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ABSTRACT

Economics literature is interested in how child cognitive and socio-emotional skills
develop during childhood. Evolution of skills is crucial to determine productivity,
criminality among other social and economic outcomes. The government has a role
in shaping abilities improving conditions at home or school. Thus, initial deficiencies
of children in disadvantageous households can be compensated by increasing resources
or material investments. These essays investigate how computers and income affect
traditional measures of academic success. Also, how parental conflict is involved in a

dynamic framework is investigated.

The first chapter analyzes whether access to computers in schools improves perfor-
mance in math and language standardized tests. Computers and in general technology
are part of current living conditions, therefore, there has been a lot of debate whether
they contribute to learning. Computers can affect tests because they can substitute
or complement teachers and material inputs at school. The analysis is carried out
using “Computadores para Educar” a nationwide program in Colombia that allocates
computers in public schools. The program started in 2000 as a presidential initiative
to improve access and use of information technologies. Results indicate that there is

no gain on language and mathematics achievement tests.
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In the second paper, we focus on the analysis of how cash transfers that affect the
budget constraint may have a different effect on child outcomes over the income distri-
bution. Using the National Longitudinal Survey of Youth 1979, we analyze the impact
of support assistance on children from households with low to moderate income in
the United States. The data is consistent with two specifications for the relationship
between child outcomes and income: a linear and linear in the logarithm. This find-
ing implies that public programs aiming to improve math and reading achievement
tests may increase transfers to children from households at the low end of the income

distribution.

The final chapter includes the effect of parental conflict into skill development
during childhood. Parental conflict is a non-tangible input related with psychological
well-being of the parents. There is evidence that conflict adversely affects cognitive
and non-cognitive skill development, but this is the first study that jointly analyzes
the impact on both skills. Estimates suggest that reductions in conflict benefits skills
and adult outcomes. Cognitive development is more affected during early childhood
and non-cognitive development for later ages. The effect of reducing parental conflict
on years of education completed is similar to the effect of increasing parental time

but lower than the effect of increasing material investments.

1l
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CHAPTER 1

DO COMPUTERS IN SCHOOLS HELP STUDENTS TO
LEARN?
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ABSTRACT

During last decades, Information Technology has been changing productivity at
work, home, and school. In recent years, worldwide programs that incorporate com-
puters at schools were implemented with small or no impact on academic outcomes.
This paper analyzes the impact on mathematics and language test scores of “Computa-
dores para Educar”, a national program in Colombia designed to reduce the digital gap
in public schools. FEstimates using a difference in difference approach shows no gain
on language and mathematics cognitive achievement tests. While there is a higher
impact of the program in rural schools, not all estimates are significant. Also, any

potential benefit of the program during the first two years disappears in the third.

1.1 Introduction

The development of information technology has altered daily life activities like
shopping, banking and communicating. Productivity at home and work also has in-
creased since the involvement of technology. Thus, information technology has been
incorporated in all activities including learning. Economics has focused on analyzing
the effects of computer use on cognitive development (eg [2, 57, 6, 7, 50]). Com-
puters may substitute or complement other educational inputs, offering alternative

strategies to teach topics to students.
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Worldwide public programs have been implemented to improve access and ex-
posure of students to information technologies, giving researchers an opportunity to
investigate the effect of computers on different educational outcomes. Evaluating the
impact of information technologies is of interest for public policy not only to guaran-
tee that resources improve educational outcomes but also because society itself will

be more productive with more skilled, competitive, and able individuals.

Research has focused on two channels through which computers affect learning.
The first channel is the computer aided instruction and describe how cognitive skills
are affected by the use of specific software. The computer literacy is the second
channel and describes how computers improve academic outcomes because of the
knowledge of using a computer. Research has found no significant effect on mathe-
matics and language test scores in the majority of industrialized countries. On the
other hand, evidence in developing countries is mixed, suggesting both positive and

negative impact.

This paper analyzes the impact on elementary, middle, and high school cognitive
achievement tests of Computadores Para Educar (CPE). This is an ongoing program
aimed to guarantee students in public schools access to information technologies.
During the initial years of the program, the allocation focuses on schools with con-
straints to access to computers while later the focus was set on allocating computers
to schools with higher enrollment. Two studies investigated CPE program’s effect,

with opposite conclusions. Using a random assignment experiment, [7] found a small
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effect of the program on achievement tests for elementary and middle school. How-
ever, [50] found an increasing impact with the time of exposure from -0.01 (1-year
exposure) to 0.15 (8 years in the program) standard deviations on high school test

performance.

The main contribution is to investigate the effect of computers on mathematics
and language tests scores at different stages of education. In spite of the existence
of a lot of research in the world about this topic, the CPE program allows studying
some distinctive facts. Because of its dynamic structure and national coverage, the
better estimate of the program’s effect is obtained comparing schools treated between
2002 and 2005 and schools that receive computers after 2005. Given the similarity
of observable characteristics, recipients after 2005 provide a natural counterfactual
for benefited schools during the initial years of the program. The dynamic allocation
allows evaluating the effect by the length of exposure. Additionally, it is possible to

compare the effect by school location (urban and rural) and by school size (small and

big).

This study overcomes difficulties faced by previous studies. First, it includes a dy-
namic structure that will account for the training phase for teachers of the program.
Second, a proxy for a teacher promotion reform is included to avoid bias. The reform
aimed to increase the productivity of professors hired after 2002 and may affect public
schools differentially. Finally, analyzing the effect of computers on schools instead of

home isolate factors not related to the impact on children, that can act through other
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channels like parents job search or labor outcomes.

Estimates using a difference in difference approach suggest no gain on mathemat-
ics and language test scores. Although the estimated effect is higher in rural than in
urban schools, most of the estimates are not statistically different. Moreover, there
is evidence of a non-constant effect by the length of exposure. Any effect during the
first two years vanishes in the third year. Thus, the score of non-recipient schools is

similar to the score of schools with three o more years into the program.

The remainder of this paper is structured as follows. Section 2 outlines the main
findings in the literature about the effect of computers on academic outcomes. Section
3 describes the main characteristics of the CPE program. Section 4 presents the con-
ceptual framework for a school facing the CPE program. Section 5 describes the data
on test scores and the CPE program used in the estimation. Section 6 presents the
program’s impact on language and mathematics standardized test scores considering
three approaches. First, we assume that the program has a constant impact, inde-
pendent of the length of exposure. Second, we allow heterogeneity of the program’s
impact by school location and school size. Finally, we allow the treatment effect to
differ by the length of exposure to the program. Section 7 presents a discussion of

the results and concludes.

1.2 Literature Review

The economics literature has studied the benefits of computers on the labor mar-

ket and educational outcomes. Research has focused on measuring the effect of using
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computers on wages, academic test performance, school retention among others.

[46] shows that users of computers have earnings significantly greater than nonusers.
[25] demonstrate that this finding was misleading, given that returns to the use of
pencils are similar to the previously estimated return to computer use. They conclude
that unobservable characteristics explain the wage differential between computer users
and nonusers. [13] found that the ability to use a computer does not yield a signifi-
cant return. They control for the level of sophistication of using computers, required
math and writing skills, and for each worker computer use. Their main conclusion is

that computer use does not increase worker’s productivity.

In estimating the effect of computers on academic outcomes literature has iden-
tified two channels. The first is the computer literacy channel, which describes how
academic outcomes improve as a consequence of students having a basic knowledge
of computer software like word processing and spreadsheet programs. The second
channel is the computer aided instruction, that is the effect of using specific software
in the learning process. This section presents evidence of the effect of computer-aided

instruction from [2, 57, 6] and about the effect of computer literacy from [33, 47].

In Israel [2] found a negative relationship between computer aided instruction and
Hebrew and mathematics tests for fourth and eighth grades. However, those results
are only precisely estimated for the fourth-grade students. The authors control for
the intensity in which each professor use computers. Estimates of the program effect

are obtained using “Tomorrow 98 recipient as an instrument for computer intensity.
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Also, a regression discontinuity specification using the applicant’s rank is estimated.!

[57] evaluate the impact on reading ability of the Fast forWord software using
a random assignment experiment.? The experiment was run in four urban schools
for students in the 20% bottom or with a significantly lower score than the state’s
standardized test in 2001 and 2002. Estimates indicate a small effect of the program.
Although there is improvement in some language skills, those gains do not translate

into the reading skills measured by standardized tests.

6] studied the impact of a 2-year computer aided instruction program as a remedy
to the shortage of teachers in Vadodara India. The program was randomly assigned
to schools, using three variables to stratify: gender, the language of instruction, and
the average math scores in the previous year. They found increases in math scores of
0.35 and 0.47 standard deviations in the first and second year, and a small effect of
0.1, one year after leaving the program. The authors associate this positive evidence

to the fact that the program adapts to the children’s achievement level.

[33] analyzed the effect of availability of computers at home and school on student
test scores using the Programme for International Student Assessment (PISA). After
controlling for household and school characteristics they found a negative impact of
computers at home, because they seem to distract students from learning. The impact

is positive if computer use is oriented to education and communication. Estimates

!Tomorrow 98 is a project sponsored by Israeli state lottery to computerize educational activities
in each school. It includes financial resources to improve hardware, software and teacher’s training.

2FFW is a computer game software intended to improve the reading ability of kids by focusing
on improving phonetic skills, slowing and magnifying the correct pronunciation of some words.

7
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of the availability of computers at school indicate no effect on achievement tests, but
this relationship has an inverted u pattern. [47] study the effect of computers and
software using a program that benefits schools with an enrollment of disadvantaged
students higher than 70%. The design of the subsidy allows estimating a regression
discontinuity within a difference in difference specification. There is a negative im-
pact of the program on test scores for language, arithmetic, information processing

and world orientation, with some estimates precisely estimated.

Another set of studies has focused on the use of computers at home. The main
challenge of this literature is to separate the effect due to computer use from the effect
due to parental labor outcomes. For instance [31] analyzed the impact of computers
on a broad set of educational outcomes. The authors run a 1-year field experiment in
California allocating home desktop computers to students from public schools, with-
out additional assistance or training. The increase in computer time is associated
with increments in usage for schoolwork, social networks, and games. However, the
increase in use does not translate into gains on attendance, grades, standardized test
scores, or disciplinary behavior problems. The authors claim that their design allows

ruling out even small or modest outcomes.

In Colombia, the impact of the CPE program has been analyzed in two papers.
First, [7] analyzed a random assignment experiment on the north-western region of
Colombia, where 50 out of 100 potential beneficiaries get computers. The random-
ization was stratified using the department and type of school {elementary, middle,

high school}. In 2006, a baseline survey was made collecting data about schools,
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teachers, and students. In order to check the effect of the program, a second survey
was conducted 18 months later. Due to a high migration rate, a 37% attrition rate
was found. On average attritors in control and treatment groups are similar, which
supports the internal validity of the exercise. 3 However, attritors and non-attritors
characteristics differ in 8 variables. To address any potential bias coming from these
differences a dummy variable for the attritors and the interaction with the treatment

is included in the specification.

Overall the estimates indicate a small effect of the program on test scores and
other outcomes. The authors mainly attribute this result to the fact that computers
improve computer literacy instead of being incorporated into aid instruction. The
follow-up survey revealed that computer use in class activities was similar for control
and treatment groups, only in the computer science class there was a clear difference.
There are two drawbacks of the analysis. First, the analysis estimates the short-run
impact of the program. Given the 1-year training phase and the 18-month span be-
tween the surveys, the estimates capture the effect of being 6 months in the program.
The second drawback of the analysis is the high attrition rate that may invalidate

results.

[50] found a positive impact of the program on academic performance for 11°h
grade students. The authors estimate an increasing effect of the program with the
time of exposure from -0.01 (1 year of exposure) to 0.15 (8 years in the program)

30n 15 out of 18 variables, there was no statistical difference in the mean. The three variables
in which both groups differs are: receiving allowance, talk to teacher outside the class, and number
of hours studied outside the regular classes.
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standard deviations using OLS, and from 0.26 to 0.49 using IV to control for selec-
tion bias due to nonobservable characteristics. The specification is very flexible for
exposure to the program, with two instruments for each indicator of duration. The
first instrument is the percentage of schools in the same municipality benefited for
at least as many years as the indicator. The second instrument is the percentage
of students in the same town benefited for at least as many years as the indicator.
Instruments are relevant, a high percentage of beneficiaries indicate an adequate town
infrastructure, thus a higher probability of being treated. However, the instruments
fail the exclusion restriction. Town infrastructure is also correlated with the existence
in the town of other key educational inputs. Finally, the analysis ignores a teacher’s

promotion regime implemented in 2002, that can affect differentially schools.

In summary evidence of information technologies effect on academic outcomes, it
is not clear whether there is a benefit. Estimated benefit ranges from -0.15 to 0.52
standard deviations, differences in estimates do not depend on the schooling level or
subject tested. Moreover, any positive benefit in the short run is nor permanent.
Evidence for the CPE program is mixed, but comparing baseline models the effect of

the program seems to be small.

1.3 Description of the program

In 2001 the minister of education of Colombia started “Computadores para edu-
car” (CPE) a program that intends to close the gap in access to information tech-

nologies in public schools. Refurbished computers donated by the private sector are

10
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distributed to public schools, libraries, and cultural houses that satisfy these criteria:
apply to the program, are powered, and have an exclusive physical space to install the
computers. During the application process schools fill a form that allows CPE staff to
rank them, and computers are allocated to those with a higher score.* Between 2001
and 2010, there were two allocation rules of computers, both use the same variables
to determine allocation but with different weights.

In 2001, the minister of education of Colombia started “Computadores para edu-
car” (CPE) a program to close the gap in access to information technologies in public
schools. The private sector grant refurbished computers to powered public schools,
libraries, and cultural houses that apply to the program and dedicate a classroom to
the computers. First schools are ranked using their essential characteristics. Higher
ranked schools receive the computers.® Two allocation rules were used between 2001

and 2010, both use the same variables but with different weights.

First, between 2001 and 2006 computers were allocated in a ratio of 20 kids per
computer. Assignation focuses in schools located in the countryside, with a high per-
centage of minorities like African-Colombian or Indigenous, and that can share com-
puters with the community. This selection maximizes impact by focusing on schools
with higher limitations in access to computers, or in more disadvantaged communities
that are expected to have the highest rates of return. Beginning 2006 the program
focuses on satisfying the national goal of 12 students per computer. Thus, the central

4Information collected include the following variables: if school have students from a specific eth-
nicity, students with disabilities, sources of resources, total enrollment and per grade and information
about computers stock and preventive maintenance.

SInformation about student ethnicity and disability, which is the origin of the resources, enroll-
ment, and computers stock and preventive maintenance.

11
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objective was to increase coverage. Between 2001 and 2008 the program benefited
14,939 institutions by distributing 167,161 computers and training 161,214 teachers.
Computers were allocated to 23.5% of public schools and had covered 43.3% of the
students at public institutions. The program has extended to 96% of Colombian

towns.

The program is divided into three phases. First, computers are allocated, installed,
and corrective and preventive maintenance are provided. The second phase is 1-year
teacher training run by universities in the region of the benefited school. This stage
seeks to develop technical, technological, educational, and communicative abilities in
teachers to boost teacher use of computers. Finally, teachers by themselves introduce

technology into their education practices.

Beneficiaries of the program are classified into three groups: schools without com-
puters, schools with a ratio of students to computers higher than the benchmark (12
kids per computer), and previous recipients of the program whose computers are now
obsolete. Figure 7?7 shows computers granted by the program for each category.
Between 2001 and 2009, the target were schools without access to information tech-
nology.® Starting 2010, allocation re-orientates to replace outdated computers and to
institutions with a higher student-computer ratio than the national goal (50.3% and

28.8% respectively).

6Between 2001 and 2007 CPE was the only program that provides computers. In 2008 local and
national programs started.
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The CPE program has improved access to computers in public schools as sug-
gested by the reduction of students-computers ratio shown in figure 77. In 2002,
there were more than 700 students per computer granted by the program, computers
allocated up to 2012 have decreased this ratio up to 20. This figure constitutes an
upper bound of the student-computer ratio given that it considers total enrollment

in public schools, instead of enrollment at benefited schools.

Between 2001 and 2009, the program only distributed desktop computers. Lap-
tops and tablets introduced in 2011 and 2012 and they represent over 66% and 8%
of the devices granted. Laptops were mainly oriented to schools with out of date
computers (53.2%), and to schools with high students to computer ratio (22.3%).

Tablets were almost exclusively allocated to schools with a high computer ratio.

1.4 Conceptual framework

The economic problem faced by public schools in Colombia is the following. Be-
fore the program, each school chose the quantities of computers and other educational
inputs to maximize its education production function subject to its budget constraint.
Optimal decisions in this environment depend on marginal costs and benefits of com-

puters, given preferences, and productivity of computers in each school.

The program increases the budget available to get computers and restricts com-
puters to be at least the quantity granted by the program. Moreover, applying to

the program crowds out resources from other educational inputs. Schools incur some

13

www.manaraa.com



cost while some schools need a new room for computers other schools need to acquire
small safety materials. If the application cost is higher than the benefit, schools are
worse off by entering into the program. Thus, only schools with a positive benefit will
apply satisfying the constraint on computers. The number of computers depends on
its productivity and the other inputs productivity. Finally, the problem for a school

that does not apply remains as described in the previous paragraph.

In Colombia, each school define its short and long run objectives and summarizes
them into a document called “institutional educational program (PEI)”. This docu-
ment is constructed considering preferences of principals, staff, and community. Some
schools focus their planning on more applied fields like environmental or farming, to
train students to be productive in their towns. While another group of schools, can
define their objectives in a more traditional way, focusing exclusively on academic
achievement. The differences in the definition of the PEI creates that inputs, in-
put productivity, and optimal allocation are not the same across schools. Thus, the
program effect is not constant making that some schools rationally do not to apply.
The existence of the PEI may bias the estimate of the program effect. For instance,
schools aiming high-quality of education will use test scores as indicators of quality.
Therefore, those schools increase use of other educational inputs, independently of
being in the program. In consequence, test scores will rise by other factors than
computers, creating an upward bias in the OLS estimator. A school fixed effect will

account for those unobserved idiosyncratic factors that are constant over the time of
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analysis. 7

1.5 Data

The potential benefits of the CPE program on standardized test scores. In Colom-
bia, there are three stages of education at which paper-based achievement tests are
administered: elementary (5" grade), middle school (9" grade), and high school (11"
grade).® These tests are also known as SABER 5, 9, and 11 and are administered by
the ICFES.? The First two tests are a reference of the quality at initial stages. They
test cognitive skills in language (Spanish) and mathematics and have been applied in

three waves: 2002-2003, 2005-2006, and 2009.

Test for the 11'" grade is a benchmark for quality of the schools and by most
universities as a measure of academic knowledge. This test evaluates biology, phi-
losophy, physics, language, math, chemistry, geography, and social sciences. Also, a
foreign language component was mandatory after the second semester of 2006. The
second piece of information is the list of recipients between 2001 and 2009, the kind of
computer allocated (desktop, laptop, tablet), the number of elements delivered, and

the specific date.

7A Hausman test indicates differences between the parameters from a fixed and a random ef-
fect panel data, providing evidence that idiosyncratic components must be accounted for in the
specification.

8There is no advantage for students with a higher computer literacy, given that these are paper-
based tests.

9ICFES is a national institute in Colombia that provides an assessment of the quality of education.
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1.5.1 Descriptive statistics

Recipients are divided into two groups using the SABER 5 and 9 test dates to ease
comparison of the treatment effect. Thus the first, “treatment 17 consists of schools
that receive computers between 2001 and 2005 and the second group “treatment 27
includes recipients between 2006 and 2009.!° Finally, all other public schools are

classified as non-recipients.

Table 1.1 presents descriptive statistics for school location, gender, age, grade,
and school enrollment. Statistics for 5 grade for treatments one and two are similar:
about 60% of recipient schools are located in rural zones, with an average enrollment of
400 students. But recipients and non-recipients are different. Among non-recipients,
76% are in the countryside, and average enrollment is half of the registered in treated
schools. At standard levels, it is not possible to reject that observable characteristics
between the two treatment groups are the same. Consequently, it may be reasonable
to assume that unobservable characteristics in treated schools are similar. However,
this conclusion is less plausible and rejected by the data for non-recipient schools.
The change in the allocation rule seems not to have an effect on comparability across

treatments, this is due to the homogeneity across elementary schools.

On the other hand, characteristics of the middle and high school differ among
treatments. The similarity between the middle and lower panel of table 1.1 is not

10T herefore, the group defined as treatment 2 will reflect a weighted average of the two allocation
rules. As a robustness check estimations were performed using schools in treatment 2 with the
same allocation rule than schools in treatment 1, estimates of the program effect do not change
considerably.
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surprising given that in Colombia middle and high school education are provided in
the same institution. The percentage of rural recipients in treatment 2 is between 12
and 15% lower than in treatment 1 and school enrollment is around 30% higher in
treatment 2 than in 1. These facts are consistent with the change in the allocation
rule. Moreover, about 25% of non-recipient schools are in rural areas; this is about
half of the percentage of treated schools located in the countryside. Average enroll-

ment is almost the double in the non-recipients than in schools in treatment 1.

1.6 Empirical results

This section presents evidence of the impact of the program. First, a homoge-
neous effect is assumed, then heterogeneity of the treatment effect by school size,
location, and exposure is inspected. Subsection 1.6.1 discusses the most reliable
specification considering school characteristics and a concurrent teachers’ promotion
reform, to improve teacher’s quality. Following subsections allow heterogeneity under
three alternative approaches. Subsection 1.6.2 presents estimates considering a non-
homogeneous impact for each treatment. In subsection 1.6.3 the effect of the program
is allowed to vary by school size and location. Then, in subsection 1.6.4 the measure
of the program is changed to intensity given by the length of exposure, imposing a
polynomial relation for duration effect (linear or quadratic) and a non-parametric

estimation. This analysis determines whether the effect is persistent over time.
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1.6.1 Model specification

This section presents the basic specification used to analyze the effect of the CPE
program on academic test scores. First, we show estimates using a difference in
difference approach including school and time fixed effects; then we include depart-
ment trends as proxy of the teacher’s promotion reform. As a result of idiosyncratic
differences across schools we include school fixed effects. Also, there might be differ-
ences the cohorts of students or in the test difficulty, to address for them and other
time-related differences in the specification time effects are included. Thus, common
factors across recipients and non-recipients that differ by the year of analysis will not
bias our estimates. The initial specification is a traditional difference in difference

approach for multiple periods:

vie =0T+ Y i+ 7 (1.1)
A t

where y;; denotes the standardized test score for school 7 in ¢, T}, is 1 if school
1 is treated before period t by the CPE program, ¢; is a school fixed effect and 7
is the time effect. There are three assumptions implicit in equation 1.1: (i) The
program effect « is the same for all schools independent of year of treatment; (i)
the effect is independent of exposure; (i) the trend in unobservable characteristics
is the same for recipients and non-recipients between the first and second waves. The
identification of the impact of the CPE program the difference in difference estimator
requires that the change of the outcome for treated schools can be decomposed into
two components: the change in test scores due to the program and the trend, which
is the score for recipients in the absence of the program. That is, a reference group
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is required to account for the unobserved counterfactual.

Estimates from equation 1.1 do not consider a reform in 2002 that toughened
requirements on teacher promotion. In the old regime, promotion depends on com-
pletion of training-courses or years of experience while in the new regime teaching,
and cognitive skills of the teachers are tested. This reform creates incentives for
teachers to become more skilled and productive. Already employed teachers decide
whether to stay in the old regime or to change, while instructors hired after 2001

must start in the new regime.!!

Incentives for young teachers create a differential in the quality of professors, such
that instructors in the new regime have higher productivity. If this reform differ-
entially affects schools and it is not accounted into the specification, the estimated
treatment effect will be biased. For instance, if schools that hire younger teachers also
are CPE recipients improvements in test performance would be explained by better
instructors and the CPE program. Additionally, more productive individuals live in
towns with better economic conditions. If computers are allocated to schools in cities
with better access to utilities, infrastructure, and also with more productive teachers,

the estimate will also reflect those economic conditions.

Data for this reform is hard to obtain because in Colombia decentralized sec-
retaries of education are responsible for managing resources and keeping records of

11 [54] analyzes how this reform affects educational outcomes like dropout rate and test perfor-
mance at 5" and 9*" grades. Results indicate that increases in the proportion of teachers under
the new regime are negatively related to school desertion and improve performance at 9** math and
language tests up to a quarter of standard deviation.
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12 Moreover, until 2010 there was no requirement for each secretary

public schools.
to report information about school teachers and staff. Thus, not all schools keep

records. Therefore, to address the bias due to this reform and given restrictions to

obtain information, two set of variables are used.

First, school fixed effects control both school hiring and non-observed differences
in city’s economic conditions constant over time. Second, department trends are in-
cluded to capture changes in demographic and economic characteristics common to
recipients and non-recipients. Although secretaries, distribute resources and estab-
lish educational policies they follow national and departmental guidelines. Moreover,
traditions, culture, and economic and demographic conditions are shared by depart-
ments.!® Given that new teachers begin in the new regime, this reform is linked to
changes in demographic conditionsthose department linear time trends will control for
differences in unobserved demographic, economic and educational conditions across
departments.'* These trends account for the effect of the reform if the change is
approximately constant over time, and if the impact of the reform is homogeneous

inside each department by location and school size.

Table 1.2 presents estimates of the treatment effect for language and mathematics

15

of two specifications of equation 1.1. First column presents estimates without

12In 2013, there were 94 secretaries distributed across the 32 departments

13For instance, in 2006 and 2008 new laws for retention of students were promulgated, lowering
dropout rate.

14To check the robustness of this selection, baseline estimations were performed using direct mea-
sures of demographic and economic conditions such as department GDP, population, and average
age. Estimates were similar.

5For comparability estimates for the 11" grade are restricted to years 2002, 2005 and 2009.
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the department trends and the second column presents those estimates controlling
for the teacher promotion regime. If there is no “substantial” difference in estimates
between columns, it is arguable that the new promotion regime is unrelated to the

CPE program.

Estimation is performed using a balanced panel. For language there are 25281,
6699, and 10773 observations for the 5, 9" and 11" grade test scores. For mathe-
matics there are 25455, 6702, and 10773 observations.'® Without adding department
trends, estimates of the treatment effect indicate a reduction in score of 0.04 and 0.06
standard deviations in language for the elementary and middle school, while for the

11*" grade score of treated schools increases by 0.07.

In mathematics, estimates of the treatment effect are negative for elementary and
middle school tests, and positive for SABER 11 test. Adding department trends,
the predicted impact on the 5 and 9" grade test score increase, being higher the
increment for the middle school. If the only effect captured by the department trends
is the new promotion regime, the higher estimates in the second column indicate a
lower quality of teachers in recipient schools. This low-quality finding is consistent
with the allocation rule until 2006 where computers were allocated to more disad-
vantaged schools. On the other hand, estimated impact for the 11** grade reduces
between column 1 and 2, indicating an upward bias without controlling for depart-
ment trends. In this case, time-varying unobserved factors are positively correlated
with the program. This correlation can be due to the focus of educational policies on

16Estimates using all available sample do not differ with respect to the results presented in this
paper.
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these outcomes as reference of quality of education at each institution.

In summary, initial estimates of the treatment effect that address the promotion
regime indicate that there is no gain from the program on academic test scores for
any of the schooling levels studied. Benefit for language test score ranges from -0.01
to 0.01; in mathematics, it ranges from -0.006 to 0.021. However, this no effect es-
timate could mask heterogeneity of the benefit across schools. For instance, there
could be heterogeneity caused by the change in the allocation rule although this was
an exogenous change and it must not bias estimates. If the effect differs under each
allocation rule, the estimated impact is an average of the effects for each group. Also,
the non-significant estimate may hide differences in the program effect by location,

Size, or exposure.

1.6.2 Alternative measures of benefits of being in the pro-
gram

In this section, alternative measures of the program’s impact are estimated relax-
ing assumptions from equation 1.1 to allow for heterogeneity on the benefit. A first
way to include heterogeneity is allowing the treatment effect to vary depending on

the timing of the allocation, as defined in section 1.5.1.

Yip = oL + ol + Z 0 + Z T (1.2)
; t

7

22

www.manharaa.com




where Ty; and Ty; are indicator variables for schools in treatment 1 or 2 being
benefited at period ¢.!1” For comparability, column 1 in table 1.3 reproduces estimates
from the second column of table 1.2. This column is an average of the impact for
both treated groups presented in columns 2 and 3. Thus, program’s impact of -0.01
for language test scores at elementary school is decomposed into -0.04 and 0.014 for

schools in treatments 1 and 2.

For middle school, benefited institutions during the first part reduce their score
by 0.025 standard deviations while schools treated after 2005 increase their score by
0.03. At both schooling levels, the impact during the second part of the treatment is
higher. In contrast, the effect on high school test scores is greater for schools treated
before 2006 (0.015) than the estimated impact for schools in the second part (-0.011).
Therefore, the evidence is inconclusive about what treatment is “better” for language
test scores. As equation 1.1 is nested into equation 1.2, an F-test on the latter, re-
stricting estimates from both treatments to be equal will select which specification
fits the data better. Results in column 4 reveal a heterogeneous impact, rejecting
null hypothesis at 0.16%, 3.04%, and 8.99% significance levels for 5 9" and 11

grades, respectively.

In mathematics, the evidence does not support that a particular treatment has a
higher benefit. For the 5* grade, schools in the first part of the treatment increase

17This specification is equivalent to: Vit = a1111 X postly+ai2T5 X post2,+0;+ 1, where T; denotes
a school in treatment ¢ and posti; is a dummy variable indicating whether schools got computer at
time t.
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their score by 0.03 standard deviations while the average score for schools in the sec-
ond part is not affected by the program. For the 9" grade, there is a higher impact
of the treatment for schools in treatment 2 (0.05), compared with a reduction for
treatment 1 schools (0.03). Finally, first-treated schools increase their 11 grade test
score by of 0.046 and schools in treatment 2 have a reduction of 0.023. The homo-
geneity of the program’s impact (column 4) is rejected at 8.44%, 1.33%, and 0.0% for

elementary, middle, and high school test scores.

Taking advantage of the nature of the data is possible to use a more flexible
specification, which nests previous equations. A multi-period and multi-treatment
specification that allows treatment 2 and non-recipient schools to have a different
trend between the first and second wave, and the effect of the program for schools in

treatment 1 to differ by wave, is:

Yir = Bo + BiTuim + BoTime + B3It + BaToimo + 71 + To + 0; + €4 (1.3)

Ty; and Ty; are dummy variables for the school being a treatment 1 or 2 recipi-
ents respectively, and non-recipients schools are the omitted category. 7y, 7 are time
dummies for the second and third waves tests scores. This specification follows three
groups between 2002 and 2009, where some schools never got treated, and other were
treated with different timing, exposure, and allocation rule.!® Two restrictions are
imposed in 1.2 relative to equation 1.3. First, (3 is restricted to be 0, i.e. schools

18Table A.1 of appendix A presents the complete estimation of equation 1.3 for language at the
5t grade.
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treated after 2006 have the same behavior before treatment as non-recipients and
(1 = Py i.e. the treatment effect is constant independent of exposure for benefited

schools prior 2006.

In this framework, we also can consider non-recipients as the comparison group.
For identification, it is assumed that the trend in unobservable for non-benefited
schools is the same that the trend of benefited schools after treatment. The differ-
ence in difference estimator of the treatment effect is 81 for schools treated before
2006 and (B4 — B3 for schools treated between 2006 and 2009. These estimates are
presented in columns 3 and 4 of table 1.4, and are directly comparable to columns 1
and 2 that are reproduced from Table 1.3. In language, estimates for elementary and
middle school test scores of equations 1.2 and 1.3 keep the trend described. For the
11%" grade the estimated impact of the program is lower for treatment 1 and higher for
treatment 2 than the estimates of equation 1.2. In mathematics, only the 9** grade
estimates are similar to those presented in columns 1 and 2. Schools in treatment 1
have a significant increase of about 0.1 standard deviations in elementary and high
school test scores, but schools treated after 2005 have a reduction of 0.05 standard

deviations.

In summary, using non-recipients as the comparison group, there is evidence of a
small effect of the program that can differ across treatments. In language for elemen-
tary schools, first treated have a reduction of the score, and second treated have a
positive impact. For the middle school the effect is similar, independent of the treat-

1th

ment; for the 11" grade, there is a benefit of the program on achievement tests for
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schools in treatment 2 while the score reduces for schools in treatment 1. For math-
ematics, trends in estimates differ between specifications, so it is better to focus on
the most flexible specification, where there are benefits for schools in treatment 1 in
elementary and high school tests, but a reduction of the score for schools in treatment

2. For scores of the middle school, there is no gain of the CPE program on any subject.

The validity of previous results hinges on the common trends assumption that
is not possible to test without pre-treatment data. Equation 1.3 yields a direct test
for schools in treatment 2, if 3 = 0 it is arguable that non-recipients share trends
in unobservables with schools in treatment 2. Results for this test are presented in
column 1 of table 1.5. In language, p-values for this hypothesis are: 0.80, 0.35, and
0 for elementary, middle, and high school; therefore, the common trends assumption
holds for elementary and middle school and estimates of the impact are valid. On the

1" grades,

other hand, in mathematics, p-values are: 0, 0.68, and 0 for 5*, 9" and 1
so the common trends assumption only holds for the middle school. With respect
to the estimates for schools in treatment 1, differences in observable characteristics
presented in section 1.5.1 suggest that the common trends assumption is not rea-

sonable. Thus, the comparison between those two groups may include confounding

idiosyncratic factors to either group. Thus, a better counterfactual is required.

As recipient schools are similar in their observable characteristics independent of
the date of treatment, schools in treatment 2 are a better counterfactual for schools in

treatment 1. Neither first nor second treated schools have computers in 2002 and only
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schools in treatment 1 got by computers by 2005. Thus, program’s impact is com-
puted as 81 — (3 in 1.3. That corresponds to the difference between scores in the first
and second wave for schools under treatment 1 and the change in score for the same
waves for schools in the treatment 2.' Column 5 of table 1.4 reports these estimates,

that are comparable with those from columns 1 and 3, using a different counterfactual.

For language at elementary school, the average test score for recipients decreases
by 0.06 standard deviations, the impact at middle and high school is nonsignificant
and around zero; for mathematics in elementary school, there is a reduction of 0.01
standard deviations while this effect increases for middle school to 0.034. However,
both estimates are not precisely estimated; meanwhile, high school test scores for
schools in the first part of the treatment increase by 0.05 standard deviation. In sum-
mary, estimates indicate a small impact of the program, not precisely estimated for
the majority of specifications, except for language in elementary (-0.05) and mathe-

matics in high school (0.05).

Before concluding this section, results for the other 2 restrictions imposed on spec-
ification 1.3 to be consistent with equations 1.1 and 1.2 are presented. The test for
a constant effect independent of the length of exposure is presented in column 2 of
table 1.5. In language and mathematics, the F-tests are rejected at the 5% and indi-
cate that staying three additional years effect is different. Finally, column 3 presents

19 An alternative specification that produces identical results, is to restrict the sample to the first
two waves using only treated schools. The causal impact of the CPE program (1) can be estimated,
under the traditional DID framework, using the group of schools in treatment 2 as the omitted
category. ~ _ ~

Yie = Bo+ B1CL + Ty + 01T X 11+ €54 (1.4)
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the test for homogeneity of the impact using as counterfactual non-recipients across
treatment 1 and 2. Results for both subjects indicate that at elementary and high
school the effect differs by treatment, but this conclusion does not hold for the middle
school estimates. Evidence of heterogeneity by treatment is not conclusive because
estimates for treatment 1 using non-recipients to control for trend in unobserved char-

acteristics do not satisfy the common trends assumption.

Summing up, program’s impact estimates indicates a small effect on academic test
scores for all schooling levels, but there is evidence that treatment effect is not equal in
both treatment groups. In language, for the 5" grade there is a negative and precisely
estimated impact on first treated schools of -0.05 standard deviations, independent of
the counterfactual selected to account for the trend in unobservable characteristics.
For the 9" grade, no estimate is precisely estimated, and for the 11 grade, there
is no evidence of impact using the most reliable specification. In mathematics, there

1th

is no impact for the 5" and 9" grades, but there is a positive effect for the 11" grade.

1.6.3 Heterogeneity by school size and location

The existence of complement and substitute resources in schools can create a dif-
ferential impact of the CPE program, two measures related to resource availability
are school size and location. For instance, bigger schools have a larger staff and other
complementary resources like libraries and labs that can increase the effectiveness of
computers on academic outcomes. Also, larger schools specialize their professors into

specific subjects, being more qualified in the use of computers and related academic
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resources. The second source of heterogeneity inspected is location, schools in rural
zones face higher restrictions in their access to other inputs like internet, public li-
braries, and high-quality teachers. In order to check this effect, interactions for school
size dummy or a location dummy are added to equation 1.3. School size is defined as

big if enrollment is above the median and small otherwise.

Columns 1 to 3 of table 1.6 show the treatment effect by school size, the up-
per panel corresponds to estimates of the effect on language. At 5 grade, larger
benefited schools reduces their score by 0.06 standard deviations while small schools
increase their score by 0.08. Although this difference seems significant, it is not pos-
sible to reject the test that the program impact does not depend on school size as
shown in column 3. Estimates of the program effect at the 9 grade are similar by
school size 0.001 and -0.009, then the F-test is not rejected with a p-value of 88%. In

1" grade, there is an increase of 0.007 standard deviations in

bigger schools in the 1
the score, while there is a reduction of 0.025 in smaller schools. Both estimates are
imprecisely estimated. Therefore, the F-test of homogeneity can not be rejected. For
mathematics, lower panel, elementary test score for benefited schools with a higher
enrollment reduces by 0.01 standard deviations and increases for smaller schools by
0.08. Again, the school size interaction reduces the precision of the estimates, and it
is not possible to reject the homogeneity test of the effect by school size. Estimates
for the 9" grade indicate that bigger schools have an increase of 0.08 standard devi-
ations in average test scores while there is a reduction of 0.08 in small schools, the

1th

F-test rejects the equality of the estimates. In the 11** grade, larger treated schools

have an increase of 0.07 standard deviations in their score, while smaller schools have
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a nonsignificant reduction of 0.01.

Columns 4 to 6, present estimates allowing a different program’s impact by school
location. For language at the 5 grade, urban schools exhibit a significant decrease
in their score of 0.08 standard deviations, while there is an increase of 0.04 standard
deviations for schools in rural areas that is imprecisely estimated. The test of equal-
ity is rejected. For the 9 grade, urban schools reduce their score by 0.02 standard
deviations, while rural schools increase their score by 0.07. However, it is not possible
to reject a homogeneous effect hypothesis for both locations. For the 11t grade, rural
schools increase their score by 0.03, while in urban schools reduce it by 0.02 standard

deviations.

In mathematics for the 5 grade, the treatment effect is not precisely estimated,
althought it follows the trend observed in language. There is a reduction in scores
for urban schools of 0.03 and an improvement in 0.05 for rural schools. Those im-
pacts are statistically different with a p-value of 8.9%. For the 9" grade, estimates
indicate a positive impact on both tests in the 5 and 9" grades, but none of them
are statistically different from zero, and test for homogeneity is not rejected. Finally,
in the 11" grade, there is a significant increase in the score for schools located in
rural areas of 0.09 standard deviations, while this is only 0.019 in urban schools. The

F-test rejects that effect is the same for both locations.?

20 Also we inspected a more flexible estimation allowing both interactions at the same time, results
were consistent with table 1.6, but standard errors were higher making it more difficult comparisons.
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All in all, there is evidence at the 5" grade that treatment effect differs by school
location, with rural schools exhibiting higher benefit and that treatment effect for
mathematics average score in the 9 and 11%" test scores is a higher in bigger schools.
Despite most of the estimates are not precisely estimated, some trends can be inferred
from results. T'wo results support the idea that computers were allocated to schools
where resources were scarce and computers helped to overcome deficit in other inputs.
First, at the elementary school the effect on both subjects is higher in smaller schools

and for all schooling levels, second the program’s impact on rural schools is higher.

Additionally, results of a higher benefit for bigger schools in post elementary tests
(9" and 11%" grades) seems to support the idea that computers are more effective if
they are complemented with other educational inputs available at school. The high
standard error makes it difficult to compare and make statistical inference. Therefore,

all remaining analysis is made using the whole group of schools.

1.6.4 Heterogeneity from exposure analysis

According to [5] existence of information technology (IT) in benefited schools is
a key factor that determines the success of this programs. The longer the exposure
to IT programs, the greater the impact on academic outcomes is expected, due for
instance, to the fact that teachers might be able to integrate more efficiently comput-
ers into their classes. This section investigates whether there is heterogeneity of the
treatment effect for schools in treatment 1. Alternative assumptions about the expo-

sure are examined: a constant effect (column 5 of table 1.4), then the binary measure
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of treatment in equation 1.3 is replaced by a measure that accounts for the length of
exposure using a linear, a quadratic and a non-parametric relationship between test
scores and exposure. Similarity among the estimates for both groups suggests that
the best candidate as comparison group is the second group of schools. Therefore, the
effect is estimated with exposure varying between 1 and 3 years for benefited schools

and no exposure for schools that got computers after 2005.

To compare estimates, table 1.7 summarizes the predicted benefit by the time of
exposure. For language, only the last column corresponds to actual estimates. Esti-
mates of the predicted benefit in columns 1 to 3 are constructed subtracting from the
implied benefit the estimated change in the score between the first and second wave
for schools in treatment 2.2! The upper panel corresponds to the 5 grade where

results differ substantially by specification.

Assuming a constant effect, first column, there is a reduction of 0.05 standard
deviations in the score of recipient schools, while the linear relationship also finds
a negative effect of the program around 0.03, that diminishes with any additional
year in the program. On the other hand, the quadratic model predicts an increasing
effect from -0.097 in the first year to 0.009 standard deviations after being in the
program for three years. Finally, column 4 indicates that under the non-parametric
specification, estimates are non-statistically significant without a clear pattern for
this effect. Schools exposed 1 year to the program experienced a reduction of 0.059

2ITables A.2 and A.3 in Appendix A present the estimated coefficients for linear and quadratic
models, as well as the estimate of the change for schools in treatment two between the first and
second waves.
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standard deviations in their average score; the score increases by 0.003 in the second
year, and -0.027 in the third year. The last row in this panel presents an F test to
check whether estimates from columns 1 to 3 differ from those in column 4. Linear
and constant specifications are adequate while quadratic estimates do not fit the data

as well as the most flexible estimation.

For the 9** grade, results indicate that longer exposure to the program reduces test
score, but no estimate was statistically significant. Assuming a constant effect, there
is an insignificant program’s impact of -0.001. Restricting the relationship between
exposure and test score to be linear, there is an adverse effect during the initial three
years in the program ranging from -0.017 to -0.028. The quadratic trend shows that
during the first two years score increase by 0.02 standard deviations, and it reduces by
0.036 after three years in the program. Finally, the non-parametric specification, in-
dicates a positive impact during the first two years of about 0.06 standard deviations,
that change sign to a reduction of 0.035 for the third year. According to the F tests,
the hypothesis that fits from quadratic function and the constant specification are
the same that the flexible estimation can not be rejected. However, the test rejects

equality among the dummy and the linear specification.

For high school test scores, a reduction of 0.004 standard deviations is estimated
under constant effect. The linear model estimates a positive impact that decreases
with exposure from 0.023 to 0.008. The quadratic specification indicates a negative
effect during the initial two years of exposure (-0.01 and -0.02 standard deviations),

and a small positive effect after three years (0.03). The flexible specification indicates
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that schools reduce their score for one year in the program by 0.02 standard devia-
tions and by 0.05 for schools more than one year in the program. F-tests indicate
that constant, linear and quadratic specifications fit data as well as the dummy spec-

ification.

Table 1.8 presents the same set of results for mathematics. For the 5 grade,
there is a reduction of 0.01 standard deviations according to the constant specifica-
tion, while there is an increasing effect of the program with exposure from -0.06 in
the first year to 0.015. This increasing trend is also consistent with the quadratic
specification where treatment effect ranges from -0.028 to 0.009. Finally, nonpara-
metric estimates show an increase of the average score for schools treated in the first
year of 0.02, 0.015 for the second year of exposure and a reduction of -0.035 in the
third year. According to the test of homogeneity across estimates, only the constant

and linear models fit the data as well as the dummy variables specification.

For the 9"* grade, under a constant effect, there is an increase of 0.03 in the score
of recipient schools. The linear model also estimates that the program’s impact is
positive during the three initial years into the program around 0.03 standard devia-
tions. A similar finding is obtained in the quadratic specification, with an impact of
0.046 in the first year, 0.054 in the second and 0.037 after three years in the program.
Finally, the flexible specification shows that the estimated impact after two years is
higher (0.172) than for the first (0.044) or the third year. The F-test rejects that
constant, linear and quadratic specification are as good as the most flexible alterna-

tive. In the 11** grade, the linear specification shows an increase of 0.05 standard
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deviations in treated schools test score. The linear model estimates an increasing in
exposure benefit from -0.003 to 0.068 standard deviations and the quadratic specifi-
cation shows an u inverted form for this relation from 0.056 in the first year to 0.028
after three years of receiving computers. The most flexible specification shows that
benefit decreases from 0.059 for schools that receive computers one year after taking

the test to 0.005 standard deviations for schools that got computers in 2002.

In summary, estimates for language indicates that allowing program effect to vary
according to school’s exposure, do not change substantial findings from the previous
section for elementary, but a marked adverse impact is obtained for middle and high
school test scores. However, most of the estimates are not precisely estimated. The
majority of the treatment effects show a reduction in the elementary school and for
the most flexible specification in the 11" grade. The impact is positive for the 9
grade. However, after three years in the program, there is no difference between the
score of recipients and nonrecipients. In mathematics, for the 5'* grade, schools that
participate in the program do not experience changes in their average score. On the
other hand, tests for the 9" and 11" grades indicate that recipients experience an
increase during the first two years in the program, and especially in the second year,

but this impact disappears for the third year.

1.7 Discussion and Conclusions

This document presents several measures of computer benefits on academic achieve-

ment tests for 5, 9" and 11" grades test scores, under different assumptions the
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results do not support the hypothesis that computers improves learning and standard-
ized test scores. Given differences in observable characteristics between recipients and
non-recipients, the most reliable set of estimates is obtained comparing the effect on
schools treated before 2006 with schools treated after that year used as reference.
This effect is only statistically significant for language at the 5 grade (-0.05) and
for mathematics in the 11%* grade (0.05). For all schooling levels, analysis of the
impact by school location indicate a higher treatment effect for rural schools than
the estimated in urban recipients, but this estimate is only precisely estimated at the
5" grade. Analysis by school size suggests that smaller schools are more benefited

1" grades treatment effect in bigger schools is

in elementary while, in the 9" and 1
higher, however the majority of those effects are not precisely estimated. Results in
language including a measure of exposure to the treatment indicates that there is no
difference between test scores for benefited schools and those from never recipients

during initial 3 years, while in mathematics a positive effect is found during the two

initial years into the program but this is effect declines to almost zero in the third year.

Some elements of the discussion about computers benefits on academic outcomes
are similar to the previously presented by inclusion of calculators into learning prac-
tices, see for instance [43, 15] and [27]. At the time pocket calculators were intro-
duced into teaching, instructors were concerned that their use will prevent students
from learning crucial mathematical skills. However, there could be a benefit if stu-
dents will take advantage of the time reduction due to the use of calculators and focus
instead on studying fundamental concepts behind operations. Therefore, how tech-

nology is included into classes and daily practices is a key factor in order to analyze
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their impact. Computers are more complex than calculators, since they can develop
a variety of activities, having effect on a broader range of skills, like writing, spelling
and calculating math operations. Therefore, to boost the impact of any program
related with computers and technology, it is customary to analyze the purpose and
limitations of computers in each field. For the CPE program, the training phase was
designed to teach instructors about computer possibilities in the classroom, increasing

program’s impact and allowing to integrate computers into teaching daily practices.

Findings in this paper and those of [7] are similar, they also found that there is no
impact of the program, because in benefited schools use of computers only increases
in computer science class. This association is not strange given that usually public
schools in Colombia only are equipped with one computer lab room for all grades.
Therefore, even if teachers want to use technology to teach or to instruct students to
use computers at free time, it is physically impossible for students to take advantage
of this resources. More motivated teachers can recommend students to search at home
for specific learning resources but given that not all students have computers or ac-
cess to internet, this teaching practices can not be enforced. Moreover, CPE program
is not oriented to solve deficiencies in specific skills or subjects through a specific
software, as in computer aided instruction, so it is not easy to determine a particular
ability or subject to account for the benefits of the program. Because of that, this
program is more closely related to increase computer literacy; findings of no impact of

computers at school on pupil outcomes, are consistent with that literature as [47, 33] .
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However, there are some methodological issues that make difficult to establish a
direct link between this paper and [7]. First, test structure differs, they administered
their own version of the SABER exams. This could be an issue for this study, if
differences in test and cohorts are not completely captured by the time fixed effect.
A second difference among students is that in this study is not possible to track
students, so the estimates reflects an average for the school and do not include the
effect of students who switch schools as a response to the program.?? Third, evi-
dence from [7] corresponds to all elementary students that are more representative
of overall school improvement than data from SABER 5 9 and 11 used in this paper.
From the data, it is not possible to separate for each school treatment effect between
exposure and effect at different grades. However, results from this research can be
representative of all elementary if effect across grades is constant, as it seems to be
indicated by the small estimates independent of length of exposure found. Fourth,
average exposure to the program differs from [7] because they focus on the short run
effects of the program (18 months). Estimates from the flexible model suggest that
in the majority of schooling levels and subjects effect does not differ after 2 years of
being benefited by the program. Finally, there is a geographical difference while [7]
focus on a specific region, while in this study results are obtained using schools from
all Colombia’s departments, with differences among regions of Colombia because for

instance of teacher’s training.

22 [56] shows that under migration or switching of population, estimated effect of a program could
be biased due to a number of factors: the compositional change in the students at schools benefited,
the difference in the initial characteristics of the “migrants” and “residents” populations, the mean
effect of the program in those sub-populations, and the change in the migrants population due to
the selectivity of the new migrants. The direction of the bias will depend on the characteristics of
the migrant population that is not possible to obtain from official records.
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Results for the exposure effect using the non parametric specification can be com-
pared to those obtained by [50], who found a small and imprecisely estimated impact
for any recipient in the initial 3 years of the program. But, after four years their es-
timates indicate that benefited schools increase their score between 0.045 and 0.146
standard deviations. Estimates from both papers indicate a small impact of the pro-

gram, even after allowing teachers to incorporate them into their teaching practices.

But this similarity must be considered with cautiones given some methodologi-
cal differences. First, their study considers the effect of the program on aggregate
SABER 11 test score, not only on mathematics and language, the impact of the CPE
program can be related with score increases in other fields of knowledge. Second,
their estimates are for high school test scores, there could be differences that suggest
a differential effect by grade because of two reasons: high school students are more
familiarized with computers use and because topics in high school are more complex
requiring investigation and use of complementary sources. Third, students at elemen-
tary and high school are different by nature, there is a selection process that make that
worst students dropout early and do not finish high school?®. Fourth, high schools
are located in more populated areas, usually characterized with better economic con-
ditions and therefore with a higher access to other educational inputs, therefore if
computers are complementary in the production function the rate of return on high
school academic outcomes is presumed to be higher. Fifth, the assumptions about
effect of non switchers are different, they restrict sample to non switchers i.e. to
those students for whom, the benefit of stay is greater than that of leaving, therefore

23In 2006 and 2008, regulations punishing parents of students who stop their studies were pro-
mulgated, so this conclusion does not hold for the following period
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estimated effect presents an upward bias. In contrast, in this paper due to the lack
of student’s information it is not possible to determine whether there is an upward or
downward bias. Finally, there is a difference in schools used as counterfactual, while
[50] control for unobserved trend using as counterfactual non-recipients, in this paper

the group of control schools is conformed by the schools that got computers later.

Another plausible explanation to this non significant effect of computers on math-
ematics and language achievement tests, is that use of computers of the CPE program
is not more effective than any other method used for teaching. This is true if CPE
program has crowded out other educational inputs in order to get the computers, then
would have recipient schools maintained initial allocation estimates would have found
an increase in achievement, unfortunately it is not possible to test this hypothesis to
with data available. The difference in estimates from school location and size, despite
most of them are not statistically significant, leaves open the question of how other
educational inputs available at school and effectiveness of the program are related.
Although the main goal of the program was to increase use and access to computers
so as reduce the digital gap in public schools, benefits of this policy are not exclusively
on academic grounds, schools and society itself benefit from individuals with higher
knowledge of IT, given that this eases communication, entertainment, and increases

individual’s skills and productivity for future jobs.
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Figure 1.1: Computers granted by the program by type of recipient.

This figure presents the annual number of computers granted by the program according to three
categories: schools without access to computers (solid blue line), schools with a limited number of
computers (red dashed line) and schools with computers that are obsolete (pointed green line).
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Figure 1.2: Ratio of total students to computers granted by the program.

This figure presents the ratio between enrolled students in all public institutions and the computers
granted by the program, then it is a proxy for the impact of the program on students access to
computers.
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Treatment 1 Treatment 2 Non-recipients
5" grade
% rural 0.58 0.59 0.76
(0.49) (0.49) (0.43)
% male 0.47 0.47 0.47
(0.20) (0.21) (0.28)
Av Age 10.9 10.9 10.9
(1.1) (1.1) (1.2)
Enrollment per grade 43.2 40.8 21.7
(45.7) (46.8) (43.8)
School Enrollment 403.5 396.8 190.3
(403.5) (396.8) (190.3)
N 2015 3870 10298
9th grade
% rural 0.58 0.43 0.25
(0.49) (0.50) (0.43)
% male 0.47 0.49 0.44
(0.16) (0.17) (0.20)
Av Age 14.6 14.6 14.4
(0.9) (0.9) (0.8)
Enrolment per grade 46.2 79.1 107.6
(47.2) (88.9) (114)
School enrollment 588.8 793 1011.8
(511.5) (673) (851.9)
N 1057 1641 1891
11" grade
% rural 0.56 0.44 0.28
(0.46) (0.51) (0.45)
% male 0.48 0.49 0.46
(0.13) (0.15) (0.17)
Av Age 16.6 16.6 16.5
(0.8) (0.9) (0.8)
Enrolment per grade 48.4 68.9 95.2
(47.4) (76.7) (92.4)
School enrollment 605.2 798 1032.4
(573.1) (646) (889.1)
N 741 1577 1273

This table presents the summary statistics for recipients of the program
divided into two treatments. Treatment 1 refers to schools that were ben-
efited by the program prior to 2006, while Treatment 2 refers to school
that got computers in 2006 or later. Control group corresponds to all
schools that never got computers from the CPE program. Standard de-
viations are presented in parentheses.

Table 1.1: descriptive statistics.
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Without additional controls

With department trends

Coefficient
Standard error
R2

N

Coefficient
Standard error
R2

N

Coefficient
Standard error
R2

N

Coefficient
Standard error
R2

N

Coefficient
Standard error
R2

N

Coefficient
Standard error
R2

N

Language

-0.0427%%%
(0.011)
0.004
25281

-0.0554%%%
(0.0166)
0.004
6699

0.0712%%%
(0.0085)
0.013
10773

5t grade

9" grade

11t grade

Mathematics

-0.0137
(0.0123)
0.002
25455

-0.0744%*
(0.0227)
0.005
6702

0.02647%*
(0.0079)
0.006
10773

5" grade

9t" grade

-0.0102
(0.0114)
0.091
25281

0.0105
(0.0161)
0.134
6699

-0.00413
(0.0086)
0.212
10773

0.0127
(0.0126)
0.122
25455

0.0207
(0.0216)
0.161
6702

-0.0057
(0.0085)
0.087
10773

This table presents alternative specifications of equation 1.1 including co-
variates to control for other educational reforms. First column, corresponds

to estimate from a model with school and time effects.

Column 2 in-

cludes department trend to proxy for the change in promotion conditions

for teacher.
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Test for

Homogeneous Impact for Impact for homogeneity of the
impact treatment 1 schools treatment 2 schools . & Y
mpact
« oy Qo F test
Language
5t grade -0.01 -0.042%** 0.014 0
(0.011) (0.015) (0.014)
9th grade 0.011 -0.025 0.030 0.03
(0.016) (0.0230 (0.018)
11" grade -0.004 0.015 -0.011 0.09
(0.009) (0.014) (0.009)
Mathematics
5t grade 0.013 0.032 -0.002 0.09
(0.013) (0.017) (0.0150
9" grade 0.021 -0.034 0.050%* 0.01
(0.022) (0.031) (0.025)
11" grade -0.006 0.046** -0.023* 0
(0.009) (0.014) (0.010)

This table presents alternative measures of the impact of the CPE program, using as counterfactual
schools that never got computers. « in column (1) corresponds to the estimate from a model with
school and time effects where the impact of the program is constant, equation 1.1. Relaxing that
assumption columns (2) and (3) measure the impact of the program for schools under treatments 1
and 2, equation 1.2. Column Four presents the F test and its p-value that estimates from columns
2 and 3 are equal.

Table 1.3: Heterogeneity of the program impact by group of schools treated
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Impact

Common trends Equality of impact

assumption for if;eloirelgeezltlsof for treatments 1
treatment 2 schools P and 2
exposure
B3=0 B = P2 B1=PB1—PBs
Language
5th F test 0.07 4.21 11.15
p-value 0.797 0.04 0.001
gth F test 0.87 9.55 0.55
p-value 0.351 0.002 0.46
11tk F test 31.51 72.53 25.86
p-value 0 0 0
Mathematics
5th F test 38.17 8.26 30.11
p-value 0 0.004 0
gth F test 0.17 17.38 0.18
p-value 0.681 0 0.672
11t F test 22.41 28.27 63.12
p-value 0 0 0

This table presents the F tests for restrictions that make equation 1.3 and 1.1, to be equal. First
column present F test to check if schools in treatment 2 have the same trends that never treated
schools. Column 2, presents test for assumption that effect is constant and independent of exposure
for schools in treatment 1. Column 3 presents the test of equality of the treatment effect for schools
treated before and after 2006.

Table 1.5: F tests for assumptions in Equation 1.2
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Size Location

Big Small F test Urban rural F test
p-value p-value
Language
5t grade -0.058 0.081 0.374 -0.083 0.036 0.004
(0.019) (0.157) (0.023) (0.033)
9" grade 0.001 -0.009 0.883 -0.021 0.07 0.136
(0.007) (0.063) (0.032) (0.053)
11*" grade 0.007 -0.025 0.403 -0.023 0.03 0.254
(0.007) (0.075) (0.036) (0.051)
Mathematics
5t grade -0.014 0.076 0.595 -0.029 0.047 0.089
(0.021) (0.17) (0.026) (0.037)
9" grade 0.081 -0.088 0.062 0.015 0.095 0.335
(0.041) (0.081) (0.042) (0.071)
11*" grade 0.067 -0.008 0.036 0.019 0.092 0.105
(0.019) (0.029) (0.013) (0.038)

This table presents estimates of heterogeneity in the program’s impact by school size and location
for schools in treatment 1, using as reference schools in treatment 2. An interaction for school size
is included in equation 1.3 in columns 1 and 2, and for location in columns 3 and 4.

Table 1.6: Heterogeneity of the program’s impact by school size and location
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constant linear quadratic Non parametric

5t grade
1 year -0.055  -0.025 -0.097 -0.059
2 years -0.055  -0.029 -0.089 0.003
3 years -0.055  -0.033 0.009 -0.027
F 1.45 1.1 9.1
p-value 0.231 0.296 0.003

9th grade
1 year -0.001  -0.017 0.015 0.064
2 years -0.001 -0.023 0.010 0.06
3 years -0.001 -0.028 -0.036 -0.035
F 1.38 2.6 0.83
p-value 0.252 0.109 0.363

11t grade
1 year -0.004 0.023 -0.009 -0.016
2 years -0.004 0.015 -0.016 -0.049
3 years -0.004 0.008 0.031 -0.049
F 0.43 0.64 1.64

p-value 0.512 0.424 0.202

This table presents predicted benefits by length of exposure
for schools in treatment 1 between the first and second wave
using four measures of exposure:a constant effect, linear and
quadratic trends and a non parametric specification for the
relationship between test scores and exposure. As compari-
son group, it is used the group of schools in the second part
of the treatment.

Table 1.7: Estimated exposure effect for language
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constant linear quadratic Non parametric

5th grade
1 year -0.011  -0.061 -0.028 0.020
2 years -0.011 -0.023 0.009 0.015
3 years -0.011 0.015 0.009 -0.035
F 0.81 7.12 1.92
p-value 0.369 0.001 0.167

9th grade
1 year 0.034 0.024 0.046 0.044
2 years 0.034 0.025 0.054 0.172
3 years 0.034 0.025 0.037 -0.021
F 3.14 3.72 2.29
p-value 0.078 0.055 0.132

11t grade
1 year 0.051 -0.003 0.056 0.059
2 years 0.051 0.033 0.080 0.048
3 years 0.051 0.068 0.028 0.005
F 4.06 3.87 1.02

p-value 0.045 0.051 0.314

This table presents predicted benefits by length of exposure
for schools in treatment 1 between the first and second wave
using four measures of exposure:a constant effect, linear and
quadratic trends and a non parametric specification for the
relationship between test scores and exposure. As compari-
son group, it is used the group of schools in the second part
of the treatment.

Table 1.8: Estimated exposure effect for mathematics
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CHAPTER 2

NONLINEARITIES IN THE EFFECT OF INCOME ON
CHILD OUTCOMES.
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ABSTRACT

This paper presents an approach to test nonlinearities in the effect of income on
child outcomes controlling for endogeneity of income due to measurement error and
unobserved fixed and transitory factors. Using the NLSY79 data, quadratic, logarith-
mic and spline specifications are inspected. Results are inconclusive and show that
the data are consistent with linear and logarithmic specifications of the relationship

between income and math and reading tests of cognitive abilities.

2.1 Introduction

Governments have implemented income support programs that expand house-
holds’ budget constraints. One motivation for such programs is to improve academic
performance, success in school and future productivity of children from disadvantaged
households ( [26]). An important issue in evaluating these programs is determining
whether an additional dollar has the same impact on child outcomes for a family with
an annual income at the low end of the distribution as it would have for a family
in the upper end. The economics literature has focused on estimating the effect of
income on child outcomes, without much consideration of whether the effect differs

across the income distribution.
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According to [49], if the income-outcome relationship is non linear, but a lin-
ear model is estimated, the estimate can be expressed as a weighted average of the
marginal impact of income at different points of the distribution, different estimators
such as OLS and IV implicitly weight marginal effects at any given part of the income
distribution differently. The design of public cash transfers should account for the
effect of income on child outcomes over the whole income distribution, so the gov-
ernment can redirect resources to the population with higher marginal benefits from
this additional income. For instance, if there are diminishing returns to income, the
marginal impact of subsidies for households at the mean of the income distribution
can be close to zero. Thus, it is possible to reduce their cash transfers without hurting
child outcomes and redistribute that money to increase poorer households’ subsidies
or program coverage. It is also important to identify nonlinearities in scenarios where
the government increases the program’s budget, because it would be desirable to in-
crease cash transfers for households at the low end more than for other households

benefited by the program.

Some studies have shown that there is a higher effect of income for groups with
lower permanent income. Those estimates usually correspond to robustness checks of
the baseline specifications, as in [1] or [22]. More direct evidence of nonlinearities
in this relationship has been provided for instance by [11], who found an increasing
income effect with the wage rate and with non labor income. In contrast, evidence of
a diminishing income effect can be found in [55] and [26]. However, these studies do

not control for the endogeneity of income to child outcomes as a result of unobserved
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heterogeneity.

This paper analyzes nonlinearities in the relationship between income and child
outcomes. The main contribution is to relax the linearity assumption by specifying
more flexible forms of the income - child outcomes relationship. The paper investi-
gates whether non linear functional forms such as quadratic, splines and logarithmic
provide evidence of nonlinearity. If there is evidence that the effect differs across the

income distribution, estimates from this paper will be useful for policy design.

Estimates of the income effect are obtained following the approach of [22]. Their
approach uses instrumental variables derived from changes over time in the Earned
Income Tax Credit (EITC) to address identification challenges created by permanent
and year to year changes in unobserved family characteristics that affect household
income, parental behaviour, and child outcomes. The EITC provides income support
to low and moderate income households, so it is a useful source of identification of
non-linearities of the effect of income on child achievement in such households. In
this paper, this framework is preferred since fixed effects estimators used in previous
literature do not account for the endogeneity of income shocks and exacerbate mea-

surement error bias.

This paper is divided into seven sections including this introduction. The second
presents a literature review on non linearities of the income and child outcome rela-
tionship. In the third section a conceptual framework of the economics behind the

relationship is provided. The fourth section describes the approach and assumptions
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used by [22] extended to the case of a quadratic specification. In the fifth section,
results from a Monte carlo experiment are presented to analyze whether changes
in the EITC provide identification if the true relationship between child outcomes
and income is quadratic, cubic, logarithmic or piece-wise linear. According to the
Monte carlo results, the proposed approach works well if the true model is given by a
quadratic, logarithmic or a piece-wise linear specification. The sixth section describes
the data used in the estimation. The seventh section, presents the estimates of the
impact of parental income on mathematics and language using the NLSY79 data. In
this section, only the specifications for which the proposed approach show enough

power to detect nonlinearities are presented.

The Estimates do not provide evidence of a quadratic or spline relationship, while
there is evidence that the data are consistent with a logarithmic relationship that ex-

hibits diminishing returns to income. However, it is not possible to rule out linearity.

2.2 Literature review

There are two main strands identified by [42] in the analysis of the relationship
between income and child outcomes. The first approach analyzes the reduced form
effect of income on educational and behavioural outcomes: [11, 22, 51, 28]. The
second focuses on the effect of financial constraints on educational achievement and
skill formation: [48, 44, 16]. This literature review will focus on the first strand

because this article will contribute to this field of the literature.
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[11] used a fixed effects strategy to deal with the endogeneity of income caused by
fixed unobservables family or child characteristics. The author analyzes the impact
of current and permanent income on child outcomes, using the National Longitudinal
Study of Youth (NLSY79).2* 25 He found that a $10000 increase in real permanent
income improves child outcomes by 0.8% to 1.5% of a standard deviation. This effect
is very small and higher than the effect of “temporary income” which is even smaller,

suggesting that only large income transfers would affect current child development.

The author investigates whether the effect is constant for different levels of the
wage rate and nonlabor income, finding a nonlinear and increasing effect for PPVT
and BPI. PPVT increases by 5% of a standard deviation for children in households
in the lowest wage rate category while it increases 14% for children from households
in the highest category of wage. The nonwage income effect on child outcomes also
varies for each category inspected. The estimates result from a proxy approach in
which the Armed Forces Qualification Test (AFQT) score is included to control for
unobserved factors that affect both child outcomes and income.?® However, those es-
timates might be biased because this proxy does not account for endogeneity caused

by unobserved factors.

24Current income is defined as previous year income, and permanent income is computed as the
average income between 1979 and 1991

2 Qutcomes analyzed include: Behavioural Problem Index (BPI), Peabody Individual Achieve-
ment tests of mathematics and reading recognition, Peabody Picture Vocabulary Test (PPVT),
Verbal Memory Parts A and B, and the Motor and Social development

26The Armed Forces Qualification Test, or AFQT is a test collected in the NLSY79, that is
similar to the test score applied to determine eligibility for enroll in the armed services. This test
includes four sections taken from the Armed Services Vocational Aptitude Battery (ASVAB): Word
Knowledge, Paragraph Comprehension, Arithmetic Reasoning, and Mathematics Knowledge.
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[22] address endogeneity caused by both permanent and transitory sources of un-
observed heterogeneity. Transitory income may create a challenge for identification.
For instance, a shock that decreases labor demand might force households to work
part time, causing a reduction in income and this reduction may also increase stress
at home which affects child outcomes. Their approach uses first differences to remove
the bias caused by permanent unobserved characteristics related with the permanent
component of income, and changes in EITC generosity over time as an instrument to
deal with transitory income endogeneity. The authors use the NLSY79 focusing on
the income effect on cognitive achievement. Estimates indicate that $1000 additional
income increases math-reading achievement by about 6% of a standard deviation us-
ing current income. This estimate is larger in order of magnitude than estimates from
a child fixed effects approach. For instance, the income effect is 4 to 7 times greater

than findings in [11].

The authors estimate separately the effect of income according to mother’s ed-
ucation, race, AFQT, marital status and child’s age and gender. Although these
classifications are not designed to study nonlinearities, those categories in most of the
cases roughly correspond to a division into low and high income households. Their
estimates suggest that the effect is higher for children with a mother with high school
or less (5.4% of a standard deviation) than for children whose mother has a higher
educational achievement (1.6%). Also the income effect for children whose parents
are not married is higher (8.1%) than the effect for children of married couples house-
holds (4.3%). Moreover, their estimates indicate that the effect of income is higher

for young children (12 years or less), children of mothers with low AFQT test score,
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children from households with non white parents and children from single parents.
Although those differences provide evidence of a non constant effect, the high stan-
dard errors of the estimates do not allow one to reject the null hypothesis of equality
of estimates across subgroups. This evidence is not a strict test of nonlinearity given

that the correlation between these characteristics and income is not perfect.

[1] analyze a transfer program from a casino opening in 1996 in rural North Car-
olina. A portion of the profits from the casino was distributed to all American Indians
living close to the casino. This criterion is independent of household characteristics,
current employment status, and earned income. The authors find a positive effect on
child educational attainment and a reduction in criminality. The effect differs by ini-
tial household poverty status. Their estimates suggest that for a household that was
previously in poverty the educational achievement increases between 0.44 and 1.13
years, but only from 0.05 to 0.17 if the household was not in poverty. This positive
relation also is reflected in the probability of high school graduation, which increases
by 0.29 to 0.39 for households previously in poverty and by 0.01 to 0.13 for household

that had not experienced poverty.

[55] found that adoptees achievement is similar to that of a couple’s birth chil-
dren. The authors claim that this is evidence of the positive effect of income, given
that adoptees usually come from financially constrained households and that adoptive
parents are from higher income households. However, there are diminishing returns
with respect to income. For instance for a family in the 30" percentile of the income

distribution, educational achievement increases by 1.36 years while it only increases
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0.89 for a family located in the median.

[49] analyze nonlinearities in the relationship between income and child out-
comes. The authors show that traditional estimates from OLS, IV and FE can be
expressed as a weighted average of the marginal effect on the subgroups of income
included. The authors decompose the difference in estimates using these econometric
techniques into two factors. The first factor is due to the distribution of weights,
and the second is due to the marginal effects of income for each subgroup. Estimates
of the effect of income from these techniques differ because the weights from each
methodology differ, even if the assumptions for their validity hold. In the empirical
application with Norwegian administrative data, the authors found that there is a
quadratic relationship between parental income and IQ, years of education, and high
school dropout rate. Additionally, they found that under a linear specification the IV
estimator places low weight on the high marginal effect for poorer households. This
is due to the fact that the instrument used in their IV estimation is an oil boom that
mainly affects households in richer locations and therefore assigns little weight to the

population in the lower part of the distribution.

These studies provide evidence that children in households with higher income
develop more skills and have better academic outcomes. Moreover, the majority of
the evidence suggests a non linear relationship, with higher returns for children in
lower income or more disadvantaged households. However, the estimates from the
previous research did not determine how the income effect varies across the distribu-

tion. Usually, those estimates were performed to check the validity of the baseline
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estimates and to highlight that benefits from income can be greater in financially con-
strained households. However as [49] show, estimates based on a linear specification
of the causal impact of income represent a weighted income effect across the income
distribution. If the true impact is nonlinear, a linear model will produce an estimate
that represents the weighted average of the effect, with weights that depend on the

source of identification.

2.3 Conceptual Framework

Parents interested in their children’s future will invest time and money in the
development of physical and mental health, as well as in cognitive and non cogni-
tive skills of their children. [51] focus on two channels identified in previous research
through which income affects child outcomes. The first channel, known as the resource
channel, assumes that income affects the availability at home of essential inputs to
children’s development such as food, books, computers, and music and sports lessons.
In an economic model, this channel operates through the budget constraint. The sec-
ond channel, which has received less attention in the economics literature, is the family
process channel, which assumes that income affects parental stress, and stress nega-
tively affects parental behaviour, relationships among family members, and therefore
family functioning. In an economic model this channel can be represented in different
ways. Stress may be included as a negative input into the child outcome production
function. Stress may affect other inputs’ productivity in the child outcome equation.
For instance, time devoted to children will be less productive for more stressed par-

ents. Stress could be a consequence of the disadvantages of a low permanent income,
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and parents in more disadvantaged households will always be more stressed. Alter-
natively, stress can be due to fluctuations in income, and adverse shocks to income
like job loss. These channels are not mutually exclusive and affect the amount and

quality of inputs entering into the education production function of children.

From an economic point of view the demand for books, child care, and services
such as music classes can be derived as the solution of a standard optimization prob-
lem according to household preferences, the education or child outcome production
function and the time and budget constraints. In this framework, it is important
to distinguish between the effect of permanent and transitory income in the deci-
sion making process. If households are able to borrow against future earnings, the
optimal level of education would be entirely determined by the present value of in-
come streams. However, if households can’t borrow against future income, optimal
investments are restricted to the income available at each period. This situation could
generate an under investment in the children’s human capital in poor households that
are more financially constrained [8]. This constraint means that in these households
the marginal rate of return on human capital exceeds the marginal rate of return on
assets, but in households that do not face a liquidity constraint those two rates of
return are equal. This model suggests an income effect that differs across the income

distribution.

Finally, household income is correlated with other characteristics, such as parental
education or skills that affect the child outcome production function and contribute

to children’s skill formation. Thus, households with higher income will also have more
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favorable environments for child development, and more able parents. This will create
an upward bias in estimates of the income effect if these factors are unobserved. A
mother or child fixed effects estimator can remove this endogeneity as long as these

factors remain constant over time.

2.4 Empirical specification

In this paper, a reduced form approach similar to those used in studies discussed
above is used to evaluate the effect of income on child achievement. This strategy
has the advantage that it does not restrict the effect of income to operate through
specific mechanisms such as the budget constraint, but it is unable to identify the
mechanisms through which income operates. The approach follows [22] closely. An
outcome for child ¢ at age a, y;,, depends on observable permanent characteristics x;,
an unobserved permanent child effect u;, time varying characteristics w;,, and total
family income net of taxes, and transfers, I;,. We begin with a quadratic specification
of income, which can be interpreted as a second order approximation to an unknown

function.

Yia = :v;aa + w;aﬁ + ]i,a61 + Iz‘2,zz52 + |27 + €yia- (21)

Estimating Equation 2.1 by OLS will give biased estimates for §; and d if income
is endogenous. For instance, household income may be correlated with unobservable

conditions at home, like parent skills, educational background and health that affect
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child outcome even if family income increases. Taking first differences will remove

any bias caused by such constant factors.

Ayiq = T + Awlf + AL o6 + AL} 02 4+ Aeyia, (2.2)

where o = a, — g1 is the effect on achievement of the fixed characteristics, which
is assumed to be independent of age. An additional bias that will remain in OLS
estimates of Equation 2.2 comes from the correlation between transitory shocks to
income and changes in unobservable characteristics crucial for child outcomes. Fol-
lowing [22] the change in income, Al;, is instrumented using the change in EITC
generosity over time. As EITC is a factor that determines after tax income, changes
in this variable are correlated with changes in household income for benefited house-
holds. Moreover, changes in the EITC schedule are not related to family characteris-
tics and child achievement so this instrument is exogenous. Therefore, IV estimation
will provide a consistent estimate of the impact of income on child achievement for
low income households. The proposed instrument is the expected change in income

due to changes in the EITC, derived as follows.

Parental income can be expressed as the sum of pretax income P, the EITC

transfer 2 (P,,) minus taxes 75 (P;,). 27 The instrument proposed by [22] is:

i 7 Si a—1
Axa" (Pia-1) = X2 (B[PalPra-a]) = X3 (Pra-1), (2.3)

27Superscript s;, denotes the specific EITC schedule faced by the child’s family, which depends
on the age and the number of dependent children in the family (one or more than one child).
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where E [P;.a| P;a—1] is the expected value of current pre-tax income given once-lagged
pretax income. Thus the proposed instrument uses individual information available
in the previous period, as well as child outcomes. This instrument is determined by
family income evolution and changes over time in the EITC schedule. The first factor
may be correlated with unobserved changes in family characteristics that affect child
outcomes, while the last component is expected to be exogenous. In this context, the
variety of changes over time in the EITC schedule that differentially affect households

along the income distribution, identify the income effect.

Following [68], the square of income is instrumented using a two step estima-
tor. First, the linear projection of income on the exogenous variables I is estimated.
Then, this estimate is squared, 12, and used as instrument for 2. This instrument
is useful when there is a linear relationship between the endogenous regressor and
the instrument. These two terms are expected to be valid instruments, because the
EITC is determined by the government, and its schedule does not depend on child
outcomes. Also, it could represent up to 40% of the total income for families, so
it is likely to be a strong instrument for households at the lower end of the income
distribution. However, this does not guarantee that those two instruments provide
consistent estimates of the parameters of interest. Therefore, in order to check for
the power and usefulness of those instruments a Montecarlo experiment mimicking

the key features of [22] is presented in the next section.
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An additional source of bias is caused by the fact that current outcomes may
be correlated with lagged income. Therefore, in order to remove any bias it is pro-
posed to include into the child outcome equation a control function for lagged income,

®(P; 4—1). The final specification of the differenced child outcome equation is:

Ayiq = Tha + Aw,f + AL o6y + AL 62 + ®(Pi 1) + 1ia- (2.4)

This specification accounts for the fact that changes in the EITC affect differ-
ently the population depending on their location in the income distribution. [22]
proposed that this relationship may be captured by a very flexible function, to guar-
antee that E,[A€yia|Pia-1, AXLY] = ®(P,4-1) and therefore that estimates for &
and Jy obtained from Equation 2.4 by IV are consistent. In their application they
use the same function as E [P,a|P;a-1], but it is possible to include any function.
For instance, [34] include a 10 piece-spline in the first lag of income. In [22] this
function is not collinear with the first stage estimates because the EITC structure
(phase-in, flat and phase-out zones) provides a non linearity. Implicit in this reason-
ing to guarantee identification is the assumption of the stability of the relationship
between child development shocks and lagged income, so it is independent of age:
Eo[A€yia| Pia—1, Pia] = E[A€yia| P a—1, Pia]. Also, it is necessary to have a stationary

process for income, i.e. g(Pia—1, Pia) = g(F; _, Py,) for all a,d’.
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2.5 Identification of the income effect using the EITC

Theoretically the EITC satisfies the exclusion and validity restrictions for a valid
instrument in the linear case, thus it is expected that transformations of this variable
are also valid instruments. However, empirically there is still a question of whether
failure to reject a linear specification is due to the fact that the set of instruments
is not powerful enough or if it is because in fact the relation is linear. This section
presents the set up and results of a Montecarlo experiment in order to check whether
the proposed instruments will provide identification of the causal impact of income
on child outcomes in Equation 2.4. This section aims to provide evidence on two
questions: (7) if the true model is nonlinear in income, will the IV estimate correctly
reject the null hypothesis of a linear effect?, and (7i) if the true effect is linear, will

the IV estimate correctly fail to reject linearity?.

The artificial data is constructed to guarantee comparability with [22]. Subsec-
tion 2.5.1 presents how total household income and the EITC are constructed. The
next subsections analyze several nonlinear specifications between child outcomes and
income, using parameters in each functional form taken from estimates in [22]. Also,
in each subsection additional instruments and the estimates under four scenarios of
endogeneity are presented. Subsection 2.5.2 presents quadratic and cubic specifica-
tions. In subsection 2.5.3 two piecewise specifications are inspected, and in subsection

2.5.4 the logarithm of income is used. Finally subsection 2.5.5 presents a summary.
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2.5.1 Montecarlo Setup

This subsection provides a description of how earned income, taxable income,
and non taxable income are constructed in a Montecarlo so as to create comparable
samples to the one used by [22]. It is assumed that there are 4,000 children observed
every 2 years from 1985 to 1999, similar to the baseline sample. Earned income E; , is

defined as the sum of 5 components: an autoregressive component FE! . an individual

i,a)7

effect 1;, a time effect &;, an endogenous component endo;,, and a shock er; .2

The autoregressive component captures changes in wages due to factors that grow
at a constant rate, such as work experience, and it includes any shock to parental
productivity whose effect does not disappear in the same period. In order to generate
this autoregressive process, it is assumed that earned income for 1985 is generated by
the following process E!, ~ exp(normal(0,0.9)), and observations after 1985 follow
an AR(1) process £}, = 0.12+0.96 % E; ,_; +n(0,0.9). Earned income can be written

as:

Eia=134E,, +p;+ 0 +05%endo,+ 1.1%€r;,4, (2.5)

where the fixed effect p; is drawn from a uniform distribution between —3.45 and
3.45, and the mean and standard deviations match estimates of the individual effects
from [22], using a similar specification. endo;, ~ iidN(0, 1) refers to the component
of income that is endogenous, i.e. it is not observed by the researcher and affects both
child outcomes and income. €y ~ itdN(0,2.2). &; are time fixed effects that capture
differences in productivity and economic conditions over the years, and are also set

28FEarned income includes wages and salaries for both members of the couple if the child lives with
both parents.
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to match the estimates of [22].

Finally, in order to construct total household income it is necessary to include two
additional components. The first is unearned income (UEI), which refers to income
derived from sources other than regular employment. The second is non-taxable in-
come (NTI),which refers to the income that by federal or state laws is exempt from
taxes.?? Those variables are constructed to match the structure of correlation among
those 3 variables in [22]. For NTI construction, two cases are considered that depend

on whether there is a positive value for earned income or not.

NTT = J o, T Vi if Eio=0
,u[)1>0 + M1 X Ei,a + VIso,t if Ei,a > 0.

The same strategy is used to construct the unearned income, UEI. With the vari-
ables for household income previously defined, the EITC and taxes are computed
using the Taxsim program provided by the National Bureau of Economics Research
(NBER). Total income is defined as the sum of pretax income P;, and the EITC

benefit Xfi’“(Pm), minus state and federal taxes before credits 7(P;,).

]z',a = 1a + Xfi’“ (Pia) - T(Pm), (26)

where 7(P;,) refers to the taxes paid by the family of child ¢ at age a and Xfi’“ (Py,) is
the EITC benefit for the family of child ¢ at age a under the schedule S; ,. The EITC

29The authors construct Unearned Income as the sum of income from business, farm, interest, net
rental and other regular sources. They also include in this category unemployment compensation
and social security payments. Non Taxable income includes veterans benefits, worker compensation
or disability payments, welfare payments (including food stamps, Supplementary Security Income,
and other public assistance), and child support.
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schedule depends on the number of children or dependents, which is set to match the
distribution in the original data(Table 2.1). In the simulation there are 3 factors that
are held constant over time: number of dependent children, state of residence, and
marital status.3® Table 2.2 presents a comparison of the statistics between [22] and
those from the simulation. The mean of earned income, the percentage of households
without earned income, and the correlation among EI, UEI and NTI are similar to
those in [22]. However, there are differences in the standard deviation of earned
income, with a lower dispersion in the simulated data. The standard deviation is
$32400 from the Montecarlo and $35900 in the real data. Also, the percentage of
households that received an EITC in the simulation, 0.23, is lower than in the real
data, 0.30. This difference can increase the standard error of the estimates in the first

stage and in the final specification.

2.5.2 Quadratic and cubic relationship

In order to facilitate interpretation and comparison of their estimates [22] stan-
dardized the child outcomes to have a mean 0 and standard deviation 1. For a

quadratic income effect, the standardized child outcome y;, is given by:

Yia = 00 + Lia0y + 17402 + 10 % pi; + 6 X endo; o + (1 — ) X €44, (2.7)

where €, , ~ 1idN(0,1) and the correlation between €, , and €,;, is zero. For sim-
plicity, the non-constant unobserved component of the child outcome will be denoted

30There are two marital statuses related to tax purposes: single or joint.
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as u;, = 0 xendo; .+ (1—0) X €, 4, and is constructed as a weighted average between
the endogenous component and an outcome shock. Thus 6 represents the percentage
of the transitory error term that is accounted for by the endogenous component; that

is, the extent of endogeneity.

In the analysis, the values for the parameters are set to 6; = 0.08 and d; =
—0.0008. These parameters imply that an additional dollar for a family with annual
income of $50,000 dollars deflated to year 2000 will have no impact on child outcomes.
After that threshold, the selected parameters imply a negative marginal effect. As
it is not expected that additional income will ever reduce a child’s development, it
was assumed that the marginal effect of income is zero for parental income in excess
of $50,000. In order to focus on determining whether the instruments are able to
identify the true parameters of the quadratic relationship, the sample is restricted to
children with parental annual income lower than $50,000. This truncation does not

affect the exogeneity or relevance of the EITC.

We start by examining estimates from Equation 2.7 using the montecarlo de-
scribed for 400 replications.?! In Table 2.3, the left column describes which estimator
is used and whether the ® function is included. There are four estimation strategies:
(1) ordinary least squares OLS; (2) OLS with ®, which removes any bias due to the
correlation of current child outcomes and lagged income; (3) IV, which addresses the
endogeneity coming from income shocks, and (4) IV with ®, which accounts for both
endogeneity of income shocks and the correlation between child outcomes and lagged

31Results for a higher number of replications are similar.
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income.

Each column reports estimates for different assumptions about the extent of en-
dogeneity: no endogeneity (0 = 0), small (f = 0.25), medium (¢ = 0.50), and large
(0 = 0.75). In all four assumptions, the variance of u, V' (u) was set to match that of
[22], so in this exercise the explained component of the child outcome is held constant
while the degree of endogeneity changes. An additional tool to obtain a sense of the

magnitude of the endogeneity is the percentage of the variance of the child outcome

62V (endo)

V(y) that is accounted for by the unobserved endo variable, 7o)

(first row of
the third panel). This percentage is 0% in the best case scenario, 10.5% with small
endogeneity, 21.7% with medium endogeneity, and 33.8% with large endogeneity, the

worst case scenario considered.

The first panel presents the results of estimating linear specifications, that is Iﬁa
is an omitted variable. Without endogeneity, first column, OLS, OLS &, and IV &
provide consistent estimates of §;. Moreover, to guarantee consistency of the IV esti-
mate, it is crucial to include the ® function in the second stage. The bias from IV is
0.053 (66%) while only 0.002 (2.5%) with IV ®. Allowing for endogeneity, the bias of
the OLS ® estimator increases with the extent of endogeneity. Thus the bias is 0.0044
(5%), for small endogeneity, 0.011 (14%) for medium, and 0.018 (23%) under large
endogeneity. Finally, the bias of the IV & estimates is smaller (-0.001, 0.0004, and
0.002, for the same scenarios). However, those estimates do not capture the entire

effect of income, since this specification omits the quadratic effect.
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The second panel presents estimates from the same four econometric strategies
assuming a quadratic specification. In all specifications without endogeneity, the es-
timates for the linear and the quadratic effect of income are consistent. Thus, any
inference about the effect of income across the distribution will be adequate; however,
the standard errors of the parameters using instrumental variables are higher than
those from OLS. Allowing endogeneity, OLS ® estimates of the linear parameter (d;)
are biased by 0.005, 0.010, and 0.015 under small, medium, and large endogeneity.
Those values imply an upward bias of 6.3%, 12.5%, and 18.8%. Estimates of the
quadratic parameter (J2), are also upward biased by 5.7%, 11.1%, and 16.9%. Us-
ing IV ® estimation technique estimates become consistent. The bias of the linear
parameter is reduced to 2.9%, 4.8%, and 6.8% under small, medium, and large en-
dogeneity. The bias for estimates of 05 is also reduced and ranges from 1.6% with
small endogeneity to 7.2% under large endogeneity. The trend of an increasing bias
with the more endogeneity allowed in the child outcome equation is explained by
the increasing correlation between the unobserved component of income A, and the

instrument. A more detailed explanation is provided in Appendix A.

Table 2.4 presents estimates assuming that child outcomes and income has a lin-
ear relationship. The true effect of income is 4; = 0.08. In this scenario, estimates
in the first panel assume the correct specification. Without endogeneity all the es-
timation techniques except IV provide consistent estimates. Including endogeneity,
the bias from OLS and OLS & is higher than the one from IV ®, which ranges from

0.0004, under small endogeneity to 0.0015 in the large endogeneity case. This fact
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provides evidence that the instrument is powerful enough to guarantee consistent es-
timates, even under higher extents of endogeneity. In the second panel of the table, a
mis-specified regression is estimated assuming a quadratic relationship. This panel is
useful to understand whether the generated data and the instruments can correctly
fail to reject linearity. Under the four estimation techniques, the bias of the estimates
of the linear impact of income is similar in magnitude to those in the first panel.
Regarding the estimate of the misspecified variable, i.e. the inclusion of the squared
of income, the mean estimate is close to zero and with a high standard error. Thus,
the null hypothesis of linearity will be correctly not rejected. Therefore, if the true
relationship between income and child outcome is linear, a linear IV @ is the most
appropriate technique of estimation, providing the closest representation of the true
effect. Additionally, if a quadratic term is incorrectly included, estimates correctly

will not reject the null hypothesis of a linear impact of income.

An additional criteria useful to evaluate the adequacy of the approach for identi-
fication is the power of the test. This measures the probability of correctly rejecting
a specification given that the alternative relationship is true. Using the data from
the Montecarlo it is possible to compute the distribution of the test statistics under
linearity and a quadratic effect, so as to compute the type II error and the power
of the test. For the linear specification the power of the test goes from 0.958 with-

out endogeneity to 0.935 while it goes from 0.89 to 0.87 for the quadratic specification.
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Additionally a cubic relationship was inspected, in which the term I® is added to
Equation 2.7.32 The results show that the IV estimator is not able to identify the
parameters. Estimates under linear or quadratic specifications are inconsistent, even
without endogeneity, while if a cubic relationship is estimated only the estimate of

the cubic effect of income is significant.

2.5.3 Piecewise function

Higher order polynomial relationships inspected in the previous subsection impose
a marginal effect of income that varies for each value of income. Another alternative
that allows for nonlinearities in the child outcome equation is to divide educational
inputs into two “types”: basic and complementary. Basic inputs are those goods and
services demanded in all households and can be related with basic living conditions.
While complementary inputs refer to classes, books and other material that only

richer households can afford.

In this setting low income households, those which income is below some thresh-
old I*, can not afford complementary goods and therefore only demand basic inputs.
The marginal effect of income for low income households is a function of the marginal
impact of basic inputs that is constant across the income distribution. Richer house-
holds have an income above the threshold and demand both type of inputs. For
them, the marginal impact of income is composed of the marginal effect of basic in-
puts and the marginal impact of complementarity inputs that is constant for all the

values of income above the threshold. A relationship that represents this setting is

32The cubic of the linear projection of income was used as instrument for the cubic of income.
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constructed using two linear functions. It allows for two marginal impacts of income,
one for households with annual income between 0 and the threshold or knot I*, and
another marginal effect for households with higher income that will reflect the effect
of both complementary and basic inputs demanded. This specification is known in

the literature as a piecewise relationship with one knot and is defined as:

Yia — 50 + Ii,a71 —+ [21'7&’}/2 + 10/,61 + 6 x endom + (1 — 6) X €y.i,as (28)
Lio—1" ifL,>I*
where, 12;, =4 " i 2
“ 70 it I, < I

The marginal effect of income on child outcomes for households with an annual
income below the threshold is 7, while it is 1 + 79 if the annual household income is
greater than $15000. If the effect is actually linear then 5 must be equal to 0. In this
context, a negative value of 7, implies that the basic inputs into the education pro-
duction function are more productive than the complementary inputs. To guarantee
identification, two instruments are required given that I and I2 are endogenous. The
first instrument considered is the same as that in [22] while the second instrument
is the increase in EITC if annual benefit during the previous period is greater than
$1500, which is Ay x 1(x;4—1 > X" = 1500). The selection of the knot aims to keep
the nonlinearity in the relationship between EITC benefits and earnings, because this
nonlinearity contributes to the identification of the parameters. As can be seen in
Figure 2.1, the knots that define the phase-in, flat, and phase-out zones of the EITC
schedule do not change considerably over time. As a consequence, the shape of two-

year changes of the EITC in Figure 2.2 is similar to the shape in levels with minor
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differences in the marginal tax rates and the location of the knots. By these two

factors the proposed division will not affect the linearity of the new instrument.

Table 2.5 presents estimates of linear and piecewise specifications of child out-
comes generated by Equation 2.8. The values of the parameters are v, = 0.075
and v, = —0.02 which implies a marginal impact of income for poor households of
0.065 and 0.055 for richer households values consistent with a concave relationship
between income and child outcomes. In the first panel, the estimation assumes a
linear relationship.?® The OLS estimate of 0.061 is closer to the effect of income
for households with annual income lower than $15000, than to the effect for richer
households (0.045). The IV estimate of 0.054 underestimates the marginal effect of
income for poor households and overestimates for richer households. OLS and IV
estimates have a low standard error and in consequence are significant, independent

of the extent of endogeneity allowed in the child outcome equation.

The second panel presents OLS and IV estimates of a piecewise specification with
one knot. If the estimation is performed by OLS, the estimate of v, is significant and
downward biased (around 16%) and the estimate of 75 is also significant and upward
biased (around 28%). Those estimates hold under all extents of endogeneity and im-
ply that the predicted effect of income is under estimated for the whole distribution
and only the predicted marginal effect of income above the knot (y; 4+ 72) is close to
the real value. Finally, OLS estimates reject the linearity assumption. IV estimates
of 71 are downwardly biased, with a bias ranging from 1% to -11%, and the estimates

33From now on, only estimates that include the ® function are presented, since it is clearly
important in achieving consistency of the estimates.
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of 9 are upwardly biased with a bias ranging between 0% and 20%. Despite these
biases, the predicted effect of income is closer to the true value than that estimated
using OLS. Additionally, the t-statistic of both parameters decreases with the extent
of endogeneity and IV estimates reject the hypothesis that the effect for households
with an annual income greater than $15000 is lower than the effect for the poorer

households.

Finally, if the proposed approach is useful to test for non linearities, a true linear
relationship must reject non linearities. Estimation of linear as well as one knot spline
specifications are presented in the Table 2.6, where the effect of income is §; = 0.08.
The first panel reproduces the results already presented in the polynomial specifica-
tions and are included as comparison. OLS estimates are upward biased while IV
correctly estimates the effect of income under all extents of endogeneity. The second
panel, presents the estimates of a spline specification with one knot. OLS estimate
of ~; is upward biased and the bias is increasing with the extent of endogeneity. 7,
estimates are practically zero and imprecisely estimated, in all scenarios considered.
Estimation by IV also predicts an impact close to the real one, given that the param-
eter v, has a small downward bias that ranges from -1.0% to -7.25%, and 5 is small

and imprecisely estimated all the cases.

The results of the power analysis indicate that when the linear specification is
tested it correctly rejects 95.3% of the times data generated by a spline specification

in the scenario without endogeneity. Similar values of the power are found for all
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values of endogeneity. On the other hand, the power of the spline specification indi-
cates that in 92% of the times, it correctly rejects data generated by a linear process
between child outcomes and income. This power of the test is almost constant in all

scenarios of endogeneity.

A second specification that has three marginal effects of income is constructed by
allowing two knots I and I3 in the relationship between income and child outcomes
was also inspected.® In this case the Montecarlo results indicate that the impact
of income is underestimated for the entire distribution under a linear specification.
Under a spline specification IV estimates are biased but follow closely the real effect;
however, the effect of income is not precisely estimated. So, this approach is not

useful to identify a spline relationship with two knots.

2.5.4 Logarithmic relationship

In this subsection, we explore a specification that is linear in the logarithm of
income. This specification has diminishing returns to income and the marginal effect

of income varies across the whole distribution. The relationship is given by:

Yia = 00 +10g(L;0)P1 + 10 % p1; + 60 x endo; o + (1 — 6) X €4 4, (2.9)

where log(/;,), denotes the natural logarithm of income. The assumed value of
¢1 = 0.65. Table 2.7 presents the estimates for specifications where the child outcome

34The two additional instruments are constructed in a similar way to the one knot case, using
Ax % 1(xi,a > xi = 800) and Ax x 1(x;e > x5 = 1500) in addition to the instrument defined in
[22].
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is a linear function of the actual level of income or its logarithm, using the endogene-
ity values described in the previous tables. The first panel presents estimates of a
linear relationship. The OLS ® do not capture the impact of income, for instance
without endogeneity the estimate of 0.0254 is closer to the marginal impact at the
mean 0.203% than to the true parameter. Estimates of the impact of income un-
der the different extents of endogeneity analyzed are similar, so assuming a linear
relationship will not convey a good estimate of income’s impact at all points of the
income distribution. Additionally, it is possible to reject the null hypothesis that
income has no effect on child outcomes. Using an Instrumental Variable approach,
the estimated impact of income increases to 3.5% and the hypothesis of no impact of
income is rejected under all extents of endogeneity. The instrument used in the IV

estimation is the same proposed by [22].

The second panel presents estimates of the correct specification. Without en-
dogeneity, the OLS estimates are upward biased by 2.2%, 4.5%, and 6.8% under
small, medium and large endogeneity. OLS estimates are significant at standard
levels and close to the true impact of income. On the other hand, IV estimates
are significant and have a small bias (%3.9), thus the estimated and true income
effects are close. In this panel the change in the logarithm of income is instru-

mented using the expected change in the logarithm of income due to the EITC, that

is Alog(xLV (Pra-1)) = log(Xfi’Q_l(E[H,a\ﬂ,a—l])) - lOQ(Xfi_’Ci_l(B,a—l))- %

35 As the logarithm of 0 is not defined, to allow the instrument to be defined for all households the
EITC benefits for non recipients were assumed to be $1.
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The power of the test for the linear specification is 0.93 for the specification with-
out endogeneity and has a slight decline to 0.89 in the scenario with large endogeneity.
The power of the logarithmic is about the same, from 0.92 to 0.89 in the same sce-

narios.

2.5.5 Summary

This section assesses the usefulness of the EITC as instrument in identifying the
causal impact of income under alternative nonlinear specifications of the relation-
ship between income and child outcomes. The Montecarlo results suggest that if the
true effect is quadratic, piecewise with one knot, or logarithmic the approach achieve
identification while if the true relationship is cubic or piecewise with two knots the
proposed approach is not able to identify the parameters that define the correct re-

lationship.

2.6 Data

This article uses data from the NLSY79 and the Children of the NLSY. The sam-
ple is defined to be the same as in [22] in order to replicate their estimates and
compare their estimates with specifications in which the effect is nonlinear. Also,
this sample guarantees the adequacy of the EITC as instrument. Including more
years will reduce the relevance due to the big increases in taxes in the Tax Reform
Act of 1986 and in the two Bush cuts in 2001 and 2003. In addition, this selec-

tion guarantees that changes in EITC were unanticipated and therefore exogenous to
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household decisions.*® Thus, in that period increments in EITC are correlated with
increments in income, however after 2000 this relationship vanishes given that the
EITC schedule has few changes. In order to check whether including recent waves of
the NLSY79 affects the estimates, appendix C presents a comparison of the estimates
of the quadratic specification using the original sample and information from 1988
to 2012. Findings indicate that including more years reduces the estimated effect of

income and its statistical significance.

The NLSY79 is an ongoing survey performed annually between 1979 and 1994,
and biennially since 1994. It is based on a nationally representative sample of 12686
men and women who were between 14 and 21 years old in 1979. It collects detailed
information about income, assets, program participation, labor force, and education,
among other demographic and individual characteristics. The Children of the NLSY
allows researchers to follow the children born to NLSY79 female respondents and in-
cludes cognitive assessments for math, language of each child as well as demographic
and development characteristics. Child outcomes are available for children 5 years
old and older on a biennial basis since 1986, while demographic, educational, labor

market, and income variables are captured in the main NLSY79.

There are some features highlighted by [22] of using this data: (i) it is possible to
link children to their mothers, which guarantees that they can be assigned to the cor-
rect household income and other characteristics, (i) it is possible to follow children
over time, which helps to control for child fixed effects, and (%ii) the design of the

361f households have perfect foresight about taxes and benefits they would include them into their
optimization and decisions, so the EITC would become a variable under their control.
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NLSY includes an over-sample of minorities, who usually have a lower annual income
and therefore the NLSY has a relatively high percentage of the eligible population

and EITC recipients.

The Peabody Individual Achievement Tests (PIAT) are selected as child outcomes.
These tests evaluate children’s ability in a variety of skills in the mathematics and
reading sections: oral reading, word recognition, mathematics, and the ability to de-
rive meaning from printed words. Test scores are measured in a scale with a mean
of 100 and a standard deviation of 15 for each age, but in order to interpret and
compare estimates obtained in this article with previous studies child outcomes are

re-standardized to have zero mean and a standard deviation of one.

Total parental income is computed as the sum of three components: earned in-
come, unearned income, and non taxable income, for the respondent and her spouse.
Earned income corresponds to all wages and salaries received in the calendar year
of reference. Unearned income includes all income derived from business and farm,
unemployment, savings, net rental, and social security. Finally, Nontaxable income
corresponds to all veteran benefits, worker compensation, and disability payments,
and income from welfare/ AFDC, food stamps, Supplemental Security Income or other
public assistance and child support. However, in the program participation section,
it is not recorded whether a household receives EITC benefits. [22] assume that all
households take the credit given that [60] shows that between 80% and 87% of the

eligible families take the credit.
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The final piece of information corresponds to the EITC benefits and taxes com-
puted using the TAXSIM code developed by [32], and available at the National
Bureau of Economic Research web page (http: www.nber.org/taxsim). This code
computes a microsimulation of the US state and federal tax income system based on

a large sample of actual returns, but it has some limitations.37

The sample is restricted to children observed at least for two consecutive survey
years between 1988 and 2000, with valid information for household characteristics and
income. Children from the oversamples of poor white families and military families
are excluded. The sample is limited to children in households that do not experience
a change in marital status between interviews. Household formation and dissolution
create changes not only in income but in other family characteristics that may be
correlated with income. All monetary measures are expressed in 2000 dollars, using
the CPI-U as the deflator. As some of the income variables are missing in some
years, the authors proposed an imputation procedure to maintain representability of
the sample. 3 With all these considerations the final sample includes 4412 children

observed 2.2 times each on average.

37For instance, it is assumed that “families with few or no property tax deductions and modest
income were renters, and estimated their rent based on consumer expenditures data...”, “Tax payers
without state identification (because their income exceeded $200000 were assigned randomly to
states” [32]. Additionally, the following aspects are omitted from the simulator: state tax liabilities
generated by interest from municipal debts, interest from federal securities are included as part of
the interest income variable, non-itemizers are treated as renters for the purpose of calculating rent
and property tax credits, itemized deductions for non itemizers are treated as zero by the tax state
calculators, and taxpayer gross income is used as a measure of gross income for the total household
income.

38The details of the imputation procedure are provided in the online appendix of [22]
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2.7 Estimation

This section presents estimates from linear, quadratic, logarithmic, and spline
specifications. The proposed approach accounts for different sources of endogeneity,
such as measurement error, permanent unobserved heterogeneity, and temporary un-
observed shocks. Due to the restrictions to accessing the Geocode information of the
NLSY79 imposed by the data information policies, in the estimations presented in
this section only the federal EITC benefits are used. Two specifications that nest the
linear effect, a quadratic and piecewise with one knot, are inspected in subsections
2.7.1 and 2.7.2. In subsection 2.7.3 a linear relationship with respect to the log of

income is presented.
2.7.1 Quadratic Specification

Table 2.8 presents estimates of quadratic and linear specifications for: math and
reading, math, reading recognition, and reading comprehension. The first column
presents the estimates of the parameters d; and d of Equation 2.4. The estimate of
the linear impact of income (7.7%) is significant and bigger than the estimate of 6.5%
under a linear specification, column 2; however, that difference is not significant in
statistical terms. In addition, the negative estimate of d5 is consistent with a dimin-
ishing return to income effect, and implies that income has a positive marginal effect
for households with annual income lower than $39000. However, this estimate is not
precisely estimated at the standard levels and therefore the null hypothesis of a linear

effect is not rejected.
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Estimates of income effect on mathematics and reading comprehension standard-
ized test scores are similar to those discussed for math and reading. The estimates
imply a diminishing returns pattern, with a significant estimate of the linear impact of
income but the quadratic effect of income is not precisely estimated. Finally, results
suggest that income has a lower effect on reading recognition test scores (5% of a
standard deviation) than on any other test. In conclusion, despite indicating that the
marginal effect of income is bigger for households at the low end of the income distri-
bution the high standard error does not allow us to reject linearity. Thus, estimates
in column two are preferred to describe the relationship between child outcomes and

income.

In the third column the estimates of [22] of the effect of income on these out-
comes are presented. These values are directly comparable to the ones presented in
the second column and show that there is no statistical or economical difference in
the values, the standard error and their significance. Thus this paper successfully

replicates the previous work.

2.7.2 Piecewise with one knot

This section presents OLS and IV estimates of a spline specification with one
knot, using $15000 as the value of the knot. The first column of table D.1 presents
the OLS estimates. Results show that an increase of $1000 in income lead to an in-
crease on math and reading test score of 0.31% of a standard deviation for children in

households with low income, and increases by 0.20% for children in households with
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annual income higher than the knot. Estimates of the impact on math achievement
are similar in magnitude. For achievement in reading recognition estimates predict a
small effect of income increases at the low end (0.05% of a standard deviation) and

an increase around 0.33% for richer households.

Finally, increases of $1000 in annual income would increase reading comprehen-
sion test score by 0.4% of a standard deviation for children in households below the
knot, and reduce scores by 1.37% for children in households with an annual income
above the knot. The small effect of income on improving tests scores is similar to
previous findings in research that only dealt with the endogeneity caused by constant
unobserved factors e.g. [11]. However, the high standard errors for the estimates
imply that is not possible to reject the hypothesis that income has no effect on any

of the child outcomes mentioned.

The second column presents the IV estimates. A $1000 increase in income will
increase mathematics and reading scores by 5.6% of a standard deviation for low in-
come households and by 3.0% for high income households; 3 As a result of such cash
transfer, math test scores would also increase by 5.3% of a standard deviation for
low income and by 3.3% for children in higher income households. In both cases test
scores exhibit a diminishing returns pattern to income, however it is not possible the
reject the null hypothesis of linearity. Standardized scores for reading recognition also
increase as a result of income support, by 4.3% if the household has a lower annual

39The two variables associated with income are instrumented using [22]’s instrument and the
interaction described in section 2.5.3 using $1500 as the knot value for the EITC.
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income than the threshold and by 4.6% if income is above to the knot.

Results suggest that cash transfers are positive to increase reading comprehension
scores. Children in low income households will increase their scores by 5.7%, similar
to the one experienced by children in richer households 5.8%. These estimates imply
that income support policies improve child achievement, and that there is no a dif-
ference between the effect income effect for households above the knot given that o
is not precisely estimated. In conclusion, there is no evidence that the relationship

between income and the child outcomes analyzed here follows a spline specification.

Results discussed in this subsection are not sensible to changes in the value of the
knot for income selected. As is shown in appendix D selecting the value of the knot
for income close to the mean of the income for benefitted households does not change
the main inference. First, in all scenarios it is not possible to reject the linearity of
the relationship between income and child outcomes and second, the predicted effect

of income is similar under the alternative knots.
2.7.3 Logarithmic specification

This subsection analyzes a logarithmic relationship between income and child out-
comes. Table 2.10 presents estimates of Equation 2.9 for achievement tests in math
and reading. One advantage of this specification is that increments in income never
hurt child outcomes. OLS estimates in the first column indicate that income has a
positive effect on the combined measure of math and reading and reading compre-

hension, and hardly improves math and reading recognition standardized test scores.
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The marginal impact of income ranges from 0.18% to 0.35% of a standard deviation
for children in households with an annual income of $10000. These findings are con-
sistent with an economically insignificant effect of income in previous research that

only addresses the endogeneity of permanent income.

The IV estimate of the effect of the logarithm of income on math and reading is
precisely estimated at 0.663. For math and reading comprehension, a similar value
for the effect of the logarithm of income is estimated, while the estimate of ¢; on
reading recognition is lower (0.407). All those effects are precisely estimated and

convey evidence of a diminishing marginal effect.

The existence of nonlinearities may lead to inconsistent estimates of the income
effect across the distribution, when a linear specification is used. In the quadratic
and spline cases, to test for nonlinearities it was enough to test whether including an
additional function of income adds useful information information about the impact
of income. However, as the logarithmic and linear specifications are non nested, to
establish which specification is preferred it is necessary to test for the correct func-
tional form of the relationship between child outcomes and income. [23] proposed

two alternatives of the J test, that allows us to compare non nested specifications.

The first alternative consists of four steps. (i) Estimate the logarithmic model and
use the estimates of the coefficients to obtain the predicted value of the child outcome
?Log.( ii) Estimate the linear model and obtain the predicted value Yiin. (11i) Add

?Log into the linear specification, and obtain the t-statistic for the null hypothesis
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that the coefficient associated with this variable is zero. (iv) Add the Yiin into the
logarithmic specification, and obtain the t-statistic for the null hypothesis that the
coefficient associated with this variable is zero. The last two steps investigate whether
the prediction of the other model adds relevant information. There are four possible
results, of which two are non conclusive: reject or fail to reject both of the two null
hypotheses in steps (iii) and (iv). The other two possible outcomes, one hypothesis is

rejected while the other is not, favors the model that adds information to the estimate.

The second J-test involves only three steps: (i) Estimate the linear model and
obtained R? . (ii) estimate a hybrid model including all the explanatory variables
of the linear and logarithmic models, and obtain the R3;, and (%ii) to check whether
the logarithmic model is “better” than the linear specification. The null hypothesis
is that the the parameter associated with log([) is equal to zero. This is similar to
a nested problem, where the two R? can be compared using an F test. Then if the
F' — statistic is lower than the critical value the linear model is selected over the
logarithmic specification and if the F' — statistic is greater than the critical value the
logarithmic model would be preferred. “° If there is only one variable different in the
models, both J tests are equal. Finally, to improve the properties in small sample it
is recommended to use bootstrapping in order to obtain the small sample properties
of the estimates in both tests. Results of this test in Table 2.11 suggest that it is not
possible to reject that either the linear specification or the logarithmic specification.

40 . . . _ R —R},
The F-statistic for this test is given by F = m
N

included in both models, N is the total sample size

Where k is the number of variables
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2.8 Discussion

This paper presents an extension of [22] to allow for nonlinearities in the effect
of income on cognitive child achievement in low and moderate income households
that are benefitted by the EITC. Results of estimating by OLS the logarithmic and
spline specifications in which only large transfers of income affect child outcomes, are
consistent with previous findings of literature that only address unobserved confound
factors that are constant over time. Dealing also with the endogeneity caused by
correlated shocks, income has an economically significant role in improving child out-
comes and evidence of nonlinearities is found under the three relationships inspected
in this paper. However, the estimates fail to reject the linear specification that is the

main relationship used in empirical research.

[49] are the first authors that report a nonlinear effect of income given by quadratic
relationship. Their estimates show a diminishing effect of income on years of edu-
cation, IQ, and the high school dropout rate using Norwegian administrative data.
Using the estimates from their paper in figure 2.3 the relationship between parental
income and these outcomes is presented, using the standardized parental income to
facilitate comparison. Cash transfers have a positive effect for children on the three
outcomes in households with an annual income lower than 3 standard deviations.
Also, the marginal effect of income is double for children in households in which an-
nual income is one standard deviation than in households with an annual income of

two standard deviations.
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Figure 2.4 presents the effect of income on reading and math standardized test
scores for the US, using the estimates of a quadratic effect presented in subsection
2.5.2. Scores in math and reading, reading comprehension and math would be bene-
fitted by cash transfers for children which parental income is below 1.9 standard devi-
ations. Income support improves reading recognition scores for children in households
which annual income below 1.3 standard deviations. The effect on child outcomes for
children in households with one standard deviation is double the effect for children
in households with annual income of one and a half standard deviations, suggesting
that the marginal effect of income declines more quickly than in the Norwegian case.
Although the estimates in this paper are not precisely estimated, results suggest that
the income effect does vary across the income distribution. Moreover, standardized
test scores are less affected than long term outcomes like the 1Q, years of education

and the dropout rate.

Estimates in subsection 2.7.3 provide evidence that the relationship between cog-
nitive achievement and parental income can be described by linear or logarithmic
specifications. Those two alternative relationships imply a different analysis of how
to allocate cash transfers. If the true relationship is logarithmic, allocating higher
amounts of money to poorer households would be the preferred policy design given
the diminishing effect of income. On the other hand, if the linear specification is the
one that captures the effect of income, efficient allocation of resources is independent

of income given that the effect on rich and poor households is the same.
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To understand how the income effect varies across the income distribution under
a logarithmic specification, each column of table 2.12 presents the percentage of a
standard deviation that each of the child outcomes will increase if annual household
income is increased by $1000, for some selected values of annual income. “!' The
combined measures of math and reading, reading comprehension, and math will in-
crease by 13% of a standard deviation, and reading recognition by 8% for children in
households with an annual income of $5000. The marginal impact of income for chil-
dren which parental income is $10000 is closer to the impact predicted under linear
estimates, presented in the final row of the table. Thus if the relationship is nonlinear
the marginal effect is underestimated for children in households with parental income
below that value. Additionally, cash transfers for low income households are more
efficient than those at the mean of the income distribution and income support have
little impact on child outcomes for children in households with annual income over

$20000.

The findings in this paper also have implications for cash transfer policy design.
Under a logarithmic relationship as the marginal benefit of income is higher at the
low end, it is more efficient to allocate higher amounts of income to poorer households
than for instance the design of the phase-in and flat zones of the EITC. However, the
main objective of this tax credit is not to provide income support to improve child
outcomes but to create incentives for households with children to supply labor. A
redesign of the EITC to be consistent with both goals would be done by keeping
its phase-in and flat zones but increasing the marginal benefits at a steeper rate for

411 this case the impact on child outcomes of increasing annual income I; , by $1000 is f—l of a

s

standard deviation.
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households in the phase in zone and the benefits to households in the flat zone. In
this strategy, households would have a higher incentive to increase their labor supply
and they would receive higher benefits. Child outcomes would be positively affected
and more inputs can be bought.On the other hand, if the true relationship is linear,
in the design of the EITC the weight of improving child achievement decreases given
that cash transfers are equally productive at all income levels. Thus, only on redis-

tributional grounds would cash transfers at the low be preferred.

Number of Children Proportion
1 0.119
0.391
0.299
0.119
0.045
0.016
0.009
0.004

0 O Uk WN

This table presents the distribution of the number of children or dependents
used to compute the EITC, over the generated samples.

Table 2.1: distribution of dependents or children

DL Simulation
Mean Earned Income 34115 34807
Sd Earned Income 35902 32447
% without Earned Income 15.4 18.1
%EITC recipiency 29.6 23.5
Corr(ELUEI) 0.19 0.22
Corr(EL, NTT) -0.42 -0.43
Corr(UEI, NTTI) -0.07 0.06

This table presents the basic statistics from the data used in [22] and
the montecarlo experiment using 400 replications. Income variables are
measured in 2000 dollars.

Table 2.2: Basic statistics

93

www.manharaa.com




Model parameter Without Small Medium Large
0=0 0 =0.25 0 = 0.50 0 =0.75
Linear Estimates
OLS o1 0.077 0.084 0.092 0.1
(0.001) (0.001) (0.001) (0.001)
OLS,® o1 0.077 0.084 0.091 0.098
(0.001) (0.001) (0.001) (0.001)
v o1 0.133 0.156 0.179 0.202
(0.005) (0.004) (0.004) (0.005)
V,® o1 0.078 0.079 0.08 0.082
(0.003) (0.002) (0.002) (0.002)
Quadratic estimates
OLS 1 0.08 0.085 0.09 0.095
(0.002) (0.001) (0.001) (0.001)
d2 -0.000794 -0.000728 -0.000661 -0.000596
(0.000032) (0.000024) (0.000019) (0.000018)
OLS, ¢ 1 0.08 0.085 0.09 0.095
(0.001) (0.001) (0.001) (0.001)
d2 -0.000801 -0.000755 -0.000711 -0.000665
(0.000021) (0.000017) (0.000015) (0.000015)
v o1 0.08 0.103 0.127 0.15
(0.007) (0.006) (0.006) (0.007)
d2 -0.000801 -0.001112 -0.001422 -0.001732
(0.000105) (0.000087) (0.000086) (0.000101)
v, o o1 0.081 0.082 0.084 0.085
(0.02) (0.016) (0.015) (0.018)
d2 -0.00081 -0.000788 -0.000765 -0.000743
(0.00047) (0.000387) (0.000357) (0.000406)
Bias and Endogeneity measure
&y tendo) 0 0.105 0.217 0.338
Z—’}‘ 0.0025 0.032 0.039 0.073
% 0 0.000001 0.000004 0.000007

This table presents the estimates of a Montecarlo experiment using 400 replications using a

quadratic relationship between parental income and child outcomes.

The parameters as set

61 = 0.08 and §,=-0.0008.The first panel correspond to estimates of a linear model, that is misspec-
ified because it ignores the quadratic term. Estimates of a quadratic specification are presented in
the second panel. The last panel present two alternative measures of the size of the endogeneity,
as the percentage of the child outcome variance that is attributed: (i) to the endogenous term
(0 x endo) and ) to the unobserved component of child outcomes. Additionally, the third and
four rows present the bias of Equation B.1 due to the ratio between the variance of the unobserved
component and the endogenous variable.

Table 2.3: Estimates of linear and quadratic models from data generated by a Mon-
tecarlo assuming a quadratic model 400 replications
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Model parameter Without Small Medium Large

Linear Estimates

OLS 5 0.08 0.083 0.086 0.088
(0.001) (0.001) (0.001) (0.001)
OLS,® 5 0.08 0.082 0.085 0.087
(0.001) (0.001) (0.001) (0.001)
v 5 0.08 0.084 0.089 0.093
(0.004) (0.004) (0.004) (0.004)
V,® 5 0.08 0.08 0.081 0.081
(0.004) (0.004) (0.004) (0.004)

Quadratic estimates

OLS &1 0.08 0.083 0.086 0.09
(0.002) (0.002) (0.002) (0.002)
82 -0.000002 -0.000007 -0.000013 -0.000018
(0.00003) (0.000031) (0.000032) (0.000033)
OLS, ® &1 0.08 0.083 0.086 0.089
(0.001) (0.002) (0.002) (0.002)
82 -0.000002 -0.000006 -0.000009 -0.000013
(0.000064) (0.000065) (0.000067) (0.00007)
v &1 0.079 0.097 0.114 0.131
(0.022) (0.022) (0.023) (0.024)
8 -0.000002 0.000071 0.000144 0.000218
(-0.000105) (-0.000106) (-0.00011) (-0.000116)
IV, ® &1 0.081 0.08 0.079 0.079
(0.058) (0.058) (0.06) (0.062)
8 -0.000023 0.000006 0.000034 0.000062
(0.001382) (0.001401) (0.001439) (0.001494)

Bias and Endogeneity measure

62V (endo)
V) 0 0.084 0.183 0.296

This table presents the estimates of a Montecarlo experiment using 400 replications using a linear
relationship between parental income and child outcomes, with §; = 0.08. The first panel corre-
spond to estimates of a linear model, that is misspecified because it ignores the quadratic term.
Estimates of a quadratic specification are presented in the second panel. The last panel present two
alternative measures of the size of the endogeneity, as the percentage of the child outcome variance
that is attributed: (i) to the endogenous term (6 x endo) and i) to the unobserved component
of child outcomes. Additionally, the third row presents the bias of Equation B.1 due to the ratio
between the variance of the unobserved component and the parental income.

Table 2.4: Estimates of linear and quadratic models from data generated by a Mon-
tecarlo assuming a linear model 400 replications
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Model parameter Without Small Medium Large
0=0 0 =0.25 0 = 0.50 0 =0.75

Linear Estimates

OLS,® 01 0.061 0.063 0.064 0.065
(0.0005) (0.0004) (0.0003) (0.0002)

v, o1 0.0544 0.0546 0.0548 0.055
(0.003) (0.002) (0.002) (0.002)

spline estimates

OLS, spline, ® Y1 0.0546 0.0553 0.0553 0.056
(0.002) (0.0013) (0.0013) (0.0007)

OLS, spline, ® Y2 -0.0144 -0.0137 -0.0137 -0.013
(0.0021) (0.0014) (0.0014) (0.0007)

1V, spline, ® Y1 0.0657 0.0631 0.0598 0.0579
(0.0247) (0.0241) (0.0241) (0.0247)

1V, spline, ® Y2 -0.02 -0.0189 -0.0172 -0.016
(0.008) (0.0074) (0.0069) (0.0069)

This table presents the estimates of a Montecarlo experiment using 400 replications using a spline
relationship between parental income and child outcomes with one knot. The parameters are set
as y; = 0.06, and y2=-0.02. The first panel correspond to estimates of a linear model, that is
misspecified because it ignores the quadratic term. Estimates of a spline specification with one
knot are presented in the second panel.

Table 2.5: Estimates of linear and spline models from data generated by a Montecarlo
assuming a spline model with one knot 400 replications
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Model parameter Without Small Medium Large
0=0 0 =0.25 0 = 0.50 0 =0.75

Linear Estimates

OLS,® &1 0.0799 0.0821 0.0851 0.0872
(0.0005) (0.0006) (0.0007) (0.0008)
IV, ® &1 0.08 0.0802 0.0804 0.0806
(0.0035) (0.0038) (0.0041) (0.0042)

spline estimates of a relationship with one knot

OLS, spline ® 7 0.0803 0.0815 0.0828 0.084
(0.0022) (0.0017) (0.0015) (0.0018)

Y2 -0.0004 0.0003 0.001 0.0017
(0.002) (0.0016) (0.0014) (0.0017)

IV, spline, ® " 0.0792 0.0781 0.0761 0.0742
(0.0191) (0.016) (0.0148) (0.0158)

2 0.0007 0.0078 0.0149 0.022
(0.0157) (0.0135) (0.0125) (0.0132)

This table presents the estimates of a Montecarlo experiment using 400 replications using a linear
relationship between parental income and child outcomes. The main purpose is to determine
whether the simulated data and the Iv approach proposed is able to not reject the null hypothesis
of linearity. The parameters is 4; = 0.08. The first panel correspond to estimates of a linear
model, that is misspecified because it ignores that income has different effect across the income
distribution. Estimates of a spline specification with one knot are presented in the second panel.

Table 2.6: Estimates of linear and spline models from data generated by a Montecarlo
assuming a linear model 400 replications

97

www.manharaa.com




Model parameter Without Small Medium Large
0=0 0 =0.25 0 = 0.50 0 =0.75

Linear Estimates

OLS,® & 0.0254 0.0264 0.0274 0.0283
(0.0003) (0.0003) (0.0002) (0.0002)

IV, ® & 0.0348 0.0349 0.035 0.0351
(0.0019) (0.0019) (0.0019) (0.002)

logarithmic estimates

OLS,®, log é1 0.6495 0.6643 0.6791 0.6939
(0.0037) (0.0031) (0.0029) (0.0033)
IV, logl ¢ 0.6248 0.6248 0.6247 0.6247
(0.1289) (0.1286) (0.1285) (0.1287)

This table presents the estimates of a Montecarlo experiment using 400 replications using a loga-
rithmic relationship between parental income and child outcomes. The parameters as set ¢; = 0.65.
The first panel correspond to estimates of a linear model, that is misspecified because it ignores
the quadratic term. Estimates of a quadratic specification are presented in the second panel.

Table 2.7: Estimates of linear and logarithmic models from data generated by a
Montecarlo assuming a logarithmic model 400 replications
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Figure 2.1: EITC schedule

Source [22].
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Changein EITC

Figure 2.2: Two year changes in EITC schedule

Source [22].
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Coefficient Quadratic Linear Dahl-Lochner

Math and reading

5 0.078* 0.063*  0.0610*
(0.036) (0.029)  (0.0251)
5y -0.001
(0.002)
Math
5 0.075 0.060*  0.0582*
(0.041) (0.028)  (0.0273)
5y -0.001
(0.002)

Reading recognition

5 0.0511 0.038"  0.0359"
(0.030) (0.020)  (0.0195)
5 -0.001
(0.001)

Reading comprehension

5 0.073 0.063*  0.0613"
(0.039) (0.029)  (0.364)
8 -0.001
(0.002)

Significance levels :  1: 10%  *: 5%  xx: 1%
This table presents estimates of Equation 2.7 of quadratic and linear specifica-

tions. As instruments are used the expected change in income due to changes
in EITC and the squared of the linear prediction of income on that instrument.

Table 2.8: IV FE estimates of a quadratic specification
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Coefficient OLS IV

Math and reading

01 0.0031 0.0559
(0.002) (0.030)

b -0.0011 -0.026
(0.001) (0.065)

Math

d1 0.0033 0.0534
(0.003) (0.034)

o)) -0.0018 0.144
(0.0231) (0.5613)

Reading recognition

é1 0.0005 0.043
(0.002) (0.026)
s 0.0028 -0.0206
(0.009) (0.063)

Reading comprehension

& 0.0040 0.0574
(0.003) (0.034)
s -0.0177 0.0010
(0.017) (0.003)

Significance levels: 7:10%  *x:5%  xx: 1%
This table presents estimates of Equation 2.8. For in-

come the knot is estimated at $15000, while for the in-
strument the value of the knot is $1500.

Table 2.9: IV FE estimates of a one knot spline
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Coefficient OLS IV

Math and reading

o1 0.0315** 0.663**

(0.0116) (0.228)
Math

01 0.0182 0.635*

(0.0146) (0.277)
Reading recognition

o1 0.0265 0.407*

(0.0172) (0.201)
Reading comprehension

o1 0.0357* 0.648*

(0.0173) (0.274)

7:10%  *:5%  xx: 1%

Significance levels:

This table presents estimates of Equation 2.9.

Table 2.10: IV FE estimates of a logarithmic relationship

Child outcome Hy linear Hy Logarithmic
Math & reading 2.37 -1.39
(3.29) (3.42)
Math 4.19 -3.28
(5.78) (7.35)
Reading comprehension -2.6 3.54
(11.46) (15.73)
Reading recognition 3.58 -2.64
(4.67) (4.86)

This table presents the results of the four steps J test proposed by [23] The first column presents
the coeflicient and standard error of the step iv, that is the true model is linear. The second column
presents the coefficient and standard error of the step 4ii, that is the true model is logarithmic.

Table 2.11: J specification test for comparing linear and logarithmic models
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Household income Math - Reading Math Reading Recognition Reading Comprehension

5 13.25 12.7 8.14 12.95
10 6.63 6.35 4.07 6.48
15 4.42 4.23 2.71 4.32
20 3.31 3.17 2.04 3.24
25 2.65 2.54 1.63 2.59
30 2.21 2.12 1.36 2.16
35 1.89 1.81 1.16 1.85
40 1.66 1.59 1.02 1.62
45 1.47 1.41 0.9 1.44
50 1.33 1.27 0.81 1.3

linear 6.5 6.2 4.0 6.3

This table presents the increase as percentage of a standard deviation on child outcomes of in-
creasing annual household income in $1000. Predicted effect is computed using estimates in table
2.10.

Table 2.12: Marginal effect of Income under a logarithmic relationship
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Figure 2.3: Effect of parental income on child outcomes

The Figure presents the effect of parental income using Instrumental Variables for Norwegian admin-
istrative data, [49]. Parental income is measured in standard deviations to facilitate comparison.

o1 04 07 10 13 16 19 22
— Path & Reading 1

= Reading Recognition = Reading Comprehension

Figure 2.4: Effect of parental income on child outcomes

The Figure presents the effect of parental income using estimates in table 2.7.1. Parental income is
measured in standard deviations to facilitate comparison.
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CHAPTER 3

THE EFFECT OF PARENTAL CONFLICT ON SKILLS
AND CHILD AND ADULT OUTCOMES.
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ABSTRACT

This paper investigates the effect of parental conflict on child development, being
conflict a non-tangible input related to family functioning. The evolution of cogni-
tive and non-cognitive skills over childhood is estimated using data from the National
Longitudinal Survey of Youth 1979. Results show that higher conflict reduces skill ac-
cumulation and years of education completed. Cognitive development is more affected
during early childhood while non-cognitive development is at later ages. Effect of con-
flict on years of education completed is lower than the effect of material investments

and similar to the effect of parental time.

3.1 Introduction

Child development is one of the most widely studied topics in the economics liter-
ature because it is a crucial factor that determines the development and productivity
of an economy. Economics has a role through the design of policy aimed to reduce
inequalities in academic, socio-emotional, and labor outcomes of individuals. A first
strand of the research related to this topic includes reduced form studies that estimate
the effect of improving conditions at disadvantaged households on achievement and
adult outcomes. The analysis focus on the effect of two type of programs: (i) provid-
ing better inputs, evaluating the effect of programs such as Headstart or Abecedarian
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( [21, 12]) and (iz) providing income support ( [11, 22, 1]). A second strand of the
literature models the key elements of intertemporal household decision making incor-

porating utility from child achievement (e.g. [24, 64]).

Since [17, 19], the theoretical framework used by economists includes concepts
from psychology aiming to capture how cognitive and non-cognitive or socio-emotional
skills are accumulated over childhood and how they determine child achievement, 1Q),
wages, and years of education among other adult outcomes. In this framework, skill
formation depends on the previous level of skills and investment in educational inputs
such as books, tuition, and additional classes ( [17, 18]), parental time ( [4, 3]), and

family background ( [20]).

Family functioning and it’s effect on skill accumulation, child achievement, and
subsequent labor outcomes have been studied in psychology but have not been fully
incorporated in economics. There is evidence of the effect of family functioning on
cognitive accumulation but there is no previous research on its impact on the evolu-
tion of non-cognitive skills. Family functioning is an intangible input that affects child
well-being and can be assessed directly using self-evaluation or indirectly through be-
haviors like parental conflict ( [62]). Exposure to conflict influences children through
parenting and parents’ psychological well-being (e.g. [29, 30]).*? Tt is likely that
children in households with higher conflict have a less favorable environment. Their
parents will have a lower commitment to provide financial resources, buy educational
inputs, and provide time to help their children. Thus, parental conflict is a negative

42The factor is closely associated with parental stress, which is recognized in the economic litera-
ture as one of the channels through which income can affect child outcomes (e.g. [51].)

108

www.manaraa.com



input that might be included into the technology of skill formation. The Dynamic
Systems Theory in psychology describes child development as a cumulative process,
where the child is exposed to a changing environment that affects child learning.
Moreover, parental investments, parental conflict, and all other factors that con-

tribute to learning interact in each stage to determine human capital acquisition (e.g.

53]).

In economics research, parental conflict has been incorporated in models of di-
vorce and the negative effect of divorce on children (e.g. [64]). The lower scores
on cognitive achievement tests of children in divorced households compared to chil-
dren in stable households has been widely studied in the child development literature.
Parental conflict is associated with a higher probability of divorce and directly impact
skill formation. For instance, [64] shows that cognitive achievement of children ex-
posed to conflict is lower than the achievement of children in conflict-free households
regardless of marital status. [35] conclude that parental conflict is a good predic-
tor of child adjustment problems (aggression, anxiety, withdrawal, depression, and
low-self esteem). These results attest that parental conflict affects both cognitive and

non-cognitive skills.

The objective of this paper is to analyze how parental conflict affects cognitive
and non-cognitive skill accumulation and adult outcomes. A measure of parental con-
flict is incorporated into the production function for cognitive and non-cognitive skill
formation developed by [20]. This framework uses a value added skill production

function that incorporates material inputs (books, lessons), time, and other parental
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investments. It is natural to extend the model to include parental conflict as an ad-

ditional input.

Parental conflict is measured using a latent factor model based on a set of ques-
tions from the 1979 cohort of the National Longitudinal Survey of Youth (NLSY79)
that capture whether the respondent and her spouse argue about each of nine topics:
children, money, chores and responsibilities, showing affection, religion, leisure time,
drinking, other women, and the respondent’s relatives. These questions have been
used to describe whether parents accommodate to a conflict-free relationship or not.
Thus, we can measure the effect of that decision on cognitive skills (e.g. [52, 64]).
Previous studies use an arbitrarily constructed index of conflict while in this paper we
identify the optimal weights of each source of argument in the form of a factor that
explains whether parents harmonize or not. Thus, lower levels of this factor reflect

an increase in parental conflict at home.

This paper contributes to the literature on cognitive and non-cognitive skill forma-
tion by including parental conflict, which is an input that may undermine conditions
at home and the effectiveness of public policy. It extends the models of [19, 17]
and [20]. This paper also makes two contributions to the literature on the effect of
parental conflict on child achievement (eg. [64] and [52]). First, unlike those papers
we analyze the effect of conflict on both cognitive and non-cognitive skills. Second,
this paper estimates the effect of parental conflict on a child’s subsequent long-term

outcomes such as years of education and adult earnings.
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The estimation of the technology of skill formation follows [20]’s approach. They
describe cognitive and non-cognitive skill as low dimensional latent variables based
on child achievement test scores. Additionally, noisy measures of parental time, in-
vestment goods, and parental time are used to construct latent investment levels.
This approach does not rely on a single measure of skill accumulation, given that
test scores are affected not only by skills but also by environmental factors (eg [38]).
Another advantage is that this methodology reduces the demands on the Instrumen-
tal Variable approach, diminishing the number of instruments necessary to guarantee

identification.

The estimated technology of skill formation is consistent with previous findings in
literature: (i) there is self-productivity of skill production: skills accumulated in one
period persist in child development, (ii) there is dynamic complementarity of time,
material investments, and parental conflict. Moreover, reductions in parental con-
flict increase cognitive and non-cognitive skill development as well as child schooling
achievement. Cognitive skill is more responsive when parental conflict is reduced dur-
ing early childhood while non-cognitive skill is more responsive to reductions when a
child is over 4 years. If parental conflict is reduced 10% for the entire childhood for

a child in an average family his school achievement would increase by 0.4 years.

After this introduction, a review of the economics literature on child development
and skill accumulation is presented. In section 3 the conceptual framework is de-
scribed. In section 4 a description of the identification under different assumptions

about endogeneity is presented. In section 5 the Children of the NLSY79 (CNLSY)
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and NLSY79 data used in this paper is analyzed. Section 6 presents and discusses
the estimates of the effect of parental conflict on child skill accumulation and child

and adult outcomes. Finally, section 7 concludes.

3.2 Literature Review

Child development is a central topic of economic and policy discussions because
child development affects productivity and it is connected to the economic decisions
made in the household. The economics literature has analyzed this topic from different
perspectives. One set of studies analyzes the short and long run effects of programs
aimed to improve inputs or budget at disadvantaged houscholds (e.g. [11, 1, 22]).
These studies do not estimate the technology of skill formation. Instead, they investi-
gate how income support and government programs affect outcomes such as cognitive

and non-cognitive test scores, adult earnings, and high school graduation.

A second approach focuses on structural models in which utility-maximizing house-
holds take their labor supply and child investments in an intertemporal setting (e.g.
24, 10, 48]). The utility function includes the child outcomes as an argument. This
framework is useful to simulate the effects of counterfactual economic policies. How-
ever, the policy simulations that come from structural models can be questionable,
because of the assumptions about the utility function, budget constraint, production

function, and expectations.
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This paper belongs to a third set of studies which focus on how human capital is
accumulated over childhood in a dynamic setting. Instead of focusing on the reduced
form effects on specific outcomes of increase resources or income. The approach esti-
mates the production functions of cognitive and non-cognitive skills, thus, it is closer
to the second strand because those are structural equations. These studies build on
the conceptual framework of [9], which describes how parents invest in inputs to

boost skill acquisition during childhood.

[66] estimate several specifications of the production function of cognitive achieve-
ment using as determinants of skill accumulation the entire history of lagged home
and school inputs, parents ability, and unobserved endowments. The authors find
evidence of a value-added model augmented with information on lagged inputs, home
environment, and mother’s ability. These last two factors are important to explain

differences in test scores in early childhood.

[17] build on and generalize [9] by incorporating multiple skills, differences in
input productivity across stages of development, and dynamic complementarities in
skill formation. They classify skills as cognitive (mathematics, reading) and non-
cognitive (perseverance, motivation, self-esteem, self-control), which are accumulated
over several periods of childhood. These skills are powerful determinants of wages,
schooling, teen pregnancy, smoking, and crime, among other measures of adult eco-

nomic and social success.
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[20] generalize the work in [19] by allowing for a nonlinear specification of the
skill formation production function, which relaxes the assumption that early and late
investments are perfect substitutes. In addition, they include cognitive and non-

cognitive skills of parents as inputs into the skill formation equations.

[3] analyze skill formation in early childhood using a randomized intervention
in Colombia, also relaxing the perfect substitutability assumption. This intervention
aims to boost development, growth, and hemoglobin levels by providing stimulation
and micronutrient supplementation to help. Their findings were consistent with the
literature that a child’s current stock of cognitive and non-cognitive skills fosters the
development of future skills, and that all inputs are complementary in the produc-
tion of future skills. In addition, the authors incorporate parental time as an input.
Results suggest that material investments are more important for cognitive skill ac-

cumulation while time is more important socio-emotional skill development.

This paper extends [20] by including into the technology a latent factor from the
questions of the NLSY79 that describe the incidence and frequency of conflicts. Low
values of the factor indicates higher parental conflict. This paper includes the effect
of parental conflict on non-cognitive skill, interacting with material inputs, parental

time, and parental skills.

In sum, the literature has shown that child development depends on investments
of goods and time. Additionally, the literature has incorporated parental skills as an

input into the development technology. However, child development is also affected
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by psychological factors like family functioning. For instance, [51] argue that family
functioning is a channel through which income affects cognitive achievement. [64]
finds evidence that parents that do not accommodate to a conflict-free relationship
negatively affect cognitive achievement. This paper presents evidence that higher
levels of parental conflict adversely affect cognitive and non-cognitive development,

as well as adult outcomes.

3.3 Conceptual Framework

This section describes how human capital (cognitive #° and non-cognitive ¥
skills) is determined over T periods of childhood by the production functions of cog-
nitive (f¢) and non-cognitive (fV) skills, which are assumed to be monotone and
increasing in their arguments, twice continuously differentiable, and are described by

the following equations:

O = f1 (07, 607,0{,00. 07,097,087 1) (3.1)

and

oN = NS 0N, 08,08 07,097 oNF )., (3.2)

Skills are accumulated in each period ¢t = 1,...,T, according to the production
function of the stage s. Accumulation depends on the levels of both skills at the be-
ginning of the period, two investment inputs: 6], which represents purchased goods
and services, and ] the time that parents spend with their children. It also depends

on parental conflict #7¢ and two fixed inputs: parental cognitive and non-cognitive
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abilities 9T, OV, Finally, n° and n¥ represent unobserved shocks to skill. In this
specification each variable is a scalar that denotes a latent factor for the skills, parental

investments, parental conflict, or parental skills.

Parental investments 6/ represents all material goods such as books that help the
learning process. Parental time ] captures another important dimension of parental
investments as shown by [4]. If parents spend time at home they can monitor and
enforce children’s homework and in general help them with school.

Parental conflict, 7’ is the result of parental interaction. [64] treats conflict
as the result of parental decisions to accommodate to a conflict-free relationship or
not to accommodate and have a relationship with conflict. In this paper, conflict is
not restricted to be dichotomous; instead it is a latent factor determined by several

dimensions of couple behaviour. High levels of conflict are hypothesized to directly

affect skill accumulation and to affect the productivity of other inputs.

Parents with higher cognitive ' and non-cognitive V' skills can teach their
children better than parents with low skills. These variables are related to home
background. Both parental skills are treated as fixed, which is consistent with the

assumption that skills are only accumulated during childhood.

The production function parameters are stable during each stage () of childhood,
but can change between stages. This flexibility captures that some stages may be

more productive in the production of skills, and therefore skill accumulation can be
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manipulated at different ages. To determine what stage is better to increase skills
it is useful to incorporate sensitive and critical periods for investments, as defined in
[45]. Stages that are more efficient for skill accumulation are called sensitive periods.
Thus, t* is a sensitive period if at the same level of inputs investments are more pro-

ductive in stage t* than in s # t*.

005, 005,

0L, loc=ac oN=gN oI=iy ..., I,=i; 001 1go=gc gN=gN o1 =iy ..., I, =i,

A period t* is critical if it is the only period in which investments are productive.

005,
gl > °
and Vs # t*
0051 _
o0 = 0

Following [20] in the empirical analysis we divide childhood into two stages. The
first one describes how human capital is accumulated for children up to 4 years of age

while the second stage captures skill accumulation for children 5 years and older.

The technology described in equations 3.1 and 3.2 allows for a dynamic interdepen-
dence or complementarity: children with greater abilities at young ages learn more in
subsequent periods. Dynamic complementarity for investments occurs when the skills
acquired in ¢ — 1 make current investments 6/ more productive 926, /067 96] > 0.
This has two important implications for policy design. First, divergence in skills may
appear at early ages. Second, early interventions are in general more effective than
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later remediation (e.g. [17, 40]).

Finally, cognitive and non-cognitive skills accumulated during childhood deter-
mine adult human capital. Thus, human capital is characterized by the stock of
cognitive and non-cognitive skills at 7'+ 1. It is the main determinant of adult suc-
cess, measure in outcomes such as child achievement, high school completion, teen
pregnancy, and adult earnings, among others. Then, the adult outcome @); can be

described as a function of the skills accumulated over childhood.

Qj = gj(e%-lv 971\’]-1-17 V) (3.3)

The function g; is assumed to be continuously differentiable and reflect that skills
positively affect the majority of life outcomes with different effect in the labor market

outcomes or other areas.

3.4 Identification and Estimation

3.4.1 specification

Following [19] and [20], the identification and estimation of the latent inputs,
skills, and the production function uses a dynamic factor analysis. This factor model
has a state space representation and is estimated using the Kalman Filter.#® The

43The Kalman filter is an algorithm that uses a series of measurements observed over time, con-
taining some measurement error or statistical noise, and produces estimates of latent or underlying
variables, see for instance [39].
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filter consists of two sets of equations: measurement and transition. The measure-
ment equations capture the relationship between observed noisy measures of parental

investments and skills and the latent factors, and are given by:

ZM = M oMM 4 e, (3.4)

with j=1,...,J,t=1,...,T

Z% represents the j — th observed measure for latent factor M at time t. M
refers to cognitive and non-cognitive skills (0, 6Y), investments, parental conflict,
and time (07,07 07) and parental cognitive and non-cognitive skill (0% NF) that
is M ={C,N,I,PC,7,CP,NP}. a% are factor loadings and e% is a measurement
error assumed to be uncorrelated across the measures. The transition equations can

be written in matrix form as as:

@t-i-l = Gt®t ez (35)

with ©; = vec{0F, 0N, 0FC 61 6°F 9NF}. The transition equations capture the
dynamic behaviour of the system. In the case of the skill accumulation equations
they represent the production functions. See appendix F for a discussion of the ap-

plication of the Kalman filter to this model.

Factor loadings in equation 3.4 are identified under the assumption that the mea-

M

+; are uncorrelated across ¢ and that there are at least two measure-

surement errors e
ments of each latent factor per period. Using covariance restrictions and normalizing
M

one factor loading (a7 = 1) for each latent variable and for all ¢ it is possible to
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estimate the remaining factors loadings using the covariances of the observed mea-
surements.** The joint distribution of all latent variables {0, 0N 0F¢ 9f 9¢F NP}

is identified using the approach suggested by [58, 59].

The estimation of equations 3.1 and 3.2 requires the specification of a functional
form. Following [20] a constant elasticity of substitution production function (CES)
is used. This allows to compare results with previous findings. The CES nests perfect
substitutability ( [19]) as well as the Cobb-Douglas technology. The CES function is

defined by the following equation:

_1

Ofy = [%kl(@f)%k FYsk2 (07 ki3 (07) 2 70 (07 ) 0o 15 (077 ) P +%k6(9NP)¢Sk] e
(3.6)
where 4, > 0 and Z? Yski = 1. Each 74, represents the share or relative impor-
tance of a factor in the production of skill k in stage s, k € {C, N}, t = {1,2..., T},
s € {1,2}. The errors are assumed to be normally distributed: 7 ~ N(0,67,). If
the parameter ¢4, = 1 the elasticity of substitution is infinite and inputs perfectly
substitutes each other according to their productivity v, in producing cognitive and
non-cognitive skills. If ¢4, = —oo the elasticity of substitution is 0, thus all inputs
are complements and necessary to accumulate skills in the period. If ¢4 = 0, the
4Using the normalization agl = 1, for all t the covariance of the first measurement for the
cognitive skills between periods ¢ and t + 1 is: Cov(Z{), Z5, 1) = Cov(0f, 65, ). In addition, the
covariance of the second measurement on cognitive skills in ¢ and the first measurement in ¢ + 1 can
be expressed as: Cov(ZCy, Z51.1) = aCyCov(6C,6C.,). Tf the left and right hand terms on the first

equation are different from zero, it is possible to compute the loading ozgz by dividing the second
equation by the first one.
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production function is Cobb Douglas and inputs are imperfect substitutes.

In previous research, test scores are used as measures of outcomes, but those
are not invariant to affine transformations. One of [17]’s innovations is to define
a cardinal scale for cognitive and non-cognitive skills by anchoring results to school
attaintment. To have a better understanding of the relative importance of cognitive
and non-cognitive skills, investments, time and parental conflict at different stages of
the life cycle, it is desirable to anchor skills in a common scale. Here, estimates of
the parameters are anchored to school attaintment ) at age 25. Using the equation

for adult outcomes we have:

Q=p+a%05,, +aV0y,, +e (3.7)

The scale of the factors ¢, 8" is unknown, so for affine transformations, the pa-

rameters o, a”, and p will adjust. However, the scale of 609g+1 and 5N6’§V+1 is
C

uniquely determined by its effect on child school attaintment, that is % = C%
t t

20N . . . . o .
and gTy, = oM =L Child school achievement is measured in years avoiding reliance
t t

on test score metrics which are arbitrary.

In [20], parental time investments are measured as ordinal scales with integer
values from 1-5. However, the responses indicate how often in a year the investment
occurs. Using the categorical value as if they were ordinal assumes that each category
measure the intensity in which input is used but this is clearly not true. Thus, in
order to measure parental time precisely the categories are replaced by their equiva-

lents in times per year. For instance, if the child sees family or friend once per month
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or once per week the variable number of times per year is equal to 12 or 52.

3.4.2 Unobserved heterogeneity

Estimates of the technology and adult outcomes equations will be biased if un-
observed fixed or transitory variables that influence investment choice are correlated
with unobservables in the production functions. First, we analyze how to deal with
constant heterogeneity assuming that the error term in the skill technology equation
has two components: a time-invariant unobserved factor 7 and an i.i.d. error term
v;. We account for correlation of 7 and the inputs using a similar approach to the
one used to identify factor loadings in the measurement equations. Using the adult
outcome equation 3.7 it is possible to impose restrictions on the covariance between

observed adult outcomes and measurements of investments.*’

Endogeneity can also be caused by transitory shocks that affect both the accu-
mulation of skills and parental investment. For instance, to reduce the effect of a
negative health shock, parents may compensate by increasing the use of educational
inputs, parental time or by reducing parental conflict. Endogeneity arises because
parental investment decisions are made knowing the transitory shock. In this case,
the error term of the technology equation is divided into a time-varying unobserved
heterogeneity factor m; that can be correlated with the vector (0, I;,0p) and an i.i.d.
error term ;. To deal with this endogeneity, [20] proposed to use an approach similar

5 Rewriting 3.7, we have Q; = a;c05, |+ N0 | +ajzm+€;. 7 is an unobserved fixed component
that is correlated with the latent factors. Then, it is possible to write the covariance between
adult outcomes and measurements as: Cov(Qy, Z;) = ajeCov(0F, 05, ) + aynCov (07,07, ) +
aj=Cov(0F 7). Using at least 3 adult outcomes, and the covariances with cognitive and non-
cognitive measurements it is possible to identify factor loadings ajc, a;jn and ayx.
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to a control function. If the unobserved shock is serially correlated, it will be corre-

lated with 6, due to the correlation between past investments and skill accumulation. 6

Then, to guarantee identification it is necessary to find instruments: variables that
affect investment decisions and parental conflict but that are not directly related with
cognitive and non-cognitive skill accumulation. As variables that exogenously shift
resources, [20] proposed lagged values of income y;. These instruments for 6;, work

well if the transitory shock is independent of ¢

,07 and the past and present values
of y;. [3] proposed to use the average female and male wages in the child’s village,

household wealth at the baseline survey, and an indicator variable for whether the

mother was married.

In this paper, following [22] the Earned Income Tax Credit is used as an instru-
ment. The EITC is an antipoverty program initiated in the mid-1990’s. Low wage
working households get tax relief, increasing their budget. Parental income at period

t can be expressed as the sum of pretax income P; and the EITC transfer Xf *(Py),

minus taxes 7, (Py).*” Using their approach, the proposed instruments are the ex-

~

pected EITC income given once-lagged pretax income (y;"' ' (£ [P;¢|Pis—1])) and the
EITC benefit in the previous period x." (P;4—1). Those instruments use individual
information available in the previous period, so by assumption they are orthogonal to
any shock that affects current income, as well as child outcomes. This instrument is

46Tf the unobserved heterogeneity is i.i.d., each one of the investments 6/, §7 and parental conflict
0F¢ can be identified using a similar strategy to the one presented in the identification of the

factor loadings and permanent endogeneity. Exploiting covariance restrictions between the observed
investments and skills in addition to the restrictions on cognitive and non-cognitive covariances.

4TSuperscript s;; denotes the specific EITC schedule faced by the child’s family, which depends
on the age and the number of dependent children in the family (one or more than one child).
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determined by family income evolution and changes over time in the EITC schedule.
In this context, the changes in EITC generosity over time that differentially affect
households along the income distribution contributes to identification. Figure 3.1
shows the big increases in EITC generosity during 1988 to 2000, with the highest
expansion between 1993 and 1995. Given that the EITC schedule is determined by
federal and state governments it is not expected to be affected by cognitive and non-
cognitive skills of children, so it is exogenous. Also, it could represent up to 40% of
the total income for families, so it is likely to be a strong instrument for households

at the lower end of the income distribution.

Additionally, it is proposed to use other parts of the federal tax system as instru-
ments. Taxes also affect resources available at home and they are not related with
child skills. Therefore. it is possible to define as additional instruments the expected
tax given once-lagged pretax income (Ttsi’t’l (E[P,4|Pis—1])) and the tax in the previ-
ous period Tt%‘f’l(Pi’t_l). With parental conflict, material investments and parental

time there are three endogenous variables. Therefore, we have four instruments, thus

satisfying the rank condition.

An additional source of bias is caused by the fact that current investments,
parental time and conflict may be correlated with lagged income. Therefore, in order
to remove bias [22] proposed to include a control function for lagged income, ®(F; ;).
This specification accounts for the fact that changes in the EITC and taxes affect dif-
ferently the population depending on their location in the income distribution. [22]

proposed a fifth order polynomial to capture this relationship. However, any other
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functional form is possible. For instance, [34] include a 10 piecewise in the first
lag of income. In [22] this function is not collinear with the first stage estimates be-

cause the EITC structure (phase-in, flat and phase-out zones) provides a non linearity.

3.5 Data

The model is estimated using data from the NLSY79 and the children of the
NLSY79 (CNLSY). The NLSY79 is an ongoing survey conducted annually between
1979 and 1994, and biennially since 1996. It is based on a nationally representative
sample of 12686 men and women who were between 14 and 21 years old in 1979.
It collects detailed information about income, assets, program participation, labor
force, and education, among other demographic and individual characteristics. The
Children of the NLSY79 started in 1986 and includes information for children born
to female respondents of the NLSY79 about cognitive and non-cognitive assessments,

demographics, home environment, and development. *®

Following [20] only first born white children were studied. This restriction is
motivated by the differences between the cognitive and non-cognitive outcomes for
children by race found by [66]. In addition, the sample is restricted to households
with married or cohabitating couples where the questions about arguments are ob-
served. This may bias estimates because it omits children whose parents do not live

48Information about school inputs that could be relevant for skill formation is not recorded in the
NLSY79.
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together as a consequence of high levels of conflict.*’ In order to avoid this potential
bias the inverse of the mills ratio is included into the estimation of the skill technology

following the two step procedure proposed by [41].

Appendix G presents a comparison between the sample data used by [20] and
the sample of first born white children used here. There are two factors that create
differences in the samples. First, [20] use 2208 first born white children out of the
2810 that are available in the survey. There is no documentation on which additional
criteria they used to get their final sample. And second, their data on cognitive and
non-cognitive achievement tests seem to be standardized to be mean 0 and standard
deviation 1, but there is no reference on how the standardization was performed.®® In
order to determine whether the results presented here are directly comparable with
their results, in section G.2 of the appendix compares both descriptive statistics and

estimates of the baseline models in [20].

Results of these comparisons show that cognitive and investment measurements
are pretty similar despite the difference in the sample size. On the other hand, there
are some differences in the descriptive statistics of non-cognitive skills with respect to
their sample that may be attributed to the differences in the standardization method.
Estimates of the technology parameters using my comparison sample are very similar
so it is reasonable to assume that findings reported here can be directly compared to

49Material investments, parental time are expected to be more productive for skill development
in households where both parents live together given that this shows commitment to a long term
relationship.

50Tn this document the standardization was made for each period including all the respondents of
the CNLSY, which brings the descriptive statistics closest to their data.
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those of [20]. The next subsection describes the sample of first born white children

in households with married or cohabitating couples.

3.5.1 Descriptive statistics of the sample

The sample used in this study consists of 1,679 first born white children who
live in a household with married or cohabitating parents. Due to the frequency of
the NLSY79 and the CNLSY, the unit of analysis is a two year period. Table 3.1
describes the periods of development and observations available. Differences in the
number of observations per period are explained by the rate of response and the fact
that not all children are observed in each wave. There are three characteristics worth
mentioning. First, the lower number of observations on children in the first period,
between 0 and 11 months is due to the biennial periodicity of the survey. Second,
the lower number of observations for children between 1 and 4 years (periods 1 and
2) is explained because in 1986 some of the children were already 5 years or older.
Finally, the decline in the number of observations for children between 11 and 14
years (periods 7 and 8) is explained because in 2012 not all children have completed
their childhood. The next subsections describe the measurements used as indicators
of skills and inputs for all periods of development. More detailed statistics are found

in the appendix E.

Cognitive skill

The first panel of table 3.2 summarizes measures of child cognitive skills. For chil-

dren up to 4 years the Motor and Social Development Scale, the Parts of the Body

127

www.manaraa.com



Score, the Memory for Location Score, and the Peabody Picture Vocabulary Test
are used, normalized to mean zero and standard deviation 1. Thus, if the average
value of cognitive measurements is positive it indicates that first born white children
of married parents do better in these tests than the rest of the sample. This fact is

consistent with [65]’s findings.

Non-cognitive measurements

The Second panel of table 3.2 presents the measures of non-cognitive skills. They
are divided into two batteries of questions. For children up to 4 years, the Tempera-
ment Scale is used. It is composed of mother reported responses to questions about
activity, predictability, fearfulness, positive affect, and friendliness. For children over
4 years, components of the Behavioural Problem Index (BPI) are used to measure
non-cognitive achievement. The BPI is designed to measure the frequency, range,
and type of childhood behavior problems. These are categorical variables indicating
whether a given statement about behaviour is: often true, sometimes true, or not true.
In the analysis the following subscores are used: (i) antisocial, (ii) anzious/depressed,

(#i) headstrong, (iv) hyperactive, (v) peer problems.

First born white children have a higher sociability and compliance score, as indi-
cated by a mean higher than 0. Also, first born white children present antisocial and
head strong scores above the mean, indicating that they are more affected by those
problems. On the other hand, their hyperactive and conflict scores are lower than for

the rest of CNLSY respondents.
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Inputs and Time - Investments

The third panel of table 3.2 presents the CNLSY measures of parental investment
that are collected in the Home Observation Measurement of the Environment - Short
Form (HOMESF). This form collects information about home environment, planned
events, and family surroundings that influence the emotional support and the stimu-
lation received by children. The information collected can be classified into variables
that capture material or time investments. The following measures of parental in-
vestments are used: the number of books the child has, the number of push/pull
toys, the number of soft /role play toys, number of magazines, whether the child has a
tape recorder/CD player, whether the child has musical instrument, whether the fam-
ily receives a daily newspaper, whether the child receives special lessons/activities,

whether the child is taken to musical performances.

Time measurements include the number of times the child was praised last week,
and the number of times positive things were said to the child last week, how often
the child gets out of the house, how often the mother reads to the child, how often
the child eats with mom/dad, how often mom talks to the child from work, how often
the child is taken to a museum, and how often the child sees family and friends. All
these are categorical variables, but are associated with time frequencies (1 time per
week, or 1 time per year) so it is possible to create a new variable that measures
annual frequency. This will reflect more accurately the time that parents devote to

their children. 5!

51The following variables are converted: How often child gets out of house, how often the mother
reads to the child, how often child eats with mom/dad, how often mom talks to child from work,
how often child is taken to museum, and how often the child sees family friends.
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Parental conflict

Starting in 1988, the NLSY79 measures parental conflict using reports by female
respondents about disputes at home over a variety of topics related to family func-
tioning. Respondents reported how frequently they argue with their partner about
the following items: chores and responsibilities, money, children, leisure time, show-

ing affection to each-other, drinking, religion, other women, and her or his relatives.>

The fourth panel of table 3.2 reports the mean, standard deviation, and obser-
vations for each source of conflict at each period. The responses in the NLSY79 are
categorical and they are reported as: 1-often, 2-sometimes, 3- hardly ever, and 4-
never, so values closer to 4 indicate that conflict is low. The most frequent subjects
of conflict are: chores, children, and money. There are few couples that argue over
drinking, other women, religion and relatives. These findings hold for all periods of
childhood. Thus, the latent factor will reflect parents commitment to a conflict-free

relationship, with lower levels of the factor reflecting parental conflict.

Taxes and EITC

We use the EITC and federal taxes as instruments. To compute those variables
we define total household as the sum of three components: earned income, unearned
income, and non taxable income, for the respondent and her spouse. Earned income is
the sum of all wages and salaries received in the calendar year of reference. Unearned

52There are other questions related to parental conflict available in the NLSY79. However, their
availability is lower. Those questions are: the degree of satisfaction in the current relationship (e.g.
degree of happiness)and whether biological parents of children over 9 years argue.
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income includes income derived from business and farm, unemployment, savings, net
rental, and social security. Finally, nontaxable income corresponds to veteran ben-
efits, worker compensation, disability payments, and income from welfare/AFDC,
food stamps, Supplemental Security Income, and other public assistance, and child

support.

Using these three variables the EITC and federal taxes are computed using the
TAXSIM code developed by [32] and available at the National Bureau of Economic
Research web page (http: www.nber.org/taxsim). This code computes a microsim-
ulation of the US state and federal tax income system based on a large sample of
actual returns. We assume that all eligible households take the credit. This is based
on [60], who shows that between 80% and 87% of the eligible families take the credit.
Income from tax corresponds to the federal income tax before credits, which includes
tax on taxable income, special treatment of capital gains, and 15% rate phase-out.
The EITC provides income support for low income households, so it provides enough
variation for identifying parameters in low income households. On the other hand,
taxes affect the entire income distribution, providing instruments relevant to the mid-

dle and the high end of the income distribution.

3.6 Estimates of the technology of skill formation

This section presents estimates of the technology of skill formation under two
specifications. Subsection 3.6.1 extends [20] by specifying two investments inputs:

material and time. We compare the results with [3] who also separately include
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time and material investments. In subsection 3.6.2 parental conflict is added to the
specification. In both subsections three sets of estimates are presented, correspond-
ing to three assumptions about the relationship between the unobservables in the
investment equations and in the technology equations: no endogeneity, permanent

endogeneity and unrestricted endogeneity.

3.6.1 Time and material investments

Cognitive skill accumulation

Estimates of the technology of cognitive skill formation are presented in table 3.3.
Each column corresponds to a different assumption about the unobserved heterogene-
ity. The upper panel refers to the parameters for cognitive accumulation from birth
up to 4 years and the lower panel describes the estimates of the skill technology for

children over 4 years.

Consistent with previous research, the most important determinant of skill accu-
mulation is the previous level of the skill, especially during the second stage. The
relative importance for cognitive skill accumulation of the previous level of cognitive
skills in the first stage (ysc1) ranges from 38.9% to 42.3%, while it ranges from 80.9% -
88.7% in the second stage. There is a small cross productivity during early childhood;
non-cognitive skills contribute to cognitive skill accumulation (ys02 ranges from 3.0%
to 4.4%). Similar result to [3] and [20], who found a positive effect of non-cognitive

skill on cognitive skill accumulation for children under 5 years.
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Parental investments are important for cognitive skill accumulation, with a higher
impact during the first stage. Thus, cognitive skill accumulation is sensitive to early
investments. For children up to 4 years both investments have a high importance
regardless of the specification of the unobserved heterogeneity. During the second
stage, material and time investment productivities diminish considerably. Material
investments are more important than time investments in both stages, with a relative
importance almost double. Estimates of the material investment share (y504) range
from 3.4% to 4.9% and estimates of the time investment share (7sc3) range from
0.9% to 2.4% in second stage. [3] also found that material investment has a higher
productivity in cognitive accumulation. However, the estimates of investment share
are higher in this paper than in their paper, which reported relative importance of

material investments of 8% vs 0.8% of time.

The sum of the shares of time and material inputs is bigger than the effect of
the single latent investment factor reported by [20]. Relative participation of in-
puts for cognitive development during the first stage of childhood using one factor
was 23.1%, 16.1%, and 26.1% under no heterogeneity, permanent, and time varying
heterogeneity. Using two separate factors, the importance of the sum of investments
(vso3 + Ysca) is 45.0%, 37.3%, and 42.5% under the same scenarios of endogeneity.
The relative importance during the second stage is also larger when disaggregating
investments into material and time. While in [20] importance of investments ranges

from 2.0% to 4.4%, using two latent factors it ranges from 4.3% to 7.2%.
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The estimates of the elasticity of substitution are significantly higher during the
first stage of development ranging from 1.7 to 2.43. In the second stage, estimates
range from 0.39 to 0.42. Therefore, low levels of cognitive skills at early stages can be
compensated by increasing parental time or material investments. Given this fact and
the self-productivity of cognitive skills, public policy may alleviate cognitive deficits

in early childhood.

Non-cognitive skill accumulation

Estimates of the technology of non-cognitive skill formation are presented in table
3.4, which has the same format as the previous table. Self-productivity is high and
therefore the previous level of non-cognitive skill is the most important input into
accumulation during the first stage. Its relative importance ranges from 52.1% to
54.7% and it increases for children over 4 years ranging from 78.8% to 82.7%. Cogni-
tive skills do not contribute to the production of non-cognitive skills in either stage,

as in [20].

Parental investments are important for non-cognitive skill accumulation, especially
during the first stage. The time share ranges from 9.7% to 13.7% and the material in-
vestment share from 12.8% to 16.8%. (similar finding to [3]). For children 5 years and
older the effect of parental time diminishes to 3%. Also, there is a reduction in ma-

terial investment importance in the second stage, where it ranges from 8.9% to 10.4%.

As was the case for cognitive skills, decomposing investment into two latent factors

increase the total importance of parental investments. For children under 5 years, the
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relative importance of the latent factor of all investments in [20] ranges from 6.5% to
20.9%, while the sum of their relative importance ranges from 22.5% to 30.5% using
two factors. During the second stage, the share using one factor ranges from 5.1% to
5.5%, and with two factors it increases to 11.9% - 13.4%. The share of investment
material goods is 12.7% and for time it is 14.9%. For children 5 and more years,
importance of investments also increase from 5.5% to 11.8% (3% for time and 8.9%
for material investments). Therefore, we can conclude that using two latent factors

captures additional information about skill accumulation technology.

3.6.2 The effect of parental conflict
Cognitive technology

Table 3.5 presents estimates of the cognitive production function parameters for
the two stages of development. The table is organized in the same way as tables 3.3
and 3.4. The main results for cognitive accumulation are similar to the findings in
Table 3.3. The previous level of cognitive skill is the most important determinant
of cognitive skill accumulation. The other factors in order of importance are: ma-
terial investments, parental time and parental conflict and there is a small impact
of parental non-cognitive skills and previous level of non-cognitive skills. During the
second stage the importance of the initial level of cognitive skills increase and all

other factors reduce considerably its importance.

Columns 1 and 2 of table 3.7 present the elasticity on cognitive accumulation of
all factors. Elasticities are evaluated at the mean and for all cognitive production

factors estimates indicate that skill accumulation is inelastic. The first panel presents
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results without unobserved heterogeneity, while the second and third panel address
permanent and time varying heterogeneity. During the first stage, cognitive accumu-
lation is most responsive to changes in the initial level of cognitive skill. The elasticity
ranges from 0.39 to 0.46, and it increases to 0.44 to 0.53 for children over 4 years.
Responsiveness of cognitive skill to changes in material investments for children up
to 4 years old are about 0.2 without unobserved heterogeneity and with time varying
heterogeneity, and 0.31 allowing for permanent heterogeneity. Cognitive skills are
slightly more responsive for older children, with elasticities that range from 0.21 to
0.40. A reduction in parental conflict increases cognitive skills in both stages of de-
velopment with elasticities of about 0.1. Increments in parental time have a similar
effect on cognitive skill accumulation in both stages of development with elasticities
of about 0.1. Higher parental skills have a small impact on cognitive accumulation,
with elasticity around 0.06. Finally, non-cognitive skill have no impact under none

and permanent unobserved heterogeneity.

Parental conflict is important for cognitive accumulation in both stages. However,
development is more sensitive in early childhood. Moreover, the level of parental con-
flict is more important than non-cognitive skills and parental skills. The elasticities
show that reductions in parental conflict are the third factor in order of importance

for cognitive development with a value around 0.10 during childhood.

Non-Cognitive accumulation

Table 3.6 presents estimates of non-cognitive accumulation with findings that

are consistent with those discussed in the previous subsection. The lagged value
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of non-cognitive skills is the most important for the development of non-cognitive
skills. Shares for parental non-cognitive skills, parental time, material investments
and parental conflict are about 0.10. Non-cognitive development is not affected by

cognitive skills in the previous period or by parental cognitive skills.

Columns 3 and 4 of table 3.7 present the elasticity on non-cognitive accumulation.
As was the case for cognitive accumulation self-productivity is the most important
factor for development, elasticity is 0.5 for both stages of development. Higher levels
of parental cognitive skills increase child non-cognitive being the second factor in or-
der of importance, its elasticity is up to 0.23 addressing for time varying unobserved
heterogeneity. Increases in parental time or material investments as well as reductions
in parental conflict have a smaller effect on non-cognitive development with elastic-
ities around 0.10. Finally, responsiveness to cognitive skills and parental cognitive

skills is almost zero.

The evolution of non cognitive skills depends on the level of parental conflict.
Development is more sensitive in early childhood with a share that ranges from 0.083
to 0.124, while it decreases during the second stage to 0.05. The relative importance
of parental conflict is higher on non-cognitive than on cognitive accumulation. The
estimated elasticity shows that reductions in conflict are important for accumulation
and responsiveness is almost the same in both stages of development with a similar

effect to parental investments.
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3.6.3 Effects of reductions in parental conflict.

Table 3.8 presents the estimation of child school achievement as a function of
cognitive and non-cognitive skills accumulated by age of 14 (equation 3.3). In this
subsection only results for the model that addresses time varying heterogeneity are
presented, given the similarity in the estimates of the parameters of the technology.
Estimates show that both skills are key for child achievement, and non-cognitive skill
has a higher effect. However, those estimates can not be understood without includ-

ing the technology and measurement equations.

To fully understand the implications of these parameters it is useful to simulate the
whole model and show how cognitive skill, non-cognitive skill, and years of schooling
react to a reduction in parental conflict. We simulate the impact of a 10% reduction
in parental conflict (about one quarter of a standard deviation). In the simulation
it was assumed that investments, parental time, and parental skills are at their av-
erage values. We start by considering the impact of reducing conflict in one period
of childhood. The upper panel of table 3.9 presents the impact of such reductions.
Column 1 describes the period in which the reduction in conflict is made, columns 2
and 3 show the percentage increase in each skill, while column 4 shows the increase
in years of education. For instance, a reduction in parental conflict only in the first
period increases cognitive skill by 0.18%, non-cognitive skill by 0.13%, and school

achievement by 0.02 years.

Reduction of conflict during early childhood (periods 1-3) increases cognitive skill

between 0.18% and 0.75%, while for children over 4 years cognitive skill increases
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between 0.10% and 0.17%. Thus the benefits of reducing parental conflict are two or
three times higher during early childhood. The highest increment occurs for children
between 3 and 4 years old. The increasing pattern of the effect of reducing parental
conflict is due to the dynamic complementarity. That is, there is a higher produc-
tivity of investments, time, and non-conflict because of preexisting levels of cognitive
skills. Reductions in parental conflict increase non cognitive skills between 0.13% and
0.42% during early childhood. Higher increases in non-cognitive skills are observed
during the second stage of development, between 0.25% and 0.51%. Despite this fact,
the increment predicted for children aged 3 and 4 years (0.42%) is also important and
similar in magnitude to the effect on children between 11 and 12 years (0.49%). As
stated in the introduction, parental conflict shows a higher impact on non-cognitive
accumulation. Finally, those increments lead to an increase in years of education
between 0.02 and 0.07 if the reduction in conflict is made in one period of the early
childhood and between 0.02 and 0.05 if parental conflict is reduced in one period of
the second stage (over 4 years). The highest increments are presented when the child
is 3-4 years old and between 13-14 years. This finding is again consequence of the

dynamic complementarity that the technology exhibits.

As public policies usually focus on more than one period, we present the effects of
reducing parental conflict during the first, second stages, or during the entire child-
hood in the lower panel of the table. Estimates indicate that cognitive skill increase
by 1.29%, non-cognitive skill by 0.79%, and children complete 0.13 additional year
in school if parental conflict is reduced during early childhood by 10% (for children

up to 4 years). If the reduction is exclusively during the second stage (5 years and
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older), cognitive skill increase by 0.67%, non-cognitive by 1.87% and child achieve-
ment by 0.18 years. While if parents reduce their conflict during the entire childhood,
cognitive skill increase by 2%, non-cognitive skill by 2.68%, and child achievement
by 0.31 years. These findings suggest a higher impact of reductions in conflict on
cognitive skills during the first stage, while the impact is higher on the second stage

for non-cognitive skills, that is consistent with [19, 20].

An additional tool to get a better understanding of the parental conflict effect
is to compare with the effect of investments and parental time. Table 3.10 presents
the effect of 10% increments in investments or in parental time on cognitive skill,
non-cognitive skill, and years of education. The table is organized in a similar way
to table 3.9, where columns 2-4 describe the effect of increments in investments and
columns 5-7 to increments in parental time. Increments of 10% in investments leads
to a increase in cognitive skill between 0.26% and 1.08% during early childhood and
between 0.33% and 0.61% for older children. That is, increasing investments has an
effect 1.4 times higher than reducing parental conflict during early childhood, and
3.2 times higher for older children. A 10% increment in investments lead to increases
in non-cognitive skill between 0.23% and 0.71%, for children up to 4 years and be-
tween 0.45% and 0.93% for children over 4 years. Thus, increments in investments
are about 1.75 times more “productive” than reductions in parental conflict. Finally,
a 10% increment in one period of early childhood in investment leads to 0.3-0.10 ad-
ditional years, that is 1.5 higher than the effect of reducing conflict. If the increase
in investment is made for a child over 4 years, years of education are expected to

increase between 0.05 and 0.10. This effect is 1.5 times higher than reducing parental
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conflict in early childhood and 2.1 times higher for older children.

The same comparison can be made between reductions in parental conflict and
increments in parental time. We see that for children up to 4 years, increments in
parental time are less effective in increasing cognitive skill than reducing parental con-
flict. But, effect of increments in parental time is about 1.35 times higher than that
of reducing time for older children. For non-cognitive skills, the parental time effect
is 1.2 times higher in early childhood than that of parental conflict and it is smaller
(0.74 times) during the second stage of development. Reductions in parental conflict
have about 80% of the effect of increases in time on early non-cognitive accumulation
and about 1.3 times for older children. Finally, the effect of increasing parental time
on years of education is about the same to reductions in parental conflict during the

first stage and about 0.86 times during the second stage.

3.7 Discussion

This paper extends [20] by including the effect of parental conflict on the evo-
lution of cognitive and non-cognitive skills. Conflict is a non-tangible input that is
associated with family functioning, and has been discussed in psychology and mainly
mentioned in economics as a key factor shaping development. Using the NLSY79 data
a CES production function for skills is estimated. Results indicate that reductions in
parental conflict increase cognitive and non cognitive development. The productivity
of conflict reduction on early cognitive accumulation is lower than the productivity of

material inputs or time, but it is bigger than the effect of parental skills or the effect
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of non-cognitive skills. The productivity of parental conflict for non cognitive skills is
similar to that of parental time, but is less important than self or material investments
productivity. Parental conflict also affects older child development. For children over
5 years it is the third factor in order of importance for cognitive and non-cognitive
skill acquisition with a similar share as material investments. The productivity of
parental conflict is higher on non-cognitive accumulation than on cognitive skills for

both stages of child development.

The effect of parental conflict on development is lower than the effect of material
investments. That difference in effect is higher for cognitive skills, given that invest-
ments are more productive in cognitive development. on the other hand, effect of

reducing conflict is similar to the effect of increasing time spend with parents.

The simulation shows that reductions in parental conflict are positive for cogni-
tive accumulation, specially during early childhood. This finding is consistent with
research that found a higher substitution for cognitive accumulation during the first
stage and with research that show that cognitive accumulation is sensitive in that
stage (e.g. [19]). Therefore, low levels of initial cognitive skills can be compensated
by increments in material investments or parental time, or by a reduction in parental
conflict. Thus, public policy aimed to alleviate cognitive skill gaps may focus on

improving those conditions.

Parental conflict has a higher impact on non-cognitive accumulation. The sim-

ulation shows that reductions in conflict have a higher increment on non-cognitive
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skill accumulation than in cognitive development, and that its impact affects both
stages of development, specially the second. This result can be explained given that
substitutability is slightly higher during the second stage. Then, public policy and
parental decisions have a role not only during early childhood as in the case for the
development of cognitive skill. These findings for human capital development are

consistent with the literature on the evolution of cognitive and personality traits (eg

13, 61]).

period Age range observations
1 <1 492
2 1-2 1195
3 3-4 1376
4 5 -6 1526
5 7 -8 1642
6 9-10 1636
7 11 -12 1537
8 13 -14 1436

This table describes the sample size available for
the estimation in each one of the periods of de-
velopment. The sample corresponds to first born
white children who live in a household where par-
ents are married or cohabitate.

Table 3.1: Sample by period of development
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EITC
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Figure 3.1: Federal EITC schedules For Families with two or more children

Source [22].
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Observations Mean Std error
Cognitive Skills
Weeks of Gestation 1623 3.882 0.238
Weight at Birth 1654 3.332 0.565
Motor-Social Development Score 2122 0.168 0.933
Body Parts 298 0.327 0.996
Memory for Locations 353 0.194 0.958
PIAT Math 6058 0.36 0.949
PIAT Reading Recognition 6039 0.331 0.965
PIAT Reading Comprehension 5902 0.375 0.97
Non-cognitive Skills

Difficulty 207 0.04 1.028
Friendliness 225 0.192 0.933
Compliance 1464 0.165 0.926
Insecure Attachment 1518 0.002 0.86

Sociability 1232 0.201 0.964
Antisocial 6974 0.182 0.88

Anxiety 7089 0.09 0.982
Headstrong 7091 0.118 0.962
Hyperactive 7090 -0.013 0.931
Conflict 7100 -0.007 0.9

Parental Investments

Child Has Musical Instrument 5058 0.605 0.479
Child Has Tape Recorder/CD Player 1541 0.855 0.35

Child Is Taken to Musical Performances 5052 2.752 0.964
Child Receives Special Lessons/Activities 5052 0.752 0.427
Family Receives Daily Newspaper 5057 0.572 0.502
How Often Child Eats With Mom/Dad 7723 2.162 0.958
How Often Child Gets Out of House 1894 5.965 1.639
How Often Child Is Taken to Museum 5824 2.348 0.874
How Often Child Sees Family Friends 5037 5.07 1.636
How Often Mom Reads to Child 5067 4.84 1.2

How Often Mom Talks to Child From Work 976 1.544 0.67

Number of Books 7783 3.871 0.468
Number of Magazines 1543 3.404 1.33

Number of Push/Pull Toys 976 0.591 5.518
Number of Soft/Role Play Toys 974 1.683 11.731
Number of Times Praised Child Last Week 3632 3.037 2.248
Number of Times Said Positive Things Last Week 3555 3.784 1.949

Conflict Variables

Affection 7202 3.004 0.913
Children 7167 2.63 0.806
Chores 7204 2.446 0.821
Drinking 7194 3.626 0.7

Free time 7200 2.987 0.871
Money 7203 2.607 0.883
Other women 7193 3.864 0.438
Religion 7201 3.646 0.629
Relatives 7198 3.275 0.821

This table presents the descriptive statistics of the variables used as proxies of latent skills, in-
vestments and parental conflict. The sample correspond to first born white children who live in a
household where parents are married or cohabitate. Test scores are standardized-by-period values

of the raw scores provided in the NLSY79.

Table 3.2: Descriptive Statistics for cognitive measurements
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Unobserved heterogeneity

None Permanent Time Varying
First Stage
Cognitive Skills YsC1 0.408 0.389 0.423
(0.043) (0.039) (0.036)
non-cognitive Skills YsC2 0.03 0.041 0.044
(0.046) (0.035) (0.125)
Time YsC3 0.188 0.168 0.191
(0.058) (0.048) (0.061)
Material investments YsC4 0.262 0.205 0.234
(0.063) (0.039) (0.041)
Parental Cognitive YsC5 0.067 0.073 0.047
(0.029) (0.019) (0.021)
Parental Non-Cognitive YsC6 0.046 0.123 0.061
(0.017) (0.036) (0.035)
Complementarity bsc 0.589 0.412 0.552
(0.23) (0.143) (0.273)
Elasticity of 2.433 1.7 2.23
substitution
Second Stage
Cognitive Skills YsC1 0.887 0.809 0.861
(0.041) (0.038) (0.037)
non-cognitive Skills YsC2 0.01 0.004 0.03
(0.032) (0) (0.048)
Time YsC3 0.009 0.023 0.024
(0.002) (0.006) (0.006)
Material investments YsC4 0.034 0.049 0.035
(0.006) (0.007) (0.006)
Parental Cognitive YsC5 0.043 0.071 0.038
(0.015) (0.027) (0.022)
Parental Non-Cognitive YsC6 0.017 0.045 0.02
(0.005) (0.014) (0.008)
Complementarity dsc -0.652 -0.582 -0.501
(0.006) (0.006) (0.007)
Elasticity of 0.605 0.632 0.666
substitution

This table presents the estimates of the technology for cognitive skills extending [20] by decompos-
ing parental investments between material and time inputs as discussed in section 3.6.1. The first
panel refers to the cognitive technology from birth up to 4 years, while the second panel describes
the technology for children over 4 years. Each column describes a different assumption over the
correlation between unobservables in parental investments and those in cognitive and non-cognitive
skills. The first column presents estimates without addressing endogeneity, the second column
address for permanent endogeneity and the last column deal with time-varying endogeneity.

Table 3.3: Technology of cognitive skill formation time and investments
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Cognitive Skills
non-cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Complementarity
Elasticity of
substitution

Cognitive Skills
non-cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Complementarity

Elasticity of
substitution

Unobserved heterogeneity

First Stage

YsN1
YsN2
YsN3
YsN4
YsN5

YsN6

¢5N

Second Stage

YsN1
YsN2
YsN3
YsN4
YsN5

YsN6

¢3N

None

0
(0.001)

0.547
(0.19)

0.121
(0.049)

0.163
(0.057)

0.028
(0.013)

0.142
(0.052)

-1.422
(0.23)

0.412

0.003
(0.02)

0.827
(0.282)

0.03
(0.012)

0.089
(0.034)

0.01
(0.003)

0.031
(0.012)

-1.03
(0.34)

0.492

Permanent

0.004
(0.003)

0.544
(0.173)

0.097
(0.03)

0.128
(0.035)

0.035
(0.019)

0.202
(0.098)

-1.17
(0.33)

0.461

0.001
(0.001)

0.788
(0.268)

0.03
(0.011)

0.104
(0.039)

0.02
(0.014)

0.059
(0.022)

-0.747
(0.31)

0.572

Time Varying

0
(0.001)

0.521
(0.18)

0.137
(0.052)

0.168
(0.061)

0.029
(0.021)

0.125
(0.046)

-1.03
(0.273)

0.493

0.001
(0.002)

0.826
(0.282)

0.029
(0.011)

0.097
(0.036)

0.02
(0.037)

0.028
(0.011)

-0.645
(0.296)

0.608

This table presents the estimates of the technology for non-cognitive skills extending [20] by
decomposing parental investments between material and time inputs as discussed in section 3.6.1.
The first panel refers to the non-cognitive technology from birth up to 4 years, while the second panel
describes the technology for children over 4 years. Each column describes a different assumption
over the correlation between unobservables in parental investments and those in cognitive and non-
cognitive skills. The first column presents estimates without addressing endogeneity, the second
column address for permanent endogeneity and the last column deal with time-varying endogeneity.

Table 3.4: Technology of non-cognitive skill formation time and investments
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Cognitive Skills

Non Cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Parental Conflict
Complementarity
Elasticity of
substitution

Cognitive Skills

Non Cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Parental Conflict
Complementarity

Elasticity of
substitution

Unobserved heterogeneity

First Stage

YsC1
YsC2
YsC3
VsC4
VsC5
VsC6

YsCT

¢SC

Second Stage

VsC1
YsC2
YsC3
YsC4
VsC5
VsC6

VsCT

d)sC

None

0.433
(0.039)

0.012
(0.061)

0.129
(0.045)

0.242
(0.056)

0.072
(0.028)

0.043
(0.015)

0.07
(0.029)

0.544
(0.188)

2.192

0.857
(0.063)

0.004
(0.004)

0.009
(0.003)

0.035
(0.007)

0.037
(0.015)

0.018
(0.006)

0.041
(0.012)

-1.345
(0.558)

0.426

Permanent

0.374
(0.04)

0.062
(0.023)

0.108
(0.038)

0.199
(0.032)

0.069
(0.02)

0.08
(0.028)

0.109
(0.033)

0.38
(0.117)

1.612

0.779
(0.048)

0.003
(0.001)

0.005
(0.001)

0.05
(0.007)

0.062
(0.026)

0.039
(0.013)

0.061
(0.02)

-1.041
(0.514)

0.489

Time Varying

0.449
(0.068)

0.035
(0.018)

0.099
(0.034)

0.164
(0.034)

0.083
(0.03)

0.056
(0.024)

0.113
(0.044)

0.47
(0.205)

1.887

0.817
(0.067)

0.017
(0.065)

0.017
(0.007)

0.053
(0.007)

0.057
(0.025)

0.025
(0.007)

0.024
(0.006)

117
(0.605)

0.461

This table presents the estimates of the technology for cognitive skills including parental conflict as
discussed in section 3.6.2. The first panel refers to the cognitive technology from birth up to 4 years,
while the second panel describes the technology for children over 4 years. Each column describes
a different assumption over the correlation between unobservables in parental investments and
those in cognitive and non-cognitive skills. The first column presents estimates without addressing
endogeneity, the second column address for permanent endogeneity and the last column deal with
time-varying endogeneity.

Table 3.5: Technology of Cognitive skill formation including parental conflict
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Cognitive Skills

Non Cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Parental Conflict
Complementarity
Elasticity of
substitution

Cognitive Skills

Non Cognitive Skills
Time

Material Investments
Parental Cognitive
Parental Non-Cognitive
Parental Conflict
Complementarity

Elasticity of
substitution

Unobserved heterogeneity

First Stage

YsC1
YsC2
YsC3
VsC4
VsC5
VsC6

YsCT

¢SC

Second Stage

VsC1
YsC2
YsC3
YsC4
VsC5
VsC6

VsCT

d)sC

None

0.003
(0.039)

0.525
(0.134)

0.114
(0.041)

0.122
(0.024)

0.021
(0.007)

0.085
(0.036)

0.127
(0.05)

-1.53
(0.538)

0.395

0.001
(0.031)

0.796
(0.068)

0.043
(0.015)

0.079
(0.015)

0.004
(0.002)

0.026
(0.008)

0.05
(0.021)

-1.02
(0.392)

0.495

Permanent

0.002
(0.04)

0.482
(0.149)

0.096
(0.029)

0.099
(0.013)

0.048
(0.015)

0.163
(0.075)

0.103
(0.028)

1.42
(0.508)

0.413

0.002
(0.028)

0.767
(0.06)

0.038
(0.013)

0.087
(0.015)

0.002
(0.003)

0.042
(0.013)

0.061
(0.018)

-0.791
(0.33)

0.558

Time Varying

0.001
(0.068)

0.549
(0.296)

0.104
(0.036)

0.132
(0.027)

0.032
(0.01)

0.086
(0.04)

0.097
(0.032)

117
(0.519)

0.461

0.003
(0.021)
0.819
(0.07)
0.034
(0.011)
0.068
(0.01)
0.002
(0.001)
0.029
(0.011)
0.046
(0.018)
-0.831
(0.396)
0.546]
[0.3 cm]

This table presents the estimates of the technology for non-cognitive skills including parental con-
flict. The first panel refers to the non-cognitive technology from birth up to 4 years, while the
second panel describes the technology for children over 4 years. Each column describes a different
assumption over the correlation between unobservables in parental investments and those in cogni-
tive and non-cognitive skills. The first column presents estimates without addressing endogeneity,
the second column address for permanent endogeneity and the last column deal with time-varying

endogeneity.

Table 3.6: Technology of Non-cognitive skill formation including parental conflict
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Cognitive Non-cognitive

First Stage Second Stage First Stage Second Stage

No Unobserved heterogeneity

Cognitive Skills 0.46 0.53 0 0

Non Cognitive Skills 0.03 0.04 0.56 0.56
Time 0.09 0.1 0.1 0.11
Investments 0.18 0.21 0.1 0.1
Parental Cognitive 0.08 0.09 0.03 0.03
Parental Non-Cognitive 0.05 0.06 0.1 0.1
Parental Conflict 0.11 0.13 0.09 0.09

Permanent Unobserved heterogeneity

First Second First Second

Cognitive Skills 0.41 0.51 0 0

Non Cognitive Skills 0.01 0.02 0.54 0.53
Time 0.11 0.14 0.11 0.12
Investments 0.31 0.4 0.08 0.08
Parental Cognitive 0.07 0.08 0.02 0.02
Parental Non-Cognitive 0.04 0.05 0.09 0.1
Parental Conflict 0.07 0.09 0.13 0.13

Time Varying Unobserved heterogeneity

Cognitive Skills 0.39 0.44 0 0

Non Cognitive Skills 0.07 0.08 0.49 0.5
Time 0.1 0.11 0.08 0.08
Investments 0.21 0.24 0.06 0.06
Parental Cognitive 0.05 0.05 0.04 0.04
Parental Non-Cognitive 0.08 0.09 0.22 0.23
Parental Conflict 0.11 0.12 0.1 0.1

This table presents the elasticity of the inputs into cognitive and non-cognitive accumulation.
Columns 1 and 2 refer to the elasticity during the first and second stage of cognitive skills, Columns
3 and 4 refer to the elasticity during the first and second stage of non-cognitive skills. The upper
panel corresponds to the estimates without correcting for unobserved heterogeneity, while estimates
correcting for permanent and time varying unobserved heterogeneity are presented in the middle
and lower panels.

Table 3.7: Elasticity of the variables into the Technology of Human Capital
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Variable Coefficient (Std. Err.)

Cognitive 1.234** (0.060)
Non-Cognitive 1.654** (0.057)
Intercept 9.297* (0.032)
N 1679

R? 0.301

F (21670 537.202

Significance levels :  1: 10%  *: 5%  *x: 1%

Table 3.8: Estimation of years of schooling

Period/stage Cognitive skill Non- Cognitive Skill Years of schooling

Reductions of 10% in parental conflict for one period

1 0.18% 0.13% 0.02
2 0.37% 0.23% 0.04
3 0.75% 0.42% 0.07
4 0.1% 0.25% 0.02
5 0.12% 0.3% 0.03
6 0.13% 0.36% 0.03
7 0.15% 0.43% 0.04
8 0.17% 0.51% 0.05
Reductions of 10% in parental conflict for stages
1 1.29% 0.79% 0.13
2 0.67% 1.87% 0.18
1-2 1.98% 2.68% 0.31

This table presents a simulation of the impact of reductions of 10% in parental conflict on skill
accumulation and child achievement. Estimates are based on the model that addresses time-varying
heterogeneity and estimates of the child achievement equation. Columns 1 and 2 shows the per-
centage increase in each skill while column 3 shows the increase in the years of education.

Table 3.9: Impact of reductions of Parental conflict on Skill accumulation and years
of schooling
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Increment of 10% in investments Increment of 10% in time
Child Child

Period/stage  Cognitive  Non- Cognitive  Achievement Cognitive  Non- Cognitive  Achievement

Effect of increment for periods

1 0.26% 0.22% 0.03 0.15% 0.16% 0.02
2 0.53% 0.4% 0.06 0.31% 0.29% 0.04
3 1.08% 0.71% 0.11 0.62% 0.51% 0.07
4 0.33% 0.45% 0.05 0.13% 0.18% 0.02
5 0.38% 0.54% 0.06 0.15% 0.22% 0.02
6 0.45% 0.65% 0.07 0.18% 0.26% 0.03
7 0.52% 0.77% 0.09 0.21% 0.32% 0.04
8 0.61% 0.93% 0.1 0.24% 0.38% 0.04
Effect of increment for stages
1 1.86% 1.35% 0.2 1.08% 0.96% 0.13
2 2.34% 3.42% 0.39 0.92% 1.38% 0.15
1-2 4.3% 4.85% 0.59 2.02% 2.37% 0.29

This table presents a simulation of the impact of reductions of 10% in parental conflict on skill
accumulation and child achievement. Estimates are based on the model that addresses time-varying
heterogeneity and estimates of the child achievement equation. Columns 1 and 2 shows the per-
centage increase in each skill while column 3 shows the increase in the ears of education.

Table 3.10: Impact of increments of investments and time on skill and years of edu-
cation
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APPENDIX A

ESTIMATES OF THE EFFECT OF THE CPE PROGRAM
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T1 X 11

T1 X 79

T2 X 11

T2 X 12

T1

T2

Antioquia X trend
Atlantico X trend
Bogota X trend
Bolivar X trend
Boyaca X trend
Caldas X trend
Caqueta X trend
Cauca X trend
Cesar X trend
Cordoba X trend
Cundinamarca X trend
Choco X trend
Huila X trend
Laguajira X trend
Magdalena X trend
Meta X trend
Nortedesantander X trend
Sucre X trend
Tolima X trend
Arauca X trend
Casanare X trend
Putumayo X trend
Sanandres X trend
Amazonas X trend
Guainia X trend
Guaviare X trend
Vaupes X trend
Vichada X trend
constant

R2
N

-0.0591%*
(0.0184)
-0.0212
(0.0195)
-0.00416
(0.0161)

0.0234
(0.0179)
0.409
(0.2449)
0.722
(0.4895)
-0.161

-0.227

-0.371

(0.2473)
-0.352
(0.2451)
-0.622%
(0.2474)
-0.614%
(0.2459)
-0.411
(0.2456)
-0.28
(0.2453)
-0.496%
(0.2452)
-0.336
(0.2456)
-0.151
(0.2478)
-0.268
(0.2463)
-0.342
(0.2466)
-0.134
(0.2614)
-0.187
(0.3068)
-0.179
(0.2786)
-0.263
(0.2569)
-0.0934
(0.2759)
-0.051
(0.265)
-0.0288%**
(0.0048)
0.092
25281

This table presents the estimated coefficients of equation 1.3 for lan-

guage at 5 grade.

Table A.1: Estimates for language at 5" grade
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linear specification

quadratic specification

linear term
quadratic term

change in treatment 2 schools

linear term
quadratic term

change in treatment 2 schools

linear term
quadratic term

change in treatment 2 schools

5t grade

-0.00399
(0.008)

-0.0076
(0.013)

9th grade

-0.00563
(0.013)

0.0000384
(0.019)

11t grade

-0.00919
(0.007)

~0.0319%*
(0.009)

-0.126%**
(0.032)
0.0448%**
(0.011)
-0.0129
(0.014)

0.0542
(0.049)
-0.02
0.0173
0.00743
(0.019)

-0.0791%*
(0.030)
0.0248*
(0.011)

-0.0349%%*
(0.009)

This table presents the estimates used in the construction of
table 1.7 in the paper. Column 1 correspond to the estimates
of the marginal effect of being in the program using a linear
specification while estimates in column 2 impose a quadratic
functional form to the effect of duration of the program.

Table A.2: Exposure to the program linear and quadratic estimations Language
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linear specification

quadratic specification

linear term
quadratic term

change in treatment 2 schools

linear term
quadratic term

change in treatment 2 schools

linear term
quadratic term

change in treatment 2 schools

5t grade

0.0375%#*
(0.009)

0.0715%**
(0.015)

9th grade

0.00012
(0.017)

-0.0232
(0.026)

11t grade

0.0371%%x
(0.007)

0.0469%%*
(0.009)

00937
(0.035)
-0.0187
(0.012)

0.0771%**
(0.015)

0.0458
(0.066)
-0.0125
(0.023)
-0.0114
(0.026)

0.140%%*
(0.029)
-0.0386%+*
(0.011)
0.0511%**
(0.009)

This table presents the estimates used in the construction of
table 1.8 in the paper. Column 1 correspond to the estimates
of the marginal effect of being in the program using a linear
specification while estimates in column 2 impose a quadratic
functional form to the effect of duration of the program.

Table A.3: Exposure to the program linear and quadratic impact for mathematics

156

www.manharaa.com



APPENDIX B

ANALYSIS OF THE BIAS AND VARIANCES USING
INSTRUMENTAL VARIABLES.
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Results in Table 2.3 are as expected in terms of the findings of IV performance.
As has been shown in the econometrics literature, standard errors of IV estimates
are higher than those from OLS (e.g. [14]). In the framework developed in this
simulation, the standard error of the estimates is increasing with the extent of the
endogeneity allowed in the child outcome equation. Additionally, the increasing bias
can be explained considering the plim of the IV estimates. Consider, for instance,

the plim of the linear impact of income ( [68]):

oau cor(Ax(), Au)

lim 61V =6
prem oy 1t onar cor(Ax(), Al)

(B.1)

IV estimates will be inconsistent if the sample correlation between the instrument
Ax() and Au is nonzero. There are two factors that determine the size of the bias from
the estimates. The first factor is the existence of weak instruments, i.e. instruments
that explain a small portion of the endogenous variable (e.g. [36, 2, 37, 67, 63]). In
the equation above, this factor is captured by the correlation between the instrument
and the endogenous variable cor(Ax(), Al), while in the multiple instruments case
this relationship is associated with the partial R? between the instruments and the
endogenous variable. Small values of this factor may create a bias that can be even
greater than the bias of the OLS estimates. In the Monte Carlo framework presented
here, the first stage R? is about 0.02 for both endogenous variables: income and its
square, a value that is similar to the first stage partial B? of [22].5 The correlation

between the instruments and the child outcome is below 0.02 for the different extents

cor(Ax(),Au)

of endogeneity considered. Those values imply that the quotient corAAT)

ranges

53In this exercise, there are no additional covariates in the first stage, so the R? and the partial
R? are the same.
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from 0.2 to 0.6.

The second source of bias, which has received less attention in research, is the
ratio between the variance of the unobserved component and the endogenous variable
%. This term is not observable in practice and in this simulation is held constant.
Thus the bias in the estimation is mainly due to the higher extent of endogeneity
allowed in the non observed component, due to the increase in the sample correlation
between the error term and the instrument. In summary, if the true effect of income
is quadratic, a small bias in the estimates of the linear impact of income is generated
by omitting the quadratic term in the estimation. Including in the estimation the
quadratic term, OLS estimates of the linear and quadratic parameters are biased, and
the size of the bias depends on the degree of endogeneity in the child outcome. The
IV & estimates are much less biased than the OLS estimates for both endogenous

variables I, and I?, and the standard error estimate allows us to reject the linearity

hypothesis of the effect of income.
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Model parameter Without Small Medium Large
0=0 0 =0.25 0 = 0.50 0 =0.75

Linear specification

OLS,® 01 0 2.5 6.3 8.7
v, 01 0 0 1.3 1.3

Quadratic specification

OLS, ¢ 01 0 6.3 12.5 18.8
P 0.1 -5.6 -11.1 -16.9
v, & 01 1.3 2.5 5 6.3
P 1.3 -1.5 -4.4 -7.1

One-knot spline specification

OLS, @ T -16 -15 15 14
OLS, ® Yo -40 -42.9 42,9 45.7
IV, & T 1 5 -10 -16
IV, & Yo 0 114 -25.7 -40

Logarithmic specification

OLS & é 0.1 2.2 45 6.8
v é1 -3.9 -3.9 -3.9 -3.9

This table presents all the bias from the estimates of a Montecarlo experiment using 400 replications

Table B.1: Bias of the estimates from a Montecarlo assuming 400 replications
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APPENDIX C

COMPARISON OF THE ESTIMATES INCLUDING DATA
UP TO 2000
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This appendix compares the estimates using the NLSY79 data between 1988 and
2012 and the sample used by [22]. Their sample focus on the period 1988 to 2000,
given that the major expansions in the EITC occurred between 1987 and 1999, as
presented in graph 2.2. In that period it is clear that changes in EITC generosity af-
fect income of recipients. However, after 2000 EITC benefits remain almost constant,
then it may be the case that changes in income and EITC are not related, reducing

the power of the instrument to identify the true relationship.*

To check this hypothesis table C.1 presents the estimates of the quadratic spec-
ification for the relationship between income and child achievement in math and
reading. Column 1 presents the estimates using [22] sample (presented in table 2.8),
while column 2 shows the estimates adding the NLSY79 waves from 2002 up to 2012.
Adding recent data has two main effects on estimates and their significance. The
first effect is a reduction in the estimate of the linear impact of income §; which is at
least 1% lower than the estimate using the original sample. The second effect is an
increase of the standard error for both parameters. Therefore, the t statistic is lower
in the specification with more data, and at the 5% of significance it is not possible to
reject the hypothesis that income has no effect on child cognitive achievement. At the
10% of significance only the linear effect of income is significant, providing evidence
of a linear relationship between income and math and the combination of math and

reading.

54 As mentioned in the data section an additional reason of [22] to select this period is to focus
solely on EITC expansions, rather than mixing up with the effect of tax changes such as Tax Reform
act of 1986 the two Bush tax cuts in 2001 and 2003.
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Moreover, differences in the estimates may occur if there is no stability of two
relationships required for identification. First, between child development shocks and
lagged income E,[A€yia| P a—1, Pia] = E[Aé€yia| Pia—1, Pia] and second in the stationary
relationship between current income and the previous period income g(P;,—1, Pia) =
9(P, 1, Py). In the original sample the time span is 12 years, thus economic con-

ditions and unobservables are expected to be more stable than in a 24 years span.
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Coefficient DL sample sample 2012

Math and reading

01 0.078* 0.065
(0.036) (0.043)

o -0.001 -0.001
(0.002) (0.003)

Math

01 0.074" 0.062f
(0.041) (0.048)

09 -0.001 -0.000
(0.002) (0.004)

Reading recognition

51 0.050 0.039
(0.030) (0.037)
5 -0.001 -0.000
(0.001) (0.002)

Reading comprehension

5 0.072f 0.061
(0.039) (0.045)
85 -0.001 -0.001
(0.002) (0.003)

Significance levels :  1: 10%  *: 5%  *x: 1%

This table compares the estimates of Equation 2.7 using
data up to 2000 and 2012 of a quadratic specification of
the relationship of income and child test scores. As in-
struments are used the expected change in income due to
changes in EITC and the squared of the linear prediction
of income on that instrument.

Table C.1: Estimates using DL data and data up to 2012 Quadratic specification
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APPENDIX D

SENSITIVITY ANALYSIS OF THE KNOT FOR INCOME.
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This appendix presents the estimates of the one knot spline relationship between
child outcomes and income at considering 4 values for the knot of income ($10000,
$12500, $12500, and $15000). Those values were chosen to capture a point in the
middle of the distribution of benefitted households to have good sample size above
and below the threshold. Columns 1 to 4 present the estimates of an OLS regression
that only addressed the permanent endogeneity. For instance for math and reading
combined, the effect of increasing annual income by $1000 is small (ranging between
0.3% and 0.4%), for all values of the knot, thus income hardly affect test scores. Also,
it is not possible to reject the linearity, that is v = 0, although those estimates imply
a decreasing effect of income on child scholastic achievement. These conclusions can
be extended to other achievement tests, where the linearity assumption can not be
rejected and income effect ranges from 0.3% to 0.4% for math, from 0.4% to 0.5% for

reading comprehension and is about 0.1% for reading recognition.

Columns 5 to 8 present estimates addressing for transitory endogeneity. Despite
some estimates show a nonlinear impact of income, the null hypothesis of linearity
can not be rejected due to the high standard error. Therefore, the estimated impact
of income is the same for low and moderate income households v, and it is stable
independent of the value selected for the knot. Math and reading test increases be-
tween 5.6% to 6.8%, math from 5.2% to 6.2%, reading from 5.1% to 5.7% and reading

recognition from 4.2% to 4.8%.

In conclusion, estimates under OLS and IV are not sensitive to the value selected

as the knot for income. Under OLS estimates indicate an small impact of income,

166

www.manaraa.com



while addressing transitory endogeneity there is evidence that increases in income will

increase achievement. However, it is not possible to reject the linearity.

Coefficient OLS IV
I 10 12.5 15 17.5 10 12.5 15 17.5
Math and reading

" 0.00421 0.0039" 0.0031 0.0029 0.0676"  0.0632"  0.0559*  0.0563*
(0.002) (0.002) (0.002)  (0.002) (0.033)  (0.032)  (0.030)  (0.028)

Y2 -0.0014 -0.0013 -0.0011 -0.001 -0.012 -0.015 -0.013 -0.011
(0.001) (0.001) (0.001)  (0.001) (0.032)  (0.035)  (0.033)  (0.028)

Math

v 0.00391 0.00361 0.0033 0.003 0.0619"  0.0563"  0.0534"  0.0521F
(0.002) (0.002) (0.002)  (0.002) (0.036)  (0.034)  (0.034)  (0.033)

Yo -0.0020 -0.0019 -0.0018  -0.0019 -0.0136 -0.011  -0.0101  -0.0095

(0.002)  (0.002)  (0.002)  (0.002) (0.069)  (0.068)  (0.063)  (0.054)

Reading recognition

M 0.0006  0.0005  0.0005  0.0004 0.0483"  0.04517  0.043  0.0423
(0.003)  (0.002)  (0.002)  (0.002) (0.027)  (0.025)  (0.026)  (0.027)
Y2 0.0032  0.0035  0.0028  0.0025 0.0010  0.0023  0.0032  0.0036

(0.008)  (0.007)  (0.009)  (0.006) (0.021)  (0.024)  (0.024)  (0.019)

Reading comprehension

" 0.0049 0.0047 0.004  0.0038 0.0574"  0.0543"  0.05047  0.0509"
(0.003) (0.004) (0.003)  (0.003) (0.033)  (0.033)  (0.034)  (0.035)
Yo -0.0017  -0.0018  -0.0016  -0.0015 -0.0028  -0.0012  -0.0010  -0.0008

(0.0016)  (0.0018)  (0.0017)  (0.0018) (0.004)  (0.004)  (0.003)  (0.004)

Significance levels :  1: 10%  *: 5%  =*x: 1%

This table presents estimates of Equation 2.8. For different values of the knot of income (I* measured
in thousands of dollars), while for the instrument the value of the knot is $1500.

Table D.1: Sensitivity analysis of the knot for income

167

www.manharaa.com




APPENDIX E

DESCRIPTIVE STATISTICS
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Observations Mean Std deviation

First period

Weeks of Gestation 1623 3.882 0.238
Weight at Birth 1654 3.332 0.565
Motor-Social Development Score 211 0.15 1.003
Second period
Motor-Social Development Score 1014 0.121 0.967
Body Parts 298 0.327 0.996
Memory for Locations 353 0.194 0.958
Third period
Motor-Social Development Score 897 0.226 0.879
Peabody Picture Vocabulary Test 685 0.612 0.945
Fourth period
Peabody Picture Vocabulary Test 760 0.532 0.893
PIAT Math 1015 0.308 1.048
PIAT Reading Recognition 995 0.289 1.024
PIAT Reading Comprehension 948 0.272 0.969
Fifth period
PIAT Math 1359 0.328 0.974
PIAT Reading Recognition 1362 0.276 1.078
PIAT Reading Comprehension 1310 0.299 1.077
Sixth period
PIAT Math 1322 0.343 0.909
PIAT Reading Recognition 1326 0.352 0.944
PIAT Reading Comprehension 1308 0.396 0.936
Seventh period
PIAT Math 1228 0.386 0.928
PIAT Reading Recognition 1223 0.367 0.914
PIAT Reading Comprehension 1209 0.42 0.936
Eight period
PIAT Math 1134 0.437 0.902
PIAT Reading Recognition 1133 0.37 0.857
PIAT Reading Comprehension 1127 0.475 0.925

This table presents the descriptive statistics of the variables used as proxies of cognitive ability
in the estimation of the child technology. The sample correspond to first born white children
who live in a household where parents are married or cohabitate. Variables correspond to the
standardized-by-period values of the raw scores provided in the NLSY79.

Table E.1: Descriptive Statistics for cognitive measurements
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Observations Mean Std deviation

First period

Difficulty 207 0.04 1.028
Friendliness 225 0.192 0.933
Second period
Compliance 265 0.235 0.932
Insecure Attachment 289 -0.021 0.88
Sociability 400 0.316 0.919
Third period
Compliance 1199 0.15 0.925
Insecure Attachment 1229 0.007 0.855
Sociability 832 0.145 0.985
Antisocial 321 0.17 0.882
Anxiety 321 0.037 0.99
Headstrong 319 0.144 0.977
Hyperactive 321 0.014 0.927
Conflict 322 -0.098 0.853
Fourth period
Antisocial 1348 0.157 0.877
Anxiety 1354 0.01 0.98
Headstrong 1356 0.071 0.978
Hyperactive 1355 -0.028 0.942
Conflict 1358 -0.123 0.838
Fifth period
Antisocial 1408 0.139 0.908
Anxiety 1441 0.085 1.037
Headstrong 1437 0.09 0.978
Hyperactive 1439 -0.043 0.955
Conflict 1441 -0.064 0.938
Sixth period
Antisocial 1394 0.154 0.886
Anxiety 1408 0.07 1.01
Headstrong 1412 0.105 0.978
Hyperactive 1412 -0.044 0.929
Conflict 1414 -0.063 0.925
Seventh period
Antisocial 1298 0.213 0.848
Anxiety 1323 0.02 1.014
Headstrong 1323 0.034 0.983
Hyperactive 1322 -0.092 0.945
Conflict 1321 -0.039 0.966
Eight period
Antisocial 1205 0.261 0.877
Anxiety 1242 0.292 0.855
Headstrong 1244 0.3 0.879
Hyperactive 1241 0.153 0.877
Conflict 1244 0.308 0.84

This table presents the descriptive statistics of the variables used as proxies of non-cognitive ability
in the estimation of the child technology. The sample correspond to first born white children
who live in a household where parents are married or cohabitate. Variables correspond to the
standardized-by-period values of the raw scores provided in the NLSY79.

Variables from the temperament scale is used for children up to 4 years (Difficulty, friendliness and
sociability)

Variables from the Behavioural Problem Index are used for children 5 years old or older (Antisocial,
Anxiety, Headstrong, Hyperactive, Conflict).

Table E.2: Descriptive Statistics for non-cognitive measurements
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Observations Mean Std deviation

First period

How Often Child Gets Out of House 230 5.24 2.14
Number of Books 231 2.59 1.2
How Often Mom Reads to Child 226 3.03 2.07
Number of Soft/Role Play Toys 231 1.169 8.23
Number of Push/Pull Toys 230 0.15 2.98
How Often Child Eats With Mom/Dad 217 3.29 2.13
How Often Mom Talks to Child From Work 223 1.59 0.77
Second period
How Often Child Gets Out of House 754 6.42 1.1
Number of Books 753 3.82 0.5
How Often Mom Reads to Child 747 5.32 1.11
Number of Soft/Role Play Toys 743 1.843 12.82
Number of Push/Pull Toys 746 0.727 6.3
How Often Child Eats With Mom/Dad 748 2.01 0.84
How Often Mom Talks to Child From Work 753 1.53 0.64
Third period
How Often Child Gets Out of House 185 6.44 1.05
Number of Books 963 3.99 0.34
How Often Mom Reads to Child 964 5.43 1
How Often Child Eats With Mom/Dad 962 2.04 0.83
Number of Magazines 779 3.35 1.35
Child Has Tape Recorder/CD Player 778 0.84 0.37
Fourth period
How Often Child Gets Out of House 725 5.6 2.19
Number of Books 1067 3.99 0.4
How Often Mom Reads to Child 1065 5.21 1
How Often Child Eats With Mom/Dad 1061 2.07 0.9
Number of Magazines 764 3.46 1.31
Child Has Tape Recorder/CD Player 763 0.87 0.33
How Often Child Is Taken to Museum 1059 2.32 0.97
Child Has Musical Instrument 298 0.49 0.5
Family Receives Daily Newspaper 299 0.56 0.5
Child Receives Special Lessons/Activities 297 0.66 0.47
Child Is Taken to Musical Performances 298 2.08 0.95
How Often Child SeesFamily Friends 297 5.421 1.432
Number of Times Praised Child Last Week 208 2.632 2.432
Number of Times Said Positive Things Last Week 171 4.09 2.042

This table presents the descriptive statistics of the variables used as proxies of the inputs in the
estimation of the child technology.The sample correspond to first born white children who live in a
household where parents are married or cohabitate.

Table E.3: Descriptive Statistics for inputs measurements

171

www.manharaa.com




Observations

Mean

Std deviation

Number of Books

How Often Mom Reads to Child

How Often Child Eats With Mom/Dad
How Often Child Is Taken to Museum
Child Has Musical Instrument

Family Receives Daily Newspaper

Child Receives Special Lessons/Activities
Child Is Taken to Musical Performances
How Often Child SeesFamily Friends
Number of Times Praised Child Last Week
Number of Times Said Positive Things Last Week

Number of Books

How Often Mom Reads to Child

How Often Child Eats With Mom/Dad
How Often Child Is Taken to Museum
Child Has Musical Instrument

Family Receives Daily Newspaper

Child Receives Special Lessons/Activities
Child Is Taken to Musical Performances
How Often Child SeesFamily Friends
Number of Times Praised Child Last Week
Number of Times Said Positive Things Last Week

Number of Books

How Often Child Eats With Mom/Dad

How Often Child Is Taken to Museum

Child Has Musical Instrument

Family Receives Daily Newspaper

Child Receives Special Lessons/Activities

Child Is Taken to Musical Performances

How Often Child SeesFamily Friends

Number of Times Praised Child Last Week
Number of Times Said Positive Things Last Week

Number of Books

How Often Child Eats With Mom/Dad

How Often Child Is Taken to Museum

Child Has Musical Instrument

Family Receives Daily Newspaper

Child Receives Special Lessons/Activities

Child Is Taken to Musical Performances

How Often Child SeesFamily Friends

Number of Times Praised Child Last Week
Number of Times Said Positive Things Last Week

1183
1184
1174
1181
1178
1178
1178
1180
1178
787

801

1229
881

1223
1232
1229
1230
1227
1225
1224
925

823

1209
1197
1207
1207
1206
1205
1205
1194
854

859

1148
1141
1145
1146
1144
1145
1144
1144
858

901

Fifth period

3.99 0.34
4.77 1.24
2.1 0.9
2.43 0.88
0.48 0.5
0.58 0.5
0.7 0.46
2.045 0.891
5.451 1.423
2.84 2.121
3.751 1.921
Sixth period
3.93 0.39
3.9 1.46
2.13 0.93
2.43 0.86
0.59 0.49
0.58 0.52
0.76 0.42
2.091 0.93
5.032 1.812
3.12 2.42
3.781 1.94
Seventh period
3.86 0.53
2.21 0.97
2.33 0.84
0.69 0.46
0.57 0.49
0.8 0.4
2.032 0.934
4.923 1.912
3.05 2.231
4.03 1.942
FEight period
3.78 0.62
2.28 1.05
2.22 0.83
0.69 0.46
0.56 0.5
0.77 0.42
5.121 1.112
4.781 1.432
3.212 2.151
3.523 1.971

This table presents the descriptive statistics of the variables used as proxies of the inputs in the
estimation of the child technology. The sample correspond to first born white children who live in

a household where parents are married or cohabitate.

Table E.4: Descriptive Statistics for investment inputs measurements
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affection children chores drinking free time money other women religion relatives

First period

Mean 3.31 3.47 2.66 3.7 3.2 2.85 3.92 3.74 3.37

std (0.89) (0.75) (0.8) (0.63) (0.83) (0.89) (0.34) (0.54) (0.79)

N 239 209 239 239 239 239 238 239 238
Second period

Mean 3.03 2.9 2.33 3.65 2.94 2.63 3.91 3.66 3.23

std (0.92) (0.82) (0.82) (0.69) (0.88) (0.91) (0.38) (0.62) (0.83)

N 599 596 599 598 599 599 599 599 598
Third period

Mean 3.01 2.66 2.4 3.61 2.89 2.58 3.89 3.66 3.18

std (0.9) (0.78) (0.79) (0.72) (0.89) (0.86) (0.38) (0.6) (0.86)

N 836 835 836 833 836 836 835 835 836
Fourth period

Mean 2.97 2.59 2.38 3.63 2.88 2.59 3.88 3.64 3.24

std (0.9) (0.82) (0.82) (0.7) (0.89) (0.89) (0.39) (0.62) (0.85)

N 914 915 915 914 914 914 914 914 914
Fifth period

Mean 3 2.62 2.45 3.61 2.98 2.61 3.87 3.63 3.23

std (0.9) (0.78) (0.8) (0.72) (0.87) (0.88) (0.42) (0.66) (0.84)

N 1081 1080 1081 1080 1081 1081 1079 1080 1080
Sixth period

Mean 2.97 2.53 2.42 3.61 2.98 2.54 3.83 3.62 3.27

std (0.93) (0.81) (0.82) (0.71) (0.87) (0.88) (0.52) (0.66) (0.84)

N 1148 1148 1149 1148 1149 1148 1147 1149 1149
Seven period

Mean 3.01 2.57 2.5 3.65 3.06 2.62 3.84 3.66 3.33

std (0.92) (0.82) (0.83) (0.65) (0.85) (0.89) (0.5) (0.61) (0.79)

N 1200 1199 1200 1198 1198 1200 1197 1200 1197
Eight period

Mean 2.98 2.52 2.51 3.61 3.06 2.63 3.85 3.64 3.36

std (0.92) (0.82) (0.86) (0.73) (0.87) (0.88) (0.44) (0.64) (0.77)

N 1185 1185 1185 1184 1184 1186 1184 1185 1186

This table presents the descriptive statistics of the variables used to proxy parental conflict in the
estimation of the child technology. The sample correspond to first born white children who live in
a household where parents are married or cohabitate.

Table E.5: Descriptive Statistics for parental conflict measurements
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APPENDIX F

KALMAN FILTER AND STATE SPACE
REPRESENTATION
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This section describes the state space representation of the estimation problem.
This is a widely used representation in economics and factor analysis. The first
subsection describes a Gaussian linear model of the technology of skill formation
used in the seminal paper by Cunha and Heckman (2008). The second subsection
extends the analysis to allow for nonlinearities in the transition equation used in

Cunha et al (2010).

F.1 Gaussian linear model

In this representation the state variables 8 = {6, 0N, 0P 67} that are not directly

observed can be reconstructed considering their relationship with the measured data

Zy.

Zt = Xﬁt + Oétet + € (Fl)

Equation F.1 is the measurement equation and relates the observed variables to
the unobserved skills and factors. where Zy,, 1) is the vector of p;masure observed
measurements, 0y 1) is the vector of unobserved skills and inputs, and o is the matrix
of factor loadings. €(,,1) denotes the measurement disturbances, X, m) is a vector of
m exogenous variables, By, 1) is the vector of associated coefficients, and e ~ N (0, Hy)

. The dynamic of the skills and investments in [19] is described by:

Ory1 = G0y + 15, (F.2)
where 75 1) denotes the transition disturbances, G, is and 7, ~ N (0,Q;). Equa-
tion F.2 is called the transition equation and describes how current skills and parental
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investments affect tomorrow’s child skills.

The state space representation is defined by equations F.1, F.2 and the initial con-

dition of the system, which is assumed to be drawn from a joint normal distribution.
91 ~ N(al, Pl) (F3)

The matrices oy, Hy, Gy, Q; are called the system matrices. The system is estimated
using the Kalman filter, a computational algorithm can solve state space models using

the conditional likelihood of the measurements.

p(z) = p(zl) Hp(zt|2t—1,...,z1)

t=2

Because of the linearity and normality of the model, the likelihood of p(z) is
normal, each p(z|zt—1),, z1) also has the likelihood of a normal variable. In order to
characterize this function, the mean and variance of each z;y1|z, , z; can be obtained

recursively using the Kalman Filter. Then from equation F.1.

E[Zt+1|X, Zt] = Xﬂ + OétE[et|Zt]

Pt+1 = VCLT’[Z,H_lX, Zt] = atVar[9t+1|Zt]Oz; + Ht

[39] summarizes the Kalman filter for equations F.1 - F.3 as:

v = 2 — oyl

Ft = O[tBOé; + Ht
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Kt = _PtOég

E0,-1|Y:] = GLE[0,Y; 1] + KtFt_th

Piy1 = Gy(P, — K. F, ' K) Gl + @Qy
The solution of the filter can be summarized as follows:

1. The initial conditions E[f;], Var[6,] for the state vector are defined.
2. The state vector for period 2 is predicted E[0,]6;] using the transition equation.

3. The state vector is updated with the information up to period 2 E[f;|2?] using

the measurement equation.

Steps 2 and 3 are repeated recursively for time periods t = 3,,T.

F.2 Nonlinearities in the transition equation

The assumption of a linear transition equation can be relaxed to consider more

general forms of the transition equation.

0t+1 = f(et) + n (F4)

If f is nonlinear the Kalman Filter of the state space model of equations F.1,F.4
and F.3 is unsuitable. Cunha et al (2010) proposed to use the Unscented Kalman filter

to solve this model.”® The main assumption is that both p(6;|Z*) and p(6,11|2") are

55 Another methodology, the Extended Kalman Filter uses the first-order Taylor series approxima-
tion of the function f. However, the results are only accurate results until the first order while the
Unscented Kalman filter results in approximations that are accurate to the third order for Gaussian
inputs for all nonlinearities
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accurately approximated by a normal random variable with mean a;,; = E[0¢11|Z")
and variance Py = Var([0y,|Z"] for k € 0,1.

An additional concern is given by the fact that the state vector could have a non-
symmetric and /or multimodal distribution. As a solution [20] consider a more flexible
approximation that uses a mixture of normal. Denoting the probability density of

the normal variable [ as ¢(0:; aikt, Prevkt), we have:

p(9t+th) Z Tl,t¢(9t; Al t+kts Pl,t+k,t)> (F5)

=1

with 7, as the weights, such that 7, € [0,1] and >_,_, 7, = 1.
The update step of the filter is just like the Kalman Filter. First, it is necessary

to compute the updated density for each element of the mixture.
Ziy = B[z X, Zt] = X0 + Ejaby]
Then the updating equations for the mean and the variance are:

arey = Qe+ Ki(ze — 214)

!
Prog= P+ Kb K,

With

K = Cov(:, 2| X, z‘t_l)Fl’_t1
Eﬂg = Var(xtﬁ + Oétet) + Ht

Finally the weights of each density are given by:

o= TT,t—1¢(Zt; 2r,t: Fr,t)
t - A
T =1 10z A, P
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Using the mixture of normal as an approximation of the density p(6;|Z") and
the transition equation F.4 it is possible to compute the one-step prediction density
P(0e4112°).

a1 = B0y = Eilf(6:) + 0 Z") = E)[f(6:) Z"]

Pl = Varl[f(9t+1)|yt] = Var[f(0;) + UtZt] = Var [f(et)|Zt] + Q11

Thus

P(Orralz") Z[Tl,t¢(zt; s )]

=1

Using the formulas for predicting and updating, it is possible to compute the
Unscented Kalman Filter for a nonlinear transition equation, repeating the algorithm

described for the linear gaussian model.
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APPENDIX G

COMPARISON WITH [20]
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G.1 Descriptive statistics

This subsection presents the comparison between the data provided by [20] in
their online appendix and the sample of first born white children from the NLSY79.
As was stated in the data section there are two factors that explain differences in
the descriptive statistics between the first born white children of the CNLSY and the
sample used in this paper. First, the [20] sample consists of 2208 first born white
children. However, using this criteria, I find 2810 children. It is not possible to estab-
lish in their document or appendix additional restriction imposed to match the data
used in this document and their sample. After considerable exploration, it was not
possible to attribute the difference in sample size to differences in the year of birth
or any other observable characteristic. This difference is present in all the measures

for skill, inputs and parental time.

The second factor that may create differences in the estimates is the standardiza-
tion procedure for cognitive and non-cognitive measurements. From the descriptive
statistics in  [20] it is reasonable to assume that achievement test scores are stan-
dardized, given that their mean is close to zero and the standard deviation is close to
1. However, there is no documentation in their paper on which procedure was used
to standardized these variables or which variable of the CNLSY was used to measure
cognitive and non-cognitive achievement. Standardization in this paper was made
separately for each period of childhood using all the respondents of the CNLSY, this

procedure provides the closest values to the ones provided in [20] appendix.
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Table G.1 presents a summary of the NLSY79 cognitive measurements considered.
Columns 1-3 refers to the statistics of the sample used by [20]. In columns 4-6 the
statistics for my sample are given. There are more observations in column 4 than
in column 1, especially for children over 6 years old (periods 5-8 of childhood). The
mean and standard deviation of all cognitive measures are similar in both samples, so
it seems that both samples are similar in observable characteristics. Thus the differ-
ence in the sample and the standardization seem to have no impact on the variables

that measure cognitive skills.

Table G.2 presents the comparison of the descriptive statistics for non-cognitive
measurements. The table is organized in a similar way to table G.1 and the standard-
ization of columns 4-6 follows the same procedure. The number of observations also
increase in this case, especially for children over 4 years (periods 4-8 of childhood).
In this case there are some perceptible differences between the variables in the two
samples. Statistics for children up to 2 years old are similar. The standardized scores
for the conflict show differences for children between 3 and 10 years old (periods 3 -
6). Additionally, there are some differences in the standardized hyperactive score for
children 9 years or older (periods 6 - 8). All other descriptive statistics are similar.
Then the small differences in this table are driven by the change in the sample size
given the similarity of the statistics in the previous table, that differences are origi-

nated by the standardization procedure is unlikely.

Tables G.3 and G.4 present the comparison of the inputs and parental time vari-

ables used by [20] and the sample used in this paper. Descriptive statistics for
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variables used as input measurements are equal in both samples, despite the change
in sample size. Then the two samples are similar with respect to the variables used as
inputs. On the table, variables that represent frequencies over a year are converted
because that is the way they are used in the empirical analysis, this is the reason that

there are differences on the table.

In conclusion, there are no tangible differences in statistics for cognitive and input
measurements indicating that both sample share observable characteristics and that
the standardization procedure seems to work. Differences in parental time measures
are attributable to the conversion from categories to frequencies over year. There are
differences in some non-cognitive measures that may be attributed to the change in
the sample size. Then it is expected to have some differences in the estimates of the
technology of skill accumulation with respect to [20], but those differences are not

expected to be huge.

G.2 estimates of the technology

This sub-appendix test for changes in the estimates due to changes in the sample
size and the standardization procedure with respect to the original sample presented
in [20]. This is done analyzing the estimates of the technology of skill production un-
der three different assumptions about the relationship between unobservables of the
investment equations and the unobservable in the technology equations. Table G.5

presents the estimates assuming that there is no correlation between the unobservable
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components of investment equations and those in cognitive and non-cognitive accu-
mulation. The first panel correspond to the estimates from cognitive skills, columns
1 and 2 presents the estimates from table 2 of [20], while columns 3 and 4 presents
the estimates using the sample defined of white first born children defined in the
previous section. Their findings suggest that for children up to 4 years cognitive skill
accumulation mainly depend on the previous level of cognitive skill, investments and
parental non-cognitive skills. While in the second stage, cognitive skills in the previ-
ous period determine about 90% of the cognitive skill accumulation. Moreover, that
there is an effect of non-cognitive skills during this first stage, but they do not affect

skill accumulation for children over 5 years old.

The second panel of the table presents the estimates of the technology of non-
cognitive skills. During the firs period of childhood previous level of non-cognitive
skills, parental non-cognitive skills and parental investment are the key determinants
of skill formation. During the second period of childhood, non-cognitive accumulation
depends primarily on the laged value of non-cognitive skills. Their evidence suggest
that cognitive skills do not affect in any of the two stages. The parameters estimated
using both samples are similar therefore the conclusions described hold under the
sample used in this paper, and the standardization procedure used does not affect

the main results.

Tables G.6 and G.7 present estimates of the technology of skill formation allow-
ing for permanent and transitory endogeneity and these estimates are comparable to

those described in subsection 3.4.2. The tables are organized in a similar way to the
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previous one. In both scenarios, under a permanent heterogeneity (table G.6) and
with time varying heterogeneity (table G.7) the estimates of the parameters using the
sample in this paper are close to those presented by [20]. Therefore we can conclude
that the changes in the sample size and the change in the standardization do not
impose change in the descriptive statistics nor in the estimates, then any extension

using the sample in this paper is comparable to [20] results.
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CH 2010 First Born - White

Observations Mean Std error Observations Mean Std error

First period

Weeks of Gestation 2118 3.878 0.234 2585 3.881 0.234
Weight at Birth 2159 3.345 0.561 2697 3.321 0.561
Motor-Social Development Score 209 0.123 0.998 222 0.161 0.997
Second period
Motor-Social Development Score 1043 0.094 0.968 1110 0.112 0.963
Body Parts 317 0.267 1.002 338 0.298 1.001
Memory for Locations 373 0.221 0.939 402 0.173 0.965
Third period
Motor-Social Development Score 915 0.185 0.923 1011 0.21 0.902
Peabody Picture Vocabulary Test 738 0.543 0.954 792 0.578 0.946
Fourth period
Peabody Picture Vocabulary Test 809 0.475 0.907 911 0.502 0.9
PIAT Math 1101 0.271 1.04 1217 0.278 1.029
PIAT Reading Recognition 1074 0.246 1.016 1190 0.259 0.99
PIAT Reading Comprehension 1025 0.241 0.98 1132 0.251 0.956
Fifth period
PIAT Math 1433 0.285 0.976 1619 0.305 0.966
PIAT Reading Recognition 1433 0.222 1.054 1621 0.254 1.064
PIAT Reading Comprehension 1383 0.246 1.058 1556 0.272 1.065
Sixth period
PIAT Math 1379 0.321 0.911 1600 0.32 0.896
PIAT Reading Recognition 1380 0.299 0.945 1602 0.316 0.935
PIAT Reading Comprehension 1361 0.337 0.936 1577 0.368 0.929
Seventh period
PIAT Math 1238 0.372 0.92 1514 0.354 0.913
PIAT Reading Recognition 1236 0.342 0.915 1510 0.346 0.912
PIAT Reading Comprehension 1221 0.392 0.932 1494 0.397 0.935
Eight period
PIAT Math 1063 0.425 0.922 1385 0.407 0.91
PIAT Reading Recognition 1064 0.336 0.876 1385 0.349 0.859
PIAT Reading Comprehension 1056 0.427 0.937 1377 0.449 0.932

This table presents the comparison of the descriptive statistics for measurements of cognitive skills
between the sample used in [20] and first born white children from the CNLS.

Columns 1-3 are taken from the online appendix of their document while columns 4-6 correspond
to the standardized-by-period values of the raw scores provided in the NLSY79.

Table G.1: Comparison with sample in [20]: Cognitive Skills
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CH 2010 First Born - White

Observations Mean Std error Observations Mean Std error

First period

Difficulty 207 0.046 1.035 219 0.029 1.025
Friendliness 224 0.183 0.92 237 0.205 0.926
Second period
Compliance 274 0.213 0.926 291 0.229 0.938
Insecure Attachment 299 0.033 0.888 316 -0.014 0.9
Sociability 422 0.281 0.911 454 0.297 0.917
Third period
Compliance 1253 0.119 0.941 1368 0.127 0.939
Insecure Attachment 1282 0.015 0.869 1402 0.021 0.857
Sociability 893 0.1 1.002 964 0.117 0.988
Antisocial 353 0.073 0.983 377 0.088 0.96
Anxiety 353 0.124 1.092 377 0.1 1.055
Headstrong 351 0.161 0.99 374 0.186 0.993
Hyperactive 352 0.084 0.991 376 0.076 0.976
Conflict 354 0.004 0.975 378 -0.028 0.934
Fourth period
Antisocial 1453 0.093 0.937 1611 0.104 0.92
Anxiety 1461 -0.066 1.033 1619 0.063 1.014
Headstrong 1462 0.099 0.997 1620 0.11 0.987
Hyperactive 1461 0.01 0.973 1619 0.004 0.959
Conflict 1463 0.064 0.906 1622 -0.091 0.872
Fifth period
Antisocial 1489 0.083 0.951 1684 0.099 0.938
Anxiety 1517 0.135 1.063 1721 0.132 1.057
Headstrong 1512 0.124 0.995 1716 0.128 0.987
Hyperactive 1513 0.011 0.975 1717 -0.001 0.961
Conflict 1517 0.011 0.988 1721 -0.025 0.967
Sixth period
Antisocial 1422 0.112 0.929 1677 0.105 0.927
Anxiety 1438 0.098 1.032 1696 0.119 1.03
Headstrong 1444 0.110 0.995 1703 0.136 0.982
Hyperactive 1443 0.042 0.941 1703 -0.013 0.94
Conflict 1446 0.035 0.962 1705 -0.028 0.958
Seventh period
Antisocial 1293 0.137 0.932 1596 0.131 0.921
Anxiety 1321 0.076 1.045 1627 0.086 1.034
Headstrong 1319 0.067 1.009 1626 0.091 0.999
Hyperactive 1321 0.069 0.96 1627 -0.042 0.958
Conflict 1319 0.016 1.028 1626 0.008 1.011
Eight period
Antisocial 1125 0.117 0.971 1484 0.122 0.946
Anxiety 1138 0.088 1.053 1515 0.093 1.046
Headstrong 1143 0.070 0.998 1518 0.081 0.995
Hyperactive 1138 0.044 0.974 1514 -0.044 0.965
Conflict 1142 0.024 1.033 1519 0.025 1.026

This table presents the comparison of the descriptive statistics for measurements of non-cognitive
skills between the sample used in [20] and first born white children from the CNLS. Columns
1-3 are taken from the online appendix of their document while columns 4-6 correspond to the
standardized-by-period values of the raw scores provided in the NLSY79.

Variables from the temperament scale is used for children up to 4 years (Difficulty, friendliness and
sociability) Variables from the Behavioural Problem Index are used for children 5 years old or older
(Antisocial, Anxiety, Headstrong, Hyperactive, Conflict).

Table G.2: Comparison with sample in [20]: Non-cognitive Skills
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CH 2010 First Born - White

Observations Mean  Std error  Observations Mean  Std error

First period

Number of Books 229 2.59 1.198 243 2.58 1.2
Number of Soft/Role Play Toys 229 1.17 0.83 243 1.16 8.12
Number of Push/Pull Toys 228 0.15 0.29 24 0.15 2.93
How Often Child Gets Out of House 228 3.6 1.55 242 5.25 2.14
How Often Mom Reads to Child 223 3.09 2.09 237 3.05 2.09
How Often Child Eats With Mom/Dad 212 3.62 2.12 228 3.36 2.14
How Often Mom Talks to Child From Work 221 4.43 0.73 235 1.58 0.75
Second period
Number of Books 1125 3.6 0.787 1214 3.59 0.8
Number of Soft/Role Play Toys 1114 1.84 1.30 1199 1.83 12.82
Number of Push/Pull Toys 1115 0.67 0.54 1203 0.68 5.95
How Often Child Gets Out of House 1125 4.42 1 1214 6.28 1.26
How Often Mom Reads to Child 1120 4.99 1.41 1208 4.98 1.44
How Often Child Eats With Mom/Dad 1086 4.89 1.12 1174 2.12 1.15
How Often Mom Talks to Child From Work 1123 4.48 0.63 1212 1.52 0.65
Third period
Number of Books 1027 3.93 0.325 1438 3.94 0.42
Number of Magazines 1023 3.25 1.38 1116 3.22 1.39
Child Has Tape Recorder/CD Player 1022 0.77 0.42 1115 0.77 0.42
How Often Child Gets Out of House 1023 3.72 1.00 322 6.26 1.24
How Often Mom Reads to Child 1026 5.20 1.04 1439 5.27 1.1
How Often Child Eats With Mom/Dad 986 4.80 1.18 1383 2.19 1.2
Fourth period
Number of Books 1117 3.944 0.301 1636 3.95 0.42
Number of Magazines 718 3.164 1.42 1207 3.15 1.42
Child Has Tape Recorder/CD Player 716 0.81 0.39 1203 0.81 0.39
Child Has Musical Instrument 392 0.43 0.50 421 0.44 0.5
Family Receives Daily Newspaper 393 0.51 0.50 422 0.51 0.51
Child Receives Special Lessons/Activities 392 0.58 0.49 420 0.58 0.49
Times Praised Child Last Week 273 2.52 2.35 285 2.74 2.42
Times Said Positive Things Last Week 233 3.93 1.93 192 4.05 2.03
How Often Child Gets Out of House 717 3.62 1.00 736 5.83 2.04
How Often Mom Reads to Child 1116 5.04 1.03 1635 5.06 1.05
How Often Child Eats With Mom/Dad 1054 4.68 1.33 1544 2.38 1.41
How Often Child Is Taken to Museum 1110 2.25 0.98 1623 2.24 0.98
Child Is Taken to Musical Performances 393 1.94 0.84 421 2.12 0.95
How Often Child SeesFamily Friends 395 3.90 1.18 421 5.36 1.39

This table presents the comparison of the descriptive statistics for measurements of inputs between
the sample used in [20] and first born white children from the CNLS.

Table G.3: Comparison with sample in [20]: Inputs
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CH 2010 First Born - White

Observations Mean  Std error Observations Mean  Std error

Fifth period

Number of Books 1525 3.95 0.28 1736 3.96 0.41
How Often Mom Reads to Child 1525 4.59 1.26 1736 4.61 1.3
How Often Child Eats With Mom/Dad 1476 4.55 1.41 1692 2.5 1.49
How Often Child Is Taken to Museum 1521 2.37 0.92 1732 2.37 0.93
Child Has Musical Instrument 1522 0.44 0.50 1730 0.45 0.5
Family Receives Daily Newspaper 1522 0.53 0.50 1730 0.53 0.51
Child Receives Special Lessons/Activities 1519 0.63 0.48 1727 0.63 0.48
Child Is Taken to Musical Performances 1516 1.92 0.83 1728 1.95 0.84
How Often Child Sees Family Friends 1517 3.79 1.19 1730 5.34 1.35
Times Praised Child Last Week 955 2.93 2.25 1113 2.86 2.26
Times Said Positive Things Last Week 910 3.85 1.89 1023 3.79 1.89
Sixth period
Number of Books 1176 3.89 0.41 1229 3.93 0.39
Child Has Musical Instrument 1174 0.52 0.50 1229 0.59 0.49
Family Receives Daily Newspaper 1176 0.51 0.50 1230 0.58 0.52
Child Receives Special Lessons/Activities 1172 0.71 0.46 1227 0.76 0.42
Times Praised Child Last Week 809 2.91 2.27 925 3.12 2.42
Times Said Positive Things Last Week 779 3.71 1.89 823 3.78 1.94
How Often Mom Reads to Child 725 3.92 1.41 881 3.9 1.46
How Often Child Eats With Mom/Dad 1143 4.49 1.49 1223 2.13 0.93
How Often Child Is Taken to Museum 1174 2.35 0.87 1232 2.43 0.86
How Often Child SeesFamily Friends 1176 3.73 1.23 1224 5.03 1.81
Child Is Taken to Musical Performances 1175 1.93 0.85 1225 2.09 0.93
Seventh period
Number of Books 1322 3.82 0.49 1635 3.83 0.57
Child Has Musical Instrument 1323 0.62 0.49 1632 0.63 0.48
Family Receives Daily Newspaper 1320 0.52 0.50 1629 0.52 0.50
Child Receives Special Lessons/Activities 1321 0.75 0.43 1630 0.75 0.43
Times Praised Child Last Week 967 3.13 2.15 1342 3.15 2.16
Times Said Positive Things Last Week 964 3.57 1.91 1341 3.46 2.05
How Often Child Eats With Mom/Dad 1268 4.35 1.51 1594 2.72 1.60
How Often Child Is Taken to Museum 1322 2.29 0.86 1632 2.29 0.86
Child Is Taken to Musical Performances 1323 1.93 0.80 1632 1.99 0.82
How Often Child SeesFamily Friends 1321 3.66 1.21 1629 3.74 1.11
Eight period
Number of Books 1142 3.70 0.62 1525 3.73 0.65
Child Has Musical Instrument 1140 0.64 0.48 1523 0.65 0.48
Family Receives Daily Newspaper 1139 0.51 0.50 1521 0.51 0.50
Child Receives Special Lessons/Activities 1142 0.74 0.44 1524 0.74 0.44
Times Praised Child Last Week 856 3.20 2.15 1195 3.204 2.29
Times Said Positive Things Last Week 897 3.48 1.95 1286 3.423 1.98
How Often Child Eats With Mom/Dad 1086 4.23 1.58 1493 2.87 1.68
How Often Child Is Taken to Museum 1137 2.18 0.84 1520 2.19 0.84
Child Is Taken to Musical Performances 1141 1.92 0.86 1523 2.07 0.91
How Often Child SeesFamily Friends 1142 3.51 1.23 1520 4.32 1.42

This table presents the comparison of the descriptive statistics for measurements of inputs between
the sample used in [20] and first born white children from the CNLS.

Table G.4: Comparison with sample in [20]: inputs
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CH 2010 This paper

Parameter first stage second Stage first stage second Stage

Cognitive Skill Accumulation

Cognitive Skills YsC1 0.487 0.902 0.434 0.879
(0.030) (0.014) (0.041) (0.018)
non-cognitive Skills YsC2 0.083 0.011 0.099 0.014
(0.026) (0.005) (0.028) (0.009)
Investments YsC3 0.231 0.020 0.242 0.011
(0.024) (0.006) (0.025) (0.015)
Parental Cognitive YsC4 0.050 0.047 0.067 0.056
skills (0.013) (0.008) (0.018) (0.010)
Parental Non-Cognitive YsCs 0.148 0.020 0.158 0.04
skills (0.030) (0.010) (0.046) (0.014)
Complementarity dsc 0.611 -1.373 0.572 -1.421
Parameter (0.240) (0.168) (0.27) (0.18)
Elasticity of 2.569 0.421 2.336 0.413
substitution
variance of shocks 5% 0.165 0.097 0.171 0.101
(0.007) (0.003) (0.009) (0.005)
Non-Cogpnitive Skill Accumulation
Cognitive Skills YsN1 0.000 0.008 0.001 0.003
(0.025) (0.010) (0.029) (0.013)
non-cognitive Skills YsN2 0.649 0.868 0.671 0.901
(0.034) (0.011) (0.038) (0.013)
Investments YsN3 0.146 0.055 0.141 0.051
(0.027) (0.013) (0.029) (0.016)
Parental Cognitive YsN4 0.022 0.000 0.019 0.001
skills (0.011) (0.007) 0O 0O
Parental Non-Cognitive YsN5 0.183 0.069 0.167 0.044
skills (0.031) (0.017) (0.035) (0.018)
Complementarity bsN -0.674 -0.695 -0.691 -0.718
Parameter (0.324) (0.274) (0.334) (0.291)
Elasticity of 0.597 0.590 0.591 0.582
substitution
variance of shocks 2y 0.189 0.103 0.197 0.112
(0.012) (0.004) (0.014) (0.006)

This table presents the estimates of the technology of skill formation assuming that there is no
permanent nor transitory components that affects both skill formation and investment. Columns
1 and 2 corresponds to estimates from table 2 in [20] and columns 3 and 4 to the obtained using
the sample defined in this paper.

Table G.5: Technology of skill formation assuming no endogeneity
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CH 2010 This paper

Parameter first stage second Stage first stage second Stage

Cognitive Skill Accumulation

Cognitive Skills YsC1 0.479 0.831 0.445 0.803
(0.026) (0.011) (0.028) (0.015)
non-cognitive Skills YsC2 0.070 0.001 0.087 0.003
(0.024) (0.005) (0.029) (0.006)
Investments YsC3 0.161 0.044 0.173 0.0521
(0.015) (0.006) (0.019) (0.008)
Parental Cognitive YsC4 0.031 0.073 0.041 0.085
skills (0.013) (0.008) (0.018) (0.010)
Parental Non-Cognitive YsCs 0.258 0.051 0.254 0.0568
skills (0.029) (0.014) (0.033) (0.017)
Complementarity dsc 0.313 -1.243 0.381 -1.349
Parameter (0.134) (0.125) (0.149) (0.158)
Elasticity of 1.457 0.446 1.613 0.426
substitution
variance of shocks 5% 0.176 0.087 0.181 0.091
(0.007) (0.003) (0.009) (0.006)
Non-Cogpnitive Skill Accumulation
Cognitive Skills YsN1 0.000 0.000 0.001 0.001
(0.026) (0.010) (0.031) (0.012)
non-cognitive Skills YsN2 0.585 0.816 0.627 0.841
(0.032) (0.013) (0.036) (0.016)
Investments YsN3 0.065 0.051 0.057 0.043
(0.021) (0.006) (0.025) (0.009)
Parental Cognitive YsN4 0.017 0.000 0.021 0.005
skills (0.013) (0.008) (0.018) (0.010)
Parental Non-Cognitive YsN5 0.333 0.133 0.293 0.11
skills (0.034) (0.017) (0.031) 0.019()
Complementarity PsN -0.61 -0.551 -0.65 -0.62
Parameter (0.215) (0.169) (0.231) (0.181)
Elasticity of 0.621 0.645 0.606 0.617
substitution
variance of shocks 2y 0.222 0.101 0.198 0.121
(0.013) (0.004) (0.015) (0.006)

This table presents the estimates of the technology of skill formation assuming that there is an
unobserved permanent component that affects both skill formation and investment. Columns 1
and 2 corresponds to estimates from table 4 in [20] and columns 3 and 4 to the obtained using the
sample defined in this paper.

Table G.6: Technology of skill formation allowing for permanent endogeneity
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CH 2010 This paper

Parameter first stage second Stage first stage second Stage

Cognitive Skill Accumulation

Cognitive Skills YsC1 0.485 0.884 0.440 0.849
(0.031) (0.013) (0.029) (0.021)
non-cognitive Skills YsC2 0.062 0.011 0.091 0.016
(0.026) (0.005) (0.027) (0.006)
Investments YsC3 0.261 0.044 0.252 0.031
(0.026) (0.011) (0.029) (0.013)
Parental Cognitive YsC4 0.035 0.051 0055 0.072
skills (0.015) (0.008) (0.013) (0.011)
Parental Non-Cognitive YsC5 0.157 0.011 0.162 0.031
skills (0.033) (0.012) (0.035) (0.014)
Complementarity dsc 0.585 -1.220 0.61 -1.37
Parameter (0.225) (0.149) (0.241) (0.162)
Elasticity of 2.410 0.450 2.569 0.421
substitution
variance of shocks 5% 0.165 0.098 0.149 0.091
(0.007) (0.003) (0.009) (0.005)
Non-Cogpnitive Skill Accumulation
Cognitive Skills YsN1 0.000 0.002 0.000 0.010
(0.028) (0.011) (0.025) (0.009)
non-cognitive Skills YsN2 0.602 0.857 0.649 0.867
(0.034) (0.011) (0.031) (0.014)
Investments YsN3 0.209 0.051 0.146 0.054
(0.031) (0.006) (0.029) (0.009)
Parental Cognitive YsN4 0.014 0.000 0.022 0.000
skills (0.013) (0.008) (0.019) (0.007)
Parental Non-Cognitive YsN5 0.175 0.037 0.183 0.069
skills (0.033) (0.021) (0.039) (0.018)
Complementarity bsN -0.464 -0.522 -0.571 -0.602
Parameter (0.263) (0.214) (0.313) (0.263)
Elasticity of 0.683 0.657 0.597 0.590
substitution
variance of shocks 2y 0.203 0.102 0.189 0.110
(0.012) (0.003) (0.014) (0.005)

This table presents the estimates of the technology of skill formation assuming that there is an tim
varying component that affects both skill formation and investment. Columns 1 and 2 corresponds
to estimates from table 5 in [20] and columns 3 and 4 to the obtained using the sample defined in
this paper.

Table G.7: Technology of skill formation allowing for time varying endogeneity
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