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Human reproductive behavior until relatively recently has been explained exclusively via individual and
social characteristics. This article applies results from a recent Genome-Wide Association Study that combined sixty-t wo data sources to isolate twelve genetic loci associated with reproductive behavior. We create
polygenic scores that allow us to include a summary variable of genetic factors into our statistical models.
We use four datasets: the U.S. Health and Retirement Study, Dutch LifeLines, TwinsUK and the Swedish
Twin register. First, we provide a brief overview of the dominant explanations of reproductive behavior.
Second, we test the predictive power of polygenic scores. Third, we interrogate the robustness of our models
using a series of sensitivity analyses to take into account possible confounders due to population stratification and selection.
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Human reproductive behavior—measured by
age at first birth (AFB) and number of children
ever born (NEB)—is a central topic of study
within the social, medical, and biological sciences. AFB and NEB are complex behaviors not

only related to biological fecundity, but also
have a strong behavioral element in that they
are driven by the reproductive choice of individuals and their partners. They are likewise
influenced by the environment and social in-
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stitutions, including multiple factors such as
contraceptive legislation and availability, educational expansion, and social norms (Balbo,
Billari, and Mills 2013). The past four decades
have brought a rapid postponement of AFB by
around four to five years in many advanced societies and a growth in childlessness (Mills et
al. 2011). The biological ability to conceive
starts to steeply decline for some women as
early as age twenty-five, and almost 50 percent
of women are sterile by the age of forty (Leridon 2008). This delay has been linked to an
unprecedented growth in infertility (involuntary childlessness), which now affects around
10 to 15 percent of couples in Western societies,
and forty-eight million couples worldwide are
estimated as infertile (Boivin et al. 2007).
Relatively little is known about the specific
genetic architecture of human reproductive behavior of AFB and NEB and the genetic relationship to other fertility traits that mark the reproductive window such as menarche and
menopause or behaviorally relevant traits such
as educational attainment (Okbay, Beauchamp,
et al. 2016). The current study uses polygenic
scores constructed from a recent large meta-
GWAS (Genome-Wide Association Study) of
AFB and NEB, which used data from sixty-t wo
sources to isolate twelve loci linked to these
traits (Barban et al. 2016). Some of the results
reported here are briefly reported in the supplementary material of this study, but without detailed discussion, clarification or reflection.
C e n t r a l E x p l a n at i o n s o f
R e p r o d u c t i v e B e h av i o r

Reproductive behavior has been largely explained by social scientists by focusing on individual and couple characteristics and social
structural or institutional factors (Balbo, Billari, and Mills 2013). Core explanations, bolstered by a large body of empirical evidence,
has related the timing and number of children
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to educational systems and the educational
level of individuals (particularly women) (Bhrolcháin and Beaujouan 2012; Rindfuss, Morgan,
and Offutt 1996; Tropf and Mandemakers 2017),
gender equity (McDonald 2002; Mills et al.
2011), normative changes in preferences for
children (de Kaa 1987), effective contraception
(Murphy 1993), availability of childcare (Brewster and Rindfuss 2000), women’s employment
and occupation (Begall and Mills 2013; Brewster
and Rindfuss 2000), social interactions (Balbo
and Barban 2014) and economic uncertainty
(Mills, Blossfeld, and Klijzing 2005).
The genetic basis of human reproduction
has often been ignored or even actively resisted
by social scientists. As a recent review of the
biodemographic approach to fertility highlighted, the avoidance is largely attributed to
the dark history related to eugenic policies, lack
of proper interdisciplinary training, and appropriate genetic data that also contains social science behavioral measures (Mills and Tropf
2016). As noted by pioneers in this field (Kohler,
Rodgers, and Christensen 1999; Rodgers et al.
2001), another reason this connection has been
avoided is often attributed to an erroneously
interpreted version of Ronald Fisher’s (1930)
Fundamental Theorem of Natural Selection.
Some interpreted Fisher’s theory to mean that
since fertility is a fitness trait, this should theoretically entail that a genetic basis (referred
to as heritability1), should be zero. Fisher actually argued that fitness is moderately heritable
in human populations. A naïve interpretation
has been that genes that reduce fitness should
have been less frequently passed on, leading to
the elimination of genetic variability in traits
such as fertility (Courtiol, Tropf, and Mills
2016). Nevertheless, we find that fitness traits
such as NEB and AFB have what is known as
significant narrow-sense heritabilities.2 It may
be that new mutations restore any genetic variance lost to selection, that there are sexual an-

1. Heritability (H2) is a statistical term used to denote the proportion of phenotypic (trait) variance due to variance
in genotypes. It is important to note that it is specific to the population and environment of analysis and that it
is a population and not an individual estimate. It is not a simple measure of the degree to which a trait or phenotype is genetic but rather the proportion of phenotypic variance that is the result of genetic factors.
2. Both broad-and narrow-sense heritability can be estimated. Broad-sense heritability is the ratio of the total
genetic variance to total phenotypic (trait) variance or: H2 = VG/VP. Narrow-sense heritability refers to ratio of

the additive genetic component in contrast to the total (nonadditive) phenotypic variance or: h2 = VA/VP.
r sf: t he russell sage f ou n dat ion jou r na l of t he so ci a l sciences
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tagonistic genetic effects (genes have opposite
effects for the fertility of men and women),
nonadditive genetic effects, environment and
gene-environment interaction (Tropf et al. 2017;
Verweij et al. 2017).
At least some genetic underpinnings of
fertility behavior are plausible. In fact, a growing number of twin and family studies have
shown a genetic component underlying AFB
and NEB (Briley, Tropf, and Mills 2017; Tropf,
Barban, et al. 2015; Zietsch et al. 2014). A recent
meta-analysis of all twin studies conducted until 2012 shows average heritability of 0.45 (SE =
0.027, N = 50,265) among sixty-four reproductive disease traits of women and of 0.36 (SE=
0.054, N = 9,376) among twenty-five reproductive disease traits of men (Polderman et al.
2015). The advent of molecular genetic data and
complementary analytical tools means that we
are now able to go beyond twin models to examine for the first time the genetic relatedness
of unrelated individuals (Mills and Tropf 2016;
Yang et al. 2010). A recent study using whole-
genome data of unrelated individuals shows
that 10 percent of the variance in NEB and 15
percent in AFB are associated with common
additive genetic variance (Tropf, Stulp, et al.
2015). These previous studies, however, were
merely able to state that genetics contributed
to fertility behavior only a certain proportion
or amount. Until recently, we did not isolate
any specific genes related to this behavior or
whether they had a biological function. Our recent study isolated twelve genetic loci associated with AFB and NEB (Barban et al. 2016),
which allows us for the first time to include a
genetic variable or predictor of this behavior in
our social science research. Given that human
reproduction is a complex behavioral outcome,
it is not simply one candidate gene that can be
used to predict outcomes. Rather, the myriad
of genetic loci are compiled into a comprehensive polygenic score (PGS). It is the relevance
of these scores for AFB and NEB for research
in the area of fertility and reproduction in the
social sciences and beyond which that we explore in this article.
Data

To examine these questions and avoid false
positives from examining the associations in

one limited dataset, we test our results using
four datasets: the Health and Retirement Study
(HRS), LifeLines, TwinsUK, and Swedish Twin
Registry (STR).
HRS

The Health and Retirement Study is an ongoing cohort study of Americans, with interview
data collected biennially on demographics,
health behavior, health status, employment,
income and wealth, and insurance status. The
first cohort was interviewed in 1992 and subsequently every two years; five additional cohorts
were added between 1994 and 2010. Between
2006 and 2008, the HRS genotyped 12,507 respondents who provided DNA samples and
signed consent. DNA samples were genotyped
using the Illumina Human Omni-2.5 Quad
BeadChip, with coverage of approximately 2.5
million single nucleotide polymorphisms
(SNPs). The full details of the study are described in (Juster and Suzman 1995).
LifeLines Cohort Study

The LifeLines Cohort Study is a multidisciplinary prospective population-based cohort
study from the Netherlands, examining in a
unique three-generation design the health and
health-related behaviors of 167,729 persons living in the north of the Netherlands, including
genotype information from more than thirteen
thousand unrelated individuals (Klijs, Scholtens, and Mandemakers 2015). It employs a
broad range of investigative procedures in assessing the biomedical, socio-demographic,
behavioral, physical, and psychological factors
that contribute to the health and disease of the
general population; its special focus is on multimorbidity and complex genetics.
TwinsUK

For the UK, we use data from TwinsUK, the largest adult twin registry in the country with more
than twelve thousand respondents (Moayyeri
et al. 2013). The TwinsUK Study recruited white
monozygotic (MZ) and dizygotic (DZ) twin pairs
from the TwinsUK adult twin registry, a group
designed to study the heritability and genetics
of age-related diseases. These twins were recruited from the general population through
national media campaigns in the United King-
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dom and shown to be comparable to age-
matched population singletons in terms of clinical phenotype and lifestyle characteristics.
STR

The Swedish Twin Registry was first established
in the late 1950s to study the importance of
smoking and alcohol consumption on cancer
and cardiovascular diseases while controlling
for genetic propensity to disease. Between 1998
and 2002, the STR conducted telephone interview screening of all twins born in 1958 or earlier regardless of gender composition or vital
status of the pair. This effort is known as
Screening Across the Lifespan Twin study
(SALT). A subsample of SALT (≈10,000) was genotyped as part of the TwinGene project (Lichtenstein et al. 2006) and we use this information in the current study.
C o n st r u c t i n g Li n e a r P o lyg e n i c
Scores of Reproduction

Because we have direct access to genotypic
data, we first performed out-of-sample prediction using cohorts for the four data sources.
GWAS results are generally performed by a
meta-analysis of the results from multiple datasets, which in our case was the combined results from sixty-t wo sources. Out-of-sample
prediction refers to the fact that when we construct the PGS to use with a particular dataset,
we first need to remove the contribution of the
results from that dataset to avoid overfitting
the model. In other words, the descriptive results from all of the four datasets were in the
original meta-analysis that included sixty-t wo
datasets, which we used to discover the genetic
loci associated with AFB and NEB (Barban et
al. 2016). To properly construct the PGS for use
in the HRS, for example, we need to remove
HRS from the results and re-r un the meta-
analysis without the HRS results to produce a
new bespoke or tailored PGS, which can used
for that dataset. We therefore calculated polygenic scores for AFB and NEB, based on GWA
meta-analysis results and used regression models to predict the same phenotypes in each independent data source.
A polygenic score is a linear combination of
the effects of genetic variants present in the
entire genome and can be interpreted as a sin-
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gle quantitative measure of genetic predisposition. Just as a battery of multiple questions on
personality types or attitudes toward immigration can make up a scale that is measured by
one index, a PGS assumes that individuals fall
somewhere on a continuum of genetic predisposition resulting from small contributions
from many genetic variants. This is particularly
relevant when single genetic variants have too
small of an effect in explaining complex phenotypes, a common case for complex behavioral traits such as educational attainment (Okbay, Beauchamp, et al. 2016), well-b eing,
neuroticism, depression (Okbay, Baselmans, et
al. 2016), or fertility. A PGS for individual i can
be calculated as the sum of the allele counts
aij (0,1 or 2) from each SNP j = 1,..M, multiplied
by a weight wj:
m
wjaij ,
PGSi = ∑j=1

using as a choice of weights the association coefficients derived from our recent GWAS on fertility traits. To be clear, it is not the summary
of the top genetic loci that were previously isolated, but a sum of the allele counts from all
SNPs.
A pivotal question for social scientists is how
relevant these PGSs are for applied research
and for inclusion in our statistical models. In
other words, do the genetic scores that we produce actually predict those observed outcomes? If so, what percentage of the variance
do they explain? To determine this, we ran ordinary least-squares (OLS) regression models
and report the R-squared as a measure of
goodness-of-fit of the model. In addition, we
tested how well our polygenic scores for NEB
could predict childlessness at the end of the
reproductive period (using age forty-five for
women and fifty-five for men) and estimated a
Cox model examining the impact of the PGS of
AFB on observed AFB.
We then reran meta-analyses of the pooled
AFB and NEB phenotypes, excluding each of
the four independent cohorts. Using these
summary statistics, we constructed linear polygenic scores using the effect sizes from the original meta-analysis. We constructed all scores
using the software PLINK (Purcell et al. 2007)
and PRSice (Euesden, Lewis, and O’Reilly 2014)
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based on best call genotypes imputed to Hap
Map reference 3 panel. For each phenotype, we
calculated nine scores using different p-value
thresholds: 5e-08, 5e-07, 5e-06, 5e-05, 5e-04, 5e-
03, 0.05, 0.5 and 1. Results are clumped using
the genotypic data as a reference panel for linkage disequilibrium structure.
To control for cohort effects, we first regressed each phenotype on birth year, its
square and cubic to control for nonlinear
trends in fertility, and the first ten principal
components. If the cohort included both men
and women, we included sex as a covariate in
the regression models. Next, we regressed the
residuals from the previous regression on the
polygenic score.
AFB and NEB

We now examine whether the polygenic scores
predict AFB and NEB.
OLS and Goodness-of-Fit
To test the variance explained or statistical
power of our PGS on predicting the actual observed AFB and NEB, we adopt two models.
First, we performed a set of OLS regressions
where we calculated the R-squared as an indicator of goodness-of-fit of the regression
model. For the twin studies (STR and TwinsUK), we included only one MZ twin in the analysis and used clustered standard errors at the
family level. Because MZ twins share the same
genetics, their PGS is identical. At the same
time, DZ twins share on average 50 percent of
their genetic variants, leading to correlated
PGSs in the sample. Removing a random MZ
twin for each family from the sample and using robust clustered errors in the analysis allow
us to control for correlated observations in the
analysis. To obtain 95 percent confidence intervals around the incremental R-squareds,
bootstrapping was performed with one thousand repetitions.
The results of the polygenic score analyses
are depicted in figure 1. The sample-size-
weighted mean predictive power of the AFB
score constructed with all SNPs is 0.9 percent,
and the NEB is 0.2 percent. On average, one
standard deviation (SD) variation on the polygenic score for AFB is associated with 0.48 years
(175 days) AFB for women and 0.33 years (120

days) for men. In other words, those who score
higher on the genetic continuum are more
prone to having their first child later and have
an observed delay in first birth of almost six
months for women and four months for men.
The variation of one SD in the polygenic score
for NEB is associated with an increase of 0.04
children on average. Although it is hard to
think in terms of a “fraction” of a child for individuals, our results do indicate that those genetically prone to have more children indeed
have more.
Cox Model of Age at First Birth
The previous OLS regression results for AFB
include only those in the analysis who have a
reported AFB. Logically, AFB is assessed only
for men and women who ever became parents
and does not take into account that a proportion of respondents are still at risk of having a
child (that is, did not have a child yet by the
date of the interview) or will remain childless.
This problem is commonly referred to in the
statistical literature as right censoring because
the outcome is not observed for all respondents, even though some respondents may still
experience the birth of their first child (Mills
2011).
As touched on previously, to model age at
first birth more appropriately, it is important
to account for right-censored data. The previous OLS models included information for only
those who had actually experienced a first
birth. Many individuals, however, either did not
have a first child by the time of the interview
due to their age or are childless. These are referred to as right-censored cases. In an event
history framework such as a Cox model, it is
possible to include these cases by including the
information about these individuals up to the
date of the last observation (Mills 2011). For this
reason, we estimated a second model in the
form of a semi-parametric Cox regression
model (Cox 1972) for the effect of the polygenic
score on increasing the hazard of having a child
conditional on age. This class of models takes
into account censoring and is widely used to
study fertility timing. Our results show that the
calculated PGS for AFB based on all SNPs is associated with an increased risk of childbearing
at any age (see tables 1 and 2). The median AFB
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Figure 1. Variance Explained by AFB and NEB Polygenic Scores
AFB
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Health Retirement Study
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Weighted Average

Source: Authors’ calculations from the Health and Retirement Survey, LifeLines Cohort Study, TwinsUK, and STR.
Note: Calculated with the inclusion of SNPs at different levels of significance. Polygenic scores were
calculated from the meta-analysis results excluding the validation cohort. The y-axis is the variance explained (R-squared from OLS regression with polygenic score as sole predictor). The x-axis represents
the p-value inclusion threshold used in the construction of the polygenic score. The black line is the
sample-size-weighted mean R-squared. Cohort-specific estimates and 95 percent confidence intervals
obtained with one thousand bootstrap samples. Results are adjusted for birth cohort, first ten principal
components, and sex. Clustered standard errors have been used for family-based studies.
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Table 1. Logit Regression of Childlessness on NEB Polygenic Score
Pooled Sample

LifeLines

STR

TwinsUK

Women

Men

Women

Men

Women

Men

Women

Childless
PGS NEB (all SNPs)
SE

0.911***
(0.022)

0.979
(0.037)

0.904*
(0.038)

0.988
(0.043)

0.913
(0.043)

0.945
(0.081)

0.909*
(0.037)

N

17,465

10,126

5,411

4,536

7,795

5,590

4,259

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note: Age forty-five for women, fifty-five for men, using all SNPs on score. PGS = polygenic score; NEB =
number of children ever born, SNPs = single nucleotide polymorphisms, exponentiated coefficients. Standard
errors in parentheses.
*p < .05; **p < .01; ***p < .001
Table 2. Within Families Regressions
Regression coefficients
Beta (all SNPs)
Constant
N
R2
R2 within
R2 between
N groups

AFB
OLS

AFB
WF

NEB
OLS

NEB
WF

0.508***
(0.0450)
–0.00202
(0.0455)

0.317**
(0.115)
–0.00367
(0.0371)

0.0623***
(0.00989)
–0.00402
(0.0104)

0.0601*
(0.0256)
–0.00401
(0.00907)

11,613
0.0118

11,613
0.00207
0.00207
0.0131
7,944

14,206
0.00280

14,206
0.00108
0.00108
0.00347
9,090

Source: Authors’ calculations from TwinsUK and STR.
Note: AFB = Age at first birth; NEB = Number of children ever born, SNPs = single nucleotide polymorphisms; OLS = ordinary least-squares regression; WF= within-family.

for men in the pooled sample is twenty-eight
and twenty-six for women. The hazard ratio of
the PGS for AFB is 0.92 for women and 0.97 for
men. This means that an increase of one standard deviation in the PGS is associated with a
decrease of 8 percent in the probability of having a child at any age for women and 3 percent
for men. Results for different cohorts and sex
are presented in table 1.
Childlessness

We used the score for NEB in an additional
analysis to predict the probability of remaining childless at the end of the reproductive period. Despite its limited predictive power in
the previous OLS model of NEB, our analysis
shows that an increase of one SD of the poly-

genic score is associated with a decrease of
around 9 percent in the probability to remain
childless for women, and that no significant
differences among men are discernable (see
table 3). The results are consistent across cohorts.
To illustrate differences in childlessness by
genetic predisposition, we estimated the proportion of individuals without children by
polygenic score, comparing individuals with
extreme polygenic scores. Figure 2 shows that
men and women with a PGS lower than the
5th percentile are more likely to ever have had
a child at any age compared to individuals in
the 95th percentile. This underscores the relevance of our genetic measures for fertility research.
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Table 3. Cox Regression Model, Age at First Birth on AFB Polygenic Score (all SNPs)
Pooled Sample

LifeLines

STR

TwinsUK

Women

Men

Women

Men

Women

Men

Women

PGS AFB (all SNPs)

0.917***
(0.008)

0.968**
(0.010)

0.944***
(0.011)

0.978
(0.014)

0.871***
(0.013)

0.960*
(0.015)

0.938***
(0.018)

N

16,132

9,136

7,154

4,611

5,409

4,525

3,569

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note: PGS = Polygenic Score; AFB = age at first birth, SNPs = single nucleotide polymorphisms.
Exponentiated coefficients. Standard errors in parentheses.
*p < .05, **p < .01, ***p < .001
Figure 2. Kaplan-Meier Estimation of Childlessness by Age and by Polygenic Score
1.00

Proportion Childless

Top 5 percent PGS AFB
Bottom 5 percent PGS AFB
0.75

0.50

0.25

0.00
0

20

Age

40

60

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.

Ot h e r Fe r t i li t y- R e l at e d T r a i ts

We also wanted to know to what extent the linear PGS for AFB and NEB can predict related
fertility traits, namely age at menarche and
completed by age at menopause.
We used TwinsUK to model age at menarche.
Age at menarche (AAM) has been assessed for
6,838 women using the following question:
“How old were you when you had your first
menstrual period?” The average age at AAM in
the sample is thirteen (SD = 1.59 years). To examine menopause, we used the age at menopause measurement included in the Dutch LifeLines cohort. Age at menopause is measured
with the question: “At what age did you have
your last menstrual period?” We excluded

women from the sample who reported having
had their last menstruation before age thirty or
after age sixty. The median age at natural menopause (ANM) in the sample is forty-five.
Our results in table 4 indicate that those
with a genetic propensity to have a later AFB
also show a shift of the entire reproductive window, to both later onset of menarche and
menopause. Table 4 shows that an increase of
one standard deviation on the PGS of AFB is
associated with an increase of 0.06 years, or just
under one month (twenty-t wo days), on age at
menarche. The PGS for AFB is likewise associated with a later ANM. Because a substantive
proportion of the sample of women in LifeLines is still in the pre-menopausal period, we

r sf: t he russell sage f ou n dat ion jou r na l of t he so ci a l sciences

bio s o c i a l pat h way s ac ro s s t h e l i f e c ou r s e

130

Table 4. Linear Prediction of Age at Menarche
and Menopause Using AFB PGS Linear Score
Age at Menarche
OLSTwinsUK
PGS AFB
_cons

Age at Menopause
Cox Survival
Model LifeLines

0.0560*
(0.028)
13.00***
(0.029)

0.971*
(0.012)

3,424
0.00694

6,923

N
R2

estimated a proportional hazard model (Cox
regression) in which we estimate ANM as a
function of PGS for AFB. Our estimates indicate
that having higher predisposition for AFB is
associated with a later ANM. The hazard ratio
estimate 0.97 indicates that an increase of one
standard deviation of the PGS for AFB is associated with a decrease of the occurrence of
menopause at any age of about 3 percent.
S e n s i t i v i t y T e sts

Source: Authors’ calculations from LifeLines
Cohort Study and TwinsUK.
Note: PGS = polygenic score. Standard errors in
parentheses.
*p < .05; **p < .01; ***p < .001

To test the robustness of our all-SNP polygenic
scores, we estimated within family (WF) regressions of AFB and NEB on polygenic scores.
These regressions control for possible bias due
to population stratification. Population stratification refers to a systematic relationship between the allele frequency and the outcome of

Table 5. OLS Regressions and Heckman Two-Stage Regression Models of AFB on Polygenic Score (Using All SNPs)
Pooled Sample

LifeLines

OLS

Heckman

OLS

Heckman

OLS

Heckman

OLS

Heckman

Women

Women

Men

Men

Women

Women

Men

Men

Main
PGS AFB

0.483***
(0.037)

_cons

0.0058
(0.037)

0.450***

0.331***

0.321***

(0.036)

(0.050)

(0.049)

–1.056***

–0.00942

–0.767***

(0.042)

(0.050)

(0.053)

0.392***
(0.050)
0.00625
(0.048)

0.388***

0.267***

0.273***

(0.049)

(0.065)

(0.065)

–0.506***

–0.00697

–0.268***

(0.052)

(0.064)

(0.065)

Ever had children
PGS NEB

0.0368***

0.0355*

(0.010)
_cons

0.0315

(0.016)

1.126***

1.323***

(0.013)

0.0627

(0.020)

(0.033)

1.454***

(0.019)

1.833***

(0.022)

(0.036)

Athrho
_cons

1.481***

1.412***

(0.039)

1.163***

(0.050)

1.211***

(0.059)

(0.083)

lnsigma
_cons

1.605***

1.611***

–0.00839
N

14,389

r2

0.012

16,405

8,341

9,136

0.006
0.902

rho

1.458***

–0.0113

1.500***

(0.012)

(0.014)

6,646

4,471

0.010

0.004

0.888

0.822

4,611
0.837

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note: First stage selection models based on NEB polygenic scores (all SNPs). AFB = age at first birth; NEB = number of
children ever born, SNPs = single nucleotide polymorphisms; OLS = ordinary least-squares regression; WF = within-family. Standard errors in parentheses.
*p < .05; **p < .01; ***p < .001
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interest in different subgroups of the population. Genetic similarity is often correlated with
geographical proximity because human genetic
diversity is the result of the history of population migration, ethnic admixture, and residential segregation. In such studies, it is essential
to clarify whether results are a true signal of
similarities or merely attributable to the presence of two or more population subgroups having different genetic or allele frequencies that
are a result of a coincidence of being correlated
with different levels of a particular trait. A common example is the chopsticks gene finding.
In this fictional scenario, a geneticist wanted
to discover why some people eat with chopsticks and others do not and found a considerable correlation to account for about half of the
variance. The finding, however, was attributed
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to the different genetic or allele frequencies in
Asians and Caucasians, who use cutlery and
chopsticks to different extents—that is, cultural
rather than genetic reasons.
By examining differences in the polygenic
scores between DZ twins, WF regressions cancel out possible confounders due to the population structure of the sample. Because DZ
twins have the same family environment, results from a family fixed-effect regression
model are net of any family-specific confounder, including ancestry. As we did in the
standard model, we standardized NEB and AFB
on birth year, birth year squared, birth year cubic and sex. Our regressions are based on 7,944
twin couples for AFB and 9,220 twin couples
for NEB. Table 5 reports the results of standard
OLS and WF statistical models.

STR

TwinsUK

OLS

Heckman

OLS

Heckman

OLS

Heckman

Women

Women

Men

Men

Women

Women

0.632***

0.458***

0.404***

0.342***

0.456***

0.467***

(0.069)

(0.064)

(0.077)

(0.073)

(0.091)

(0.086)

0.0269

–1.179***

–0.0126

–1.359***

–0.0217

–2.100***

(0.070)

(0.078)

(0.079)

(0.087)

(0.090)

(0.120)

4,726

0.0459**

0.0231

0.0293

(0.015)

(0.018)

(0.019)

1.111***

1.027***

0.733***

(0.021)

(0.023)

(0.025)

1.941***

1.617***

1.519***

(0.110)

(0.070)

(0.072)

1.679***

1.719***

1.749***

(0.014)

(0.017)

(0.019)

5,409

0.019

3,870

4,525

0.007
0.96

3,017

3,842

0.009
0.924

0.909
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The regression analyses show that within
family regression coefficients for both AFB and
NEB are statistically different from zero when
PGS are based on all SNPs. Both coefficients
for AFB and NEB are larger than zero in within
family analyses, confirming that the PGS uncover true polygenic signals. Overall, these results indicate a limited effect of population
stratification and the existence of true polygenic signals.
A second potential problem is statistical selection; that is, individuals with a measurement
of AFB may be genetically distinct from those
who remain childless. If childless individuals
are different from the general population, the
association results on AFB may be biased by
selection problems. To understand whether
and how these issues would influence our results, we estimated bivariate Heckman selection models in which we estimate the probability of eligibility for AFB in a two-step procedure
(Heckman 1974). Because we are interested in
possible genetic differences among men and
women who have had children rather than
childless individuals, we used the PGS for NEB
to model the probability of being at risk or eligible for AFB. The results from the Heckman
selection models indicate slightly lower coefficients than OLS regression models but no substantial differences (for details, see table 5). We
can therefore conclude that statistical selection
due to genetic distinctiveness between those
who have had a child (for which we have a measure for AFB) and those who have not does not
influence our results.
D i s c u ss i o n a n d C o n c lu s i o n

The aim of this article is to demonstrate the
power of polygenic scores of age at first birth
and number of children in predicting the actual
observed outcomes and related fertility traits
and to ensure that these results were robust.
Using an OLS regression model to estimate the
overall variance explained or R-s quared
goodness-of-fit, we show that the predictive
power of the AFB PGS was around 1 percent
and of the NEB PGS was 0.2 percent. We also
see that one SD increase in the AFB PGS is associated with an 8 percent reduction of the hazard ratio of having the first child for women
and with a 3 percent reduction for men. The

NEB PGS can also be used to study childlessness, a one SD increase in the PGS decreasing
the probability of remaining childless by 9 percent in women. It is essential to distinguish
clearly between, on the one hand, the predictive
power or R-squared that looks at the proportion
of variance explained with the OLS models and,
on the other, our coefficients from the Cox regression models. We need to think of the interpretation of PGS as changes in one standard
deviation of the PGS and how they are related
to an increase or reduction in the hazard ratio
of reproduction. It is likewise incorrect to state
that a one SD of the PGS for AFB is associated
with an 8 percent increase of AFB. Rather, our
results are presented as relative risk ratios. One
SD of the PGS for AFB is associated with an increase of 0.5 years in AFB (and 0.3 years with a
fixed-effect model, table 2). We acknowledge
that it remains awkward and not immediately
intuitive to interpret PGS in terms of SD
changes and survival models in terms of hazard
and relative risk ratios. For the time being this
remains the prominent manner to interpret
these findings.
Our results also demonstrate a fascinating
underlying genetic link with the shifting of the
entire reproductive window for certain individuals. The AFB PGS is clearly linked to development and the reproductive window, those having a genetic propensity to later AFB also
having a later genetic propensity for the onset
of menarche and ANM. Detailed LD-Score regression analyses have indeed shown a strong
genetic association between human development and AFB, including age at voice-breaking
for boys and age at first sex (Bulik-Sullivan et
al. 2015; Barban et al. 2016). A recent study also
found that our AFB PGS is linked to longevity
(Mostafavi et al. 2017).
Several conclusions are indicated. First, the
predictive power of our polygenic scores when
entered alone in the model remains considerably lower than previous research would indicate. Recall that the R-squared goodness-of-fit
tests show a predictive power of the linear AFB
PGS of around 1 percent and 0.2 percent for
NEB. This is a fraction of what previous twin
and family studies have found, which predicted these outcomes to be between 25 percent and 45 percent heritable (Mills and Tropf
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2016). It is also much lower than recent SNP-
based GREML whole-genome methods that
predicted that 15 percent for AFB and 10 percent for NEB of the variance was attributed to
genetic factors (Tropf, Stulp, et al. 2015). In
other words, the ceiling of SNP heritability
should likely be more in the range of 10 to 15
percent than 1 percent. Missing heritability
can be explained several ways, including nonadditive genetic effects, epistatic effects, and
inflated estimates from twin studies due to
shared environmental factors (missing heritability, Manolio et al. 2009; nonadditive effects,
Zhu et al. 2015; epistatic effects, Zuk et al. 2012;
inflated estimates, Felson 2014). Empirical
studies, however, find no evidence for any of
these reasons.
Jian Yang and his colleagues argue that most
genetic effects are too small to be reliably detected in GWAS of current sample sizes, which
is why they propose the whole-genome restricted maximum likelihood estimation performed by GCTA software (Yang et al. 2010,
2011). Studies applying these whole-genome
methods typically yield estimates with predictive power between twin studies and polygenic
scores. A recent investigation also demonstrates that including rare genetic variants can
strongly increase the predictive power of genes
for body mass index (BMI) and height (Yang,
Bakshi, Zhu, Hemani, Vinkhuyzen, Lee, et al.
2015). Similarly, the first meta-GWAS on educational attainment produced three significant
hits with small effect size and a total predictive
power based on all SNPs of 2 percent (Rietveld
et al. 2013). Meanwhile, the most recent meta-
GWAS, which finds seventy-four significant
hits, explains around 3.2 percent of the observed variance (Okbay, Beauchamp, et al.
2016). This refers to the predictive power of
SNPs, though not all SNPs, which is the same
approach used in our study. The main differences between the studies are the increased
sample size in the latter study as well as the
inclusion of more genetic variants. Current predictions are that these differences will only continue to increase with the release of larger datasets such as the UKBiobank. We therefore
anticipate that in future GWAS studies, as sample sizes grow and including more detailed genetic information becomes possible, these

133

traits will be more in the range of 10 to 15 percent. Our PGS scores as they stand, however,
still had a notable predictive power for the timing of first birth and childlessness.
Another explanation is possible. A recent
study on fertility suggests that next to rare variants and insufficient sample size, GWAS discoveries might be limited by heterogeneity
across cohorts and birth cohorts under study
(Tropf et al. 2017). Heterogeneity can arise on
the phenotypic level if the phenotypic measurement differs across cohorts and birth cohorts,
on the genotypic level if linkage disequilibrium
differs across populations under study, and by
gene-environment interaction. They find that
the predictive power of the whole-genome
methods increases as much as fivefold when
heterogeneity across cohorts and birth cohorts
is taken into account. Investigations on height
and BMI find barely evidence for genome-wide
heterogeneity across countries and sexes (Yang,
Bakshi, Zhu, Hemani, Vinkhuyzen, Nolte, et al.
2015). Fertility is in large part environmentally
determined and modified (Mills et al. 2011). It
is therefore highly likely that gene-environment
interaction across the more than sixty cohorts,
as well as across birth cohorts within cohorts,
limited genetic discovery in the most recent
GWAS and leads to comparably small predictive power of the polygenic scores.
It is also not surprising that genetic factors
are not especially strong in predicting reproductive behavior. A large body of social science
research has consistently demonstrated that
socio-environmental conditions are key factors
shaping human reproduction. We know that
women’s higher educational attainment and
presence in the labor market has resulted in
postponed entry into parenthood (Balbo, Billari, and Mills 2013). Another obvious point is
that the models presented in this article are
not multivariate models. When the gold standard social science variables that predict AFB
and NEB such as age at entry into a union or
marriage and educational attainment are entered alone in a model, they also have low predictive power (from 6 to 15 percent). It is therefore artificial and unusual within the social
sciences to enter only one predictor in a model
and to not consider confounders or interactions. The purpose of this article, however, is
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to introduce and demonstrate the polygenic
scores in the hope that others will include and
interrogate these further in multivariate models.
Genetics is likewise only one piece of the
puzzle and in this study, we examine only one
type of genetic variants (SNPs) and consider
only one of the many possible biological and
genetic ways in which individuals may vary.
Other sources of molecular genetic variation
remain to be discovered. We plan to examine
our work further with denser genotyping platforms. Other GWAS studies for complex traits
such as diseases have also consistently identified common variants with small effects,
which explain only a small proportion of the
trait of interest. This does not affect the biological importance of the findings, however,
because many follow-up studies that have isolated particular genetic loci have the potential
to substantially improve our understanding
of human biology. In the context of human
disease, for example, variants identified by
GWAS for diabetes and cardiovascular diseases “tag” genes that encode well-known
drug targets for the treatment of such diseases. This implies that a further understanding of the genes underlying the associations
we identified for reproductive behavior may
result in new reproductive strategies such as
those for assisted reproductive technology
treatment.
For social scientists who study reproductive
behavior, we offer and provide an entirely new
variable and way of theoretically thinking
about and measuring human reproductive behavior. These polygenic scores for AFB and
NEB will also be easily usable in publicly available datasets, which will allow researchers to
include these predictors in their research.
These PGS scores show that a genetic component underlies AFB and NEB and is related to
other fertility traits such as childlessness,
menarche, and menopause. This may force us
to rethink existing behavioral theories that
rarely included biology and genetics in their
largely choice and preference-based theoretical models, such as the Theory of Planned Behavior, often used in social science fertility research (Ajzen 1991).
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