.170)
-0.067 (0.227)

-0.370 (0.264)

-0.001 (0.463)

-0.453* (0.221)

0.844%** (0.169)
-0.096 (0.197)
-0.227 (0.208)
-0.523* (0.259)
-0.079 (0.262)
0.116 (0.289)

0.691*** (0.188)

EA PGI (child) x 4 siblings 0.951 (0.646) 0.086 (0.202)
EA PGI (child) x 5 siblings 0.652 (0.517) -0.025 (0.241)
EA PGI (child) x 6 siblings 0.474 (0.500) -0.080 (0.253)
EA PGI (child) x 7+ siblings 0.826 (0.469) 0.017 (0.201)
Note: Cells show coefficient estimates with standard errors in parentheses. * p

< 0.05, ¥* p < 0.01, ¥** p < 0.001 (two-tailed tests). All-genotyped models use the
full genotyped sample, adjusting for sex, birth year, and 20 genetic-ancestry principal
components (not shown) and no parental-PGI control; restricted models control for the
parental EA PGI, sex, and birth year. The reference category for sibship size is one
sibling.

Conditional interactions across moderators

Conditional EA PGI by sibship-size interactions across the three continuous moderators (share of
female siblings, parental SES, and siblings’ own EA PGI). These models underlie the marginal-effect
curves shown in Figures 3 and 5 of the main text.



Table A2. Conditional educational-attainment PGI by sibship-size interactions, Add Health and WLS.

Term Add Health WLS

Moderator: share of female siblings (N: Add Health = 1,215, WLS = 4,080)
EA PGI (child) 0.684** (0.229) 0.859%%* (0.104)
EA PGI (child) x No. of siblings -0.045 (0.066) -0.054 (0.033)
EA PGI (child) x Share of female siblings 0.030 (0.259) -0.040 (0.134)
EA PGI (child) x No. of siblings x Share of -0.050 (0.095) 0.030 (0.060)

female siblings
Moderator: parental SES (continuous) (N: Add Health = 1,271, WLS = 4,080)

EA PGI (child) 0.522%* (0.167) 0.792%%* (0.067)
EA PGI (child) x No. of siblings 0.002 (0.037) -0.016 (0.014)
EA PGI (child) x Parental SES (2) 0.349%** (0.087) 0.018 (0.047)
EA PGI (child) x No. of siblings x Parental -0.040 (0.029) 0.010 (0.015)
SES (z)
Moderator: sibling EA PGI (N: Add Health = 1,170, WLS = 3,936)
EA PGI (child) 0.749%* (0.246) 0.781%%* (0.096)
EA PGI (child) x No. of siblings -0.090 (0.051) -0.034* (0.016)
EA PGI (child) x EA PGI (sibling) 0.348%%* (0.089) 0.119* (0.049)
EA PCI (child) x No. of siblings x EA PGI  0.004 (0.028) -0.015 (0.014)
(sibling)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, **

p < 0.01, *** p < 0.001 (two-tailed tests). All-genotyped models use the full genotyped sam-
ple, adjusting for sex, birth year, and 20 genetic-ancestry principal components (not shown)
and no parental-PGI control; restricted models control for the parental EA PGI, sex, and
birth year. The reference category for sibship size is one sibling.

PGI by sibship size by parental SES
The three-way EA PGI by sibship-size by parental-SES (median split) interaction that produces
the SES-stratified marginal effects in Figure 3.

Table A3. Educational-attainment PGI by sibship size by parental SES (median split), Add Health and
WLS.

Term Add Health WLS
Categorical sibship size X high parental SES (N: Add Health = 1,271, WLS = 4,080)
EA PCI (child) 0.474 (0.349) 0.805%** (0.128)
High parental SES 1.842%%% (0.344) 1.236*** (0.170)
EA PCI (child) x 2 siblings -0.452 (0.380) -0.053 (0.154)
EA PGI (child) x 3 siblings -0.103 (0.375) -0.320* (0.163)
EA PCI (child) x 4 siblings -0.303 (0.473) -0.168 (0.164)
EA PGI (child) x 5 siblings -0.265 (0.441) -0.450%* (0.173)
EA PCI (child) x 6 siblings -0.503 (0.607) -0.266 (0.198)
EA PGI (child) x 7+ siblings -0.189 (0.374) -0.154 (0.164)
EA PCI (child) x High parental SES 0.463 (0.395) 0.102 (0.157)
2 siblings x High parental SES -0.223 (0.426) 0.131 (0.235)
3 siblings x High parental SES -0.540 (0.468) 0.014 (0.243)
4 siblings x High parental SES -0.088 (0.501) 0.084 (0.289)
5 siblings x High parental SES -0.322 (0.557) -0.379 (0.336)
6 siblings x High parental SES -0.432 (0.602) 0.140 (0.439)
7+ siblings x High parental SES -0.792 (0.537) -0.437 (0.284)
EA PGI (child) x 2 siblings x High parental 0.223 (0.487) 0.227 (0.212)
SES
EA PGI (child) x 3 siblings x High parental -0.581 (0.477) 0.177 (0.221)
SES
EA PGI (child) x 4 siblings x High parental 0.521 (0.594) -0.001 (0.244)
SES



Table A3. Educational-attainment PGI by sibship size by parental SES (median split), Add Health and
WLS. (continued)

Term Add Health WLS

EA PGI (child) x 5 siblings x High parental -0.591 (0.613) 0.432 (0.312)
SES

EA PGI (child) x 6 siblings x High parental  -0.054 (0.817) -0.104 (0.312)
SES

EA PGI (child) x 7+ siblings x High -0.064 (0.592) 0.312 (0.236)

parental SES
Linear sibship size X high parental SES (N: Add Health = 1,271, WLS = 4,080)

EA PGI (child) 0.209 (0.219) 0.706*** (0.081)
High parental SES 1.735%** (0.208) 1.364*** (0.110)
EA PGI (child) x No. of siblings 0.005 (0.044) -0.028 (0.017)
EA PGI (child) x High parental SES 0.561* (0.229) 0.211* (0.099)
No. of siblings x High parental SES -0.091 (0.070) -0.076* (0.034)
EA PGI (child) x No. of siblings x High -0.053 (0.076) 0.017 (0.029)

parental SES

Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p <
0.01, ¥** p < 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample, adjust-
ing for sex, birth year, and 20 genetic-ancestry principal components (not shown) and no parental-
PGI control; restricted models control for the parental EA PGI, sex, and birth year. The reference
category for sibship size is one sibling.

Gene-by-gene interaction

The gene-by-gene test: the EA PGI’s interaction with the parental fertility (age-at-first-birth) PGI,
with and without the baseline fertility-PGI specification.

Table A4. Educational-attainment PGI by parental fertility PGI, Add Health and WLS.

Term Add Health WLS

Baseline (no fertility PGI) (N: Add Health = 1,271, WLS = 4,080)

EA PGI (child) 0.710*** (0.180) 0.839*** (0.068)
EA PGI (child) x No. of siblings -0.069 (0.040) -0.039*%* (0.014)
EA PGI X parental age-at-first-birth PGI (N: Add Health = 1,271, WLS = 4,080)
EA PGI (child) 0.504** (0.153) 0.762*** (0.058)
EA PGI (child) x AFB PGI (parental) 0.270*** (0.065) 0.070* (0.033)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, **

p < 0.01, ¥** p < 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample,
adjusting for sex, birth year, and 20 genetic-ancestry principal components (not shown) and no
parental-PGI control; restricted models control for the parental EA PGI, sex, and birth year.
The reference category for sibship size is one sibling.

Exogeneity and relevance checks

Associations between the polygenic indices and sibship size. Columns 1-2 test whether the child EA
PGI predicts family size (exogeneity); columns 3-4 test whether the parental fertility PGIs predict
family size conditional on the parental EA PGI (relevance).



Table A5. Exogeneity and relevance checks for the polygenic indices, Add Health and WLS.

Term Add Health WLS

Child EA PGI to sibship size (all-genotyped) (N: Add Health = 9,327, WLS = 8,560)

Intercept 4.589%%* (0.977) 3.056%%* (0.267)
EA PGI -0.146%** (0.029) -0.054 (0.028)
Female 0.168%** (0.043) 0.026 (0.051)

Birth year (z) -0.023 (0.012) 0.004 (0.007)

Child EA PGI to sibship size (restricted) (N: Add Health = 1,271, WLS = 4,080)
Intercept 6.984* (2.887) 3.653*** (0.360)
EA PGI (child) 0.008 (0.098) -0.065 (0.046)
EA PGI (parental) -0.504%%* (0.110) -0.043 (0.065)
Female 0.325%* (0.119) 0.011 (0.073)
Birth year (z) -0.049 (0.037) -0.009 (0.009)

Parental AFB PGI to sibship size (N: Add Health = 1,271, WLS = 4,080)

Intercept 6.175% (2.982) 3.635%%* (0.358)
AFB PGI (parental) -0.251%** (0.071) -0.179*%** (0.051)
Female 0.373%* (0.122) 0.008 (0.073)

Birth year (z) -0.040 (0.038) -0.008 (0.009)

Parental AFB PGI to sibship size (EA PGI adjusted) (N: Add Health = 1,271, WLS = 4,080)
Intercept 7.012% (2.878) 3.642*** (0.358)
AFB PGI (parental) 0.018 (0.084) -0.165%* (0.055)
EA PGI (parental) -0.506%%* (0.092) -0.038 (0.054)
Female 0.324** (0.119) 0.007 (0.073)
Birth year (z) -0.050 (0.036) -0.008 (0.009)

Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p
< 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year,
and 20 genetic-ancestry principal components (not shown) and no parental-PGI control; restricted models
control for the parental EA PGI, sex, and birth year. The reference category for sibship size is one sibling.

Cognitive-performance PGI falsification

The main models re-estimated substituting the cognitive-performance (CP) PGI for the EA PGI.

A similar attenuation pattern would suggest the result is not specific to the educational-attainment
PGI.

Table A6. Cognitive-performance (CP) PGI falsification, Add Health and WLS.

Term Add Health WLS

All-genotyped sample - linear sibship size (N: Add Health = 9,327, WLS = 8,560)
Intercept 15.789*** (1.008) 12.858%** (0.253)
CP PGI 0.368*** (0.037) 0.365*** (0.040)
Singleton (0 siblings) -0.385%** (0.115) -0.438%** (0.131)
No. of siblings -0.199*%** (0.013) -0.197%%* (0.011)
Female 0.599*** (0.045) -0.691%** (0.051)
Birth year (z) -0.025 (0.013) 0.045*** (0.006)
CP PGI x Singleton (0 siblings) -0.161 (0.126) -0.048 (0.134)
CP PGI x No. of siblings -0.027* (0.013) -0.024* (0.011)

All-genotyped sample - categorical sibship size (N: Add Health = 9,327, WLS

Intercept 15.803*** (1.007)
CP PGI 0.401%%* (0.052)
0 siblings -0.212 (0.116)

2 siblings -0.163* (0.068)

3 siblings -0.566%** (0.074)
4 siblings -0.697*** (0.085)
5 siblings -0.805%** (0.102)
6 siblings -0.980%** (0.121)

= 8,560)
12.903%** (0.257)
0.301%%* (0.060)
-0.336* (0.136)
-0.261** (0.087)
-0.565*** (0.089)
-0.789%** (0.098)
-1.134%%* (0.107)
-1.103%%* (0.125)



Table A6. Cognitive-performance (CP) PGI falsification, Add Health and WLS. (continued)

Term Add Health WLS
7+ siblings 1.117%%% (0.090) ~1.398*** (0.097)
Female 0.598*** (0.045) ~0.691%** (0.051)
Birth year (z) -0.024 (0.013) 0.046*** (0.006)
CP PGI x 0 siblings -0.165 (0.128) 0.042 (0.139)
CP PGI x 2 siblings -0.114 (0.069) 0.144 (0.082)
CP PGI x 3 siblings -0.125 (0.074) -0.027 (0.086)
CP PGI x 4 siblings 0.034 (0.088) 0.037 (0.090)
CP PGI x 5 siblings -0.240* (0.103) -0.206* (0.099)
CP PGI x 6 siblings -0.197 (0.122) 0.004 (0.115)
CP PGI x 7+ siblings -0.160 (0.098) -0.111 (0.096)

Restricted sample (parental PGI controlled) - linear sibship size (N: Add Health = 1,271, WLS = 4,080)

22.247*** (3.041)
0.007 (0.154)
-0.260*** (0.038)
0.279* (0.133)
0.662%%* (0.134)
Birth year (z) -0.104** (0.038)

CP PGI (child) x No. of siblings 0.021 (0.042)

Restricted sample (parental PGI controlled) - categorical sibship size (N:

Intercept

CP PGI (child)
No. of siblings

CP PGI (parental)
Female

Intercept 22.385*** (3.041)
CP PGI (child) 0.219 (0.219)
2 siblings 0.005 (0.241)
3 siblings -0.863*** (0.257)
4 siblings -0.544 (0.311)
5 siblings 1.113%%* (0.312)
6 siblings -1.107*%* (0.336)

7+ siblings

CP PGI (parental)
Female

Birth year (z)

-1.378%** (0.268)
0.273% (0.134)
0.691%** (0.132)
-0.106** (0.038)

13.211%%% (0.331)
0.222%* (0.071)
-0.211%%* (0.017)
0.133* (0.066)
-0.739%%* (0.076)
0.040%** (0.008)
-0.018 (0.016)

Add Health = 1,271, WLS = 4,080)
13.223%%* (0.339)
0.235* (0.100)
-0.214 (0.133)
-0.662%** (0.134)
-0.813%¥* (0,147)
-1.268%** (0.165)
-1.183%¥* (0.194)
-1.412%%% (0.147)
0.135* (0.066)
-0.738%** (0.076)
0.041%** (0.008)

o~~~ —~

CP PGI (child) x 2 siblings -0.299 (0.235) 0.023 (0.125)
CP PGI (child) x 3 siblings -0.220 (0.262) -0.230 (0.128)
CP PGI (child) x 4 siblings -0.127 (0.340) 0.056 (0.138)
CP PGI (child) x 5 siblings -0.364 (0.275) -0.251 (0.150)
CP PGI (child) x 6 siblings -0.365 (0.402) 0.095 (0.155)
CP PGI (child) x 7+ siblings 0.206 (0.293) -0.124 (0.140)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 (two-

tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year, and 20 genetic-ancestry principal
components (not shown) and no parental-PGI control; restricted models control for the parental EA PGI, sex, and birth year.

The reference category for sibship size is one sibling.

Multiple-testing correction

The false-discovery-rate (FDR) correction is applied to a focal family of one directional test per hy-
pothesis: the linear EA PGI x sibship-size interaction in each sample (the single-degree-of-freedom
test of the attenuation), the three moderator interactions (parental SES, sex composition, sibling
EA PGI), and the gene-by-gene term. The category-by-category and birth-order interactions (Ta-
bles A1-A2) are exploratory and are excluded from the family. Each cohort is corrected separately,
so cross-cohort replication provides additional protection.



Table A7. Confirmatory false-discovery-rate-corrected tests, Add Health and WLS.

Test Estimate (SE) p (raw) q (FDR)
Add Health
EA PGI X parental fertility (AFB) PGI 0.270 (0.065) 3.3e-05 0.0002***
EA PGI X sibship size (all-genotyped) -0.045 (0.012)  0.00032  0.00097***
EA PGI X sibship size (parental-PGI -0.069 (0.040) 0.082 0.16
controlled)
EA PGI x sibship size x parental SES -0.040 (0.029) 0.18 0.26
EA PGI X sibship size x share of female -0.050 (0.095) 0.6 0.71
siblings
EA PGI x sibship size x sibling EA PGI 0.004 (0.028) 0.88 0.88
WLS
EA PGI X sibship size (all-genotyped) -0.042 (0.011)  6.1e-05  0.00037***
EA PGI X sibship size (parental-PGI -0.039 (0.014) 0.0053 0.016*
controlled)
EA PGI x parental fertility (AFB) PGI 0.070 (0.033)  0.033 0.067
EA PGI X sibship size x sibling EA PGI -0.015 (0.014) 0.28 0.42
EA PGI x sibship size x parental SES 0.010 (0.015) 0.51 0.61
EA PGI X sibship size x share of female 0.030 (0.060) 0.62 0.62
siblings
Note: Benjamini-Hochberg FDR. correction across the six confirmatory tests within each

cohort (cohorts corrected separately). The family is one directional test per hypothesis: the
linear EA PGI x sibship-size interaction (all-genotyped and parental-PGI-controlled samples),
the three moderator interactions, and the gene-by-gene term. Cells show the coefficient with
standard error in parentheses. + q < 0.1, * q < 0.05, ** q < 0.01, *** q < 0.001.

Binary educational outcomes

Robustness of the main result to binary educational outcomes (any college; bachelor’s degree or
higher), complementing the continuous years-of-schooling outcome.

Table A8. Binary educational outcomes, Add Health and WLS.

Term Add Health WLS

Any college - linear sibship size (N: Add Health = 1,271, WLS = 4,080)

Intercept 0.337 (3.133)

EA PGI (child)

0.816%** (0.194)

No. of siblings -0.159*** (0.041)

EA PGI (parental)

Female

Birth year (z)

EA PGI (child) x No. of siblings

Intercept

EA PGI (child)

2 siblings

3 siblings

4 siblings

5 siblings

6 siblings

7+ siblings

EA PGI (parental)

Female

Birth year (z)

EA PGI (child) x 2 siblings
EA PGI (child) x 3 siblings
EA PGI (child) x 4 siblings

-0.755%*
-0.687* (0.336

-0.009 (0.178)

0.572%** (0.146)

0.011 (0.040)

-0.085* (0.037)

0.685 (3.114)

1.090%** (0.316)

0.018 (0.268)

-0.559% (0.272)
-0.681* (0.310)
-0.819% (0.328)

(0350

0.310
0.366

-0.004 (0.178)

0.588*** (0.146)

0.007 (0.039)
-0.481 (0.317)
-0.532 (0.319)
-0.484 (0.355)

10

-1.183%%* (0.296)
0.620%** (0.073)
-0.185%** (0.017)
0.085 (0.064)
-0.499%** (0.070)
0.046%** (0.007)
0.005 (0.018)

Any college - categorical sibship size (N: Add Health = 1,271, WLS = 4,080)
~1.123%%* (0.300)
0.664%** (0.095)
-0.250* (0.113)
~0.534%*%* (0.120

-0.719%**
-1.034%**
-1.026%**
-1.305%**

)
0.133)
0.160)
0.187)
0.151)

—~

0.081 (0.064)
-0.501%** (0.070)
0.047%** (0.007)

0.058 (0.114)

-0.212 (0.120)

-0.007 (0.133)



Table A8. Binary educational outcomes, Add Health and WLS. (continued)

Term Add Health WLS
EA PGI (child) x 5 siblings -0.652 (0.366) -0.269 (0.167)
EA PGI (child) x 6 siblings -0.763 (0.432) 0.129 (0.186)
EA PGI (child) x 7+ siblings -0.634 (0.343) 0.121 (0.156)
Bachelor’s degree or higher - linear sibship size (N: Add Health = 1,271, WLS = 4,080)
Intercept 4.958 (3.075) -1.446*** (0.330)
EA PGI (child) 0.468* (0.188) 0.657*** (0.078)
No. of siblings -0.267%%* (0.047) -0.195%** (0.021)
EA PGI (parental) 0.215 (0.182) 0.114 (0.068)
Female 0.610%** (0.136) -0.576%** (0.076)
Birth year (z) -0.070 (0.039) 0.032*%** (0.008)
EA PGI (child) x No. of siblings 0.015 (0.057) 0.014 (0.021)
Bachelor’s degree or higher - categorical sibship size (N: Add Health = 1,271, WLS = 4,080)
Intercept 4.982 (3.124) -1.427%%% (0.332)
EA PGI (child) 0.683** (0.255) 0.698*** (0.103)
2 siblings 0.000 (0.249) -0.168 (0.117)
3 siblings -0.556* (0.265) -0.557%%* (0.129)
4 siblings -0.541 (0.313) -0.641%%* (0.145)
5 siblings -0.857* (0.345) ~1.320%%* (0.209)
6 siblings -1.165%* (0.433) -0.837%%* (0.211)
7+ siblings 1.557%%* (0.408) -1.261%** (0.175)
EA PGI (parental) 0.217 (0.183) 0.109 (0.068)
Female 0.612*** (0.138) ~0.574%** (0.076)
Birth year (z) -0.073 (0.040) 0.032*** (0.008)
EA PGI (child) x 2 siblings -0.206 (0.281) 0.045 (0.123)
EA PGI (child) x 3 siblings -0.448 (0.275) -0.080 (0.134)
EA PGI (child) x 4 siblings -0.090 (0.352) -0.130 (0.139)
EA PGI (child) x 5 siblings -0.195 (0.422) -0.011 (0.208)
EA PGI (child) x 6 siblings -0.158 (0.586) -0.022 (0.185)
EA PGI (child) x 7+ siblings 0.196 (0.532) 0.226 (0.176)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p

< 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year,
and 20 genetic-ancestry principal components (not shown) and no parental-PGI control; restricted models
control for the parental EA PGI, sex, and birth year. The reference category for sibship size is one sibling.

Instrumental-variable estimates

Same-sex sibling instrumental-variable (IV) estimates of the sibship-size effect, with ordinary-least-
squares benchmarks for comparison.

Table A9. Same-sex sibling instrumental-variable estimates, Add Health and WLS.

Term Add Health WLS

First stage (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)

Intercept 3.710% (1.619) 3.359%%* (0.266)
Same-sex first two siblings 0.046 (0.069) 0.038 (0.062)
Female 0.206%* (0.068) 0.037 (0.051)
Birth year (z) -0.005 (0.020) -0.001 (0.007)
First stage (restricted) (N: Add Health = 675, WLS = 4,080)
Intercept 6.134 (3.756) 3.659%** (0.364)
Same-sex first two siblings 0.143 (0.163) -0.014 (0.101)
EA PGI (parental) ~0.397%%* (0.101) -0.098 (0.050)
Female 0.231 (0.158) 0.012 (0.073)
Birth year (z) -0.035 (0.048) -0.009 (0.009)
OLS benchmark (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)
Intercept 17.369%** (1.781) 12.767*** (0.240)
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Table A9. Same-sex sibling instrumental-variable estimates, Add Health and WLS. (continued)

Term Add Health WLS
EA PGI 1.118%%* (0.053) 0.800%** (0.023)
No. of siblings -0.214%%* (0.024) -0.186*** (0.010)
Female 0.628*** (0.077) -0.694*** (0.049)
Birth year (z) -0.042 (0.022) 0.046%** (0.006)
2SLS, main effect (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)
Intercept 26.222% (10.878) 15.913** (5.080)
No. of siblings (instrumented) -3.165 (3.410) -1.504 (2.120)
EA PGI 0.921%%% (0.263) 0.721%%% (0.134)
Female 1.119 (0.587) -0.644%** (0.114)
Birth year (z) -0.070 (0.061) 0.045%** (0.010)
OLS benchmark (restricted) (N: Add Health = 675, WLS = 4,080)
Intercept 16.772%** (3.916) 13.069%** (0.310)
EA PGI (child) 0.774%%* (0.215) 0.747*** (0.063)
EA PGI (parental) 0.080 (0.220) 0.092 (0.064)
No. of siblings -0.177%%*% (0.047) -0.192*%** (0.014)
Female 0.622%%* (0.167) ~0.714%%* (0.070)
Birth year (z) -0.035 (0.049) 0.042%** (0.008)
2SLS, main effect (restricted) (N: Add Health = 675, WLS = 4,080)
Intercept 15.956* (7.387) -0.624 (66.189)
No. of siblings (instrumented) -0.025 (1.130) 4.969 (24.951)
EA PCI (child) 0.770%%% (0.220) 1.081 (1.649)
EA PGI (parental) 0.134 (0.461) 0.315 (1.138)
Female 0.599* (0.239) ~0.770 (0.474)
Birth year (z) -0.029 (0.067) 0.086 (0.219)
OLS with interaction (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)
Intercept 17.443%*%* (1.780) 12.771%%* (0.240)
EA PGI 1.206*** (0.073) 0.902*** (0.034)
No. of siblings -0.219%*%* (0.025) -0.188*** (0.010)
Female 0.631*** (0.076) -0.693*** (0.049)
Birth year (z) -0.043 (0.022) 0.046%** (0.006)
EA PGI x No. of siblings -0.038 (0.024) -0.044*** (0.010)
OLS with interaction (restricted) (N: Add Health = 675, WLS = 4,080)
Intercept 16.867*** (3.936) 13.066*** (0.311)
EA PGI (child) 0.821%%* (0.244) 0.839%%* (0.072)
No. of siblings -0.181%** (0.049) -0.195%** (0.014)
EA PGI (parental) 0.083 (0.220) 0.091 (0.064)
Female 0.621%%* (0.167) ~0.711%%* (0.070)
Birth year (z) -0.036 (0.050) 0.042%** (0.008)
EA PGI (child) x No. of siblings -0.019 (0.047) -0.039%* (0.013)
2SLS with interaction (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)
Intercept 71.159 (808.855) 17.339 (9.733)
No. of siblings (instrumented) -23.841 (361.348) -2.097 (4.062)
EA PGI x No. of siblings (instrumented) 11.391 (183.549) -1.214 (2.249)
EA PGI -26.685 (446.690) 3.511 (5.014)
Female 4.071 (52.317) -0.608** (0.211)
Birth year (z) -0.002 (0.961) 0.042* (0.018)
2SLS with interaction (restricted) (N: Add Health = 675, WLS = 4,080)
Intercept 16.707 (11.641) 6.919 (25.804)
No. of siblings (instrumented) 1.146 (13.190) 2.249 (9.719)
EA PGI x No. of siblings (instrumented) -1.742 (16.909) 1.445 (5.197)
EA PGI (child) 4.938 (40.356) -2.449 (12.070)
EA PGI (parental) 0.936 (8.447) 0.230 (0.485)
Female 0.304 (3.164) -0.828% (0.403)
Birth year (z) -0.080 (0.432) 0.059 (0.088)
2SLS with interaction, over-identified (all-genotyped) (N: Add Health = 2,934, WLS = 8,146)
Intercept 25.577 (17.521) 11.406*** (1.353)
No. of siblings (instrumented) -3.522 (7.583) 0.383 (0.554)
EA PGI x No. of siblings (instrumented) 1.144 (3.968) 0.127 (0.503)
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Table A9. Same-sex sibling instrumental-variable estimates, Add Health and WLS. (continued)

Term Add Health WLS
EA PGI -1.736 (9.627) 0.539 (1.145)
Female 1.129 (1.108) -0.716*** (0.063)
Birth year (z) -0.047 (0.070) 0.047*** (0.007)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p

< 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year,
and 20 genetic-ancestry principal components (not shown) and no parental-PGI control; restricted models
control for the parental EA PGI, sex, and birth year. The reference category for sibship size is one sibling.

Instrumental-variable diagnostics

First-stage strength and overidentification diagnostics for the IV models. The modest first-stage
F-statistics indicate a weak instrument, motivating the cautious interpretation of the IV estimates
in the main text.

Table A10. Instrumental-variable diagnostics, Add Health and WLS.

Cohort First-stage F (all-gen.)  First-stage F (restricted) Kleibergen-Paap F (restricted) Sargan stat. Sargan p
Add Health 10.48 4.79 - 0.789 0.674
WLS 5.05 1.12 0.044 4.747 0.093
Note: First-stage F-statistics test instrument strength; the Sargan statistic tests overidentifying restrictions (over-identified

specifications only). Dashes mark statistics not defined for a given specification.

Analytic sample sizes

Analytic sample sizes by cohort and specification, including the reduced samples available for the
instrumental-variable analyses.

Table A11. Analytic sample sizes by cohort and specification.

Sample Add Health WLS
All-genotyped 9,343 8,560
Restricted (parental PGI) 1,271 4,080
IV sample (all-genotyped) 2,934 8,146
IV sample (restricted) 675 4,080
Note: Counts are the model sample sizes used

in the corresponding analyses.

SES-interaction robustness

The sibship-size by EA PGI interaction with parental-SES interactions added (EA PGI by SES
and sibship by SES; parental SES standardized). Once the return to the EA PGI is allowed to vary
with parental SES, the sibship-size moderation is attenuated and no longer significant, while the
EA PGI by SES interaction is itself positive and significant.
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Table A12. Sibship size by EA PGI, net of PGI by parental SES and sibship by parental SES, Add Health
and WLS.

Term Add Health WLS

All-genotyped sample - linear sibship size (N: Add Health = 9,327, WLS = 8,560)

EA PGI 0.800%** (0.035) 0.707%** (0.033)
No. of siblings -0.114%*%* (0.012) -0.106*** (0.010)
Parental SES (z) 0.840%** (0.031) 0.788%*%* (0.033)
EA PGI x No. of siblings -0.013 (0.012) -0.015 (0.010)
EA PGI x Parental SES (2) 0.126%** (0.020) 0.060* (0.024)
No. of siblings x Parental SES (z) -0.044*** (0.011) -0.025* (0.010)
Restricted sample (parental PGI controlled) - linear sibship size (N: Add Health = 1,271, WLS = 4,080)
EA PGI (child) 0.539** (0.169) 0.794*** (0.067)
No. of siblings -0.110** (0.034) -0.120*%** (0.016)
Parental SES (z) 1.125%** (0.108) 0.849*** (0.048)
EA PGI (parental) -0.106 (0.152) -0.063 (0.060)
EA PGI (child) x No. of siblings 0.002 (0.037) -0.019 (0.014)
EA PGI (child) x Parental SES (z) 0.255%%* (0.064) 0.036 (0.034)
No. of siblings x Parental SES (z) -0.070* (0.032) -0.036* (0.015)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 (two-

tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year, and 20 genetic-ancestry
principal components (not shown) and no parental-PGI control; restricted models control for the parental EA PGI, sex,
and birth year. The reference category for sibship size is one sibling.

Sex-stratified base models

The base sibship-size by EA PGI interaction estimated separately for men and women. The atten-
uation appears in both groups, with no consistent difference across cohorts.

Table A13. Base sibship size by EA PGI interaction, by respondent sex, Add Health and WLS.

Term Add Health WLS
All-genotyped sample - men (N: Add Health = 4,450, WLS = 4,067)

EA PGI 1.083*** (0.052) 0.997*** (0.055)

EA PGI x Singleton (0 siblings) -0.300 (0.182) -0.190 (0.204)

EA PGI x No. of siblings -0.060*** (0.018) -0.036* (0.017)
All-genotyped sample - women (N: Add Health = 4,877, WLS = 4,493)

EA PGI 1.085*** (0.052) 0.799*** (0.044)

EA PGI X Singleton (0 siblings) -0.122 (0.169) -0.055 (0.133)

EA PGI x No. of siblings -0.036* (0.017) -0.045*** (0.013)
Restricted sample (parental PGI controlled) - men (N: Add Health = 635, WLS = 1,906)

EA PGI (child) 0.370 (0.242) 1.083*** (0.114)

EA PGI (child) x No. of siblings -0.053 (0.048) -0.055* (0.022)
Restricted sample (parental PGI controlled) - women (N: Add Health = 636, WLS = 2,174)

EA PGI (child) 1.087*** (0.269) 0.637*** (0.086)

EA PGI (child) x No. of siblings -0.087 (0.056) -0.026 (0.018)
Note: Cells show coefficient estimates with standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p

< 0.001 (two-tailed tests). All-genotyped models use the full genotyped sample, adjusting for sex, birth year,
and 20 genetic-ancestry principal components (not shown) and no parental-PGI control; restricted models
control for the parental EA PGI, sex, and birth year. The reference category for sibship size is one sibling.

Sibship-size distribution

The distribution of sibship size in each cohort’s all-genotyped sample. Large families are a minority:
roughly one in ten WLS respondents and one in fifteen in Add Health grew up with seven or more
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siblings.

Table A14. Distribution of sibship size (all-genotyped sample), Add Health and WLS.

No. of siblings ~ Add Health WLS

0 369 (4.0%) 352 (4.1%)

1 2,187 (23.4%) 1,781 (20.8%)
2 2,436 (26.1%) 1,886 (22.0%)
3 1,695 (18.2%) 1,500 (17.5%)
4 1,032 (11.1%) 1,054 (12.3%)
5 581 (6.2%) 661 (7.7%)

6 389 (4.2%) 448 (5.2%)

7+ 642 (6.9%) 878 (10.3%)

Note: Cells are counts with the within-cohort

percentage in parentheses.

Composition of large families

The socioeconomic composition of families with six or more children versus smaller families, in
each cohort’s all-genotyped sample. Large families are markedly disadvantaged on parental SES,
parental education, and, in the WLS, religion and farm origin.

Table A15. Composition of large (64 siblings) versus smaller families, all-genotyped sample.

Add Health: 6+ Add Health: <6 WLS: 6+ WLS: <6

Parental SES (z) -0.40 0.05 -0.41 0.08
Parent has college degree (%) 42 53 8 16
Parent has HS diploma (%) 82 89 41 64
Catholic (%) 21 25 55 38
Farm origin (%) 1 2 32 18
Education (years) 13.0 13.9 13.0 13.9
EA PGI (z) -0.37 0.04 -0.05 0.01
Female (%) 58 52 54 52
Note: Group means; percentages for binary indicators. Farm origin uses father’s occupa-
tion.

Parental SES by sibship size

Cell counts of parental SES (median split) by sibship size in the restricted (parental-PGI) sample,
in which the SES-moderation models are estimated. High-SES families with five or more children
are rare, which limits the power to identify SES moderation at large sibship sizes.
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Table A16. Parental SES by sibship size: cell counts (restricted sample).

No. of siblings Add Health: low SES  Add Health: high SES WLS: low SES WLS: high SES

1 70 142 403 526
2 159 209 489 466
3 148 124 392 335
4 85 60 341 189
5 60 39 197 97
6 35 30 159 59
7+ 79 31 336 91
Note: Restricted (parental-PGI) sample. Thin high-SES by large-sibship cells indicate limited

power for the SES-moderation interaction.

16



	wp-2026-034-text
	Appendix Figures
	Sample construction
	Gene-by-gene falsification, by parental SES
	Distribution of completed schooling

	Appendix Tables
	Birth order
	Conditional interactions across moderators
	PGI by sibship size by parental SES
	Gene-by-gene interaction
	Exogeneity and relevance checks
	Cognitive-performance PGI falsification
	Multiple-testing correction
	Binary educational outcomes
	Instrumental-variable estimates
	Instrumental-variable diagnostics
	Analytic sample sizes
	SES-interaction robustness
	Sex-stratified base models
	Sibship-size distribution
	Composition of large families
	Parental SES by sibship size



