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both males’ and females’ lifetime number of jobs worked.
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Introduction 

The causal effects of fertility are a central focus in the social sciences, but its identification 

is challenged by the endogeneity of fertility behavior. Fertility is negatively selected by 

socioeconomic background, and decisions on childbearing are co-determined with other life 

choices (Balbo, Billari, and Mills 2013, Lundberg and Rose 2000). To address these issues, 

previous research often uses instrumental variables to overcome the endogeneity problem. The 

two most popular instrumental variables for fertility are multiple births (Twin IV), and the 

gender composition of the first and second born (Sex-Mix IV). Researchers have used the two 

IVs to identify the causal effect of fertility on parents’ labor force participation and earnings 

outcomes1 (e.g., Angrist and Evans 1998; Cools, Markussen, and Strøm 2017; Jacobsen, Pearce, 

and Rosenbloom 1999), and generally reported that mothers, and not fathers, labor market 

outcomes are negatively affected by fertility. 

The existing literature has several limitations. One limitation of both the Twin IV and Sex-

Mix IV is that the approaches are restricted to higher-order births and cannot estimate the 

effects of having one child vs. no children. For the Twin-IV, additional limitations include the 

relative rarity of twin births and the increasing evidence that twin births are non-random and 

instead follow a social gradient (Bhalotra and Clarke 2019). For the Sex-Mix IV, the influence 

of having two same sex children on having a third child is relatively small (i.e. a weak 

instrument) and the estimates may elicit the effect only on those induced to have a third child 

due to strong gender preferences that may not reflect the average effect of fertility (i.e. a local 

average treatment effect). Alternative instruments may be helpful to advance the existing 

knowledge concerning the causal effects of fertility.  
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Motivated by these limitations and recent developments in the sociogenomic study of 

human fertility (Mills, Barban, and Tropf 2018), we propose a novel dyadic genetic 

instrumental variable (DGIV) based on newly available genetic data in the Health and 

Retirement Study. Emerging research has shown that fertility has a large and measurable 

genetic component. We leverage this new information by controlling for the genetic “main” 

effects for each spouse and propose that the interaction of the measures of the genetic 

dispositions toward fertility (i.e., polygenic scores, or PGS) can be used as an instrument for 

(couple level) fertility. Intuitively, we assume that spouses select one another based on traits 

related to levels of fertility but not on how these levels combine (interact) to predict fertility at 

the couple level.  

In this paper, we first review the existing IV literature and discuss the limitations of the 

typically used Sex-mix and Twin IVs. Next, we formally explain our proposed IV and state the 

assumptions that support the validity of our instruments. Finally, we apply our proposed IV to 

a sample of 3,282 couples in the Health and Retirement Study (HRS). We analyze the causal 

effects of life course fertility on older adults’ labor market outcomes, including work history, 

income, and wealth, to compare the consistency of our results with the previous IV literature. 

We also investigate the causal effects of fertility on parental personality traits and subjective 

wellbeing to extend the study of fertility and non-labor market outcomes using a causal 

framework. This paper contributes to the demographic literature on fertility by providing both 

innovative instrumental variable methodologies and new empirical findings.  

Previous Literature 

Theoretical Perspectives on the Effects of Fertility on Parents 
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Most studies on the economic consequences of fertility on parents are driven by Becker’s 

(1993) household specialization theory. The theory posits that household members specialize 

in either housework (including childbearing) or labor market work in order to maximize overall 

production, which is the sum of housework production, labor market production, and utility 

from children. Due to socialization and biological differences, females are often assumed to be 

more efficient in housework, whereas males have comparative advantages in labor market work. 

Thus, the theory predicts that higher fertility causally reduces females’ labor market 

participation. Meanwhile, as mothers specialize in housework after the birth of children, males 

or fathers are expected to allocate more time in the labor market to maintain or maximize the 

labor market production of the family. Thus, the household specialization theory also 

hypothesizes a positive effect of fertility on males’ labor force participation.  

Social science theories also indicate that fertility affects men's and women’s broader 

outcomes, although the direction of the effects is ambiguous. One set of outcomes that receives 

focus is subjective wellbeing (SWB). Life course theory suggests the influences of children on 

parents as multifaceted and time-dependent. On the one hand, children are one of the most 

important social ties to parents. At younger ages, children provide a meaning of life and joy to 

parents, and they also serve as a source of social control that reduces parents’ unhealthy and 

risky behavior (Umberson and Gove 1989; Umberson, Pudrovska, and Reczek 2010). When 

children grow up, they become a source of social support that benefits their older parents both 

emotionally and materially (Seltzer and Bianchi 2013; Umberson, et al. 2010; Umberson, 

Crosone, and Reczek 2013). However, rearing young children also demands significant mental 

and material resources from parents. These demands may cause significant parenting pressure 
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and reduce parental wellbeing (Nomaguchi and Milkie 2020; Umberson and Gove 1989).  

Finally, psychological theories indicate that childbearing also changes parents’ personality 

traits (Jokela et al. 2006). From the perspective of social investment theory (Roberts, Wood, 

and Smith 2005), engaging with social institutions and social roles, such as parenthood, leads 

to maturity in personality traits. Thus, this theory foresees a positive relationship between 

fertility and more stable, “positive” personalities. However, from a life course perspective, 

major life events such as childbirth have complex effects on personality traits. The potential 

disruptive effects of childbirth on living arrangements and the burden of parenting may lead to 

negative changes in personality as well (Hutteman et al. 2014, Fletcher and Padron 2016; 

Specht et al. 2011).  

Causal Evidence on the Consequences of Fertility on Parents 

Because reproductive behavior is endogenous to a number of individual and institutional 

factors, such as socioeconomic status, childhood family structure, personality, and social 

policies (Balbo et al. 2013; Guzzo and Hayford 2020), it is necessary to utilize statistical 

methods to improve the causal confidence of the research. Some studies used experimental 

designs to show that maternal identity negatively affects the evaluation of women’s work 

performances (Benard and Correll 2010; Correll, et al., 2007), but most of the studies tend to 

use instrumental variables (IV) to estimate causal effects of fertility on the realized labor market 

outcomes, particularly labor income and employment status. The use of the IV method is 

motivated by the canonical studies by Rosenzweig and Wolfin (1980) and Angrist and Evans 

(1998). The two studies proposed and popularized two IVs for fertility: Sex-mix IV and Twin-

IV. Sex-mix IV uses the gender composition of the first two children as the instrumental 
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variable for fertility. It assumes that parents would like to achieve a balanced gender ratio, and 

thus the biological randomness of the same-gender of the first two children leads to an increase 

in the likelihood of the third child. Twin IV uses multiple second births as the instrumental 

variable. It assumes that the birth of twins is random, and thus the birth of twins in the second 

parity leads to an exogenous increase in the total number of children. Other IVs include 

infertility shocks (Agüero and Marks 2008; Agüero and Marks 2011) and in vitro fertilization 

(IVF; Lundborg, Plug, and Rasmussen 2017), though these have been used less frequently1. 

With the proposed IVs, Angrist and Evans (1998) analyzed the 1980 and 1990 US census 

data and found that having an additional child causally reduces females’ work time, 

employment rate, and labor income, but no effects on men were observed. Later studies using 

one or both of the IVs generally replicated Angrist and Evans’s (1998) findings and extended 

their conclusions to other contexts such as Latin America, Europe, and East Asia (Bronars and 

Grogger 1994; Cáceres-Delpiano 2012; Chun and Oh 2002; Gruce and Galiani 2007; Daouli, 

Demousis, and Giannakopoulos 2009; Jacobsen, Pearce, and Rosebloom 1999). Whereas 

previous studies tend to rely on cross-sectional data, Cools, Markussen, and Strøm (2017) used 

Sex-mix IV and Norwegian administrative data to analyze the long-term effects of fertility on 

labor market outcomes. They found that the negative effects of fertility on females’ work time 

and labor income are insignificant after the 30s for females without college education. Similar 

to previous studies, Cools et al. (2017) observed no effects of fertility on men. The findings 

based on Sex-mix IV and Twin IV are rich and consistent, but the validity and utility of the IVs 

have been questioned by more recent literature. We will discuss these issues in the next section.  

                                                
1 Another relevant literature uses policies as instruments for fertility (e.g. Geyer et al. 2015) 
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Compared with the rich literature on labor market outcomes, causal studies of fertility and 

a broader set of (non-labor market) outcomes are rare. Existing observational studies of the 

United States and European countries tend to conclude that number of children is negatively 

related to parental SWB during early adulthood, but the association disappears or becomes 

positive after middle adulthood (Deaton and Stone 2012; Stanca 2012; Glass, Simon, and 

Andersson 2016; Margolis and Myrskylä 2011; Umberson, Pudrovska, and Reczek 2010). 

Although studies suggest that mothers take the more burdensome tasks in childbearing and are 

subject to stronger parenting stress (Musick, Meier, and Flood 2016), evidence is mixed 

regarding whether there are gender differences in the association between fertility and SWB. 

Some research found no gender differences (Glass et al. 2016; Margolis and Myrskylä 2011), 

others report that men’s happiness is positively related to the number of children (Nelson-

Coffey et al. 2019).2  

Finally, the association between parenthood and personality traits has shown mixed 

evidence, with little causal analysis available. Using a Finnish sample, Jekola et al. (2007) 

reported that having children predicted higher emotionality, a personality trait related to 

negative outcomes, and higher emotional stability only among men, lending partial support to 

the social investment theory. However, later studies report having children to be related to a 

decrease or no change in emotional stability, conscientiousness, and agreeableness (Hutteman 

                                                
2 In contrast to the previous observational research, Priebe (2020) applied Twin IV and Sex-
mix IV to a large sample of parents in developing countries. The author reports that although 
OLS results show that an additional child is negatively related to happiness, IV-based results 
show that an additional child significantly increases parents’ happiness. Although results in 
developed countries and developing countries may not be comparable, contrasts between 
Priebe’s OLS and IV results still call existing observational studies into question and suggest 
further analysis using causal designs is needed. 
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et al. 2014; Scheppingen et al. 2016; Specht et al. 2011). South American Surveys asking for 

fertility intention also suggest the existence of mothers who prefer an unequal child sex ratio 

even when they have had one boy and one girl, suggesting the existence of defier groups 

(Clément 2017). The limited amount of literature and lack of causal focus indicates a need for 

more studies.  

Limitations of the Sex-mix IV and Twin IV 

Despite their significant contributions, the Sex-mix IV and Twin IV approaches have some 

limitations in terms of methodological design. First, Twin IV and Sibling IV are by design 

restricted to adults with at least two children. The identified treatment effects may not be 

generalized to childless or one-child parents. Alternatively, infertility (Agüero and Marks 2008; 

Agüero and Marks 2011) and IVF instruments (Lundborg, Plug, and Rasmussen 2017) can be 

applied to first-order births. However, although infertility is argued to be approximately 

random (Agüero and Marks 2008), its exogeneity is still challenged by some more recent 

findings that infertility is associated with marital status, age, health insurance, and graduate-

level education (Louis et al. 2013; Thoma et al. 2013). Because IVF is defined as the success 

of the first IVF treatment, it is applicable only to mothers who have ever received any IVF 

treatment and since the use of IVF is selective, concerns remain about the generalizability of 

the results.    

In addition, when interpreted using the Local Average Treatment Effect (LATE) 

framework, Sex-mix IV measures the causal effects of fertility on the complier groups who 

wish to balance children’s sex composition by having a higher-order birth. It also assumes the 

absence of the defiers group who have strong sex preferences so that they want to have more 
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children when the sex composition is already balanced. Although these assumptions may hold 

in Western contexts, they may not be applicable to cultural contexts with gender preferences 

for births (Chun and Oh 2002). Rosenzweig and Wolpin (2000) also suggested that child sex 

composition may have economics of scale effects. For example, same-sex children may share 

their clothes to reduce expenditures, which allows more investment in education. Indeed, recent 

studies have provided support for the validity of sex-mix IV. For example, Huber (2010) did 

not find economics of scale effects using US Census data, and Clément (2017) theorized that 

LATE can be identified when the defier group is small or the LATE on defiers has the same 

sign as LATE on compliers (i.e., although IV does not work as the same on defiers, treatments 

still affect them). But these concerns still suggest a need for more IVs to solidify our knowledge 

(Black et al. 2022). 

Twin IV, on the other hand, seems to clearer claim to random variation. The birth of twins 

was thought to be random, and its positive effects on the number of children unrelated to other 

family and individual characteristics, although the parents need to desire a second parity in 

order to be eligible for the analysis. However, recent studies have challenged the exogeneity of 

the Twin IV. For example, Bhalotra and Clarke (2019) found that in the US, better maternal 

health and higher maternal educational attainments are significant predictors of twin births. 

The chances of twin births can also be significantly increased by the use of fertility treatments, 

such as IVF.3  

                                                
3 Braakmann and Wildman (2015) also reported that the use of fertility treatments is 
associated with a 10% increase in the likelihood of twin births. Although other studies 
proposed that monozygotic twins can be more strictly exogenous (Farbmacher, Guber, and 
Vikström 2016), such information is usually unavailable in large demographic datasets. 
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The Present Study 

As reviewed in the previous section, the existing literature concerning the causal effects 

of fertility has some limitations. Empirically, existing studies tend to focus on labor market 

outcomes, but the effects of childbearing on psychological outcomes are also useful knowledge 

that demands causal analysis. Although a few studies have applied causal methods to study the 

impacts of fertility on non-labor market outcomes (Priebe 2020), the literature is very limited 

compared to the study of labor market outcomes. Finally, it is worth noting that existing studies 

tend to rely on working-age adults, whereas few studies consider the causal effect of fertility 

on older adults and therefore do not examine full life course effects. Methodologically, the 

issues with the generalizability and validity of Sex-mix IV and Twin-IV imply the need to seek 

new IVs to improve the robustness of our knowledge of fertility’s consequences.  

To address these limitations, this paper contributes to the current literature in three respects. 

First, we propose a new dyadic genetic IV (DGIV). Specifically, we utilize the interaction of 

spousal genetic predispositions for fertility as an instrument for realized fertility. The proposed 

DGIV does not impose sample restrictions on parents with multiple births. We provide formal 

statements of identification assumptions and interpretations based on LATE in the appendix. 

Second, we focus on the effects of fertility on older adults, which allows us to measure the life-

course effects of fertility on labor market participation. Third, we extend the use of the proposed 

IV to investigate the impacts of fertility on personality and mental health outcomes. These 

analyses will contribute to the causal knowledge of the impacts of fertility on a broader set of 

outcomes. 

Data and Empirical Method 
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Sample Construction 

We use data from the Health and Retirement Study (HRS). HRS is a biannual and 

nationally representative longitudinal survey of older adults in the United States. HRS surveyed 

about 20,000 respondents each wave and has so far included about 45,000 unique older adults 

across all waves. Beginning in 1992, HRS has documented rich data for older adults’ financial 

conditions, labor force participation, and fertility history. Since 2006, HRS started collecting 

genetic data of HRS respondents and their co-residential spouses. A Psychosocial and Lifestyle 

Questionnaire (PLQ) was introduced in the same year, which collects information about 

respondents’ psychological traits and non-cognitive skills. The recent advancements in HRS’s 

data collections provide unique opportunities to use genetics to identify the effects of fertility 

on non-labor market outcomes. We restrict the analytical sample to HRS couples. A respondent 

who is identified with two or more different spouses in HRS is not included in the sample. 

Because polygenic scores (PGS) predicted from the European-ancestry-based genome-wide 

association study (GWAS) are less reliable among the non-European population (Martin et al. 

2017), we further restrict the HRS couples to be both White or European Ancestry (defined by 

HRS’s genetic data; for detail, see Ware et al. 2018). After excluding cases with missing values, 

we obtained an analytical sample of 6,564 White older adults or 3,282 unique couples. Using 

these cases, we construct our measures (see the next section) using all person-wave 

observations over 50 years old so that our analysis focuses on older adults. Specific sample 

sizes vary by the outcome. In Appendix A, we outline our procedure for sample construction. 

Measures 

Our DGIV is the interaction term of each spouse’s genetic propensity for fertility (details 
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will be given in the next section). To construct our GIV, we use a PGS for the number of 

children ever born (NEB) to operationalize “genetic predisposition”. We use the officially 

released NEB PGS from the HRS team (Ware et al. 2018), which is constructed based on 

Barban et al. (2016)3. The treatment variable of our study is fertility, defined as the number of 

biological children for the couple. We use the wife’s (or female partner if not married) reported 

fertility as the measure of the couple’s fertility whenever the data is available. If the wife’s 

fertility information is unavailable, the husband’s data are used. 

We considered two sets of life course outcomes. The first set is labor market outcomes, 

which include work history and family finances. Work history measures include: (1) ever 

worked: a dummy variable indicating whether a respondent has ever worked on at least one 

job, (2) total years worked: a continuous measure of the total number of years that a respondent 

worked for, and (3) the number of jobs worked: a continuous measure of the total number of 

jobs that a respondent worked on. In the HRS, work history is collected in each wave and is 

thus a time-varying measure. We use the last available report of work history to maximize the 

coverage over the life course. Family finance measures include respondents’ long-term income, 

long-term wealth, and long-term earnings. They are constructed as the mean of the available 

waves of household income, household wealth, and individual earning data adjusted by the 

2016 consumer price index (CPI). We use the imputation values provided by Rand HRS so that 

the proportion of missingness is zero. Because of the negative values of household wealth, we 

used an inverse hyperbolic sine transformation on all three variables. The inverse hyperbolic 

sine has a similar property to the natural log transformation so that coefficients in the model 

can be interpreted as a semi-elasticity or elasticity (Bellemare and Wichman 2020). Note that 
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work history measures are constructed using all person-wave observations over 50, but 

financial outcomes are constructed using all available observations.  

The second set of outcomes includes personality traits and subjective wellbeing outcomes. 

The personality traits are operationalized as the Big-Five personality traits, defined as five 

composite scales that capture dimensions of human personality in a continuum (Goldberg 

1990). The five scales are openness, conscientiousness, extraversion, agreeableness, and 

neuroticism. We created HRS Big-Five scales using items in PLQ. The yielded scales range 

from 1 to 4. Following the previous literature about childlessness and older adults’ subjective 

wellbeing (Umberson et al. 2010; Nomaguchi and Milkie 2020), we consider three measures 

of subjective wellbeing, including depression, life satisfaction, and loneliness. For depression, 

we used the CESD scale provided by Rand HRS, which ranges from 0 to 8. For life satisfaction, 

we used the 7-point scale of Diener’s measure of life satisfaction (Diener et al. 1985), which 

ranges from 1 to 7. The scale is available in PLQ since 2008. The loneliness variable is 

constructed using the 3-item adapted UCLA-R loneliness scale (Hughes et al. 2004) and ranges 

from 0 to 6. The scale is available since 2006. Except for the depression scale, all the scales are 

constructed based on the official manual (Smith, Ryan, and Sonnega 2019). When more than 

half of the items for PLQ-based scales are missing, the respective scale will be set to missing. 

All of the original measures are time-varying, and we take the mean of the measures across 

waves to create time-invariant outcome variables. Similar to work history outcomes, only 

person-wave observations over 50 years old are used. 

We include spouses’ years of birth and gender as demographic controls. In addition, we 

recognize that the current version of PGS may be subject to three sources of confounding: 
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population stratification, pleiotropy, and parental genetics effects (Young et al. 2019). 

Population stratification refers to the differential frequencies of alleles in ancestry groups, 

making PGS capture non-genetic effects. We minimize population stratification by controlling 

for the spouses’ first principal components (PC; for detail, see Price et al. 2006) and 100 cross-

spousal interaction terms of the spouses’ PCs. Pleiotropy generally implies that the same 

genetic invariant may affect multiple life outcomes, which could invalidate the exclusion 

restriction of NEB PGS as instruments. We account for this problem by controlling for spouses’ 

education (EA) PGS as covariates in the model and note that we also control for NEB-PGS for 

each spouse as the main effects. The principal components and EA PGS data are also drawn 

from the HRS team’s public release (Ware et al. 2018). Finally, parental or sibling genetics are 

necessarily related to individuals’ genetics and may directly affect individuals’ life outcomes. 

Thus, PGS may also capture the indirect genetic effects from parents and siblings. As reviewed 

earlier, Mills et al. (2016) showed that the NEB PGS we use captures parental effects. When 

we take PGS as a measure of the causal effects of individuals’ own genetics, such indirect 

genetic effects are confounding effects. In the next section, we will explicate how our IV 

method can account for this source of confounding.  

Analytical Method: The Genetic IV  

We use 2SLS to identify the causal effects of fertility on older adults’ life course outcomes. 

The first stage is specified as: 

 𝐹𝐹𝑗𝑗 = 𝑏𝑏0 + 𝑏𝑏1𝐺𝐺0𝑗𝑗 + 𝑏𝑏2𝐺𝐺1𝑗𝑗 + 𝑏𝑏3𝐺𝐺0𝑗𝑗 × 𝐺𝐺1𝑗𝑗 + 𝑿𝑿𝒊𝒊𝒊𝒊𝜸𝜸 + ϵ𝑖𝑖𝑖𝑖 (1) 

Where 𝑗𝑗 denotes a couple, 0𝑗𝑗 denotes the husband or male spouse, 1𝑗𝑗 denotes the wife or 

female spouse, 𝐹𝐹𝑗𝑗  denotes fertility or the number of children born to the couple, and 𝐺𝐺 
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denotes genetic disposition toward fertility, which is operationalized as NEB PGS in this paper. 

In addition, 𝑿𝑿𝒊𝒊𝒊𝒊 denotes covariates, 𝜸𝜸 is a vector of coefficients for the covariates, and ϵ𝑖𝑖𝑖𝑖 

denotes the error term. Covariates include the spouses’ birth year, gender, principal components, 

and EA PGS. In addition, we include interaction terms of all principal components (100 

interaction terms in total) and spousal interaction of EA PGS for additional controls. Finally, 

the spousal interaction of NEB PGS, 𝐺𝐺0𝑗𝑗 × 𝐺𝐺1𝑗𝑗, is the excluded instrument. 

The second stage is specified as: 

 𝑌𝑌𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1𝐺𝐺0𝑗𝑗 + 𝑏𝑏2𝐺𝐺1𝑗𝑗 + 𝑏𝑏3𝐹𝐹�𝑗𝑗 + 𝑿𝑿𝒊𝒊𝒊𝒊𝜹𝜹 + η𝑖𝑖𝑖𝑖 (2) 

Where 𝑌𝑌𝑖𝑖𝑖𝑖 refers to the outcome of interest, 𝐹𝐹�𝑗𝑗 refers to the predicted value of fertility by Eq. 

(1), 𝑿𝑿𝒊𝒊𝒊𝒊  denotes the same set of covariates as in Eq. (1), 𝜹𝜹  is a vector of coefficients for 

covariates, and η𝑖𝑖𝑖𝑖 denotes the error term.  

 Mirroring the conventional IV method (Angrist, Imbens, and Rubin, 1996), we make 

(A1) relevance assumption, (A2) monotonicity assumption, (A3) exclusion restriction, and (A4) 

exchangeability assumptions. The assumptions are also presented in the counterfactual 

framework in Appendix B. The relevance assumption suggests that spouses’ genetic propensity 

has a multiplicative or interaction effect on realized fertility. Despite the fact that the relevance 

assumption is empirically testable, we also argue that this assumption has theoretical 

foundations. Although genetics is often regarded as an individual characteristic, fertility 

behavior is essentially a couple-level dyadic outcome that relies on the characteristics of both 

spouses. In this sense, genetics for fertility is a “couple-level” characteristic, and a spouse’s 

genetic propensity for higher fertility is likely to have multiplier effects in increasing the 

number of children ever born. 
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The exclusion restriction requires that multiplicative effects of spouses’ genetic propensity 

for fertility on life outcomes are only transmitted via realized fertility. Our rationale is that the 

spousal interaction term of NEB PGS is associated with an outcome variable either due to its 

association with the respective main terms (𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗) or through pleiotropy. Controlling for the 

main effect of NEB PGS will effectively rule out the former pathway. For the latter pathway, 

we can understand the pleiotropy problem as the association between NEB PGS and other PGS 

variables due to shared underlying genetic variants between PGS variables. If NEB is 

associated with another PGS variable that also impacts fertility through certain behavioral 

mechanisms, the exclusion restriction would be violated. We account for this problem by 

controlling for EA PGS, because EA PGS predicts educational attainments, income, cognitive 

ability, and other social status outcomes that significantly select fertility behavior. We argue 

that by controlling for EA PGS, including the spousal interaction of EA PGS, we can reasonably 

assume the exclusion restriction. Nevertheless, we acknowledge a more direct and ideal control 

for pleiotropy would be the PGS for the respective phenotype, which may capture and block 

the effects of the shared genetic variants causing pleiotropy biases. Yet such PGS has limited 

availability. For example, the HRS has no PGS for labor market outcomes such as the number 

of jobs. To examine the potential influences of the uncaptured pleiotropy, we add robustness 

analysis by controlling for the neuroticism, extraversion, depression, and life-satisfaction PGS 

in the analysis of respective phenotypes, as these PGS have been officially provided (Ware et 

al. 2016). We expect that if EA PGS is a good control or pleiotropy has minimal influences, 

adding these controls would not change our estimates.  

(A3) Exchangeability Assumption: conditional on covariates, the causal effects of the 
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spousal interaction of genetic propensity on life outcomes can be identified. Key to our 

assumptions is that we do not assume that the main effects of genetic propensities on life 

outcomes are identifiable. We acknowledge that, unless particular assumptions of the causal 

structure are made, the identifiability of main effects is usually the pre-condition for the 

identifiability of the interaction effect (Vanderweele 2009). That the main effects of PGS 

variables are confounded (Young et al. 2019, Mills et al. 2016) does challenge the validity of 

our Assumption A3. In order to justify our Assumption (A3), we assume the independence of 

confounding structure between spouses. Specifically, we made the following sub-assumptions: 

Sub-Assumption (1) the spouses’ genetic measures do not share any confounders; Sub-

Assumption (2) the confounding effect of one spouse’s genetic measure (for example, parental 

effects) is not moderated by the genetic propensity of the other spouse’s genetic measure. 

Regarding Sub-Assumption (1), we believe that the genetic unrelatedness of spouses ensures 

that the spouses do not share the source of confounding for their genetic measures. For example, 

genetically unrelated individuals are unlikely to share the same source of parental effects in 

their PGS measures. Regarding Sub-Assumption (2), we think there are few substantive 

mechanisms that can explain such cross-spousal interaction effects. In Appendix C, we provide 

an informal proof regarding how the two sub-assumptions support the validity of Assumption 

(A3). 

(A4) Monotonicity Assumption: this assumption indicates that given a higher level of 

multiplicative interaction of the couple’s NEB PGS, all couples are expected to either have 

more children (compliers) or have the same number of children (always-takers or never-takers), 

and no couples would have the lower expected number of children (i.e., no defiers). This 
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assumption also specifies our compliers or our local average treatment effects (LATE), as the 

compliers to our IV are those who can be affected positively by stronger genetic dispositions 

toward fertility. The compliers to our IV thus are distinctive from the compliers to classical 

sex-mix IV, which refers to parents who prefer an equal sex ratio of their children. We also 

assume the absence of defiers whose tendency to have children is negatively affected by 

stronger genetic propensity.  

Given the specified assumptions, we proceed to the summary statistics, the first stage 

results, the falsification test, and the 2SLS results in the next section. In the summary statistics, 

we will compare the distribution of key variables and covariates between spouses. In the first 

stage results, we show OLS estimates of the effects of spousal interaction of NEB PGS on 

fertility and the respective F-statistics for the interaction term. In the falsification test, we try 

to obtain the OLS, 2SLS, and Intention-to-Treatment (ITT) estimates of the effect of fertility 

on educational attainments. Finally, we show the OLS and 2SLS estimates of the causal effect 

of fertility on our selected outcome variables.  

Results 

Summary Statistics 

[TABLE 1 ABOUT HERE] 

Summary statistics by gender are presented in Table 1. The statistical significance of 

gender differences is also presented for most variables. Although almost all respondents have 

worked at least one job, the male respondents have a much higher number of years worked. 

The labor income for the male respondents is higher as well, corresponding to the well-

documented gender pay gap. Although our analytical sample is composed of couples, family 
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income and wealth still slightly differ by gender. This is because HRS co-residential couples 

tend to report slightly different household incomes and wealth. Regarding gender differences 

in the non-labor market outcomes, we can observe a mixture in terms of the direction of gender 

differences. For personality traits, the female respondents are rated higher in extraversion, 

openness, and agreeableness but also higher in neuroticism, a trait related to negative health 

and social consequences. This pattern corresponds to the existing literature (Weisberg, Young, 

and Hirsh 2011). The female respondents also exhibit a higher level of loneliness and 

depression, which is also consistent with the population pattern recorded in the psychology 

literature (Luhmann and Hawkley 2016).4  

First Stage Results: The Relevance Assumption 

[TABLE 2 ABOUT HERE] 

Relevance is the pre-condition for the use of the IV method and is the only assumption 

that can be empirically tested in a sufficient way. Table 2 presents the first stage results that 

assessed the relevance assumption. Model 3 is used as the final first stage model in the 

subsequent 2SLS regressions. In Model 1, we can see that the spousal genetic interaction term 

has a significantly positive coefficient on the spouses’ number of children. This result supports 

our hypothesis of the multiplicative effect of spousal genetics. Controlling for EA PGS and 

PCs, including their interactions (i.e., interactions between spouses’ EA PGS, and 100 cross-

                                                
4 In Table D1, Appendix D, we compared our analytical sample with all White/European Ancestry HRS 
respondents with genetic data (N = 10,290). This larger White genetic subsample can be regarded as the pool 
from which our analytical sample is drawn. Note that the subjects in the White genetic subsample are not 
necessarily couples. The comparison shows that our analytical sample is very similar to the overall White 
genetic subsample, although our analytical sample is slightly advantaged in household income, household 
wealth, and subjective wellbeing (life satisfaction). Respondents in our analysis are living with their spouses in 
at least one wave, but the White genetic sample includes living-alone respondents. Co-residence is expected to 
lead to advantages in household finances and mental health.  
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spousal interaction terms of PCs), has minimal impacts on the genetic interaction effect, which 

we interpret as suggestive evidence that the inclusion of additional genetic measures would not 

affect our results and indirect evidence against large pleiotropic effects. This pattern indicates 

that the spousal interaction effect of NEB PGS is robust. At the bottom of the table, we also 

report F-statistics for the spousal genetic interaction term. Model 3 shows that F-statistics (15.87) 

(Stock and Yogo 2005). In the subsequent analyses, the sample sizes may vary by outcome 

variable, and F-statistics vary as well. We note that for all the 2SLS results reported in the 

subsequent sections, F-statistics is consistently larger than 10.  

Falsification Test 

[TABLE 3 ABOUT HERE] 

Table 3 presents the results from the falsification test, which estimates the “effect” of the 

number of children born on educational attainment.  Since most (but not all) fertility occurs 

after schooling (see Rosenbaum 2020 and others), we ask whether the genetic IV can “correct” 

for any estimated effect of completed fertility on schooling, which is likely to reflect reverse 

causality and confounding effects. Indeed, since education tends to delay and reduce fertility 

behavior (Guzzo and Hayford 2020), it is not surprising that OLS yields a negative coefficient 

(Row 1, Table 3).  Consistent with our expectation, 2SLS results imply that fertility has no 

causal effects on education. We acknowledge that despite statistical insignificance, the 

coefficients of 2SLS are positive and large in magnitude. To account for the limitation, we also 

implement ITT analysis, which is an OLS regression of the educational outcomes directly on 

the proposed IV or spousal genetic interactions. We can see that the ITT coefficient sizes are 

very small and close to zero (< 0.1), so their statistical insignificance cannot be simply 
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explained by large standard errors. These results lend support to the validity of our proposed 

IV.  

Main Results 

[TABLE 4 ABOUT HERE] 

Table 4 presents the estimated effects of completed fertility on life course labor market 

outcomes. For work history outcomes, OLS results indicate that fertility is associated with all 

of the outcomes for females, but 2SLS results show that fertility only reduces older females’ 

total years worked (p < 0.05). The 2SLS estimates are also substantially larger than OLS in 

absolute magnitudes, indicating that an additional child reduces women’s length of working by 

five years. The differences in 2SLS and OLS estimates correspond to previous IV-based studies 

(e.g., Angrist and Evans 1997). On the other hand, males’ total years worked is unaffected, as 

was observed by previous studies (Angrist and Evans 1997; Cools 2017). A more novel finding 

regarding the 2SLS estimates is that an additional child similarly reduced the number of jobs 

worked for males by about 0.5 (p < 0.1). Different from previous studies, this result suggests 

that males’ labor force participation is not free from the effect of fertility. Given that males’ 

years of working were not influenced, a reduced number of jobs may imply that males are less 

likely to change their jobs when they have children perhaps because they desire stable jobs. 

However, we acknowledge that these findings are suggestive and not conclusive due to the lack 

of precision in the estimates. 

Meanwhile, although OLS results show that an additional child decreases long-term 

household income and wealth by 3% and 20% and decreases females’ labor income by 12.4%, 

the 2SLS results do not support the conclusions. 2SLS results provide no evidence regarding 
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the causal effects of fertility on older adults’ long-term income. Nonetheless, we note HRS 

records older adults’ income at later ages when childbearing is finished. The conclusion of null 

effects of fertility may simply imply that within each gender, the differences in income at older 

ages are not influenced by the total number of children. This result does not indicate that 

working-age females’ income at younger ages is not affected by fertility. In addition, we 

recognize that the 2SLS coefficients are negative and larger in terms of magnitudes than OLS 

results. It is likely that null findings result from larger standard errors (2SLS standard errors 

are ten times larger than OLS). Larger sample sizes would be necessary to make clearer 

conclusions concerning these outcomes. 

[TABLE 5 ABOUT HERE] 

Table 5 presents OLS and 2SLS results for non-labor market outcomes. For personality 

traits, OLS results suggest that fertility is positively related to agreeableness for both males and 

females. However, 2SLS results show that an additional child significantly reduces females’ 

extraversion by 0.194 (p < 0.05). Marginally significant evidence suggests that the birth of an 

additional child reduces, instead of increasing, females’ agreeableness (p < 0.1). For males, no 

effects of fertility on personality are observed by 2SLS regression. This pattern may be 

explained by the fact that the increased number of children primarily restrains mothers’ 

capability and frequency of social interactions in early and middle adulthood, which leads to 

differences in personality traits in the later life. Furthermore, 2SLS results did not show any 

significant effects of fertility on depression, life satisfaction, or loneliness on either males or 

females. These results show the need for much larger samples when using IV methods on these 

outcomes.  
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Finally, we examine the potential bias due to pleiotropy. As noted earlier, we do so by 

adding spousal PGS variables for neuroticism, extraversion, depression, and life satisfaction, 

and the spousal interaction of the PGS variables to the respective 2SLS model of each outcome. 

The results, shown in Table E1 in Appendix E, suggest that adding these more direct controls 

for pleiotropy leads to minor changes to the 2SLS estimates. It implies that our results are 

robust to the potential violation of exclusion restriction due to pleiotropy. 

Conclusion and Discussion 

In this paper, we made methodological and empirical contributions to the literature on the 

causal consequences of fertility on older adults. Methodologically, we propose a novel genetic 

instrumental variable that utilizes the recent advancements of genotyping technology and large-

scale genetic survey data. The proposed IV is the interaction of the spousal genetic propensity 

for higher fertility (Dyadic Genetic Instrumental Variable, DGIV). The validity of the proposed 

DGIV relies on two key assumptions: (1) spouses do not share any unobserved confounders 

for the measured genetic dispositions or PGS measures, and (2) the effect of one spouse's 

genetic propensity for fertility on realized fertility does not interact with any unobserved 

confounders to the measures of the genetic propensity of the other spouse. Essentially, these 

two assumptions imply the independence of the confounding structure of the PGS 

measurements for spouses. We believe that the fact that spouses are unrelated genetically is 

consistent with the validity of these two assumptions as well as the validity of our proposed 

DGIV. We argue that our proposed DGIV overcomes the difficulty that the measurements of 

genetic propensities tend to be confounded by family and environmental factors and can serve 

as a new tool for analyzing human fertility behavior.  
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 Using a sample of 3,282 couples from HRS, we apply the proposed GIV to analyze the 

impacts of fertility on labor market outcomes and non-labor market outcomes of personality 

traits and subjective wellbeing. Since we utilized an older adult sample whose career path is 

finished, our estimates for labor market outcomes provide a summary measure of the life-

course labor force participation, a novel perspective that is rare in the previous reach due to the 

limitation of data. Similar to previous works using census data and Twin and Sibling IV 

(Angrist and Evans 1998; Jacobsen et al. 1999), we find that an additional child leads to reduced 

lifetime work length for females by five years. Utilizing the advantage that HRS is a survey of 

older adults, we also analyzed how the number of jobs throughout the life course is affected by 

fertility. We find suggestive evidence that males’ work for 0.5 fewer jobs if they have one more 

child. For males, this effect may be explained by fewer job changes or desire for stable work 

schedules after significant family change. This finding also to some degree challenges the 

previous finding that males are unaffected by fertility behavior. We also believe that the 

consistency of our findings on labor force participation with the previous IV literature provides 

empirical support for the validity of our DGIV. 

Regarding personality traits, our results show that fertility causally decreases older 

females’ extraversion. This may be the result of the fact that mothers have reduced social 

interactions due to childcare workloads and less labor force experience. Suggestive evidence 

also shows that females have reduced agreeableness if they have more children. This may be 

related to the increased life conflicts, such as work-life conflicts, that women face after 

childbearing (Nomaguchi and Milkie 2020). We also analyzed links between completed 

fertility and mental health in older age but the results were too imprecise to be conclusive.  
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This study has two more general implications. First, we believe that our paper adds more 

evidence that fertility has unequal impacts for males and females, particularly in 

underexamined non-labor market outcomes. We suggest that more causality-driven studies 

would be necessary to enrich our knowledge in subjective wellbeing outcomes, a topic that is 

still understudied compared to labor market outcomes. Second, this study demonstrates a wider 

utility of the use of genetics in social science research. Previous sociogenomic research tends 

to focus on a relatively narrower range of topics, including gene-by-environment interaction, 

nature versus nurture, or heritability and intergenerational mobility (Freese and Shostak 2009; 

Conley 2016). This study shows that genes can be used as a statistical tool that benefits a much 

wider range of social science inquiries. While many studies have used genetic measures as 

instrumental variables, previous work has uniformly focused on individual level genetic 

instruments, which have clear concerns over being invalid (i.e. not excludable from the second 

stage regression) (Conley and Fletcher 2017).  We extend the use of genetic instruments to a 

more defensible scenario by constructing couple-level instruments (DGIV) to predict couple-

level endogenous outcomes. Future methodological and empirical literature could continue to 

explore the potential of genes as a tool that is beyond current uses.  

Nevertheless, we acknowledge that this study has several limitations. First, the biological 

or molecular mechanisms behind the significant spousal genetic interaction effects on realized 

fertility are unclear. A mechanism-based explanation for this interaction effect would be 

essential for consolidating the validity of our proposed DGIV. Second, a sample size of 3,282 

coupes limited our ability to estimate precise results in several cases. Empirically, the previous 

IV studies tend to rely on census (e.g. Angrist and Evans 1998; Jacobsen et al. 1999) or register 
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data (e.g. Cools et al. 2017). The sample sizes of these more powerful IV studies are at the level 

of hundreds of thousands of respondents. The empirical power of our analysis is unavoidably 

limited by the more modest sample sizes compared to the older studies. The empirical 

application of our approach using large samples would be important for future research. Finally, 

our study restricts the analysis to European ancestry respondents due to the current lack of 

useful polygenic scores for other population groups. However, we do expect that this inequality 

in the availability of genetic data and the production of genetic knowledge will be reduced in 

the future so that work will not be forced to limit analysis to respondents of European ancestry.  
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Note 

1. Although a large literature has examined the effects of early (i.e. teenage) fertility on longer 

term outcomes (Furstenberg 2013; Sweeny and Raley 2014, Kane et al. 2013, Fletcher and 

Wolfe 2009, Fletcher 2012; Fletcher and Polos 2017 reviews this literature), our paper 

focuses on total fertility and adults. 

2. Fletcher and Kim (2018) applied the twin-IV to an American adolescent sample and found 

that sibship sizes causally affect adolescents’ personality traits, but similar methods have 

not been applied to the study of parents. 

3. Later analyses reveal that the NEB PGS is confounded by childhood family environments, 

but the magnitude of confounding is limited and the coefficient of the NGB PGS remains 

large after family fixed effects ruled out family environmental confounders (Mills, Barban, 

and Tropf 2016). 
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Table 1. Summary statistics (mean and standard deviation) of the analytical sample.   

Variable Female Male 
T-Tests of 

Differences 
Labor Market Outcome    
Ever worked 0.96 (0.19) 0.996 (0.07) *** 
Total years of working 22.74( 11.71) 35.39 (9.47) *** 
Number of jobs 1.74 (1.08) 2.12 (1.21) *** 
Long-term household income 10.89 (12.83) 11.13 (12.83) Insig. 
Long-term net household wealth 70.23 (117.82) 71.60 (123.06) Insig. 
Long-term labor income 1.90 (2.91) 3.45 (5.58) *** 
    
Non-Labor Market Outcome    
Neuroticism 2.10 (0.56) 1.95 (0.53) *** 
Extraversion 3.23 (0.52) 3.13 (0.51) *** 
Openness 2.94 (0.51) 2.94 (0.50) Insig. 
Agreeableness 3.65 (0.36) 3.37 (0.45) *** 
Conscientiousness 3.40 (0.37) 3.27 (0.40) *** 
Depression 1.21 (1.34) 0.91 (1.10) *** 
Life Satisfaction 5.04 (1.29) 4.99 (1.22) † 
Loneliness 1.31 (1.37) 1.14 (1.31) *** 
    
Falsification Test    
Years of schooling 13.34 (2.27) 13.53 (2.69) Insig. 
    
Treatment and Instruments    
Fertility (Number of children) 2.59 (1.49) 2.59 (1.49) -- 
NEB PGS 0.04 (1.01) 0.002 (1.08) -- 
    
Covariates    
Year of Birth  1944 (10.92) 1940 (10.89) *** 
EA PGS 0.001 (0.99) 0.03 (0.99) -- 

Data source: The Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. “Insig.” stands for insigificnat. Standard deviations 
are presented in parentheses. Population refers to all HRS respondents with non-missing values for any of 
the variables. To save some digits, long-term household income, long-term household wealth, and long-term 
labor income are reported in thousands. Year of birth is rounded to integers. PGS measures have been 
standardized. Fertility variable is constructed to be the same for males and females. Equal variance is 
assumed for T-tests. T-tests are not implemented on EA PGS, NEB PGS, and fertility, because they are 
constructed to have no group differences in means. Summary statistics of PCs are not reported.  
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Table 2. Regression of Couples’ Fertility on Proposed IV and Control Variables. 
 Model 1 Model 2 Model 3 
 Outcome: Number of Children Ever Born 

Husband’s NEB PGS 
0.322*** 0.326*** 0.316*** 
(0.025) (0.025) (0.025) 

Wife’s NEB PGS 
0.428*** 0.429*** 0.434*** 
(0.027) (0.027) (0.028) 

Husband’s NEB PGS ×  
Wife’s NEB PGS 

0.103*** 0.104*** 0.102*** 
(0.025) (0.025) (0.026) 

Husband’s Age 
-0.011* -0.011* -0.011* 
(0.005) (0.005) (0.005) 

Wife’s Age 
0.039*** 0.039*** 0.039*** 
(0.005) (0.005) (0.005) 

Husband’s Education PGS 
 0.039 0.022 
 (0.024) (0.024) 

Wife’s Education PGS 
 -0.002 -0.008 
 (0.024) (0.024) 

Husband’s Education PGS ×  
Wife’s Education PGS 

 0.018 0.006 
 (0.022) (0.023) 

Couple’s PCs, Main Effects Controlled Controlled Controlled 

Couple’s PCs, Interaction Effects   Controlled 

F-statistics for the proposed GIV 
(Husband’s PGS × Wife’s PGS) 

16.55 16.86 15.87 

R-Squared 0.20 0.20 0.23 
N 6,564 6,564 6,564 

Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Cluster standard errors at the spousal level are 
presented in paretheses. 
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Table 3. OLS, 2SLS, and ITT Estimation of the Effects of Fertility on Educational Attainments 

Outcome Variable 
Spouses’ Mean 

Years of 
Schooling 

Husband’s Years 
of schooling 

Wife’s Years of 
schooling 

Ordinary Least Square 
(OLS) 

-0.111*** -0.074* -0.147*** 

(0.028) (0.037) (0.029) 

Two-State Least Square 
(2SLS) 

0.218 0.367 0.125 

(0.314) (0.437) (0.324) 

Intention to Treatment 
(ITT)  

0.026 0.040 0.015 

(0.031) (0.042) (0.032) 
Control Variables Yes Yes Yes 

Data source: Health and Retirement Study, 2004–2016. 
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. In ITT model, the coefficients reflect the direct 
regression of years of schooling on the spousal genetic interaction term. Cluster standard errors at the 
spousal level are presented in parentheses. 
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Table 4. Selected coefficients of OLS and 2SLS regressions of selected labor market outcomes on realized fertility.  

Gender 
Ever 

Worked 
Total years 
of working 

Number of 
Jobs 

Long-term 
Household 

Income 

Long-term  
Net Household 

Wealth 

Long-term 
Labor Income 

   OLS   

Male 
-0.001 0.042 -0.015† -0.030*** -0.215*** 0.044 
(0.001) (0.140) (0.008) (0.008) (0.044) (0.050) 

Female 
-0.006** -1.648*** 0.006 -0.029** -0.210*** -0.124* 
(0.002) (0.196) (0.02) (0.009) (0.045) (0.054) 

   2SLS   

Male 
-0.003 -0.758 -0.504† -0.054 -0.568 0.217 
(0.010) (1.663) (0.295) (0.100) (0.522) (0.594) 

Female 
-0.043 -4.826* -0.391 -0.009 -0.504 -0.009 
(0.027) (2.309) (0.250) (0.101) (0.53) (0.643) 

Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Cluster standard errors at the spousal level are presented in parentheses. Control variables are adjusted in 
all models. Long-term income, wealth, and labor income are rescaled by hyperbolic sine function, and the respective coefficients can be interpreted as semi-
elasticity. Detailed results are available in Table D2.1 to D2.4 in Appendix D. 
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Table 5. Selected coefficients of OLS and 2SLS regressions of selected non-labor market outcomes on realized fertility. 

Gender Neuroticism Extraversion Openness 
Agreeable-

ness 
Conscientio-

usness 
Depression 

Life 
Satisfaction 

Loneliness 

    OLS    

Male 
-0.002 0.010 -0.011 0.015* -0.004 0.027† 0.013 0.009 
(0.007) (0.007) (0.007) (0.006) (0.006) (0.015) (0.017) (0.018) 

Female 
-0.010 -0.005 -0.015* 0.013** -0.006 0.039* -0.013 0.034† 
(0.008) (0.007) (0.007) (0.005) (0.005) (0.018) (0.018) (0.019) 

    2SLS    

Male 
0.033 -0.087 0.075 -0.045 -0.013 0.152 0.216 0.046 

(0.081) (0.081) (0.076) (0.071) (0.062) (0.174) (0.19) (0.201) 

Female 
-0.078 -0.194* -0.022 -0.105† -0.052 -0.221 0.091 0.184 
(0.088) (0.091) (0.079) (0.063) (0.059) (0.209) (0.208) (0.217) 

Data source: Health and Retirement Study, 2004–2016. 
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Cluster standard errors at the spousal level are presented in parentheses. Control variables are adjusted 
in all models. Neuroticism, Extraversion, Openness, Agreeableness, and Conscientiousness are measured by Big-5 personality scale and ranges from 1 to 4. 
Depression is measured by the short CESD scale provided and ranges from 0 to 8. Life-satisfaction is measured by Diener’s measure of life satisfaction and 
ranges from 1 to 7. Loneliness is measured by the 3-item adapted UCLA-R loneliness scale and ranges from 0 to 6. Cognitive ability is measured by the Rand 
HRS sum scores that range from 0 to 35. Detailed results are available in Table D3.1 to D3.4 in Appendix D. 
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Appendix A: Sample Construction 

Figure A1. Construction of Fertility IV Data using RAND HRS Data Files 

 

 

We construct our analytical sample using two HRS datasets: (1) Rand HRS Longitudinal Data 

1992-2006 v1 (2) Rand HRS Family Roster Data 2014.  

Rand HRS Longitudinal Data is used to identify unique couples and gather basic demographic 

information. By unique couple, we refer to the females and males who identify no more than one spouse 

in Rand HRS longitudinal data file 1992-2016 data file. Using this standard, we identified a sample of 

14,183 unique couples.  

Although Rand HRS Longitudinal Data provides a fertility variable, “Number of Children Ever 

Born”, we are concerned that this self-report variable has limited accuracy. We reach the Rand HRS 
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Family Roster Data 1992-2014 to obtain fertility data calculated from the family roster. Rand HRS 

Family Roster Data has two files: a summary file, where each observation represents a HRS 

respondent regardless of whether they have kids, and a kid-roster file, where each observation 

represents a child of the HRS respondent. 

The summary data provides a calculated variable of “respondent’s own kid” in the summary file. 

Rand used “kid” to refer to the children of HRS respondents. Rand HRS constructed this variable 

using the kid-roster data. According to Rand HRS document, this variable summarizes the number of 

children in the family roster file whose relationship with HRS respondent can be confidently 

considered as biological child: 

“Respondent’s own kid (RwOWNKIDKN) is a count of Respondent’s own kids … the variable 

is the sum up of reported kids who have good linkage”.  

The summary data provides data for N = 37,945 cases. We merged the cleaned family roster data 

with the unique couple data. Among all the unique couples, N = 1,159 unique couples have no family 

roster data. Using the merged dataset, we create a realized fertility variable based on the following 

rules: 

1. When the female (wife) has “respondent’s own kid” information, the female’s report is 

used as the self-reported couple fertility 

2. When the female’s report information is missing, the male’s report is used as the self-

reported couple fertility 

3. When neither of the spouses has non-missing respondent’s own kid variable, the realized 

fertility variable is set to missing.  

4. If both spouses self-report to give birth to zero children (e.g. both spouses have non-
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missing “number of children ever born” variables that have values of zero) and have 

missing respondent’s own kid variable, then the Rand-calculated couple fertility variable 

is imputed with zero.  

Finally, we merged the unique couple data with the HRS Genetic Data V3, which includes N = 

15,190 cases. Among them, 12,090 are identified as European Ancestry by the HRS team. The 

distribution of fertility of the Rand-calculated couple fertility among the 3,289 white couples with 

genetic data are given in Table A. After omitting 8 couples that have no fertility information, the final 

analytical sample includes 3,282 unique couples. The fertility information for the analytical sample is 

presented in Table A1.  

Table A1. Summary of the Distribution of Fertility Information in the Analytical Sample 
Reported Couple Fertility (# 
of children) 

Frequency 
(# of couples) 

Percent  
(%) 

0 216 6.58 
1 378 11.52 
2 1,173 35.74 
3 813 24.77 
4 406 12.37 
5 168 5.12 
6 76 2.32 
7 27 0.82 
8 15 0.46 
9 6 0.18 
10 3 0.09 
19 1 0.03 

Total Number of Couples 3,282 100 
Data source: The Health and Retirement Study, 2004–2016.  
Note: Mean = 2.59. SD = 1.49.  
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Appendix B. Genetic IV Identification Assumptions. 

In this Section, we present our IV Assumptions via counterfactual notations. 

 𝐸𝐸�𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗� − 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗�� ≠ 𝐸𝐸�𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗′ � − 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗′ �� (B1) 

Where 𝐺𝐺0𝑗𝑗′  and 𝐺𝐺1𝑗𝑗′  denotes counterfactual values of 𝐺𝐺0𝑗𝑗 and 𝐺𝐺1𝑗𝑗 so that 𝐺𝐺0𝑗𝑗 ≠ 𝐺𝐺0𝑗𝑗′  and 

𝐺𝐺1𝑗𝑗 ≠ 𝐺𝐺1𝑗𝑗′  , and 𝐹𝐹𝑗𝑗(∙)   stands for the potential outcomes of fertility given certain values of 

genetic dispositions.  

Formula (B1) explicates Assumption (A1), which specified a causal interaction effect of 

the spouses’ genetic dispositions on fertility (Vanderweele 2009). This implies that the causal 

effect of one spouse’ genetic dispositions is contingent on the other’s genetic dispositions. Thus, 

Assumption (A1) serves as our relevance assumption, which states that the couple’s genetic 

dispositions have a multiplicative effect on their realized fertility.  

 𝑌𝑌𝑖𝑖𝑖𝑖�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗,𝐹𝐹𝑗𝑗� − 𝑌𝑌𝑖𝑖𝑖𝑖(𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗 ,𝐹𝐹𝑗𝑗) = 𝑌𝑌𝑖𝑖𝑖𝑖�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗′ ,𝐹𝐹𝑗𝑗� − 𝑌𝑌𝑖𝑖𝑖𝑖(𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗′ ,𝐹𝐹𝑗𝑗)  (B2) 

Where 𝑌𝑌𝑖𝑖𝑖𝑖(∙)   stands for the potential outcomes of life outcomes given certain values of 

spousal genetic dispositions. 

Formula (B2) explicates our Assumption (A2). Assumption (A2), or the exclusion 

restriction, states that any interaction effects of the spouses’ genetics on life outcomes are 

transmitted via realized fertility.   

 𝐸𝐸�𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗� − 𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗� − �𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗′ � − 𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗′ ���𝑿𝑿𝒊𝒊𝒊𝒊�

= 𝐸𝐸�𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗 ,𝑿𝑿𝒊𝒊𝒊𝒊� − 𝐸𝐸�𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗 ,𝑿𝑿𝒊𝒊𝒊𝒊�

− [𝐸𝐸�𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗,𝐺𝐺1𝑗𝑗′ ,𝑿𝑿𝒊𝒊𝒊𝒊� − 𝐸𝐸�𝑌𝑌𝐼𝐼𝐼𝐼�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗′ ,𝑿𝑿𝒊𝒊𝒋𝒋�] 

(B3) 

Formula (B3) explicates Assumption (A3), or exchangeability assumption. Assumption 

(A3) states that conditional on all control variables, the causal effects of the spousal interaction 
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of genetic dispositions on life outcomes can be identified.  

 In our parametric model, Assumption (A) implies that the spousal interaction of NEB 

PGS, 𝐺𝐺0𝑗𝑗 × 𝐺𝐺1𝑗𝑗, does not share the same cause with the outcome variable, holding constant 

all covariates. In other words, we argue that even if 𝐸𝐸(𝐺𝐺0𝑗𝑗ε0𝑗𝑗|𝑿𝑿𝒊𝒊𝒊𝒊) ≠ 0 and 𝐸𝐸(𝐺𝐺1𝑗𝑗ε1𝑗𝑗|𝑿𝑿𝒊𝒊𝒊𝒊) ≠

0, controlling for the “contaminated” main effects will keep the spousal interaction term free 

from each spouses’ family-level confounders. In addition, let u0𝑗𝑗  and u1𝑗𝑗  stand for the 

unobserved confounders for the husband’s and wife’s genetics effects, the sub-assumptions can 

be parametrically presented as (1) 𝐸𝐸�𝐺𝐺0𝑗𝑗𝑁𝑁𝑁𝑁𝑁𝑁u1𝑗𝑗� = 0  and 𝐸𝐸�𝐺𝐺1𝑗𝑗𝑁𝑁𝑁𝑁𝑁𝑁u0𝑗𝑗� = 0 ; (2) the 

interaction terms 𝐺𝐺0𝑗𝑗𝑁𝑁𝑁𝑁𝑁𝑁u1𝑗𝑗 and 𝐺𝐺1𝑗𝑗𝑁𝑁𝑁𝑁𝑁𝑁u0𝑗𝑗, or any other higher-order interactions that involve 

any of these two terms, have zero coefficients on the outcome variables.  

 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗� − 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗� ≥ 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗′ � − 𝐹𝐹𝑗𝑗�𝐺𝐺0𝑗𝑗′ ,𝐺𝐺1𝑗𝑗′ � if 𝐺𝐺1𝑗𝑗 > 𝐺𝐺1𝑗𝑗′  (A4) 

Where 𝐹𝐹𝑗𝑗(∙)  stands for the potential outcomes of the number of children born to the couple 

given certain values of spousal genetic dispositions. 

Assumption (A4), or monotonicity assumption, states that there is no couple who acts 

against the interaction between genetic dispositions. In other words, the interaction effect is 

either positive (compliers) or zero (always-takers or never-takers). There are no defiers who 

display a negative interaction effect.  

Note that for the purpose of simplicity, we present counterfactual notations to our 

proposed IV by fixing the change in the male’s genetic disposition and use the reference level 

of the female’ s genetic dispositions as the moderator. We note that our assumptions also apply 

to the case when the female’s genetic dispositions are presented as the moderator in 

counterfactual notations.  
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Appendix C. The Assumption of Independence of Confounding Structure 

In this Section, we would prove that our stated assumptions support the identification of 

causal interaction effects without assuming absence of unobserved confounders. We will use 

general notations such as 𝑋𝑋1 , 𝑋𝑋2 , instead of notations specific to this paper (𝐺𝐺0𝑗𝑗,𝐺𝐺1𝑗𝑗 ), to 

facilitate reading and show that our assumptions are applicable to general setting not limited to 

genetics. We use 𝑋𝑋1, 𝑋𝑋2 to refer to the treatment variables whose causal interaction effects 

are of analytical interests. We use 𝑈𝑈1 and 𝑈𝑈2 to denote two unobserved variables that may 

cause 𝑋𝑋1, 𝑋𝑋2, and 𝑌𝑌, the outcome of interests, at the same time, and therefore 𝑈𝑈1 and 𝑈𝑈2 

are confounders to the causal effects of 𝑋𝑋1 , 𝑋𝑋2  on 𝑌𝑌 . We also use 𝑪𝑪  to denote a set of 

unobserved confounders that may cause 𝑋𝑋1, 𝑋𝑋2, and 𝑌𝑌.  

Given the specifications above, an estimand for the causal interaction effects can be 

specified as (Vanderweele 2009) 

 𝐸𝐸{𝑌𝑌(𝑥𝑥1, 𝑥𝑥2) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2) − [𝑌𝑌(𝑥𝑥1, 𝑥𝑥2′ ) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2′ )]|𝑪𝑪,𝑈𝑈1,𝑈𝑈2} (1) 

Where 𝑌𝑌(·) denotes the potential outcomes given certain values of 𝑋𝑋1 and 𝑋𝑋2, and the lower 

case 𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥1′ , and 𝑥𝑥2′  denotes a particular value assigned to 𝑋𝑋1 and 𝑋𝑋2. 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2) is an 

abbreviation of 𝑌𝑌(𝑋𝑋1 = 𝑥𝑥1,𝑋𝑋2 = 𝑥𝑥2).  

The first part of Formula (1), 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2), denotes the effect of change in 𝑋𝑋1 

from 𝑥𝑥1′   to 𝑥𝑥1  on 𝑌𝑌 , given certain levels of 𝑋𝑋2 = 𝑥𝑥2 , 𝑪𝑪 , 𝑈𝑈1  and 𝑈𝑈2 . 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2′ ) −

𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2′ ) denotes the effect of the same magnitude of change in 𝑋𝑋1 on 𝑌𝑌, when the level of 

𝑋𝑋2  has been changed to a different value, 𝑥𝑥2′  , and 𝑪𝑪 , 𝑈𝑈1  and 𝑈𝑈2  are hold constant. 

Therefore, this estimand describes the causal interaction effect where 𝑋𝑋2 causally moderates 

the effect of 𝑋𝑋1 on 𝑌𝑌. Note that with a simple rearrange of these counterfactual terms, 𝑋𝑋1 
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can be presented as the moderator as well. We just arbitrarily choose to present 𝑋𝑋2 as the 

moderator.  

 𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪,𝑈𝑈1,𝑈𝑈2) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪,𝑈𝑈1,𝑈𝑈2) − [𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2′ ,𝑪𝑪,𝑈𝑈1,𝑈𝑈2)

− 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2′ ,𝑪𝑪,𝑈𝑈1,𝑈𝑈2)] 
(2) 

The formula (Estimator (2)) above presents an unbiased estimator of the causal interaction 

effect. The estimator is unbiased because 𝐸𝐸(𝑌𝑌|𝑋𝑋1,𝑋𝑋2,𝑪𝑪,𝑈𝑈1,𝑈𝑈𝟐𝟐) = 𝐸𝐸[ 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2)|𝑪𝑪,𝑈𝑈1,𝑈𝑈𝟐𝟐] by 

backdoor criterion. However, because 𝑈𝑈1 and 𝑈𝑈2 are in fact unobserved, only the following 

estimator can be estimated via observed data, 

 𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪) − [𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2′ ,𝑪𝑪) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2′ ,𝑪𝑪)] (3) 

Because confounders 𝑈𝑈1  and 𝑈𝑈2  are not properly controlled, the estimator above 

(Estimator (3)) cannot be generally used to identify the causal interaction effects specified by 

Formula (1). Nonetheless, we can make two assumptions to make Estimator (3) an unbiased 

estimator: 

Sub-Assumption (1): 𝑋𝑋𝑖𝑖 ⊥ 𝑈𝑈𝑗𝑗|𝑪𝑪, where (𝑖𝑖, 𝑗𝑗) ∈ {(1,2), (2,1)} 

Sub-Assumption (1) states that conditional on observed covariates, the 𝑋𝑋1 is independent 

from 𝑈𝑈2 and 𝑋𝑋2 is independent from 𝑈𝑈1. In other words, 𝑋𝑋1 and 𝑋𝑋2 (in the case of this 

paper, the spouses’ genetic measures) do not have any shared confounder. The conditional 

independence assumption implies that 𝑈𝑈2 does not confound the causal effects of 𝑋𝑋1 on 𝑌𝑌, 

and, similarly, 𝑈𝑈1 does not confound the causal effects of 𝑋𝑋2 on 𝑌𝑌; take 𝑋𝑋1 as an example, 

this sub-assumption means that 𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪,𝑈𝑈1,𝑈𝑈2) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪,𝑈𝑈1,𝑈𝑈2) =

𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪,𝑈𝑈1) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪,𝑈𝑈1).  
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Next, Let 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥𝑗𝑗,𝑈𝑈𝑖𝑖 = 𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ,𝑪𝑪,𝑈𝑈𝑖𝑖� − 𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖′, 𝑥𝑥𝑗𝑗 ,𝑪𝑪,𝑈𝑈𝑖𝑖� − �𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ,𝑪𝑪� −

𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖′, 𝑥𝑥𝑗𝑗 ,𝑪𝑪��, where (𝑖𝑖, 𝑗𝑗) ∈ {(1,2), (2,1)}. This effect refers to the bias in the estimation of 

the effect of 𝑋𝑋𝑖𝑖 changing from 𝑥𝑥𝑖𝑖′ to 𝑥𝑥𝑖𝑖 on 𝑌𝑌 due to 𝑈𝑈𝑖𝑖, given that 𝑋𝑋𝑗𝑗 = 𝑥𝑥𝑗𝑗. Similarly, we 

can define, 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥𝑗𝑗
′,𝑈𝑈𝑖𝑖 = 𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗′,𝑪𝑪,𝑈𝑈𝑗𝑗� − 𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖′, 𝑥𝑥𝑗𝑗′,𝑪𝑪,𝑈𝑈𝑖𝑖� − �𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗′,𝑪𝑪� −

𝐸𝐸�𝑌𝑌�𝑥𝑥𝑖𝑖′, 𝑥𝑥𝑗𝑗′,𝑪𝑪��, which refers to the he bias in the estimation of the effect of 𝑋𝑋𝑖𝑖 changing from 

𝑥𝑥𝑖𝑖′ to 𝑥𝑥𝑖𝑖 on 𝑌𝑌 due to 𝑈𝑈𝑖𝑖, given that 𝑋𝑋𝑗𝑗 = 𝑥𝑥𝑗𝑗′. Then, the second Sub-Assumption is, 

Sub-Assumption (2): 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥𝑗𝑗,𝑈𝑈𝑖𝑖 = 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥𝑗𝑗
′,𝑈𝑈𝑖𝑖for all 𝑥𝑥𝑗𝑗 , 𝑥𝑥𝑗𝑗′ ∈ 𝑋𝑋𝑗𝑗 

Sub-Assumption (A2) essentially states that the bias caused by 𝑈𝑈1  is constant across 

levels of 𝑋𝑋2, and the magnitude of bias caused by 𝑈𝑈2 is constant across levels of 𝑋𝑋1. In order 

words, neither 𝑋𝑋1 nor 𝑋𝑋2 has an interaction effect with the confounders to the other.  

Based on the two assumptions, it can be shown that Estimator (3) can unbiasedly identify 

the causal interaction effects. To simply the proof, let 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 and 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′  denotes the true 

causal effects of 𝑋𝑋1 on 𝑌𝑌 at different levels of 𝑋𝑋2. Then, by Assumption (A1)  

𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 = 𝐸𝐸{𝑌𝑌(𝑥𝑥1, 𝑥𝑥2) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2)|𝑪𝑪,𝑈𝑈1,𝑈𝑈2} = 𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪,𝑈𝑈1) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪,𝑈𝑈1) 

𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′ = 𝐸𝐸{𝑌𝑌(𝑥𝑥1, 𝑥𝑥2′ ) − 𝑌𝑌(𝑥𝑥1′ ,𝑥𝑥2′ )|𝑪𝑪,𝑈𝑈1,𝑈𝑈2} = 𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2′ ,𝑪𝑪,𝑈𝑈1) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2′ ,𝑪𝑪,𝑈𝑈1) 

Furthermore, 

𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2,𝑪𝑪) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2,𝑪𝑪) − [𝐸𝐸(𝑌𝑌|𝑥𝑥1, 𝑥𝑥2′ ,𝑪𝑪) − 𝐸𝐸(𝑌𝑌|𝑥𝑥1′ , 𝑥𝑥2′ ,𝑪𝑪)] 

= 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 − 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2 − (𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′ − 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2′  ) 

= 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 − 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2 − 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′ + 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2′   

= 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 − 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2 − 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′ + 𝛿𝛿𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏|𝑥𝑥2, by Assumption (A2) 

= 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2 − 𝛿𝛿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑥𝑥2′  

= 𝐸𝐸{𝑌𝑌(𝑥𝑥1, 𝑥𝑥2) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2)|𝑪𝑪,𝑈𝑈1,𝑈𝑈2} − 𝐸𝐸{𝑌𝑌(𝑥𝑥1, 𝑥𝑥2′ ) − 𝑌𝑌(𝑥𝑥1′ , 𝑥𝑥2′ )|𝑪𝑪,𝑈𝑈1,𝑈𝑈2}, which is 
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equivalent to the causal estimand specified by Formula (1).  

Therefore, it has been proved that without controlling for unobserved confounders and 

without identifying causal effects of 𝑋𝑋1 or 𝑋𝑋2, the causal interaction effect of 𝑋𝑋1 or 𝑋𝑋2 

can still be identified when assumptions (A1) and (A2) hold.  

Figure C1. A Directed Acyclic Graph (DAG) of the Assumed Causal Structure. 

 

The directed acyclic graph (DAG) in Figure 1 presents reflects the causal structure given 

Assumption (A2). The absence of arrows from 𝑈𝑈2 to 𝑋𝑋1 and 𝑈𝑈1 to 𝑋𝑋2 reflects 

Assumption (A2). Sub-Assumption (A2) cannot be reflected in a DAG. 

When the causal structure can be properly estimated by linear models, Assumption (A2) 

can be understood as such: there are neither interaction effects between 𝑈𝑈2 and 𝑋𝑋1 on 𝑌𝑌 

nor interaction effects between 𝑈𝑈1 and 𝑋𝑋2 on 𝑌𝑌.  

Finally, we would like to evaluate Assumption (A1) and (A2) in the scenario of our 

study. In the scenario of this paper, 𝑋𝑋1 and 𝑋𝑋2 refers to the couples NEB PGS (𝐺𝐺0𝑗𝑗 ,𝐺𝐺1𝑗𝑗). 

𝑈𝑈1 and 𝑈𝑈2 are confounders to PGS variables, which can be parental genetics or, when there 

are any siblings, sibling genetics. Suppose that the unobserved confounders are parental 

genetics, which almost exist for every respondent, Assumption (A1) implies that the wife’s 

parental genetics does not confound the husband’s NEB PGS, and vice versa. We think that 

this assumption is very reasonable. Unless the spouses are close relatives, the genetic effects 
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for the spouses would be independent from each other. Assumption (A2) implies that the 

wife’s parental genetics do not have any interaction effects with the husband’s genetic 

dispositions, and vice versa. We also think that this is a reasonable assumption. It is hard to 

come up with substantive mechanisms that could explain such intergenerational cross-spousal 

interaction between genetic dispositions. 
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Appendix D. Extended Results Supplementary to the Results Section 

Table D1. Summary statistics (mean and standard deviation) of the analytical sample.   
Variable Female  Male 

Labor Market Outcome 

Analytical  
Sample 

HRS White/ 
European Ancestry 
Genetic Subsample 

 
Analytical  

Sample 

HRS White/ 
European Ancestry 
Genetic Subsample 

Ever worked 0.96 (0.19) 0.95 (0.21)  0.996 (0.07) 0.99 (0.10) 
Total years of working 22.74 (11.71) 23.56 (12.65)  35.39 (9.47) 34.54 (10.74) 
Number of jobs 1.74 (1.08) 1.73 (1.12)  2.12 (1.21) 2.11 (1.24) 
Long-term household income 10.89 (12.83) 8.45 (10.33)  11.13 (12.83) 10.10 (11.42) 
Long-term net household wealth 70.23 (117.82) 54.6 (99.46)  71.60 (123.06) 65.84 (120.06) 
Long-term labor income 1.90 (2.91) 1.69 (2.68)  3.45 (5.58) 3.20 (5.16) 
      
Non-Labor Market Outcome      
Neuroticism 2.10 (0.56) 2.08 (0.57)  1.95 (0.53) 1.96 (0.55) 
Extraversion 3.23 (0.52) 3.21 (0.52)  3.13 (0.51) 3.12 (0.53) 
Openness 2.94 (0.51) 2.91 (0.52)  2.94 (0.50) 2.94 (0.51) 
Agreeableness 3.65 (0.36) 3.63 (0.38)  3.37 (0.45) 3.37 (0.47) 
Conscientiousness 3.40 (0.37) 3.37 (0.39)  3.27 (0.40) 3.27 (0.41) 
Depression 1.21 (1.34) 1.42 (1.45)  0.91 (1.10) 1.07 (1.28) 
Life Satisfaction 5.04 (1.29) 4.85 (1.34)  4.99 (1.22) 4.86 (1.28) 
Loneliness 1.31 (1.37) 1.52 (1.47)  1.14 (1.31) 1.31 (1.42) 
      
Falsification Test      
Years of schooling 13.34 (2.27) 13.12 (2.36)  13.53 (2.69) 13.45 (3.41) 
      
Treatment and Instruments      
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Fertility (Number of children) 2.59 (1.49) 2.72 (1.54)  2.59 (1.49) 2.82 (1.59) 
      
Covariates      
Year of Birth  1944 (10.92) 1940.99 (16.60)  1940 (10.89) 1940.55 (15.21) 
N 3,282 6,894  3,282 5,196 

Data source: The Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. “Insig.” stands for insigificnat. Standard deviations are presented in parentheses. Population refers to all 
HRS respondents with non-missing values for any of the variables. To save some digits, long-term household income, long-term household wealth, and long-term labor 
income are reported in ten thousands. Year of birth is rounded to integers. PGS measures have been standardized. Fertility variable is constructed to be the same for 
males and females. Equal variance is assumed for T-tests. T-tests are not implemented on EA PGS, NEB PGS, and fertility, because they are constructed to have 
no group differences in means. Summary statistics of PCs are not reported.  
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Table D2.1 Coefficients of OLS regressions of selected labor market outcomes on realized fertility, males only 

Gender Ever 
Worked 

Total years 
of working 

Number of 
Jobs 

Long-term 
Household 

Income 

Long-term  
Net Household 

Wealth 

Long-term 
Labor Income 

Number of Children 
-0.001 0.042 -0.015† -0.030*** -0.215*** 0.044 
(0.001) (0.140) (0.008) (0.008) (0.044) (0.050) 

Male’s NEB PGS 
0.001 0.496** -0.007 0.000 -0.027 0.043 

(0.001) (0.18) (0.01) (0.011) (0.056) (0.065) 

Females’ NEB PGS 
0.000 -0.027 -0.002 -0.017 0.043 0.005 

(0.0002) (0.216) (0.013) (0.013) (0.068) (0.078) 

Male’s Birthyear 
0.000 0.496*** 0.001 -0.009*** 0.029* -0.107*** 

(0.0002) (0.038) (0.002) (0.002) (0.012) (0.013) 

Female’s Birthyear 
0.001 -0.075* 0.003 -0.009*** 0.044*** -0.078*** 

(0.001) (0.038) (0.002) (0.002) (0.012) (0.013) 

Male’s EA PGS 
0.002* 0.71*** -0.005 0.131*** 0.35*** 0.278*** 
(0.001) (0.198) (0.012) (0.012) (0.062) (0.071) 

Females’ EA PGS 
0.000 0.141 -0.006 0.091*** 0.176** 0.038 

(0.001) (0.196) (0.011) (0.012) (0.061) (0.070) 
Male’s EA PGS  
X Female’s EA PGS 

0.000 -0.099 0.011 0.003 -0.003 0.157* 
(0.001) (0.189) (0.011) (0.011) (0.059) (0.068) 

N 3270 3270 3270 3282 3282 3282 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Long-term income, wealth, and labor income are rescaled 
by hyperbolic sine function, and the respective coefficients can be interpreted as semi-elasticity. 
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Table D2.2 Coefficients of 2SLS regressions of selected labor market outcomes on realized fertility, males only 

Gender Ever 
Worked 

Total years 
of working 

Number of 
Jobs 

Long-term 
Household 

Income 

Long-term  
Net Household 

Wealth 

Long-term 
Labor Income 

Number of Children 
-0.003 -0.758 -0.504† -0.054 -0.568 0.217 
(0.010) (1.663) (0.295) (0.100) (0.522) (0.594) 

Male’s NEB PGS 
0.001 0.760 0.188† 0.008 0.088 -0.014 

(0.003) (0.576) (0.102) (0.034) (0.179) (0.203) 

Females’ NEB PGS 
0.001 0.326 0.228† -0.007 0.199 -0.071 

(0.005) (0.762) (0.135) (0.046) (0.24) (0.273) 

Male’s Birthyear 
0.000 0.488*** -0.016* -0.009*** 0.025† -0.105*** 

(0.0002) (0.041) (0.007) (0.002) (0.013) (0.015) 

Female’s Birthyear 
0.000 -0.043 0.019 -0.008 0.058* -0.085** 

(0.0004) (0.075) (0.013) (0.005) (0.024) (0.027) 

Male’s EA PGS 
0.002* 0.728*** 0.048 0.131*** 0.357*** 0.275*** 
(0.001) (0.199) (0.035) (0.012) (0.062) (0.071) 

Females’ EA PGS 
0.000 0.136 -0.006 0.091*** 0.174** 0.039 

(0.001) (0.193) (0.034) (0.012) (0.061) (0.069) 
Male’s EA PGS  
X Female’s EA PGS 

0.000 -0.041 -0.024 0.003 -0.002 0.157* 
(0.001) (0.186) (0.033) (0.011) (0.058) (0.066) 

N 3270 3270 3270 3270 3282 3282 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Long-term income, wealth, and labor income are rescaled 
by hyperbolic sine function, and the respective coefficients can be interpreted as semi-elasticity. Coefficients for principal components are omitted. 
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Table D2.3 Coefficients of OLS regressions of selected labor market outcomes on realized fertility, females only 

Gender Ever 
Worked 

Total years 
of working 

Number of 
Jobs 

Long-term 
Household 

Income 

Long-term  
Net Household 

Wealth 

Long-term 
Labor Income 

Number of Children 
-0.006** -1.648*** 0.006 -0.029** -0.210*** -0.124* 
(0.002) (0.196) (0.02) (0.009) (0.045) (0.054) 

Male’s NEB PGS 
-0.005† -0.243 -0.004 0.003 -0.017 -0.020 
(0.003) (0.251) (0.026) (0.011) (0.057) (0.07) 

Females’ NEB PGS 
-0.001 -0.048 0.015 -0.020 0.033 0.066 
(0.003) (0.303) (0.031) (0.013) (0.069) (0.084) 

Male’s Birthyear 
-0.001 -0.089† -0.005 -0.011*** 0.019 -0.033* 
(0.001) (0.053) (0.005) (0.002) (0.012) (0.014) 

Female’s Birthyear 
0.000 0.034 0.036*** -0.008*** 0.055*** -0.152*** 

(0.001) (0.055) (0.006) (0.002) (0.012) (0.015) 

Male’s EA PGS 
0.002 -0.370 0.035 0.126*** 0.358*** -0.051 

(0.003) (0.276) (0.028) (0.012) (0.063) (0.077) 

Females’ EA PGS 
0.009** 1.276*** -0.008 0.094*** 0.184** 0.376*** 
(0.003) (0.273) (0.028) (0.012) (0.062) (0.076) 

Male’s EA PGS  
X Female’s EA PGS 

-0.003 -0.108 -0.037 0.003 -0.009 -0.020 
(0.003) (0.264) (0.027) (0.011) (0.06) (0.073) 

N 3231 3231 3231 3282 3282 3282 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Long-term income, wealth, and labor income are rescaled 
by hyperbolic sine function, and the respective coefficients can be interpreted as semi-elasticity. Coefficients for principal components are omitted. 
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Table D2.4 Coefficients of 2SLS regressions of selected labor market outcomes on realized fertility, females only 

Gender Ever 
Worked 

Total years 
of working 

Number of 
Jobs 

Long-term 
Household 

Income 

Long-term  
Net Household 

Wealth 

Long-term 
Labor Income 

Number of Children 
-0.043 -4.826* -0.391 -0.009 -0.504 -0.009 
(0.027) (2.309) (0.250) (0.101) (0.53) (0.643) 

Male’s NEB PGS 
0.007 0.794 0.141 -0.004 0.079 -0.058 

(0.009) (0.793) (0.086) (0.035) (0.181) (0.22) 

Females’ NEB PGS 
0.016 1.388 0.189 -0.029 0.163 0.015 

(0.013) (1.084) (0.117) (0.046) (0.243) (0.295) 

Male’s Birthyear 
-0.002* -0.125* -0.004 -0.011*** 0.015 -0.032* 
(0.001) (0.06) (0.007) (0.002) (0.013) (0.016) 

Female’s Birthyear 
0.001 0.162 -0.013 -0.009† 0.067** -0.157*** 

(0.001) (0.108) (0.012) (0.005) (0.024) (0.029) 

Male’s EA PGS 
0.003 -0.297 -0.033 0.126*** 0.364*** -0.054 

(0.003) (0.287) (0.031) (0.012) (0.063) (0.076) 

Females’ EA PGS 
0.008** 1.266*** 0.055† 0.094*** 0.182** 0.376*** 
(0.003) (0.279) (0.03) (0.012) (0.061) (0.075) 

Male’s EA PGS  
X Female’s EA PGS 

-0.003 -0.090 -0.037 0.003 -0.008 -0.021 
(0.003) (0.27) (0.029) (0.011) (0.059) (0.072) 

N 3231 3231 3231 3282 3282 3282 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Long-term income, wealth, and labor income are rescaled 
by hyperbolic sine function, and the respective coefficients can be interpreted as semi-elasticity. Coefficients for principal components are omitted. 
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Table D3.1 Coefficients of OLS regressions of selected non-labor market outcomes on realized fertility, males only 

Gender Neuroticism Extraversion Openness Agreeable-
ness 

Conscientio-
usness Depression Life 

Satisfaction Loneliness 

Number of Children 
-0.002 0.010 -0.011 0.015* -0.004 0.027† 0.013 0.009 
(0.007) (0.007) (0.007) (0.006) (0.006) (0.015) (0.017) (0.018) 

Male’s NEB PGS 
-0.007 0.011 0.001 0.014† -0.003 -0.011 0.041† -0.052* 
(0.009) (0.009) (0.009) (0.008) (0.007) (0.019) (0.022) (0.023) 

Females’ NEB PGS 
0.013 -0.019† -0.005 -0.007 -0.004 0.014 0.006 0.012 

(0.011) (0.011) (0.01) (0.01) (0.009) (0.022) (0.026) (0.028) 

Male’s Birthyear 
-0.001 -0.005* -0.007*** -0.007*** -0.003 0.004 -0.011* 0.006 
(0.002) (0.002) (0.002) (0.002) (0.002) (0.004) (0.005) (0.005) 

Female’s Birthyear 
-0.003 0.001 -0.001 0.006** 0.002 -0.009* 0.015** -0.017*** 
(0.002) (0.002) (0.002) (0.002) (0.002) (0.004) (0.005) (0.005) 

Male’s EA PGS 
-0.023* -0.014 0.043*** -0.019* 0.009 -0.099*** 0.067** -0.019 
(0.01) (0.01) (0.009) (0.009) (0.008) (0.021) (0.024) (0.025) 

Females’ EA PGS 
-0.017† 0.005 0.024** 0.006 0.014† -0.090*** 0.05* -0.018 
(0.01) (0.01) (0.009) (0.009) (0.008) (0.02) (0.023) (0.025) 

Male’s EA PGS  
X Female’s EA PGS 

0.006 -0.010 -0.008 -0.002 0.006 0.052** -0.023 0.024 
(0.01) (0.01) (0.009) (0.008) (0.007) (0.02) (0.022) (0.024) 

N 3126 3127 3122 3129 3129 3269 3128 3117 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Coefficients for principal components are omitted. 
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Table D3.2 Coefficients of 2SLS regressions of selected non-labor market outcomes on realized fertility, males only 

Gender Neuroticism Extraversion Openness Agreeable-
ness 

Conscientio-
usness Depression Life 

Satisfaction Loneliness 

Number of Children 
0.033 -0.087 0.075 -0.045 -0.013 0.152 0.216 0.046 

(0.081) (0.081) (0.076) (0.071) (0.062) (0.174) (0.19) (0.201) 

Male’s NEB PGS 
-0.019 0.044 -0.028 0.034 0.000 -0.053 -0.029 -0.064 
(0.029) (0.029) (0.028) (0.026) (0.022) (0.06) (0.069) (0.073) 

Females’ NEB PGS 
-0.003 0.025 -0.044 0.020 0.000 -0.042 -0.085 -0.005 
(0.038) (0.038) (0.036) (0.033) (0.029) (0.08) (0.089) (0.094) 

Male’s Birthyear 
-0.001 -0.006** -0.006** -0.008*** -0.004* 0.005 -0.009† 0.006 
(0.002) (0.002) (0.002) (0.002) (0.002) (0.004) (0.005) (0.005) 

Female’s Birthyear 
-0.004 0.005 -0.004 0.008** 0.002 -0.014† 0.007 -0.019* 
(0.004) (0.004) (0.004) (0.003) (0.003) (0.008) (0.009) (0.009) 

Male’s EA PGS 
-0.024* -0.012 0.041*** -0.017† 0.009 -0.102*** 0.063** -0.020 
(0.01) (0.01) (0.01) (0.009) (0.008) (0.021) (0.024) (0.026) 

Females’ EA PGS 
-0.017† 0.005 0.024** 0.006 0.014† -0.089*** 0.05* -0.018 
(0.01) (0.01) (0.009) (0.009) (0.008) (0.02) (0.023) (0.025) 

Male’s EA PGS  
X Female’s EA PGS 

0.006 -0.010 -0.008 -0.002 0.006 0.051** -0.023 0.024 
(0.01) (0.01) (0.009) (0.008) (0.007) (0.019) (0.023) (0.024) 

N 3126 3127 3122 3129 3129 3269 3128 3117 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Coefficients for principal components are omitted. 
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Table D3.3 Coefficients of OLS regressions of selected non-labor market outcomes on realized fertility, females only 

Gender Neuroticism Extraversion Openness Agreeable-
ness 

Conscientio-
usness Depression Life 

Satisfaction Loneliness 

Number of Children 
-0.010 -0.005 -0.015* 0.013** -0.006 0.039* -0.013 0.034† 
(0.008) (0.007) (0.007) (0.005) (0.005) (0.018) (0.018) (0.019) 

Male’s NEB PGS 
0.006 0.011 0.009 0.002 0.001 -0.019 0.059* -0.026 
(0.01) (0.009) (0.009) (0.006) (0.007) (0.023) (0.023) (0.024) 

Females’ NEB PGS 
0.003 0.007 0.004 -0.011 -0.003 -0.037 -0.007 -0.009 

(0.012) (0.011) (0.011) (0.008) (0.008) (0.028) (0.027) (0.029) 

Male’s Birthyear 
0.001 0.000 -0.002 -0.001 -0.001 -0.001 -0.006 0.001 

(0.002) (0.002) (0.002) (0.001) (0.001) (0.005) (0.005) (0.005) 

Female’s Birthyear 
-0.006** 0.000 -0.002 0.000 0.000 -0.005 0.011* -0.011* 
(0.002) (0.002) (0.002) (0.001) (0.001) (0.005) (0.005) (0.005) 

Male’s EA PGS 
-0.022* 0.003 0.022* -0.011 0.001 -0.114*** 0.063* -0.072** 
(0.011) (0.01) (0.01) (0.007) (0.007) (0.025) (0.025) (0.027) 

Females’ EA PGS 
-0.027* 0.007 0.033** -0.015* 0.007 -0.133*** 0.079** -0.058* 
(0.011) (0.01) (0.01) (0.007) (0.007) (0.025) (0.025) (0.027) 

Male’s EA PGS  
X Female’s EA PGS 

0.002 0.017† 0.016† 0.010 0.006 0.009 -0.025 -0.029 
(0.01) (0.01) (0.009) (0.007) (0.007) (0.024) (0.024) (0.026) 

N 3093 3092 3088 3093 3092 3230 3095 3096 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Coefficients for principal components are omitted. 
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Table D3.4 Coefficients of 2SLS regressions of selected non-labor market outcomes on realized fertility, females only 

Gender Neuroticism Extraversion Openness Agreeable-
ness 

Conscientio-
usness Depression Life 

Satisfaction Loneliness 

Number of Children 
-0.078 -0.194* -0.022 -0.105† -0.052 -0.221 0.091 0.184 
(0.088) (0.091) (0.079) (0.063) (0.059) (0.209) (0.208) (0.217) 

Male’s NEB PGS 
0.029 0.075* 0.012 0.041† 0.017 0.066 0.024 -0.077 

(0.031) (0.032) (0.028) (0.022) (0.021) (0.072) (0.074) (0.076) 

Females’ NEB PGS 
0.035 0.096* 0.008 0.044 0.019 0.080 -0.055 -0.079 

(0.042) (0.044) (0.038) (0.03) (0.028) (0.098) (0.101) (0.105) 

Male’s Birthyear 
0.000 -0.002 -0.002 -0.003 -0.002 -0.004 -0.005 0.003 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.005) (0.005) (0.006) 

Female’s Birthyear 
-0.003 0.008* -0.002 0.006* 0.002 0.005 0.007 -0.017 
(0.004) (0.004) (0.004) (0.003) (0.003) (0.01) (0.01) (0.011) 

Male’s EA PGS 
-0.021† 0.007 0.023* -0.009 0.001 -0.108*** 0.061* -0.075** 
(0.011) (0.011) (0.01) (0.008) (0.007) (0.026) (0.025) (0.027) 

Females’ EA PGS 
-0.027* 0.007 0.03*** -0.015† 0.007 -0.134*** 0.079*** -0.058* 
(0.011) (0.011) (0.009) (0.008) (0.007) (0.025) (0.024) (0.026) 

Male’s EA PGS  
X Female’s EA PGS 

0.002 0.017 0.016† 0.010 0.006 0.010 -0.025 -0.030 
(0.010) (0.011) (0.009) (0.007) (0.007) (0.024) (0.024) (0.025) 

N 3093 3092 3088 3093 3092 3230 3095 3096 
Data source: Health and Retirement Study, 2004–2016.  
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Control variables are adjusted in all models. Coefficients for principal components are omitted. 
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Appendix E: Robustness Analysis Results Concerning Potential Pleiotropy Bias 
Table E1. Selected coefficients of 2SLS regressions of selected non-labor market outcomes on realized 
fertility, with or without additional adjustments. 

Gender Neuroticism Extraversion Depression 
Life 

Satisfaction 
  No Additional Adjustments  

Male 
0.033 -0.087 0.152 0.216 

(0.081) (0.081) (0.174) (0.19) 

Female 
-0.078 -0.194* -0.221 0.091 
(0.088) (0.091) (0.209) (0.208) 

  With Additional Adjustments  

Male 
0.034 -0.085 0.136 0.231 

(0.081) (0.082) (0.174) (0.192) 

Female 
-0.084 -0.192* -0.239 0.091 
(0.088) (0.090) (0.209) (0.208) 

Data source: Health and Retirement Study, 2004–2016. 
Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Cluster standard errors at the spousal level are 
presented in parentheses. Control variables are adjusted in all models. Neuroticism and Extraversion 
are measured by Big-5 personality scale and range from 1 to 4. Depression is measured by the short 
CESD scale provided and ranges from 0 to 8. Life-satisfaction is measured by Diener’s measure of life 
satisfaction and ranges from 1 to 7. “No Additional Adjustments” refer to the results reported in the 
main text (Table 5). “With Additional Adjustments” denotes the 2SLS results when the spousal PGS 
variables for the respective outcome and their interaction term have been controlled (e.g., spousal PGS 
variables for neuroticism and the interaction between the spousal neuroticism PGS variables). 
 
 
 




