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Abstract

In this study, we use matched mother-child data from the National Longitudinal Surveys to
study family size effects on child health. Focussing on body weight indicators as our health
outcome of interest, we examine the effects of exogenous variations in family size on child
health. We find no significant empirical support in favor of the quantity-quality trade-off
theory. To combat potential empirical concerns associated with cross-sectional analysis, we
make use of the panel aspects of the data and employ child fixed effects. Findings from our
panel data analysis suggest that birth of a younger sibling is related to a decline in the
likelihood of being overweight. Furthermore, birth of younger siblings at higher parities leads
to a significant drop in the likelihood of obesity (but may also lead to an increase in the
child’s probability of being underweight).
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1. Introduction

The primary objective of this study is to investigate family size effects on child health.
Family size effects on children’s human capital outcomes have been studied extensively in
the economic literature following the quantity-quality trade-off theory developed by Becker
and his co-authors (Becker 1960; Willis 1973; Becker & Lewis 1973; Becker & Tomes
1976). The theory predicts a negative relationship between child quantity and quality.
However, very few studies have focussed on the relationship between family size and child
health. In this study, we present a comprehensive empirical analysis on the effects of changes
in family size on children’s health outcomes. To perform our analysis, we match mothers’
information from the original cohort of the National Longitudinal Survey of Youth (NLSY
1979) to their children’s data from NLSY Child and Young Adult surveys (NLSY CYA). Our
analysis is restricted to children of ages 2 to 17 years. To the best of our knowledge, this is
the first paper to utilize a US-based child sample to study the impact of family size variations

on children’s health outcomes.

The majority of empirical studies on family size effects tend to focus on children’s
educational outcomes, labor market consequences, and/or parental investments required to
develop children’s future cognitive skills (Rosenzweig & Wolpin 1980; Blake 1981;
Hanushek 1992; Black, Devereux, & Salvanes 2005; Caceres-Delpiano 2006; Lee 2008; Li,
Zhang, & Zhu 2008; Angrist, Lavy, & Schlosser 2010; De Haan 2010; Ponczek & Souza
2012; Juhn, Rubinstein, & Zuppann 2015). Empirical results in most of these studies support
the validity of a quantity-quality trade-off. In comparison, shortage of research and lack of
consensus among researchers with respect to the nature of relationship between family size
and child health provide an important scope to contribute to the existing child development
literature based on quantity-quality trade-off theory (relevant studies include papers by

Rosenzweig & Zhang 2009; Millimet & Wang 2009; Lundborg, Ralsmark, & Rooth 2015;



Peters, Rees, & Rey 2015; Zhong 2016). Further, some existing studies do not find any
evidence of a trade-off between child quantity and child health outcomes (Lundborg et al
2015; Peters et al. 2015). A non-negative relationship between child quantity and child health
is consistent with the ‘Hygiene’ theory proposed by Strachan (1989). The theory discusses

specific long-term child health benefits that are associated with a large family size.

Child body weight is an important health indicator. Excess body weight is closely
associated with serious long-term health risks including diabetes, heart disorders,
hypertension, and cancer (Must et al. 1992; Power, Lake, & Cole 1997; Leonard et al. 2008;
Reilly & Kelly 2011). On the other hand, being underweight during childhood can elevate the
risk of mortality and affect children’s cognitive development (Walker et al. 2000; De Onis et
al. 2004). Economic hardships and food insecurity put children at the risk of having extreme
body weight. Based on the quantity-quality trade-off hypothesis, changes in allocation of
fixed parental resources, induced by an increase in family size, can potentially affect
children’s body weight outcomes. We try to use accurate estimates of children’s height and
weight from NLSY CYA to compute children’s body mass index (BMI). We refer to the age
and sex-specific body weight standards (BMI-for-age) of Centers for Disease Control’s
(CDC) growth chartsi and use children’s BMI values to construct our binary health
indicators. The binary indicators are created for being- overweight (BMI greater than equal to
85 percentile of age and sex-specific BMI distribution), obese (BMI greater than equal to
95™ percentile of age and sex-specific BMI distribution), and underweight (BMI less than

equal to 5™ percentile of the BMI distribution).

We attempt to estimate causal effects by using exogenous variations in family size

that are triggered by twin births and parental preference for a mixed sex composition of their

1 See https://www.cdc.gov/growthcharts/html_charts/bmiagerev.htm; Retrieved on November, 12, 2016.
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children. Regression estimates from our instrumental (IV) regressions do not provide any
evidence of a trade-off between child quantity and quality. Our results indicate that increase
in family size by an additional member may affect children’s well-being through some other
channels that can potentially offset the negative impact of resource constraints induced by an
additional member. In particular, a large sibling size is likely to be associated with some
positive health externalities (the hygiene theory) and can also improve sibling relationships
(Newman 1996). Hence, to gather deeper understanding of the health outcomes of changes in
family size, we study family size effects on two additional child outcomes that are related to
child well-being. In particular, we estimate relationship between family size variations and-
a) mothers’ rating on her child’s relationship with siblings, and b) incidence of child’s illness
that requires medical attention (to test the validity of the hygiene theory). The analysis
provides evidence regarding the presence of positive health externalities in families with a
large sibship size. Our cross-sectional regression analysis suggests that increase in family size
by an additional young member significantly improves child relationship with his/her

siblings.

Further, to address some empirical concerns that are likely to be associated with our
cross-sectional analysis, we take advantage of the longitudinal format of the NLSY mother-
child data to study how birth of a younger sibling affects older children. Controlling for
unobserved child fixed effects, regression analysis suggests that birth of a younger sibling
leads to a significant decline in the likelihood of being overweight. We also find that birth of
a younger sibling significantly decreases the likelihood of falling ill. In addition, the
longitudinal data also allows us to capture changes in a child’s health outcomes across
successive births of younger siblings. Our results show that birth of a younger sibling at
higher parities leads to a significant decline in the probability of being obese, but may also

lead to an increase in the likelihood of being underweight. Overall, our panel regression



analysis provides useful evidence with respect to quantity-quality trade-off and hygiene

hypotheses.

The paper is organized as follows; in Section 2, we review relevant literature to
explore existing theories on the relationship between family size and child health and discuss
empirical strategies commonly adopted in the family size literature. In Section 3, we describe
the NLSY mother-child data used for our empirical analysis. In Section 4, we explain our IV
regression strategy. In section 5, we discuss our findings from cross-sectional regression
analysis (pooled and IV regressions). In Section 6, we explain our panel regression models

and results. Finally, in section 7, we present our concluding remarks.

2. Literature Review

2.1 Mechanism — Evidence from existing theories

The quantity-quality trade-off theory argues that when there is a budget constraint, an
increase in the number of children in a family increases the marginal cost of parental
investments that determine child quality (Becker 1960; Becker & Lewis 1973; Becker &
Tomes 1976). As child quantity increases, fixed parental resources are allocated across a
larger number of children. In the context of our analysis, the theory signals towards a decline
in child health quality with an increase in child quantity, especially when child health is
determined by inputs that require consumption of limited parental resources (such as market-

based inputs, time, care, and affection).2

Conversely, there is evidence in health literature that indicates that children in larger
families tend to have better health outcomes. The association between family size and child

health benefits is in line with the hygiene hypothesis proposed by Strachan (1989). Hygiene

2 Millimet & Wang (2009) present a simplified version of Becker’s (1960) quantity-quality trade-off model,
where they assume children’s (health) quality as a function of market-based health inputs and an initial health
endowment. For further reference, we provide the model in Appendix (see Appendix, A.1).
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theory argues that compared to smaller families, children in large families develop stronger
immune system as they are more likely to be exposed to various diseases during the early
years of their childhood. Consistent with the hygiene theory, a number of studies in child
health research have shown that children in larger families are less likely to have excess body
weight (Edwards & Grossman 1983; Kruger et al. 2006). Some additional studies find that
children in large families are also less prone to suffering from diseases and medical
conditions such as diarrhoea, respiratory infection, hay fever, asthma, and allergy (Strachan

1989; 1997; Rona et al. 1997; Ponsonby et al. 1998; Jenson & Ahlburg 2002).

2.2 Family size and child health outcomes

The few empirical studies that have analyzed child health effects of family size have
primarily focussed on developing regions (such as Bangladesh, China, and Indonesia). Peters
et al. (2015) study family size effects on child health in rural Bangladesh. Using multiple
health outcomes (including diarrhoea, respiratory infections, eye infections, and colds), the
study does not find any statistical evidence in support of the quantity-quality trade-off
argument. On the other hand, using data on Chinese children, Rosenzweig and Zhang (2009)
and Zhong (2016) find a significant negative relationship between family size and child
health.3 However, in a cross-sectional survey across middle-school children in eastern China,
Hesqueth et al. (2003) show children in one-child families are more likely to be overweight
and tend to visit doctors and dentists more frequently due to poor health. Millimet and Wang
(2009) employ data from Indonesian Family Life Survey to study family size and child health
relationship. The study find mixed results for family size effects on height-for-age and BMI-
for-age indicators. In particular, their results are in favor of the quantity-quality trade-off

theory only at select quantiles of BMI distribution of the child sample used. Finally,

3 Both studies utilize China’s one-child policy to construct an IV for exogenous variations in family size. Health
outcomes in the studies are measured by children’s self-assessed health, BMI measures, and height-for-age Z-
scores.



Lundborg et al. (2015) study the causal effect of family size on children’s height using
Swedish data on male population from 1965 to 1978 birth cohorts. Their results indicate that

an exogenous increase in family size is positively related to children’s height.

Children’s body weight has long-term health implications. Economic hardships,
especially in developing countries, often restrict children from receiving adequate nutritional
inputs, thereby increasing the chances of being underweight (Ravallion, Huppi, & Mundial
1989; Nandy et al. 2005). At the same time, poverty and lack of education are often
associated with risks of obesity (Drewnowski & Specter 2004; Meyers, Karp, & Kral 2006;
Tanumihardjo et al. 2007; Lee, Harris, & Gordon-Larsen 2009). High incidence of obesity
among lower socio-economic groups are likely to be due to food insecurity, unhealthy dietary
practices, and higher levels of consumption of high-caloric fast foods and beverages.
Exogenous increases in family size may impose financial and resource restrictions on
families. Consequently, a rise in family size may elevate the risk of having extreme body
weight for young children. In US, National Health and Nutrition Survey’s recent estimates
indicate that prevalence of childhood obesity (17 percent in 2011-2012) tend to be much
higher than prevalence of childhood underweight (3.5 percent in 2011-2012) (Fryar & Ogden

2014; Ogden et al. 2016).

Investigation of causal relationship between family size and child health has
important family and child welfare policy implications. In a few studies, economic
researchers have evaluated the benefits of family planning interventions on human capital
outcomes and parental investments in developing regions where population density is a large
socio-economic concern (Hossain 1989, Bangladesh; Rosenzweig & Wolpin 1986,
Philippines; Rosenzweig & Zhang 2009, China). Given the institutional and demographic
differences across regions, empirical results from our analysis shall provide important
evidence on the relevance of family planning policies in the context of the US economy.
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2.3 Sources of exogenous variation in family size — Instrumental variables

Family size can be endogenously determined by unobserved parental (or family)
characteristics that may also affect child outcomes. Empirical research in recent family size
literature has used twin births and parental preference for a mixed sex composition of their
children as two sources of exogenous variations in family size to estimate causal effects (a
few examples include Angrist, et al. 2010; Black, et al. 2005; De Haan 2010). Rosenzweig
and Wolpin (1980) are the first to use twin births as a natural experiment for exogenous
increase in family size. Angrist and Evans (1998) considered sex composition of children
born earlier in a family as an important determining factor for sibling size. They argued that
parents with children of the same sex are more likely to have an additional child in order to
have a mixed sex-composition of their children. An important consideration for the validity

of their instrumental variable is that children’s sex is randomly determined.

It is important to note however, that family size interventions generated by the two
IV’s differ in nature. Hence, average causal effects of family size are likely to vary across IV
regressions (see details in Angrist et al. 2010). For example, Black et al. (2005) find a
significant negative relationship between family size and male IQ scores when they use twin
birth as an IV, but they do not find any effect when family size is instrumented by an IV
based on older siblings’ sex composition. In general, multiple sources of exogenous
variations allow researchers to check for consistency of their findings and compare family

size effects across alternative model specifications.

3. Data

3.1 The NLSY sample

We match mother’s data from the original NLSY 79 cohort with their children from the Child

and Young Adult Surveys (NLSY CYA). Children in NLSY CYA have been surveyed



biennially from 1986 to 2012. To prepare our sample for empirical analysis, first, we consider
families with at least two children (Angrist et al. 2010; Black et al. 2005). Since we are
interested in looking at the family size effects on children’s health, we restrict our sample to
children aged from 2 to 17. Our explanatory variable is the number of members in a child’s
household who are aged under 18 (non-adult household members). Next, we restrict our
regression sample to children who reside with both their parents to study family size effects

in regular households.4

Further, height and weight information reported by children and their mothers may
suffer from reporting errors, which can bias our regression coefficients (Cawley et al. 2015).
Overweight people often tend to under-report their weight and underweight people are likely
to over-report their weight. In order to minimize reporting errors and construct more accurate
health measures, we restrict our samples to objective measurements (scale and tape-measured
information) rather than relying on self-reported data.s The above corrections limit our data to
7342 observations. We provide descriptive information of the variables used in our regression

analysis in Table 1 below.

4 NLSY CYA includes information on child’s usual residence and whether child’s father lives in her/ his
household. We also perform regressions using an unrestricted child sample that includes all children who reside
with their mothers, while their fathers’ presence in households may vary (due to various reasons such as
mother’s marital status or parents’ occupational choices). Controlling for mother’s marital status in regressions
using unrestricted child sample, regressions results are consistent with our main findings.

5 See Appendix A.4 for the specific NLSY CYA questions that were used to identify the samples.
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Table 1

Descriptive information of regression sample from NLSY’s (1986-2012)

Variables Mean/Proportion (SD)
Child characteristics

Body Mass Index (BMI) 18.083 (5.675)
Underweight 0.114 (0.318)
Overweight 0.277 (0.448)
Obese 0.140 (0.347)
Incidence of child illness 0.339 (0.474)
Sibling relationship 3.291 (0.683)
Household Size (under 18 years) 2.712 (1.100)
Hispanic 0.199 (0.399)
White 0.613 (0.487)
Females 0.491 (0.500)
Age 8.460 (3.366)
Weight at birth (in ounces) 120.085 (23.962)
Mother Characteristics

Highest grade completed (HGCM) 13.364 (2.641)
AFQT Scores 48466.200 (28772.720)
Rotter Scale 8.632 (2.361)
Body Mass Index 26.666 (6.036)
Age at child birth 28.057 (4.705)
Age 36.544 (4.723)
Family and birth-order characteristics

Poverty status 0.117 (0.321)
First child 0.323 (0.467)
Second child 0.382 (0.486)
Third child 0.192 (0.394)
Fourth child 0.066 (0.248)
Fifth child + 0.038 (0.191)
IV information

Family with twins (later births) 0.004 (0.062)
First two children of same sex 0.461 (0.499)
First two children are girls 0.220 (0.414)
First two children are boys 0.242 (0.428)
Number of families (pooled regression) 1540
Number of children (pooled regression) 3052
Pooled regression sample size 7342
Twin IV regression sample size 7057

Sex ratio IV sample size (first child) 2369

Sex ratio IV sample size (first two children) 5177

Note: The mean (standard deviation) of the variables used in regression analyses are based on mother-child
sample used in pooled regression analyses. The summary statistics of the variables in our IV regression samples
are similar. The IV information in the above table are with respect to respective samples used. The proportions
of same-sex children (same sex, both girls, and both boys) are based on child sample of first two children of
families with at least two children. The mean value of HGCM represents that on average, mothers have a little
over one year of college education. Sibling relationship is a categorical variable coded 1-4 (a rating of 1
represents poor relationship and rating 4 implies excellent relationship). The mean value of the variable
(approximately equal to 3) implies that on average, children have very good relationship with their siblings (as
reported by mothers).
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We compute children’s BMI using their height and weight measures (in inches and
pounds). We use the estimated BMI to construct our indicators of child health outcomes. We
refer to the age and sex-specific BMI-for-age distribution from 2000 CDC Growth Charts for
the United States (CDC, 2000) to construct three binary indicators for being overweight,
obese, and underweight. The construction of our binary health indicators is similar to the
approach employed by Cawley, Moran, and Simon (2010) and Cawley, Frisvold, and
Meyerhoefer (2013). In Table 1, we find that the average child BMI is 18. 28 percent of the
sample are overweight and 14 percent are obese. Further, 11 percent of the sample are

underweight.

In our cross-sectional regression analysis, we control for a number of relevant child,
mother, and family-specific characteristics. Child-specific controls include information on
birth weight (in pounds), age, sex, race, and ethnicity. Children’s average birth weight is
close to 8 pounds. While 61 percent of our sample are Whites, 20 percent belong to Hispanic

ethnicity.

We include mothers’ information on highest grade completed, Armed Forces
Qualification Test raw scores (AFQT scores), and scores on Rotter’s scale (locus of control
measure) to control for mothers’ academic achievement, cognitive ability, and non-cognitive
characteristics, respectively. On average, mothers in our regression sample have completed at
least one year of college education (mean value equal to 13) and tend to have childbirth at the
age of 28. Finally, approximately 12 percent of our sample are reported to be living in

poverty.

4. Cross-sectional analysis

4.1 IV regression strategy

In our cross-sectional regression analysis, we estimate both pooled and IV regressions
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for our health outcomes. The IV regression model (Black et al. 2005) is represented by-
Yi = Bo+ B1 HHSIZE: + Xif2 + si (1)
HHSIZEi = a0+ a1Zi + Xiaz + vi (2)

where Yirepresents child i’s health outcome (BMI and indicators for being overweight, obese,
and underweight). HHSIZE: is the explanatory variable given by number children (aged under
18) in i’s household. X; is a vector of child, mother, and family controls related to child i. f:

captures child health effects of changes in household size.

First, we estimate equation (1) and perform ordinary least squares regression (OLS)
for BMI (continuous measure) and probit regressions for the three binary health indicators. In
equation (2), we describe our first stage of the IV regression analysis, where Ziis the
instrumental variable for household size. In regression analysis using twin births as an
instrumental variable, Z;is a dummy variable that equals 1 for child i belonging to household
that currently (at the time of survey) has twins. In regression analyses where we use sibling
sex composition as a source of exogenous variation in family size, Z;: is a binary indicator for

whether the first two siblings in ’s family are of the same sex.

Twin births at later parities (twin IV) and sex composition of the first two siblings
(same-sex siblings IV) are more likely to generate exogenous changes in family size for the
older children (especially for the first two children) in the family. To ensure precision of our
IV regression estimates of family size effects, we incorporate some further modifications in
our I'V regression samples. In families with twin births, we restrict our sample to children
born prior to the twins for our twin IV regression analysis (Juhn et al. 2015). Therefore, the
twin IV regression analysis compares older siblings born prior to twins to children in non-

twin families.
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In models where we use same-sex siblings IV, we perform separate regressions using
samples of first-born children and first two children. Causal effects of family size in the
sample of first-born children is given by the the difference between health outcomes of the
first-born children in- same-sex siblings’ families and families where the first two children
are of different sex (Angrist et al. 2010; Black et al. 2005; De Haan 2010). Further, to check
for consistency in our results, we perform similar analysis for the sample of first two

children.

Past studies have shown that it is important to control for birth-order effects in family
size research (Hanushek 1992). However, there is ambiguity in the literature whether birth
order has a favorable impact on child well-being and development. While some papers argue
that later-born children might benefit from parents’ child-rearing experiences, others suggest
that children born earlier have access to a greater share of parental endowments (Booth &
Kee 2009). Following these arguments, we additionally control for children’s birth order
using dummies for the second child, the third child, the fourth child and for the fifth (or
more) child in our regressions. The first child is the excluded category. The standard errors of
our regression estimates are corrected for clustering at the child level. In our IV regression
analyses, we estimate a two-stage least squares (2-SLS) model for BMI and probit

regressions in the second stage for the binary health indicators.

4.2 1V regression samples

In NLSY CYA data, twin births are rare events. In the overall NLSY CYA sample, there are
39 families where twins are born at the second birth parity (the second child and the third
child are twins), 21 families where twins are born at the third parity, 11 families with twins at
the fourth parity, 7 families with twins at fifth parity, 3 families with twins at the sixth parity,

and 1 family with twins at the seventh parity. In our relevant twin IV sample, only 0.4 percent
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of the observations are related to twin families (see Table 1). One of the potential limitations
of using twin IV is that the limited number of observations may restrict our ability to
precisely estimate the family size effects on child health. With respect to same-sex siblings
IV regression sample (sample of first two children), in over 46 percent of our sample, the first
two children are of the same sex. In 22 percent of the same sample, the first two children are

girls (see Table 1).

5. Probit/OLS and IV regression Analysis

5.1 BMI and child body weight indicators

In Table 2 below, we report OLS and IV (2-SLS) regression estimates of the impact of
household sizes on children’s BMI. Our OLS regression result suggests that an increase in
household size has a strongly significant and negative association with child BMI. More
specifically, increase in household size by an additional member is related to a decrease in a
child’s BMI by 0.2 units (column 1). Further, children’s birth weight has a positive and
significant association with future BMI. We do not find any significant relationship between
household size and BMI when we allow for exogenous changes in household size using twin
births and same-sex siblings as [V’s. Household size and BMI are negatively related when
exogenous variation in family size is triggered by twin births. In regressions using same-sex
sibling IV, household size and BMI are positively related in both the samples of first children

(column 3) and first two children (column 4).

6 For our cross-sectional regression analysis, based on the specific NLSY CY A information, we are able to look
at the effects of child’s household size (rather than family size). Hence, to describe our results in Section 5, we
will be using the term ‘household size’ instead of ‘family size’. The effects of family size variations are captured
in section 6.
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Table 2

Relationship between household size and body mass index (BMI)

OLS Twin IV Sex ratio IV
First child  Two children
@) 2) A3) “4)
BMI
Household size (<18 years) -0.234"" -0.305 0.499 0.793
(0.081) (0.747) (1.936) (1.367)
Birth weight 0.012""  0.013™ 0.014™" 0.010™
(0.003) (0.004) (0.006) (0.004)
2™ child 0.074 0.072 -0.115
(0.176) 0.242 (0.325)
31 child 0.437" 0.534
(0.252) 0.686
4™ child 0.996" 1.248
(0.488) (1.236)
5™ child + 0.775 0.867
(0.484) (1.847)
First stage coefficients 1.067°" 0.141™" 0.125™"
(0.246) (0.047) (0.034)
Partial F-statistic first stage 71.88 21.08 26.15
Sample size 7342 7057 2369 5177

*p=0.10 “p=0.05 ** p=0.01

Note: We report linear regression coefficients in the above table. We estimate two-stage least squares
models for our IV regression analysis. Standard errors are corrected for clustering at the child level
and are provided in parentheses. Child controls include information on birth weight (in ounce), age,
sex, race, and birth order. Mother controls include BMI, AFQT scores, Rotter’s scale, highest grade
completed, and current age. Family control includes family’s poverty status. The mother-child
matched regression sample includes children who reside with both their parents. In column (3), we
perform IV regression analysis (sex ratio) using a sample of first-born children, and in column (4) we
use a sample of first two children.

The first stage regression coefficients in Table 2 are strongly significant for both the
IV’s. Twin birth leads to an increase in household size by more than one child (column 2).
The first-stage regression coefficient on twin IV is within the range of estimates found in
recent literature. Regression coefficient on twin IV in Juhn et al.’s (2015) study is 1.8 (NLSY
CYA data), and De Haan’s (2010) first-stage regression coefficient equals 0.9 (Wisconsin
Longitudinal Study data). Our first stage regression coefficients on same-sex siblings IV are

marginally higher than estimates found in recent studies (coefficients in studies by Angrist et
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al. 2010, Black et al. 2005, and De Haan 2010 vary in the range 0.07-0.11). In the sample of
first-born children, our point estimate is 0.14 (column 3) and in the sample of first two
children, the point estimate equals 0.13 (column 4). However, the 95 percent confidence
intervals around our point estimates in the two samples ([0.05, 0.23] for column 3 estimate
and [0.06, 0.19] for column 4 estimate) are in the range of coefficient values obtained in
previous studies that employ same-sex IV for exogenous changes in family size. Validity of

both the IV’s is further supported by large F-values in the first stage regressions.

BMI threshold for having a healthy body weight varies by child’s age. So next, we
provide relatively more specific evidences on child health outcomes of family size variations.
In Table 3, we report estimated marginal effects from pooled probit and IV regressions with
respect to indicators for being overweight and obese. Probit regression results suggest that
increase in household size by an additional member is associated with a decrease in the
probability of being overweight and in the probability of being obese by approximately 2
percentage points (column 1). The effects are statistically significant at the conventional
levels. However, although household size appears to be negatively related to the likelihood of
having excess body weight in the IV regressions (columns 2-4), the marginal effects are not
statistically significant. Further, child’s birth weight has significant positive association with

the likelihood of having excess body weight (in almost all our regression models).

Next, in Table 4, we report marginal effects from the regression analysis using binary
indicator of being underweight as child health outcome. Household size does not have any
effect on the probability of being underweight (columns 1-4). Further, child’s birth weight
has a statistically significant negative association with the likelihood of being underweight.
Overall, we do not find particularly significant birth order effects on child outcomes in our

regression models.
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Table 3

Relationship between household size and likelihood of having excess body weight

Probit Twin IV Sex ratio IV
First child  Two children
© ® 3) @)
Overweight
Household size (<18 years)  -0.015" -0.004 -0.172 -0.093
(0.007) (0.085) (0.144) (0.121)
Birth weight 0.0017" 0.001" 0.002" 0.001
(0.000) (0.000) (0.001) (0.000)
2" child -0.001 -0.004 0.010
(0.018) (0.025) (0.030)
31 child 0.024 0.015
(0.023) (0.076)
4™ child 0.042 0.041
(0.033) (0.135)
5% child + 0.049 0.025
(0.042) (0.208)
Obese
Household size (<18 years)  -0.017"" -0.046 -0.066 -0.025
(0.005) (0.050) (0.136) (0.135)
Birth weight 0.001" 0.000° 0.001° 0.000
(0.000) (0.000) (0.000) (0.000)
274 child 0.003 0.010 0.001
(0.014) (0.018) (0.024)
31 child 0.034° 0.061
(0.019) (0.046)
4™ child 0.040 0.096
(0.025) (0.081)
5% child + 0.059 0.136
(0.033) (0.124)
First stage coefficients 1.067°* 0.1417" 0.125™"
(0.246) (0.047) (0.034)
Partial F-statistic first stage 71.88 21.08 26.15
Sample size 7342 7057 2369 5177

*p=0.10 **p=0.05 ** p=0.01

Note: We report marginal effects from our probit regressions in the above table. In IV regression
analysis, we estimate probit regressions in the second stage. Standard errors are corrected for
clustering at the child level and are provided in parentheses. Child controls include information on
birth weight (in ounce), age, sex, race, ethnicity, and birth order. Mother controls include BMI, AFQT
scores, Rotter’s scale, highest grade completed, and current age. Family control includes family’s
poverty status. The mother-child matched regression sample includes children who reside with both
their parents. In column (3), we perform IV regression analysis (sex ratio) using a sample of first-born
children, and in column (4) we use a sample of first two children.
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Table 4

Relationship between household size and likelihood of being underweight

Probit Twin IV Sex ratio IV
First child  Two children
(1) (2) 3) (4)
Underweight
Household size (<18 0.003 0.037 -0.034 0.008
years) (0.005) (0.061) (0.112) (0.108)
Birth weight -0.001™  -0.001"" -0.001™ -0.001™"
(0.000) (0.000) (0.000) (0.000)
2™ child -0.006 -0.011 -0.007
(0.011) (0.018) (0.019)
3 child -0.000 -0.026
(0.014) (0.054)
4™ child -0.013 -0.078
0.020 (0.098)
5t child + -0.022 -0.096
(0.027) (0.150)
First stage coefficients 1.067°*" 0.1417* 0.125™"
(0.246) (0.047) (0.034)
Partial F-statistic first 71.88 21.08 26.15
stage
Sample size 7342 7057 2369 5177

*p=0.10 “p=0.05 " p=0.01

Note: We report marginal effects from our probit regressions in the above table. In IV regression
analysis, we estimate probit regressions in the second stage. Standard errors are corrected for
clustering at the child level and are provided in parentheses. Child controls include information on
birth weight (in ounce), age, sex, race, ethnicity, and birth order. Mother controls include BMI,
AFQT scores, Rotter’s scale, highest grade completed, and current age. Family control includes
family’s poverty status. The mother-child matched regression sample includes children who reside
with both their parents. In column (3), we perform IV regression analysis (sex ratio) using a
sample of first-born children, and in column (4) we use a sample of first two children.

To summarize, our pooled probit regression analysis shows that increase in household
size by an additional young member decreases the likelihood of being overweight or obese
with no effect on the probability of being underweight. However, controlling for endogeneity
in household size, there is no significant relationship between change in number of children
in a household and child health outcomes. Further, differences in marginal effects across IV
regression models are potentially due to differences in exogenous variations generated by the

two [V’s (Black et al. 2005) and variations in child samples used in the analyses. The
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insignificant IV regression results do not provide any empirical evidence in support of the

quantity-quality trade-off theory.

5.2 Additional measures of child health-related outcomes

The results discussed in the previous section indicate that certain health benefits of having an
additional child member can potentially mitigate the effect of an increase in shadow price of
child quality. Next, we consider some additional health-related measures that are likely to be
associated with children’s health outcomes studied in the previous section. In particular, we
draw information on- a) child’s relationship with her siblings (rated by mother), and b)
whether child had illness that required medical attention in the year prior to survey (reported
by mother). The details on the particular NLSY information used in the analysis are reported
in Appendix Table A.2. Strong sibling bonds and emotional ties have positive influence on
children’s well-being (Newman 1996; McHale et al. 2012). In addition, estimating
relationship between household size and incidence of child illness shall provide useful
evidence into validity of the hygiene theory. First, we utilize our data to see age-specific
trends in incidence of child illness across households with different sibling size and present

our findings in Figure 1 below.
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Figure 1

Age-specific trends in incidence of child illness by sibling size

5
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Note: The above graph compares proportion of first-born children falling ill (that requires medical
attention) in the year prior to survey (as reported by mothers) in households with two or more
siblings with proportion of children falling ill in the year prior to survey in one-child households.

In Figure 1, we compare children with no siblings with first-born children in households
with two or more siblings. We find that in both the household types, children are more likely
to fall ill during the early childhood years followed by a declining trend in the incidence of
illness. However interestingly, we find that after reaching a maximum, the trend in incidence
of illness for children with at least one sibling consistently lies below the line representing
trend for children with no sibling, until the age of 17. The observed trends in incidence of

illness support the hygiene theory.

Table 5 below presents our regression results for the two additional health-related
outcomes. OLS and 2-SLS regressions with respect to sibling relationships show that an
addition of a young member in the household leads to a significant improvement in child’s
relationship with his/her siblings. Consistent with previous family size literature, IV
regression estimates are larger than OLS coefficients. We estimate probit regressions for
binary indicator for whether child was ill in the period prior to survey in our pooled
regression. The marginal effect in column 1 is negative and statistically significant at the 1
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percent level. In particular, in pooled regression, increase in household size by an additional
member is associated with a decline in the probability of falling ill by 3 percentage points.
However, marginal effects from IV regressions indicate that household size does not have
any significant effect on the probability of falling ill. Overall, Table 5 results indicate that

increase in household size may have some positive influences on children’s well-being.

Table 5

Effects of household size on additional child outcomes

OLS/ Twin IV Sex ratio IV
Probit
First child  Two children
1) (2) 3) (4)

Sibling relationship
Household size (<18 0.047"" 0.238" 0.484™ 0.343"
years) (0.011) (0.132) (0.229) (0.158)
Sample size 6611 6399 2384 4892
Child Illness
Household size (<18 -0.032™" 0.071 -0.033 -0.001
years) (0.006) (0.084) (0.140) (0.089)
Sample size 12501 12020 4131 8888

*p=0.10 p=0.05 " p=0.01

Note: We report linear regression coefficients (from OLS/ 2-SLS)/ marginal effects (from Probit/ IV Probit) in
the above table. Standard errors are corrected for clustering at the child level and are provided in parentheses.
Child controls include information on birth weight (in ounce), age, sex, race, ethnicity, and birth order. Mother
controls include BMI, AFQT scores, Rotter’s scale, highest grade completed, and current age. Family control
includes family’s poverty status. The mother-child matched regression sample includes children who reside with
both their parents. In column (3), we perform IV regression analysis (sex ratio) using a sample of first-born
children, and in column (4) we use a sample of first two children.

6. Child Fixed Effects Regression Analysis

Recent family size literature has discussed the possibility that both the IV’s may suffer from
omitted variable biases. However, performing additional empirical tests, Angrist et al. (2010)
and De Haan (2010) do not find evidence against the exclusion restriction assumption of the
two IV’s. In particular, it is argued that closely spaced younger siblings tend to receive a
larger share of parental attention. Hence, twin births may adversely affect older siblings’

outcomes (see Angrist et al. 2010; Black et al. 2005). On the other hand, children’s sex
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composition is likely to be associated with economies of scale (such as sharing of room,
clothes, and other resources among same sex siblings) (Rosenzweig & Zhang 2009; Angrist
et al. 2010). Hence, before reaching to a specific conclusion regarding the child health effects
of family size, we correct for some empirical concerns in our cross-sectional regression
analysis by controlling for unobserved time-invariant child-specific characteristics that may

potentially bias our results discussed in the previous section.

6.1 Health effects of arrival of younger siblings

Effects of increase in family size in large families may differ from effects of having an
additional member in a small family. However, in addition to empirical concerns discussed in
the previous section, the cross-sectional regression analysis does not address this potential
selection issue. Further, in our IV regression analysis, we use NLSY’s information on
children’s household size as our explanatory variable, which may include members who are
not a part of a children’s immediate family. Hence, we may not be able to capture the true

effect of change in a child’s family size in our IV regressions.

To study the family size effects more accurately, we utilize the longitudinal format of
the NLSY CYA child samples to perform child fixed effects regression analysis. The fixed
effects regressions control for child-specific time-invariant effects that may be correlated
with family size and also affect child health outcomes. Our empirical approach is similar to
the strategy adopted by Juhn et al. (2015). More specifically, we study how birth of a younger

sibling affects older children’s health outcomes. The fixed effects model is

Yiit = yo + y11.{after}i + Hityz + ai + uije (3)

where Yji is the health outcome of child 7 with a younger sibling j (i’s immediate next
sibling) at time ¢, Hir is a vector of time-varying controls. a; represents child fixed effects. The

sample for estimation of equation (3) includes children whose mothers gave birth to at least
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one younger sibling during the study period. 1.{after};i:is an indicator for arrival of a younger
sibling j. The variable is constructed by matching birth year of younger sibling j with NLSY
CYA survey years and equals 1 for survey years greater than equal to j’s birth year. y;

captures the impact of having an additional sibling on children’s health outcome.

Table 6 below reports our linear fixed effects regression estimates of impact of birth
of a younger sibling on older sibling’s body weight outcomes. We find that arrival of a
younger sibling does not have any statistically significant effect on child BMI and the
likelihood of having extreme body weight (being underweight or obese) (columns 1, 5, and
7). However, having a younger sibling leads to a decline in child’s probability of being
overweight by 4 percentage points (column 3). This effect is statistically significant at the 10
percent level. Additionally, we estimate short-term and long-term impacts of birth of a
younger sibling on children’s body weight indicators. To perform our analysis, we estimate a
model similar to equation (3) and include two binary indicators to capture a short-term effect
(for 0 to 3 years after younger sibling j is born in child i’s family) and a long-term effect (for
3+ years). Our results in Table 6 suggest that arrival of a younger sibling is negatively related
to- child BMI and the likelihood of having excess body weight both in the short-term and in
the long-term. However, we find statistically significant effects only for the coefficients

related to the overweight indicator (column 4).
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Table 6

Effects of birth of a younger sibling on child health using children’s fixed effects

Note: Linear child fixed effect regression coefficients are reported in the above table. Standard errors are corrected for clustering at
the child level and reported in parentheses. The models control for time-varying characteristics including child age, mother’s age,
mother’s BMI, and family’s poverty status. The above regression analyses include 10611 observations. Performing OLS regressions
to study the impact of arrival of a younger sibling on child health outcomes, we find that regression estimates are lower than the
fixed effects regression estimates for all the outcomes, although the nature of relationship is consistent. OLS regression results are

BMI Overweight Obese Underweight
) 2) Q) “4) (©) (6) (7
After birth of -0.343 -0.044 -0.017 -0.001
younger sibling  (0.308) (0.024) (0.020) (0.020)
Short-term (0-3 -0.338 -0.043" -0.016
years) (0.3006) (0.024) (0.019)
Long-term (3+ -0.357 -0.048" -0.021
years) (0.346) (0.027) (0.022)
p=0.10 "p=0.05 "~ p=0.01

available upon request.

In addition to the above analysis, we estimate equation (3) to study the effects of how
birth of a younger sibling affects child’s relationship with his/her siblings and the likelihood
of falling ill. The linear child fixed effects regression coefficients are presented in Table 7
below. Controlling for unobserved time-invariant child characeristics, regression estimates
suggest that while arrival of a younger sibling does not have any effect of child’s relationship
with his/her siblings, the same leads to a siginficant (at the 1 percent level) decline in the
probability of falling ill by 5 percentage points (column 3). For both the outcomes, the long-
term effects appear to be larger in absolute terms than the respective short-term effects. The
regression results with respect to additional child outcomes differ from our findings in the IV
regression analyses. In particular, we find that child relationship with siblings worsens in the
long-run upon arrival of a younger sibling (column 2). However, it is important to note the
difference between the two analyses. The child fixed effects regressions capture the effect of
change in the size of immediate family (sibling size), while our IV regressions analyze the
effect of changes in overall household size and may also suffer from omitted variable biases

as discussed earlier. Performing OLS with the same set of right-hand side variables (as used
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in equation 3) indicate that unobserved child-specific characteristics that determine sibling

bond are inversely correlated with family size.

Table 7

Relationship between younger sibling’s birth and additional child outcomes using
children’s fixed effects

Sibling relationship Child illness
H @ G @

After birth of -0.084 -0.049
younger sibling  (0.069) (0.016)
Short-term (0-3 -0.070 -0.0477"
years) (0.070) (0.016)
Long-term (3+ -0.141° -0.054™
years) (0.074) (0.018)
Sample size 7554 7554 19597 19597

p=0.10 “p=0.05 ***p=0.01
Note: Linear child fixed effect regression coefficients are reported in the
above table. Standard errors are corrected for clustering at the child level
and reported in parentheses. The models control for time-varying
characteristics including child age, mother’s age, mother’s BMI, and
family’s poverty status.

6.2 Child Health Outcomes across Successive Sibling Births

The NLSY child sample allows us to capture changes in child health outcomes across
successive births of younger siblings. In particular, we modify equation (3) by introducing

multiple indicators for successive births of younger siblings. The estimated model is

represented by-

N
Yijt = po + Z Ajl. {after}it + Hitp1 + ai + eijt 4)

j=it1

In equation (4), for each child i we capture variations in i ’s health outcomes generated
by births of i+ up to the N child (N being the total number of i’s younger siblings captured
in the study period for each family). For example, for a first-born child, equation (4) will
estimate the effects of birth of the second child up to the M sibling on the first-born child’s

health outcome. Each 1.{after}: is a 0-1 binary indicator that equals 1 from the time of
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arrival of a younger sibling till the next sibling is born. u;’s are the estimates of the effects of
birth of younger siblings. Since equation (4) is a modified version of equation (3), variables
Yijr, Hir,and a; have similar interpretations. We report our estimated linear fixed effects
regression coefficients in Table 8 below. Given our sample size, we are able to capture

effects of an increase in family size for up to birth of the sixth younger sibling.

Table 8

Effects of birth of additional siblings on older children’s health outcomes

BMI  Overweight Obese Underweight

Arrival of younger (1) 2) 3) 4)

sibling at

First parity -0.326 -0.044" -0.016 0.001
(0.308) (0.024) (0.019) (0.020)

Second parity -0.750 -0.043 -0.043" 0.021
(0.527) (0.034) (0.027) (0.029)

Third parity -0.517 -0.008 -0.014 0.029
(0.512) (0.050) (0.036) (0.043)

Fourth parity -0.915 -0.038 -0.051 0.009

(0.769)  (0.070)  (0.075)  (0.054)
Fifth parity -3.25177 -0.325™7 -0.294™ 0.070°

(0.915)  (0.141)  (0.124)  (0.041)
Sixth parity -0.971 -0.229 -0.175™ 0.137°"

(1.441)  (0.318)  (0.089)  (0.042)
*p=0.10 “p=0.05 ** p=0.01
Note: Linear child fixed effect regression coefficients are reported in the above
table. Standard errors are corrected for clustering at the child level and reported in
parentheses. The models control for time-varying characteristics including child age,
mother’s age, mother’s BMI, and family’s poverty status. The results are consistent

when we perform regressions using sample of first-born children only. The above
regression analyses include 10611 observations.

Regression coefficients in Table 8 indicate that arrival of a younger sibling at higher
parities (fifth and sixth parity) leads to a significant decline in the probability of obesity
(column 3). Due to limited sample size for siblings born at later birth parities, we observe
wide confidence intervals for younger siblings at the fifth and the sixth parity. Arrival of
younger siblings at higher birth parities (fifth and sixth parity) is also positively related to the
likelihood of being underweight (column 4). The effects are statistically significant at the 10
percent level for younger sibling at the fifth parity and at the 1 percent level at the sixth birth
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parity. Our results indicate that in general, increase in family size is negatively related to
child’s body weight (the BMI results are reported in column 1). We do not find strong
evidence of a quantity-quality trade-off when children have younger siblings at lower
parities. However, the significant family size effects observed at later birth parities suggest
that changes in allocation of parental resources may become more profound in households

with large sibship size.

Estimation of regression models by controlling for unobserved child fixed effects
allows us to use an alternative empirical approach to check for consistency of our findings in
cross-sectional analysis. Further, we gain some deeper understanding of family size and child
health relationship by capturing health outcomes across births of younger siblings. A possible
threat to identification of effects of increase in family size on child health is that child health
outcomes may affect parental decisions to have additional childbirth. In Appendix A.2, we
address this empirical concern by performing an event study similar to Juhn et al.’s (2012)
study to test the presence of reverse causality. We do not find any evidence with regard to

endogenous changes in family size.

7. Conclusion

In general, our analysis suggests that increase in family size does not have any
negative relationship with child health quality as predicted by the quantity-quality trade-off
model. Our results, with respect to overweight and obesity indicators, are largely consistent

with previous findings in the related literature.

Further, we provide additional evidence in this paper to gain understanding of
potential mechanisms that can explain a non-negative relationship between child quantity and
health quality. Although our cross-sectional regression results differ from panel regression

estimates with regard to additional child health outcomes, we do find some evidence that are
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indicative of potential health benefits that a child can gain from having additional young
members in the family. However, it is important to note that our analysis does provide little
evidence of negative health effects of having an additional child in large families. In
particular, our fixed effects regression analysis shows that increase in shadow price of child
quality induced by arrival of younger sibling at higher parities may be a dominating factor in

determining child health.

Based on previous literature related to family size effects, our analysis shows that
children’s cognitive outcomes and health outcomes are likely to respond differently to
changes in family size. Further, parental investments in child-rearing process are not only
affected by changes in family size, but it may also vary by parental priorities assigned to
different aspects of child development. It is plausible that child health receives higher degrees
of parental importance than academic development during the early stages of childhood.
Hence, an exogenous increase in family size is likely to have smaller and insignificant impact

on child health compared to cognitive outcomes.
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Appendix
A.1 Quantity-Quality trade-off model of child health

Millimet and Wang (2011) presented a simplified extension of Becker and Tomes’s (1976)
quantity-quality trade-off model to include health inputs and health endowment as inputs of
child quality. Households’ objective is to maximize their utility U given by the function U =
U (n, g, c), where n represents the quantity of children, g represents children’s quality, and ¢
is consumption. Further, ¢ is a function of market-based health inputs w and children’s health
endowment 6. In particular, child quality is given by the production function g = ¢ (w, 6).
Child quality is positively related to both the inputs w and 6 (qw >0 and go >0). Millimet and
Wang (2011) also include children’s sex-ratio in their model assuming that more number
children of the same sex can be provide certain cost advantages to households (such as
sharing rooms, clothes and other resources). However, to provide a basic understanding of the

quantity-quality trade-off, we do not require to account for sex-ratio in the main model.

Households maximize their utility subject to a budget constraint given by:

c.p. + np, + wn.p, =1 (la)

where / denotes household income, pcis the unit price of consumption, p» is the cost per child

and pwrepresents price of market purchased health inputs. The equilibrium condition is:

aUu

%_ /1}95 Anc

aUu Pw

—_— = = A 2
a0~ Yagaw = e (29)
aUu

%z A(wpy + pr) = Am,

In the above equations 7c, g, and 7 are the shadow prices of consumption, child

quality, and child quantity respectively. The equilibrium condition suggests that an
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exogenous increase in number of children increases the shadow price of child quality and an
increase in child quality increases the shadow price of child quantity. In other words, it is
costlier for parents to increase or ensure a high child quality if there are a large number of
children in the household and it is costlier to have more children if child quality is high. The
interaction between quantity and quality yields a trade-off. However, it is important to note
that the quantity-quality trade-off model does not account for positive health externalities that

are likely to be associated with increase in family size as discussed by the hygiene theory.
A.2 Event Study — Test for endogenous changes in family Size

Children’s health outcomes may affect their parental decision to have additional childbirth.
For example, healthy children may provide incentives for parents to have additional children.
This may lead to reverse causality concerns that may bias our fixed effects regression
coefficients. Hence, using the children’s birth date information, we perform an event study to

see if there is any evidence of endogenous birth timing (Juhn et al. 2013). We estimate-

Yit = 80+ Z 8,TF, Zs T +Xeb2+ai+ e  (3a)

r=—4

where 77« is a dummy variable that equals 1 for year # when ¢ is  years relative to the year of
birth of the next younger sibling. Given our sample size, for anticipatory effects, we create
dummies for up to 4 years prior to a younger sibling’s birth year and for post-treatment
effects (where childbirth is the treatment), we create dummies for up to 5 years after the
younger sibling’s birth keeping the birth year as the excluded category. Regression results of
our event study are reported in Table A.1. We find no evidence of significant change in older
children’s health outcomes leading up to a younger sibling’s birth. Further, F-values for the
overall significance of our leads do not provide any empirical evidence on a reverse causality

between child outcomes and parental decisions to have an additional child.
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Table A.1
Event study to explore trends in children’s body weight before and after birth of an
additional sibling birth

BMI Underweight Overweight  Obese

Year relative to younger (1) 2) 3) 4)
sibling’s birth
4+ years before 0.755 -0.006 -0.029 0.059
(0.622) (0.049) (0.057) (0.051)
3 years before 0.573 0.002 0.010 0.034
(0.692) (0.051) (0.061) (0.051)
2 years before -0.255 -0.061" -0.063 -0.027
(0.482) (0.033) (0.048) (0.043)
1 year before -0.070 -0.001 -0.025 -0.020
(0.611) (0.045) (0.052) (0.041)
1 year after -0.715 -0.001 -0.043 -0.002
(0.545) (0.037) (0.040) (0.030)
2 years after -1.153 -0.005 -0.071°" -0.017
(0.566) (0.031) (0.032) (0.024)
3 years after -1.361°" -0.009 -0.061° -0.020
(0.536) (0.033) (0.037) (0.027)
4 years after -1.617° -0.014 -0.049 -0.025
(0.589) (0.030) (0.033) (0.025)
5+ years after -1.416™ -0.008 -0.071°" -0.022
(0.534) (0.029) (0.035) (0.026)
F of Sieadi + Olead2t Sleads+ F=0.24 F=0.24 F=0.48 F=0.26
Oleads = 0 p=0.63 p=0.62 p=0.49 p=0.61

p=0.10 "p=0.05 " p=0.01

Note: Linear child fixed effect regression coefficients are reported in the above table. Standard
errors are corrected for clustering at the child level and reported in parentheses. The models
control for time-varying characteristics including child age, mother’s age, mother’s BMI, and
family’s poverty status. The sample contains 11131 observations.
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Table A.2

Additional NLSY information used in the analysis

NLSY Question

Purpose

Response coding

-Does Father of Child (Living in
HH) live in this Household?
-Usual Residence of Child.
-Health: How was weight
reported — Scale Measure or
Mother Report?

-Health: How was height
reported — Tape Measure or
Mother Report?

-Health: Has child had any illness
that required medical attention?
(Mother’s report)

-Mother’s rating of child’s
relationship with siblings.

Selection of regression sample

Selection of regression sample.

To estimate accurate BMI
measures and bodyweight
indicators.

To estimate accurate BMI
measures and bodyweight
indicators.

For figure 1 and analysis
involving additional child
outcomes.

For analysis involving
additional child outcomes.

—_—

—_—

—

:Yes

: ‘In household of mother’
: Scale Measurement

: Tape Measurement

: No

:Yes

: Excellent. 3: Good, 2: Fair,
: Poor
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