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Abstract

This dissertation presents three essays on topics in development economics.
Drawing on rich longitudinal data as well as measures of cognitive skills adapted from
cognitive neuroscience, the chapters focus on health and human capital through the life
course. The first essay isolates the causal impact of public health insurance on child
health, measured by height-for-age, by exploiting the roll-out of Seguro Popular, a large-
scale program that provides public health insurance to about half of Mexico’s
population. Drawing on insights from the biology of human linear growth and using
population-representative longitudinal data, we establish that Seguro Popular has had a
modest impact on child nutritional status. These effects were larger after the program
had been established for several years, suggesting that supply-side factors may have
been critical impediments. The second essay turns to the relationship between executive
function and labor market outcomes. This project describes how a widely used measure
of executive function with foundations in cognitive neuroscience was implemented as
part of a large-scale, population-representative survey in Indonesia. I find that higher
cognitive functioning is associated with rewards in the labor market, particularly for
women, and that executive function is related to labor force participation and the choice
between wage work and self-employment. Motivated by the importance of executive
function and human capital in later life, the third essay turns to the relationship between

parental executive functioning and child outcomes. I find that parental executive

iv



function is strongly related to child executive function, and that better parental executive
function is associated with better child nutritional outcomes, as measured by height-for-
age and weight-for-height. The relationship between parents” executive functioning and
child outcomes depends both on the gender of the child and whether the child is first
born or has older siblings. These results suggest that the relationships I observe between
parental executive functioning and child development are not simply genetic but reflect
parental choices and behaviors. Together, these chapters demonstrate the importance of
bringing the tools from cognitive neuroscience to economics to further examine the role
that specific cognitive skills like executive function play for success and well-being. They
also highlight the critical importance of the early childhood household and environment

for development, with long-lasting consequences for later life.
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1. Introduction

This dissertation presents three essays on topics in development economics, with
a particular focus on the common theme of health, human capital, and cognitive
functioning over the life course. The first essay investigates the impact of public health
insurance on child health. Public health insurance programs are being expanded across
the globe despite limited evidence regarding their impacts on population health.
Exploiting the roll-out of Seguro Popular, a large-scale program that provides public
health insurance to about half of Mexico’s population, this research isolates the causal
impact of the program on child health and nutrition, measured by height-for-age.
Drawing on insights from the biology of human linear growth during the first few years
of life, we use rich longitudinal population-representative data, the Mexican Family Life
Survey, in combination with administrative program data and establish that Seguro
Popular has had a modest impact on child nutritional status. Program effects in a
community are larger after the program has been established for several years,
suggesting supply-side factors may be critical impediments to fulfilling program goals.
The results have important implications for the design, roll-out, and evaluation of public
health programs. This chapter was co-authored with Gabriela Farfan, Maria Genoni,
Duncan Thomas, and Andrea Veldsquez. I am responsible for the writing,

programming, and analysis, as well as any errors, in this chapter.



The second essay turns to the relationship between executive function and labor
market outcomes. There is growing interest in the link between executive function and
economic success, but evidence is limited by the challenges of collecting population-
representative data on both cognitive function and labor market outcomes, particularly
on a large scale or in developing-country contexts. This research describes how a widely
used measure of executive function with foundations in cognitive neuroscience was
implemented as part of a large-scale, population-representative survey in Indonesia. The
results show that executive function is related to observable characteristics like
education and age, but even conditional on these, higher functioning is associated with
rewards in the labor market in terms of hourly wage and overall income, particularly for
women. In addition, men with better executive functioning are more likely to work for
pay at all and less likely to be self-employed, while rural women with better executive
function are more likely to be self-employed. I additionally show that this marker of
executive function provides information beyond what is contained in other cognitive
markers that are routinely included in surveys. These results demonstrate that executive
function is an important specific skill for economic success, and adaptation of this
measure from cognitive neuroscience for implementation on large samples is feasible
and provides information that current measures are not capturing.

The final essay turns to the relationship between parental executive function and

child well-being. There is a large literature on the importance of the early-life



environment which has shown that the consequences of conditions during critical stages
of development can persist into adulthood. This literature suggests general cognitive
functioning and education of parents is important for child outcomes, but there is
growing interest in teasing apart the role that specific cognitive skills play. The goal of
this project is to investigate the relationship between parental executive functioning and
child well-being by using an established measure from cognitive neuroscience on an
existing population-representative, longitudinal sample in Indonesia. This allows me to
connect parental and household characteristics to a rich set of child outcomes across
several domains. The results show that parental executive functioning is related to child
executive functioning, but this relationship is stronger for sons than daughters. The
relationship between fathers’ executive functioning and child executive functioning also
seems to be stronger for first-born sons than for either later-born sons or any daughters,
while there is a negative relationship between parental executive functioning and
educational attainment for first-born daughters. Parental executive functioning is also
related to health outcomes: fathers with better executive functioning have taller children,
while mothers with better executive functioning have heavier children. These results
suggest that this marker of executive function is capturing parental characteristics that
are important for child well-being, and that these patterns do not simply reflect genetic

transmission but rather the results of parental choices, preferences, and behaviors.



2. Causal Effects of Universal Health Insurance: Evidence on
Child Health in Mexico

2.1 Introduction

In 2002, the Mexican government initiated a very large-scale and ambitious
public health insurance program, Seguro Popular, to address large and long-standing
inequalities in access to health care and health outcomes across the country. In
comparison with similar programs in other developing countries, including in Latin
America, Seguro Popular is unusual in terms of both its size and its scope (Atun et al.
2015). The program is intended to cover around 60 million people, almost half the
population of Mexico, and it is designed to provide access to a very large number of
health interventions, medications, and treatments. The program has taken nearly a
decade to fully implement.

During this time, the literature on universal health coverage has grown
dramatically and a consensus is emerging that argues there are substantial health and
economic benefits of universal coverage and therefore calls for substantial public
investment in low-income countries where universal coverage is unlikely to be achieved
by the private sector alone. For example, the Lancet Commission on Investing in Health
concludes that universal health coverage is an efficient way to achieve large population
health gains in developing countries, in addition to offering financial protection for

families and achieving overall economic growth (Lancet 2013). These conclusions are



echoed in the World Innovation Summit for Health in 2015 and World Health
Organization reports (WISH 2015; WHO 2014).

This research provides evidence on the effect of Seguro Popular on child height-
for-age, an indicator of the health of a child during early life. We focus on child height
for two primary reasons. First, child height has been shown to be an important marker
of health and nutrition that is associated with a broad array of indicators of well-being in
later life, including educational attainment, earnings, health in adulthood, and mortality
(Fogel 1994; Strauss and Thomas 1995; Hoddinott et al. 2008). The use of a measure of
physical health as an outcome is also preferred to self-reported health status, which is
commonly used but prone to error and can be influenced by many individual
characteristics (including experience with the health care system). Our second primary
reason for examining child height is that the nutrition and biology literatures have
established that the trajectory of linear growth is largely determined by the time a child
is 24 to 36 months old. Absent a large nutrition or disease shock, the child’s attained
height as an adult is largely determined by this time and, exploiting this fact in
combination with the timing of the roll-out of Seguro Popular, it is possible to credibly
isolate the causal impact of access to universal health coverage. This directly addresses a
key challenge confronting studies that investigate the impact of universal health
coverage on health outcomes. (See, for example, Frankenberg et al. 2005, who adopt a

parallel approach to estimate the effect of the expansion of public maternal and child



health services in Indonesia.) Moreover, with multiple waves of data over time, it is
possible to exploit variation in linear growth of children to measure both the immediate
and longer-term impacts of the program. This is another important contribution to the
literature since the impact of an ambitious program like Seguro Popular on population
health is likely to vary over time as health services are expanded to meet increasing
demands of those who are newly covered.

In addition to contributing to the universal health coverage literature, we
provide new evidence on the impact of Seguro Popular in particular on population
health, an issue that has received very little attention. Most existing studies have
investigated the impact of the program on health insurance coverage, use of health care
services, and household spending on health care. In addition, the few studies that exist
generally focus on a shorter time horizon than we are able to cover with this work.

This research uses data from three waves of the Mexican Family Life Survey
(MxFLS), a large-scale population-representative longitudinal study that spans the
temporal and spatial roll-out of Seguro Popular. The survey collects detailed
information about socioeconomic status of each household as well as information about
the health of every member, including anthropometric measures, biomarkers, and self-
assessed health along with health care utilization, insurance coverage, and payments for
health services. We find little evidence that the introduction of Seguro Popular in a

community had a measurable impact on the height of young children, relative to similar



children in other communities or to their older peers in the short term. However, we do
find that when the program has been in place for at least five years, significant benefits
emerge. We interpret the evidence as indicating that there are adjustment costs to
providing health services to the population. These likely include expansion of health
services as well as changes in health-related behaviors of those who are newly covered.
We provide evidence suggesting that these are relevant concerns in the Mexican case.
Importantly, our results indicate that evaluations of large-scale programs like Seguro
Popular that focus only on immediate impacts are potentially misleading and that
tracking impacts over time is important to understand the effects of providing universal

health coverage.

2.2 Seguro Popular

Prior to the introduction of Seguro Popular in 2002, the vast majority of Mexican
families who were covered by health insurance were employed either in the formal
sector by private firms or in the public sector. Workers in the formal sector are covered
by benefits provided by the Mexican Institute for Social Security (IMSS), while public-
sector workers are covered by a similar program run by the Institute of Social Security
and Services for Civil Servants (ISSSTE). By 2000, approximately 40% of the Mexican
population was covered by IMSS, 7% was covered by ISSSTE, and 3% was covered by
private insurance (Knox 2008). As a result, half of the Mexican population (more than 50

million people) remained without any form of health insurance (Frenk 2006). This



prompted the creation of Seguro Popular, a government-implemented insurance
program available for all Mexican households who do not otherwise have health
insurance. The program has several main goals, including protecting individuals and
families from catastrophic health care spending, lowering out-of-pocket health care
expenditures, and ensuring access to accredited health care providers and facilities
(King et al. 2007).

The costs of the program are primarily shared between the state and federal
governments, although a small amount is contributed by annual fees from enrollees. The
state governments administer the program and decide how to allocate funds. However,
they are required to ensure that there are enough accredited service providers and
infrastructure so that people who affiliate actually have access to the services
guaranteed. As a result, a significant amount of program funds has been allocated to
investment in health infrastructure, although most observers believe that there were
areas, particularly in rural municipalities, where the minimum requirements were not
always met (Pfutze 2014; Barros 2008, for instance). These supply-side impediments to
implementation and effectiveness of the program will be discussed in more detail in the
results and discussion sections.

Enrollees in Seguro Popular have access to a large number of treatments, medical
services, and medicines without co-pay. Upon enrollment, households or individuals are

assigned to a primary care physician and public clinic (Conti and Ginja 2014). The



number of interventions and medicines covered has grown as the program has rolled
out. By 2006, Seguro Popular covered the treatments for diseases responsible for 95% of
the burden of disease in the country (King et al. 2007). The program encompasses four
main components. The first and largest is Catalago Universal de Servicios de Salud
(Universal Health Services Catalogue, CAUSES), which has been in place since the start
of Seguro Popular and is operated at the state level. In 2004, CAUSES covered 91
interventions and 142 drugs; by 2012 it had expanded to 284 interventions and
approximately 400 drugs. The second component, Fondo de Proteccion contra Gastos
Catastrdficos (Catastrophic Expenditures Protection Fund, FPGC), has also been in place
since the program began but is managed at the federal level. FPGC is primarily a trust
fund to cover catastrophic events (such as cancer treatment or surgery) and by 2012
included 58 interventions (Pfutze 2014).

There were two modules added to Seguro Popular after the program began.
Seguro Médico para una Nueva Generacion (Health Insurance for the New Generation,
SMNG) began December 1, 2006, and focuses on infant and child health. All children
born after SMNG began and their immediate families (if they are not affiliated with any
social security insurance through the government) are now automatically covered by
Seguro Popular. SMNG covers children and their families until the children are five
years old (National Commission of Social Health Protection). This module covers 131

interventions that focus on early childhood health. The primary goals of SMNG were to



lower infant and child disease and mortality while preventing catastrophic expenditures
for families of young children. Seguro Popular and SMNG both include interventions
and treatments for young children, while Seguro Popular also includes some
interventions for pregnant women. SMNG includes treatment for a very wide range of
conditions, including genetic issues, complications from birth, nutrition and metabolic
disorders, hearing and vision problems, and other potentially high-cost health issues.
Children covered by SMNG are also covered by Seguro Popular, which includes the
treatments for the most common childhood diseases, a complete physical after birth,
infant and child vaccinations, neonatal screenings, and training for mothers on
breastfeeding and nutrition (CAUSES 2012). They are also covered for 44 interventions
(for high-cost, low-likelihood illnesses) focusing specifically on young children through
FPGC (Rodriguez-Ortega 2012; Mufioz-Herndndez 2012). Finally, Embarazo Saludable
(Healthy Pregnancy, ES), added in May 2008, does not cover new interventions but
simply extends automatic coverage to pregnant women and their families if they do not
have insurance coverage (Pfutze 2014).

There are a number of services covered under Seguro Popular that could be
possible pathways for the program to affect child nutrition. For instance, the program
covers a range of interventions relating to childbirth, neonatal care, and infant
preventive health care like vaccinations and screenings. The program also covers

education on breastfeeding and infant nutrition, which could very directly affect child

10



nutrition. Similarly, for children who are older than infants but younger than five years
of age, the program covers complete health check-ups, which include measurement of
height and weight and training of parents on nutrition and feeding. Childhood diarrhea
is another possible mechanism that could affect nutrition and height. Seguro Popular
includes treatment for diarrhea, including oral rehydration and training for parents on
how to prevent and recognize diarrhea (CAUSES 2014). More indirectly, if Seguro
Popular lowers out-of-pocket expenditure for health care more generally and reduces
the chances of catastrophic health care spending, this could also potentially impact child
nutrition simply by freeing up resources within a household.

To be covered by Seguro Popular, individuals or households must actively
affiliate with the program, with a few exceptions. In addition to the automatic coverage
of pregnant women, infants, and their families added to the program later and discussed
above, individuals already enrolled in Oportunidades are affiliated with Seguro Popular
automatically. In general, however, people must choose to enroll and, as part of that
process, are required to pay an annual fee based on self-reported income. The lowest
two income quintiles do not have to pay anything (Barros 2008). As a result of income
being self-reported, although there is technically a fee for households with higher
incomes, the Department of Health estimates that the vast majority of households (more
than 99%) do not pay for coverage (Pfutze 2014). In our sample (described in more detail

below), for instance, the mean per capita monthly expenditure among households with
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Seguro Popular coverage in 2009 was approximately US $1,005 compared to US $1,506
among households without Seguro Popular. Although these means are significantly
different, there is still quite a bit of overlap in the distribution of per capita expenditure
between the two groups, suggesting it was not only the poorest households who took up
the program.

The program began with a pilot in five states in 2002 and continued with full
roll-out beginning in 2004. There were, however, 15 states which began roll-out before
there was an official agreement with the federal government in 2002 and 2003 (Bosch et
al. 2012; Conti and Ginja 2014). Due to financial and logistical constraints, the program
was to be implemented gradually over seven years, with an annual cap on new
enrollees. Each year, the state and federal governments negotiated the target number of
households the state would enroll in each quarter of the following year until states
reached their official final target number (theoretically equal to the number of uninsured
households in their state). Officially, states with low insurance coverage, high numbers
of uninsured individuals in the first six income deciles, the ability to provide services,
high demand for enrollment, and a sufficient budget were to be targeted first (Conti and
Ginja 2014).

Within states, Seguro Popular was rolled out at the municipality level, meaning
that a municipality could begin affiliating enrollees once its health care facilities met

minimum infrastructure and human resource requirements (Knox 2008). Officially, once

12



minimum requirements were met, roll-out was intended to be guided by need so that
areas with lower insurance rates and poorer populations should get the program first.
The reality seems to have been much less clear, with roll-out potentially also driven by
characteristics such as political affiliation and size. This is an issue discussed in more

detail in the next section.

2.3 Data

The primary data source for this project will be the Mexican Family Life Survey
(MxFLS), a panel survey launched in 2002. The first wave (MxFLS1) was conducted in
2002, the second (MxFLS2) in 2005-2006, and the third (MxFLS3) in 2009-2012. The
baseline sample was representative at the regional, rural, urban, and national levels. It
contained a sample of 35,677 individuals in 8,440 households, located in 150
communities spread over 16 states. During the second and third rounds, attempts were
made to relocate all individuals from the first round even if they had migrated within
Mexico or to the United States. The attempts to follow and find households who had
moved were quite successful; MxFLS2 and MxFLS3 found and re-interviewed nearly
90% of the original sample (for more information on MxFLS, see Rubalcava and Teruel
2006, Rubalcava and Teruel 2008, and Rubalcava and Teruel 2013).

MXFLS contains a rich variety of demographic and economic measures. Critical
for this project is that an array of health and anthropometric information was collected

from all household members. This includes information on height (or length for young
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infants), which was used to construct height-for-age z-scores. The survey also included
extensive information on other health-related outcomes, including self-reported health,
illness, use of health care (such as prenatal care), health care expenditures, and
vaccinations. There is also information on household members, including education,
income, and employment. For each household member at least 14 years old, the survey
collected information on whether household members received benefits from social
programs (such as Oportunidades) and if they were covered by health insurance (and if
so, from what source). In addition to the household-level information, there were also
surveys of municipality facilities, including health care facilities, which provide some
information on the availability of health care services and infrastructure within MxFLS
municipalities.

The data from MxFLS are supplemented with administrative data on the date
that Seguro Popular was initially rolled out within each municipality. This allows the
creation of a measure, for each child, of how much potential exposure they had to the
program during their early childhood based on when Seguro Popular was introduced

into their community.

2.4 Measuring Seguro Popular’s Effect on Child Height

Isolating the causal effect of Seguro Popular is complicated by a number of
identification challenges, only some of which the previous literature has been able to

address. While a few studies find positive health effects of the program (Sosa-Rubi et al.
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2009; Aguilera and Marrufo 2006; Pfutze 2014; Pfutze 2015; Bleich et al. 2007; Knox 2016),
others find no effect at all (Barros 2008; King et al. 2009). It is difficult to compare these
results since they focus on different outcomes and use a range of methodologies.
Unfortunately, for the health outcomes these previous papers focused on, the effect of
the program cannot be identified using observational data without making additional
assumptions. For instance, several papers use the date of roll-out as an instrument for
enrollment and then look at the relationship between enrollment and health outcomes.
However, roll-out also coincided with an increase in spending on health infrastructure
that may have affected families who were not enrolled as well. Therefore, the exclusion
restriction is almost certainly violated. While two papers use experimental data (King et
al. 2007 and King et al. 2009), they suffer from external validity concerns (the experiment
was run in a small number of carefully selected municipalities, which are very unlikely
to be representative of the entire country) and only cover 10 months (arguably not
enough time for many health outcomes to respond to roll-out of health insurance).
Reliance on additional and likely unrealistic assumptions is a shortcoming of the
previous literature on Seguro Popular.

Similarly, a number of the papers assume that the date of roll-out was essentially
random, although Seguro Popular was intended to be rolled out to poorer states and
states with higher unmet insurance needs first. Some observers have suggested that

politics played a role in determining when and how quickly the program rolled out to
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states and municipalities. For instance, Barros (2008) argues that smaller states and those
affiliated with the governing party tended to have the program implemented sooner.
His explanation of this phenomenon is that for smaller states, it was easier to achieve full
coverage, and these states could be used by the federal government as examples of the
success of the program. Knox (2008) notes that the five states included in the pilot
program had health ministers who were affiliated with the Minister of Health. Officially,
these five pilot states were chosen because they had the infrastructure to provide the
guaranteed services, they had large semi-urban populations, and they had a large
number of households who participated in social programs such as Oportunidades
(Conti and Ginja 2014). Although the Inter-American Development Bank (2012)
concluded that program roll-out was essentially random, it is not clear that this is in fact
the case. If roll-out is at all related to the health environment in these municipalities, this
will cause problems for estimation that relies on this assumption.

To get at this issue, we can look at whether date of roll-out seems to be related to
municipality resources for the municipalities in our sample. Table 1 (which uses data
described in more detail below) shows municipality averages for a select number of
relevant characteristics at three dates, stratified by when Seguro Popular was rolled out.
For instance, the first two columns show measures of household resources, including
average education of the household head and average per capita expenditures.

Generally, there is little evidence that Seguro Popular was rolled out first to
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municipalities that were poorer. If anything, in our data the opposite seems generally
true. For instance, the average education (in years) of the household head was 6.9 for
communities that got Seguro Popular in 2002 versus 5.4 for municipalities that got the
program after 2005 (and this difference is statistically significant). The municipalities
that got Seguro Popular earlier also had slightly higher average per capita expenditures
than municipalities that got it later, contrary to the government’s stated policy of
introducing Seguro Popular into poorer areas first. This may reflect the fact that roll-out
was conditional on municipalities having the infrastructure to provide the required
services.

Panels C and D show some of the municipality characteristics that were officially
supposed to influence roll-out, including the fraction of households informally
employed and the fraction of households without medical insurance. Similar to what
was found for household characteristics, it seems that, if anything, municipalities that
had higher rates of formal employment and insurance coverage and lower rates of
households being enrolled in Oportunidades were targeted first. This does not align
with the official stated policy of the government but is generally consistent with
previous empirical evidence on the roll-out of the program.

Looking at how the prevalence of various health outcomes changed over time
can help to illustrate how analysis depending on random roll-out or other additional

assumptions might lead to incorrect conclusions. Figure 1 shows, as an example, the
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percent of children aged 0 to 2 who had a cough in the previous four weeks in 2002,
2005, and 2009. The children are stratified based on when their municipality got Seguro
Popular. Looking at children in municipalities with the program in 2002, there is a
dramatic decline in reported cases of cough between 2002 and 2005. It might be tempting
to conclude that this is the impact of the program. However, there is a very similar
decline between 2002 and 2005 for children who got the program after 2005, although it
could not have been caused by the program. Something else seems to have been going
on as well. It is possible that the difference in improvement (a difference-in-difference) is
significant if the areas that got Seguro Popular improved more. However, attributing
that additional improvement to Seguro Popular requires a parallel trends assumption
that may not be reasonable if areas that got Seguro Popular earlier were on a different
trajectory even before receiving the program.

An additional complication in measuring the impact of the program is that one
cannot simply compare the heights of children in households enrolled in Seguro Popular
with those of children in households that have not enrolled. This comparison would be
difficult to interpret because it does not take into account differences between
households who do and do not choose to enroll in the program. The households who
opt in are likely to be different than households who do not in ways that are not
observed (for instance, they may have greater need for health insurance because of pre-

existing health conditions). The primary analysis in this project will therefore be intent-
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to-treat, where treatment status will be a function of age of the child and of when Seguro
Popular was introduced to their community, regardless of whether their family reports
actually enrolling in the program.

The intent-to-treat analysis can be supplemented by running similar regressions
with households who, at baseline, were likely to be eligible because they worked in the
informal sector or reported not having health insurance. Similarly, we can run
regressions restricting the sample to households with children who might, a priori, be
expected to benefit more from the program. For instance, we can look at whether the
program’s impact is different for children whose families were enrolled in
Oportunidades/Progresa at baseline. These families were already given access to some
very basic health care services through Oportunidades but Seguro Popular greatly
expanded those services, and we know these families were quite poor (as determined by
their eligibility for Oportunidades).

The comparison of children who were likely to benefit from Seguro Popular with
those unlikely to benefit is still complicated by the non-random roll-out of the program.
For instance, the official policy was that Seguro Popular be introduced in areas with
higher levels of poverty first. If that policy was actually implemented, children in areas
that got Seguro Popular right away might initially be at a disadvantage compared to
children in areas that got Seguro Popular later, making it appear that the program is

having little to no effect when that is not in fact the case. If the observable characteristics
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that were used to plan roll-out were known, it might be possible to control for those
characteristics in an analysis. However, the existing literature suggests that the roll-out
process was far from transparent, so even if the model includes a wide range of
municipality-specific characteristics, there might still be unobservable differences that
cannot be accounted for.

Unfortunately, much of the previous literature relies on the roll-out being
random for identification. As previously discussed, it is not clear what municipality
characteristics determined roll-out in addition to the ones that were officially stated.
Figures 1 and 2 suggest that municipalities that got the program at different points in
time may have had very different health environments in 2002 when the program began.
Comparing children aged 0 to 2 in 2002 who got the program in their municipality
earliest with those that got it in their municipality latest, we can see there is a large
difference in the reported rates of diarrhea and cough for children before the program
was implemented. This suggests that the date of roll-out was not random and that there
is reason to be concerned that date of roll-out is correlated with the health status of
children.

To address this concern, we will construct groups of municipalities that are likely
to be fairly similar (based on their date of roll-out) and look at the impact of the program
within these municipality-groups. The first group will consist of communities in which

Seguro Popular was rolled out at some point in 2002. The municipalities in the second
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group had Seguro Popular introduced between 2003 and 2005 (between the first and
second waves of MxFLS). The third group consists of municipalities that got Seguro
Popular after 2005. Our empirical specification (discussed in more detail below) will also
include municipality fixed effects to help eliminate the impact of unobserved, time-
invariant municipality characteristics.

Finally, the use of panel data helps in a few ways. First, panel data allows us to
control for household, municipality, and state characteristics. In addition, panel data
helps in the interpretation of height-for-age z-score. It has been found that in low- and
middle-income countries, height-for-age tends to decline until weaning before
recovering slightly and then remaining fairly constant (Martorell and Habicht 1986).
This makes it more challenging to interpret any comparisons of younger and older
children. Controlling for exact age in the analysis can partially account for these
dynamics of height-for-age over childhood. Using the three waves of MxFLS can
strengthen the interpretation of the estimates by comparing children in different
communities measured at approximately the same age at different points in time.

To this end, children in our sample will be separated into four bands based on
their ages during the different rounds of MxFLS. This will allow the separation of
children based on whether they are at an age where nutritional interventions should
affect their height. The oldest children in the analysis are nine years old. The upper age

limit is imposed so that none of the children in the analysis should have hit puberty,
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which causes additional complications in terms of the dynamics of growth. At each
round of MXFLS, children are divided into those who are very young (between 0 and 2),
young (between 3 and 4), old (between 5 and 6), and those who are very old (between 7
and 9).

The relationship between exposure and age is key for the analysis. The expected
exposure for the various age groups, which depends on whether their community got
Seguro Popular while they were in the critical window (0 to 4 years old), is outlined in
Figure 3. For instance, there should be essentially no effect of the program on the height
of children when they are observed in 2002 (since they will have experienced at most
only a very short period of exposure to the program), and they are therefore labeled in
the figure as having experienced no impact of the program. However, the story is
different for children who were less than three years old in 2005 who lived in a
municipality that got the program in 2002 (the cell in the row labeled “2005: 0 to 2 years
old” and the first column). They would have lived their whole lives with the program in
place and there should be a full effect on them. Slightly older children in those same
locations, such as those who are between three and four years old in 2005 (the cell in the
row labeled “2005: 3 to 4 years old” and the first column), would have experienced only
a partial effect of the program since it would have arrived to their municipality after
they were born but still during their critical early years. They are labeled as experiencing

some effect of the program. In the third column are children who live in municipalities
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that got Seguro Popular after 2005. For those children there should be no effect of the

program during the first two waves, and they will serve as a useful control group.

2.5 Sample and Methods
2.5.1 Description of the Sample Population

A selection of descriptive household and child characteristics is presented in
Table 2. In the first panel, height-for-age z-scores (calculated using US Centers for
Disease Control and Prevention references) are shown for each wave of the survey, split
into two age groups and into three municipality-groups based on when their
municipality got Seguro Popular. In every column, there is a decline in height-for-age,
moving from the children who got the program in 2002 to those who got it after 2005.
This is suggestive of worse-off communities tending to receive the program later,
contrary to the official policy but consistent with the literature on the roll-out. There is
also a general increase over time in height-for-age in most of the subgroups. The other
household and child characteristics (in the second panel) are relatively stable over time,
with the average child in the sample being 4.6 years old in a household with roughly six
members. The average education level of the household head is about 6.7 years and

average monthly log per capita expenditure is about 6.7.

2.5.2 Estimation

Given the definitions of age bands and municipality-groups outlined above, we

turn to the regression equation:
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where Oicv is the height-for-age z-score of child 7, in age band ¢, in municipality-
group v, at time t. The superscripts on the a terms represent the municipality-groups
(group 1 through group 3). The a.® terms are 12 different age group-time intercepts.
There are intercepts for very young, young, old, and very old at time 0 (2002), intercepts
for very young, young, old, and very old at time 1 (2005), and intercepts for very young,
young, old, and very old at time 2 (2009). These coefficients estimate the height-for-age
z-scores of children in group 3. The next two terms are interactions between age group-
time intercepts and indicator variables for belonging to one of the two groups that did
get Seguro Popular before MxFLS3. For instance, the a«! terms represents the interaction

of each of the age group-time intercepts with an indicator for belonging to group 1. The

subscripts for the age groups are A for very old, B for old, C for young, and D for very

2
young. As a specific example, O, represents the difference in average height-for-age at

time 0 (MxFLS1) between young children who lived in community group 2 (who got
Seguro Popular between 2003 and 2005) and young children who lived in control
communities (group 3 communities that did not get Seguro Popular until after 2005).
Each of the interaction terms can be interpreted in this fashion. The X covariates include
individual gender and age in months. Finally, the model includes municipality fixed
effects to help deal with municipality-level characteristics that might have affected roll-

out. It is important to note these are municipality fixed effects, not municipality-group
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fixed effects (which would introduce issues of multicollinearity). The same municipality
of residence from the first round is maintained throughout in case there is any selective
migration to areas that got Seguro Popular earlier. Standard errors are clustered at the
municipality-time—age group level (clustering at the municipality, municipality-time, or
municipality—age group level produces very similar results).

The first version of equation (1) includes all children who are nine or younger
during the three waves. This is the truly intent-to-treat version of the model. These
estimates can be compared with coefficients from the same regression limited to the
sample most likely to benefit from the program. In one version, this will be children who
live in households where no one works in the formal sector at baseline (since formal
employees have health insurance by law). The second version will limit the sample to
children who live in households where none of the adults report having health
insurance at baseline. Comparing these estimates can give some suggestive evidence
about whether the estimates from the intent-to-treat are being driven downward by

including children whose families cannot benefit from the program.

2.5.3 Difference-in-Difference Estimates

The coefficients in equation (1) cannot simply be read as the effect of the program
on child height because roll-out was not random. A modified version of a difference-in-

difference will be used instead to get estimates of the causal impact of the program.
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There are a number of variations of the difference-in-difference that could be estimated;
a few possible examples are outlined below.

The first comparison is between children of different ages in the same
community group at the same time, which uses the variation in exposure, which is the
result of the critical window for nutrition and height. The gradual roll-out of the
program allows the comparison of younger children, who were likely to be fully or

partially exposed, with older children, who were unexposed. As a specific example,

1 1
Op; — Ay provides an estimate of the effect of full exposure by comparing (in 2005) very

young children with very old children within communities that got the program in 2002
(group 1). This approach has the advantage that it sweeps out any characteristics
common to municipalities within the same community group (which may have
influenced when the program was rolled out). However, one possible concern is with
life-cycle dynamics that can cause younger and older children to have different height-
for-age z-scores even in the absence of any program effect. Previous literature suggests
that, particularly in lower- and middle-income contexts, height-for-age z-scores tend to
decline until weaning, increase slightly, and then stabilize. This can affect the
comparison of younger and older children regardless of program impact. In addition,
any time-varying community characteristics or time trends that affected the height of
older children differently than the height of younger children may also influence this

estimate.
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This suggests a second comparison that could provide an alternative estimate of
the program effect. Instead of comparing children of different ages within a community

group at the same point in time, children of the same age can be compared at different

. c . 1 1 . .
points in time. For instance, Op; — &p, gives an estimate of the effect of full exposure by

comparing children who were very young in 2005 with children who were very young
in 2002 (all within communities that got the program in 2002). This addresses the issues
of life-cycle dynamics, but this comparison raises the concern of confounding time
effects. If any changes occurred within these communities between 2002 and 2005 that
affected child height besides the introduction of Seguro Popular, that could bias this
estimate.

One way to look at whether time effects are influencing the estimate is to do
another, similar comparison. Instead of comparing children who were likely exposed to

those unlikely to be exposed, however, this comparison will look at older children who

. . . 1 1.
were all unlikely to have experienced an effect of the program. For instance, & —Qyis

the difference in height-for-age comparing very old children in 2005 with very old
children in 2002, all within communities that got the program in 2002. None of these
children should have been exposed to the program, so this difference can give an idea of
time effects that were operating in the background that might be influencing the

estimate of the program effect.
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By combining these comparisons into various difference-in-difference estimates,
a number of estimates of the program impact can be constructed. Depending on which
combination of differences is used, these estimates will be unbiased under different
assumptions and robust to different potential confounding factors. To get an estimate of

the impact of the program on children who were fully exposed, for instance, we can

1 1 1 1 . . .
calculate (OZDl - Al) - ((ZDO - AO). The first term gives an estimate of the program

impact if there is no age effect. Subtraction of the second term gets rid of any age effect.
This comparison is of children in the same community group across time. For this to be
capturing only the effect of the program, it needs to be true that there were no time
effects that influenced the difference between very young and very old children in a

different way in 2002 than in 2005.

1 1 3 3
Another version of the difference-in-difference is (05 o1~ @ Al) - (0( & Al) . The

first term is the same as before, but now the second term looks at children in 2005 living
in communities that got Seguro Popular after 2005. This has the benefit that if time
trends were the same in the two types of communities, this difference eliminates any age
effects and time trends that affected older versus younger children differently. However,
for this estimate to be unbiased, it must be true that in the absence of the program the
difference between very young and very old children would have been the same in 2005
in these two types of communities. This might not be true if there are different trends

over time in these two types of locations.
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For each of these types of difference-in-difference estimates outlined above, we
can compare whether this estimate changes depending on how much time has passed
since the program was first rolled out. This gives an idea of whether the impact of the
program was changing over time (if, say, the program became more effective as it
became more established or well known). We can also construct similar difference-in-

difference estimates of partial exposure. For instance, the effect of partial exposure can
be estimated by calculating (aél - (Zil) - (05[2)0 - a/io) and (aéz - af\z) - (Oléo - aio) . Both
of these estimates of the effect of partial exposure are within communities that got the
program between 2003 and 2005, but the first looks at the program impact in 2005, and
the second looks at the program impact in 2009. If these are significantly different, it

might suggest that the effect of the program changed depending on when it was rolled

out.

2.6 Results
2.6.1 Main Results

The results of estimating model (1) for the full sample are presented below in
Table 3. The first column gives the differences in height-for-age z-scores for children in
communities that got Seguro Popular in 2002 compared to children whose communities
got the program after 2005 (the reference group in the third column). The second column
compares the height-for-age of children in the reference group to children in

communities who got Seguro Popular in 2003-2005. The coefficients in bolded blue are
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those that should reflect full exposure to the program. The coefficients in italicized red
are those that should reflect partial exposure to the program.

First, there are some patterns consistent with the dynamics of height-for-age over
the life course. Looking at children in municipalities that received Seguro Popular after
2005, for instance, the height-for-age z-scores tend to be higher for older children. This is
consistent with the existing literature on height-for-age over childhood in developing
and middle-income countries.

Looking at the coefficients that should reflect some impact of the program, most
are positive but there is no clear relationship in the size of the coefficient and whether
the children were fully or partially exposed (and a few coefficients are insignificant or
negative). However, as discussed above, simply reading these coefficients out of the
table will not provide program effects. Instead, we will have to estimate some of the
difference-in-difference comparisons that were outlined in the previous section. This
will help disentangle selective roll-out, age effects, and time trends to see if there was in
fact an effect of the program. While there are a great number of possible comparisons
that could be done, the few that were discussed above are presented in Table 4. The first
row in each panel of estimates includes all children in the sample, while the second only
includes children in families without anyone working in the formal sector in MxFLS1.
The third row in each panel includes children in families that had no one with health

insurance in MxFLS1. The fourth and fifth rows show results of quantile regressions at
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the 25" and 75t percentile. The sixth and seventh rows show the same regressions
stratified into urban and rural households, while the final two rows split the sample
based on whether the household was enrolled in Oportunidades at MxFLS1.

Some of the estimates of program effect (in Table 4) are positive and significant,
but many others are not different from zero (and some even have a negative sign).
Columns 1 and 2 compare children within the same community type across time while
column 3 compares children in 2005 across community types. Column 1 compares
children in 2005 to children in 2002, while column 2 compares children in 2009 to
children in 2002. Panel A performs these comparisons for children in community type 1
(who got the program in 2002) so should have experienced the full program impact,
while panel B shows comparisons for children in community type 2 (who got the
program between 2003 and 2005) so should have experienced only a partial impact of
the program. As mentioned in the empirical specification, the two types of comparisons
require different assumptions. Columns 1 and 2 require that the difference in height-for-
age z-scores between young and old children would have been the same at two points in
time within a community group if the program had not been implemented. Column 3
requires that the difference in height-for-age z-scores between young and old children
would have been the same for the different community types in 2005 in the absence of

the program.
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Looking first at columns 1 and 2, we see that generally the estimates in column 2
(2009 to 2002) are larger than the estimates in column 1 (2005 to 2002), suggesting that
even in communities that got the program very early, it took time to have a measurable
impact on health. The effect is also much stronger when we are comparing within
communities that got the program very early (in panel A) rather than in communities
that got the program between 2003 and 2005 (in panel B). This is as expected, given
panel A measures full program impact and panel B measures partial impact. While the
partial program estimates in panel B are less consistent, the full program impact
estimates in panel A and column 2 show that generally the effects are larger for
households we would expect to be more likely to benefit from the program (informally
employed, rural, and with Oportunidades). A similar story emerges comparing the
results from the two quantile regressions in lines four and five. In both column 1 and 2
in every case the coefficients for the 25t percentile are larger than those for the 75"
percentile, which is consistent with our expectation that children who were worse off in
terms of their height-for-age may be more impacted by the program.

In column 3 we compare children who got the program earlier (2002 in panel A
and 2003-2005 in panel B) with children who got the program after 2005 all in 2005.
These estimates are quite large and suggest that the program effect was stronger among
urban households and households not enrolled in Oportunidades. The crucial

identifying assumption for these estimates, as mentioned above, is that the difference in
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height-for-age z-scores between younger and older children in the absence of the
program would have been the same across different types of communities. Given that
we know these community types were very different at baseline, this assumption may

not be justified and may explain some of the inconsistent results we see in column 3.
. . 3 3 3 3 . . .
Estimating (a a2 Al) —(a Do — & AO) , which compares children across time

within communities that got the program after 2005, can serve as a robustness check on
whether differential time trends are influencing the estimates in the first two columns of
Table 4, since there should be no effect of the program on these children. This is a useful
comparison only under the assumption that the time trends affecting the height
difference between younger and older children would have been parallel in the different
community types in the absence of the program. These estimates are very small and
insignificant, suggesting that differential time trends are not affecting our estimates.!
Estimating similar difference-in-differences for adults is a further placebo check, since
there should be no effect of the program on their height. These estimates are generally
not significant, and when they are significant they are actually negative (which would
suggest the program made adults shorter, although it is more likely a reflection of the

fact that taller adults are slightly more likely to leave the sample over time).

! The exception is that the 25" percentile quantile regression is significantly negative and the 75t percentile
quantile regression is positive (although insignificant). This is not what we would expect if the program
were having a larger effect on worse off children since it should be making very young children healthier
while not affecting older children, but since we do this comparison only for 2005 to 2002, it is consistent with
our observation that significant effects of the program do not appear until 2009.
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We can also look directly at the attrition of children from the sample. Specifically,
we would be concerned if attrition were related to their height-for-age or to the date of
introduction of Seguro Popular. We do not find any evidence that attrition is related to
when the program was rolled out within a community (see Table 6 for a selection of
these attrition models). Another way to look at attrition is to see whether children who
left the sample are similar in height-for-age to children who entered the sample. This is
not a perfect comparison because we are not including children over 10 years old in our
sample because of puberty and therefore are looking at cross-sections rather than true
panels. However, it can give us some sense of whether selective attrition is a problem for
us. Once again, we find no evidence that this is the case. We find, for instance, that
children who are measured in 2002 but are gone from the sample by 2005 have very
similar height-for-age z-scores as children who enter the sample between 2002 and 2005.
The same pattern holds for children who leave the sample before 2009 compared to the
children who enter the sample by 2009.2 These two sets of analysis suggest that
differential attrition of children either by height-for-age or by date of program
implementation is not a major concern for this analysis.

Taken together, these difference-in-difference estimates provide evidence that

the program did have an effect on child height. In addition, the effect seems

2 For instance, average height-for-age z-scores of children in 2002 who are not measured in 2005 is -0.41,
while average height-for-age z-scores of children in 2005 who were not measured in 2002 is -0.46. Similarly,
children in 2005 who are not measured in 2009 have an average height-for-age z-score of -0.35, compared to
children in 2009 who were not measured in 2005, who have an average height-for-age z-score of -0.33.
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concentrated among children in families that we would expect to be most likely to enroll
(the informally employed, households without insurance, and households enrolled in
Oportunidades) and among children who were at the lower end of the height-for-age
distribution. However, the impact of the program is not significant when we compare
2005 to 2002, suggesting that it did not emerge consistently until after the program had

been in place for many years.

2.6.2 Other Health Outcomes

There are a number of other child and infant health outcomes and behaviors that
are of interest that could potentially be affected by Seguro Popular. These effects are
more difficult to estimate, however, because there is not the critical window for impact
as there is for child height. There is some previous work on adults suggesting that
Seguro Popular increased the use of primary care and health-seeking behavior (Knox
2016) but fairly little work looking specifically at use of care for children (Knox 2008;
Gakidou et al. 2006; Danese-DlSantos et al. 2001, for instance). Future work could look at
vaccination rates, neonatal care, or overall use of care to get at whether the program
resulted in children receiving more care. However, without the benefit of a critical
window as we have for child height, any results on these outcomes using observational
data will be suggestive rather than causal. Given these caveats, suggestive results on use
of care suggest that overall health-seeking behavior declined substantially for all

communities between 2002 and 2005 before increasing somewhat by 2009 (see Figure 4
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for children under six and Figure 5 for adults, for instance). This decline seems to be
larger in areas that got the program in 2002 (compared to those that got it after 2005). A
similar but smaller decline is seen in the areas that got the program between 2003 and
2008. This decline could reflect a number of factors, including an overall decline in the
economy during that interval as well as a change in the health environment over time.
However, if this decline in use of care is also related to the roll-out or implementation of
the program, it provides some suggestion of a possible mechanism for why it took so
long to see an effect of Seguro Popular on child height. The supply-side factors which
might have mediated the program’s impact will be discussed in more detail in the next
section. However, considerable additional work is needed to determine the cause of the

fall in health care use and how it was related to the implementation of the program.

2.6.3 Implementation and Supply-Side Constraints

Many commentators and critics have pointed out supply-side constraints and
imperfect implementation as problems that have plagued Seguro Popular from the
beginning. These may provide some of the explanation for why clear evidence of a
program impact is not apparent until the program has been officially in place in a
community for many years. One of the initial motivations for the program was the
inequality in health care spending, availability of services, and quality of care and
infrastructure in different states. Before Seguro Popular was rolled out, even among the

insured there were high levels of out-of-pocket health care spending among those who
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sought out care from the private sector, because of long wait times, prescription drug
shortages, and generally poor health infrastructure and quality of care in the public
sector (Knaul et al. 2012). Through the implementation of the program there was
certainly some progress in redistributing health care spending and addressing the
inequality in access to care (Frenk et al. 2009 provide some specific examples). For
instance, there was investment in infrastructure, including renovations of existing
facilities and construction of new hospitals and specialty centers. Critics of the program,
however, suggest that the infrastructure investment was not nearly enough and often
the new units were small and understaffed, so the numbers paint a more optimistic
picture of possible access than is accurate (Laurell 2007). At a broader level, there were
also management issues such as the slow movement of funds from the federal level to
the states and poor oversight of funds at the state level, including underspending and a
lack of transparency and accountability (Knaul et al. 2012).

Another challenge to the implementation of Seguro Popular was a fairly severe
shortage of human and organizational resources in many areas. A large number of the
personnel hired by states to implement the new program were hired on short-term
contracts. Specialist medical personnel have been in particularly short supply, leading to
underuse of specialty facilities. These problems have been much more severe in rural
areas, which had worse health infrastructure to begin with. In 2009, only about half of

rural health centers were actually accredited for the Seguro Popular program (which
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likely partially reflects that they did not meet minimum program requirements). What is
more, officially, capacity constraints were taken into consideration when deciding which
interventions to cover in Seguro Popular and when they should be added. Given the real
likelihood of implementation constraints, the program included the option of
“accelerated accreditation,” which allowed health care units to provide services as part
of Seguro Popular for one year while they improved their infrastructure enough to
apply for regular accreditation. Similarly, there is a conditioned certification of medical
personnel in some areas to address a shortage of specialists. One probable result of the
delay in implementation in places without necessary infrastructure, combined with the
fact that capacity constraints were considered when deciding which interventions to
cover, is that implementation may have been biased toward covering the needs of urban
and wealthier communities first (Gonzalez-Pier et al. 2006).

One result of these supply-side issues is that there are still higher-than-desirable
levels of out-of-pocket spending because of issues of access to Seguro Popular and
quality of care provided under the program (Knaul et al. 2012). In their 2015 paper,
Servan-Mori and co-authors looked at availability of prescribed medicines for Seguro
Popular affiliates and for non-affiliated households without insurance. The basic facts
seem to be that in 2012 there were still quite high rates of prescription medications being
unavailable to households who sought care at Ministry of Health centers (something

around 35%). In addition, a fairly sizeable number of Seguro Popular affiliates were still
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choosing to get care at non-affiliated health facilities, which suggests there were supply-

side or quality limitations.

2.6.4 Enrollment

The previous analyses were all versions of intent-to-treat, since there is likely
selection into enrollment. However, it is still of some interest to know what
characteristics are associated with enrollment to get suggestive evidence about which
households actually enrolled in and benefited from the program. Enrollment in Seguro
Popular during MxFLS3 was used as an outcome in a linear probability model (results
are in Table 5). The unit of observation is now the household, since households were
enrolled in the program together. The results presented below are for all households, but
results limited to households with children in our sample are very similar. There are
three versions of the model: one which includes basic household information like per
capita expenditure and health insurance coverage, a second which adds household
health characteristics, and a third which adds community health care characteristics.
Everything in the model except enrollment in Seguro Popular (the outcome) is measured
at baseline (in 2002).

Generally, household resources (education and per capita expenditure in this
model) are negatively associated with being enrolled in the program. Having health
insurance at baseline, as expected, is also strongly and negatively related to the

likelihood that households have Seguro Popular at MxFLS3. The later the program was
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rolled out in their community, the less likely the household was to have enrolled by
2009, which is consistent with the results suggesting it took time for results of the
program to develop. Most of the individual health characteristics are not significantly
related to enrollment, other than the female household head having hypertension and
the male household head having been diagnosed with cancer, both of which are
positively associated with enrollment. Households also seem to be less likely to enroll if
the female head reports being in good health but more likely to enroll if the female head
has had a serious accident in her life. They are also more likely to be enrolled if they live
in a community with health care facilities providing key services like mother and child
care. They generally are more likely to be enrolled if they live in communities with
higher-quality health care facilities, as measured by characteristics like having good

ventilation and clean floors.

2.7 Conclusion and Discussion

The Mexican public health insurance program Seguro Popular was a large and
ambitious attempt to ensure that all of Mexico’s citizens had access to basic health care
and services. It required a great deal of time and money to implement and resulted in
significant investment in health care infrastructure. Many other middle-income
countries have also implemented similar public health insurance programs, so lessons
from Mexico are relevant to other contexts. Despite this, very little is known about its

effects, and particularly its impact on child health. While there is some evidence that the
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program has had an effect on birth weight and infant mortality, these results are fairly
sparse and often suffer from methodological shortcomings.

This analysis dealt with potential problems in this literature in a number of ways.
The first was the decision to focus on child height as an indicator of child nutrition. Poor
child nutrition has very real consequences both for health in childhood and for later-life
outcomes like adult height, earnings, and longevity. It is also known from the nutrition
and biology literature that height is affected by nutrition during a critical period in early
childhood. Using this fact, in combination with the gradual roll-out of the program and
the multiple rounds of data, allows the comparison of children who would have
benefited from the program with children who would not have benefited in a modified
difference-in-difference analysis. The critical window for child height allows us to
estimate a causal effect using observational data, which would not be possible for other
health outcomes that do not share this trait.

Another challenge with this type of analysis is that public programs like Seguro
Popular are generally not introduced randomly and are often supposed to reach areas
with greater need first. While this was officially the case with Seguro Popular as well, in
practice it is more complicated and not at all clear how roll-out was actually
implemented. Combining communities into three groups based on when the program
was first introduced helps to deal with this issue if communities that got the program

around the same time are more likely to be similar in terms of the characteristics that

41



determined the order of the program’s introduction. Including community fixed effects
sweeps out any time-invariant community traits.

Another issue to be dealt with is that families who choose to enroll in a public
health insurance program are likely different from families who do not, and plausibly in
ways that are related to our health outcomes of interest. For this reason, all the estimates
are intent-to-treat. Running the same regressions for the full sample of children and
comparing them to the estimates for children whose families worked entirely in the
informal sector at baseline and to those for children whose families did not have health
insurance at baseline helps to get a sense of who might have benefited from the program
and whether the estimates are being driven down by households who could not benefit
from the program. However, our estimates are generally similar for the full sample and
for the selected sub-samples.

The results provide little evidence for immediate or widespread benefits of the
program in terms of child height. There are some positive effects of the program, but
they are seen primarily in children who were exposed to the program their entire lives
and who lived in areas that had had the program established for many years.

There are a number of possible explanations for these results. Given the existing
evidence on implementation and infrastructure constraints, for instance, it seems very
possible that it took time for the program to become fully established and for the

infrastructure to catch up with the program requirements. This would be consistent with
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the preliminary, suggestive evidence on use of care which shows that health-seeking
behavior initially fell in MxFLS2 communities that got the program earlier (compared to
those communities that got the program after 2005). The empirical evidence on supply-
side constraints is relatively thin, but further work on use of care, wait times, costs per
visit, and community characteristics like number of clinics and doctors could help shed
some light on this issue. It might be helpful to supplement this analysis by looking at
other countries that have attempted to achieve universal health coverage and their
experiences with expanding the supply side of the health care system (for instance,
supply-side expansions for the case of Turkey are explored by Atun et al. 2013). It is also
possible that there were demand limitations as well. For instance, it may have taken
some time for demand to increase as households learned about the program.
Households may also have waited to enroll until the program was well established.
Addressing the issue of demand generally, Lakin (2010) suggests that one reason so few
households paid the fee to enroll is that officials quickly realized demand was too low
for any price higher than zero.

The existence of the Oportunidades program in Mexico might provide another
possible explanation for a lack of clear effect of Seguro Popular. There is significant
overlap in the populations covered by the two programs, and Oportunidades already
provides some services that might affect the health of infants, young children, and their

mothers. For these families, Seguro Popular may have more of an effect on health care
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spending and resources within the household in the event of an extreme health shock,
while having less of an effect on health and health care for very young children.
Unfortunately, these various supply and demand explanations cannot be easily
disentangled with these data.

These findings have serious implications for the design and evaluation of health
insurance programs and of government policies more generally. It is frequently the case
that evaluations of policies and randomized controlled trials are done in the very short
term (including the randomized controlled trial done to evaluate Seguro Popular that
took place over only 10 months). These results suggest that policy makers should
anticipate the possibility that it may take years for significant results to be seen or
measured. This may be particularly true in contexts where implementation and
management of new programs is imperfect or infrastructure needs to be scaled up, as is
particularly likely in low- and middle-income countries.

Overall, this analysis provides evidence of a limited causal impact of the
program on child height. It also suggests that the impact took several years to be
established. Although some preliminary evidence on possible explanations for this small
effect is provided, more research is needed to definitively disentangle the possible
mechanisms. This is particularly important if other countries look to Mexico’s
experience for lessons on public health provision. All of this points to a need for

researchers and policy makers to think harder about how similar programs are
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implemented and run, how beneficiaries are targeted, and how long program evaluators

might have to wait to see any real health benefits.
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2.8 Tables and Figures

Table 1: Municipality Characteristics in 2002 by Date of Roll-Out

Mean Mean log of % of adults % of adults % of # of
education of per capita informally without population municipalities
household expenditure employed health with
head insurance Oportunidades
H 0,
ESﬁ:vzec;ioz 6.93 (0.19) 7.06 (0.01) 62% (1.00%) ( 1‘_‘30/2 % 7% (0.31%) 15
i 0,
Eﬁﬁ"zeg% 6.64 (0.13) 6.93(001) | 64% (062%) | 0?::; % 12% (0.26%) 43
Received 64%
SP after 5.44 (0.18) 6.58 (0.01) 66% (1.04%) 24% (0.56%) 23
5005 (1.07%)

Numbers in parentheses are standard deviations. An informal worker is someone who reports working on their
own plot, working as a family worker without payment, being self-employed, or otherwise working without
payment. All numbers are weighted using 2002 household weights.
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Table 2: Descriptive Statistics of the Sample of Children and Their

Households
MXFLS 1 (2002) MXxFLS 2 (2005) MXxFLS 3 (2009) Full sample Sampl
e size
Age0-2 Age3-9 Age0-2 Age3-9 Age0-2 Age3-9 Age0-2 Age39
Panel A — Average height-for-age z-scores
Received SP by 2002 -0.28 -0.24 -0.40 -0.22 0.15 -0.24 -0.15 -0.24 4,280
(0.10) (0.04) (0.13) (0.06) (0.10) (0.05) (0.06) (0.03)
Received SP by 2005 -0.66 -0.53 -0.41 -0.39 -0.34 -0.34 -0.45 -0.43 9,221
(0.08) (0.03) (0.07) (0.04) (0.05) (0.03) (0.04) (0.02)
Received SP after 2005 -0.84 -0.92 -0.70 -0.77 -0.69 -0.79 -0.73 -0.83 4,261
(0.10) (0.05) (0.11) (0.05) (0.12) (0.05) (0.07) (0.03)
Overall -0.66 -0.61 -0.51 -0.50 -0.40 -0.49 -0.50 -0.54
(0.06) (0.02) (0.05) (0.03) (0.05) (0.03) (0.03) (0.01)
Sample size 1,359 4,795 1,304 4,036 2,063 4,205 4,726 13,036 17,762
Panel B — Household and child characteristics
Age in years 4.72 461 4.36 4.57 21,696
(0.05) (0.05) (0.05) (0.03)
Education of household head 5.97 6.57 6.85 6.68 15,569
(0.07) (0.08) (0.06) (0.05)
Log per capita expenditure 6.68 6.30 7.08 6.68 21,131
(0.01) (0.01) (0.01) (0.01)
Household size 5.52 5.77 5.90 5.79 21,285
(0.03) (0.04) (0.04) (0.03)

Numbers in parentheses are standard deviations. All numbers are weighted using 2002 household weights. Education is

measured in years while per capita expenditure is measured in dollars.
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Table 3: Height-for-Age Z-Scores (All Children 0 to 9 Years Old at Each Wave)

W ) 3)
. . Received SP in 2003- Received SP after
Received SP in 2002 2005 2005
Notation | Period | Age group
2002 A:7to9
Ay, ° 0.65%** 0.62%%* -0.28
(0.19) (0.17) (0.19)
B:5to 6
aéo ° 0.37* 0.44%%* -0.44%
(0.19) (0.17) (0.18)
C:3to4
gy © 0.50%* 0.55%%* -0.83%**
(0.20) (0.16) (0.17)
D: 2
aly Oto 0.45%* 031 L1.22%%*
(0.22) (0.20) (0.20)
2005 A:7to9
0‘/\11 ° 0.38* 0.47+%* 0.03
(0.21) (0.16) (0.18)
B:
ay >tob 0.54%* 0.50%** -0.37+*
(0.22) (0.17) (0.17)
C:3to4
ag, © 0.38* 0.69%** -0.70%**
(0.20) (0.17) (0.17)
D: 2
al, 0to 0.17 0.42+* -1.05%**
(0.23) (0.19) (0.20)
2009 A:7to9
a/\iz ° 0.35* 0.38** 0.05
(0.20) (0.17) (0.19)
B:
ay, >tob 0.40* 0.82%%* -0.50%*
(0.21) (0.17) (0.17)
C:3to4
ag, © 0.45%* 0.68%** -0.75%**
(0.20) (0.17) (0.18)
D: 2
ay, 0to 0.62%*+ 0.48%** -1.07%**
(0.20) (0.17) (0.20)
F-statistic [column] 1.59 2.94 6.69
(p-value) (0.09) (0.00) (0.00)
F-statistic [full model] 43.98
(p-value) (0.00)
Observations 17,702
This table is the result of running one ordinary least squares regression on the sample of children age 0 to 9 at each wave of
MXFLS. The regression also includes gender, age in months, and municipality fixed effects. Robust standard errors are clustered
at the municipality-year-cohort level (clustering at the municipality, municipality-year, or municipality-cohort levels gives
essentially the same result). Numbers in blue reflect the full impact of the program, while numbers in red reflect partial
exposure. All numbers are weighted using 2002 household weights.
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Table 4: Difference-in-Difference Estimates of the Program Impact

Panel A: Full program effect

(1) (2) (3)

1 1 1 1 1 1
(apy —am) — (ap, — ) — (ap—an) -
1 1 1 1 3 3
(@po — Ano) (apo — o) (ap, —an)
Full sample -0.02 0.46* 0.86%**
(0.27) (0.24) (0.33)
Informally employed -0.17 0.73 0.61
(0.48) (0.46) (0.50)
No insurance -0.41 0.51 0.18
(0.41) (0.49) (0.41)
Quantile (25%) -0.09 0.19 0.89**
(0.37) (0.31) (0.44)
Quantile (75%) -0.23 0.49 0.65
(0.41) (0.38) (0.48)
Rural 0.12 0.60** 0.19
(0.34) (0.29) (0.38)
Urban 0.09 0.49 1.39%**
(0.33) (0.30) (0.42)
Oportunidades 0.20 1.33** 0.68
(0.44) (0.53) (0.58)
No Oportunidades 0.04 0.50* 1.13%**
(0.29) (0.27) (0.36)
Panel B: Partial program effect
(1) (2) (3)
2 2 2 2 2 2
(apy—am)— (pr —ap,) — (apy—am)—
2 2 2 2 3 3
(@po — o) (@50 — X p0) (ap — )
Full sample 0.26 0.41* 1.03***
(0.24) (0.22) (0.30)
Informally employed 0.07 0.49 0.53
(0.36) (0.37) (0.42)
No insurance 0.27 0.54 0.74**
(0.27) (0.35) (0.32)
Quantile (25%) 0.21 0.37 0.84**
(0.29) (0.27) (0.41)
Quantile (75%) 0.13 0.49* 0.81*
(0.32) (0.28) (0.47)
Rural -0.32 0.24 0.09
(0.28) (0.26) (0.35)
Urban 0.54%* 0.53* 1.60***
(0.29) (0.28) (0.38)
Oportunidades 0.07 0.08 0.84
(0.34) (0.36) (0.51)
No Oportunidades 0.34 0.56** 1.29%**
(0.25) (0.26) (0.33)

Nine versions of the OLS regression outlined above were run (each row in each panel represents one version). Robust standard
errors are clustered at the municipality-year-cohort level (except for the quantile regressions, which uses bootstrapped
standard errors). Informal employment, insurance status, rural/urban, and Oportunidades are from 2002. All numbers are
weighted using 2002 household weights.
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Table 5: Household Was Enrolled in Seguro Popular by 2009 (100 = yes)

(1

()

(3)

Basic Basic + health Basic + health +
community
Education of the male head -1.46%** (0.19) -1.38*** (0.19) -0.85*%** (0.18)
Education of the female head 0.39*% (0.22) 0.41* (0.21) 0.29 (0.19)
Age of the male head -0.13 (0.10) -0.15 (0.10) -0.24*%* (0.11)
Age of the female head 0.13* (0.07) 0.12 (0.08) 0.08 (0.09)
No one in the household in the formal sector 1.26 (1.48) 1.07 (1.53) 0.16 (1.33)
The household has health insurance  -16.80*** (1.37) -16.85*** (1.38) -13.81*%** (1.30)
Seguro Popular arrived in 2003 (omitted category is 2002) -2.99 (5.35) -3.43 (5.22) -0.76 (6.94)
Seguro Popular arrived in 2004 -0.46 (5.24) -0.79 (5.10) 4.18 (5.34)
Seguro Popular arrived in 2005 -5.33 (5.89) -5.63 (5.71) -2.52 (5.21)
Seguro Popular arrived in 2006 -2.40 (6.94) -2.48 (6.73) 7.89 (7.03)
Seguro Popular arrived in 2007 -11.42 (7.91) -12.22 (7.85) -8.76 (9.15)

Seguro Popular arrived after 2007
Log of per capita expenditure

Height of the male head

Height of the female head

Male head has been diagnosed with hypertension
Female head has been diagnosed with hypertension
Male head has been diagnosed with cancer
Female head has been diagnosed with cancer
Male head reports being in good health

Female head reports being in good health

Male head has had an illness in the past 4 weeks
Female head has had an illness in the past 4 weeks
Male head has had a serious accident in his life
Female head has had a serious accident in her life

At least one SSA institution

At least one IMSS/ISSTE institution

At least one private institution

At least one other type of institution

At least one center with a family planning area
At least one center with mother-child services area
At least one center with good ventilation

At least one center with a very clean floor

At least one center with a lab

At least one center without frequent blackouts
At least one center with community outreach

Constant

Adjusted R-squared
Number of observations

-28.40%** (8.16)
-8.29%** (0.98)

95.81*** (11.46)

0.20
7,957

-28.17*** (8.06)
-9.98*** (1.03)

0.05 (0.09)
0.01 (0.09)
-1.48 (3.23)
3.97** (1.78)
29.02%** (10.71)
-1.67 (4.38)
-1.98 (1.80)
-3.64%* (1.59)
3.36 (2.80)
2.22 (1.95)
-0.41 (2.66)
3.55% (2.00)

103.06***
(18.97)
0.20
7,957

-32.76*** (11.50)
-5.83%*%* (1.12)

0.01 (0.10)
-0.03 (0.09)
1.34 (3.07)
3.27 (2.12)
25.72% (13.43)
-1.71 (4.34)
-1.15 (2.08)
-3.17 (2.06)
3.12 (3.11)
2.30 (1.99)
0.49 (3.27)
4.05 (2.61)

-2.20 (4.28)
-5.90 (5.48)
-4.09 (4.00)
-5.56** (2.80)
5.27 (4.66)
6.61 (5.37)
11.13* (6.08)
2.41 (4.93)
-11.81%* (5.22)
1.92 (2.47)
-0.23 (5.94)
81.38*** (25.98)
0.20
6,119

Additional covariates in all models include if the female and male head exist; household demographics, if someone in the
household works; and state dummies. Additional covariates in model (2) not shown include waist circumference, BMI, and
blood pressure of the household heads, whether the household heads smoke or exercise, whether the household heads
think their health will be worse next week, whether the household heads have a permanent injury, and whether the
household heads have been diagnosed with diabetes or heart disease. All variables are measured at baseline except the
outcome. Robust standard errors clustered by municipality are in parentheses. All numbers are weighted using 2002

household weights.
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Year

Received SF by 2002 Recelved 3P 2003-2005

Received SP after 2005

Figure 1: Percent of Children 0 to 2 Years Old with a Cough in the Previous 4
Weeks
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Figure 2: Percent of Children 0 to 2 Years Old with Diarrhea in the Previous 4
Weeks
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(1) (2) (3)
Received SP in Received SP in 2003— Received SP

2002 2005 after 2005
2002: 7 to 9 years old None None None
2002: 5 to 6 years old None None None
2002: 3 to 4 years old None None None
2002: 0 to 2 years old None None None
2005: 7 to 9 years old None None None
2005: 5 to 6 years old Some Some None
2005: 3 to 4 years old Some Some None
2005: 0 to 2 years old Full Some None
2009: 7 to 9 years old Some Some Some
2009: 5 to 6 years old Full Some Some
2009: 3 to 4 years old Full Full Some
2009: 0 to 2 years old Full Full Some

Figure 3: Expected Impact of Seguro Popular on Height-for-Age Scores
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Figure 4: Percent of Children under 6 Who Visited a Doctor in the Previous 4
Weeks
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Table 6: Attrition of Children and the Roll-Out of Seguro Popular

No information in 2009

(1) (2)

VARIABLES Children in 2002 or 2005 Children in 2002
Seguro Popular in 2003-2005 0.00 -0.00
(0.04) (0.05)
Seguro Popular in 2006—2008 -0.04 -0.02
(0.04) (0.05)
Constant 0.18%*** 0.23
(0.03) (0.16)
Observations 10,018 7,294
R-squared 0.00 0.20

Robust standard errors clustered by municipality are in parentheses. All numbers are weighted using 2002 household
weights. The omitted category is received Seguro Popular in 2002.
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3. Executive Functioning and Labor Market Outcomes

3.1 Introduction

A large literature suggests that there is a strong association between general
cognitive function and success in many important areas of adult life, particularly work
and education. However, there is limited evidence for what specific cognitive skills are
important for success in the labor market, due to the challenges of collecting population-
representative data on both cognition and labor market outcomes. The present study
combines a widely used marker of executive function from cognitive neuroscience with
a population representative, longitudinal sample of individuals and households in
Indonesia. This allows me to investigate first how this marker of higher cognitive
functioning is related to individual characteristics. Second, I look at whether higher
functioning is rewarded in the labor market and whether this marker of executive
function provides additional information beyond what is contained in other markers of
cognition that are more typically included in surveys.

The literatures on cognitive function and labor market outcomes have generally
been kept quite separate between cognitive neuroscientists and social scientists such as
economists and sociologists. On the one hand, cognitive neuroscientists have well-
established techniques for measuring specific cognitive skills, often in a lab and on a
computer. These measures are carefully designed to measure precise skills and be

uninfluenced by previous exposure to stimuli and are therefore designed not to be
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affected by things such as previous education. However, they frequently have very
small samples of respondents, who are often convenience samples (for instance, all
college students or all children at a health care facility) and are rarely representative of a
larger population. And while neuroscientists and psychologists have studied cognitive
skills extensively, they have not focused on linking these skills to later life outcomes like
socioeconomic status or labor market success.

On the other hand, economists and sociologists often collect data on a range of
individual outcomes including health, socioeconomic status, employment, and
education and generally have larger samples, with a focus on population
representativeness. However, they have often used much coarser and less precise
measures of cognitive functioning like IQ or used proxies such as education. This work
has suggested that cognitive function is critical for success in adult life, but the evidence
on which specific cognitive skills are important and how that varies by environment or
individual characteristics is scant.

In this project, measures from the cognitive neuroscience literature were adapted
to be administered in the field in Indonesia. These tests were performed on members of
an existing panel study of respondents from the Study of the Tsunami Aftermath and
Recovery, allowing me to link cognitive data to a rich set of outcomes on households,
individuals, and communities. By combining the best of both types of research, this

project was able to overcome the data and methodological shortcomings of the previous
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literature to delve into how executive functioning skills are related to individual
characteristics and to whether adult Indonesians work, where and how much, and how
much they are rewarded in the labor market. I also investigated how this varies by
individual characteristics such as education, age, urban versus rural, and gender.

I find that executive functioning is important both in terms of making a choice of
when and where to work and in terms of labor market rewards. Rural women with
better executive functioning skills, for instance, tend to choose self-employment over
wage work. There is also a strong, positive relationship between executive function and
wage for women in the formal sector. Men with better executive functioning skills are
more likely to be in the labor force and less likely to be self-employed, but unlike the
pattern with women, there is only a strong relationship between executive function and
wage for certain subgroups: workers who are young, less educated, urban, or at the
bottom of the income distribution. In general, the results tend to be strongest among the
younger workers, and there is significant variation between urban and rural areas and
for self-employed versus wage workers, potentially reflecting the differences in labor
market opportunities and conditions in these areas. The results do not change if I control
for education and for measures of cognitive function more traditionally used in surveys,
demonstrating that the marker of executive function used in this study is capturing
meaningful information on higher-level cognitive function beyond what has been

traditionally used in this type of research.
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3.2 Executive Function

Executive function is a set of processes that are used in higher-level cognition,
particularly in solving problems and executing solutions; thinking flexibly about a
situation; and generally engaging in goal-orientated behavior and inhibiting unwanted
behavior. It relies heavily on the prefrontal cortex of the brain and generally is thought
of as using three component skills: working memory, inhibition, and shifting (Best and
Miller 2010; Hackman et al. 2015). Working memory is the ability to hold information in
short-term memory and manipulate it. Inhibition is the ability to refrain from unwanted,
often automatic behavior. Shifting is the ability to switch between different behaviors or
to follow different rules. One important subcomponent of executive function is a
cognitive skill known as planning, which will be the focus of this paper.

The term “planning” refers to the cognitive ability to reason, organize solutions,
and carry out solutions for particular problems. It's a fundamental part of executive
functioning and is thought to be an essential skill used in many areas of life. All three
components of executive function play a critical role in planning ability (Hackman et al.
2015; Cattie et al. 2012). For instance, to plan and execute the solution to a complex,
multi-step problem requires the use of working memory as people hold in their mind
and manipulate the specific pieces of different possible solutions to the problem at hand.
Planning also requires the cognitive process of simulation, in which people consider

possible solutions and evaluate them to choose among different actions, and then to
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switch between different methods and solutions as needed (Purves et al. 2008).
Behavioral inhibition is important in planning for the ability to resist the initial impulse
of how to solve a problem, in order to avoid mistakes and successfully plan before
acting.

One method by which planning skills are measured in the lab for cognitive
neuroscience research is a test known as the Tower of London/Tower of Hanoi. This task
has been used and described in a number of other papers and projects (see Simon 1975
and Shallice 1982 for two early examples) and is the most commonly used method for
measuring planning skills. These tasks start with items, usually balls or disks or beads,
spread over multiple pegs or holes. The goal is to figure out how to move them, one by
one, until they are stacked in order of size in the rightmost hole or peg. There are usually
restrictions on how the items can be moved, such as only one can be moved at a time
and only the top item of any stack can be moved. The trials generally begin by being
quite easy and then get progressively more difficult, requiring more moves and use of
memory, more impulse control, and more advanced and creative problem solving.

An important feature of executive function generally, including planning, is its
developmental trajectory. Like many cognitive skills, it develops most rapidly in early
childhood, but unlike some others, executive function continues to develop through
adolescence (Best and Miller 2010; Luciana et al. 2009). There are also important changes

to several cognitive skills that happen at older ages as part of normal cognitive aging.
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Working memory, for instance, which is a component of planning, shows particularly
strong declines with age (Shing et al. 2010; Glinsky 2007). When I do analysis of
planning by age, we should therefore expect from the previous literature that planning
skills will vary by age and that the development of planning skills may be particularly
vulnerable to environmental conditions in childhood and adolescence. The relationship
between one marker of executive function (described in more detail in a later section)
and age for different education levels for adults in the sample is shown in lowess plots
for men in Figure 6 and women in Figure 7. These figures show that for the study
population, planning skills by this measure increase until roughly age 20 for women and
slightly later for men, then stay fairly flat until around age 40 or 50. The patterns for
older men versus older women are markedly different, perhaps reflecting differential

selective mortality by age and executive functioning for women compared to men.

3.3 Literature on Cognitive Skills and Labor Market Outcomes

The literature on executive function and how it relates to success in the labor
market is very sparse. While planning, as one facet of cognitive functioning, has been
studied extensively in the cognitive neuroscience literature, it has very rarely been tied
to labor market outcomes. More generally it has been shown to be related to
psychosocial disorders (Houghton et al. 1998; Pantelis et al. 1997; Hughes et al. 1994;
Purcell et al. 1997), physical conditions such as HIV and Parkinson’s (Foltynie et al. 2004;

Bartok et al. 1997) and to a few negative behaviors such as binge drinking or compulsive
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gambling (Black et al. 2017; Goudriaan et al. 2006; Severtson et al. 2009). The closest this
literature comes to associating this marker of planning skills to adult work outcomes is
in a small number of studies showing that in men with cognitive declines due to HIV,
poorer planning skills are related to a worse ability to engage in activities of daily life, to
fewer hours spent working, and to an increased likelihood of unemployment (Cattie et
al. 2012; Van Gorp et al. 1998; Rabkin et al. 2004).

Another piece of the cognitive neuroscience literature on planning looks at the
development of planning skills in children and how planning skills contribute to better
performance in school. This literature shows first that as their executive functioning
skills develop through childhood and adolescence, children’s development of planning
skills is vulnerable to deprivation of resources in the household, trauma, and stress
(Hackman et al. 2015). Children with better planning skills then tend to perform better in
school and on tests and to achieve higher levels of education (Cohen et al. 1995; Kirby
and Ashman 1984; Friedman et al. 2014; Crook and Evans 2014; Blums et al. 2016).

This literature from psychology and cognitive neuroscience that focuses on the
links between childhood environment, the development of planning skills, and
educational attainment is often motivated by the hypothesis that education then affects
labor market outcomes and income. While this is undoubtedly true, it seems equally
plausible that planning itself has a direct effect on performance at work and on the

ability to get a job, even conditional on academic attainment. The current literature in
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this field, however, does not tie planning skills together with these labor market
outcomes, partly due to data limitations. Most research in the cognitive science and
psychology literatures features very small study samples that are not representative or
are representative of very specific subgroups rather than any general population. They
very rarely follow individuals over time or have information on families or
communities. They are also almost entirely focused on developed countries, primarily
the United States and European countries. The data used for this project, described in a
later section, will overcome these shortcomings and allow me to speak to a broader
population and in much more depth about the relationship between this important
cognitive skill and labor market outcomes.

There is also a large and separate literature in economics and sociology on the
relationship between cognitive functioning generally and labor market outcomes. This
work, unlike research from cognitive neuroscience, often has access to data on much
larger, population-representative samples which can be tied to information on a wide
range of outcomes, including work and education. One strand of this literature has
shown that general cognitive functioning seems to be rewarded in the labor market (see
Cawley et al. 2001; Heckman et al. 2006 for examples). Although much of this literature
focuses on populations in the United States and Europe, a paper by LaFave and Thomas
(2016) in Central Java, Indonesia, shows there is a relationship between general

intelligence, word recall, and labor market outcomes, even controlling for many other
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individual characteristics. Another related body of work looks at childhood
interventions such as access to early childhood programs and suggests these programs
can result in improved performance in school as well as better later-life outcomes
including improved health, higher educational attainment, and increased labor market
success (Muennig et al. 2011; Heckman et al. 2010; Rolnick and Grunewald 2003; Currie
and Thomas 1995; Garces et al. 2002).

However, the work in this area has not previously used established measures of
executive function from cognitive neuroscience. Instead, this research often uses crass
proxies such as education, tests of narrowly defined domains such as reading or math,
or tests of general intelligence (IQ) or fluid intelligence. One issue with these markers is
that they are generally meant to capture general intelligence rather than specific
cognitive skills. There are a few examples of measures that are used in survey data that
do attempt to look at more specific cognitive skills, particularly memory, with tests such
as word recall.

These tests of cognitive ability previously used in surveys, whether they measure
fluid intelligence broadly or more specific skills, generally have the disadvantage that,
although they are meant to measure innate ability, they can be heavily influenced by
context and by the specific knowledge of the respondent. Many of these test results are
influenced by literacy (for instance, in word recall), numeracy, or previous exposure to

objects or ideas, which means that scores can be heavily influenced by level of education
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and socioeconomic status. Many of the tests designed for children, for instance, involve
looking at and making judgments about pictures of objects, so results can be impacted
by their prior exposure to the objects. This makes results very hard to interpret, as they
are impacted by the cognitive skill itself but also by many other factors. They also tend
to be less precise in terms of the specific cognitive function they are capturing. The tests
cognitive neuroscientists use are carefully designed to avoid these issues, and a major
innovation of this project was to adapt a measure of executive function that has been
widely used and validated in the lab for use on tablet computers on a large sample in the

field.

3.4 Data and Methods
3.4.1 Study of the Tsunami Aftermath and Recovery

The data for this project come from the Study of the Tsunami Aftermath and
Recovery (STAR), a longitudinal panel survey of individuals, families, and communities
in Indonesia. The households in this study were exposed to the Indian Ocean tsunami,
which struck on December 26, 2004, following an earthquake originating in the Indian
Ocean off the coast of Indonesia. The tsunami devastated countries in the region and led
to massive levels of mortality, destruction, and displacement. The worst damage
occurred in Aceh, Indonesia, where approximately 160,000 people died and half a
million people were displaced (World Bank 2008). In addition to the mortality impact,

previous work has shown that there was also a huge loss of resources in damaged

66



communities and extensive migration, as well as longer-term impacts on mental health,
fertility, child health, and human capital (Frankenberg et al. 2008; Frankenberg et al.
2011; Nobles et al. 2015; Frankenberg et al. 2014).

STAR has followed approximately 10,000 households (32,000 individuals) who
lived in communities in Aceh and North Sumatra before the tsunami hit. Importantly,
the baseline for the STAR sample is taken from a population-representative survey that
was done before the tsunami as part of the 2004 National Socioeconomic Survey
(SUSENAS). From the SUSENAS population, 525 enumeration areas were chosen along
the coast of Aceh and North Sumatra to form the population-representative baseline for
STAR. These enumeration areas experienced a range of impacts of the tsunami and
included areas that were very hard-hit to areas with light or no damage (Gray et al.
2014). The baseline data from the subsample of SUSENAS that formed the STAR sample
is referred to as STAR-A. Following the tsunami, there were new surveys conducted
annually for five years (STAR-B through STAR-F) and an additional survey conducted
for the 10-year anniversary of the tsunami (STAR-G). In addition to information about
the disaster and recovery, data were collected from individuals and families at every
round on a very wide array of additional topics, including socioeconomic characteristics,
health status and behaviors, psychosocial health, pregnancy and fertility, education, and

work.
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Beginning with STAR-E, a word recall section for adults age 15 and older was
added to the survey. Word recall tasks are a commonly used method of trying to
measure working and long-term episodic memory outside of the laboratory setting. One
problem with word recall tasks is that performance depends on variables unrelated to
strength of working memory, such as familiarity with the words and literacy. The speed
with which the list is read also affects the number of words people recall, which may not
be consistent between subjects. Another commonly noted issue with word recall tasks is
that people are generally much better at remembering the words that were at the end of
the list compared to earlier words, suggesting that words at the end are being held in
short-term memory, while their memory of earlier words on the list is actually part of
long-term memory, so word recall tasks are measuring two types of memory at once
(Purves et al. 2008). However, word recall has been very widely used so these data can
be used for comparison with the measures of planning skills.

In the word recall task, each adult was slowly read a list of 10 words (example
words include tree, wife, house, and car). They were then immediately asked to list as
many words as they could recall from the list. They then answered approximately 20
questions on aspects of their health, before being asked once again to recall as many of
the words from their list as they could. There were four completely different lists of

words that were randomly assigned to respondents. For analysis using word recall, I can
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look at first (immediate) recall, second (delayed) recall, or the average of the two as three
possible measures of performance on this task.

In STAR-G, two additional measures of cognitive skills were added for
respondents over the age of 14, both adapted from the Cebu Longitudinal Health and
Nutritional Survey. One was a non-verbal fluid intelligence (IQ) test similar to a Raven’s
Progressive Matrices test (Raven 2000) and the other a test of basic mathematical skills.
Both these measures encompass many specific cognitive skills, but are similar to
measures often used in the literature, so once again they can be used as a comparison to
the preferred cognitive measures.

Selected individual characteristics for adults (at least 18 years old) who are in the
analytical sample are shown in Table 7. The average respondent is close to 40 years old
and has a junior high school level of education and per capita monthly expenditure of
$60. Roughly two-thirds live in a rural area. Average household size is approximately
four with one child. Looking at the alternate measures of cognitive skills measured in
STAR-G, on average respondents got four (50%) of the fluid intelligence questions
correct and one (20%) of the math questions correct. They were, on average, able to
remember half of the words on their word recall list, although they remembered roughly
one fewer word when asked again a few minutes later. Generally, men have slightly

more education and score higher on all the cognitive measures.
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3.4.2 Measure of Planning Skills

A major innovation of this project is the modification of established cognitive
neuroscience tasks typically done in the lab or on very small convenience samples for
use on tablets in the field on a subsample of STAR respondents, which I will refer to as
STAR-G+. This project combines the best tests from the lab with the benefits of a large,
longitudinal sample.

One of the cognitive tasks performed in STAR-G+ measures planning ability by
using a modified version of the Tower of London/Tower of Hanoi. In the
implementation of this activity, respondents worked through six problem-solving trials.
In each one, there are three balls (one large, one medium, and one small) that are in three
triangular holes. The purpose of the triangle is so that only the smallest ball can fit into
the bottom of each hole, the medium ball can fit in the middle or top, and the largest ball
only fits in the top. Initially, the three balls are spread in some configuration among the
three triangles, and the goal is to move them into the far-right hole with the smallest on
the bottom, followed by the medium ball, and then the large ball. The limitations are
that people can only move one ball at a time, the balls always have to be in a hole, and
ball positions are limited by their size and the size of other balls in the hole (for instance,
since large balls only fit in the top of the hole, no other balls can go on top of them).

The trials get progressively more difficult, as measured by the minimum number

of moves required to reach the solution (ranging from two in the first trial to seven
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moves in the last trial). However, the task was extensively piloted and designed to
minimize the chance that respondents would get frustrated or lack confidence and give
up. They were given ample time to keep trying until they figured out the answer even if
they made mistakes. Prior to starting the task, the interviewers went through several
simple examples and had the respondents practice moving the balls in order to ensure
that they understood the rules and felt comfortable. As a result, fewer than 1% of trials
ended without the respondent getting to the correct answer. An example of what the
respondent would see during a trial is shown in Figure 8.

There are a number of possible ways the results from the Tower of
London/Tower of Hanoi can be summarized as a single measure of planning aptitude
used in the literature. For instance, I can look at the number of trials in which
respondents performed the optimal (minimum) number of moves out of the six trials.
Similarly, another possible outcome measure could be the number of trials they
performed correctly (reaching the goal but not necessarily in the minimum possible
number of moves). Another possibility is the In(total number of moves), where I use a
natural log to deal with outliers for small numbers of people who had very high

numbers of moves.!

1 While the literature tends to use number of optimal trials, number of correct trials, or number of moves in a
linear way, I have also tried including them in a more flexible way but find this does not improve the fit or
explanatory power of the models. I have similarly looked at planning time in a more flexible way by
including planning time for each trial separately, but find that they are highly correlated and the fit of the
model does not improve.
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In the literature that uses the Tower of London/Tower of Hanoi, two additional
measures of planning that are also often used are planning time (time spent before the
tirst move) and the ratio of planning time to total time. The interpretation of the
measures involving planning time is more difficult because the optimal amount of time
spent planning (or fraction of time spent planning) depends on the difficulty of the task.
For instance, for the easier trials, people who are better at planning do not need as much
time to plan, so longer planning time is indicative of poor planning skills. For more
difficult trials, however, the optimal strategy is to spend more time planning and to
inhibit the instinct to make a mistake by moving too quickly. For these trials, longer
planning durations may be optimal, while shorter planning times indicate worse
planning skills (Luciana et al. 2009). For this reason, I will initially implement two
adaptations of the ratio of planning time to total time that is traditional in the literature.
The first is what is most similar to the literature, which is to include In(sum of planning
time) as the summary measure, controlling for In(total game time). As discussed, this
measure is likely to be an imperfect measure and obscure information, since the
interpretation of the coefficient on In(sum of planning time) is different for easier trials
and harder trials. For this reason, I will also have models that split the planning time
measure into two summary measures, In(sum of planning time in trials 1-3) and In(sum
of planning time in trials 4-6), while controlling for In(sum total time in trials 1-3) and

In(sum of total time in trials 4-6).
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The initial analysis was done using each of these measures, but I find that
number of optimal trials is a stronger and more precise measure than number of correct
trials and In(number of moves). It is also easy to interpret because a larger number will
always indicate better planning skills. I also find, as expected for reasons discussed
above, that the first version of using planning time, in which I control for In(total
planning time), does not provide as much information as when I use the second version
and split planning and game time into trials 1-3 versus 4-6. While this measure is more
complex to interpret, it does turn out to be meaningfully related to the outcomes of
interest.

The models in Table 8 show the relationship between these measures of planning
and individual characteristics in the first panel and measures of planning and the more
traditional cognitive measures included in STAR (IQ, math skill, and word recall). For
the first two models, a higher score indicates better planning ability, while for models 3
and 4 the opposite is true. We would expect based on the previous literature that there
should be a positive relationship between planning skills and educational attainment,
which I see most strongly in model 1 with number of optimal trials. The cognitive
neuroscience literature also suggests that several components of cognition and executive
functioning decline with older age (Cahn-Weiner et al. 2000), and indeed in every
model, planning skills seem to start decreasing for older adults, particularly for those 55

years and older. Finally, males have better average planning abilities using the measures
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from models 1-3, but actually do worse by the measure in model 4 (they spend more
time planning conditional on overall game time). In the second panel there is some
correlation between these different measures but it is actually quite low. The score on
the general intelligence (IQ) test is positively related to performance on the planning
task, as is word recall, but generally the very low R-squared values suggest these
alternate measures do not explain much of the variation in these markers of executive

function.

3.5 Estimation

The outcomes of interest for this project are labor market outcomes for adults
(over age 17). I am interested in the relationship between the measures of planning
ability and wages and hours worked, to get at the rewards of planning skills conditional
on being in the labor force. For each of these outcomes, I look at overall effects and
additionally stratify by self-employment versus market (or formal wage) employment to
see if the relationship with planning skills differs by type of work. In addition, to look at
selection into the labor force and into sector, I also look at the relationship between
planning and participating in the labor force and the relative likelihood of being in self-
employment versus market work (conditional on working at all).

In the STAR survey, each adult 15 and older is asked for detailed information
about their time use, including detailed information on their work status and earnings.

Labor market information is reported for the previous 12 months for two main jobs.
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Those in the wage sector report total salary or wage, while those who are self-employed
report net profits, and everyone reports hours worked per week and weeks worked per
year. To construct hourly wages, I divide total salary or income by the number of hours
worked per year.

Therefore, the model estimated in the main analyses on planning and labor
market outcomes is the following;:

0 = PCi +y X + uy + &y (1)
where 0 is a labor market outcome for individual i in sub-district v.2 These measures
are from the previous 12 months and are conditional on employment and were
measured in STAR-G+. For women, I also perform a multinomial probit model of the
choice between not working, working in the formal sector, and being self-employed. In
this context, so few men are not working (as I will discuss in more detail below), that a
similar model for them would not be informative, so this model is run exclusively for
women. Ci is the measure of planning skill for each individual i.

In addition to the main coefficient of interest, I also control for a vector of
individual and community characteristics, X. These include controls for age, highest

education level attained, gender, and whether they live in a rural community. I control

2 There is a very small number (<40) of individuals who reported being in the labor market but whose total
income from the previous year was less than or equal to 0. I have re-run all these models using a square root
of the absolute value of income in order to include them in the analysis, and the results do not change.
Therefore, for ease of interpretation, I only show natural log for the results.
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for education despite the fact that educational attainment is likely related to planning
because I am interested in whether, even conditional on education, there is a
relationship between planning and labor market outcomes. In an additional analysis I
will add the other more traditional measures of cognitive function: the IQ test, math test,
and word recall. This will also allow me to demonstrate that the measures of executive
functioning contain information that is not captured by these more typical measures. I
also include baseline sub-district fixed effects (results are robust to using enumeration
area fixed effects) to control for local labor market conditions, and standard errors are
clustered at the level of the baseline enumeration area.

Basic labor market characteristics of the analytic sample are shown in Table 9.
There are a number of important differences by age and gender of respondent. Men,
particularly those between 30 and 55, are almost entirely engaging in some sort of paid
work during the course of the previous 12 months, while less than half of women are
doing so. This may partially reflect the fact that women in this context are more likely to
report being engaged in unpaid work or working in the home, as shown in the second
and third column. More than half of women report that their primary activity is working
in the home, compared to only 1% of men, and 5% of women are engaging in unpaid

work in a family business and earning no income (compared to 1% of men).’

3 The categories in the first three columns are not mutually exclusive. Individuals are considered as
engaging in paid work if they report any paid work, even if their primary activity is keeping house, for
instance.
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Conditional on reporting any paid work, women report working approximately
eight hours fewer per week than men. They also earn less per hour on average. The
combination of working fewer hours and earning less per hour means that women
overall earn less income than men, even conditional on participating in paid work at all.

There are some noteworthy patterns by age as well. The youngest and oldest
respondents are less likely to report working and work fewer hours if they do work.
Respondents under 30 earn less per hour then older adults, although after 30 hourly
wage seems fairly constant for men while declining more markedly for older women.
This may reflect the selection of which women choose to work, especially at older ages
when less than half are participating in paid labor, as well as the labor market
opportunities open to them. Women are most likely to report keeping house or working
as an unpaid family worker during their older adult years, which is also the time they’re
most likely to need to spend time taking care of children.

The choice to work and the choice between self-employment and wage work is
likely to be different based on gender and location and may vary systematically with
age. Table 27 (in the supplementary tables section) shows the three most common
employment fields by gender, self-employment versus wage work, and age. Men in the
market sector tend to be fairly equally concentrated among finance/professional

services, agriculture, retail/restaurant, and construction. For self-employed men, the vast
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majority are engaged in agricultural or retail/restaurant work, and the portion who are
working in agriculture is highest for the oldest men.

Young women who are in the market sector tend to overwhelmingly work in
finance/professional services or retail/restaurant, while older women are much more
likely to work in agriculture and less likely to work in retail/restaurant. Most young
women who are self-employed work in retail/restaurant (76%), although older self-

employed women, like older self-employed men, are more likely to work in agriculture.

3.6 Results
3.6.1 Choice to Work and Sector

The first set of labor market outcomes in this analysis relates to whether
executive function is related to the choice or ability to participate in paid work at all, and
conditional on working, whether these skills are related to selection into either formal
wage work or self-employment. One might hypothesize that planning skills may be
more important in work that requires independence, self-control, and problem solving,
which may be more important for self-employed work than wage labor. The descriptive
statistics (above) demonstrated that men and women face markedly different labor
market and employment conditions, so the analyses will always be stratified by gender.
All the results will be presented with two measures of planning skills adapted from the
literature: the number of trials done in the optimal number of moves and time spent

planning relative to total game time (split into the easier trials 1-3 and harder trials 4-6).
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As discussed earlier, there are other measures of planning that can be used and are
sometimes used in this literature, but these two are the most intuitive to interpret and
also the most powerful and precisely determined, although I get qualitatively similar
results using the other measures instead (see supplementary Tables 28-30 for the main
models with these alternate measures). In models using number of trials done optimally,
a higher score is indicative of better planning skills. In the models using planning time, a
larger coefficient on In(planning time 1-3) indicates that respondents spent more time
planning on the easier trials, which is indicative of worse planning skills, while the
opposite is true for the coefficient on In(planning time 4-6) because those trials were
more difficult.

In Tables 10 and 11 I begin to look at how employment is related to planning
skills for men. Table 10 shows the models for the full sample while Table 11 shows
heterogeneity analysis by subgroup. As previously mentioned, virtually all men
between 35 and 50 years old are working, so I look at the question of planning skills and
labor force participation for young men (under 35 years old) and older men (over 49
years old). We might expect that the choice to work for these two groups will be very
different, as young men may be participating in the labor force for the first time while
older men may be weighing the decision to leave the labor force at the end of their
working years. Consistent with these being very distinct groups of workers, young men

who are better planners are more likely to be working, while older men who are better
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planners are less likely to be working (or in other words, older men who are worse
planners are more likely to still be in the labor force). For young men, this relationship is
stronger for those with higher levels of education (column 1 of Table 11).

The next two tables examine the choice of self-employment versus more formal
wage work for men, conditional on being in the labor market at all. In Table 12, I see that
for the overall sample of men, those who are better planners are less likely to be self-
employed than engaged in market work. Heterogeneity analysis in Table 13 suggests
that there are some different patterns by subgroup. The negative coefficient on planning
indicating that workers with better planning skills are less likely to be self-employed is
suggestively, although not quite statistically, larger in urban areas than in rural areas.
This potentially reflects differences in what self-employment means in urban versus
rural areas. In urban areas, self-employed men are most likely to work in
retail/restaurant, while the most common wage job is finance/professional service. In
rural areas, on the other hand, the most common field for both wage and self-employed
men is agriculture, which may explain why planning may not be as relevant for
choosing between sectors.

For older men, worse planners are more likely to be self-employed. This may
speak to the opportunities available for older, male workers who are worse planners and
more likely to need or choose to still be in the labor force. As we saw in the

supplementary Table 27, around two-thirds of older men who are self-employed work
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in agriculture, whereas older men in wage jobs are most likely to be in
finance/professional services.

Now I turn to the same set of choices for female workers. In Table 14, there is no
evidence that planning is related to the choice of entering into paid work versus doing
no paid work, while Table 15 finds similarly no relationship between planning and the
choice of no work, self-employment, or wage work in a multinomial probit (I do not
perform an analogous multinomial probit for men because so few are out of the labor
force). Even after doing the same types of heterogeneity analysis as I did with men
(Table 16), there are no significant relationships between planning and the choice to
work. However, in Tables 17 and 18 I find that although there is no significant
relationship for the overall sample of women, conditional on working, women in rural
areas with better planning skills were more likely to be self-employed than engaged in
wage work. This is quite a different relationship than the one seen with men, where
worse planners tended to engage in self-employment, particularly in urban areas. This
might reflect the differences in the type of work that falls under the umbrella of self-
employment for men versus women, given that self-employed men tend to work in
agriculture and self-employed women (particularly young women) are much more

likely to work in retail/restaurant. Women also may use self-employment, like running a
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small shop or stand, as a complement to other activities such as taking care of the home
or children.*

In this first set of analyses on choice to work and selection into sector, I showed
the models both with and without the other, more traditional measures of cognitive
function. An important question for this project is whether our measures of executive
function provide additional information beyond what is contained in more typically
used measures of cognitive function. In these initial sets of results I show the basic
models and then compare what I get when I add IQ, math score, and word recall. As
these tables show, the relationships between planning and outcomes are virtually
unchanged, suggesting that this marker of executive function is indeed capturing new
and meaningful information about the relationship between cognitive skill and
employment choices that is not contained in more traditionally used measures. This is
true in all the subsequent models and analyses, and therefore for simplicity in the rest of

the results I will always only show the models with all cognitive measures included.

3.6.2 Wages

An important component of the story on planning skills and labor market
outcomes is whether better cognitive function is rewarded in the labor market with

higher hourly wages, for instance if better planners are more productive or more

4 Inclusion of controls for household —in particular the number of children, number of adults, and marital
status of the woman—do not change the coefficients on the measures of planning skills, although they are
important predictors of working and self-employment in their own right.
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efficient. I look at this issue first for men in Tables 19 and 20, initially for the entire
sample and then for subgroups. For the most part, there is not much evidence for a
strong relationship between wages and planning skills, with a few exceptions. First, for
older men (50 and older), better planning skills are associated with better wages if they
are self-employed. This is interesting given the results on planning and selection into
work for older men from the prior section, and perhaps reflects selective exiting from
the labor force or the employment opportunities for these men. On the other hand,
wages are higher for young men (under 35) who are better planners and work in the
market sector. Planning skills are also more strongly associated with higher wages for
self-employed men in urban areas than rural ones, which is consistent with the
differences in what self-employment usually means discussed above. There are some
suggestive differences by education level, with planning skills being the most rewarded
among the least-educated, particularly for the self-employed, perhaps reflecting
differences in the type of work these two groups of men perform and whether better
planning skills can act as a complement or substitute to their education.

Turning to women, there is a markedly different story. For women, having better
planning skills is associated with a higher hourly wage, and this effect for the full
sample is highly concentrated among wage workers (Table 21). Interestingly, in column
6 there is actually a negative relationship between planning skills and wage for self-

employed women, although it is only marginally significant. Heterogeneity analysis in
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Table 22 shows that these results are strongest for young workers. Interestingly, the
negative relationship between self-employed wage and planning is concentrated entirely
among the women who are age 50 or older. The relationship between planning and
wage in the market sector is larger for rural women than urban women. So while rural
women with better planning skills are more likely to choose self-employment over wage
work, the planning skills of women in formal wage work may be rewarded more for
workers who are in other ways disadvantaged —those who are younger and those who

are from rural communities.

3.6.3 Hours Worked

Whether or not planning is rewarded in terms of hourly wage, overall income
will also be driven by the number of hours worked, either by choice or necessity. In
Tables 23 and 24, I look at the same model with overall number of hours worked for
men as the outcome. Men with better planning skills in wage work tend to work more
hours, but there is no relationship for the overall sample of self-employed men. Moving
to the subgroup analysis, once again there is a different pattern for older versus younger
men. Younger and middle-aged men who are better planners work more hours in the
market, while there is no clear relationship between planning skills and hours worked
for older or self-employed workers. There are quite different relationships for urban
versus rural men, with a stronger positive relationship between planning and hours

worked for urban men while a stronger negative relationship between planning and
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hours worked for the self-employed. In other words, in urban areas, men who are better
planners work more in the market sector but less if they are self-employed, while this is
not true for men in rural areas. This may again reflect the differences in work
opportunities for formal work and self-employment in urban areas compared to rural
areas.

Finally, I turn to planning skills and how many hours women work in Tables 25
and 26. Overall, there is no relationship between planning skills and hours worked for
the full sample in Table 25. In Table 26, however, I do see that older women who are
better planners tend to work fewer hours, particularly if they are self-employed. For
women who are self-employed, there are opposite relationships between planning and
hours worked, depending on if they are urban or rural. In urban areas, better planners
work less, while in rural areas they work more, which is similar to what we observed for
men as well. It is interesting and somewhat surprising that there is so little effect on
hours worked in the market sector, given the magnitude of the relationship between

planning skills and market wages.

3.6.4 Total Income

One may also wonder about the relationship of planning to total income, rather
than split income into its two constituent parts (hours and wages per hour). In the
supplementary Table 31 I show the main models with total income as the outcome. For

both men and women, there is a positive relationship between planning skills and total
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income in the wage sector, although given our previous results for men this is driven by
increased hours worked while for women it reflects a higher hourly wage. There is no
relationship between planning skills and income for those who are self-employed, at

least for the overall sample.

3.6.5 Wage History

A significant strength of the STAR data is the ability to look at changes over time
for the same individual, which may be particularly interesting in the context of recovery
from a disaster. In the supplementary Table 32 I look at the relationship between
planning skills and total income over time. The first two panels use total income at the
respondent’s first job as the outcome. For both men and women, better planners whose
tirst job was in the market sector report earning more. This result for women is similar to
the relationship between planning skills and current income in the main results, but a bit
different than what we saw for men (where the relationship between planning skills and
current income is not very strong).> However, there is no relationship between planning
skills and the type of work (wage, self-employment, or unpaid family work) that adults
report doing for their first job, either for men or for women (results not shown). The

third panel shows total income at STAR-B (approximately one year after the tsunami),

5 One might wonder if this difference simply reflects composition changes, since not everyone answered the
question about their first job. However, if I re-run the main models with just the men who have information
on their first job, those main results do not change significantly. This suggests that perhaps there is
something different about the relationship between planning and first salary versus planning and current
income, at least for men.
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STAR-F (five years after the tsunami), and STAR-G (10 years after the tsunami). The
comparison of these results to our main models should be interpreted with some caution
because the sample is changing, given that some adults in the most recent round of
survey collection were too young at the time of STAR-B to report work income. Given
the resulting smaller sample sizes, in these models I combine men and women and
control for gender. Keeping all this in mind, these models show that planning predicts

total income in STAR-B, STAR-F, and STAR-G.

3.6.6 Unpaid Family Workers

One feature of the labor market context in Indonesia that is important to consider
is adults who work as unpaid workers for family businesses. A cause for concern would
be, for instance, if people report the income generated by an unpaid family worker as
their own, particularly if having an unpaid family worker is related to executive
functioning. While it is very difficult to separate these sources of income or estimate a
shadow wage for unpaid family workers, I address this issue in two ways. The first is
that I find that a worker’s planning skills do not predict whether they report having an
unpaid family worker working for them. The second is running the same models as in
the main analysis (in the supplementary Tables 33 and 34) including a control for if they
report having an unpaid family worker. Once again I split by gender, although in this
context men are more likely to have an unpaid worker, and women are much more

likely to be an unpaid family worker (5% of the sample). Both men and women who
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report having an unpaid family worker are more likely to report working themselves,
are more likely to be self-employed, and report higher hourly wages if they are self-
employed. Women with an unpaid family worker report working more hours, while the
opposite is true for men. Most importantly, the coefficients on the planning measures do
not significantly change and our conclusions all remain the same even once the presence

of an unpaid worker is taken into account.

3.7 Conclusion and Discussion

This project adapted and implemented a widely used task from cognitive
neuroscience in order to measure an important marker of executive function on a large,
population-representative sample in a developing country context. This has allowed me
to tie executive function to a wide range of personal characteristics in order to
investigate how planning skills are related to success in the labor market. The results
also demonstrate that the summary measures of executive function from this task,
particularly number of optimal trials and proportional amount of time spent planning
on easier versus harder trials, do contain important information that is relevant to the
choices people make in the labor market and how they are rewarded. These results are
unchanged by additional controls for standard measures of cognitive function that are
more typically collected in survey data, indicating that they contain new and important

information these other measures do not capture.
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The analysis suggests that the returns to better planning skills vary significantly
across the population, particularly in terms of type of work—formal market work versus
self- employment—and by individual characteristics. Men with better planning skills are
more likely to be working, are less likely to be self-employed, and tend to work more
hours in the market sector but fewer hours in self-employed work, particularly if they
are young or live in urban areas. Men who are younger, less educated, urban, or who are
at the bottom of the wage distribution who are better planners earn a higher wage. For
older men, however, worse planners tend to still be in the labor force and are more
likely to be self-employed, but conditional on being self-employed, better planners earn
a higher hourly wage. These differences may reflect very different labor market
conditions and opportunities depending on age and whether men are beginning or
ending their working years.

The story for women is significantly different, perhaps unsurprising given how
different the labor market conditions and opportunities are for women in this context.
For instance, women are much more likely than men to also be tending to the house or
caring for their children, which significantly impacts the type and amount of work they
can or choose to do. I find that women in rural areas with better planning skills are more
likely to choose self-employment and work more hours if they are self-employed,
whereas self-employed women in urban areas with better planning skills actually work

fewer hours. For women there is also a large and positive relationship between planning
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and wages, particularly for younger and rural women in the market sector. Unlike with
older men, older women who are self-employed and better planners actually report
lower hourly wages.

The rewards for good planning skills differ depending on the type of work and
are not consistent across all workers. These results also suggest that there is significant
selection into type of work based on planning skills, particularly for young, well-
educated workers and women. Executive functioning skills seem to be particularly
important for women, and especially for those who are in other ways disadvantaged,
both in terms of the rewards in wages but also in terms of choice of sector. It's perhaps
no surprise that given the labor market context and the competing demands for
women’s time from children and the home that young women who are better planners
would be more likely to choose to go into self-employment, where they may have more
flexibility and control over their work conditions. On the other hand, the fact that so
many men, particularly in rural areas, are engaged in agriculture may contribute to the
fact that there is a less consistent relationship between planning and labor market
returns.

Overall, it is clear that planning skills play an important role in labor market
success and labor market decisions, but the relationship is not always a simple positive
relationship for every group. This suggests a need for further analysis into the different

subtypes of workers and labor market conditions that lead some groups to benefit from
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better planning and some to not, and into why in some cases planning skills reinforce
advantages in other areas (such as education) while in other cases planning skills are
more important for those workers who are otherwise disadvantaged in the labor market.
Further analysis should also dig into the component pieces of executive function to see
whether certain skills are more important employment than others for labor market

success.
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3.8 Tables and Figures

Men: # optimal by education
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Figure 6: Lowess Showing Planning Skills by Age and Education for Men
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Women: # optimal by education

o
T
EY
a
o
@
o]
£
2

w0

e T T T T T

20 30 40 50 60
age
Primary or less ———— Junior high

——w—— Senior high/college

Figure 7: Lowess Showing Planning Skills by Age and Education for Women
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Table 7: Sample Sizes and Descriptive Statistics for Analytical Sample of

Adults
Women Men

Mean SD Mean SD
N 2,797 2,572
Age in years 38.7 14.2 39.1 14.0
Years of education 9.9 4.8 10.0 4.1
Raven’s IQ test (out of 8) 3.9 2.2 4.3 2.1
Math test (out of 5) 1.3 1.3 1.3 1.3
15t word recall (immediate — out of 10) 4.8 1.7 49 14
2" word recall (delayed — out of 10) 3.9 1.8 4.0 1.5
Per capita monthly expenditure (USS) 61.9 0.0001 63.8 0.0001
Household size 35 1.6 3.6 1.6
Number of children <15 years old per household 1.0 1.0 1.0 1.0
Rural community 0.6 0.5 0.6 0.5
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Figure 8: Screenshot Showing One Trial of the Planning Task

95



Table 8: Individual Characteristics and Measures of Planning for Adults

(1)

(2)

3)

(4)

# trials optimal # trials correct In(# of moves) In(total
planning time)
Edu: Primary 0.24* 0.05 0.01 0.13**
(0.14) (0.04) (0.02) (0.05)
Edu: Jr High 0.33%* 0.06* 0.02 0.11%*
(0.14) (0.04) (0.02) (0.06)
Edu: Sr High 0.34%* 0.06* 0.02 0.10*
(0.15) (0.04) (0.02) (0.06)
Edu: College 0.44%** 0.07* 0.01 0.11%*
(0.15) (0.04) (0.02) (0.06)
Age 30to 39vy.0. 0.01 -0.01 -0.00 0.03
(0.04) (0.01) (0.01) (0.02)
Age 40to 54 y.o. -0.08* -0.02* 0.00 0.05%*
(0.05) (0.01) (0.01) (0.02)
55 y.0. and older -0.20%** -0.10%** -0.01 0.06**
(0.06) (0.02) (0.01) (0.03)
Male 0.14%** 0.02%** -0.01** 0.07***
(0.04) (0.01) (0.00) (0.01)
Ln(total game time) 1.02%**
(0.03)
Constant 3.57%** 5.91%** 3.54%** -2.25%%*
(0.16) (0.04) (0.02) (0.14)
Observations 5,253 5,253 5,253 5,253
R-squared 0.12 0.08 0.13 0.57
(5) (6) (7) (8)
# trials optimal # trials correct In(# of moves) In(total
planning time)
1Q test 0.03%** 0.01%** -0.00 -0.00
(0.01) (0.00) (0.00) (0.00)
Math test -0.02* -0.00 0.00* -0.01**
(0.01) (0.00) (0.00) (0.01)
Word recall (immediate) 0.03 0.01* 0.00 0.01
(0.02) (0.00) (0.00) (0.01)
Word recall (delayed) 0.01 0.01%* -0.00 -0.01
(0.02) (0.00) (0.00) (0.01)
Ln(total game time) 0.98%%**
(0.03)
Constant 3.63%** 5.85%** 3.54%** -1.91%**
(0.10) (0.03) (0.01) (0.13)
Observations 5,253 5,253 5,253 5,253
R-squared 0.05 0.03 0.06 0.55

Note: All models include origin sub-district fixed effects, cognition interviewer fixed effects, and robust standard errors

clustered by origin enumeration area.
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Table 9: Labor Market Outcomes

Conditional on doing some paid work

Doing Primary Unpaid Primarily Mean hours Median Mean
paid work activity is family self- per week monthly hourly

keeping worker | employed income (USS) wage

house (USS)

Males

18 to 29 years old 0.74 0.01 0.02 0.17 40.30 112.50 0.83
(0.44) (0.07) (0.13) (0.37) (17.41) (106.89) (1.09)

30 to 39 years old 0.97 0.004 0.003 0.32 44.63 150.00 0.92
(0.16) (0.06) (0.05) (0.47) (15.55) (110.43) (0.60)

40 to 54 years old 0.97 0.01 0.001 0.45 44.25 135.00 1.02
(0.17) (0.08) (0.04) (0.50) (14.82) (128.95) (1.26)

55 and older 0.72 0.03 0.003 0.70 38.17 90.00 1.05
(0.45) (0.16) (0.05) (0.46) (16.51) (138.40) (2.09)

Total 0.87 0.01 0.01 0.37 42.65 125.00 0.95

(0.34) (0.09) (0.08) (0.48) (16.11) (120.56) (1.20)

Females

18 to 29 years old 0.33 0.55 0.02 0.21 33.20 60.00 0.55
(0.47) (0.50) (0.14) (0.41) (18.54) (89.34) (0.62)

30 to 39 years old 0.42 0.67 0.06 0.25 36.17 112.50 1.21
(0.49) (0.47) (0.23) (0.44) (17.08) (136.40) (6.69)

40 to 54 years old 0.49 0.66 0.07 0.53 34.83 75.00 0.80
(0.50) (0.47) (0.25) (0.50) (18.11) (130.49) (0.85)

55 and older 0.29 0.71 0.03 0.63 31.82 52.50 0.70
(0.45) (0.45) (0.18) (0.48) (15.88) (113.21) (0.82)

Total 0.39 0.64 0.05 0.38 34.48 75.00 0.85

(0.49) (0.48) (0.21) (0.48) (17.73) (123.64) (3.73)

Note: All employment questions are asked in relation to the previous year. Standard deviations are reported in parentheses.
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Table 10: Choice to Work and Planning Skills for Men

Coefficients multiplied by (1) (2) (3) (4) (5) (6) (7) (8)
100
Men under 35 years old Men over 49 years old
# trials optimal 2.22% 2.21% -0.53 -0.30
(1.07) (1.07) (1.62) (1.52)
Ln(planning time 1-3) -2.97 -2.67 9.58** 8.20%*
(2.65) (2.71) (3.92) (3.93)
Ln(planning time 4-6) 6.51%** 6.25%** -0.30 0.84
(1.98) (1.98) (3.52) (3.22)
Ln(total time 1-3) 4.11 2.94 -18.51***  -16.13***
(4.96) (4.93) (5.88) (5.61)
Ln(total time 4-6) -7.32%* -6.75%* 4.55 3.10
(3.22) (3.16) (4.89) (4.36)
Edu: Primary -20.66%**  -17.13*** -18.12%** -15.22%* 4.50 -0.88 2.73 -2.22
(4.74) (5.63) (5.78) (6.08) (9.70) (8.83) (9.84) (8.91)
Edu: Jr High -15.94%** -11.93** -13.58%** -10.29* 13.39 4.03 11.56 2.71
(3.52) (4.98) (5.13) (5.83) (10.15) (9.58) (10.34) (9.70)
Edu: Sr High -20.32%**  -16.14*** -17.88*** -14.45%* 5.59 -5.30 3.92 -6.21
(4.66) (5.56) (6.38) (6.66) (11.07) (10.37) (11.19) (10.39)
Edu: College -32.66%**  -28.27*** -29.96*** -26.36%** 17.40 4.01 14.97 2.68
(5.08) (5.94) (6.60) (6.94) (11.49) (11.15) (12.00) (11.33)
Rural 0.02 0.22 0.30 0.53 16.55%* 16.46** 17.85%* 17.64**
(3.07) (3.16) (3.10) (3.18) (7.50) (6.94) (7.58) (7.01)
1Q test -0.56 -0.52 0.32 0.27
(0.76) (0.74) (0.99) (0.97)
Math test 1.92* 1.81 3.09* 2.80
(1.09) (1.10) (1.84) (1.81)
Word recall (immediate) 0.66 0.73 -0.88 -1.03
(1.26) (1.23) (2.11) (2.07)
Word recall (delayed) -1.76* -1.72%* 1.75 1.88
(1.05) (1.03) (1.95) (1.92)
Constant 95.65%** 94.56%** 112.55%** 112.67***  63.02*** 68.54***  85,88*** 91 22%**
(5.31) (8.93) (16.70) (17.86) (13.45)  (14.48)  (20.05) (20.27)
Observations 1,089 1,089 1,089 1,089 550 550 550 550
R-squared 0.10 0.11 0.10 0.11 0.14 0.19 0.16 0.21

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects and
robust standard errors clustered by enumeration area. Models with alternate cognitive measures have missing value indicators.
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Table 11: Planning Skills and Choice to Do Any Paid Work for Men -
Heterogeneous Effects

(1)

(2)

3)

(4)

Coefficients multiplied by Under 35 More than 50 Under 35 More than 50
100 years old years old years old years old
Edu: Primary/none # optimal -6.62%* -2.41 Ln(planning -9.50 2.81
(3.38) (2.59) time 1-3) (8.56) (7.62)
Ln(planning 9.07 7.54
time 4-6) (6.05) (5.56)
Edu: Junior/senior high 1.71 0.54 -0.49 16.36**
(1.21) (3.60) (3.55) (7.86)
6.72%** -10.95%*
(2.32) (6.38)
Edu: College 5.84%* 8.21 -7.65 -10.71
(3.01) (6.76) (6.05) (15.72)
6.83 24.64
(4.44) (18.19)
Urban 4 .53** -1.82 1.17 7.99
(1.76) (3.02) (4.18) (7.19)
1.05 -6.04
(3.27) (7.47)
Rural 0.45 0.53 -5.30 9.19%*
(1.20) (1.95) (3.85) (5.41)
10.54*** 291
(2.38) (4.15)
Significantly different? YES NO YES NO

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker

of executive function from a different model. These models include all the same controls as the previous models including origin

sub-district fixed effects and have robust standard errors clustered by enumeration area.
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Table 12: Choice of Self-Employment over Market Work (Conditional on

Working) for Men
Coefficients multiplied by 100 (1) (2) (3) (4)
# trials optimal _1.86%* _1.84%*
(0.89) (0.88)
Ln(planning time 1-3) -2.86 -2.99
(2.05) (2.08)
Ln(planning time 4-6) -2.41 -2.49
(1.61) (1.61)
Ln(total time 1-3) 5.07 5.12
(3.58) (3.60)
Ln(total time 4-6) 5.08** 5.03**
(2.45) (2.48)
Edu: Primary -7.13 -5.70 -5.76 -4.26
(9.77) (10.12) (9.83) (10.21)
Edu: Jr High -11.60 -9.56 -10.07 -7.98
(10.15) (10.50) (10.17) (10.56)
Edu: Sr High -16.17 -13.40 -14.51 -11.69
(10.88) (11.35) (10.94) (11.44)
Edu: College -27.48%** -23.82%* -25.82%* -22.13%*
(10.46) (10.97) (10.48) (11.02)
Rural 3.74 3.63 3.35 3.25
(2.46) (2.47) (2.44) (2.44)
1Q test -0.46 -0.49
(0.60) (0.60)
Math test -1.34* -1.35%
(0.78) (0.79)
Word recall (immediate) 0.73 0.77
(0.91) (0.92)
Word recall (delayed) -1.99** -1.98**
(0.84) (0.84)
Constant 40.87*** 47 .46%** 5.91 12.72
(12.03) (12.32) (13.93) (14.55)
Observations 2,193 2,193 2,193 2,193
R-squared 0.22 0.22 0.22 0.22

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects, age,
and robust standard errors clustered by enumeration area. Outcome is primarily doing self-employed work (conditional on working
at all). Models with alternate cognitive measures have missing value indicators.
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Table 13: Planning Skills and Choice of Self-Employment over Market Work
(Conditional on Working) for Men — Heterogeneous Effects

Coefficients multiplied by 100 (1) (2)
Age <35 # optimal -0.82 Ln(planning time -2.55
(1.11) 1-3) (3.06)

Ln(planning time -1.96
4-6) (2.40)

Age 35to 49 -1.98 1.06
(1.39) (3.46)

-0.35
(3.16)
Age 50 and older -3.35* -8.68*
(1.99) (4.62)

-12.00***

(4.06)

Edu: Primary/none -2.97* -5.87
(1.66) (4.43)

-5.72
(3.94)

Edu: Junior/senior high -1.45 -0.35
(1.05) (3.01)

-1.59
(2.23)

Edu: College -1.40 -5.44
(1.76) (4.25)

0.92
(3.80)

Urban -4.34%* -3.75
(1.70) (3.26)

-1.90
(2.47)

Rural -1.84%* -2.47
(1.08) (2.60)

-2.41
(2.18)

Significantly different? NO NO

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area.
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Table 14: Choice to Work and Planning Skills for Women

Coefficients multiplied by 100

(1) (2)

(3)

(4)

# trials optimal

Ln(planning time 1-3)
Ln(planning time 4-6)
Ln(total time 1-3)
Ln(total time 4-6)
Edu: Primary

Edu: Jr High

Edu: Sr High

Edu: College

Rural

1Q test

Math test

Word recall (immediate)
Word recall (delayed)
Constant

Observations
R-squared

0.27 0.33
(0.72) (0.72)
-1.84 -3.17
(5.60) (5.65)
-0.11 -1.66
(6.02) (6.13)
4.20 2.75
(6.44) (6.58)
32.79%%%* 30.96%**
(6.67) (6.97)
-7.05%** -7.15%**
(2.43) (2.45)
-0.93*
(0.56)
1.74%*
(0.80)
1.77*
(0.93)
-1.58*
(0.88)
21.59%** 22.80%**
(7.46) (8.56)
2,727 2,727
0.14 0.14

-1.23
(5.62)
0.81
(6.05)
4.85
(6.45)

33.69***

(6.70)

-7.12%**

(2.43)

-0.54
(1.98)
0.32
(1.54)
6.33%*
(2.83)
-4.85%*
(2.40)
23.25%*
(10.43)

2,727
0.14

-2.51
(5.66)
-0.72
(6.16)
3.37
(6.60)
31.76%%*
(7.01)
-7.21%**
(2.45)
-0.91
(0.57)
1.77%*
(0.80)
1.80%
(0.94)
-1.54*
(0.87)
-0.85
(1.97)
0.30
(1.55)
6.47%*
(2.79)
-4.83%*
(2.40)
24.21%*
(11.61)

2,727
0.14

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects, the

same covariates from the main models, and robust standard errors clustered by enumeration area. Models with alternate cognitive

measures have missing value indicators.

102



Table 15: Multinomial Probit on Planning and Selection into Employment by

Type for Women
Omitted category is not working — marginal effects (1) (2) (3) (4)
Self-employment
# trials optimal 0.003 0.003
(0.01) (0.01)
Ln(planning time 1-3) -0.01 -0.01
(0.02) (0.02)
Ln(planning time 4-6) 0.02 0.02
(0.01) (0.01)
Ln(total time 1-3) 0.05%* 0.05%*
(0.01) (0.01)
Ln(total time 4-6) -0.02 -0.02
(0.02) (0.02)
1Q test -0.005 -0.004
(0.004) (0.004)
Math test -0.001 -0.001
(0.01) (0.02)
Word recall (immediate) -0.001 -0.001
(0.01) (0.01)
Word recall (delayed) -0.002 -0.002
(0.01) (0.01)
Market employment
# trials optimal -0.001 -0.001
(0.01) (0.01)
Ln(planning time 1-3) 0.01 0.01
(0.02) (0.02)
Ln(planning time 4-6) -0.01 -0.01
(0.02) (0.02)
Ln(total time 1-3) 0.02 0.03
(0.03) (0.03)
Ln(total time 4-6) -0.03 -0.03
(0.02) (0.02)
1Q test -0.002 -0.002
(0.005) (0.05)
Math test 0.02** 0.02**
(0.01) (0.07)
Word recall (immediate) 0.02** 0.02**
(0.01) (0.01)
Word recall (delayed) -0.01* -0.01
(0.01) (0.01)
Observations 2,727 2,727 2,727 2,727

Note: All employment questions are asked in relation to the previous year. All models include origin district rather than sub-district
fixed effects and robust standard errors clustered by enumeration area. Age, education, total game time, and rural community are
not shown for space. Here | am looking at the primary occupation for women. Marginal effects are calculated at the mean. Models
with alternate cognitive measures have missing value indicators.
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Table 16: Planning Skills and the Choice to Do Any Paid Work for Women -
Heterogeneous Effects

Coefficients multiplied by 100 (1) (2)
Age <35 # optimal -0.60 Ln(planning time 1- -0.15
(1.09) 3) (3.30)
Ln(planning time 4- -1.43
6) (2.68)
Age 35t0 49 0.95 -2.92
(1.31) (3.92)
-0.19
(3.09)
Age 50 and older 0.32 -0.36
(1.37) (4.38)
4.98
(3.10)
Edu: Primary/none -0.04 -0.18
(1.06) (4.27)
1.51
(2.98)
Edu: Junior/senior high 0.61 -0.50
(1.09) (2.70)
-1.20
(2.74)
Edu: College -0.51 0.04
(1.38) (3.77)
-0.05
(3.30)
Urban 0.15 -0.04
(1.24) (2.63)
0.57
(2.15)
Rural 0.01 -1.64
(0.81) (3.37)
0.55
(2.51)
Significantly different? NO NO

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area.
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Table 17: Choice of Self-Employment over Market Work (Conditional on

Working) for Women
Coefficients multiplied by 100 (1) (2) (3) (4)
# trials optimal 0.60 0.60
(1.00) (1.00)
Ln(planning time 1-3) -3.59 -3.43
(3.21) (3.23)
Ln(planning time 4-6) 2.99 3.12
(2.32) (2.37)
Ln(total time 1-3) 2.71 2.11
(4.76) (4.83)
Ln(total time 4-6) 2.10 1.91
(3.11) (3.04)
Edu: Primary 0.89 2.61 1.89 3.44
(8.58) (8.69) (8.44) (8.56)
Edu: Jr High -3.67 -1.63 -2.03 -0.08
(8.62) (8.80) (8.64) (8.81)
Edu: Sr High -6.79 -4.48 -5.40 -3.18
(9.28) (9.51) (9.15) (9.39)
Edu: College -48.74%** -45.49%** -46.87*** -43.76%**
(9.17) (9.62) (9.15) (9.56)
Rural 6.06** 5.58%* 5.67** 5.25*
(2.73) (2.78) (2.78) (2.82)
1Q test -0.15 -0.19
(0.84) (0.83)
Math test -0.62 -0.50
(1.21) (1.18)
Word recall (immediate) -1.15 -1.24
(1.07) (1.08)
Word recall (delayed) 0.40 0.37
(1.20) (1.22)
Constant 45.66%** 49.79%** 31.27** 38.05**
(10.00) (10.00) (15.37) (16.98)
Observations 1,074 1,074 1,074 1,074
R-squared 0.34 0.34 0.34 0.35

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects, age,
and robust standard errors clustered by enumeration area. Outcome is primarily doing self-employed work (conditional on working
at all). Models with alternate cognitive measures have missing value indicators.
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Table 18: Planning Skills and Choice of Self-Employment over Market Work
(Conditional on Working) for Women — Heterogeneous Effects

Coefficients multiplied by 100 (1) (2)
Age <35 # optimal 0.99 Ln(planning time 1- -7.11
(1.52) 3) (5.08)
Ln(planning time 4- 2.42
6) (3.56)
Age 35to 49 1.62 -4.90
(2.01) (5.29)
5.97
(4.06)
Age 50 and older -1.66 2.80
(2.34) (6.86)
-1.07
(4.97)
Edu: Primary/none 1.18 -2.91
(2.25) (7.05)
5.73
(6.48)
Edu: Junior/senior high 2.07 0.61
(2.24) (6.74)
-0.50
(5.28)
Edu: College -1.43 -10.09***
(1.13) (3.73)
3.01
(2.44)
Urban -0.61 -6.05
(1.39) (5.37)
-3.73
(5.36)
Rural 0.93 -5.40
(1.50) (4.11)
8.63**
(3.29)
Significantly different? NO YES

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area.
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Table 19: Hourly Wage and Planning Skills for Men

(1) (2) (3) (4) (5) (6)

Coefficients multiplied Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
by 100 wage) wage) wage) wage) employed employed
wage) wage)
# trials optimal 1.35 0.42 2.62
(1.21) (1.40) (2.51)
Ln(planning time 1-3) -1.35 1.50 -5.07
(3.22) (3.63) (5.40)
Ln(planning time 4-6) 1.82 -0.26 492
(2.44) (2.74) (4.98)
Ln(total time 1-3) -6.53 -15.52%** 6.13
(4.78) (6.04) (6.87)
Ln(total time 4-6) -1.07 2.12 -3.65
(3.24) (4.04) (7.77)
Edu: Primary 29.57** 29.52%* 23.74 22.69 29.58 29.18
(14.32) (14.58) (19.89) (20.66) (18.74) (18.63)
Edu: Jr High 38.65** 37.87** 32.19 29.73 37.86* 38.08*
(15.11) (15.44) (19.54) (20.43) (20.65) (20.63)
Edu: Sr High 52.12%** 51.14*** 42.61%* 39.77* 54.37*** 54.62***
(14.77) (15.12) (19.79) (20.71) (20.38) (20.13)
Edu: College 91.04%*** 89.75%** 81.12%** 77.94%** 77.43%%* 76.73%**
(14.84) (15.23) (19.51) (20.42) (23.82) (23.61)
Rural community -2.75 -2.06 3.97 5.19 -12.24 -11.97
(4.24) (4.25) (5.00) (5.00) (7.80) (7.87)
1Q test 1.71%* 1.70%* 1.31 1.20 1.83 1.93
(0.91) (0.90) (1.15) (1.12) (1.62) (1.63)
Math test 0.37 0.37 -0.63 -0.52 1.69 1.71
(1.25) (1.23) (1.48) (1.44) (3.01) (2.91)
Word recall (immediate) 0.57 0.56 2.21 2.00 -1.35 -1.23
(1.39) (1.39) (1.66) (1.66) (2.74) (2.81)
Word recall (delayed) 1.32 1.23 0.32 0.35 3.29 3.46
(1.34) (1.35) (1.62) (1.62) (2.72) (2.76)
Constant 824.90***  852.28*** 833.11***  871.06*** 840.28%** 845.32%**
(15.06) (21.68) (22.02) (27.38) (25.67) (28.56)
Observations 2,184 2,184 1,375 1,375 801 801
R-squared 0.20 0.20 0.23 0.23 0.21 0.22

Note: All employment questions are asked in relation to the previous year. All models include indicators for missing 1Q test or
word recall, origin sub-district fixed effects, age, and robust standard errors clustered by enumeration area. Models with alternate
cognitive measures have missing value indicators.
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Table 20: Planning Skills and Hourly Wage for Men — Heterogeneous Effects

(1

()

(3)

(4)

(5)

(6)

Coefficients multiplied Ln(total  Ln(market Ln(self- Ln(total Ln(market Ln(self-
by 100 wage) wage) employed wage) wage) employed
wage) wage)
Age <35 # optimal 3.75% 3.79* 0.80 Ln(planning 0.75 4.70 -23.51
(1.91) (2.21) (5.29) time 1-3) (5.17) (5.06) (14.28)
Ln(planning 0.64 1.22 -7.96
time 4-6) (3.55) (4.10) (11.93)
Age 35to0 49 0.02 -0.36 2.15 -1.62 -1.05 5.98
(2.01) (2.35) (3.80) (4.18) (6.22) (6.94)
-2.96 -6.30 2.81
(4.20) (4.58) (7.30)
Age 50 and older 1.39 -1.64 3.07 -14.49 -7.70 -24.15
(3.38) (3.97) (5.94) (10.07) (15.87) (15.04)
14.91* 0.74 29.05%*
(7.53) (12.18) (12.67)
Edu: Primary/none 1.14 0.28 2.07 1.34 3.95 -5.58
(3.15) (4.18) (5.79) (5.36) (8.02) (8.62)
14.16%** 11.10* 24.09%*
(5.30) (6.50) (10.41)
Edu: Junior/senior high -0.32 -0.15 2.32 -6.52* -6.59 -3.79
(1.54) (1.57) (3.18) (3.79) (4.11) (7.56)
-2.98 -2.70 -5.61
(3.00) (3.06) (6.40)
Edu: College 6.48** 3.63 3.77 7.35 7.42 -16.09
(3.23) (3.81) (8.85) (9.63) (10.99) (29.89)
-1.37 -0.38 -8.09
(6.83) (6.68) (23.36)
Urban 2.69 3.23 1.53 -0.81 8.89* -28.28***
(1.80) (2.23) (3.61) (4.74) (4.89) (8.31)
-1.30 -5.32 10.35
(4.05) (4.60) (9.83)
Rural 0.77 -1.11 3.18 -0.43 -1.23 7.66
(1.70) (1.89) (3.47) (4.62) (5.04) (8.17)
3.70 3.35 4.13
(3.12) (3.19) (6.39)
Significantly different? NO NO NO NO NO YES
25 percentile 1.89 1.86 0.21 -4.85 0.26 -11.49%*
(1.65) (2.32) (2.47) (3.77) (4.71) (5.25)
5.37 1.88 8.55
(3.69) (3.20) (5.68)
75t percentile 2.18 -0.80 4.26 -3.25 -5.22 -0.97
(1.68) (1.66) (2.60) (3.42) (5.26) (7.72)
-2.11 -5.70 -2.76
(2.96) (4.06) (6.91)

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area. The coefficients from the 25t and 75t

percentile are the result of quantile regressions and have bootstrapped standard errors.
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Table 21: Hourly Wage and Planning Skills for Women

(1) (2) (3) (4) (5) (6)

Coefficients multiplied Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
by 100 wage) wage) wage) wage) employed employed
wage) wage)
# trials optimal 6.69%** 10.60%** 1.40
(2.43) (3.21) (3.95)
Ln(planning time 1-3) -8.26 -15.17* -1.54
(6.10) (8.11) (12.03)
Ln(planning time 4-6) -5.61 -1.98 -13.97*
(4.13) (5.89) (7.39)
Ln(total time 1-3) -1.68 6.08 2.54
(9.62) (11.67) (15.91)
Ln(total time 4-6) -10.90 -14.83* 0.84
(7.12) (8.89) (15.03)
Edu: Primary 32.13 34.92% -11.64 -4.41 51.68** 52.68**
(20.68) (19.77) (26.79) (26.64) (19.82) (21.48)
Edu: Jr High 40.72* 40.78* -5.20 -1.67 62.01%** 62.89**
(22.54) (21.55) (26.80) (26.33) (22.52) (24.12)
Edu: Sr High 66.54*** 66.45*** 27.02 31.37 81.21%** 83.03***
(22.75) (21.92) (27.74) (27.16) (23.69) (25.27)
Edu: College 103.93***  100.57*** 53.47%* 55.54%* 94.02%** 95.76***
(23.51) (22.54) (26.28) (25.97) (31.54) (32.00)
Rural community -20.14%**  -20.07*** -9.93 -13.93 -30.18** -26.14%**
(6.77) (6.56) (8.70) (8.82) (13.12) (12.77)
1Q test 2.29 1.83 5.77*** 5.25%* -3.94 -4.14
(1.82) (1.84) (2.16) (2.16) (3.22) (3.32)
Math test 3.39 3.57 1.72 2.38 7.75% 7.75
(2.39) (2.36) (3.02) (2.98) (4.59) (4.75)
Word recall (immediate) 2.70 3.20 4.98* 5.71% 3.75 4.20
(2.49) (2.58) (2.99) (3.16) (4.09) (4.09)
Word recall (delayed) -0.46 -0.71 -0.58 -1.33 -3.72 -3.98
(2.27) (2.28) (3.17) (3.30) (4.07) (4.11)
Constant 730.08***  823.79*** 725.62*** 829 72%** 798.36*** 812.30%**
(25.30) (37.23) (31.12) (50.71) (35.74) (64.74)
Observations 1,068 1,068 662 662 405 405
R-squared 0.29 0.31 0.38 0.39 0.28 0.30

Note: All employment questions are asked in relation to the previous year. All models include indicators for missing 1Q test or
word recall, age, origin sub-district fixed effects, and robust standard errors clustered by enumeration area. Models with alternate
cognitive measures have missing value indicators.

109



Table 22: Planning Skills and Hourly Wage for Women — Heterogeneous

Effects
(1) (2) (3) (4) (5) (6)
Coefficients multiplied Ln(total Ln(market Ln(self- Ln(total Ln(market Ln(self-
by 100 wage) wage) employed wage) wage) employed
wage) wage)
Age <35 #optimal  14.48***  20..70*** -3.15 Ln(planning -17.21 -17.86 -2.75
(4.43) (5.53) (11.49) time 1-3) (13.06) (15.11) (43.06)
Ln(planning 4.11 4.84 -7.76
time 4-6) (9.43) (11.82) (28.19)
Age 35to 49 2.51 -3.11 8.30 -13.84 -28.83*** -8.60
(3.76) (5.41) (6.66) (9.53) (10.49) (18.27)
-5.44 -6.04 -9.32
(5.68) (9.19) (13.89)
Age 50 and older 3.14 5.90 6.22 20.94* 38.66* 32.83
(5.54) (7.33) (8.67) (11.78) (21.18) (19.82)
-19.42** 2.55 -28.13**
(9.37) (14.56) (11.49)
Edu: Primary/none 5.28 7.22 5.03 10.71 8.73 20.15
(5.11) (6.98) (7.35) (12.52) (22.23) (18.34)
-16.02 -3.50 -22.30*
(10.03) (17.83) (12.60)
Edu: Junior/senior high 5.42 18.02** -3.42 -16.19* -39.30*** 9.67
(3.80) (7.12) (6.26) (9.06) (14.53) (19.58)
-0.91 4.70 -22.66*
(7.63) (12.51) (12.64)
Edu: College 7.81%* 8.01** 13.52 -6.83 -8.96 -38.48
(3.90) (3.94) (35.92) (11.74) (11.49) (44.28)
4.32 7.10 28.24
(8.82) (8.11) (44.88)
Urban 5.96 11.14* -4.92 -5.81 -1.90 -0.29
(3.98) (5.71) (7.86) (7.50) (10.29) (22.44)
0.93 2.16 -3.79
(6.85) (7.50) (17.80)
Rural 491 8.69* 2.78 -9.54 -32.85%* 3.89
(3.38) (4.41) (5.92) (9.31) (13.36) (15.06)
-11.18 2.16 -16.82*
(6.93) (11.34) (10.06)
Significantly different? NO NO NO NO YES NO
25t percentile 6.23 12.12%* 3.77 0.08 -16.56 9.05
(5.02) (5.16) (4.64) (10.49) (10.91) (12.14)
-11.60 -3.96 -12.25
(7.26) (8.46) (10.47)
75t percentile 7.16%* 7.93%* -3.61 -9.55 -9.45 -9.97
(2.99) (3.40) (4.16) (7.87) (7.33) (11.44)
-1.20 8.52 -7.77
(5.74) (6.19) (9.14)

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area. The coefficients from the 25" and 75" percentile
are the result of quantile regressions and have bootstrapped standard errors.
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Table 23: Hours Worked and Planning Skills for Men

(1)

(2)

(3)

(4)

(5)

(6)

Coefficients multiplied Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
by 100 hours) hours) hours) hours) employed employed
hours) hours)
# trials optimal 1.55% 2.35% -0.79
(0.84) (1.27) (1.34)
Ln(planning time 1-3) -1.33 -1.31 0.77
(2.17) (2.84) (3.92)
Ln(planning time 4-6) 4.43%* 4.09 0.21
(2.29) (3.04) (4.17)
Ln(total time 1-3) 0.60 2.09 -0.56
(3.02) (4.77) (4.70)
Ln(total time 4-6) -9.97*** -9.50** -6.50
(3.11) (4.11) (5.07)
Edu: Primary 0.39 -0.14 -1.92 -3.92 -4.72 -3.45
(10.00) (9.83) (14.45) (14.61) (13.73) (13.41)
Edu: Jr High -1.11 -1.93 -4.50 -6.38 -5.28 -4.73
(10.16) (10.05) (13.66) (13.88) (13.82) (13.74)
Edu: Sr High 1.57 0.69 0.16 -1.88 -0.00 0.87
(10.30) (10.20) (13.77) (14.06) (14.91) (14.89)
Edu: College -6.86 -8.21 -7.97 -10.16 -16.08 -15.11
(10.06) (9.88) (14.47) (14.60) (16.23) (16.23)
Rural community -9.32%** -8.83*** -6.01 -5.76 -21.87*** -21.62%**
(3.04) (3.07) (3.78) (3.81) (5.43) (5.48)
1Q test 0.49 0.51 1.10 1.09 -0.48 -0.46
(0.76) (0.75) (1.23) (1.23) (1.06) (1.04)
Math test 0.44 0.42 0.29 0.25 0.35 0.18
(0.86) (0.86) (1.02) (1.03) (1.63) (1.66)
Word recall (immediate) 0.28 0.31 0.35 0.39 -0.56 -0.42
(1.19) (1.20) (1.67) (1.67) (1.77) (1.79)
Word recall (delayed) 0.59 0.49 0.88 0.80 1.23 0.94
(1.15) (1.14) (1.85) (1.85) (1.75) (1.75)
Constant 740.49%**  778.37%** 731.01%**  768.32%** 768.84*** 788.99%***
(12.23) (15.40) (17.18) (23.56) (16.57) (24.23)
Observations 2,215 2,215 1,378 1,378 813 813
R-squared 0.10 0.11 0.09 0.09 0.24 0.24

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects, age,
and robust standard errors clustered by enumeration area. Models with alternate cognitive measures have missing value indicators.
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Table 24: Planning Skills and Hours Worked for Men — Heterogeneous Effects

(1)

()

(3)

(4)

(5)

(6)

Coefficients multiplied Ln(total Ln(market Ln(self- Ln(total Ln(market Ln(self-
by 100 hours) hours) employed hours) hours) employed
hours) hours)
Age <35 #optimal 4.43*** 5 15%** 4.73 Ln(planning 1.65 3.09 1.43
(1.49) (1.72) (4.22) time 1-3) (3.18) (4.08) (9.19)
Ln(planning 3.60 4.27 -9.87
time 4-6) (3.73) (4.51) (10.22)
Age 35 to 49 0.98 0.76 0.54 -6.25* -9.61* -7.06
(1.41) (2.14) (1.99) (3.24) (5.47) (5.71)
9.21%** 10.99*** 4.65
(2.39) (3.72) (4.72)
Age 50 and older -1.09 -4.36 -3.30 5.06 9.51 12.01
(2.13) (4.57) (3.72) (6.15) (9.95) (11.67)
-3.72 -21.11 -7.11
(4.69) (11.70) (9.16)
Edu: Primary/none -2.18 2.26 -5.94 -2.29 -3.35 5.46
(1.53) (2.28) (4.04) (4.40) (3.95) (7.00)
-2.39 4.46 -12.43
(4.09) (4.16) (9.43)
Edu: Junior/senior high 2.79%* 1.89 1.97 2.77 3.48 4,91
(1.15) (1.54) (2.27) (2.62) (4.05) (4.17)
3.98 3.17 -2.79
(2.80) (4.03) (4.62)
Edu: College 1.12 2.02 -2.51 -7.68 -9.70 -11.04
(2.35) (2.58) (5.93) (5.81) (6.76) (23.18)
10.16* 8.27 10.69
(5.33) (5.82) (20.63)
Urban 0.29 -0.03 0.09 -0.99 -5.68 11.08**
(1.28) (1.64) (2.49) (3.24) (4.68) (4.96)
9.00** 11.43** 2.26
(3.66) (4.71) (4.45)
Rural 1.87 2.84 -2.31 -1.84 1.07 -1.82
(1.16) (1.78) (1.86) (2.92) (4.38) (5.38)
1.23 -1.51 -4.10
(2.92) (4.51) (5.83)
Significantly different? NO NO NO YES YES YES
25 percentile 1.60 0.90 -1.18 -1.65 -0.41 -2.00
(0.99) (1.23) (1.84) (3.46) (4.19) (5.15)
4.21* 3.99 1.08
(2.44) (2.27) (4.20)
75t percentile 1.01* 1.97%** 0.62 1.08 -2.80* 1.07
(0.60) (0.51) (1.12) (1.58) (1.68) (3.27)
0.32 1.22 2.96
(1.33) (1.48) (4.49)

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area. The coefficients from the 25t and 75t

percentile are the result of quantile regressions and have bootstrapped standard errors.
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Table 25: Hours Worked and Planning Skills for Women

(1) (2) (3) (4) (5) (6)

Coefficients multiplied Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
by 100 hours) hours) hours) hours) employed employed
hours) hours)
# trials optimal -0.15 -1.63 0.55
(1.79) (2.65) (3.48)
Ln(planning time 1-3) -0.87 8.03 -10.43
(5.03) (6.35) (9.09)
Ln(planning time 4-6) 3.61 -0.60 5.26
(3.80) (4.71) (6.22)
Ln(total time 1-3) -7.84 -18.11 10.45
(8.14) (12.33) (11.32)
Ln(total time 4-6) -2.94 1.53 -17.86
(4.94) (6.56) (10.99)
Edu: Primary 13.23 11.78 45.02 45.11 -0.42 -1.99
(16.53) (16.57) (33.92) (34.18) (23.15) (23.79)
Edu: Jr High 23.00 20.39 46.84 45.10 20.00 17.93
(17.82) (17.92) (34.97) (35.09) (24.03) (24.15)
Edu: Sr High 27.85 25.54 53.65 52.79 24.74 22.91
(16.81) (16.90) (34.54) (34.90) (25.71) (26.01)
Edu: College 27.24 23.59 56.67 53.89 26.25 22.28
(17.23) (17.27) (34.78) (34.59) (29.81) (30.21)
Rural community -11.96** -11.73** -19.35%**  -18.26%** 4.80 6.63
(4.93) (4.95) (5.89) (5.82) (10.85) (10.73)
1Q test 2.35% 2.18 2.12 2.04 5.15%* 5.16**
(1.34) (1.34) (1.74) (1.73) (2.29) (2.30)
Math test -1.73 -1.62 -1.89 -2.10 -1.55 -2.44
(1.80) (1.82) (1.96) (2.01) (3.77) (3.79)
Word recall (immediate) 0.30 -0.02 1.16 0.73 -4.85 -5.20
(2.00) (2.03) (2.95) (3.04) (3.42) (3.23)
Word recall (delayed) 1.86 1.99 2.47 2.77 5.60 6.16
(1.97) (1.98) (2.58) (2.64) (3.77) (3.80)
Constant 680.35***  712.87*** 652.86***  684.20*** 679.17*** 727.75***
(20.44) (27.03) (37.91) (47.86) (31.34) (47.55)
Observations 1,198 1,198 667 667 407 407
R-squared 0.13 0.13 0.13 0.14 0.28 0.29

Note: All employment questions are asked in relation to the previous year. All models include origin sub-district fixed effects, age,
and robust standard errors clustered by enumeration area. Models with alternate cognitive measures have missing value
indicators.
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Table 26: Planning Skills and Hours Worked for Women — Heterogeneous

Effects
(1) (2) (3) (4) (5) (6)
Coefficients multiplied by Ln(total Ln(market Ln(self- Ln(total Ln(market Ln(self-
100 hours) hours) employed hours) hours) employed

hours) hours)

Age <35 # optimal -0.03 -4.02 6.63 Ln(planning 9.15 16.68 -9.26
(3.59) (4.35) (15.12) time 1-3) (9.40) (11.05) (23.60)

Ln(planning 2.91 -6.44 -4.77
time 4-6) (8.45) (9.72) (21.67)

Age 35to 49 1.70 -0.39 3.10 -2.36 10.89 1.13
(2.69) (4.31) (6.76) (6.92) (7.22) (11.01)

5.36 4.26 3.04
(4.83) (6.00) (11.35)

Age 50 and older -6.35% 8.58 -8.32 -14.45 -14.38 -15.98
(3.31) (6.08) (5.72) (10.20) (20.18) (17.64)

-7.19 -1.49 -1.34
(8.82) (10.22) (13.10)

Edu: Primary/none -3.92 -13.65 -3.81 -19.76* 5.62 -12.73
(3.69) (13.77) (5.43) (11.17) (22.90) (17.56)

8.93 16.18 -3.53
(7.58) (23.10) (10.38)

Edu: Junior/senior high 5.00 -7.13 10.43* 6.17 7.61 -8.58
(3.10) (8.26) (5.53) (7.56) (12.54) (10.52)

4.97 -13.89 13.85
(6.89) (11.40) (10.49)

Edu: College 1.37 1.18 2.53 10.36 13.09* 26.19
(2.76) (2.82) (17.98) (6.30) (7.22) (30.20)

0.71 -3.04 -13.95
(5.83) (5.73) (39.50)

Urban -1.25 -1.66 -2.78 5.44 5.93 9.45
(3.09) (3.69) (7.35) (5.48) (7.10) (13.12)
-4.60 -1.82 -29.64*
(5.16) (5.22) (15.25)

Rural -0.71 -2.27 -0.91 -7.69 3.84 -13.96
(2.57) (4.34) (4.53) (7.25) (10.86) (10.84)
10.99* 4.18 16.18**

(5.70) (9.81) (7.50)

Significantly different? NO NO NO YES NO YES
25t percentile 1.14 0.48 -0.84 4.28 12.59 -10.60
(2.48) (3.57) (4.82) (7.68) (12.32) (10.69)

9.23%* 4.15 8.42

(3.82) (5.08) (9.05)

75t percentile 0.60 0.00 -1.60 -0.39 -0.86 -1.57
(1.25) (1.39) (3.75) (3.49) (3.48) (7.69)

0.87 -3.44 -0.05

(3.81) (3.32) (8.86)

Note: All employment questions are asked in relation to the previous year. Each cell in the table is the coefficient on the marker of
executive function from a different model. These models include all the same controls as the previous models including origin sub-
district fixed effects and have robust standard errors clustered by enumeration area. The coefficients from the 25" and 75" percentile
are the result of quantile regressions and have bootstrapped standard errors.
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3.9 Supplementary Tables

Table 27: Most Common Employment Fields by Gender, Sector, Urban/Rural,

and Age
Men — market sector
Age <30 Age 30-39 Age 40-54 Age 55+
Finance/professional services Finance/professional services Finance/professional Finance/professional services
(26%) (34%) services (34%) (40%)

Retail/restaurant (23%)

Agriculture (20%)

Agriculture (19%) Agriculture (27%)

Construction (18%) Construction (22%)

Agriculture (26%)

Construction (20%)

Age <30

Men - self-employed

Age 30-39 Age 40-54

Age 55+

Agriculture (40%)
Retail/restaurant (35%)

Personal services (12%)

Retail/restaurant (41%) Agriculture (41%)

Agriculture (35%) Retail/restaurant (37%)

Transportation (10%) Transportation (13%)

Agriculture (64%)
Retail/restaurant (23%)

Transportation (5%)

Women — market sector

Age <30 Age 30-39 Age 40-54 Age 55+
Finance/professional services Finance/professional services Finance/professional Finance/professional services
(63%) (78%) services (60%) (45%)

Retail/restaurant (22%)

Personal services (9%)

Agriculture (8%) Agriculture (19%)

Personal services (5%) Personal services (14%)

Agriculture (25%)

Personal services (16%)

Age <30

Women - self-employed

Age 30-39 Age 40-54

Age 55+

Retail/restaurant (74%)
Household industry (13%)

Agriculture (6%)

Retail/restaurant (62%) Retail/restaurant (53%)

Agriculture (13%) Agriculture (22%)

Household industry (12%) Household industry (11%)

Agriculture (41%)
Retail/restaurant (35%)

Personal services (11%)

Men — market sector

Urban

Men — self-employed Women — market sector

Women — self-employed

Finance/professional services
(43%)

Construction (17%)

Retail/restaurant (13%)

Retail/restaurant (53%) Finance/professional

services (71%)
Transportation (17%) Personal services (13%)

Agriculture (11%) Retail/restaurant (11%)

Retail/restaurant (70%)

Household industry (11%)

Personal services (8%)

Men — market sector

Rural

Men - self-employed Women — market sector

Women — self-employed

Agriculture (29%)

Finance/professional services
(24%)

Construction (18%)

Agriculture (59%) Finance/professional

services (61%)

Retail/restaurant (27%) Agriculture (19%)

Transportation (6%) Retail/restaurant (9%)

Retail/restaurant (46%)

Agriculture (30%)

Household industry (11%)

Note: All employment questions are asked in relation to the previous year.
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Table 28: Choice to Work and Planning Skills — Additional Planning Measures

(1) ()

(3)

(4)

(5)

(6)

Coefficients multiplied by 100 Working Working Working Self-employed  Self-employed  Self-employed
Men
# trials correct 2.77 -3.47
(2.75) (4.27)
Ln(# of moves) -2.48 11.69**
(3.33) (5.53)
Ln(total planning time) 2.53%* -3.80%*
(1.20) (1.83)
Ln(total time) -2.00 7.23%*
(1.89) (2.89)
1Q test 0.00 0.01 0.02 -0.48 -0.49 -0.49
(0.36) (0.37) (0.37) (0.60) (0.60) (0.60)
Math test 1.29** 1.28** 1.30** -1.28 -1.32% -1.34%
(0.57) (0.56) (0.56) (0.78) (0.78) (0.79)
Word recall (immediate) -0.03 -0.01 -0.01 0.72 0.70 0.74
(0.60) (0.60) (0.59) (0.92) (0.92) (0.92)
Word recall (delayed) -0.58 -0.56 -0.55 -2.02%* -2.01%* -1.98**
(0.47) (0.47) (0.47) (0.84) (0.84) (0.84)
Constant 62.80%** 87.88%** 82.24%** 60.24** -1.48 17.34
(18.49) (14.59) (10.42) (27.08) (19.77) (14.05)
Observations 2,526 2,526 2,526 2,193 2,193 2,193
R-squared 0.17 0.17 0.17 0.22 0.22 0.22
(7) (8) (9) (10) (11) (12)
Working Working Working Self-employed  Self-employed  Self-employed
Women
# trials correct -0.67 -9.22
(3.25) (6.33)
Ln(# of moves) -7.16 -0.44
(4.93) (6.74)
Ln(total planning time) 0.98 0.44
(1.77) (2.66)
Ln(total time) -1.74 2.76
(2.60) (3.63)
1Q test -0.92 -0.94* -0.94* -0.18 -0.15 -0.11
(0.56) (0.56) (0.56) (0.83) (0.84) (0.84)
Math test 1.74%* 1.76** 1.75%* -0.62 -0.62 -0.61
(0.80) (0.81) (0.80) (1.19) (1.20) (1.20)
Word recall (immediate) 1.78* 1.77* 1.76* -1.06 -1.12 -1.13
(0.93) (0.93) (0.93) (1.07) (1.06) (1.07)
Word recall (delayed) -1.58* -1.59* -1.58* 0.38 0.35 0.32
(0.87) (0.87) (0.87) (1.22) (1.21) (1.21)
Constant 27.93 49.09*** 29.48%* 106.83*** 53.44%* 38.72%*
(21.21) (18.56) (11.79) (36.77) (25.77) (16.14)
Observations 2,727 2,727 2,727 1,074 1,074 1,074
R-squared 0.14 0.14 0.14 0.35 0.34 0.34

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the main
models, including origin sub-district fixed effects, missing value indicators for alternate cognitive measures, and robust standard
errors clustered by enumeration area.
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Table 29: Hourly Wage and Planning Skills - Additional Planning Measures

(1

() 3)

(4) (5) (6) (7 (8) (9)

Coefficients Ln(total Ln(total Ln(total  Ln(market Ln(market Ln(market Ln(self- Ln(self- Ln(self-
multiplied by wage) wage) wage) wage) wage) wage) employed employed employed
100 wage) wage) wage)
Men
# trials correct 2.02 1.35 -5.92
(8.21) (8.23) (15.63)
Ln(# of moves) -5.74 -5.19 -8.64
(7.95) (10.22) (16.31)
Ln(total planning 0.40 -1.9 3.98
time) (2.53) (3.3) (5.26)
Ln(total time) -6.04 -5.99 -3.56
(3.85) (4.73) (8.14)
1Q test 1.72% 1.72% 1.71%* 1.31 1.33 1.26 1.88 1.87 1.86
(0.90) (0.91) (0.90) (1.15) (1.15) (1.14) (1.62) (1.62) (1.63)
Math test 0.32 0.34 0.33 -0.65 -0.62 -0.58 1.69 1.71 1.75
(1.25) (1.25) (1.24) (1.46) (1.48) (1.45) (3.02) (3.02) (2.98)
Word recall 0.59 0.60 0.54 2.21 2.21 2.09 -1.42 -1.34 -1.35
(immediate) (1.39) (1.39) (1.38) (1.66) (1.67) (1.64) (2.77) (2.74) (2.75)
Word recall 1.34 1.34 1.27 0.32 0.33 0.27 3.40 3.33 3.42
(delayed) (1.34) (1.34) (1.34) (1.63) (1.63) (1.61) (2.73) (2.72) (2.75)
Constant 818.56*** 850.74*** 854.94*** 826.58*** 853.06*** 865.63*** 886.59*** 882.26%** 858.43***
(51.15) (29.76) (21.18) (53.56) (40.13) (27.11) (101.35) (54.92) (29.82)
Observations 2,184 2,184 2,184 1,375 1,375 1,375 801 801 801
R-squared 0.20 0.20 0.20 0.3 0.23 0.23 0.21 0.21 0.21
(10) (12) (12) (13) (14) (15) (16) (17) (18)
Ln(total Ln(total Ln(total  Ln(market Ln(market Ln(market Ln(self- Ln(self- Ln(self-
wage) wage) wage) wage) wage) wage) employed employed employed
wage) wage) wage)
Women
# trials correct 6.45 1.42 4.60
(9.05) (17.53) (13.74)
Ln(# of moves) -22.89 -43.74** 0.28
(14.34) (19.24) (27.37)
Ln(total planning -12.12** -12.75** -13.45
time) (5.37) (6.41) (10.11)
Ln(total time) -14.42* -16.81 1.22
(8.00) (10.45) (14.95)
1Q test 2.38 2.35 1.85 6.07*** 6.18%** 5.34%* -3.88 -3.92 -4.16
(1.83) (1.83) (1.82) (2.16) (2.17) (2.13) (3.21) (3.24) (3.29)
Math test 3.43 3.42 3.52 1.96 1.75 2.05 7.70* 7.66* 7.70
(2.37) (2.38) (2.35) (3.02) (2.96) (2.97) (4.58) (4.55) (4.67)
Word recall 2.88 2.95 3.17 491 5.38* 5.63* 3.96 3.91 3.88
(immediate) (2.55) (2.50) (2.53) (3.14) (3.06) (3.06) (4.08) (4.03) (4.13)
Word recall -0.90 -0.90 -0.69 -1.11 -1.38 -1.26 -3.85 -3.83 -3.80
(delayed) (2.29) (2.28) (2.28) (3.17) (3.19) (3.25) (4.13) (4.07) (4.13)
Constant 714.92***  834.19*** 844.18*** 759.24*** 920.35%** 864.85%** 774.98*** 8(01.27*** 825.18%**
(63.63) (54.68) (35.93)  (107.26)  (73.70) (47.83) (88.37)  (105.56)  (64.48)
Observations 1,068 1,068 1,068 662 662 662 405 405 405
R-squared 0.29 0.29 0.31 0.37 0.37 0.39 0.28 0.28 0.29

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the main
models, including origin sub-district fixed effects, missing value indicators for alternate cognitive measures, and robust standard
errors clustered by enumeration area.
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Table 30: Hours Worked and Planning Skills — Additional Planning Measures

(1 ()

3)

(4) (5) (6)

(7

(8)

(9)

Coefficients Ln(total Ln(total Ln(total  Ln(market Ln(market Ln(market Ln(self- Ln(self- Ln(self-
multiplied by hours) hours) hours) hours) hours) hours) employed employed employed
100 hours) hours) hours)
Men
# trials correct 9.22 8.07 8.87
(5.70) (8.46) (9.12)
Ln(# of moves) -12.04** -15.89** 0.02
(5.11) (8.00) (9.10)
Ln(total planning 3.81* 3.82 1.39
time) (2.24) (2.94) (4.06)
Ln(total time) -10.75%** -9.86** -7.55
(3.33) (4.66) (5.35)
1Q test 0.51 0.52 0.51 1.10 1.13 1.10 -0.51 -0.49 -0.44
(0.76) (0.76) (0.75) (1.23) (1.23) (1.23) (1.05) (1.06) (1.05)
Math test 0.43 0.43 0.47 0.20 0.25 0.31 0.36 0.35 0.26
(0.86) (0.86) (0.86) (1.05) (1.02) (1.03) (1.63) (1.63) (1.64)
Word recall 0.27 0.30 0.22 0.38 0.38 0.30 -0.53 -0.54 -0.47
(immediate) (1.18) (1.19) (1.18) (1.65) (1.67) (1.66) (1.77) (1.76) (1.78)
Word recall 0.58 0.60 0.52 0.84 0.92 0.85 1.21 1.18 0.96
(delayed) (1.15) (1.15) (1.14) (1.85) (1.84) (1.84) (1.76) (1.76) (1.75)
Constant 692.66***  789.42*** 784.21*** £91.35%** 795 87*** 775 05%** 713.03*** 765.36%** 792.62%**
(35.40) (21.54) (15.35) (53.18) (32.34) (23.45) (56.39) (39.78) (24.67)
Observations 2,215 2,215 2,215 1,378 1,378 1,378 813 813 813
R-squared 0.10 0.10 0.11 0.08 0.09 0.09 0.24 0.24 0.24
(10) (11) (12) (13) (14) (15) (16) (17) (18)
Ln(total Ln(total Ln(total  Ln(market Ln(market Ln(market Ln(self- Ln(self- Ln(self-
hours) hours) hours) hours) hours) hours) employed employed employed
hours) hours) hours)
Women
# trials correct 5.08 -3.60 5.64
(6.58) (9.50) (9.14)
Ln(# of moves) -1.90 7.62 -20.07
(11.45) (15.86) (21.75)
Ln(total planning 191 2.15 1.92
time) (4.08) (4.75) (8.62)
Ln(total time) -8.99 -6.67 -17.17
(5.67) (8.05) (10.79)
1Q test 2.35% 2.35% 2.30* 2.09 2.06 2.06 5.21%* 5.02%* 5.14%*
(1.34) (1.34) (1.36) (1.73) (1.71) (1.74) (2.29) (2.30) (2.29)
Math test -1.73 -1.73 -1.77 -1.94 -1.90 -1.97 -1.54 -1.33 -1.77
(1.80) (1.80) (1.82) (1.98) (1.98) (2.01) (3.77) (3.75) (3.75)
Word recall 0.26 0.29 0.21 1.23 1.08 1.21 -4.72 -5.15 -5.17
(immediate) (1.99) (2.00) (1.99) (2.96) (2.97) (2.97) (3.31) (3.39) (3.33)
Word recall 1.86 1.87 1.94 2.58 2.60 2.51 5.53 5.71 5.95
(delayed) (1.97) (1.97) (1.97) (2.61) (2.62) (2.61) (3.72) (3.71) (3.80)
Constant 649.42*%**  686.48*** 715.29*%** 667.90*** 619.76*%** 669.42*** 647.27*** 753.17%** 754.30%**
(47.74) (46.96) (27.26) (70.46) (73.90) (48.27) (62.79) (87.85) (48.50)
Observations 1,198 1,198 1,198 667 667 667 407 407 407
R-squared 0.13 0.13 0.13 0.13 0.13 0.13 0.28 0.28 0.29

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the main
models, including origin sub-district fixed effects, missing value indicators for alternate cognitive measures, and robust standard

errors clustered by enumeration area.
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Table 31: Planning and Total Income for Men and Women

(1) (2)

(3) (4)

(5)

(6)

Coefficients multiplied Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
by 100 income) income) income) income) employed employed
income) income)
Men
(1.24) (1.27) (2.53)
Ln(planning time 1-3) -2.54 -0.26 -2.61
(3.04) (3.71) (5.09)
Ln(planning time 4-6) 4.94* 2.98 6.21
(2.61) (3.53) (5.26)
Ln(total time 1-3) -6.13 -14.13* 2.23
(5.17) (7.16) (7.70)
Ln(total time 4-6) -8.97** -6.02 -9.48
(3.90) (5.52) (7.14)
Constant 1568.16*** 1626.74***  1560.27*** 1634.05*** 1614.32%** 1643.66***
(19.68) (24.34) (25.27) (33.03) (27.05) (32.98)
Observations 2,184 2,184 1,375 1,375 801 801
R-squared 0.22 0.22 0.24 0.25 0.25 0.25
Women
# trials optimal 6.82%** 10.16%** 2.00
(2.48) (3.78) (3.74)
Ln(planning time 1-3) -9.36 -10.39 -11.82
(7.40) (10.02) (12.77)
Ln(planning time 4-6) -3.96 -2.53 -8.86
(5.01) (6.28) (8.44)
Ln(total time 1-3) -3.47 -4.77 13.13
(11.61) (14.63) (17.73)
Ln(total time 4-6) -16.89** -17.72%* -17.29
(7.36) (10.08) (12.95)
Constant 1414.79*** 1538.00*** 1389.07*** 1528.80*** 1477.56%** 1540.94***
(26.09) (39.08) (42.26) (52.40) (38.96) (64.92)
Observations 1,068 1,068 662 662 405 405
R-squared 0.31 0.33 0.38 0.39 0.34 0.36

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the primary
specifications, including indicators for missing 1Q test or word recall, origin sub-district fixed effects, and robust standard errors
clustered by enumeration area.
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Table 32: Planning and Income Trajectory for Men and Women

1

()

3)

(4)

(5)

(6)

Coefficients multiplied by Ln(total Ln(total Ln(market Ln(market Ln(self-employed Ln(self-employed
100 income) income) income) income) income) income)
First job - Men
# trials optimal 0.06* 0.05 0.13
(0.04) (0.03) (0.16)
Ln(planning time 1-3) -0.14* -0.22%* 0.10
(0.07) (0.09) (0.23)
Ln(planning time 4-6) -0.02 0.02 0.08
(0.06) (0.08) (0.21)
Ln(total time 1-3) -0.04 0.06 -0.50
(0.12) (0.16) (0.38)
Ln(total time 4-6) 0.06 0.06 -0.29
(0.09) (0.12) (0.47)
Constant 15.63*** 15.97*** 15.88*** 15.91%** 13.34%** 16.69***
(0.47) (0.55) (0.56) (0.65) (1.33) (1.75)
Observations 1,458 1,458 991 991 225 225
R-squared 0.39 0.40 0.45 0.46 0.52 0.53
First job - Women
# trials optimal 0.06 0.14** -0.11
(0.04) (0.06) (0.11)
Ln(planning time 1-3) 0.01 0.05 015
(0.11) (0.14) (0.31)
Ln(planning time 4-6) 0.09 -0.06 0.32
(0.10) (0.11) (0.29)
Ln(total time 1-3) -0.15 -0.23 0.47
(0.18) (0.25) (0.39)
Ln(total time 4-6) -0.18 -0.15 -0.63
(0.14) (0.18) (0.53)
Constant 13.99%** 15.29*** 13.19%** 15.06*** 15.98*** 16.27***
(0.51) (0.67) (0.73) (1.02) (1.13) (1.99)
Observations 790 790 497 497 190 190
R-squared 0.48 0.48 0.52 0.52 0.62 0.62
Ln(total income)
STARF STAR G
# trials optimal 0.04** 0.03* 3.70**
(0.02) (0.02) (1.68)
Ln(planning time 1-3) 0.08* 0.01 261
(0.05) (0.03) (3.42)
Ln(planning time 4-6) -0.01 -0.03 -0.25
(0.03) (0.03) (3.49)
Ln(total time 1-3) -0.06 -0.05 -4.64
(0.07) (0.05) (6.42)
Ln(total time 4-6) -0.14%** -0.08* -9.56**
(0.06) (0.04) (4.79)
Constant -5.63 -4.09 -10.30* -7.49 -1270.35** -1221.80**
(6.55) (6.58) (5.31) (5.27) (491.22) (512.07)
Observations 1,303 1,303 2,150 2,150 2,969 2,969
R-squared 0.32 0.32 0.28 0.28 0.31 0.30

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the primary
specification. The third panel also includes gender and date of interview. The first and second panels control for year of first job.
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Table 33: Main Models Controlling for Unpaid Family Workers — Men

(1) (2) (3) (4) (5) (6) (7) (8)
Coefficients Doing paid  Doing paid Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
multiplied by 100 work work wage) wage) wage) wage) employed  employed
wage) wage)
# trials optimal 031 134 0.42 2.56
(0.58) (1.22) (1.41) (2.51)
Ln(planning time 1-3) -0.00 -1.37 1.45 -4.96
(1.44) (3.23) (3.63) (5.38)
Ln(planning time 4-6) 2.87** 1.85 -0.26 4.98
(1.13) (2.44) (2.75) (4.94)
Ln(total time 1-3) -2.01 -6.46 -15.47** 6.52
(2.64) (4.79) (6.02) (6.98)
Ln(total time 4-6) -1.01 -1.17 2.12 -4.08
(1.70) (3.25) (4.04) (7.77)
Has unpaid family 12.79%*** 12.71%** 5.45 5.54 4.02 4.11 17.13** 17.39**
worker (1.90) (1.88) (6.23) (6.19) (13.36) (13.26) (7.97) (7.95)
Constant 77.48%** 84.07*** 824.82***  852.32%** 833 18%**  871.01***  840.21***  845.22%**
(7.95) (10.78) (15.09) (21.72) (22.11) (27.41) (25.72) (28.81)
Observations 2,526 2,526 2,184 2,184 1,375 1,375 801 801
R-squared 0.18 0.18 0.20 0.20 0.23 0.23 0.22 0.22
9) (10) (11) (12) (13) (14) (15) (16)
Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self- Self- Self-
hours) hours) hours) hours) employed employed employed employed
hours) hours)
# trials optimal 1.55* 2.41* -0.73 -1.87**
(0.84) (1.29) (1.33) (0.88)
Ln(planning time 1-3) -1.32 -1.03 0.75 -3.10
(2.18) (2.87) (3.94) (2.08)
Ln(planning time 4-6) 4.42%* 4.06 0.22 -2.41
(2.29) (2.99) (4.14) (1.59)
Ln(total time 1-3) 0.58 1.72 -0.92 5.39
(3.02) (4.74) (4.74) (3.62)
Ln(total time 4-6) -9.94%*x* -9.43%* -6.22 4.67*
(3.12) (4.18) (5.13) (2.47)
Has unpaid family -2.16 -1.73 -29.35% -28.91* -12.41* -12.34* 22.80*** 22.65%**
worker (4.51) (4.53) (17.43) (17.41) (7.19) (7.29) (3.76) (3.73)
Constant 740.52***  778.37***  730.14*%**  768.15%**  769.00***  789.42%** 47.09%** 12.83
(12.21) (15.41) (17.38) (23.49) (16.73) (24.42) (11.99) (14.67)
Observations 2,215 2,215 1,378 1,378 813 813 2193 2193
R-squared 0.10 0.11 0.09 0.09 0.25 0.25 0.23 0.24

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the primary
specifications, including indicators for missing 1Q test or word recall, origin sub-district fixed effects, and robust standard errors
clustered by enumeration area.
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Table 34: Main Models Controlling for Unpaid Family Workers —- Women

1 () (3) (4) (5) (6) () (8)

Coefficients Doing paid  Doing paid Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self-
multiplied by 100 work work wage) wage) wage) wage) employed  employed
wage) wage)
# trials optimal 0.47 6.71%%* 10.37%** 1.46
(0.74) (2.43) (3.19) (3.95)
Ln(planning time 1-3) -0.79 -8.27 -15.23* -1.55
(1.95) (6.12) (8.17) (12.00)
Ln(planning time 4-6) 0.57 -5.67 -1.83 -13.18*
(1.57) (4.11) (5.95) (7.44)
Ln(total time 1-3) 6.50** -1.71 6.03 2.62
(2.79) (9.64) (11.83) (15.89)
Ln(total time 4-6) -4,95%* -10.87 -14.47 0.95
(2.38) (7.11) (8.82) (15.01)
Has unpaid family 63.53%** 63.54*** 2.15 -5.00 -29.67 -32.82 29.63* 21.44
worker (2.80) (2.72) (14.59) (14.00) (29.61) (30.55) (16.98) (17.46)
Constant 21.14%* 22.94%* 729.91%**  824.14%**  727.34%*%*  829.26%**  79569***  808.62*%**
(8.56) (11.48) (25.35) (37.45) (31.05) (50.97) (35.78) (64.39)
Observations 2,727 2,727 1,068 1,068 662 662 405 405
R-squared 0.16 0.16 0.29 0.31 0.38 0.39 0.29 0.30
9) (10) (11) (12) (13) (14) (15) (16)
Ln(total Ln(total Ln(market  Ln(market Ln(self- Ln(self- Self- Self-
hours) hours) hours) hours) employed employed employed employed
hours) hours)
# trials optimal 0.08 -1.33 0.65 0.74
(1.76) (2.65) (3.49) (1.02)
Ln(planning time 1-3) -0.73 8.10 -10.30 -3.40
(5.03) (6.35) (9.06) (3.22)
Ln(planning time 4-6) 3.97 -0.76 6.07 3.36
(3.75) (4.78) (6.23) (2.37)
Ln(total time 1-3) -7.80 -18.04 10.62 2.25
(8.10) (12.29) (11.13) (4.85)
Ln(total time 4-6) -3.10 1.08 -17.93 1.79
(4.93) (6.59) (11.13) (3.06)
Has unpaid family 36.25%** 35.98*** 37.28%** 39.00*** 27.46* 25.02* 21.08** 21.46%*
worker (9.57) (9.39) (10.78) (10.62) (13.95) (14.34) (9.60) (9.99)
Constant 677.71***  710.84***  650.72*%**  684.88***  £676.89***  724.38*** 48.23%** 36.59**
(20.36) (27.04) (38.13) (47.80) (30.83) (47.26) (10.10) (16.97)
Observations 1198 1198 667 667 407 407 1074 1074
R-squared 0.133 0.136 0.134 0.138 0.284 0.296 0.348 0.351

Note: All employment questions are asked in relation to the previous year. All models include the same covariates as the primary
specifications, including indicators for missing 1Q test or word recall, origin sub-district fixed effects, and robust standard errors
clustered by enumeration area.
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4. Parental Executive Functioning and Child Well-Being

4.1 Introduction

There is growing interest in teasing apart the role specific cognitive skills play in
economic success and well-being, motivated by a large literature suggesting that general
cognitive function is strongly associated with success and welfare in many areas of life,
such as work and education. Typical measures of general cognitive function like fluid
intelligence and IQ, however, cannot disentangle the role that specific cognitive skills
play and how that varies based either on individual characteristics or context. At the
same time, there is a sizable literature that highlights the importance of the early
childhood environment, and how the effects of a child’s household, school, or
community can persist in important ways into adulthood. There is very limited
evidence, however, on how specific cognitive skills are transmitted from parents to
children, and whether particular parental cognitive skills play a role in child well-being
above and beyond their effect on household socioeconomic status. The goal of this
project is to provide evidence on the relationship between parental executive
functioning and child well-being by adapting a well-established measure from cognitive
neuroscience for use on a population representative, longitudinal sample of individuals
and households in Indonesia. This allows me to investigate first whether parental
executive functioning is related to the well-being of their children, as measured using a

set of outcomes across several domains. I will also provide evidence on whether the
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marker of executive functioning used in this study provides additional information not
contained in other markers of cognitive skill more traditionally included in surveys.

The measure of executive function used in this project is well-established and
widely used in the cognitive neuroscience and psychology literatures, often performed
in a lab setting. It is carefully designed to measure one precise marker of executive
function and to be uninfluenced by previous exposure to stimuli so as not to be affected
by literacy, numeracy, or socioeconomic status. However, the work using this measure
with families and children has tended to focus on the relationship between parental
executive functioning and their parenting skills, or between the household environment
and child executive function, but has not so far connected parental executive functioning
directly with measures of well-being of their children. An additional limitation of much
of this literature is it is frequently conducted on very small samples of respondents,
often convenience samples, which are rarely representative of a larger population. They
are also almost all focused on developed country contexts, particularly the United States
and Europe.

The work on cognitive functioning in the economics and sociology literatures, on
the other hand, often has methodological strengths in terms of focusing on population-
representative samples as well as collecting data on a wider range of individual
outcomes, including health, employment, socioeconomic status, and education. A

limitation of this previous work, however, is that it often uses coarser and less precise
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measures of cognitive functioning such as fluid intelligence, proxies such as education,
or measures that can be influenced by previous experiences. This work suggests that
parental and household characteristics such as education are important for children’s
success, but the literature on whether parental executive functioning is important for
children’s outcomes and how that may vary based on the environment or child
characteristics is scant.

The aim of this project is to bring well-established tools from cognitive
neuroscience and combine them with the methods, tools, and questions of economics.
The tests of executive function were conducted on a subsample of an existing
longitudinal survey of respondents from the Study of the Tsunami Aftermath and
Recovery in Indonesia. Linking to this existing sample allows me to connect individual
cognitive data to a rich set of outcomes at the household, individual, and community
levels. Of particular importance is that the cognitive tests were done on all members of
each household over age seven, allowing parental cognitive skills to be related to the
cognitive skills of their children, as well as to a range of household and child
characteristics. By using the best tools from both the cognitive neuroscience and
economics literatures, I am able to overcome previous data and methodological
limitations to investigate how parental executive functioning is related to the outcomes

and well-being of their children.
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For this project, I look at a set of child outcome measures: child executive
functioning, height-for-age, weight-for-height, years of education, and IQ. I focus on
these markers because they are all important measures of current well-being and are
also associated with a broad set of indicators of later-life welfare. Child executive
function, for instance, is associated with educational attainment as well as psychosocial
well-being (Cohen et al. 1995; Kirby and Ashman 1984; Friedman et al. 2014; Crook and
Evans 2014; Blums et al. 2016), while adult executive function is related to psychosocial
and physical health (Houghton et al. 1998; Pantelis et al. 1997; Hughes et al. 1994; Purcell
et al. 1997; Foltynie et al. 2004; Bartok et al. 1997; Black et al. 2017; Goudriaan et al. 2006;
Severtson et al. 2009) as well as to income and labor market success (see Chapter 3).
Height-for-age is an important marker of child health and nutrition and is associated
with adult educational attainment, income, health, and mortality (Fogel 1994; Strauss
and Thomas 1995; Hoddinott et al. 2008; Adair et al. 2013). An additional reason to look
at child height is that the biology and nutrition literatures have established that the
trajectory of linear growth is essentially determined by the age of 24 to 36 months, and
after this point a child’s attained height is largely set in the absence of a large health
shock. In the context of this project, child height-for-age can therefore be viewed as a
marker of longer-term parental and environmental inputs. On the other hand, weight-
for-height is more of a measure of current and short-term health and nutrition status.

Educational attainment and general cognitive functioning have been shown to be
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associated with later-life success in the labor market as well as physical and mental
health and mortality (Cawley et al. 2001; Heckman et al. 2006; Batty and Deary 2004;
Hall et al. 2009).

The analysis in this chapter demonstrates that parental executive functioning is
an important predictor of child well-being. For both mothers and fathers, better
executive functioning is strongly related to better child executive functioning, but these
relationships are significantly stronger for sons than daughters. Fathers with better
executive functioning tend to have taller children, while mothers with better executive
functioning have heavier children. These results are generally stronger for children in
rural areas and children from lower socioeconomic status families. In addition,
household demographics also matter. In particular, the relationship between parental
executive functioning and child outcomes depends on the gender and birth order of the
child. This provides evidence that the results I observe are not simply a reflection of
genetic transmission of cognitive skills but rather the result of parental choices and

behaviors.

4.2 Executive Function

Executive function is a term used to refer to a group of cognitive processes that
are important for higher-level cognition. In particular, executive function is used in
solving problems and executing solutions, in thinking flexibly in new situations, and in

engaging in goal-oriented behavior while inhibiting undesirable or instinctive behavior.
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These types of behavior rely in particular on the prefrontal cortex of the brain and utilize
three component skills: working memory, shifting, and inhibition (Best and Miller 2010;
Hackman et al. 2015). Working memory refers to the ability to hold information in short-
term memory while manipulating it (one example might be doing mental arithmetic).
Shifting refers to the ability to shift between following different rules or between
performing different behaviors, depending on the situation. Finally, inhibition refers to
the ability to restrain the impulse for unwanted (often automatic) behavior. Together,
these three skills also make up one of the important subcomponents of executive
function known as planning, which will be the focus of this paper.

The term planning refers to the cognitive skill of reasoning, organizing solutions,
and enacting solutions to particular problems. It is a fundamental component of
executive function and is believed to be a critical skill used in many arenas of life
(Hackman et al. 2015; Cattie et al. 2012). All three component pieces outlined above are
involved in planning. For instance, working memory is required to plan and carry out
solutions to complex, multi-step problems. Solving difficult problems also requires
people to consider different possible solutions and to evaluate them in order to select an
action, and then be able to switch between different courses of action and adapt their
solution as needed as they work through the problem (Purves et al. 2008). Finally, the

use of behavioral inhibition is needed to resist initial impulses and instincts when
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solving problems, in order to avoid mistakes and plan successfully. This is particularly
important for complex and novel problems and situations.

The most common task used by cognitive neuroscientists to measure planning
skills in the lab is a test known as the Tower of London/Tower of Hanoi. This task has
been used and described extensively in other papers (for some early examples, see
Simon 1975 and Shallice 1982). There are some variations in the implementation of the
task, but they all begin with items such as disks, beads, or balls, spread between
multiple holes or pegs. The ultimate goal of the task is to move these objects, one at a
time, until they are in order from smallest to largest on the right-most peg or hole. This
task is made more difficult by restrictions on how the objects are allowed to be moved.
For instance, only one can be moved at a time and only the top or outermost item can be
moved. The respondent goes through multiple trials which begin fairly simply and get
increasingly difficult. As the trials get harder, they require more moves (and therefore
more memory), more impulse control to avoid mistakes, and more creative and complex
problem solving.

One feature of executive function, including planning, that is significantly
different than other, more basic cognitive skills is its developmental trajectory. Like
other cognitive skills, it develops very rapidly in early childhood. However, unlike some
others, it continues to develop well into adolescence and even young adulthood (Best

and Miller 2010; Luciana et al. 2009; Albert and Steinberg 2011). Many cognitive skills
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also undergo important changes at older ages as part of the normal process of cognitive
aging, including some of the components of planning and executive function. Working
memory, for instance, shows marked declines with age (Shing et al. 2010; Glinsky 2007).
Given this previous literature, when I analyze planning by age it is expected that
planning skills will vary with age and that the environmental, family, and educational
conditions in early childhood and adolescence may be particularly important for the

development of planning skills.

4.3 Literature on Parental Executive Function and Child
Outcomes

Research in psychology and cognitive neuroscience suggests that a child’s
environment can play a critical role in the development of executive function,
particularly in the first few years of life but continuing through adolescence. On the one
hand, investments of time and resources can improve executive function (Diamond et al.
2007; Holmes et al. 2009; Klingberg 2010), as can improvements in parenting behaviors
and in the home-learning environment (Devine et al. 2016). On the other hand, however,
exposure to chronic stress, deprivation or low socioeconomic status, trauma, poor
nutrition, problems in the home environment (for example, household chaos or foster
care), or negative parenting behaviors (lack of attachment, poor parental scaffolding, or
reactivity, for instance) during childhood and adolescence are associated with worse

executive function (de Cock et al. 2017; Deater-Deckard et al. 2013; Hook et al. 2013;
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Miiller et al. 2013; Lupien et al. 2009; Bradley and Corwyn 2002; Shonkoff and Garner
2012; Evans and Schamberg 2009; Cohen et al. 2016).

There is also evidence to suggest that not only can parental behaviors influence
child executive function, but parental executive function is associated with household
conditions and parenting behaviors (for instance, bonding and attention) that can
themselves enhance or detract from the development of executive function in children.
What is also important is that many of these relationships between household conditions
and child executive functioning hold even conditional on parental socioeconomic status
or household resources, suggesting that although there is a relationship between
socioeconomic status and cognitive development, many other aspects of a child’s
environment, such as familial relationships, cognitive stimulation, and parent
characteristics are important as well (Deater-Deckard et al. 2013; Hook et al. 2013).
However, there is little evidence on the relationships between parental executive
function and other child outcomes that we know to be important (for instance, health
status).

Much of this literature on early-life conditions and child executive function is
motivated by the evidence that executive function develops during childhood and
adolescence and then is relatively stable, and that adult executive function is important
for long-run adult well-being. However, typically this literature has been limited in its

ability to make the connections between child executive function and longer-run
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outcomes. What has been shown is that children with better planning skills tend to
perform better in school and on tests and to achieve higher levels of education (Cohen et
al. 1995; Kirby and Ashman 1984; Friedman et al. 2014; Crook and Evans 2014; Blums et
al. 2016). They also tend to have better behavioral and mental health outcomes (Morgan
et al. 2000; Bush et al. 2005; Rogers et al. 2004; Riggs et al. 2007). A few of these papers
have tied together parental characteristics and behaviors, child executive function, and
academic achievement to try and illustrate how parental behaviors are important both
for the development of executive function and for academic achievement itself (Devine
et al. 2016, for example). The literature on executive functioning in adults, on the other
hand, has tended to focus on how it’s related to psychosocial disorders (Houghton et al.
1998; Pantelis et al. 1997; Hughes et al. 1994; Purcell et al. 1997), physical conditions such
as HIV and Parkinson’s (Foltynie et al. 2004; Bartok et al. 1997), and to a few negative
behaviors such as binge drinking or compulsive gambling (Black et al. 2017; Goudriaan
et al. 2006; Severtson et al. 2009), rather than to success more broadly defined, such as
labor market outcomes or socioeconomic status. Chapter 3 of this dissertation
demonstrated a relationship between adult planning skills and labor market choices and
success for adults in Indonesia.

One challenge in this literature looking at the correlation between parental
characteristics and child executive function is differentiating the role of genetics and

shared environment, particularly given that the household environment is plausibly
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caused in some part by parental cognitive skills. There is a literature in cognitive
neuroscience and psychology which has tried to sort out the extent to which executive
function is determined by genetics versus the environment. Although some early twin
studies argued that executive function was almost entirely heritable, this is hard to
reconcile with the large literature showing relationships between executive function and
early-life environment, particularly socioeconomic status, stress, and parental behavior.
Although much of this literature is cross-sectional, there is some longitudinal work as
well that suggests that changes in the home environment and parenting behaviors are
related to changes in child executive function (Blair and Raver 2012; Bernier et al. 2011).
There are also biological reasons to think that environment can impact the development
of executive function, particularly due to the role that stress hormones appear to play in
the development of brain regions crucial for executive function (Mizoguchi et al. 2004).
Most recent literature seems to agree that the reality is complex — executive function
does seem to be partly genetic but is also influenced by environmental factors,
particularly during critical developmental periods (Muller et al. 2013).

At the same time, there is a large body of work in economics and sociology that
suggests that early-life conditions and childhood interventions can have a large impact
on other measures of child human capital and health and that these, in turn, are
important for well-being and success in adulthood. One strand of this literature, for

instance, looks at childhood interventions such as access to early childhood programs
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and suggests that these programs can result in improved human capital, as measured by
performance in school or by better later-life outcomes including improved health, higher
educational attainment, and increased labor market success (Muennig et al. 2011;
Heckman et al. 2010; Rolnick and Grunewald 2003; Currie and Thomas 1995; Garces et
al. 2002). Another looks at the relationship between parental characteristics, including
education, income, height, and profession, and finds evidence of a positive relationship
with numerous measures of child human capital, including education, reported health,
height, and weight, and a negative relationship with health shocks such as diagnoses of
chronic conditions and hospitalizations (Currie 2008; Case et al. 2008; Thomas et al. 1990;
Aslam and Kingdon 2012, for instance). Other research has looked at the deleterious
impacts of chronic stress, poverty, and trauma (see Chaudry and Wimer 2016; Cas et al.
2014; Brooks-Gunn and Duncan 1997; Pechtel et al. 2011; and De Bellis and Zisk 2015 for
just a few examples).

The choice of height, weight, education, and fluid intelligence as child outcomes
to investigate in addition to child planning skills reflects a large literature on the link
between child capital and later-life outcomes. For instance, educational attainment has
been shown in a large body of work to be related to differences in adult labor market
and socioeconomic outcomes as well as to physical and mental health and mortality
(Currie 2008; Cawley et al. 2001; Heckman et al. 2006; Batty and Deary 2004; Hall et al.

2009). Another strand of literature shows a relationship between child health,
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particularly child height, and educational attainment and adult outcomes, including
health, wages, mortality, and socioeconomic status (Fogel 1994; Case et al. 2005; Strauss
and Thomas 1998; Hoddinott et al. 2008; Alderman et al. 2006; Maluccio et al. 2009;
Adair et al. 2013). Child weight, particularly underweight or wasting, is strongly related
to childhood morbidity, mortality, educational attainment, and cognitive development
(Benson and Shekar 2006; Horton 1999; Kar et al. 2008). Fluid intelligence in children,
frequently measured using the Raven’s Progressive Matrices, has been to shown to be
associated with psychosocial and behavioral health and performance in school, while
adult fluid intelligence may also be related to income and success in the labor market
(Huepe et al. 2011; Campos et al. 2013; Heineck and Anger 2010; Heckman et al. 2006;
Scullin et al. 2000).

Also relevant for this project is the large literature on the choices parents make in
terms of investments in children and how those are related to the quantity, ages, and
characteristics of their children and to household resource constraints and shocks
(Currie and Almond 2011). At least in some contexts, parents appear to invest in
children differentially depending on their gender and on the characteristics of the
parents (for instance, their education or income, and mothers seem to invest differently
than fathers) (see Thomas 1994; Lundberg 2005; Duflo 2003; and Strauss and Thomas
1995 for just a few examples from developing-country contexts). Another long literature

looks at how parental investments may depend on birth order and the number of
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children by age and gender, for instance with more investment in firstborn children and
male children, particularly in contexts where resources are constrained (Behrman 1988;
Kaul 2018; Jayachandran and Pande 2017; Monfardini and See 2014). In the cognitive
neuroscience literature, however, work on how household demographics, particularly
number and age of children, may mediate relationships between parental planning skills
and child outcomes is very sparse. Although they do not look at executive function
specifically, one paper by Anger and Heineck (2010) showed a stronger relationship
between parental fluid intelligence and the fluid intelligence of children of their same
gender (i.e., mothers to daughters and fathers to sons), suggestive of the importance of

environment and upbringing in child intelligence, in addition to the role of genetics.

4.4 Data and Methods
4.4.1 Study of the Tsunami Aftermath and Recovery

This project makes use of data from the Study of the Tsunami Aftermath and
Recovery (STAR), a longitudinal survey of individuals, households, and communities in
Indonesia. The initial purpose of STAR was to follow individuals and households who
were potentially exposed to the Indian Ocean tsunami that struck off the coast of
Indonesia on December 26, 2004. This massive tsunami devastated several countries in
the area and resulted in massive amounts of mortality, destruction, and displacement.
The worst levels of damage were seen in Aceh, Indonesia, where an estimated 160,000

people died and approximately half a million people were displaced (World Bank 2008).
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Previous work using STAR has shown that, in addition to the mortality impact, there
was a tremendous loss of resources in communities that were damaged as well as
extensive migration, in addition to longer-term effects on fertility, mental health, human
capital, and child health (Frankenberg et al. 2008; Frankenberg et al. 2011; Nobles et al.
2015; Frankenberg et al. 2014).

The STAR survey has followed approximately 32,000 individuals (10,000
households) who lived in communities in Aceh and North Sumatra prior to the tsunami.
A key feature of STAR is that the baseline for the STAR sample is based on a population-
representative survey conducted before the tsunami as part of the 2004 National
Socioeconomic Survey (SUSENAS). With the SUSENAS sample as a starting point, 525
enumeration areas were selected along the coast of North Sumatra and Aceh in order to
have a population-representative baseline in those areas to be used for STAR. These
areas were selected to include a range of impacts of the tsunami, including areas that
were devastated and areas with light or no damage (Gray et al. 2014). For this paper, I
will refer to the baseline data from the SUSENAS subsample that formed the basis of
STAR as STAR-A. After the tsunami, new surveys were conducted annually for five
years (which will be referred to as STAR-B through STAR-F). Another round of the
survey was conducted 10 years after the tsunami (STAR-G). At every phase, extensive
information was collected about the disaster and recovery. In addition, the survey

collected information on a wide range of other topics at the individual and household
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levels, including socioeconomic characteristics, psychosocial health, pregnancy and
fertility, migration, health status and behaviors, education, and labor force participation.
Information was asked of individuals and families.

Beginning with STAR-E, the survey added some traditional measures of
cognitive skills. The first is word recall, which was conducted on adults age 15 or older.
This is a commonly used method of eliciting working and long-term episodic memory
outside of a controlled laboratory setting. In this task, adults are slowly read a list of 10
words (which include common items such as “house” or “car”). They are then asked to
recall for the interviewer as many of the words as they are able. The survey moves on for
approximately 20 minutes to other questions, before they are asked again to list as many
of the words as they can remember. In this paper I will refer to the first recall as
“immediate” and the second as “delayed.” To analyze these responses, I can look either
at immediate and delayed recall individually or at the average of the two as a measure
of memory.

However, there are methodological issues with the word recall task. The first is
that performance depends on personal characteristics other than memory, such as
familiarity with the words on the list and literacy, which are themselves affected by
education and socioeconomic status. The interviewers themselves can also affect
performance if they change the speed with which they read the list between subjects.

Another noted issue is that respondents are typically better at remembering words near
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the end of the list rather than earlier words, which suggests that the end of the list is
being held in short-term memory, while respondents are forced to hold earlier words in
long-term memory. The result is that it is not possible with this task to distinguish
between these two types of memories using word recall as a measure (Purves et al.
2008). For the purpose of this project, however, I am able to use word recall as an
example of a typical cognitive measure used in surveys to compare with the new
measure used in this study.

Two additional cognitive measures were added to the survey in STAR-G, all
adapted from the Cebu Longitudinal Health and Nutritional Survey. The first is a non-
verbal fluid intelligence test (IQ), which was based on a Raven’s Progressive Matrices
test (Raven 2000) and conducted on adults and (in the most recent round of interviews)
on children between the ages of 8 and 14. The Raven’s Progressive Matrices test has been
used in contexts around the world and involves recognizing patterns without relying on
literacy, numeracy, or familiarity with specific objects. The second is a test of basic
mathematical skills, which was conducted on adults. Both of these measures encapsulate
many specific cognitive skills as subcomponents, but they are frequently used in the
literature (particularly the Raven’s task), so again they serve as useful comparisons in
analysis with the preferred cognitive measure.

Selected characteristics for children (under 16 years of age) and of their parents

are shown in Table 35. We can see that the average child in the sample lives in a
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household with approximately five people, including two children, with a per capita
monthly expenditure of $56. Two-thirds of the children live in rural communities.
Turning to their parents, the average mother is 33 years old, while fathers are about six
years older. Parents have roughly 10 years of education on average, answer four (50%)
of the IQ questions correctly, answer one (20%) of the math questions correctly, and
recall five (50%) words during the immediate recall and four (40%) words during
delayed recall. The average mother has a BMI of approximately 26, while the average

father has a BMI of approximately 23.

4.4.2 Measure of Planning Skills

A major innovation in this project over previous studies is the adaptation of
established tasks from cognitive neuroscience to be performed on tablets in the field on a
representative subsample of the STAR respondents. I will refer in this paper to that
round of data collection, which included these cognitive measures, as STAR-G+. In total,
STAR-G+ respondents performed seven tasks measuring different cognitive skills. One
of these tasks measured planning ability by using a modified version of a well-
established task known either as the Tower of Hanoi or the Tower of London. During
this task, respondents work through six trials of increasing difficulty. All the trials begin
with three balls (one large, one medium, and one small) that are in some configuration
spread among three triangular holes. An example of what the respondent sees is shown

in Figure 9. The reason the holes are triangular is that only the smallest ball can fit in the
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bottom of the hole, while the medium ball can fit halfway down or at the top, and the
large ball can only fit at the top. They can only all fit in the same hole if they are in the
correct order — smallest at the bottom, then medium, then large. Given the initial
configuration, the goal is the move the balls into the far-right hole in the smallest
possible number of moves. However, only one ball can be moved at a time, the balls
always have to rest in a hole, and the ball movements are limited by the size of the ball
and the shape of the hole (for instance, since large balls can only fit at the top, once there
is a large ball in a hole, no other balls can be placed on top of it).

As the respondents work through the trials, the trials get progressively more
difficult as measured by the minimum number of moves to reach the solution. The first
trial is quite simple and only requires two moves, while the last trial requires seven
moves. Thus, the first trial is fairly simple and does not require much use of the three
component skills that make up planning. However, by the time they get to the last trial,
the respondents have to be able to think through a difficult task; resist the initial impulse
to move without planning, which will lead them to make mistakes; hold a complex
series of moves in their mind; and be able to adapt if their initial strategy is incorrect.
Therefore, by the end of the task, the trials are much more taxing in terms of the
respondents’ planning skills.

However, this task was extensively piloted and tested to ensure that respondents

would not get frustrated or lack confidence and give up. They were given ample time to
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finish the task so they could keep trying until they got the solution, even if they initially
made a mistake. They were also led through several examples and demonstrations by
the interviewer before the start of the game to ensure they understood the task and felt
comfortable with the tablet and with the goal of the activity. The result is that less than 1
percent of trials ended with a respondent not successfully reaching the correct solution.

There are several possible methods of summarizing performance as a single
measure of planning skill based on the Tower of London/Tower of Hanoi task that are
used in the literature. One common method that I will implement in this paper is to look
at the number of trials in which the respondent reached the solution in the minimum
(optimal) number of moves. Another is the In(total number of moves), where the natural
log is used to minimize the influence of outliers for the small number of people who had
a very high number of moves. Finally, I can also look at the number of trials a
respondent got correct but not necessarily in the minimum number of moves.

Another type of measure used in the literature on planning skills is the amount
of time people spend before their first move (the time they spend planning) as a fraction
of total time, with the idea that if respondents plan sufficiently, they will then need less
time to implement their solution, while if they plan too little, they will make mistakes
and actually spend more time overall. However, the interpretation of these planning
measures is less straightforward than optimal trials or total number of moves, because

the optimal amount of time spent planning actually depends on the difficulty of the trial.
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For instance, on the trials that are relatively easy, those respondents who are good at
planning will not need much time to plan, so for those trials a longer time spent
planning would be indicative of poor planning skills. However, as the trials get more
difficult, the optimal strategy changes so that better planners spend more time planning
and inhibit their initial instinct to move too quickly and make mistakes. For these trials,
longer durations should then be indicative of better planning skills, and shorter
planning times of worse planning skills (Luciana et al. 2009).

Frequently, the literature on planning simply uses the ratio of planning to total
time, but as discussed, this is likely to be an imperfect measure and difficult to interpret,
given that its interpretation will depend on the difficulty of the trial. For this reason, my
preferred model will split planning time into two summary measures: In(sum of
planning time in trials 1-3) and In(sum of planning time in trials 4-6) while also
controlling for In(sum total time in trials 1-3) and In(sum total time in trials 4-6).

Initial analysis was done using each of these measures as a measure of parental
planning skills. Generally, the number of optimal trials is a stronger and more precise
predictor than the In(number of moves) or the number of correct trials and is also easy to
interpret because a large number is always indicative of better planning skills. However,
the planning time of the parents split into trials 1-3 and trials 4-6 also seems to be
meaningfully related to the child outcomes of interest. Regardless of which measure I

use, the overall implications are consistent, and therefore I will primarily focus on
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number of trials done optimally, although I will show results using other measures in
the supplementary tables.!

The relationship between individual characteristics of parents and their planning
ability can be seen in the top panel of Table 36. The first four models show planning
outcomes for mothers of children in our sample, while columns 5-8 are for fathers. For
number of optimal trials and number of correct trials, a larger number is indicative of
better planning, while the opposite is true for the number of moves and total planning
time. In general, as expected from the literature, there is a positive relationship between
educational attainment and planning ability. Older parents also tend to have worse
planning abilities, and this pattern seems particularly strong for men.

The bottom panel of Table 36 shows the relationship between parental planning
skills and their scores on the more typical measures of cognitive function (fluid
intelligence, mathematical skills, and word recall). In a few of the models, higher IQ and
better word recall are associated with better planning skills. In general, however, we can
see there is not a very strong relationship between any of the measures and planning

skills, which should not be a surprise given that in general they do not attempt to

1 The planning literature tends to implement number of optimal trials or number of moves linearly in its
models. However, I began by including them non-parametrically to allow more flexibility but in the end
found this did not improve the fit or explanatory power of the models, and I could not reject linearity. In a
similar way, I have tried including planning time and game time for each trial separately, but found they are
highly correlated, and the only break seems to be between trial 3 and trial 4.
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measure planning specifically and given some of the concerns with these measures,

discussed above.

4.5 Estimation

The primary goal of this project is to investigate the relationship between
parental planning skills and the well-being and development of their children.
Therefore, the outcomes of interest are measures of child health and human capital. To
look at the human capital of the children in our sample, I use as outcomes: planning
skills (as summarized by number of trials done in the optimal number of moves), years
of education (conditional on age), and Raven’s score (fluid intelligence). To look at
physical health, I use as two additional outcomes: height-for-age z-scores and weight-
for-height z-scores. The biological literature suggests that height-for-age is essentially
determined in the first few years of life, so it can be thought of as the result of
environmental and parental inputs from those years. It is also a longer-term outcome
compared to weight-for-height, which may more strongly reflect more recent health and
nutrition. For each of these outcomes, I perform the analysis on the full set of children as
well as stratify by gender and age, to investigate differential effects by child
characteristics. It may be that the effects of parental inputs for different outcomes vary
by age, for instance, as we know there are periods of increased sensitivity and

vulnerability for different dimensions of child health and development.
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The primary analytical sample is children under the age of 16, although the exact
sample will depend on the outcome. In this context, children above the age of 16,
particularly males, are more likely to have left home or entered the labor force. Not only
does this mean they are less likely to still be living with their parents or in the household
where they grew up, but also that they’re slightly more likely to have attrited from the
sample. To avoid the complications of these issues, I limit the upper age of the sample in
general to 16.

The planning task and the anthropometric outcomes are further limited based on
the appropriate age ranges for the measures. The planning task is designed to be used
on slightly older children, so the youngest children to perform the task are eight years
old. For the anthropometric outcomes, I limit the upper age range of children for these
analyses to 10. This ensures that children who have begun puberty are not in the sample,
which causes additional difficulties in calculating or interpreting these measures.

The model estimated in the primary set of analyses looking at parental executive

functioning and child outcomes is the following:
— gMem PP My M Py P
G=pChi+BCH+aWi+y " XTi+y" X5+ q
where 0 is a health or human capital outcome for child i. Ci is the measure of planning
skill for each parent of child i. The m superscript refers, in general, to maternal

characteristics, while p refers to paternal characteristics. The coefficients on parental

planning skills are the primary coefficients of interest, but I also control for a set of child,

146



household, and parental characteristics. Wiis a vector of characteristics such as age,
gender, and log of household per capita expenditure. Gender may capture either
differences in how these measures of human capital accumulate for boys versus girls, or
differences in parental investment by gender. The Xiterms are vectors of maternal and
paternal characteristics, including age and education, which are entered semi-
parametrically using a number of indicator variables. In the models with anthropometric
measures, I also control for parental height, which may capture both the genetic
component of height and some measure of parent human capital, as their height would
have been determined by their environment and household resources during their own
childhoods.

These measures are chosen to capture some parental and household
characteristics and resources that may be important for child welfare and development. I
control for these characteristics even though some, like educational attainment, I know
are related to executive function. I include these characteristics in the empirical
specification because I am interested in learning whether parental planning skills are
important inputs for the development of child health and capital, even conditional on a
given level of education, or age, or household expenditure.

In additional analysis, I also include the alternative, traditional measures of
parental cognitive functioning — the Raven’s test, math test, and word recall. The

robustness of the results to the inclusion of these measures should provide evidence for
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whether this planning measure is providing new, important information on cognitive
function that was not captured with these previously used measures. The models with
child planning scores as an outcome will include interviewer fixed effects, and all

analyses also have standard errors clustered at the level of baseline enumeration area.?

4.6 Results
4.6.1 Main Results

The results of running model (1) above on the full sample and split by gender
and age are presented in Table 37 through Table 41 below. Each table looks at the
relationship between parental planning and a different child outcome, including child
planning skills, height-for-age, weight-for-height, education, and Raven’s score. In each
of these tables of main results, I begin in column 1 with child characteristics, add basic
household and parent characteristics in column 2, and then add parental planning skills
in column 3. The remaining columns stratify by gender and then by age, to look at how
the relationship between parental planning skills and child outcomes varies with child
characteristics.

I begin first with the relationship between parental planning skills and child
planning skills in Table 37. We can see that most of the child and parental characteristics

are not significant predictors of the number of optimal trials a child completed. There

2 Clustering at alternative geographic areas, such as sub-district or district, as well as the inclusion of
geographic location fixed effects, does not substantially affect the estimates or conclusions.
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are declining returns to per capita expenditure for high levels of expenditure, as well as
a consistent although not always significant pattern of lower planning scores for
children with older parents. The main result in this table is that the planning skills of
both mothers and fathers are highly significant predictors of child planning skills, and
the coefficients for the two parents are very similar in magnitude. This alone is not a
particularly surprising result, given that we have seen in the literature that there seems
to be a fairly high degree of heritability of planning skills. However, what is more
surprising and not consistent with a strict heritability story is that for both parents, the
coefficients on the relationship between parent skills and male child planning skills is
larger than the coefficient on the relationship between parent skills and female child
planning skills, although this difference is only significant for mothers (models 4 and 5).
In Table 38, I turn to the first of the two anthropometric health outcomes, height-
for-age. As discussed above, height-for-age is largely determined by age four and is
generally interpreted as a marker of longer-run environmental factors and investments
during those first critical few years. In general, older children have lower height-for-age
z-scores, as do younger males (compared to young females). There is not a clear
relationship between per capita expenditures and height. Children (particularly girls)
with older mothers are taller, on average, as are children with more educated mothers.

Fathers’ education and age do not have a strong relationship with child height, however.
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Both parents” heights are strongly correlated with child height, which is unsurprising
given that it is likely capturing genetic influences.

Finally, looking at the relationship between parental planning and child height,
we see there is no relationship between mothers’ planning skills and child height-for-
age. However, fathers with better planning skills tend to have taller children, and this
relationship does not seem to differ significantly either by sex or by age of the child.

The second measure of child health is weight-for-height, and these results are
shown in Table 39. Weight-for-age is a shorter-run outcome than height-for-age because
weight can be affected in a fairly short amount of time and does not have a critical
period (as height does). Therefore, it may provide information on short-run investments,
environment, and resources for children. We can see there is a u-shape relationship
between age and weight-for-height, which seems to decline until age five or six before
rebounding slightly. There is a positive relationship between per capita expenditure and
weight-for-height at the lowest levels of expenditure, but no strong relationship
thereafter.

Turning to the coefficients on parental planning skills, a quite different
relationship is apparent, compared to what we saw with height-for-age where paternal
planning appeared to be important. Here, we can see that mothers who are better
planners have children with higher weight-for-height, and this relationship seems fairly

consistent regardless of gender or age of the child.
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The next set of results presented in Table 40 is for years of education. As
expected, given that children in this age range are still enrolled in school, education
increases with age. Years of education are also positively related to per capita
expenditure for high levels of expenditures. Children of older parents also tend to have
more years of education, as do children of mothers with more education (this is
particularly true for older children, in column 7, which may reflect that at this age
they’ve generally moved from primary to secondary school). It seems, overall, that there
are some relationships between parental age and education and child education.
However, there is no evidence of a relationship between parental planning skills and
child education attainment.

The final child outcome for analysis is child performance on the Raven’s fluid
intelligence (IQ) test. These results are shown in Table 41, where we can see that older
children and female children tend to perform better on this task. There is also a positive
relationship between per capita expenditure and Raven’s score for the highest levels of
expenditure. There is no relationship between mothers” ages and child scores, but
children with older fathers have lower average scores. Children with better-educated
mothers tend to score better, but there is no clear relationship between fathers’
education and child scores. Looking finally at parental planning scores, there is

generally no evidence of a relationship between parental planning and child Raven’s
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scores, with the exception of a positive relationship between mothers” planning skills
and Raven’s scores for older children.?

One of the goals of this project was to investigate whether this measure of
parental executive function captured something significant and important beyond what
was contained in markers of cognitive function more typically collected in surveys. To
investigate this issue, I re-run the models discussed above but include parents” scores on
the Raven’s test, their math scores, and their word recall scores. In Table 42, I show the
coefficients on parental planning skills from the main regressions in the first panel, then
show how they change when these other cognitive measures are added in the bottom
panel. As we can see, the coefficients on parental planning skills are barely changed, and
most of the alternate measures of parental cognitive skill do not significantly predict
child outcomes. One exception is that mothers” Raven’s scores are significantly and
positively related with their children’s scores on the planning task and on the Raven’s
test. This provides evidence that the planning task is capturing new information that
was not contained in the measures that were traditionally being used in this type of

research.

3 The results of all these models with the alternate measures of parental planning discussed in the earlier
section on the Tower of London/Tower of Hanoi task are shown in the supplementary Table 44. These
results are consistent with our main results using our preferred summary measure, number of optimal trials,
although not always as precisely determined.
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4.6.2 Household Resources

One complication in interpreting the previous models is to think about the role of
household socioeconomic status and resources. In the primary models, I have included
per capita expenditures as a marker for socioeconomic status and available resources.
However, unlike parental characteristics like age and education, which are determined
earlier in life and not within parental control at later ages, household expenditure is a
measure of current decisions and available resources. Household per capita expenditure
therefore reflects parental decisions and is plausibly influenced by parental cognitive
and planning skills. Decisions relating to expenditures may also be made concurrently
with decisions that relate to children, so parental planning’s influence on children may
partly operate through their decisions about household expenditures.

To investigate this, I first run a set of models relating parental characteristics,
including parental planning skills, to the household per capita expenditure of children
in the sample. The results of this exercise are shown in Table 45 (in the supplementary
tables section). The primary result is that parental characteristics, including age and
education, are related to per capita expenditure. In addition, mothers” planning skills are
positively related to per capita expenditure, although there is no similar relationship for
fathers’ planning skills. However, in Table 46 (in the supplementary tables section), I
compare the coefficients on parental planning for the main models with and without per

capita expenditure, but find that these coefficients are virtually unchanged. I also show
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the same models with per capita expenditure replaced with measures of the value of
household assets (houses, land, household durable assets, and liquid assets). These
results suggest that although parental planning skills (particularly maternal planning
skills) are related to household per capita expenditure, the relationship between parental
planning skills and child outcomes is more than simply a wealth effect of being in a

household with more resources.

4.6.3 Heterogeneity Analysis

It may be that the relationships between parental planning skills and child
outcomes are dependent on or mediated by conditions of the household. For instance,
households may face different opportunities and choices in rural versus urban areas,
where labor market conditions, educational opportunities, and infrastructure (such as
access to health care) may be different. The literature from developed countries also
suggests that there may be a difference in this relationship for more or less affluent
households.

I investigate these differences in heterogeneity analysis in Table 47 and Table 48
(in the supplementary tables section). First, I show the results of the main models
stratified by whether the household lives in a rural or urban community. In column 1,

we can see that the relationship between parental planning skills and child planning

4 Running a similar set of models to the ones shown in Table 45, predicting the value of different categories
of household assets (housing/land, household durables, liquid assets) based on parental characteristics and
planning ability, shows that paternal planning skills are positively related to having more liquid assets, but
otherwise parental planning is not strongly related to the value of household assets.
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skills is not significantly different for these two types of communities. However, the
results for height-for-age and weight-for-age are entirely concentrated in rural areas and
essentially zero in urban areas. Turning to Table 48, I stratify by per capita expenditure,
and show results for children in the bottom quartile versus children in the top quartile.
For most outcomes there is no marked difference, except the positive relationship
between paternal planning skills and height-for-age is much larger for children in the
bottom quartile. Taken together, these results suggest that at least for the child nutrition
outcomes, parental planning skills may be particularly relevant for children in

households with more constrained resources.

4.6.4 Effects within Families and by Household Demographics

Although the neuroscience literature is largely silent on how household
demographics influence the development of child executive function, there is a large
literature in economics and sociology on how parents choose to allocate resources
among children. Motivated by this work, I turn now in Table 43 to whether the
relationship between parental planning skills and child outcomes varies based on the
gender of the child and on whether they are the firstborn child.

The first column shows the results for each child outcome for the main model. I
then stratify by whether the child is the first child for that mother in columns 2 and 3.
Finally, I further stratify based on the gender of the child and whether they are first

born. For most of the child outcomes, there is no marked difference in the observed
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relationships based on these stratifications. However, for child planning skills, we see
quite a different story. The positive relationship between fathers’ planning skills and
child planning skills is larger for firstborn males than it is either for sons who are not
firstborn or for any girl children (although these differences are only marginally
significant). For mothers, these results are consistent with what we saw in the main set
of results, that the coefficients for male children are larger in magnitude than those for
female children, but within genders the relationships do not depend on whether the
child is firstborn. Another interesting result can be seen with years of education, where
there is a significant and negative relationship between planning skills of both parents
and years of education of firstborn daughters, perhaps speaking to expectations and
demands on firstborn daughters compared to sons or later daughters.

Taken together, we can see that the overall relationships between parental
planning skills and child planning skills is hiding considerable and important
heterogeneity by gender and firstborn status. This is not consistent with a strictly genetic
explanation, but rather is suggestive that parental behaviors and choices are playing an

important role in the transmission of executive functioning from parent to child.

4.7 Conclusion and Discussion

A large body of research has demonstrated that the childhood environment is
critical for development and that child health and human capital can have long-lasting

consequences into adulthood. This is particularly true for executive function, which
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continues to develop and be vulnerable to environmental conditions in early childhood
but also well into adolescence. This means there are potentially more opportunities over
a longer period of time for parental behaviors, school interventions, health shocks, and
household characteristics to impact the development of executive function. However,
the literature connecting parental executive function to child well-being and
development is quite scarce. The cognitive neuroscience and psychology literature that
does exist related to this topic often faces some methodological limitations—small, non-
population-representative samples, typically in developed country settings. The
economics literature, on the other hand, often focuses more on having population-
representative samples and data from a wider array of domains, but lacks the carefully
designed tasks to measure precise cognitive skills that exist in cognitive neuroscience.
In this project, a widely used task was adapted from cognitive neuroscience to
measure an important composite marker of executive function on a large, population-
representative sample in a developing-country context. This has allowed me to combine
the best tools of cognitive neuroscience with the data and methodology of economics to
investigate the relationship between parental executive functioning and several markers
of child well-being. The results demonstrate that this marker of parental executive
function is relevant for child outcomes in a number of domains, and that these results
are unchanged even when I include standard measures of cognitive function that are

more traditionally used in survey data. Not only is it feasible to implement this task in
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the field on a large population, but this marker contains new and important information
that is not captured by the more traditional measures.

The results suggest that parental planning skills are important for child well-
being, but the relationship depends on the child outcome, the context, and on both child
and parent characteristics. For instance, the planning skills of both mothers and fathers
are strongly related to child planning skills, but these relationships seem to be stronger
for sons than for daughters. We also see that fathers who are better planners tend to
have taller children (a measure of long-term health and investment), while mothers who
are better planners tend to have heavier children (a measure of short-term health and
nutrition). The results for child health are stronger in rural areas and for households
with lower levels of per capita expenditure, suggesting that parental planning skills may
be more important or necessary in lower-resource contexts. None of these results
change, however, if I do not include various controls for household socioeconomic
status, suggesting that it is not simply through household resources that parental
planning is working. There is also generally no significant relationship between parental
planning skills and either children’s education level or their Raven’s score, with the
exception of a negative relationship between parental planning skills and educational
attainment of firstborn daughters.

The results are also dependent on child characteristics —specifically gender and

whether they are firstborn in the family. In particular, we see that fathers” planning skills
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tend to be more positively related to the planning skills of their firstborn sons than to the
planning skills of either later-born sons or any daughters. In contrast, mothers’ planning
skills are more important for sons than for daughters, but birth order does not seem to
matter within gender.

Overall, it is clear that parental planning skills play an important role in child
development, but the relationship is not the same in every domain or for every child.
Rather, it depends on the type of child outcome, the gender of the parent and child, and
the household composition and environment. This provides evidence that the
relationships are not simply reflecting genetic transmission but the role that parental
preferences, behaviors, and choices are playing as well. This suggests a need for further
work to disentangle mechanisms—why parental planning is more relevant for some
child outcomes and in certain environments and why it is more important for some

children than for others.
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4.8 Tables and Figures

Table 35: Sample Sizes and Descriptive Statistics

Females Males

Mean SD Mean SD
Panel A: Children under 16
N 1,597 1,586
Age in years 6.98 4.44 6.72 4.47
Per capita monthly expenditure (US $) 55.45 0.0001 56.51 0.0001
Household size 5.19 2.12 5.26 2.20
Number of children <15 years old per household 1.86 1.13 1.80 1.06
Rural 0.64 0.48 0.64 0.48
Panel B: Parents of children under 16
N 1,726 1,686
Age in years 32.85 6.61 38.75 7.73
Years of education 11.04 4.03 10.32 3.75
Height (meters) 1.51 0.05 1.63 0.05
Weight (kilograms) 59.53 11.90 63.75 10.28
Raven’s IQ test (out of 8) 4.26 1.89 4.42 1.92
Math test (out of 6) 1.36 1.26 1.39 1.27
1st word recall (immediate — out of 10) 5.04 1.47 4.95 1.34
2" word recall (delayed — out of 10) 4.15 1.57 4.01 1.44
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Figure 9: Screenshot Showing One Trial of the Planning Task
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Table 36: Individual Characteristics and Measures of Planning for Parents

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

# trials # trials In(# of In(total # trials # trials In(# of In(total
optimal correct moves) planning optimal correct moves)  planning
time) time)
Mothers Fathers
Edu: Jr High 0.15 -0.02 0.01 -0.04 -0.02 0.01 0.01 -0.06
(0.10) (0.02) (0.01) (0.04) (0.10) (0.02) (0.02) (0.04)
Edu: Sr High 0.18 0.01 0.00 -0.09** 0.08 -0.00 0.01 -0.10**
(0.14) (0.02) (0.01) (0.04) (0.09) (0.02) (0.02) (0.04)
Edu: College 0.41%** 0.01 -0.02* -0.12** 0.21%* 0.01 -0.02 -0.11*
(0.11) (0.02) (0.01) (0.05) (0.09) (0.02) (0.02) (0.06)
Age 30to 40 -0.11* -0.01 0.01 0.04
(0.07) (0.01) (0.01) (0.03)
Age 40 plus -0.18* -0.03* 0.01 0.05
(0.11) (0.02) (0.02) (0.04)
Age 35 to 45 -0.14**  -0.02**  0.03*** 0.01
(0.07) (0.01) (0.01) (0.04)
Age 45 plus -0.23**  -0.06*** 0.03** 0.03
(0.11) (0.02) (0.01) (0.04)
Ln(total game time) 1.52%** 1.70%**
(0.09) (0.16)
Constant 3.76%** 5 Oog¥** 3.54%** -8.91*** 4.14*%**  6.00%** 3.51%**  _10.12%**
(0.12) (0.02) (0.01) (0.63) (0.12) (0.02) (0.02) (1.15)
Observations 1,324 1,324 1,324 1,324 1,269 1,269 1,269 1,269
R-squared 0.08 0.02 0.05 0.38 0.09 0.04 0.08 0.41
(9) (10) (11) (12) (13) (14) (15) (16)
# trials # trials In(# of In(total # trials # trials In(# of In(total
optimal  correct moves) planning optimal correct moves)  planning
time) time)
Mothers Fathers
Raven’s 1Q test 0.04* 0.01 -0.01* -0.00 -0.00 0.00 0.00 0.01
(0.02) (0.00) (0.00) (0.01) (0.01) (0.00) (0.00) (0.01)
Math test -0.03 -0.00 0.01%* -0.01 -0.03 -0.01 0.01 -0.02
(0.03) (0.00) (0.00) (0.01) (0.02) (0.00) (0.00) (0.01)
Word recall (immediate) 0.09** 0.00 -0.01* 0.01 0.03 0.00 0.00 -0.03
(0.03) (0.01) (0.00) (0.02) (0.04) (0.01) (0.01) (0.02)
Word recall (delayed) -0.06** 0.00 0.01%* -0.03%* 0.01 0.01 -0.01 0.01
(0.03) (0.00) (0.00) (0.01) (0.03) (0.01) (0.01) (0.02)
Ln(total game time) 1.55%%%* 1.7 %%
(0.09) (0.16)
Constant 3.57%%*  592%** 3 5pkkx -9.05%** | 3,93*** 5 oG¥*k 3 53kk*x  _10.16%**
(0.25) (0.04) (0.03) (0.65) (0.19) (0.03) (0.03) (1.15)
Observations 1,324 1,324 1,324 1,324 1,229 1,229 1,229 1,229
R-squared 0.06 0.01 0.05 0.37 0.07 0.03 0.07 0.40

Note: All models include cognition interviewer fixed effects and robust standard errors clustered by origin enumeration area.
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Table 37: Number of Optimal Trials and Parental Planning Skills

(1) (2) 3) (4) (5) (6) (7)

All children  All children  All children Males Females Age Age
8-15 8-15 8-15 8-15 8-15 8-11 11-15
Age 10to 11 -0.05 -0.01 0.02 0.12 -0.08
(0.08) (0.09) (0.09) (0.11) (0.12)
Age 12 t0 13 -0.11 -0.04 0.00 -0.02 0.02
(0.08) (0.10) (0.10) (0.16) (0.12)
Age 14 to 15 -0.10 -0.02 0.02 0.18 -0.13
(0.08) (0.09) (0.09) (0.14) (0.14)
Age 0.01 -0.00
(0.04) (0.05)
Male 0.03 0.06 0.01 -0.01 0.07
(0.07) (0.07) (0.07) (0.08) (0.10)
Lnpce < 12.5 0.20 0.39 0.42 1.49 -0.09 0.37
(0.62) (0.70) (0.64) (1.09) (1.12) (0.56)
Lnpce 12.5-13.5 -0.05 -0.15 -0.19 -0.18 -0.06 -0.24
(0.16) (0.15) (0.19) (0.23) (0.19) (0.20)
Lnpce 13.5-14.5 0.19 0.15 -0.01 0.35 0.18 -0.11
(0.17) (0.17) (0.23) (0.27) (0.19) (0.29)
Lnpce >14.5 -1.06** -0.93** -0.67 -1.38%** -0.96%** -0.64
(0.42) (0.37) (0.56) (0.43) (0.34) (1.13)
Mother: age 30-40 -0.12 -0.12 0.02 -0.31 -0.14 0.21
(0.15) (0.14) (0.21) (0.21) (0.15) (0.37)
Mother: age > 40 -0.24 -0.19 0.11 -0.52%* -0.29 0.33
(0.18) (0.17) (0.24) (0.22) (0.19) (0.38)
Father: age 35-45 -0.10 -0.06 -0.13 0.02 -0.03 -0.43
(0.14) (0.14) (0.18) (0.23) (0.14) (0.37)
Father: age >45 -0.15 -0.15 -0.31 0.05 -0.03 -0.68*
(0.17) (0.17) (0.21) (0.25) (0.19) (0.39)
Mother: Jr High 0.14 0.15 0.07 0.20 0.16 0.23
(0.12) (0.11) (0.14) (0.16) (0.15) (0.16)
Mother: Sr High 0.09 0.10 0.09 0.14 -0.01 0.26
(0.13) (0.13) (0.15) (0.18) (0.16) (0.18)
Mother: College 0.06 0.06 0.24 -0.07 -0.01 0.14
(0.14) (0.14) (0.18) (0.20) (0.16) (0.23)
Father: Jr High 0.02 0.04 -0.02 0.08 0.14 -0.20
(0.10) (0.10) (0.13) (0.13) (0.12) (0.16)
Father: Sr High 0.05 0.02 0.11 -0.08 0.14 -0.22
(0.12) (0.11) (0.16) (0.14) (0.14) (0.17)
Father: College 0.02 -0.01 -0.14 0.13 0.11 -0.15
(0.13) (0.13) (0.21) (0.18) (0.16) (0.20)
Mother: # optimal 0.15%** 0.20%** 0.09* 0.15%** 0.16%**
(0.03) (0.05) (0.04) (0.04) (0.05)
Father: # optimal 0.15%** 0.20%*** 0.13%%** 0.13%%** 0.17%%*
(0.03) (0.05) (0.04) (0.04) (0.05)
Constant 3.74%%* 1.34 -2.11 -2.89 -15.35 3.76 -1.76
(0.08) (7.72) (8.70) (7.85) (13.60) (13.98) (7.06)
Observations 1,189 1,052 1,052 506 546 668 374
R-squared 0.07 0.09 0.15 0.21 0.16 0.16 0.17

Note: All models include cognition interviewer fixed effects and robust standard errors clustered by origin enumeration area.
Missing values for parental characteristics are imputed at the mean, and the models include indicators for missing values.
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Table 38: Height-for-Age and Parental Planning Skills

(1)

()

(3)

(4)

(5)

(6)

(7

(8)

(9)

All All All Males Females Age Age Age Age
children children children 0-9 0-9 0-2 3-4 5-6 7-9
0-9 0-9 0-9
Age3to4d -1.91%** -1.89%** -1.90%**  -2.30*** -1.43%**
(0.30) (0.31) (0.31) (0.40) (0.23)
Age5to 6 -1.81%** ] 75%*x ] 75%kx ] FTHRRE ] 70%**
(0.28) (0.28) (0.28) (0.36) (0.25)
Age7to9 -1.96%***  1,94%** ] g5%*k* ] gg¥k*k ] g5kkx*
(0.28) (0.26) (0.25) (0.30) (0.21)
Age -2.13%*x* 0.12 -0.25 0.03
(0.14) (0.24) (0.17) (0.08)
Male -0.12 -0.13 -0.14 -0.23* -0.83*** -0.02 0.05
(0.10) (0.11) (0.11) (0.12) (0.20) (0.17) (0.10)
Lnpce < 12.5 0.37 0.41 -0.37 1.78 15.60 2.20** -0.46 -0.63
(0.62) (0.56) (0.54) (1.50) (10.56) (1.07) (0.80) (1.47)
Lnpce 12.5-13.5 0.20 0.14 0.04 0.21 0.56 -0.19 0.39 -0.02
(0.21) (0.21) (0.32) (0.27) (0.40) (0.48) (0.42) (0.23)
Lnpce 13.5-14.5 0.37** 0.37** 0.31 0.52* -0.39 0.49 0.17 0.54**
(0.17) (0.17) (0.24) (0.28) (0.45) (0.51) (0.39) (0.24)
Lnpce >14.5 0.06 0.10 -1.35%** 0.79 0.74%* -4.96%* -0.13 -0.33
(0.47) (0.46) (0.50) (0.54) (0.39) (2.08) (0.77) (0.78)
Mother: age 30-40 0.27** 0.27** 0.22* 0.30 0.36%** 0.42 0.47** 0.03
(0.11) (0.11) (0.13) (0.20) (0.13) (0.31) (0.19) (0.14)
Mother: age > 40 0.36%* 0.37** 0.08 0.66*** 0.54* -0.05 0.50* 0.27
(0.15) (0.15) (0.19) (0.22) (0.31) (0.46) (0.30) (0.20)
Father: age 35-45 -0.05 -0.03 -0.09 0.07 0.42%* -0.27 -0.26 -0.18
(0.13) (0.13) (0.15) (0.21) (0.16) (0.31) (0.19) (0.23)
Father: age >45 -0.05 -0.04 0.08 -0.08 0.12 0.00 0.15 -0.26
(0.16) (0.17) (0.23) (0.27) (0.34) (0.39) (0.25) (0.24)
Mother: Jr High 0.46%* 0.47** 0.36 0.54%* 0.71%** 0.29 0.57** 0.28*
(0.21) (0.21) (0.24) (0.24) (0.20) (0.41) (0.24) (0.15)
Mother: Sr High 0.22 0.23 0.27 0.15 0.06 0.08 0.41 0.37**
(0.16) (0.17) (0.20) (0.19) (0.21) (0.39) (0.26) (0.15)
Mother: College 0.40* 0.40* 0.32 0.42 0.49* 0.33 0.20 0.43**
(0.22) (0.23) (0.21) (0.34) (0.26) (0.42) (0.26) (0.19)
Father: Jr High -0.11 -0.11 -0.09 -0.14 -0.27 -0.37 -0.42%* 0.30**
(0.12) (0.12) (0.17) (0.15) (0.21) (0.34) (0.21) (0.13)
Father: Sr High -0.13 -0.15 -0.21 -0.01 -0.39** 0.32 -0.14 0.04
(0.16) (0.17) (0.20) (0.20) (0.17) (0.35) (0.20) (0.17)
Father: College 0.12 0.10 0.18 0.07 -0.18 0.37 -0.19 0.08
(0.15) (0.15) (0.20) (0.24) (0.19) (0.40) (0.26) (0.20)
Mother: height 4. 57%** 4.71%** 5.10*** 3.93*** 3.11%** 3.48* 3.29%*  5.86%**
(0.85) (0.80) (1.10) (1.07) (1.01) (1.80) (1.61) (1.15)
Father: height 2.35%** 2.33%x* 1.72 2.72%* 3.09** 1.17 1.26 3.59%***
(0.82) (0.80) (1.09) (1.13) (1.24) (2.14) (1.54) (1.10)
Mother: # optimal 0.03 0.01 0.06 0.08 -0.11 -0.01 -0.01
(0.04) (0.05) (0.06) (0.05) (0.10) (0.08) (0.05)
Father: # optimal 0.10*** 0.07 0.12%* 0.12** 0.09 0.16** 0.02
(0.03) (0.05) (0.05) (0.05) (0.07) (0.08) (0.05)
Constant 1.10*** -15.00* -16.08** -5.56 -33.32* -203.03 -35.81** -1.97 -8.65
(0.23) (7.73) (6.94) (6.57) (18.80) (130.97) (14.53) (9.81) (18.58)
Observations 2,027 1,941 1,941 993 948 609 408 397 527
R-squared 0.14 0.17 0.18 0.20 0.18 0.35 0.10 0.09 0.17

Note: All models include robust standard errors clustered by origin enumeration area. Missing values for parent characteristics are

imputed at the mean, and the models include indicators for missing values. Extreme values of height-for-age are truncated.
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Table 39: Weight-for-Height and Parental Planning Skills

1 ()

3)

(4)

(5)

(6)

(7)

(8)

()

All All All Males Females Age Age Age Age
children children children 0-9 0-9 0-2 3-4 5-6 7-9
0-9 0-9 0-9
Age3to4d -0.01 0.03 0.05 0.24 -0.21
(0.13) (0.13) (0.13) (0.21) (0.19)
Age5to 6 -0.67***  -0.64***  -0.62***  -0.64***  -0.70***
(0.11) (0.11) (0.11) (0.18) (0.16)
Age7to9 -0.39%** -0.25 -0.25 -0.46** -0.07
(0.13) (0.16) (0.16) (0.21) (0.21)
Age -0.40%** -0.09 0.32 -0.02
(0.11) (0.24) (0.25) (0.15)
Male 0.10 0.06 0.05 -0.06 0.47 0.06 -0.35
(0.09) (0.09) (0.09) (0.12) (0.29) (0.23) (0.24)
Lnpce < 12.5 1.73%** 1.98%** 2.29%** 0.97 -8.09 -0.23 3.96*** 2.01%**
(0.52) (0.54) (0.66) (0.92) (9.90) (1.31) (1.03) (0.68)
Lnpce 12.5-13.5 -0.15 -0.20 0.13 -0.54 -0.05 0.39 -0.69 -0.47
(0.26) (0.27) (0.44) (0.36) (0.54) (0.57) (0.53) (0.52)
Lnpce 13.5-14.5 0.05 0.04 0.02 0.02 -0.14 0.10 0.36 -0.41
(0.26) (0.27) (0.42) (0.27) (0.39) (0.50) (0.47) (0.60)
Lnpce >14.5 0.07 0.05 0.54 -0.33 0.67 -1.23 -1.47 -0.87
(0.59) (0.59) (1.03) (0.44) (0.45) (1.87) (1.05) (1.80)
Mother: age 30-40 -0.10 -0.12 0.07 -0.37* -0.25** -0.14 -0.10 0.14
(0.15) (0.15) (0.17) (0.22) (0.10) (0.35) (0.33) (0.32)
Mother: age > 40 -0.05 -0.09 -0.09 -0.19 -0.38 0.46 -0.36 -0.03
(0.20) (0.20) (0.29) (0.30) (0.31) (0.42) (0.47) (0.45)
Father: age 35-45 -0.07 -0.03 0.02 -0.05 -0.20* 0.10 0.37 -0.43
(0.13) (0.13) (0.17) (0.19) (0.11) (0.32) (0.25) (0.41)
Father: age >45 -0.29 -0.24 -0.33 -0.12 0.57* -0.49 -0.42 -0.65
(0.21) (0.20) (0.26) (0.31) (0.33) (0.39) (0.44) (0.47)
Mother: Jr High -0.36* -0.38* -0.43* -0.31 -0.46** -0.55 -0.40 -0.11
(0.20) (0.20) (0.23) (0.28) (0.20) (0.44) (0.38) (0.36)
Mother: Sr High 0.01 0.00 0.09 -0.12 -0.34 0.08 0.12 0.39
(0.22) (0.23) (0.28) (0.28) (0.24) (0.44) (0.39) (0.39)
Mother: College 0.32 0.31 0.36 0.28 0.19 -0.04 0.52 0.88*
(0.24) (0.24) (0.29) (0.30) (0.24) (0.54) (0.38) (0.45)
Father: Jr High 0.31 0.32%* 0.65** -0.03 0.31 0.37 0.49 0.15
(0.19) (0.19) (0.27) (0.23) (0.24) (0.40) (0.34) (0.34)
Father: Sr High 0.14 0.13 0.18 0.05 0.33 -0.17 0.52 -0.30
(0.20) (0.20) (0.27) (0.29) (0.23) (0.43) (0.33) (0.40)
Father: College -0.07 -0.06 0.14 -0.26 0.09 -0.37 0.18 -0.07
(0.20) (0.20) (0.30) (0.26) (0.24) (0.53) (0.50) (0.41)
Mother: height 2.46%* 2.46* 0.78 4.02%** 0.11 3.52 1.78 3.72
(1.37) (1.43) (1.90) (1.40) (1.33) (2.81) (2.47) (2.28)
Father: height -0.29 -0.30 -0.84 0.11 -1.06 3.19 -1.77 -1.34
(0.97) (0.96) (1.42) (1.18) (1.23) (2.14) (2.08) (2.40)
Mother: # optimal 0.17*** 0.16** 0.20** 0.15%** 0.18* 0.23** 0.11
(0.05) (0.06) (0.08) (0.06) (0.10) (0.11) (0.09)
Father: # optimal -0.08 -0.11 -0.08 -0.06 -0.10 -0.13 -0.01
(0.05) (0.07) (0.06) (0.07) (0.11) (0.10) (0.13)
Constant -0.20 -24.93***  _28.43*** .29 29%** -18.13 102.73 -8.09 -52.16*** -28.78**
(0.12) (7.11) (7.64) (9.21) (12.03) (124.38) (18.40) (13.14) (11.90)
Observations 1,710 1,644 1,644 837 807 606 408 383 247
R-squared 0.02 0.04 0.05 0.07 0.07 0.06 0.08 0.10 0.10

Note: All models include robust standard errors clustered by origin enumeration area. Missing values for parent characteristics are
imputed at the mean and the models include indicators for missing values. Extreme values of height-for-age are truncated. Time of
day of measurement is included but not shown.
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Table 40: Years of Education and Parental Planning Skills

(1) (2) (3) (4) (5) (6) (7)

All children  All children  All children Males Females Age Age
6-15 6-15 6-15 6-15 6-15 6-11 11-15
Age 10to 11 2.89*** 2.87*** 2.87*** 2.75%** 2.,98%**x*
(0.07) (0.07) (0.07) (0.12) (0.09)
Age 12 t0 13 4.69%** 4.55%%* 4. 55%** 4.37%%* 4.74%**
(0.11) (0.12) (0.12) (0.17) (0.13)
Age 14 to 15 6.18*** 5.98*** 5.98*** 5.82*** 6.15%**
(0.13) (0.14) (0.14) (0.19) (0.22)
Age 0.94*** 0.77%%*
(0.02) (0.05)
Male -0.06 -0.05 -0.04 -0.03 -0.19
(0.06) (0.06) (0.06) (0.04) (0.13)
Lnpce < 12.5 0.65 0.67 0.53 1.29 -0.34 1.13
(0.62) (0.65) (0.57) (1.68) (0.37) (0.94)
Lnpce 12.5-13.5 0.06 0.05 -0.03 0.12 -0.01 -0.05
(0.13) (0.13) (0.21) (0.21) (0.12) (0.23)
Lnpce 13.5-14.5 0.28* 0.26* 0.32 0.20 -0.07 0.52
(0.15) (0.15) (0.26) (0.18) (0.09) (0.33)
Lnpce >14.5 0.48* 0.49* 0.30 0.91%* 0.60%*** 0.50
(0.26) (0.26) (0.35) (0.37) (0.18) (0.40)
Mother: age 30-40 0.16 0.15 0.20 0.13 0.03 -0.26
(0.10) (0.10) (0.15) (0.14) (0.06) (0.21)
Mother: age > 40 0.21%* 0.21* 0.33%** 0.12 0.07 -0.24
(0.12) (0.12) (0.16) (0.17) (0.08) (0.23)
Father: age 35-45 0.28** 0.29** 0.29* 0.29* 0.02 0.11
(0.11) (0.11) (0.17) (0.15) (0.08) (0.33)
Father: age >45 0.44%** 0.44%** 0.36* 0.54*** 0.05 0.20
(0.13) (0.13) (0.20) (0.17) (0.09) (0.31)
Mother: Jr High 0.22%** 0.23%* 0.25* 0.20 0.18*** 0.32*
(0.09) (0.09) (0.13) (0.13) (0.06) (0.18)
Mother: Sr High 0.21%* 0.21* 0.33%* 0.07 0.10 0.39*
(0.12) (0.11) (0.14) (0.14) (0.07) (0.22)
Mother: College 0.02 0.02 0.12 -0.11 0.11 0.28
(0.11) (0.12) (0.17) (0.17) (0.08) (0.32)
Father: Jr High 0.01 0.02 -0.09 0.10 -0.04 -0.04
(0.08) (0.08) (0.11) (0.11) (0.06) (0.16)
Father: Sr High -0.03 -0.04 -0.19 0.10 0.00 0.03
(0.08) (0.08) (0.14) (0.13) (0.06) (0.20)
Father: College 0.05 0.05 -0.17 0.27* 0.03 0.01
(0.13) (0.13) (0.23) (0.15) (0.07) (0.30)
Mother: # optimal -0.00 0.04 -0.05 -0.01 -0.02
(0.03) (0.03) (0.04) (0.02) (0.05)
Father: # optimal 0.02 0.03 0.01 -0.01 0.04
(0.03) (0.04) (0.04) (0.02) (0.05)
Constant 1.36%** -7.36 -7.78 -6.15 -15.37 -1.48 -18.00
(0.06) (7.72) (8.17) (7.05) (21.05) (4.56) (11.77)
Observations 1,826 1,623 1,623 784 839 977 646
R-squared 0.77 0.77 0.77 0.76 0.79 0.81 0.37

Note: All models include robust standard errors clustered by origin enumeration area. Missing values for parental characteristics are
imputed at the mean, and the models include indicators for missing values.
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Table 41: Raven’s Scores and Parental Planning Skills

(1)

(2)

(3)

(4)

(5)

(6)

()

All children  All children  All children Males Females Age Age
8-14 8-14 8-14 8-14 8-14 8-11 11-14
Age 10to 11 0.76%** 0.80%*** 0.81%** 0.91%** 0.79%**
(0.14) (0.15) (0.15) (0.23) (0.22)
Age 1210 14 0.99%** 1.15%** 1.14%** 0.83%** 1.47%**
(0.15) (0.16) (0.17) (0.25) (0.21)
Age 0.35%** 0.29%**
(0.07) (0.11)
Male -0.14 -0.12 -0.10 0.07 -0.53%**
(0.11) (0.11) (0.11) (0.15) (0.18)
Lnpce < 12.5 0.48 0.59 0.50 0.48 1.23 -0.35
(0.98) (0.95) (1.27) (2.52) (1.18) (1.17)
Lnpce 12.5-13.5 -0.02 -0.05 0.18 -0.19 -0.17 0.25
(0.30) (0.29) (0.42) (0.35) (0.36) (0.38)
Lnpce 13.5-14.5 -0.35 -0.39 -0.10 -0.53 -0.26 -0.94*
(0.37) (0.36) (0.54) (0.44) (0.41) (0.54)
Lnpce >14.5 1.76%** 1.83%x* 0.89 3.00*** 2.40*** 1.56*
(0.53) (0.51) (0.59) (0.76) (0.70) (0.82)
Mother: age 30-40 0.09 0.05 0.10 -0.09 0.09 -0.79
(0.22) (0.23) (0.31) (0.27) (0.23) (0.76)
Mother: age > 40 0.15 0.13 0.14 0.08 0.12 -0.56
(0.25) (0.25) (0.38) (0.30) (0.27) (0.76)
Father: age 35-45 -0.49* -0.50** -0.19 -0.73%** -0.47* -2.65%**
(0.25) (0.25) (0.36) (0.34) (0.25) (0.58)
Father: age >45 -0.51* -0.54* -0.30 -0.70* -0.46 -2.97%**
(0.27) (0.27) (0.42) (0.36) (0.29) (0.63)
Mother: Jr High 0.45%** 0.46%** 0.59** 0.31* 0.13 1.14%**
(0.16) (0.16) (0.26) (0.18) (0.19) (0.27)
Mother: Sr High 0.98%%** 0.97%%* 1.19%** 0.68%** 0.73%%** 1.48***
(0.17) (0.17) (0.25) (0.23) (0.21) (0.25)
Mother: College 0.90*** 0.88*** 1.10%** 0.54** 0.68** 1.29%**
(0.22) (0.22) (0.32) (0.27) (0.27) (0.40)
Father: Jr High 0.01 0.03 -0.08 0.12 0.15 -0.43
(0.17) (0.17) (0.24) (0.23) (0.21) (0.27)
Father: Sr High -0.09 -0.09 -0.22 -0.02 -0.01 -0.22
(0.19) (0.19) (0.28) (0.23) (0.24) (0.28)
Father: College 0.15 0.22 -0.65* 0.99*** 0.28 0.08
(0.27) (0.28) (0.37) (0.32) (0.38) (0.34)
Mother: # optimal 0.03 0.06 0.01 -0.03 0.20**
(0.06) (0.08) (0.07) (0.07) (0.08)
Father: # optimal -0.04 -0.13 0.04 -0.04 -0.04
(0.06) (0.09) (0.06) (0.07) (0.08)
Constant 4.07%** -2.08 -3.45 -2.54 -1.96 -14.00 8.01
(0.12) (12.10) (11.74) (15.77) (31.31) (14.61) (14.79)
Observations 1,190 1,061 1,061 515 546 717 344
R-squared 0.05 0.10 0.11 0.10 0.18 0.09 0.19

Note: All models include robust standard errors clustered by origin enumeration area. Missing values for parental characteristics are

imputed at the mean, and the models include indicators for missing values.
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Table 42: Comparison of Child Outcome Models with and without Alternate
Cognitive Measures

(1) (2) (3) (4) (5)

Number of Height-for-age  Weight-for- Education Raven’s with
optimal trials basic model height basic with basic basic model
basic model model model
Mother: # optimal 0.15%** 0.03 0.17%** -0.00 0.03
(0.03) (0.04) (0.05) (0.03) (0.06)
Father: # optimal 0.15%** 0.10%** -0.08 0.02 -0.04
(0.03) (0.03) (0.05) (0.03) (0.06)
Observations 1,052 1,941 1,644 1,623 1,061
R-squared 0.15 0.18 0.05 0.77 0.11
(6) (7) (8) (9) (10)
Number of Height-for-age  Weight-for- Education Raven’s with
optimal trials with ~ with alternate  height with with alternate
alternate measures alternate alternate measures
measures measures measures
Mother: # optimal 0.14%** 0.03 0.17%** -0.00 0.02
(0.03) (0.05) (0.05) (0.03) (0.06)
Father: # optimal 0.16%** 0.09%** -0.08 0.01 -0.05
(0.03) (0.03) (0.05) (0.03) (0.06)
Mother: Raven'’s score 0.03* 0.04 -0.01 -0.01 0.07**
(0.02) (0.05) (0.05) (0.02) (0.03)
Father: Raven’s score 0.01 -0.01 -0.02 0.00 0.02
(0.02) (0.02) (0.03) (0.02) (0.03)
Mother: math score -0.07** -0.03 -0.03 -0.01 0.00
(0.04) (0.04) (0.05) (0.03) (0.07)
Father: math score -0.02 -0.05 0.01 -0.00 -0.13**
(0.03) (0.03) (0.05) (0.03) (0.06)
Mother: word recall 0.02 0.06 -0.06 0.02 -0.02
(immediate) (0.03) (0.06) (0.07) (0.03) (0.05)
Father: word recall (immediate) 0.04 -0.00 -0.06 0.02 0.04
(0.04) (0.07) (0.06) (0.03) (0.06)
Mother: word recall (delayed) 0.00 0.00 -0.01 0.02 -0.01
(0.03) (0.06) (0.07) (0.03) (0.05)
Father: word recall (delayed) -0.06** 0.03 0.01 -0.01 0.08
(0.03) (0.08) (0.06) (0.03) (0.06)
Observations 1,052 1,941 1,644 1,623 1,061
R-squared 0.17 0.18 0.06 0.77 0.13

Note: 10 versions of the OLS regression outlined above were run, but only the coefficients on parental cognitive skills are reported
here. The top panel includes the coefficients on parental planning from the main models in previous tables. The second panel
includes the same models but with additional alternate measures of cognitive skill included. All models include robust standard
errors clustered by origin enumeration area. Missing values for parent characteristics are imputed at the mean, and the models
include indicators for missing values. Extreme values of height-for-age and weight-for-height are truncated.
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Table 43: Parental Planning Skills and Child Outcomes by Gender and Birth

Order
Full Firstborn Not Maleand Maleand not Femaleand Femaleand
sample firstborn firstborn firstborn firstborn not firstborn
(1) (2) (3) (4) (5) (6) (7)
Number of optimal trials
Mother: # optimal 0.15%** 0.15%** 0.14%** 0.17** 0.24%** 0.12 0.06
(0.03) (0.05) (0.05) (0.07) (0.06) (0.08) (0.06)
Father: # optimal 0.15%** 0.18%** 0.13%** 0.26%** 0.15%* 0.12%* 0.12%*
(0.03) (0.04) (0.04) (0.08) (0.06) (0.05) (0.05)
(8) (9) (10) (11) (12) (13) (14)
Height-for-age
Mother: # optimal 0.03 0.00 0.06 -0.06 0.04 0.08 0.06
(0.04) (0.07) (0.05) (0.10) (0.07) (0.09) (0.07)
Father: # optimal 0.10%** 0.10* 0.08 0.10 0.05 0.11 0.11*
(0.03) (0.06) (0.05) (0.12) (0.08) (0.09) (0.06)
(15) (16) (17) (18) (19) (20) (21)
Weight-for-height
Mother: # optimal 0.16%** 0.17%* 0.17%** 0.17%* 0.18** 0.20* 0.19%**
(0.05) (0.08) (0.07) (0.10) (0.09) (0.10) (0.08)
Father: # optimal -0.08 -0.01 -0.13 -0.01 -0.19* -0.01 -0.11
(0.05) (0.08) (0.09) (0.09) (0.10) (0.11) (0.13)
(22) (23) (24) (25) (26) (27) (28)
Years of education
Mother: # optimal -0.00 0.00 -0.01 0.13** -0.02 -0.13** -0.00
(0.03) (0.04) (0.04) (0.06) (0.04) (0.05) (0.05)
Father: # optimal 0.02 -0.06 0.06 -0.04 0.06 -0.09** 0.07
(0.03) (0.04) (0.04) (0.06) (0.07) (0.04) (0.05)
(29) (30) (31) (32) (33) (34) (35)
Raven’s scores
Mother: # optimal 0.03 -0.09 0.10 -0.11 0.15 -0.04 0.03
(0.06) (0.08) (0.06) (0.10) (0.11) (0.12) (0.09)
Father: # optimal -0.04 -0.07 -0.01 -0.09 -0.12 -0.02 0.09
(0.06) (0.08) (0.07) (0.11) (0.11) (0.09) (0.08)

Note: 35 versions of the OLS regression outlined above were run, but only the coefficients on parental planning skills are reported
here. Each panel represents the results for a different child outcome. All models include robust standard errors clustered by origin
enumeration area. Missing values for parent characteristics are imputed at the mean, and the models include indicators for missing

values. Extreme values of height-for-age and weight-for-height are tr

uncated.
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4.9 Supplementary Tables

Table 44: Child Outcomes and Alternate Measures of Parental Planning Skills

(1) ()

(3)

(4)

(5)

(6)

7)

(8)

(9)

Number of Number of Number of Height- Height- Height- Weight Weight- Weight-
optimal optimal optimal for-age for-age for-age -for- for- for-
trials trials trials height height height
Mother: # correct 0.01 -0.16 0.10
(0.18) (0.18) (0.25)
Father: # correct 0.38** 0.14 -0.16
(0.15) (0.18) (0.29)
Mother: In(# moves) -0.65%** -0.21 -0.99%**
(0.20) (0.31) (0.31)
Father: In(# moves) -1.14%** -0.70%** 0.51*
(0.16) (0.22) (0.30)
Mother: In(planning 1-3) -0.15* -0.08 -0.10
(0.08) (0.12) (0.12)
Father: In(planning 1-3) 0.12* 0.06 0.03
(0.06) (0.08) (0.13)
Mother: In(planning 4-6) -0.06 -0.00 0.10
(0.07) (0.08) (0.10)
Father: In(planning 4-6) -0.07 -0.04 0.04
(0.06) (0.08) (0.08)
(10) (12) (13) (14) (15)
Education Education Education Raven’s Raven’s Raven’s
Mother: # correct 0.37 0.73**
(0.24) (0.29)
Father: # correct -0.28** 0.34
(0.13) (0.36)
Mother: In(# moves) -0.28 -0.18
(0.18) (0.33)
Father: In(# moves) 0.04 0.36
(0.21) (0.35)
Mother: In(planning 1-3) 0.06 0.10
(0.06) (0.14)
Father: In(planning 1-3) -0.07 -0.16
(0.05) (0.12)
Mother: In(planning 4-6) 0.01 0.12
(0.05) (0.15)
Father: In(planning 4-6) 0.05 -0.01
(0.05) (0.11)

Note: 15 versions of the OLS regression outlined above were run, but only the coefficients on parental planning skills are reported
here. All models include robust standard errors clustered by origin enumeration area. Missing values for parent characteristics are
imputed at the mean, and the models include indicators for missing values. Extreme values of height-for-age and weight-for-height
are truncated. Models in the third column include controls for total parental game time.
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Table 45: Log Per Capita Expenditures and Parental Planning Skills

(1) (2) (3)

All children All children All children
0-15 0-15 0-15
Mother: age 30-40 -0.08** -0.03 -0.03
(0.03) (0.03) (0.03)
Mother: age > 40 -0.02 -0.01 -0.01
(0.05) (0.04) (0.04)
Father: age 35-45 -0.07 -0.02 -0.01
(0.05) (0.05) (0.05)
Father: age >45 -0.13** -0.09* -0.08
(0.06) (0.05) (0.05)
Mother: Jr High 0.03 0.03 0.03
(0.04) (0.04) (0.04)
Mother: Sr High 0.17%** 0.16%** 0.16%**
(0.05) (0.04) (0.04)
Mother: College 0.31%** 0.31%%* 0.30%**
(0.05) (0.05) (0.05)
Father: Jr High 0.01 0.02 0.02
(0.05) (0.04) (0.04)
Father: Sr High 0.19%** 0.20%** 0.19%**
(0.04) (0.04) (0.04)
Father: College 0.34%** 0.34%** 0.34%**
(0.06) (0.05) (0.05)
# children0to 4 -0.07*** -0.06***
(0.02) (0.02)
# children5to 9 -0.13%** -0.13%**
(0.02) (0.02)
# children 10 to 14 -0.11%** -0.10%**
(0.03) (0.03)
# adults 0.00 0.00
(0.01) (0.01)
Mother: # optimal 0.04%**
(0.01)
Father: # optimal 0.00
(0.01)
Constant 13.38%** 13.53*** 13.36%**
(0.08) (0.11) (0.10)
Observations 2,923 2,923 2,923
R-squared 0.19 0.22 0.23

Note: Models are still at the child level and include all children under the age of 16. Both models include robust standard errors
clustered by origin enumeration area. Missing values for parent characteristics are imputed at the mean, and the models include
indicators for missing values.
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Table 46: Comparison of Child Outcome Models with Various Measures of

Household Resources

(1) (2) (3) (4) (5)
Number of optimal trials  Height-for-age  Weight-for-height  Education Raven’s
Models with log(per capita expenditure)
Mother: # optimal 0.15%** 0.03 0.17%** -0.00 0.03
(0.03) (0.04) (0.05) (0.03) (0.06)
Father: # optimal 0.15%** 0.10%** -0.08 0.02 -0.04
(0.03) (0.03) (0.05) (0.03) (0.06)
Observations 1,052 1,941 1,644 1,623 1,061
R-squared 0.15 0.18 0.05 0.77 0.11
(6) (7) (8) (9) (10)
Number of optimal trials  Height-for-age ~ Weight-for-height  Education Raven’s
Models with value of household assets
Mother: # optimal 0.15%** 0.04 0.16%** 0.00 0.02
(0.03) (0.04) (0.05) (0.03) (0.06)
Father: # optimal 0.15%** 0.10%** -0.08* 0.01 -0.04
(0.03) (0.03) (0.05) (0.03) (0.06)
Observations 1,052 1,941 1,644 1,623 1,061
R-squared 0.15 0.18 0.05 0.77 0.11
(11) (12) (13) (14) (15)
Number of optimal trials  Height-for-age  Weight-for-height  Education Raven’s
Models with no controls for household resources
Mother: # optimal 0.15%** 0.04 0.16%** 0.00 0.03
(0.03) (0.04) (0.05) (0.03) (0.06)
Father: # optimal 0.16%** 0.10*** -0.08 0.01 -0.04
(0.03) (0.03) (0.05) (0.03) (0.05)
Observations 1,052 1,941 1,644 1,623 1,061
R-squared 0.14 0.17 0.05 0.77 0.11

Note: 15 versions of the OLS regression outlined above were run, but only the coefficients on parental planning skills are reported
here. The top panel includes the coefficients on parental planning from the main models in previous tables. The second panel
includes the same models but with In(pce) replaced with the square root of the value of household assets (homes, land, household
durables, and liquid assets). The third panel is the original model but with In(pce) omitted. All models include robust standard errors
clustered by origin enumeration area. Missing values for parent characteristics are imputed at the mean, and the models include
indicators for missing values. Extreme values of height-for-age and weight-for-height are truncated.
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Table 47: Parental Planning Skills and Child Outcomes in Rural versus Urban

Areas

(1)

(2) (3)

(4)

(5)

Number of optimal  Height-for-age =~ Weight-for-height Education Raven’s
Rural Communities
Mother: # optimal 0.10%* 0.00 0.23%** 0.02 -0.02
(0.05) (0.06) (0.06) (0.04) (0.07)
Father: # optimal 0.17%** 0.15%** -0.08 0.02 0.09
(0.04) (0.05) (0.08) (0.04) (0.06)
Observations 679 1,237 1,061 1,042 685
R-squared 0.13 0.20 0.06 0.77 0.11
(6) (7) (8) (9) (10)
Number of optimal  Height-for-age =~ Weight-for-height Education Raven’s
Urban Communities
Mother: # optimal 0.22%%* 0.06 0.11 -0.03 0.09
(0.05) (0.05) (0.10) (0.05) (0.09)
Father: # optimal 0.12%* -0.01 -0.08 0.02 -0.23***
(0.05) (0.05) (0.08) (0.05) (0.08)
Observations 373 704 583 581 376
R-squared 0.259 0.185 0.091 0.769 0.183

Note: 20 versions of the OLS regression outlined above were run, but only the coefficients on parental planning skills are reported
here. All models include robust standard errors clustered by origin enumeration area. Missing values for parent characteristics are
imputed at the mean, and the models include indicators for missing values. Extreme values of height-for-age and weight-for-height

are truncated.
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Table 48: Parental Planning Skills and Child Outcomes by Per Capita

Expenditure Levels

(1) (2) (3) (4) (5)
Number of optimal  Height-for-age =~ Weight-for-height Education Raven’s
Bottom 25% of log per capita expenditure
Mother: # optimal 0.20%** 0.04 0.17 0.00 -0.01
(0.07) (0.09) (0.13) (0.05) (0.10)
Father: # optimal 0.12%* 0.15%* -0.12 0.01 0.11
(0.06) (0.07) (0.13) (0.05) (0.09)
Observations 348 460 374 487 326
R-squared 0.16 0.22 0.06 0.77 0.14
(6) (7) (8) (9) (10)
Number of optimal  Height-for-age ~ Weight-for-height Education Raven’s
Top 25% of log per capita expenditure
Mother: # optimal 0.29%** 0.10 0.12 0.05 0.05
(0.08) (0.07) (0.09) (0.05) (0.12)
Father: # optimal 0.18%** -0.13 -0.12* -0.03 -0.26**
(0.05) (0.09) (0.07) (0.05) (0.11)
Observations 208 499 421 354 229
R-squared 0.36 0.23 0.08 0.83 0.20

Note: 10 versions of the OLS regression outlined above were run, but only the coefficients on parental planning skills are reported
here. All models include robust standard errors clustered by origin enumeration area. Missing values for parent characteristics are
imputed at the mean, and the models include indicators for missing values. Extreme values of height-for-age and weight-for-height

are truncated.
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5. Conclusion

There is a long and well-established literature demonstrating that general
cognitive function and human capital is important for success and welfare in many
domains of life, particularly work and education. At the same time, there is growing
recognition of the importance of the early childhood environment, and of how the
effects of a child’s household, home, school, or community on his or her development
and health can persist in important ways long into adulthood. This dissertation
presented three essays on health and human capital through the life course, using rich
longitudinal population-representative data from Mexico and Indonesia.

The first essay looked at the impact of a large public health insurance program in
Mexico on child health, and found that the program had only a modest impact on child
nutritional status. However, program effects were larger once the program had been
established for more time, suggesting that supply-side factors might have been
important impediments to fully realizing the program’s potential impacts. This has
important implications for the design, roll-out, and evaluation of public health insurance
programs that are becoming more common around the world, particularly given that
evaluations of these programs are often done on a short time scale. Future work will be
needed to disentangle possible mechanisms to more fully explain these results and to
provide lessons for how to better design, target, and implement public health programs

so their benefits can be maximized.
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The second and third essays looked at the role that a specific and important
cognitive skill, executive function, plays for success in the labor market and for
childhood development. These projects described how a widely used and well-
established measure of executive function with foundations in cognitive neuroscience
was adapted for use with an existing large-scale, population-representative survey in
Indonesia. The first of these essays showed that even conditional on education and more
traditional cognitive measures, better executive functioning was associated with
rewards in the labor market, particularly for women. Men with better executive
functioning were also more likely to be in the labor force and less likely to be self-
employed. Many of these results differed by whether the workers lived in a rural or
urban areas and whether they were self-employed or engaged in wage work. This
project demonstrated that executive function is an important skill for labor market
success, but the relationship depends on context and individual characteristics. This
suggests a need for further work on the different types of workers and labor market
conditions that result in executive functioning being more or less important.

The second of these two essays turned to the relationship between parental
executive function and child well-being. The literature on early-life conditions has
shown that the conditions a child faces during certain critical periods, particularly in
early childhood, can have long-lasting repercussions. Executive function, in particular, is

unusual in terms of cognitive skills because it continues to develop into adolescence and
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even into the early 20s, implying a potentially longer period for environmental factors to
play a role in its development. This paper connected child outcomes, including
executive functioning, health, education, and IQ score, with parental executive
functioning and household characteristics. I found that parental executive functioning
skills are highly related to child executive functioning, but this relationship is stronger
for sons than for daughters. In addition, fathers” executive functioning seems to be more
strongly related to the executive functioning skills of their firstborn sons, compared to
either later-born sons or any daughters, and there is a negative relationship between
parental planning and education outcomes for firstborn daughters. Better maternal
executive functioning is associated with heavier children, while better paternal executive
functioning is associated with taller children. These results suggest that this marker of
executive function is capturing parental characteristics that are important for child well-
being, but that these patterns do not simply reflect genetic transmission but are also the
result of parental preferences, choices, and behaviors. Further work is needed to
investigate why parental planning is more relevant for some child outcomes and in

certain environments as well as more important for some children and not others.
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