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Zusammenfassung / Abstract
In this work, utilizing yearly variation between biological siblings, we test for a correlation between
poor child health and adult household financial behavior, i.e. risky asset market participation. Using
regression and decomposition techniques, we test if this long reach of child health operates through
cognitive and non-cognitive skills. Our results indicate a negative correlation of roughly -4.1 percentage points conditional on demographics and family background. Slightly more than half of this
correlation can be explained by differences in cognitive and non-cognitive skills. This work highlights
the importance of good child health for adult financial behavior.
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1. Introduction
Research collected considerable empirical evidence in favor of a long reach of child and adolescent
health (e.g. Oreopoulos et al., 2008; Lundborg et al., 2014). This literature indicates that poor child health
predicts inferior adult socio-economic status (SES)1 , commonly measured by education, income and occupation. A related strand of literature shows that poor child health is more prevalent in families of lower
parental socio-economic status (Case et al., 2002; Currie and Stabile, 2003). According to Currie (2009),
this suggests that child health could be a driver of the intergenerational transmission of SES.

But why is there a long reach of child health on adult SES? Maybe the most intuitive explanation is its
detrimental impact on future adult health capacity and health behavior (Case et al., 2005; Kesternich et al.,
2015). As poor health can inhibit work load, it might lower labor market outcomes, such as occupational
choice, labor supply or earnings (Smith, 1999). According to Smith (2009a), assortative mating on the
marriage market might amplify this effect on the household level. This, in turn, has important implications
for level and growth of household income and wealth.
A very appealing explanation, however, takes place (mostly) before entering adulthood. Adverse earlylife health can inhibit skill formation throughout childhood via health impairment and school absence (Currie, 2009). These skill differences open up early, persist over the adult lifecycle and predict a wide array
of adult outcomes (Heckman et al., 2006). More generally, the interplay of child health and skills has been
formalized in the skill formation model of Cunha and Heckman (2007). Therefore, we would expect a correlation between child health and any adult outcome that is also influenced by human capital, such as labor
market outcomes (Becker, 1975; Smith, 2009a).

An underexplored dimension of adult SES is household finance. In this paper we analyze if poor child
health is related to adult financial behavior, i.e. risky asset market participation. Non-participation is one
of the stylized facts of household finance (Haliassos and Bertaut, 1995) and can have adverse effects on
retirement preparation and future consumption (Cocco et al., 2005). Hence, it can act as a multiplier to
1

The U.S. National Center of Education Statistics defines SES in the following way: "SES can be defined broadly as one’s

access to financial, social, cultural, and human capital resources. Traditionally a student’s SES has included, as components,
parental educational attainment, parental occupational status, and household or family income, with appropriate adjustment for
household or family composition. An expanded SES measure could include measures of additional household, neighborhood, and
school resources."
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the intergenerational SES and inequality transmission channel child health. For the first time, we deliver
empirical evidence based on yearly variation between biological siblings and test to what extent this relationship can be explained by differences in human capital (skills). In particular, we test two hypotheses
derived from portfolio choice with human capital (Bodie et al., 1992) and skill formation theory (Cunha and
Heckman, 2007) using the National Longitudinal Study of Youth 1979 (NLSY79): first, poor child health
has a negative correlation with adult risky asset market participation which, second, can be explained with
disrupted skill formation throughout childhood.

Our results from yearly sibling fixed effects regressions indicate a negative correlation between poor
child health and adult risky asset market participation. Conditional on demographics and parental SES
we find poor child health to be associated with a 4.1 percentage points (pp) decrease in the participation
likelihood. In line with our second hypothesis, we find cognitive (44%) and non-cognitive (17%) skills to
explain sizable shares of this relationship. Factors such as educational attainment, adult health and total
household labor income play only a limited role in explaining the remaining correlation of roughly -2 pp.
The same pattern is also found excluding yearly sibling fixed effects. Consequently, child health seems to
affect financial behavior rather through skills than through unobserved family background characteristics.
Our results are robust to differential parental treatment of siblings and remain very similar in OLS and Logit
specifications.

.
The study contributes to different research strands. We are the first to extend the literature on long-run
effects of child health using sibling designs by looking at financial behavior, i.e. risky asset market participation. From a technical point of view, to the extent of our knowledge, we are also the first to apply yearly
sibling fixed effects regressions in the field of household finance.2 This methodology should be increasingly
useful to tackle unobserved family background heterogeneity and address variables with little (or no) variation over time (in the abundance of twins) (Calvet and Sodini, 2014). Finally, we contribute to the growing
literature on cognitive and non-cognitive skills in household finance. In particular, we focus on skill origin
and embed it in a life course context motivated by portfolio choice with human capital and skill formation
2

However, there have been recent applications of yearly twin fixed effects (Calvet and Sodini, 2014) and sibling fixed effects

(Kuhnen and Melzer, 2015) in the context of the risky share of financial wealth and loan delinquency.
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theory.

The structure of the article is as follows. Section two presents the related literature. In section three
we present the theoretical motivation. In chapter four we describe the underlying dataset and variable
construction. Moreover, we offer first descriptive statistics. Section five sketches our empirical strategy, key
results and robustness checks, while section six sums up our results.
2. Related Literature
The related empirical evidence on the role of individual-specific child conditions for adult financial behavior is comparatively small. Using the Survey of Health, Ageing and Retirement in Europe (SHARE),
Christelis et al. (2012) test if retrospectively reported childhood conditions are associated with adult risktaking conditional on education, adult income and wealth. While they find subjective relative school performance and parental SES to be predictors of adult asset demand, poor childhood health plays only a minor
role. Using European and U.S. survey data, Addoum et al. (2015) show that physical attributes, like relative
adult height and weight, are correlated with stockholding. As child and adult height tend to be correlated,
height is an often-used general proxy for health and nutrition in early-life (Case and Paxson, 2008). Approximating prenatal conditions among Swedish Twins, Cronqvist et al. (2016) find that the twin with higher
birth weight is more likely to hold risky assets. Turning to the prenatal environment, they find that females
with a male co-twin take more financial risk in adulthood than females with a female co-twin. Their results
indicate that most of the relationships run via investor preferences (direct) and adult SES (indirect).

Other related research addresses the role of child environment. For instance, there is empirical evidence from the U.S. that the early-life business cycle stage (Malmendier and Nagel, 2011) and kindergarten
(Chetty et al., 2011) shapes later financial risk-taking and retirement savings, respectively. Keister (2003)
analyzes the relationship between number of siblings and adult wealth ownership using the NLSY79. Assuming that siblings are less likely to receive parental investment in larger families, she finds sibship size
to have a negative association with stock/home ownership and inheritance receipt. The relative importance
of child environment and genetic heritage is also called the "nature vs nurture" debate. Using Panel Study
of Income Dynamics (PSID) data from the U.S., Chiteji and Stafford (1999) find a correlation between the
portfolios of parents and offsprings during young adulthood. They, thereby, stress the importance to experi-

4

ence different financial options in early-life. However, part of this correlation could still be driven by genetic
heritage. Black et al. (2015) use Swedish data on adoptee, adoptive and biological parents and find that only
financial behavior of adoptive parents, and thus the environment, explains offspring financial outcomes. In
contrast to this, Cesarini et al. (2010) and Barnea et al. (2010) find that roughly 30% of Swedish variation
in portfolio behavior can be explained by genetic variation.

Lastly, there is compelling evidence validating the theoretical relationship between human capital and
portfolio choice (Bodie et al., 1992). Vissing-Jorgensen (2002) and Calvet and Sodini (2014) confirm the
positive theoretical relationship between human capital (discounted future income) and financial risk-taking
using U.S. data from the PSID and Swedish register data on twins. Other works affirmed the positive relationship between human capital and financial risk-taking using Cunha and Heckman (2007)’s cognitive
(Christelis et al., 2010; Grinblatt et al., 2011; Agarwal and Mazumder, 2013) and/or non-cognitive skills
(Hong et al., 2004; Luik and Steinhardt, 2016)3 , or education (Campell, 2006; Cole et al., 2014).

3. Theoretical Motivation
In the following section we use two distinct and well-established theories regarding (child) skill formation (Cunha and Heckman, 2007) and (adult) portfolio choice (Bodie et al., 1992) to derive our research
hypotheses.
3.1. Skill Formation
This section outlines the core properties of the skill formation model by Cunha and Heckman (2007)
and applies it to the case of poor child health. Θt is a vector of skills for each childhood stage t. The next
period’s vector of skills depends on the current production function ft and its input vectors: parental skills
3

With regards to non-cognitive skills, research is still in an early stage. An exception is the seminal work by Hong et al. (2004)

who show that sociability determines stock market participation. Kuhnen and Melzer (2015) find that self-efficacy is negatively
associated with financial distress, including delinquency on loans, repossession of assets and lost access to credits. Luik and
Steinhardt (2016) study the immigrant-native stock market participation gap in the U.S. and find cognitive and non-cognitive skills
to be determinants of stockholding and gap drivers. While the empirical evidence is based on specific cognitive and non-cognitive
skills, the model of Cunha and Heckman (2007) refers to a range of latent cognitive and non-cognitive skills.
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h, child’s skills Θt and parental investment It . Put differently, the level of skills depends on environment,
investment and genes. The general relationship is formalized in equation 1.
Θt+1 = ft (h, Θt , It ).

(1)

As technology varies over time, some stages might be more productive than others in producing a certain
skill or processing particular inputs. While productive periods are called "sensitive", a single productive
period for creating a skill is called "critical" (Cunha and Heckman, 2007).
Skill formation has two additional "multiplying" intertemporal mechanisms. First, the level of currently
attained skills augments the production of future skills. This "self-productivity" implies self-enforcing and
persistent effects of acquired skills and disruptions (equation 2).
∂ ft (h, Θt , It )
> 0.
∂Θt

(2)

Second, currently produced skills foster the productivity of future investments (equation 3). As a result,
this "dynamic complementarity of investment" leads to bolstering investment at different ages. According
to Cunha and Heckman (2007), this stresses the need to follow up early investments. Ultimately, these two
mechanisms form a multiplier in which "skills beget skills" and rationalize why returns to later remediations
are lower than early-life interventions.
∂2 ft (h, Θt , It )
> 0.
∂Θt ∂It0

(3)

Thus far, we have ignored the content of our skills vector Θt . In the broadest possible abstraction, Cunha
and Heckman (2007) distinguish between two vectors of cognitive C and non-cognitive N skills. Each individual uses them with varying weights depending on the specific situation. Both skills have been shown
to predict a variety of adult outcomes (Heckman et al., 2006). Replacing the skill vector by these components and allowing skill-specific investment in equation 1, we arrive at equation 4. Each other’s production
is then affected by the levels of cognitive and non-cognitive skills. Therefore, self-productivity also has a
cross-fertilizing dimension. For instance, a higher level of non-cognitive skills, like conscientiousness or
farsightedness, could be beneficial for the accumulation of cognitive skills, while an increased endowment
of cognitive skills could positively affect non-cognitive skills, such as self-esteem or locus of control.
Θkt+1 = ftk (hk , Θkt , Itk ), k ∈ C, N.
6

(4)

Crucial to our work, this framework can be extended to include health capacity H (Heckman, 2007;
Currie and Almond, 2011). Equation 5 formalizes cross-productivity effects between both skills and health
capacity. For example, one could imagine that poor health inhibits skill formation due to either health
impairment or social exclusion (Currie, 2009). However, one could also think of certain cognitive and
non-cognitive skills driving risky health behavior via their impact on risk and time preferences (Cunha and
Heckman, 2007).
Θkt+1 = ftk (hk , Θkt , Itk ), k ∈ C, N, H.

(5)

Hence, skill formation theory suggests that poor child health is associated with persistent lower cognitive
and non-cognitive skill formation.
3.2. Portfolio Choice
In traditional portfolio choice theory (Samuelson, 1969; Merton, 1969) the optimal share α of financial
wealth FWt invested in risky assets depends on risk aversion γ, risk σ2 and return µ of risky assets (equation
6). As a consequence, in their framework each investor should hold a positive and constant risky fraction of
financial wealth.
α=

µ
.
γ · σ2

(6)

This solution, however, ignores human capital (human wealth), which is usually understood as an illiquid asset equal to discounted future labor income. This human capital is on average the single largest wealth
component and often compared to a non-traded bond (Calvet and Sodini, 2014). Introducing riskless human
capital HCt to the portfolio choice optimization problem (equation 7),

µ
γ·σ2

now captures the optimal risky

share of total wealth FWt + HCt (Bodie et al., 1992). In contrast to equation 6, the optimal risky share
of financial wealth is larger (assuming positive human capital) and time-variant.4 Accordingly, ignoring
human capital results in suboptimal portfolio allocation.
µ
αt · FWt
=
.
FWt + HCt γ · σ2
4

(7)

For constant values of financial wealth, decreasing lifecycle future income streams and human capital introduce share variation

over time. As a consequence, the optimal financial portfolio is tilted towards safer assets over the lifecycle. Drivers of this process
are decreasing years of remaining work life and labor supply flexibility to offset financial risks (Bodie et al., 1992).
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As formalized by equation 8, investors with more human capital should invest a larger share of their
financial wealth in risky assets.5
"
#
1
∂αt
µ
·
=
> 0.
∂HCt γ · σ2 FWt

(8)

While traditional portfolio choice theory suggests that all individuals should participate in risky assets,
it is a well-established empirical fact that the majority of individuals and households does not hold any
risky assets (Haliassos and Bertaut, 1995). This non-participation holds true even though research suggests
adverse welfare impacts through future wealth accumulation and consumption (Cocco et al., 2005). Within
the extensive amount of literature on determinants of risky asset market participation, perhaps the broadest
consensus in terms of deterring factors exists in the form of fixed participation, entry or continuation costs.
Vissing-Jorgensen (2002) shows that augmenting traditional models by a modest fixed per-period cost can
render small optimal investments non-profitable. The same holds true in a dynamic context of time-varying
financial wealth. The logic of fixed participation costs is also useful to study the relationship with human
capital. A smaller optimal risky share of wealth, driven by lower human capital, decreases the fixed costs
required to keep a household out of the market and, accordingly, lowers the likelihood to participate (Haliassos and Bertaut, 1995).

6

In the context of this work, lower human capital (associated with poor child health) requires the household to invest a smaller share of financial wealth in risky assets. Assuming participation costs, smaller risky
asset investments are rendered non-profitable and should therefore increase non-participation among the
group of poor child health and low skills. This being the case, we obtain two testable hypotheses: first,
there should be a negative correlation between child health and risky asset market participation; second,
this correlation should be mostly explained by differences in skills.

5

As human capital is not entirely riskless, the degree to which human capital tilts the portfolio towards riskier financial assets

depends on the correlation between labor income risk and stock returns. While correlation offers hedging opportunities, zero
correlation renders the risky share comparatively smaller. In the case of short sales restrictions this is limited to negative correlations
(Vissing-Jorgensen, 2002).
6
However, liquidity or borrowing constraints might keep a household from participating despite its stock of human wealth.
Fagereng et al. (2015) formalize this argument in a model with per-period participation costs. In their model households start to
enter the stock market as soon as they have accumulated sufficient wealth and as long as they haven’t decumulated too much of it
in retirement.
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4. Data and Descriptive Statistics
4.1. Data
Analysis of correlations between child conditions and adult outcomes requires certain data characteristics. Most notably, respondents should be followed from child- to adulthood. Moreover, these datasets
need to cover the adult outcome of interest and a wide range of early-life characteristics. We employ the
NLSY79, which tracks U.S. individuals from adolescence in 1979 (14-22) to adulthood in 2012 (47-55).
In particular, respondents have been recontacted annually until 1994 and biannually thereafter. It is a wellestablished dataset containing information on all our areas of interest (Heckman et al., 2006).

While there are datasets with more detailed childhood conditions, these datasets usually lack longitudinal information on financial assets.7 A popular alternative to the NLSY79 would be the Panel Study
of Income Dynamics (PSID). For instance, Smith (2009a) uses offsprings of original PSID respondents to
study correlations between retrospective early-life health and labor market outcomes. However, the PSID
lacks rich information on cognitive and non-cognitive skills (in adolescence). Skills central to our work
makes the PSID unsuitable for this analysis.
4.2. Variables and Dataset Construction
Central to our analysis are measures of early-life health, financial behavior and skills (human capital).
In this section we discuss the construction of our variables of interest and benchmark sample.
Crucial to our analysis is the variable for early-life health. Currie (2009) stresses that health is inherently
multidimensional and difficult to capture in a single index. Even if the perfect index were available, it might
refer to different childhood or adolescent stages which can be critical for the development of various skills.
Owing to the abundance of detailed register child health data from the U.S., we employ a retrospective
assessment of general child health up to age 17. In 2012, a subset of our respondents is asked to scale their
past child and adolescent health: "Consider your health when you were growing up, from birth to age 17.
Would you say your health during that time was excellent, very good, good, fair, or poor?". Self-reported
childhood health is a well-established and well-behaved proxy in the empirical literature on long-run effects
7

The British National Child Development Study (NCDS) and the British Cohort Study (BCS) have very detailed information

on childhood conditions, related health and adult socio-economic outcomes. In the U.S., the NLSY79YA collects rich information
on child- and young adulthood of NLSY79 offsprings. However, all these datasets miss detailed asset information over time.
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(e.g. Smith, 2009a). Smith (2009b) showed that respondents to HRS and PSID recall childhood events,
such as illnesses, with reasonable quality. Moreover, self-reported health is shown to proxy actual health
with sufficient accuracy (Fletcher and Lehrer, 2011).

Our outcome variable of interest is household financial risk-taking. In particular, we are interested in
the decision to hold any risky asset. Since 1988, the NLSY79 has been asking for ownership and amount
of single wealth components at the household level. However, as the NLSY79 introduced more detailed
asset subcategories over time, we harmonize risky and safe liquid financial wealth components according
to Angerer and Lam (2009). As there is no detailed breakdown of wealth in 1991, 2002, 2006 and 2010,
they are thus excluded from the panel. We flag a household if it holds any positive amount of risky assets
including stocks, investment trusts, mutual funds or corporate and government non-savings bonds (for variable definitions see also Table A.1).8

In order to test if a potential long reach of poor child health can be explained with skill formation, we
follow Heckman et al. (2006) and use three test scores to proxy cognitive and non-cognitive skills in adolescence and very early adulthood. Cognitive skills are measured by the Armed Forces Qualification Test
(AFQT) in 1981 (age 16-24). As AFQT test scores are commonly correlated with age of test-taking, we
use age-adjusted percentile scores provided by the NLSY79. Non-cognitive skills include the Rotter locus
of control (1979: 14-22) and Rosenberg self-esteem (1980: 15-23) test scores. Higher scores translate to
higher cognitive skills, a more external locus of control and a higher self-esteem. An individual with external locus of control believes that one’s actions have less influence on one’s personal outcomes. Finally, all
test scores are standardized at mean zero with a standard deviation of one.

We employ information on the family background through standard parental SES measures; these are
recorded in 1979 and include total family net income in 1978, father’s occupation at age 14, educational
attainment of father and mother and region of interview. In order to rule out systematic non-response, we
include missing dummies for each proxy of child condition except health. Finally, we supplement family
background with constant demographics, such as gender, ethnicity and age. All individual characteristics
8

Safe assets include checking and savings accounts, money market funds, certificates of deposit, U.S. savings bonds, individual

retirement accounts, tax-deferred accounts and personal loans. The main reason to model individual retirement and tax-deferred
accounts as being part of safe assets lies in their aggregation with safe assets in earlier waves.
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are taken from the survey respondent, whereas financial information is recorded at the household level.

Our benchmark analysis uses household-year observations with information on adult financial assets,
(adolescent) skills and child health. We drop the military and poor whites oversamples due to discontinuation after 1984 and 1990, respectively. Ultimately, our benchmark sample includes 6,636 adult household
heads from 4,745 families with a total of 75,646 observations from 1988 to 2012.
4.3. Descriptive Results
Throughout our analysis we make use of a full and a sibling sample. The latter is restricted to all
respondents, who share the same biological father and mother with at least one other sibling. This reduces
the full sample by roughly 52%.9 Table 1 displays selected descriptive statistics for financial behavior,
demographics, parental SES and skills in our full and sibling sample, respectively. Almost one fifth (18%)
of all households in our full sample hold some risky asset and 5% rate their child health up to age 17 as
poor. Overall, mean statistics are remarkably similar in the full and sibling sample. A noteworthy exception
is average family income in 1978, which is 2000 US-Dollars higher in the sibling subsample.
In Figure 1, using the full sample, we display average risky asset market participation per year by child
health status. Following the NLSY79 cohort over time, it also approximates an average lifecycle profile
for the birth cohort 1957-1964. As a consequence, 1988 and 2012 correspond to ages 23-31 and 47-56,
respectively. Households with adverse early-life health history are clearly less likely to hold risky assets.
The gap is fairly persistent around 7 to 9 pp. Relative to an average holding rate of 18 % this is substantial.
Both groups follow the hump-shaped stockholding lifecycle pattern as suggested by the model of Fagereng
et al. (2015).10

Using our full sample, Table 2 gives first insights into the bivariate relationships between child health
and financial behavior, demographics, family background and skills.11 In particular, we look at mean group
differences between individuals with and without poor child health. We find that household respondents
with adverse early-life health are 9 pp less likely to hold risky assets. Among these respondents being
nonwhite and female is far more prevalent. In line with the literature, our results also suggest a positive
9

Our sibling sample contains 36,469 household years.
Results are very similar if we use the sibling sample or specific birth year cohorts.
11
Results are very similar if we use the sibling sample.
10
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Table 1: Descriptive Statistics: Full and Sibling Sample
(1)

(2)

Sample

Sibling Subsample

Year

Mean

SD

Count

Mean

SD

Count

d

0.18

0.38

75,646

0.19

0.39

36,469

e

0.05

0.22

75,646

0.04

0.20

36,469

Age

d

35.75

7.72

75,646

35.46

7.64

36,469

Hispanic

a

0.18

0.39

75,646

0.18

0.38

36,469

Black

a

0.31

0.46

75,646

0.30

0.46

36,469

0.51

0.50

75,646

0.52

0.50

36,469

a

0.47

0.50

75,646

0.50

0.50

36,469

Educational Attainment (Father)

a

10.96

3.96

64,729

10.97

4.11

32,187

Educational Attainment (Mother)

a

10.85

3.21

71,325

10.93

3.22

34,446

Father White-Collar at Age 14

a

0.28

0.45

52,247

0.29

0.45

26,594

Family Income in 1978

a

17,097.07

13,006.32

61,536

19,068.63

13,652.65

30,426

Cognitive Skills: AFQT (Std.)

c

0.00

1.00

75,646

0.03

1.02

36,469

Non-Cognitive Skills: Rosenberg Self-Esteem (Std.)

b

-0.00

1.00

75,646

-0.02

1.00

36,469

Non-Cognitive Skills: Rotter Locus of Control (Std.)

a

0.00

1.00

75,646

0.03

1.00

36,469

Financial Behavior
Risky Assets (>0)
Child Health
Poor Child Health
Demographics

Non-Hispanic/Non-Black
Male
Parental SES

Skills

Notes. Pooled statistics are based on all observations with information on asset ownership, child health and (non)cognitive skills. Cognitive skills are derived
from the AFQT Battery. Self-esteem and external locus of control rely on the Rosenberg and Rotter score. (Non)cognitive skills scores are standardized. The
sibling sample is limited to respondents who share the same biological father and mother with at least one other respondent from the original household. Year(s)
of recording is (are) denoted by a (1979), b (1980), c (1981), d (1988-2012) and e (2012).
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Figure 1: Descriptive Statistics: Child Health Status and Adult Financial Behavior

.05

Holding Risky Assets (%)
.1
.15
.2

.25

Child Health

1990

1995

2000
Years

2005

Poor

2010

Good

correlation between parental SES and child health (e.g. Case et al., 2002; Currie and Stabile, 2003). Critical
to our analysis, skills are lower among respondents with poor child health. In particular, the scores indicate
lower cognitive skills, lower self-esteem and a more external locus of control.
5. Empirical Analysis
Our main empirical analysis is subdivided into four sections: first, we discuss our estimation framework;
second, we estimate the total correlation between child health and adult financial behavior; third, we test
if skills or alternative explanations are able to explain this relationship; finally, we conduct a range of
robustness exercises.
5.1. Empirical Issues and Estimation Framework
Even though we have a rich longitudinal set of information spanning from adolescence to middle adulthood the choice of empirical identification strategy is crucial.
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Table 2: Descriptive Statistics: Mean Differences by Child Health Status

Difference

No Poor Child Health

Poor Child Health

0.09***

0.18

0.10

Age

0.24

35.76

35.52

Hispanic

-0.05***

0.18

0.23

Black

-0.04***

0.31

0.34

Non-Hispanic/Non-Black

0.09***

0.51

0.42

Male

0.12***

0.47

0.36

Educational Attainment (Father)

1.21***

11.02

9.82

Educational Attainment (Mother)

1.03***

10.90

9.87

Father White-Collar at Age 14

0.15***

0.29

0.14

4,904.02***

17,343.80

12,439.79

Cognitive Skills: AFQT (Std.)

0.44***

0.02

-0.41

Non-Cognitive Skills: Rosenberg Self-Esteem (Std.)

0.32***

0.02

-0.30

Non-Cognitive Skills: Rotter Locus of Control (Std.)

-0.27***

-0.01

0.26

Financial Behavior
Risky Assets (>0)
Demographics

Parental SES

Family Income in 1978
Skills

Notes. Pooled statistics are based on all observations with information on asset ownership, child health and (non)cognitive skills in
1979-1981 and 1988-2012. Cognitive skills are derived from the AFQT Battery in 1981. Self-esteem and external locus of control rely
on the Rosenberg (1980) and Rotter (1979) score. (Non)cognitive skills scores are standardized. * p<0.1, ** p<0.05, *** p<0.01
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Child health and adult financial behavior, for instance, could both be associated or even caused by a
range of family characteristics, including observables, such as parental income, as well as unobservables,
such as upbringing. However, in order to identify the unbiased effect of child health, a regression needs to
account for all relevant family and non-family characteristics, such that child health is not correlated with
our error term.

Equation 9 formulates a pooled regression approach for the household respondent i decision to hold
risky assets si,t in year t. We are interested in the estimate of coefficient β capturing the sensitivity of risky
asset participation to the respondent’s child health hi . Coefficient vector γ includes the elasticity of risktaking to a benchmark set of controls xi,t , including ethnicity, sex, and age at interview date. Finally, at
denotes yearly fixed effects, c is a constant and i,t is an error term.
si,t = c + βhi + γ0 xi,t + at + i,t .

(9)

This estimate captures a benchmark correlation purged by demographics determined at conception and
yearly fixed effects. As mentioned earlier, particularly at the family level, there are factors likely to be
associated with both child health and adult risk-taking. For instance, there is empirical evidence in favor
of parental SES affecting child health (e.g. Case et al., 2002) and offspring financial behavior (Chiteji and
Stafford, 1999). Drawing on the rich set of information on NLSY79 families from 1979, we could extend
our set of controls xi,t by the parental SES proxies fraternal education, maternal education, family income,
fraternal occupation and region of interview. If these controls capture some of the unobserved heterogeneity
between household respondents, this would provide a less biased estimate of the true effect. Despite this, our
relationship of interest could still be confounded by other unobserved family or non-family characteristics,
such as cognitive and non-cognitive skills.
A promising approach to account for unobserved family heterogeneity is to exploit differences between
siblings who share the same biological parents h. In general, siblings (even more so twins) share the same
family background, similar genetics and tend to communicate more often than two random households
(Calvet and Sodini, 2014). Consequently, unobserved heterogeneity should be smaller among siblings. As
a by-product, this setup allows the analysis of time-constant or highly persistent variables on the individual
level as long as there is variation between siblings (Calvet and Sodini, 2014). In contrast to household
finance, these sibling fixed effects models have been frequently applied in labor and health economics (e.g.
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Oreopoulos et al., 2008). In order to exploit the longitudinal feature of our data, one can follow Calvet and
Sodini (2014) and include a sibling fixed effect for each adult survey year. These so-called yearly sibling
fixed effects are denoted with ah,t and control for all factors common to siblings in a given year from 1988
to 2012. By definition these include common, past and current, family experience, and yearly fixed effects,
which capture macroeconomic developments. Equation (10) formalizes this framework for siblings i of
parents h.
si,h,t = ah,t + βhi,h + γ0 xi,h,t + i,h,t .

(10)

A very appealing property of this design is that (biological) siblings also share on average half of their
genes (Lundborg et al., 2014). This property is imperative as ignoring genetic information in research on
health effects results in an omitted variable bias, stemming from substantial genetic components of health or
health behavior (Fletcher and Lehrer, 2009). Assuming a large genetic component, we could use Mendellian
randomization, the so-called "genetic lottery", to argue in favor of exogenous health variation (Lundborg
et al., 2014b; Fletcher and Lehrer, 2011) and, consequently, approach "partial" causality. According to
Lundborg et al. (2014b), here it is useful that the genetic component might be even larger in a sibling design
as they share only 50% of their genes but most of their environmental influences.12 In particular, the underlying idea of this process is that a sibling’s inheritance receipt of a certain gene inside a family is random
and independent from each other. This line of reasoning has, among others, been used to conduct sibling
fixed effects regressions with respect to long-run effects of male (adolescent) health, body size and height
on SES outcomes (e.g. Lundborg et al., 2014a; Lundborg et al., 2014b).13

In order to analyze how much of this effect can be explained by skill formation (Cunha and Heckman,
2007), one can add cognitive and non-cognitive skills to our fixed effects model and compare the estimate
of interest. According to Lundborg et al. (2014a), the fixed effects estimate also gives additional insight
about the validity of skills as a mediator. They argue that if skills are only correlated with early-life health
via a third unobserved variable, most likely related to family background, an inclusion of skills reduces the
12

We have found only one study to quantify the genetic component of self-reported health. Romeis et al. (2000) report that more

than one third of the variation in self-reported health can be explained by heritability.
13
While in theory this does not necessarily give us the direction of causation, analyzing a correlation between child- and adulthood, we believe that our risk of reverse causation is minimized if we tackle contemporary unobserved heterogeneity. Moreover,
Smith (2009b) offers evidence in favor of adult outcomes not affecting retrospective child health.
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poor health coefficient estimate far more in a framework without yearly sibling fixed effects. Thus, if skills
explain the correlation to a similar degree in both specifications, it is more likely that that the long reach
from childhood operates through disrupted skill formation. Accordingly, we will conduct an analysis with
and without yearly sibling fixed effects.

It is important to consider potential caveats of sibling fixed effects frameworks, however. Griliches
(1979) stresses that measurement errors are more pronounced in sibling models. In the context of linear
regressions an attenuation bias can emerge (Angrist and Krueger, 1999), meaning that potential changes in
the estimate, after adding fixed-effects, cannot easily be attributed to unobservables. However, if we still
find an effect with less precision it strengthens the case of our analysis. Other critiques of this approach
stress that siblings are far from being treated identically (Lundborg et al., 2014a). Whereas twins have
the advantage of age equality, younger and older siblings can experience different family environments,
including composition and financial endowment. If these effects have a long reach to financial behavior
they could bias an "omitting" estimate upwards; yet, we do not expect differences in resources to drive our
results, as the median sibling spacing in our sample is 3 years.
Even if both siblings experience the same SES they could also be subject to preferential parental treatment or differences in affection. It can be important to account for parental affection, in the case of correlation with the dependent variable, as it might bias the estimate of child health (Smith, 2009a). Ultimately,
the direction depends on parental preferences for human capital inequality and thus compensatory or reinforcing human capital investment, which would either bias our effect downwards or upwards. According to
Lundborg et al (2014c) and Currie and Almond (2011), there is no empirical evidence in favor of a systematic preferential parental investment with regards to siblings’ health or skill endowment to date. However,
in our robustness section we address this issue by including indicators for parental affection and birth order.
Finally, negative spillovers of poor health could attenuate our estimate of interest.14

Our empirical analysis is as follows. We first run a pooled OLS framework on the full and sibling
sample to obtain a benchmark correlation and check for sibling sample selection effects. We then extend
our sibling sample specification by family background. In particular, we first control for parental SES
14

However, one could also imagine that a health spillover is less likely between siblings due to the early exposure to diseases

(hygiene hypothesis).
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and then add extensive yearly sibling fixed effects.15 In order to test if disrupted skill formation is the
main mechanism behind this correlation, we then include adolescent cognitive and non-cognitive skills
one-by-one and altogether. Following this, we offer alternative non-skill explanations for the remaining
holding differential including education, preferences and measures of adult SES, i.e. adult health and total
household labor income. Finally, we repeat our analysis excluding yearly sibling fixed effects and using
decomposition analysis.
5.2. Results: Correlation
The first column of Table 3 reports the estimated correlation between poor child health and adult risky
asset market participation based on our full sample. All estimates use a linear probability model with clustered standard errors at the sibling-year level. Using ordinary least squares to estimate long-run effects of
child health on binary adult outcomes is widely accepted in the related literature (e.g. Lundborg et al.,
2014). This benchmark configuration controls for ethnicity, gender, age at interview and yearly fixed effects. According to Table 3, poor child health seems to be associated with a 7 pp lower likelihood to hold
risky assets in adulthood. The estimate of interest is significantly different from zero at the 1% level and the
benchmark model captures roughly 5% of the variation in financial behavior. Compared to the overall risky
asset market participation of 18% (Table 1) these estimates are substantial and of economic significance.
Finally, the model seems to be well-behaved as estimates of quadratic age, ethnicity and sex are significant
and in line with the literature (e.g. Haliassos and Bertaut, 1995).

5.3. What explains the correlation?
We have shown a substantial correlation between child health and adult financial behavior. To what
extent can this association be explained by early-life factors? As we have discussed in our methodology
parental SES and unobserved family background are potentially fruitful explanations. Moreover, motivated
by portfolio choice and skill formation theory, we are particularly interested in the role of skills. In order
to compare the contribution of each factor, we move to our sibling sample and include each explanation
one-by-one. We begin by reestimating our correlation in the sibling sample (column 2). Again, we obtain a
15

As a consequence of adding yearly sibling fixed effects we drop our "nested" yearly dummies. However, we keep controls for

demographics and parental SES as they might differ to a small extent between siblings. For instance, a parent might have attained
a higher grade in the meantime.
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Table 3: Correlation Between Child Health and Adult Financial Behavior

(1)
Poor Child Health

(2)

(3)

(4)

(5)

(6)

(7)

-0.070***-0.064***-0.039***-0.041***-0.023** -0.034***-0.020*
(0.005)

(0.007)

(0.007)

(0.011)

Cognitive Skills: AFQT (Std.)

(0.011)

(0.011)

0.087***

0.084***

(0.005)
Non-Cognitive Skills: Rosenberg Self-Esteem (Std.)

(0.011)

(0.005)
0.019*** 0.010***
(0.003)

Non-Cognitive Skills: Rotter Locus of Control (Std.)

(0.003)

-0.008** -0.002
(0.003)

(0.003)

Sample

Full

Sibling

Sibling

Sibling

Sibling

Sibling

Sibling

Demographics

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Parental SES

No

No

Yes

Yes

Yes

Yes

Yes

Yearly FE

Yes

Yes

Yes

No

No

No

No

Sibling-Year FE

No

No

No

Yes

Yes

Yes

Yes

N

75,646

36,469

36,469

36,469

36,469

36,469

36,469

n

-

1,070

1,070

1,070

1,070

1,070

1,070

0.05

0.07

0.12

0.21

0.22

0.21

0.22

adj. R2

Notes. All columns report linear regression estimates of the relationship between poor child health and adult risky asset market participation. Each
column uses either a different sample or set of controls. In particular, column (1) uses the full sample and controls for demographics and yearly fixed
effects. Column (2) reruns the specification from column (1) on the sibling sample. In column (3) and (4) we add controls for parental SES and replace
yearly fixed effects by yearly sibling fixed effects, respectively. Columns (5) to (7) add, one-by-one and altogether, cognitive and non-cognitive skills
to the regression specification. N denotes respondent-year observations and n refers to how many sibling-year units offer child health status variation.
Standard errors are clustered at the sibling-year level.* p<0.1, ** p<0.05, *** p<0.01
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negative and very similar significant estimate of the child health coefficient (-6.4 pp); additionally the model
fit increases by 2 pp, which is in line with lower heterogeneity among siblings.
5.3.1. Parental SES, family background and skills
Addressing unobserved heterogeneity at the family level, we next add controls for fraternal and maternal
education, fraternal occupation at age 14, net family income in 1978 and region at interview date in 1979.
Column 3 of Table 3 shows that parental SES lowers the coefficient estimate of poor child health from -6.4
to -3.9 pp (-39%). Our estimate remains significantly different from zero at the 1% level and adding parental
SES increases the model fit (adjusted R-Squared) from 0.07 to 0.12. Coefficient estimates of these family
background controls are well-behaved as the stockholding likelihood increases in family income, maternal
and fraternal education and white-collar occupation.
In column 4 we include yearly sibling fixed effects. Our model now explains 21% of the variation in
risky asset market participation which is comparable to the Swedish yearly twin fixed effects regression
of Calvet and Sodini (2014). However, perhaps unexpectedly, our coefficient estimate of interest increases
slightly to -4.1 pp. Interestingly, Smith (2009a) finds the same pattern regarding a very similar child health
proxy after including sibling fixed effects. A potential explanation argues that child health scales differ
between respondents and thresholds are more similar among siblings. Differences in our health proxy are
thus closer to true health disparities within families. As soon as we include yearly sibling fixed effects,
we remove the family component of the reporting threshold, which should lead to larger health differences
(Smith, 2009a).
Columns 5, 6 and 7 extend our yearly sibling fixed effects specification by cognitive, non-cognitive and
both skills. According to theory, we would expect skills heterogeneity to explain most of the correlation.
In fact, Table 3 reports that cognitive skills explain 44% of the remaining correlation. Our child health
estimate stays significantly different from zero at the 5% level and our model fit increases by 1 pp. In line
with the literature, the estimated relationship between AFQT score and participation decision is positive
and significant (e.g. Grinblatt et al., 2011; Christelis et al., 2010). In particular, if we increase the AFQT
score by one standard deviation, the likelihood to hold any risky asset increases by 8.7 pp.
Our measures of non-cognitive skills explain roughly 17% of the correlation among siblings (yearly)
purged by family background and demographics. In line with the literature, we find non-cognitive skills to
determine financial behavior (Hong et al., 2004; Luik and Steinhardt, 2016). According to column 6, an
increase of one standard deviation in our standardized self-esteem and locus of control scores results in a
20

significant 1.9 pp increase and 0.8 pp decrease in the likelihood to own risky assets. Therefore, self-esteem
and an internal locus of control drive stockholding.
Adding both skills at once (column 7) explains about 53% of the correlation (column 4). The final
coefficient for the poor child health-financial behavior correlation is -2 pp and remains significantly different
from zero at the 10% level. Among siblings the true association seems to therefore lie between the lower
and upper bound of -2 and -4.1 pp.16 Including both skills at once and comparing their coefficient estimates
indicate to what extent both skills capture the same required latent ability. While the decrease on cognitive
test scores is modest (8.4 pp), its non-cognitive counterparts are reduced substantially. In particular, an
increase in self-esteem increases the likelihood to participate by a significant 1 pp, whereas the coefficient
on external locus of control approaches zero and turns insignificant at the 10% level. This is in line with the
small improvement of the model fit.
Our results suggest that the correlation between poor child health and adult risky asset market participation can be particularly well explained by differences in cognitive skills and to a lesser extent by
non-cognitive skills. While an unexplained part remains, more than half of the associaton can be attributed
to characteristics recorded prior to labor market entry.

5.3.2. Alternative Explanations: Education, Health, Household Income and Economic Preferences
In the following, we offer different non-skill explanations for the remaining unexplained part of our
negative association among siblings. These include education, economic preferences and adult SES, such
as health and total household labor income. For each explanation we point out the relationship with adult
portfolio choice, child health and skills.

Our first explanation is education (attained grade by 1996). Firstly, it is a key determinant of financial
behavior (Campell, 2006); education allows increased asset ownership and accumulation via higher labor
and subsequent capital income. In order to enter these higher income trajectories, education signals unobservable skills to employers. However, according to Cole et al. (2014), this is not the only channel at
play. Regarding financial behavior, education increases awareness via courses with financial curriculum or
16

The difference between lower and upper bound is the addition of controls for (non)cognitive skills which partially confound

and mediate our effect. The displayed bandwidth is conservative in the sense that we control for yearly sibling fixed effects, and
demographics.
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lower costs of cognitive processing. According to child health, there is compelling evidence on a positive
association between health status and educational attainment (e.g Case et al., 2005). Finally, education
interacts with our underlying set of skills; for instance, while cognitive and non-cognitive skills certainly
drive schooling success (Heckman and Rubinstein, 2001), school attendance could also be beneficial for
the formation of non-cognitive skills. Therefore, while we expect education to capture much of the same
underlying heterogeneity than skills, it should also explain its distinct share.
An alternative explanation is adult health, as poor health can affect financial behavior in various ways.
Maybe the most intuitive explanation is it being a non-diversifiable background risk in the form of medical
expenditure risk (Rosen and Wu, 2004). Households with poor health should therefore tilt their portfolio
towards safer assets. According to Edwards (2008), however, the relationship could also run via the impact on the marginal utility of consumption or lifespan uncertainty affecting financial planning. Although
the relationship could, in theory, go either way, the overall empirical evidence indicates a negative, yet
not always significant, association between poor health and financial risk-taking (Love and Smith, 2010).
Beyond affecting portfolio choice directly, health might also play a role via its dual positive relationship
with adult SES measures (Smith, 1999). Regarding child health, there is also empirical evidence in favor
of strong correlations between pre-/post-natal and later adult health status (Barker, 1990; Case et al., 2005).
As shown in a recent study, besides deteriorating health capacity, health behavior is an important driver of
this relationship as well (Kesternich et al., 2015). Considering the interaction with skills it is noteworthy
that skill formation finished several years before our measurement of adult health (1988-2012). Nonetheless, there is empirical evidence in favor of non-cognitive skills driving risky health habits (Heckman et al.,
2006; Cobb-Clark et al., 2014).
Our third explanation is total household labor income.17 While it is crucial to pay risky asset market
participation costs and accumulate wealth, the present value of discounted future income streams is also
at the core of portfolio choice theory. Empirical evidence confirms the importance of income, income risk
and human wealth for financial behavior in a number of studies (e.g. Calvet and Sodini, 2014). There is
also considerable evidence on correlations between child health and individual labor market outcomes (e.g.
Lundborg et al., 2014). According to Smith (2009a) poor child health affects total household labor income
not only via individual earnings and labor supply but also via assortative mating and spousal labor market
17

We construct this measure in line with Angerer and Lam (2009). Essentially we aggregate labor- and welfare income streams

for singles and married couples.
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characteristics. Considering the relationship with skills adult measured total household labor income takes
place at least seven years after skills test-taking. Although Heckman et al. (2006) showed that cognitive and
non-cognitive skills are strong predictors of adult labor market success, to the best of our knowledge there
is no documented impact from adult income on skills, .
Finally, economic preferences might explain the remaining correlation.18 Risk and time preferences are
central to traditional portfolio theory. In particular, higher risk aversion and heavier future discounting both
decrease the optimal risky share of financial wealth and participation likelihood. Research also suggests
that risk and time preferences are related to health behavior (e.g. Courtemanche et al., 2015) and adverse
traumatic childhood experiences, such as war (e.g. Kim and Lee, 2014). Becker et al. (2012) point out that
economic preferences and non-cognitive skills are attempts to explain heterogeneity in individual behavior
made by economists and personality psychologists, respectively. It is therefore reassuring that, despite their
potential overlap, they only find a low association between both constructs; moreover, both constructs explain important SES outcomes in a complementary manner (Becker et al., 2012).

In order to assess the extent to which these alternative explanations explain our observed correlation, we
extend our final specification with yearly sibling fixed effects in Table 4. However, as information on these
suggested explanations is incomplete in our benchmark sample, we rerun our benchmark regression with
and without skills on a smaller subsample with complete information in columns one and two. We then
include education, health, total household labor income and economic preferences one-by-one (columns
3-6) and altogether (column 7).
Columns 1 and 2 suggest that our benchmark findings also hold in this subset of siblings. In particular,
we obtain a larger negative and significant coefficient estimate for poor child health of -5.3 pp. Again, the
coefficient decreases substantially (38%) after the inclusion of cognitive and non-cognitive skills.
Education explains another 11% of the benchmark correlation (column 3). In line with the empirical
household finance literature, the estimated education coefficients increase in attained grade (e.g. Cole et al.,
2014). Conditional on skills, the adult measures of health (column 4) and total household labor income
18

In particular, we capture risk preferences with a dummy indicating if the respondent reports a willingness to take risk above

five on a scale from zero to ten in 2012 (see e.g. Dohmen et al., 2011). Time preferences are recorded in 2006 via a discount
factor constructed in line with Courtemanche et al. (2015). The household respondent answers which future payment (one year) is
equivalent to a current receipt of hypothetical 1000 US Dollars.
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(column 5) explain another 11 and 4% of the correlation among siblings.19 In line with the empirical
literature our estimates suggest a negative (positive) significant correlation between work-limiting health
(total household labor income) and risky asset market participation. Adding preferences for risk and time
in column 6 does not change the association. As expected (e.g. Dohmen et al., 2011; Kimball et al., 2008),
we obtain significant positive estimates for lower risk aversion and less heavy discounting. In regards to
these factors’ correlations with skills, only the inclusion of educational attainment lowers the participation
elasticity of skills and, thus, overall this stability of the skill coefficients highlights the additional explanatory
power of each factor.
All four groups of controls together (column 7) render the long-run relationship insignificant at the 10%
level and explain an additional 19% of the remaining correlation. Skills and our alternative explanations are
therefore able to explain 57%. The moderate decreases in skills and alternative controls estimates highlight
their associations with each other (e.g. via SES (Smith, 1999)). Conclusively, our results suggest that
mostly pre-labor market differences in skill formation and to a much lesser extent subsequent education,
adult health and total household labor income explain the long reach.
5.3.3. Blinder-Oaxaca Decomposition
In the previous section we found that cognitive and non-cognitive skills explain most of the correlation
between poor child health and adult risky asset market participation. Thus far our results rely on yearly
sibling fixed effects, which account for unobserved shared factors betweens siblings. While this has obvious advantages in terms of unobserved heterogeneity, excluding yearly sibling fixed effects could prove
beneficial for our analysis for two reasons: first, if we compare how much skills explain in both frameworks, similar results further strengthen the case for a "partial" causal effect via this channel. In contrast
to this, if skills’ contribution is far more pronounced excluding fixed effects the effect might mostly run via
unobserved shared family factors. Second, in the abundance of yearly sibling fixed effects we can conduct a
(less computationally demanding) Blinder-Oaxaca decomposition analysis (Blinder, 1973; Oaxaca, 1973).
As this method is robust to the ordering of inclusion and allows group-varying coefficients, we can compute
how much of the participation gap can be explained by differences in characteristics. While this method
is well-known for studying gaps and discrimination in labor and population economics, its popularity in
19

Our measure of total household labor income is inverse sine hyperbolic transformed. The inverse sine hyperbolic transfor-

mation captures non-linearities for positive and negative values. In fact, for values that are not very small this transformation is
approximately equal to the natural logarithm.

24

Table 4: Correlation Between Child Health and Adult Financial Behavior: Education, Health, Household Income and Preferences
(1)
Poor Child Health

(2)

(3)

(4)

(5)

(6)

-0.027*

-0.031** -0.033** -0.023

(0.014)

(0.014)

(0.014)

Cognitive Skill: AFQT (Std.)

(0.014)

(0.014)

(0.014)

(0.014)

0.085*** 0.062*** 0.084*** 0.080*** 0.084*** 0.059***
(0.006)

Non-Cognitive Skill: Rosenberg Self-Esteem (Std.)

(0.006)

(0.006)

(0.006)

(0.006)

(0.006)

0.011*** 0.009** 0.011*** 0.009** 0.011*** 0.007*

Non-Cognitive Skill: Rotter Locus of Control (Std.)

(0.004)

(0.004)

(0.004)

(0.004)

(0.004)

(0.004)

-0.003

-0.003

-0.003

-0.003

-0.003

-0.003

(0.003)

(0.003)

(0.003)

(0.003)

(0.003)

(0.003)

Education: 12y

Education: 13-15y

0.002

-0.004

(0.008)

(0.008)

0.042***

0.032***

(0.011)
Education: 16+

(0.011)

0.127***

0.110***

(0.016)
Health Limitation

(0.016)
-0.039***

-0.020*

(0.010)

(0.011)

sinh−1 Total HH Labor Income

0.014***

0.012***

(0.001)
Risk-Taker

(0.001)
0.026*** 0.023***
(0.007)

Discount Factor

Sample

(7)

-0.053***-0.033** -0.027*

(0.007)

0.032*** 0.026**
(0.012)

(0.012)

Sibling

Sibling

Sibling

Sibling

Sibling

Sibling

Sibling

Demographics

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Parental SES

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yearly FE

No

No

No

No

No

No

No

Sibling-Year FE

Yes

Yes

Yes

Yes

Yes

Yes

Yes

N

32,569

32,569

32,569

32,569

32,569

32,569

32,569

n

782

782

782

782

782

782

782

0.18

0.20

0.21

0.20

0.21

0.20

0.21

adj.

R2

Notes. All columns report linear regression estimates of the relationship between poor child health and adult risky asset market participation. Each
column includes yearly sibling fixed effects and controls for parental SES and demographics. Column (1) reruns the specification without skills on
our new subsample of full information. Column (2) includes controls for (non)cognitive skills and columns (3) - (7) add one-by-one and altogether
educational attainment, adult health limitations, total household labor income and economic preferences for risk and time, respectively. N denotes
respondent-year observations and n refers to how many sibling-year units offer child health status variation. Standard errors are clustered at the
sibling-year level.* p<0.1, ** p<0.05, *** p<0.01.
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household finance has risen over the last years. For instance, Grinblatt et al. (2011) used decomposition
analysis to explain the relationship between IQ and stock market participation. In a recent application, Luik
and Steinhardt (2016) decompose the stockholding gap between native and immigrant U.S. households.

We run separate regressions for individuals with (group A) and without (group B) poor child health,
whilst excluding the related indicator variable. The difference between predicted group risky asset holdings,
YA and YB , can be decomposed into characteristics ∆X and coefficient effects ∆β. Due to their observational
nature, characteristics effects are also called the "explained gap", while coefficients effects are referred to
as the "unexplained gap". The decomposition makes use of the group-specific independent characteristics
XA and XB and regression coefficient estimates βA and βB . In line with Yun (2004) the overbars represent
respective sample averages.

YA − YB =

(X − X )β
+
X (βA − βB )
| A {z B }A
| B {z
}
characteristics effect ∆X coefficients effect ∆β

(11)

Yun (2004) points out that the decomposition can be extended to the detailed level. Each gap contribui
tion is calculated by weighing the aggregate explained and unexplained gap. The underlying weights W∆X
i are derived from a first-order Taylor extension around the functional value at the mean characterisand W∆β

tics. Equations (14) and (15) clarify that the sum of all contributions add up to the aggregate decomposition
gap.

YA − YB =

K
X
i=1

i
W∆X
[(XA − XB )βA ] +

K
X
i=1

i
W∆X
=

K
X
i=1

K
X
i=1

i
W∆β
[XB (βA − βB )]

i
W∆β
=1

(12)

(13)

In order to not over- or undervalue any group, we obtain a non-discriminatory coefficient from a pooled
regression, augmented by a group membership dummy variable (Jann, 2008). As we are interested in
"explaining" factors we do not have to tackle the issue of omitted categories highlighted for the detailed
decomposition of the unexplained gap by Oaxaca and Ransom (1999).
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As this decomposition has initially been developed for cross-sectional settings, we need to account for
the different timing of our alternative explanations. For instance, large shares of the full impact of adolescent skills or education could be attributed to total household labor income. In Table 5, we therefore
show decomposition results for different sets of controls. In particular, we extend controls step-wise; this
allows us to attribute the full extent of explanatory power to early-life variables, such as parental SES, skills
and alternative explanations taking place in middle adulthood. In column one, we start by controlling for
demographics, parental SES and yearly fixed effects, while in column two we introduce our cognitive and
non-cognitive skills. Thereafter we increase our set of controls by education (column 3), adult health (column 4), total household labor income (column 5) and economic preferences (column 6).20 Coefficients are
subsumed into "Demographics", "Parental SES", "Skills", "Education", "Health", "Income" and "Economic
Preferences". Finally, we summarize yearly fixed effects in the "Wave" group.

The top of Table 5 reports predicted average risky asset market participation rates, the related gap
and how much of it can be explained by differences in either characteristics or coefficients (including the
constant). The predicted holding rates and gap are very close to our descriptive results in Table 2. In
particular, we decompose a stockholding difference of 10 pp between respondents of poor (10 pp) and good
(20 pp) child health. Column 1 indicates that differences in demographics, parental SES and yearly fixed
effects explain roughly 63% of the entire holding gap. The complementary unexplained gap is significant at
the 1% level. Adding skills to the decomposition in column 2 increases the explained gap to 9.1 pp, while the
unexplained gap is rendered not significant and close to zero (-0.009); hence, cognitive and non-cognitive
skills explain a distinct part of the correlation and together with family background and demographics
almost the entire participation differential. Adding covariates for education, health, income and economic
preferences in columns 3 to 6 closes the remaining narrow gap.
A detailed decomposition of each specification is presented in the bottom part of Table 5. Column 1
indicates that parental SES is the main driver of the explained gap in line with column 3 of our benchmark
regression analysis in Table 3. However, roughly 37% of the gap remain unexplained. In column 2 almost
20

For the ease of interpretation and computation, in contrast to the regression specification we replace quadratic age by birth

year dummies. We thereby introduce increased flexibility, avoid pitfalls of lacking group variation in age dummies and still account
for the age/cohort heterogeneity (birth year + age = year). Moreover, also due to insufficient group variation we drop individuals
with missing information on region of interview in 1979. According to the NLSY79, these can include soldiers in oversea and
individuals in U.S. territories.

27

Table 5: Blinder-Oaxaca Decomposition of the Risky Asset Market Participation Gap with Regards to Child Health
(1)

(2)

(3)

(4)

(5)

(6)

Overall
No Poor Child Health

0.200*** 0.200*** 0.200*** 0.200*** 0.200*** 0.200***
(0.002)

Poor Child Health

(0.002)

(0.002)

(0.008)

(0.008)

(0.008)

(0.008)

(0.008)

(0.009)

(0.009)

(0.009)

(0.009)

(0.009)

0.063*** 0.091*** 0.092*** 0.098*** 0.100*** 0.097***
(0.003)

Unexplained

(0.002)

0.100*** 0.100*** 0.100*** 0.100*** 0.100*** 0.100***
(0.009)

Explained

(0.002)

0.100*** 0.100*** 0.100*** 0.100*** 0.100*** 0.100***
(0.008)

Difference

(0.002)

(0.004)

0.037*** 0.009
(0.008)

(0.008)

(0.004)

(0.004)

(0.004)

(0.004)

0.008

0.002

0.000

0.003

(0.008)

(0.008)

(0.008)

(0.008)

Explained
Demographics

0.016*** 0.006*** 0.011*** 0.011*** 0.010*** 0.010***
(0.002)

Parental SES

(0.002)

(0.002)

(0.002)

(0.002)

0.048*** 0.028*** 0.021*** 0.021*** 0.021*** 0.020***
(0.003)

Wave

(0.002)

(0.002)

(0.002)

(0.002)

(0.002)

(0.002)

-0.000

-0.000

-0.000

-0.000

-0.000

-0.000

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

Skills

0.057*** 0.037*** 0.036*** 0.034*** 0.034***
(0.003)

Education

(0.003)

(0.003)

(0.003)

(0.003)

0.023*** 0.023*** 0.021*** 0.021***
(0.002)

Health

(0.002)

(0.002)

(0.002)

0.007*** 0.004*** 0.004***
(0.001)

Income

(0.001)

(0.001)

0.010*** 0.010***
(0.001)

Preferences

(0.001)
-0.001*
(0.000)

Sample

Sibling

Sibling

Sibling

Sibling

Sibling

Sibling

Demographics

Yes

Yes

Yes

Yes

Yes

Yes

Parental SES

Yes

Yes

Yes

Yes

Yes

Yes

Yearly FE

Yes

Yes

Yes

Yes

Yes

Yes

Sibling-Year FE

No

No

No

No

No

No

32,174

32,174

32,174

32,174

32,174

32,174

N

Notes. All columns report linear Blinder-Oaxaca decompositions on the risky asset participation
gap with regards to child health using the sibling sample with complete information. The upper and
lower panel reports aggregate and detailed decomposition results following Yun (2004). Column
(1) controls for demographics, parental SES and yearly fixed effects. Column (2) extends column
(1) by (non)cognitive skills. Columns (3) to (7) sequentially add education, health, total household
labor income and economic preferences, respectively. Standard errors are clustered at the household
level.* p<0.1, ** p<0.05, *** p<0.01
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the entire gap (91%) is explained with skills added. In this setting, skills contribute 57% and parental SES
28% to the explained gap. This indicates that skills capture sizable distinct heterogeneity. The decrease in
parental SES and demographics suggests that much of their contributions could run through skill formation
or an unobserved third variable, which is in line with Cunha and Heckman (2007)21 . The remaining 10%
of the gap can be explained by differences in education, health and adult labor income. Skills remain the
single largest gap driver ranging from 34 to 57% of the explained gap in all columns.
As we find skills to be the main driver of the correlation with and without yearly sibling fixed effects,
the correlation is less likely to be driven by unobserved family factors (Lundborg et al., 2014a). We can
therefore argue in favor of a "partial" causal skills channel between early-life health and adult financial
behavior.
5.4. Robustness Checks
In this section, we assess the robustness of our benchmark results. We, particularly, tackle two main
potential caveats to our identification: differential parental treatment and functional form of estimation.

If unobserved differential treatment by parents is present, our results are likely to be biased. The direction of bias depends on parental preference for human capital inequality. For instance, if they compensate
the child with poorer health with higher investments in their human capital, our estimate should be biased
downwards. The same reasoning could apply for financial compensation. In Table 6, we test for the role of
differential parental treatment by including either controls for birth order (columns 1 and 2) or (self-rated
retrospective) parental affection (columns 3 and 4). Again, in order to assess the role of human capital, we
reestimate our yearly sibling fixed effects framework with (columns 2 and 4) and without (columns 1 and
3) controls for skills.
Irrespective of controlling for differential parental treatment, the estimated gap is very close to our
benchmark case (-3.8 and -4.2 pp). The same holds true for the change in the coefficient estimate before
and after the inclusion of skills (-55%) . Our results thus indicate that there is no pronounced bias through
differential parental treatment.22

21
22

This assumes that child skills do not affect demographics and family SES.
Also alternative explanations and decomposition analysis are robust to either inclusion. The results are available on request.
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Table 6: Robustness Checks I: Parental Treatment (Yearly Sibling Fixed Effects)

(1)
Poor Child Health

(2)

(3)

(4)

-0.042***-0.020* -0.038*** -0.017
(0.011)

Cognitive Skills: AFQT (Std.)

(0.011)

(0.011)

0.084***

0.084***

(0.005)
Non-Cognitive Skills: Rosenberg Self-Esteem (Std.)

Sample

(0.005)

0.010***

Non-Cognitive Skills: Rotter Locus of Control (Std.)

(0.011)

0.010***

(0.003)

(0.003)

-0.002

-0.001

(0.003)

(0.003)

Sibling

Sibling

Sibling

Sibling

Demographics

Yes

Yes

Yes

Yes

Parental SES

Yes

Yes

Yes

Yes

Yearly FE

No

No

No

No

Sibling-Year FE

Yes

Yes

Yes

Yes

Birth Order FE

Yes

Yes

No

No

Parental Affection

No

No

Yes

Yes

N

36,469

36,469

36,387

36,387

n

1,069

1,069

1,069

1,069

adj. R2

0.21

0.22

0.21

0.22

Notes. All columns report linear regression estimates of the relationship between poor child health and adult risky
asset market participation. Each column includes yearly sibling fixed effects and controls for parental SES and
demographics. Columns (1) and (2) reruns the specification with birth order fixed effects, while columns (3) and
(4) instead include controls for subjective retrospective parental affection in childhood. Only columns (2) and (4)
control for (non)cognitive skills. N denotes respondent-year observations and n refers to how many sibling-year
units offer child health status variation. Standard errors are clustered at the sibling-year level.* p<0.1, ** p<0.05,
*** p<0.01.
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While our LPM specifications are well-suited for sibling fixed effects frameworks (see applications in
Smith, 2009a; Currie and Stabile, 2003; Oreopoulos et al., 2008) these models do not fully account for the
non-linear relationship between covariates and a limited dependent variable. We therefore rerun our benchmark analysis using conditional (fixed effects) logit estimation (Table 7). We report estimates with and
without skills controls. Yet again, we find a significant participation gap by child health status in both specifications. While conditional logit estimation does not allow us to calculate marginal effects, the reduction
in coefficient estimate after the inclusion of skills is close to our benchmark results. Moreover, in results
not reported here, the non-linear decomposition analysis obtains a very similar participation differential and
attributes most of the gap to differences in cognitive and non-cognitive skills.23
6. Conclusion
Over the last decade research collected considerable empirical evidence on the long reach of poor child
health. A well-established driving force of these long-run effects is the underlying gap in (human capital)
skill formation, i.e. cognitive and non-cognitive skills (Cunha and Heckman, 2007). Assuming that child
health affects adult outcomes via its impact on skill formation, there should exist associations between child
health and any adult outcome that is also determined by human capital. However, despite human capital’s
importance for portfolio choice theory (Bodie et al., 1992) and financial behavior’s key role for adult wealth
accumulation, there is only very little ongoing research on related long-run relationships.
In this work, we test for a negative correlation between poor child health and adult risky asset market participation. Moreover, we test if differences in adolescent and young adult cognitive and non-cognitive skills
can explain the majority of the long reach of child health. Using biological siblings of the NLSY79, our
yearly sibling fixed effects regression results indicate a significant negative correlation between early-life
health and risk asset market participation conditional on demographics and family background. Cognitive
and, to a lesser degree, non-cognitive skills explain more than half of this within-correlation. Only part of
the remaining association can be explained by education and factors of later lifecycle stages, including most
notably adult health and total household labor income. Our results are confirmed by decomposition analysis
excluding yearly sibling fixed effects which pronounces the role of skills even more and thus strengthens
the case for child health affecting adult financial behavior via skills. Finally, our results are not driven by
23

Also the inclusion of alternative explanations is robust to the estimation methodology. These and decomposition results are

available on request.
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Table 7: Robustness Checks II: Conditional Logit (Yearly Sibling Fixed Effects)

(1)
Poor Child Health

(2)

-0.486***

-0.270*

(0.143)

(0.150)

Cognitive Skills: AFQT (Std.)

0.668***
(0.042)

Non-Cognitive Skills: Rosenberg Self-Esteem (Std.)

0.092***
(0.028)

Non-Cognitive Skills: Rotter Locus of Control (Std.)

-0.019
(0.028)

N

8,221

8,221

n

209

209

-2,870.72

-2,707.82

Log-Likelihood

Notes. All columns report conditional logit fixed effects estimates (yearly sibling fixed effects) of the relationship
between poor child health and adult risky asset market participation. Each column also controls for parental SES
and demographics. As indentification hinges on variation within yearly sibling units, the sample is substantially
smaller. Only column (2) controls for (non)cognitive skills. N denotes respondent-year observations and n refers
to how many sibling-year units offer child health status variation. Standard errors are clustered at the sibling-year
level.* p<0.1, ** p<0.05, *** p<0.01.
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differential parental investment or linear estimation specification.
This analysis has important policy implications. As risky asset market non-participation has adverse
impacts on retirement preparation and future consumption, early-life health disadvantages can be carried
further into the future. They thereby reduce welfare and increase capital inequalities for this and the next
generation. Our results, accordingly, highlight the importance of good child health for a new adult SES
outcome. Potential policy measures need to prevent children from poor health or assist poor families in the
case of health shocks. Experimental evidence suggests that intervention programs in preschool targeting
disadvantaged children can foster skill formation (Cunha and Heckman, 2007). Therefore these programs,
such as Perry Preschool Program, might be fruitful remediations of poor child health in the context of adult
financial behavior as well. Additionally, measures can include early-life exercise, nutrition programs and
increased health insurance coverage.
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Table A.1: Description of Variables
Variable

Description

Values

Household owns a positive net value of stocks, funds, corpo-

No = 0, Yes = 1

Dependent Variable
Risky Assets (>0)

rate/government non-US savings bonds
Child Health
Poor Child Health

Respondent’s self-reported childhood health has been fair or poor

No = 0, Yes = 1

up to age 17
Demographics
Age

Age at interview

Years

Male

Respondent is male

No = 0, Yes = 1

Nonwhite

Respondent is Black/African American or Hispanic

No = 0, Yes = 1

Father of respondent attained i years of education, i= <12, 12,

No = 0, Yes = 1

Parental SES
Father Schooling (i)

13-15, 16+
Mother Schooling (i)

Mother of respondent attained i years of education, i= <12, 12,

No = 0, Yes = 1

13-15, 16+
Family Income in 1978 (i)

Total family income in 1978 is in tercile i of the family income

No = 0, Yes = 1

distribution, i=1,2,3
Father White-Collar at

Father of respondent at age 14 works in a white-collar occupation

No = 0, Yes = 1

Region at interview date in 1979 is i=North East (1), North Cen-

No = 0, Yes = 1

Age 14
Region in 1979 (i)

tral (2), South (3), West (4)
Cognitive and Non-Cognitive Skills
AFQT

Standardized respondent score of U.S. Armed Forces Qualifica-

Standard

Normal

tion Test

Distribution

Self-Esteem

Standardized respondent score of Rosenberg’s Self-Esteem test

Standard

Locus of Control

Standardized respondent score of Rotter’s (External) Locus of

Standard

Control

Distribution

Respondent attained i years of education by 1996, i= <12, 12,

No = 0, Yes = 1

Normal

Distribution
Normal

Alternative Channels
Schooling (i)

13-15, 16+
Health Limitation

Respondent’s health limits amount/type of work

No = 0, Yes = 1

Total Household Labor

S inh−1

US-Dollar

of respondent’s total family labor income

Income
No = 0, Yes = 1

Risk-Taker

Respondent’s willingness to take risks in 2012 is larger than 5/10

Discount Factor

Respondent’s discount factor in 2006

[0,1]

Year (i)

Interview Year i, i=1988, 1989,..., 2012

No = 0, Yes = 1
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2016
173
172
171
170
169
168
167
166
165
164
163
162
2015
161
160
159
158
157
156
2014
155
154
153
152
151
150
149
148
147
146
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