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Abstract

Observational studies differ from randomized experiments in that the rule which governs
the assignment of a treatment to individual units is not known. Because the control and
experimental groups may differ systematically from one another, statistical adjustments
must be made to ascribe the differences between the two groups to a particular treatment.
Methods for drawing causal inferences from observational data are described in this docu-
ment. Matched sampling techniques are employed to reduce bias between experimental and
control groups in an effort to isolate the efffect of early childhood exposure to poverty on
an individual's educational attainment. Experimental groups consisting of individuals who
are initially poor and subsequently non-poor are compared with similar individuals who are
consistently poor. This allows a first-pass estimate of the educational benefit a poor child
would receive if his/her household income were lifted above the poverty line. Then, individ-
uals who are temporarily poor early in life are compared with others who are similar but
are never exposed to estimate the educational "cost" of being exposed to poverty. Finally,
these results are compared with those obtained using traditional econometric techniques.
The empirical results suggest that additional income provides a modest educational benefit
to poor children and that individuals who are temporarily poor early in life do suffer a small
educational cost.
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Chapter 1

Introduction

During the mid-1960s, the United States launched a War on Poverty which was intended to

"provide a hand up and not a handout" to the nation's most impoverished citizens.[ll, p.

10] Experts from a variety of disciplines were called in to define poverty, assess the extent

of poverty in the nation, and design programs to combat it. To evaluate the effectiveness

of these programs, large-scale data collection efforts were started for the first time. These

data sets enabled researchers to rigorously investigate many important issues in the following

years.

Despite the extraordinary growth in antipoverty programs in the United States since

the start of the War on Poverty, the incidence of poverty in the population has remained

stubbornly high. The composition of this impoverished population has changed substan-

tially during the last few decades. Children make up a disproportionately large share of

impoverished citizens, with almost 22% of those individuals under the age of eighteen liv-

ing below the poverty line (as officially calculated by the Census Bureau) in 1992. This

percentage is the largest since poverty was first measured in 1965. [18, p. A32]

Many antipoverty programs were intended to improve the opportunities open to poor

children so that they might escape from poverty and become productive members of society.

Implicit in this effort was the belief that childhood exposure to poverty had a pernicious

effect on a child's health, emotional development, educational attainment, and subsequent

economic productivity. Many also seemed to feel that all of the nation's children deserved a

fair start, and that impoverished children should be compensated somehow for the myriad

disadvantages with which they had to deal.
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In this document, I will investigate the effect which childhood exposure to poverty has

on an individual's educational attainment. More specifically, I will employ multivariate

matched sampling methods to estimate the effect that an income infusion to an impover-

ished family could have on the total years of schooling a child in that family receives. For

the purposes of this analysis, I will use the Panel Study on Income Dynamics, a large-scale,

longitudinal database which was started in 1968 to evaluate the effectiveness of nascent an-

tipoverty programs. This database has extensive information about thousands of households

and each individual within these households, and is a particularly rich set of information

because of its longitudinal nature.

When a family's income is lifted above the poverty line, children within that household

may subsequently receive more nutritious food, better health care and housing, and more

time with their parents. This may provide an environment more conducive to intellectual

development.[28, p. 370] On the other hand, income transfers of this kind may reduce the

incentive of a child to improve his/her economic position, which is to say that a child may

be less inclined to continue with school beyond a certain point.[l, p. 71] Of course, there are

many more possible mechanisms through which family income during childhood can affect

a child's educational attainment.

The empirical results described in the upcoming chapters suggest that childhood expo-

sure to poverty does indeed have an adverse effect on the academic achievement of children.

More specifically, individuals who are initially poor and whose household incomes subse-

quently rise and remain above the poverty line tend to remain in school for a longer period

of time than do similar individuals whose income remains below the poverty line. The

estimates of the educational "cost" of continued exposure to poverty are not statistically

significant, perhaps because of the relatively small number of individuals whose longitudi-

nal income patterns satisfy the criteria whose effect we estimate. Nevertheless, all of the

best estimates suggest that the rise in income does benefit those children who were initially

poor. Also, when comparing individuals who are initially poor and subsequently non-poor

with similar individuals whose income is consistently above the poverty line, one finds an

educational "cost" incurred by those individuals who are temporarily exposed to poverty.
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Chapter 2

Preliminaries

To address meaningfully the effect childhood exposure to poverty has on an individual's

educational attainment, one must first construct a reasonable definition of poverty. An

official definition was prepared for the Social Security Administration in 1965 by Mollie

Orshansky.[47, p. 1075] For each household, the cost of a diet which the Department of

Agriculture deemed "nutritionally adequate" was multiplied by three. This multiplier was

selected because of a 1955 survey which suggested that approximately 35% of the average

household's aftertax income was spent on food. Implicit in this calculation is the assumption

that impoverished families should not have to devote a larger fraction of their income to

food than a typical family. To account for diseconomies of small scale, a slightly higher

multiplier is used in calculating the poverty line for one and two person households. The

poverty thresholds are recalculated each year by indexing them with the Consumer Price

Index (CPI). Therefore, if the CPI rises by 5% in a given year, then all of the poverty

thresholds are increased by 5% after that year. These poverty thresholds adjust for the

number of individuals in the household, the age of the head of the household, and the

number of individuals under the age of eighteen in the household.[13, p. 34] For many

people, this attempt to define poverty symbolized the nation's newfound commitment to

raising the living standards of its poorest citizens.

Unfortunately, this "official" measure is one of an infinite number of possible methods of

calculation, none of which are unambiguously superior to the others. In defining the poor

population, the Census Bureau has specified which resources will be considered as income,

has selected the household as the most appropriate income-sharing unit, and has chosen one
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year as the accounting period. As is the case with many areas, the most appropriate poverty

measure is likely to depend on the question at hand. Some of the most contentious issues

in the definition of poverty include the treatment of health care, in-kind transfers, wealth

holdings, and geographic location. In the words of Harold Watts, "our official measures are

not grounded in some self-evident principle or expert consensus but are simply a collection of

more or less arbitrary and eminently vulnerable rules."[49, p. 30] Despite the imperfections

of the current poverty measures, the majority of the literature has used the official definition

and I will adopt this convention in the following pages, too.

2.1 Measuring Educational Attainment

During the last few decades, American educationists have become increasingly concerned

with the quality of schooling which America's children are receiving. Numerous measures

of a child's educational attainment exist. Standardized test scores, years of education, aca-

demic grades, and attendance records are just a few yardsticks by which we can compare

the educational attainment of different children. The years of education measure will be

used throughout this document. This is mainly because of the unavailability of the other

information in the Panel Study on Income Dynamics. There are, of course, obvious dis-

advantages to focusing on this measure. For example, this measure does not consider the

performance level or work ethic of the individual while he/she was in school. Additionally, it

does not account for substantial differences in the quality of schools throughout the country.

Despite these and other disadvantages, concentrating on an individual's years of educa-

tion is defensible. It clearly distinguishes those individuals who have graduated from high

school from those who have not. It points out whether an individual attended college and,

if so, whether or not he/she finished. Because educational attainment is such an impor-

tant part of a person's human capital, it is extremely useful in estimating a person's future

earnings.[23] For example, college graduates earn, on average, 77% more than high school

graduates, and this disparity in incomes is increasing. Education seems to have become

a proxy for skills in the American workforce, and those individuals who do not make the

effort to educate themselves may be in for a life of stagnant real income.[15, p. 27]
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2.2 Compensatory Education Versus Income-Transfer Pro-

grams

The level of income inequality is far greater in the United States than it is in most indus-

trialized nations.[19] No two people are likely to agree on the optimal level of inequality.

Despite this, many policymakers believe that those individuals who are born into poverty

should be given the same opportunities to achieve as those who are not. This is a formidable

challenge indeed, and one that is virtually impossible to achieve in any practical way. Suc-

cessful parents will tend to pass on their successes to their children, whereas unsuccessful

parents are likely to pass on some of their failures to their children.[22, p. 138] A variety of

antipoverty programs were designed in an effort to give people of low socioeconomic status a

chance at escaping from poverty. Two general ways to approach this problem are discussed

below.

2.2.1 Educational Programs for Impoverished Children

In the spirit of equalizing opportunities as opposed to outcomes, many policymakers involved

in the War on Poverty felt that education was the best available route to overcoming poverty.

As a result, dozens of compensatory education programs were created in the mid-1960s.

The hope was that impoverished children would improve their economic circumstances, and

become more productive members of society. Though the effectiveness of these programs

was not overwhelmingly impressive, there seemed to be, in the aggregate, a small positive

effect on the academic performance of disadvantaged students.[11, p. 172] Programs like

Head Start were created to provide both short and long-term benefits to impoverished

youth, but the short-term gains were rarely sustained. These programs certainly did not

eliminate disparities in educational achievement between poor and non-poor children, but

they did help to reduce the gap.

A study completed in 1977 assessed the lasting effects of preschool intervention programs

on the long-term academic achievement of low-income children.[26] Ninety-two percent of

the children were black and forty percent had no father at home. By choosing experi-

mental groups who had participated in these programs and control groups who had not,

researchers found that some substantial differences existed between experimental and con-

trol individuals ten years after the completion of the programs. Though there were no
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long-term differences in achievement scores or IQ, there were large differences in the extent

to which the participating children were retained in grade (held back a grade) or assigned

to special education classes. The median rate of failure, defined as falling behind by a grade

or being assigned to a special education class, was forty-five percent in the control groups

and twenty-four percent in the experimental groups.[11, p. 157] A wide variety of preschool

programs were evaluated, including Head Start curricula, traditional nursery preschool, and

language and cognitive development programs. Though the results of this study were in-

deed modest, they do suggest that some long-term benefits can be gained from intervention

programs.

A more comprehensive study, the Sustaining Effects Study of Compensatory and Ele-

mentary Education, was mandated by Congress in 1975 to investigate the effect of Title I

services on poor children. The primary focus was a three-year longitudinal study of children

who received Title I services and children who were eligible for, but did not receive, Title

I services (defined here as needy children). Approximately 120,000 students, drawn from

a representative sample of 300 schools, were tested. Nearly 60% of poor children received

Title I services. The children receiving these services lived in both large cities and rural

areas. Statistical analysis showed that Title I students had significant gains relative to

needy students for the Mathematics portion of the Comprehensive Tests of Basic Skills.

These results held for children in grades one through six. Significant gains on the reading

portion were found for children in grades one through three, but not for those in grades

four, five, or six. [7] The study found that the programs were less effective for older children

than for younger ones. By the time the Title I students had reached junior high, though, no

sustained effects were observed. The bulk of the literature suggests that, if greater resources

were indeed available, they would be most usefully spent at the preschool and elementary

school level.[11, p. 160]

Compensatory education programs confront the education-poverty relationship by leav-

ing the poverty untouched and focusing on learning opportunities. In the past, education

and not income transfers have been the preferred instrument for dealing with the needs of

disadvantaged children.[23, p. 14] In other words, these programs were created to improve

disadvantaged children's education, in the hope that this would have economic benefits to

them later on. Here, I try to assess the effect which an improvement in a poor child's

economic position would have on his/her educational performance.
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2.2.2 The Effect of Income Transfers

The architects of the War on Poverty and the American public in general have tended

to prefer, in principle, providing opportunities rather than handouts in their efforts to

ameliorate poverty.[11, p. 15] Despite this, most of the increases in public spending since

1965 have taken the form of income or in-kind transfers. These programs have actually

been far more successful in helping to reduce poverty than have compensatory education

programs, as they have elevated many households' incomes above their respective poverty

thresholds. Unfortunately, many households remain dependent on these welfare payments,

and the percentage of hard-core poor in the country is not declining.

One important question to ask about these income redistribution measures is: what

effect do they have on the children within these households? More specifically, do children

tend to achieve more academically if the households in which they reside are lifted out of

poverty? Researchers from many different disciplines have examined the determinants of a

child's educational development. One conclusion which these studies have in common is that

a child's home environment is an immensely important determinant of his/her educational

attainment.[9] Factors which seem to be correlated with a child's educational attainment in-

clude the parents' educational level, the family's income, the family's socioeconomic status,

durable goods ownership, proper nutrition and health care, and adequate housing.

Though there is a strong positive correlation between family income during an individ-

ual's childhood and his/her educational attainment, it is not clear that there is a causal

relationship between the two. A family's income depends on the parents' abilities, moti-

vation, and attitudes. These may be the actual causal determinants of a child's academic

achievement, not income per se. If this is indeed the case, then providing an income infusion

to an impoverished family without changing the attitudes or abilities of the parents may not

lead to improved educational attainment by the children.[29, p. 465] On the other hand, if

the increased income leads to a home environment more conducive to learning, then these

extra dollars may be a boon to the child's intellectual development.

Making reasonable inferences about the effects of an income infusion on a child's edu-

cational attainment from observational data is exceedingly difficult. For this reason, the

study described in the next section is quite attractive, because its inferences were based on

a relatively well-controlled randomized experiment.
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2.2.3 The Effect of a Negative Income Tax on the School Performance of

Impoverished Children

In the mid-1970s, an experiment was designed to determine the effect of a negative income

tax program on the education of children. Known as the Rural Income Maintenance Exper-

iment, a sample of 847 children from North Carolina and Iowa were used in the subsequent

analysis. These children were members of families who participated in the negative income

tax experiment and for whom pre- and post-enrollment data are available. The sample is

by no means representative of the nation's population of schoolchildren but rather of an

"intellectually impoverished population." [28, p. 372] Generally speaking, the children tend

to have larger families, lower incomes, less educated parents and be much more at risk of

school failure than an average American child.

Despite the amount of time which has elapsed since this analysis was conducted (in

the mid-1970s), it deserves special attention because it is based on data from a controlled

experiment and it analyzes the effect of an income infusion on impoverished children's

education. For the negative income tax program, the two relevant parameters are G, the

guaranteed annual income and t, the income tax rate. If a family's income falls below

some threshold level, then the family is provided with an income subsidy which depends

on the parameters and the family's income. For those families whose incomes fall below

the threshold value, the expected effects were (1) an increase in the family's total income

and (2) a reduction in the parents' labor force participation. The expected result was an

improvement in the children's school performance because of the effects of the negative

income tax on the parents' time and income allocations.[28, p. 371]

Four different measures of educational attainment, the child's attendance record, the

comportment grade point average (a behavioral measure), the academic grade point aver-

age, and a standardized test score, were used to evaluate the effect of the NIT program.

Pre- and post-enrollment performance for the children were compared, and there was no

non-participating control group. The results of the experiment were mixed. The most sig-

nificant responses were found in the performance of the second through eighth grade North

Carolina schoolchildren. These children experienced a 30.5% reduction in absenteeism, a

6.7% increase in comportment GPA, a 6.2% increase in academic GPA, and an 18.9% re-

duction in the gap between achievement test scores and the corresponding expected grade

equivalent score. All four of the experimental effects were statistically significant for the
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second through eighth grade schoolchildren. However, the older children in the North Car-

olina sample did not exhibit any significant experimental responses, which may indicate

that the behavior of the younger children is much easier to modify. Finally, the sample of

schoolchildren from Iowa provided no support for the hypothesis that a negative income tax

will result in improved school performance by impoverished children. Maynard contends

that the Iowa schoolchildren were better performers prior to the experiment than their

North Carolina counterparts and that the quality of the Iowa school environment data was

not nearly as good as the North Carolina data.

The results of this study suggest that a negative income tax may significantly improve

the academic achievement of impoverished youth and that elementary schoolchildren are

more likely to benefit from the NIT program than individuals enrolled in high school are.

Though the results of the study are mixed, this Rural Income Maintenance Experiment is a

reasonable way to investigate the causal effects of a negative income tax on the educational

attainment of impoverished youth.

2.3 What's To Come

Though scores of compensatory education and income-transfer programs have been estab-

lished since the United States embarked on the War on Poverty three decades ago, the

percentage of hard-core poor in the country remains high. Approximately 7% of the na-

tion's citizens live in households which have yearly incomes below the poverty line more than

80% of the time. This structural poverty problem may persist if the costs of an educational

transition for the nation's poorest people remains prohibitively high.[1, p. 70] Possible rea-

sons for high rates include an inability to forgo income while investing in education, lenders'

biases against impoverished people due to their seeming lack of creditworthiness, myopia on

the part of the poor, and a considerable penalty for noncompletion of the degree. If poor

families are permanently lifted above the poverty line by means of a negative income tax or

an income subsidy, this could lead to substantial increases in the length of time that their

children spend in school.

How much would it benefit poverty-exposed children if the government were permanently

to lift their incomes above the poverty line? How would any benefits attenuate as the years

of childhood exposure to poverty went up? In this document, I will attempt to address these
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issues using multivariate matched sampling techniques by filtering out relevant data from

the Panel Study on Income Dynamics to isolate "experiments" which have been conducted

by nature. This approach will allow me to make some first-pass estimates as to the effect

of childhood exposure to poverty on an individual's educational attainment.
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Chapter 3

The Panel Study of Income Dynamics

Shortly after President Johnson's War on Poverty was launched in the mid-1960s, the U.S.

Bureau of the Census was asked by the Office of Economic Opportunity (OEO) to assess the

extent of poverty in the country and the effectiveness of the new antipoverty programs. As

a result, a large-scale census study, known as the Survey of Economic Opportunity (SEO),

finished interviews with approximately 30,000 households in 1966 and 1967. Realizing the

abundance of information which a study like this one could provide, the OEO approached the

Survey Research Center at the University of Michigan and asked the SRC to continue this

study of the nation's overall economic well-being. Because the study's primary objective

was to investigate the dynamics of poverty, the SEO wanted intensive interviews to be

conducted with 2,000 low-income households from the original national sample of 30,000

households. Researchers at the University of Michigan argued that a randomly selected

cross-section of the original 30,000 should also be included in the study, so that the sample

would continue to be representative of the nation's individuals and families.

For this study, the Panel Study of Income Dynamics, 4,802 household interviews were

successfully conducted in 1968. Of these, 1,872 were low-income households from the SEO

while 2,930 were selected from the SRC national sample. The PSID continues to this day,

and has become one of the most frequently used and influential data sets for research in

the social sciences. Through its annual interviews, the PSID obtains extensive information

about families and the individuals who make up those families. The data provide substantial

detail about employment, income, education, and family composition for each of the house-

holds interviewed. The rules for following household members since the PSID's inception
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were created to maintain a sample of families which was representative of the population.

New PSID families were created when children grow up and establish their own households

or when married partners go their separate ways. Compensatory weights for each fam-

ily are included to adjust for unequal selection probabilities and the variation in attrition

rates between different socioeconomic groups. Because those families which drop out of the

study may differ systematically from those which remain, these weights do not remove all

of the bias due to attrition. Several studies have provided reassuring evidence that there is

not substantial nonresponse bias in the PSID,[16] though, which makes national estimates

calculated using the probability-of-selection weights all the more reasonable.[20, p. 25]

3.1 The PSID Children

Thanks to the generosity of Robert Haveman and Barbara Wolfe from the University of

Wisconsin, a filtered portion of the PSID data was made available for the purposes of this

analysis. This sample of the data includes extensive information about the 1705 original

PSID members (i.e. since 1968) who were born sometime between 1962 and 1968, which

is to say that the children were zero through six years old when the PSID started. These

individuals were selected primarily because they have been PSID members since the start

of the study in 1968; they are now adults and there exists an abundance of longitudinal

information about them. Ideally, the filtered portion would consist only of people who

were the same age in 1968 (i.e. all of the individuals born to PSID families in 1968).

Unfortunately, with this constraint, the number of individuals drops to approximately 350,

which is not enough people to allow the kind of rigorous analysis which Haveman and Wolfe

have been doing.

Longitudinal income, family, and geographic information is available for those years

during which the individuals were six through fifteen years old. The lower end of the age

range was selected primarily because this represents the lowest age for which longitudinal

information is available for all 1705 people. Havemann and Wolfe's selection of fifteen as

the upper end is somewhat more arbitrary, though it does seem reasonable to choose sixteen

as the age at which a child begins to become independent, and therefore more of an adult.
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3.2 The Available Information About Each of the 1705 Chil-

dren

Extensive information is available for each of the 1705 individuals, including data about

each individual, his or her parents and family, the kind of home environment in which

the child lived, his/her educational attainment, and the income and poverty status of the

individual's household. In all, there are nearly fifty pieces of information for each individual,

and several of the most important ones are described below.

3.2.1 Background Information about the Individual

When the PSID was launched in 1968, policymakers were particularly interested in the

dynamics of poverty. As a result, the sample of 1705 individuals includes a disproportion-

ately large number of households with incomes below the poverty line. This oversampling

of impoverished families resulted in a large subsample of black households, with nearly half

of the 1705 individuals regarded as nonwhite in the PSID data. For each individual, the

NONWHITE variable takes on a value of one if the person is black or hispanic, and zero

otherwise. Unweighted and weighted distributions for the NONWHITE variable are given

in figure 3-1. Assuming that the weighted distribution truly is representative of the nation's

children who were six and under in 1968, the fraction of this population which was non-

white is roughly 16.7%. The FEMALE variable reveals the gender of each of the sampled

individuals, while FIRSTBORN takes on a value of one if the person was the firstborn child

in his/her family and zero otherwise. Finally, YEARSED reveals the years of education for

each individual. If this variable takes on a value greater than eleven, then the individual did

graduate from high school. The weighted distribution for the YEARSED variable is shown

in figure 3-2. Weighted and unweighted statistics for these four variables are provided in

the following table.

Variable Unweighted Statistic Weighted Statistic

NONWHITE 48.0% 16.7%

FIRSTBORN 22.5% 28.1%

FEMALE 51.2% 50.5%

YEARSED 12.614 yrs 12.905 yrs
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The disparity in the weighted and unweighted average for the YEARSED and FIRSTBORN

individuals is due to the overrepresentation of poor children in the sample of 1705 children.

Because poor children are more likely to have many siblings, one would expect a smaller

percentage of them to be firstborn children. Thus, it makes intuitive sense that the weighted

estimate for this variable is larger than the unweighted one. Similarly, because there is a

positive correlation between income and educational attainment, one might anticipate that

the sample mean for YEARSED would be less than the estimate for the national average.

3.2.2 Background Information About the Individual's Family

The nature of a child's home environment is believed to have a significant impact on his/her

educational attainment. [9] Effects of the family must therefore be taken into account if

one hopes reliably to assess the effect of poverty on an individual's academic achievement.

One potentially important determinant of the quality of a child's home environment is the

number of parents living at home. For each individual, the number of biological parents

living at home with him/her in 1968 are included. Weighted and unweighted statistics for

this variable are included in the following table.

Number of Parents in 1968 Unweighted Statistic Weighted Statistic

Two 78.0% 90.3%

One 18.9% 8.6%

Zero 3.1% 1.1%

Given the greater likelihood that a poor child will have fewer than two parents at home,

it makes sense that the proportion of one-parent and zero-parent households is greater for

the sample than for the national average.

Information concerning the educational attainment of each individual's parents are in-

cluded in the data set. Numerous studies have shown that children whose parents are

educated are more likely to do well than those whose parents are not. Using four categories

of educational attainment, the variables MOMYRS and DADYRS reveal whether each

parent graduated from high school, attended some college, or finished a four-year college

degree.
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MOMYRS =

1 if Mother did not graduate from high school

2 if Mother graduated from high school

3 if Mother attended college but didn't finish four year degree

4 if Mother finished a four year degree or more

A similar definition applies for DAD YRS. Weighted statistics for these two variables are

provided in the following table.

DADYRS Weighted MOM_YRS Weighted

1 39.4% 1 34.2%

2 28.5% 2 47.2%

3 15.6% 3 10.7%

4 16.5% 4 7.9%

The number of siblings a child has while growing up may also play a role in determining

his/her educational attainment. The variable AVGNUMSIBS reveals the average number

of siblings each child had over the ten-year period we are considering. Figure 3-3 gives

the weighted distribution for this variable. For AVGNUMSIBS, the sample mean is 2.52

whereas the estimate for the population mean is 2.07.
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3.2.3 Home Environment and Geographic Information

Several additional variables are included in the filtered portion of the PSID to provide more

information about the environment in which the sample children grew up. NUMSEPARATIONS

gives the number of separations which each individual's parents had during the ten-year

period under consideration. For this variable, the sample and population means were 0.24

and 0.23 respectively, and the unweighted and weighted distributions were not strikingly

different from one another. YRS HEADDI)ISABLED provides the number of years during

which the head of the individual's household was disabled. For this variable, the sample

and population distributions were quite dissimilar, reflecting the relatively high probability

that a poor person would be disabled. The sample and population means were 1.56 and

1.03, respectively.

The number of years which each individual spent living with one parent is represented

by the variable YRSWITHONE. If it is the case that a child was living with no biological

parents in a particular year, then this is still considered living with one parent, mainly

because the child must have lived with some guardian during that time. The sample and

population means for this variable are 2.79 and 1.65 respectively, and the weighted distri-

bution for YRSWITHONE is shown in figure 3-4. YRSMOMWK reveals the number

of years that the individual's mother worked, with sample and population means of 5.74

and 5.75, respectively. Finally, information is provided about the number of years each

individual spent in the South during the ten year period. YRSSOUTH has a sample mean

of 4.56 years and a population mean of 2.78 years.

3.2.4 Income and Poverty Information

Longitudinal income information is available for each of the 1705 individuals during the ten

years of interest. As opposed to giving actual income information though, the longitudinal

data contains the ratio of the household income to the household poverty line, also known as

the income-to-needs ratio. The poverty line used is the official poverty measure described in

the previous chapter and depends on the size of the family. The AVJNCNEEDS variable

provides the average of the ten income-to-needs ratios of interest. Of the 1705 individuals in

the study, 314 have an average income-to-needs ratio during these ten years which is below

one. Using the compensatory weights, the average percentage of the population which is,
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on average, in poverty during the ten years is calculated to be 7.2%.

From this longitudinal data, one can easily construct the variable YRSBELOW, which

gives the number of years during which each individual's household income was below the

poverty line. Weighted and unweighted distributions for this variable are provided in figure

3-5, and help to show the overrepresentation of impoverished households in the filtered

PSID sample. One final poverty measure, CUMPOVDEF gives the cumulative poverty

deficit for each individual's household for the ten years of interest. More specifically, if we

define zi to be the number of dollars below the poverty line that the child's household is

when he/she isi years old, then:

CUMSPOVDEF = 6 + 7 + Sz + 9 + Zlo + 11 + z12 + 13 + z14 + z1l (3.1)

It is important to note that xi can never be negative, which means that, if an individual's

household income does not drop below the poverty line during these ten years, his/her

CUMPOVDEF is zero.
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3.3 Correlation Between Income and Educational Attain-

ment

Few people would question the assertion that poor children are less likely to excel academi-

cally than their more affluent counterparts. Numerous studies have convincingly established

a significant relationship between a person's economic status during childhood and his/her

subsequent educational attainment. One can also use the filtered portion of the PSID to

see this correlative relationship. The following tables give estimates for the average years of

education and high school graduation rates for individuals with different AVINCNEEDS,

YRSBELOW, and CUM-POVDEF values. The compensatory weights are used in these

calculations, yielding estimates for the true national averages. (Unless otherwise specified,

these probability-of-selection weights will be used for the remainder of this document, so

as to estimate national, as opposed to sample, parameters.) The % of Population col-

umn gives the estimated fraction of the population which satisfy the specified criterion (i.e.

YRSBELOW = 0.0).
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AVINC-NEEDS YEARS-ED HS GRAD. RATE Sample Individuals % of Population

0 - 1 11.91 75.2 314 7.2

1 - 2 12.04 73.9 568 24.0

2- 3 12.82 90.4 373 25.1

3 - 4 13.17 93.7 246 21.9

4 - 5 13.95 99.3 104 10.7

5 and up 14.09 97.0 100 11.1

YRSBELOW YEARS-ED HS GRAD. RATE Sample Individuals % of Population

0 13.22 92.6 893 71.0

1 - 3 12.29 79.0 354 17.3

4- 6 11.90 69.2 205 5.9

7 - 10 11.85 73.9 253 5.8

CUM_ POVDEF YEARS-ED HS GRAD. RATE Sample Individuals % of Population

0 13.22 92.6 893 71.0

1 - 10,000 12.20 76.7 457 20.4

10,001 - 20,000 11.98 74.3 170 4.1

20,001 and up 11.91 74.5 185 4.5

If one chooses instead to compare the income and poverty information of individuals with

different amounts of education, one sees a similarly strong positive correlation between

income and educational attainment. Let an individual's categorical years of education,

CATYRS, be defined as follows:

1

2
CATYRS =

3

4

if individual

if individual

if individual

if individual

did not graduate from high school

graduated from high school

attended college but didn't finish four year degree

finished a four year degree or more

The following table gives income and poverty information for these four mutually exclusive

groups. As one would expect after seeing the previous tables, the negative correlation

between educational attainment and poverty is again quite strong.
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CATYRS AVINCNEEDS YRSBELOW CUMPOVIDEF Sample Individuals % of Population

1 2.01 2.26 5,502 268 12.2

2 2.63 1.30 3,330 819 44.4

3 3.51 0.59 1,540 479 31.0

4 4.43 0.21 532 139 12.4

Though there is an unambiguous relationship between poverty and educational attainment,

it is not so clear that income has any causal relationship with academic achievement. As

statisticians have always asserted, correlation does not imply causation. Other variables

which are simply correlated with income may be the actual determinants of a child's edu-

cational attainment.

Analyzing the relationship between an individual's years of education and other back-

ground variables, one can find similarly strong correlations. For example, children whose

parents have done well academically are more likely to do well than those whose parents

have not done so well. This may be due to the increased emphasis which better-educated

parents tend to place on their children's academic performance. In the following table,

PARENTYRS represents the categorical years of education for the child's more educated

parent. Household income and poverty information are also provided to show the correlation

between parents' education and economic well-being.

PARENT-YRS YEARS-ED HS GRAD. RATE YRS_BELOW AVINCNEEDS

1 11.91 72.1 2.55 1.77

2 12.74 89.3 0.93 2.73

3 13.32 95.1 0.34 3.62

4 14.15 97.7 0.09 4.81

Assuming for the moment that income and parents' education are the only two possible

determinants of a child's academic achievement, it is far from obvious from the data given

above which of the two is more important. It may be the case that increased income leads

to better nutrition, health care, and housing for the child, thereby producing a home envi-

ronment more well-suited for concentrating on schoolwork, and that the parents' education

is not an important factor. On the other hand, the parents' education may be the dominant

factor, which is to say that the parents may coach the child through school, help him/her

with homework, etc. In this scenario, income may not play a very big role. With appro-

priate statistical techniques, one could attempt to isolate the effect which both income and
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parents' education have on the child's future academic success. Depending on the result,

one could then develop a strategy to improve the educational attainment of poor children.

Of course, there are many more possible determinants of a child's academic success than

these two, and they must also be considered. For example, children who do not live with

two parents tend to drop out of school sooner than the children of two-parent households

do. This may be due to the lack of stability in a one-parent environment, the reduced

attention which the child is likely to receive from an adult, or to some outside factor which

is correlated with the number of parents in the household. Analyzing the PSID sample, one

can easily see the negative correlation between the years a child spends with one parent

(out of the ten years of interest) and his/her educational attainment. It is also the case

though, that the years an individual spends with one parent is negatively correlated with the

household income. The following table provides household income and poverty information

for those individuals who have certain YRSWITHONE values. This measure includes the

years during which a child lived with no biological parents, because he/she must have been

living with some parental guardian.

YRSWITHONE YEARSED HS GRAD. RATE YRS_BELOW AVINCNEEDS

0 13.10 90.9 0.55 1.66

1 - 3 12.48 80.6 1.15 2.62

4- 6 12.63 82.5 1.71 2.71

7 - 10 12.24 78.7 3.65 3.38

A similar correlative relationship seems to exist between the number of parental separations

which a child experienced during the ten years of interest and his/her subsequent educational

attainment. It is widely believed that such an event can have a pernicious effect on a child's

emotional state. The variable NUMSEPS gives the number of parental separations which

took place in each child's household while his/her age ranged from six to fifteen, and appears

to be negatively correlated with both income and educational attainment.

NUMSEPS YEARSED HS GRAD. RATE YRSJBELOW AVJNCNEEDS

0 12.99 89.2 0.91 3.19

1 12.60 83.3 1.61 2.54

2 or 3 12.47 72.8 1.88 2.47
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Similar correlations with income and with educational attainment exist for other background

variables included in this PSID sample. The number of siblings an individual has during

his/her childhood may be an important determinant of his/her educational attainment.

With many children in the household, the parent(s) may have less time to spend with each

individual. Additionally, there are more people to feed, clothe, and house, which means

that an income which is more than adequate for a small family may not be sufficient for

a larger one. So, it seems reasonable that children with many siblings tend not to remain

in school for as long as children with relatively few siblings. The following table provides

educational and income information for children with different family sizes. As explained

earlier in this chapter, the AVNUMSIBS variable gives the average number of siblings the

individual had during the ten years of interest.

AVNUMSIBS YEARS-ED HS GRAD. RATE YRSBELOW AVINC-NEEDS

0- 1 13.05 91.9 0.54 4.06

1 - 2 13.10 90.7 0.58 3.42

2 - 3 12.94 88.5 1.00 2.78

3 - 4 12.60 79.8 2.08 2.26

4 - 5 12.24 71.6 2.54 1.75

5 and up 12.18 88.3 2.69 1.70

The high school graduation rate for those individuals with five or more siblings appears to

be peculiarly high, though the corresponding years of education seems consistent with the

downward trend.

Another background variable which appears to be correlated with a person's educational

attainment is his/her race. Using the filtered portion of the PSID, it appears that nonwhite

children remain in school for a shorter period of time than white children do. As one

would intuitively expect given the abundance of information regarding black-white earnings

differentials, it is also the case that race is correlated with income. The following table

provides national estimates for years of education and household income for nonwhite (black

and hispanic) and white individuals who were between zero and six years old in 1968.
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NonWhite 12.50 81.9 3.38 1.77

White 12.99 88.9 0.60 3.30



Finally, the number of years during which the head of an individual's household is disabled is

correlated with that person's educational attainment and the family's income. The negative

correlation between YRSIHEADDISABLED and household income may be due to the loss

of income a family is likely to suffer after a debilitating injury, whereas the relationship

with the child's education may stem from the inability of the injured parent to spend as

much "quality time" with the child as he/she otherwise would. The following table shows

these correlative relationships.

YRSHJEADDISABLED YEARS-ED HS GRAD. RATE YRS_BELOW AVINCNEEDS

0 13.13 91.8 0.50 3.43

1 - 3 12.49 82.7 2.06 2.24

4 - 6 12.58 78.3 2.23 2.23

7 - 10 11.72 60.7 3.77 1.66

This is by no means a complete list of all of the important correlative relationships which

one must bear in mind when attempting to assess the effect of poverty on an individual's

educational attainment. Instead, these relationships were chosen to point out that, if one

hopes to establish a causal relationship between poverty and education, one must make a

concerted effort to adjust for as many of the potentially confounding factors as possible.

If an analysis is not done carefully, one may well interpret a correlative relationship as a

causative one.
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Chapter 4

Three Methods for Determining

the Effect of Poverty on

Educational Attainment

In this section, I will discuss the methodology employed by Haveman and Wolfe in an initial

analysis of the PSID data. Including all 1705 sample individuals in several econometric

analyses, they find statistically significant results for the effect of poverty on educational

attainment. Then, I will begin to introduce a multivariate matching technique known as

propensity score matching. Developed by Don Rubin, a professor of statistics at Harvard

University, propensity score matching helps one to make reasonable causal inferences from

observational data. By matching on the propensity score, one can attempt to control

for systematic differences between treated and control groups (i.e. poor and non-poor).

Finally, I will describe Mahalanobis metric matching, which eliminates bias between two

groups by matching individuals who have similar background variables. Unlike propensity

score matching, which matches individuals with similar propensity scores, this technique

attempts to pair individuals who are close on all matching variables. I will employ both

matching techniques in the subsequent empirical analysis.
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4.1 A Previous Analysis

4.1.1 Modelling Techniques

Haveman and Wolfe used a data set with the same 1705 individuals to estimate the effect

of poverty on an individual's educational attainment. They used three income/poverty

measures for the analysis, all of which have been previously mentioned in this document

(the AVINC-NEEDS, YRSBELOW, and CUMPOVDEF variables). Additionally, they

constructed three indicators of an individual's educational attainment: the number of years

of schooling completed, the categorical years of education (as was described earlier in this

chapter), and a variable HS-GRAD, which takes on a value of one if the person gradu-

ated from high school and zero otherwise. Then, they constructed models to explain the

educational attainment of the sample children. For these models, least-squares multiple

linear regressions were performed, and coefficients were estimated for each of the depen-

dent variables. Two general types of models were constructed. The first type, known as

the parsimonious models, contains fewer variables than the second type. An example of a

parsimonious model follows, with the t-statistic corresponding to each coefficient enclosed

in parentheses below it.

YearsEd = .73 * AvlncNeeds +.03 * NonWhite +.02 * Female +.56 * (Female * NonWhite)

(8.9) (0.2) (0.2) (3.8)

-. 02 * YrsWithOne +.64 * MomrnEducation -. 04 * AvgNumSibs +11.8

(1.9) (7.7) (1.4) (87.6)

Eight other parsimonious models are constructed in a similar fashion. The coefficients for

some of these models, along with the corresponding t-statistics, are listed in the following

table.
Model Number 1 2 6 7 9

Education Variable HS-GRAD HS-GRAD YEARSED CATYRS CATYRS
Income Variable YRSBELOW AVINC.NEEDS CUMPOVDEF YRSBELOW CUMPOVDEF

Income Coeff. and t -.05 (.3.4) .42 (4.8) .09 (2.2) -.04 (-4.4) -.06 (2.9)
NonWhite Coeff. and t .16 (1.3) .20 (1.6) ..16 (-1.2) -.04 (.0.7) -.07 (-1.2)

Female Coeff. and t .002 (0.0) .. 02 (0.2) .08 (0.8) .07 (1.4) .07 (1.4)
Female*NonWhite Coeff. and t .34 (2.2) .36 (2.3) .49 (3.3) .24 (3.3) .24 (3.3)

YrsWithOne Coeff. and t -.04 (-3.3) -.03 (3.0) -.05 (4.8) -.02 (3.4) -.03 (4.8)

MomEducation Coeff. and t .57 (6.6) .49 (5.6) .84 (10.3) .39 (9.6) .41 (10.2)

AvgNumSibs Coeff. and t -.07 (2.8) -.05 (1.8) -.11 (4.1) -.05 (4.2) -.06 (4.4)

Constant and t 1.05 (9.8) .64 (4.7) 12.6 (118.8) 2.28 (43.2) 2.27 (42.8)

The second group of models were constructed with several more explanatory variables.

Two variables not previously mentioned, YRSINSMSA and RELIGIOUS (find out exact
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definition), are included in these models. An example is provided below.

YearsEd = .53 * AvIncNeeds +.07 * NonWhite +.01 * Female +.59 * (Female * NonWhite)

(5.8) (0.6) (0.1) (4.1)

-.03 * YrsWithOne +.46 * MomEducation -.05 * AvgNumSibs -.003 * YrsalnSMSA

(-2.0) (5.4) (-2.0) (-0.4)

+.63 * DadEducation +.26 * Religious +.01 * Yrs-Mom_-Wk -. 04 * YrsHeadDisabled

(6.5) (2.0) (0.0) (-2.8)

+11.6

(6.0)

As they did with the parsimonious-type model, the researchers constructed nine models of

this type using least-squares multiple regression analysis, yielding a model for each possible

combination of the three income measures with the three educational indicators.

4.1.2 Results of the Study

Following calculation of these models, Haveman and Wolfe estimated the effect of a reduc-

tion in poverty on educational attainment. For these simulations, the coefficients from some

of the parsimonious and the more extensive models were used. Their results are summarized

in the table below.

HS GRAD. RATE YEARSED CAT_YRS

Original Unweighted Average 84.3% 12.61 2.29

If reduce YRSBELOW by half 86.0% 12.68 2.33

If reduce YRSBELOW to zero 87.5% 12.75 2.37

If reduce CUMPOVDEF by half 85.2% 12.64 2.30

If reduce CUMSPOVDEF to zero 86.0% 12.67 2.32

The results of the study suggest that reducing the poverty which many of these sample

households confront could have modest educational benefits for the children of these house-

holds. For example, if one were to reduce the number of years during which the sample

households were exposed to poverty to zero, then it appears that the high school dropout

rate (in the sample) would drop from 15.7% to 12.5% and that the average years of educa-

tion would increase from 12.61 to 12.75. These preliminary results suggest that increased

income may well improve the academic achievement of poor children.

In fact, the gains listed above are averaged over the entire population, and therefore

understate the gains for impoverished children. Roughly 18% of the PSID sample children
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are, on average, poor. Because these are the individuals who would directly benefit from a

reduction in poverty, their gains will be larger than is implied by the chart above. If the

overall graduation rate would improve by 3.2% after all of the children's household incomes

were lifted above the poverty line, then the graduation rate among poor children would

increase by roughly 18% (= .032 / .18). Similarly, an increase of 0.14 in the number of

years of education implies that the poor PSID sample children would receive, on average,

0.78 (= .14 / .18) years more of education.

4.1.3 Comments on the Analysis

Models such as those described in the previous section are useful because they allow the

analyst simultaneously to consider a number of background variables while analyzing more

than 1700 individuals. The price of such a model, however, is that one must accept as

true a number of important assumptions. For example, the assumption that there exists

a linear relationship between the educational variable and the independent variables may

well be violated. Consider the independent variable, YRSBELOW. The child's age when

he/she is exposed to poverty is likely to play a role in what effect this poverty will have

on his/her subsequent educational attainment. Figure 4-1 shows the household income-to-

needs ratios for two different individuals included in the analysis. Each of the individuals

whose household income patterns are described in these graphs have YRSBELOW values
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of five. But the economic circumstances in which these children found themselves during

these ten years are quite dissimilar. So, the YRSBELOW variable fails to distinguish

between the economic circumstances of these two individuals. It would not be superfluous

to examine the income patterns of individuals more closely than one possibly can using the

YRSBELOW, AVGINCNEEDS, and CUMPOVDEF measures. Similarly, a child who

spends the first five years (i.e ages six through ten) with one parent is likely to be affected

differently from one whose parents are separated while his/her age is between eleven and

fifteen. Problems such as these make a closer look at the data desirable. Other possible

problems with the models described above include the exclusion of important background

variables and the correlations between the independent variables.

Perhaps the most important shortcoming in this study, though, is the possibility that

correlative relationships are being interpreted as causative ones. Correlative relationships

tell everything that one needs to know about how a group of variables are statistically

related, but says next to nothing about how the variables are causally related.[4, p. 30]

Causation is rarely settled by statistical arguments alone, but is made more plausible when

three criteria are satisfied. Consider two variables z and y. First, there should be a consistent

and unambiguous relationship between a and y. Second, it should be shown that there exist

no possible common causes of z and y or alternatively, that the relationships between the

possible common causes,z, and y are not enough to explain the clear relationship between

x and y. Finally, the assumed direction of causality (i.e. x causes y) should be reasonable,

which is to say that the analyst should demonstrate that y could not cause x.[30, p. 261]

In Haveman and Wolfe's models, the second criterion may be violated. Looking at the

extended model, if it is the case that a higher number of parental separations tends to

cause a reduction in household income and a reduction in the number of years of the child's

education, then the positive correlation between income and educational attainment may

actually be best explained by this omitted variable. If it is, then the conclusions which one

might draw from their preliminary analysis could be erroneous.

Here, we are trying to determine what effect a reduction in childhood exposure to poverty

would have on an individual's educational attainment. The responsiveness of a person's

educational attainment to a change in his/her household's economic well-being, holding

all other things equal, would ideally be determined by an experiment. In engineering,

chemistry, or physics, experiments are designed and subsequently conducted to determine
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causative relationships. For situations in which only observational data are available, one

must proceed very carefully to achieve a judicious analysis of the effect of one variable on

another.

4.2 Propensity Score Matching

In order to make causal inferences about the effect one variable X has on some other variable

Y, one would ideally design an experiment which held constant any potentially confounding

factors. For example, in randomized experiments, the results between the treated and

control groups can usually be compared because the individuals will, on average, be similar

with respect to the distribution of important background variables. This is not always

feasible though, so observational data must frequently be used to estimate the effect of

a treatment on some background variable. In these circumstances, direct comparisons

between a group which is "exposed" to some treatment and a control group which is not

exposed may be misleading because of systematic differences between the two groups.[36,

p. 33] Matching techniques aim to group treated and control individuals so that direct

comparisons are more meaningful. For the PSID sample, one possible group of treated

individuals could be composed of those children whose household incomes are, for the first

few years, below the poverty line, and then above for the remaining several years. These

individuals might then be compared with similar individuals who remain in poverty to

make a first-pass estimate of the effect of a permanent income infusion to the household on

a child's educational attainment.

4.2.1 The Propensity Score: The Coarsest Balancing Score

A balancing score, B(X), is a function of the observed background variables X such that

the conditional distribution of the background variables, given B(X), is the same for both

the treated and the control groups. The most trivial of all balancing scores is the vector X,

whereas the coarsest balancing score is the propensity score, which is simply the probability

of exposure to the treatment given the vector of background variables.[35, p. 42] In a ran-

domized experiment, the propensity score is the same for all units, because each individual

is equally likely to fall into the treated group. When using observational data, though, the

exact form of the propensity score is not known, and must be estimated from the available
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data.

Propensity scores can be used to adjust for systematic differences between treated and

control groups. Treated and control individuals with the same value of the propensity score

e(X) will, on average, have the same distributions of background variables X. Therefore,

exact matching on e(X) will tend to balance the distributions of the background variables

in the treated and control groups. Matching is a method of sampling individuals from a

large group of controls to form a group more appropriate for direct comparison with the

treated group.

Ideally, one would match control and treated units which had the same values for all

background variables X. As the number of background variables increases though, this crite-

rion becomes prohibitively difficult to meet. Fortunately, exact matching on any balancing

score B(X) is sufficient to obtain the same probability distributions of the background vari-

ables for both treated and control units.

Several issues must be addressed before proceeding. First, matching on the propensity

score will only serve to balance the distributions of the observed background variables.

Therefore, if there are any important background variables which have not been observed,

then systematic bias may remain. The less correlated any unobservable variables are with

the observed ones, the more likely it is that substantial bias will still remain after the

matching has taken place.

Second, because the exact functional form of the propensity score is not known in

observational studies, it must be estimated from the available data. Third, if there exist

more than a few background variables on which to match, exact matches on the propensity

score will rarely be available. As a result, when constructing treated and control groups for

direct comparison, one must determine how close two units' propensity scores must be for a

match to be appropriate. Finally, matching on the propensity score e(X) will only balance

the distribution of background variables on average, so adjustments may be required to

account for any imbalances in the matched distributions.

4.2.2 Defining the Treated and Control Groups

When trying to meaningfully estimate the effect of childhood exposure to poverty on edu-

cational attainment, one must first determine the appropriate groups for comparison. As

was pointed out in the previous chapter, there is an unambiguous positive correlation be-
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Figure 4-2: Income/Needs Patterns for a Treatment and Control Individual

tween income and educational attainment. This, of course, does not imply that childhood

exposure to poverty adversely affects a person's subsequent academic achievement. Given

the limited nature of the longitudinal income information, we cannot make any statements

about the effects of childhood poverty before an individual reaches the age of six or seven.

However, we can make statements about the effects of exposure to poverty later in

a child's life. In order to form eperimental and control groups, there must exist some

treatment which a substantial number of the sample children undergo. For example, consider

two individuals, A and B, who were identical in all observed background variables and whose

household income-to-needs ratios were identical during years six, seven, and eight. Also,

assume that their household incomes during these three years were below the poverty line.

Then, if individual A's household income suddenly rises and remains above the poverty line

for the rest of his/her childhood, and if individual B's household income remains below the

poverty line, then an ezperiment has been conducted. Figure 4-2 reveals possible income

patterns during the ten years of interest for two such individuals. Of course, this experiment

has not been conducted under ideal conditions, because the rise in income is probably not

exogenous. Nevertheless, it seems a reasonable way to make a first-pass estimate as to the

effects of lifting a poor child's household income above the poverty line. Instead of asking

what cost an impoverished child incurs as a result of being poor, this experiment tries to

estimate the benefit which lifting a child out of poverty may have.
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It is important to note that families whose incomes rise above the poverty line are

presumably not representative of the population of poor families in this country. In other

words, it may be the case that a family which experiences such a sustained increase in

income is more motivated and well-informed than most poor families. So, if a child in a

family such as A's tends to achieve more academically than a child such as B, it may not

be due to the increase in income, but rather due to unmeasured factors. Nevertheless, by

attempting to match individuals who are similar with respect to all background variables,

one hopes to account for such differences. The approach is not ideal, but is perhaps the best

way to estimate, from this observational data, the effect that an income infusion (above the

poverty line) would have on a poor child's future educational attainment.

So, one possible treated group could include those individuals who are exposed to poverty

for the first three years and then, for each of the next seven years, have household incomes

above the poverty line. Other treated groups could be constructed using similar income

pattern criteria. For example, one might investigate children whose household income is

below the poverty line for the first and second years, and is above for all of the eight

remaining years. A potential control group for either of these treated groups could include

those individuals whose household income remains below the poverty line for all ten years.

4.2.3 Calculating the Propensity Score

The propensity score e(X) is the conditional probability of exposure to the treatment, given

the vector of background variables, X. Assume a unit's value for the random variable y takes

on a value of one if a unit is in the treated group and zero if a unit falls in the control group.

Therefore, the outcome variable for the propensity score is dichotomous. When this is the

case, logistic regression is frequently the model-builder of choice. The two main differences

between logistic regression and linear regression are: (1) the underlying assumptions which

must be met and (2) the choice of the parametric model.

Assuming only one independent variable z in a typical linear regression model, the

quantity of interest is typically the conditional mean of the dependent variable, given the

value of the independent variable. This value is known as the conditional mean, E(Y-x),

and is calculated as follows:

E(YIx) = 3o + 3x (4.1)
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This equation implies that Y can take on any value as x ranges from negative infinity to

positive infinity. If the independent variable is dichotomous, though, the conditional mean

must be less than or equal to one and greater than or equal to zero. Several distribution

functions have been used in the analysis of a dichotomous outcome variable. The logistic

distribution is frequently chosen because of its flexibility and because it lends itself easily

to a meaningful interpretation.

When the logistic distribution is used, the conditional mean can be written as r (z) =

E(Y-x). This is simply the probability, given the independent variable z, that the value

of y is one. The particular form of the logistic regression model which we will employ is as

follows:[10]

7r() = + eo+ 3 (4.2)

ir(x) is simply the propensity score which was described above. By performing a logit

tranformation on the propensity score, one can obtain an equation for the log odds, Q(x),

which is linear in the dependent variables.

1+ r()

The parameters Po and 31 must be estimated from the available data. The importance of

this logit transformation lies in the fact that Q(z) is linear in the background variable x.

If, instead of one background variable, there were several, then the functional form of the

propensity score would be modified as follows:

ePo +P1 Wl +z32 2 +...+3Xn 44
rt(x) = Prob(y = 1ll, X2, -- , ) = 1 + ebetao+Plal+J82X2+..+n (4.4)

Here, the value of 7r(x) would yield the probability of exposure to the treated group, given

the vector of background variables (l, z2, ..., n).

Suppose there exists a sample of n independent observations of the type (Yi,zil,zi2, · -

,in), where Yi is the value of the outcome variable (zero or one, depending on whether

the individual is in the control or treated group) for the ith unit and xij is the value of

the jth background variable for the ith unit. To fit the logistic regression model described

above, one must estimate the values of the parameters ( 3o0,l, . . .,/n). The usual method
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of estimation under the logistic regression model is maximum-likelihood. This technique

yields values for the unknown parameters which maximize the probability of obtaining the

observed data. To apply this method, one must first construct a likelihood function, which

expresses the probability of the observed data in terms of the unknown parameters.

With the dependent variable y coded as a zero or one (for the control and treated groups,

respectively), then r(xl, X2, ... , x,) gives the conditional probability that an individual is in

the treated group and 1 - 7r(l1, 2, ..., x,) is the conditional probability that an individual is

in the control group. So, for those units with yi equal to one, 7r(z) is the unit's contribution

to the likelihood function. If, on the other hand, yi is zero, then 1 - 7r(x) represents this

unit's contribution. Thus, one can express a unit's contribution to the likelihood function

with the following term:

(il i ... iin) = (il, ---, Xin)y[1 - --aii·, xi.)]' pi (4.5)

Here we will assume that the observations are independent, so the likelihood function for

all of the m units is given by A(3 0, . ,,n):

m

A(/O,-..., ,) = i ((il TXin) (4.6)
i=l

By taking the log of both sides of this equation, one can obtain a more tractable mathe-

matical expression. The log likelihood, A(f 1, . . . ,) is:

m

( 0o, ..,i n) = yiln[7r(zil, ..., Zin)] + (1 - yi)ln[1 - r(xil, ... , xi)] (4.7)
i=1

To find the values of the coefficients which maximize A(Po, . . . ,,Pn), one must take the

partial derivatives of the equation above with respect to each of the coefficients. This will

yield n + 1 likelihood equations which are nonlinear in the parameters (o, . . . /3,). Special

iterative methods are required to solve these equations. Fortunately, these techniques have

been programmed into available logistic regression software.

The values of (30o, . . . ,n) given by the solutions to the likelihood equations are

maximum likelihood estimates of the true parameter values. These MLE parameters will

be denoted as (o, . . · ,n) to emphasize that they are estimates of the true values.

Additionally, r(xil, . . in) is the maximum likelihood estimate of the probability that
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y is equal to one. It is important to note that the sum of the predicted values of y is equal

to the sum of the observed values of y:

m m

EYi = *(Xil 9... i n) (4.8)
i=l i=l

After calculating the maximum likelihood estimates of all n + coefficients, one can then

calculate the propensity score for each unit. Then, by matching treated and control indi-

viduals with similar propensity scores, one can begin to form control and treated groups

which are more appropriate for comparison.

4.3 Mahalanobis-Metric Matching

If its form is estimated accurately, the propensity score will, on average, balance the dis-

tributions of background variables between treated and control groups. Despite this, one

may wish to give more importance to the individual background variables themselves by

matching individuals who are "close" to one another on all background variables. More

specifically, it may be the case that two individuals who are matched on the propensity

score are different from one another on several background variables, but that the coeffi-

cients are such that their propensity scores are quite close to one another.

When matching pairs of treated and control units, one hopes to form matched sam-

ples which are similar with respect to the distribution of important background variables.

One measure of the "distance" between the background characteristics of two units is the

Mahalanobis distance.[45, p. 293] Consider two individuals, A and B, the first of whom is

in the treated population and the second of whom is in the control population. For each

individual, there exists not only treatment and outcome information, but also information

about their background characteristics. Let XA = (A1, . . . , An) and XB = (B1, 

, XBg) be the vector of background variables for individuals A and B.

Then, one must calculate the covariance matrix for both the treated and control pop-

ulations. For both populations, the corresponding covariance matrices will be n * n in

dimension. If there are q individuals in the control population, then the unbiased estimate

for the covariance between background variables xi and xj in the control population, Ujc,

is calculated as follows:
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Xzyi - zii (4.9)

As is obvious from the formula above, 0ijc = ajic. After calculating each of the co-

variances between the background variables of individuals in the control population, the

covariance matrix for the control population, Sc can be constructed, and it will be of the

following form:

0ll '12 ... ... a1n

0' 21 022 ... ... a2n
Sc = (4.10)

'nl 0an2 ...... 'nn

One can proceed in a similar fashion in calculating ST, the covariance matrix for the treated

population. Assume that there are kq individuals in the treated population. Then, to find

the covariance matrix STC needed for the Mahalanobis distance calculation, combine the

two population covariance matrices as follows:

STC = (q - 1)Sc + (kq- 1)ST (4.11)
q + kq - 2

Then, the Mahalanobis distance, MAB between two units A and B is defined as:

MAB = (XA - XB) * ST * (XA - XB)T (4.12)

The Mahalanobis distance, as defined above, is a measure of the closeness of two units from

the treated and control populations. By matching individuals who are close with respect to

the Mahalanobis distance, one can eliminate much of the systematic bias between the treated

and control groups. This matching variable differs from the propensity score principally by

its emphasis on all of the background variables, whereas the latter method matches on

only on the propensity score (though this is a function of all of the important background

variables).
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Chapter 5

Assessing the Effect of a Sustained

Rise in Income

When attempting to make causal inferences about the effect a particular treatment would

have had on a unit which received some other treatment, one essentially confronts a missing

data problem. By comparing the treatment effects of individuals who were similar in all

important respects before the start of the treatments, one can obtain an unbiased estimate

for the difference in treatment effects. For this reason, I will now compare individuals

who were initially poor and whose household income subsequently rose above the poverty

line with those who were consistently poor throughout the ten-year time period. The

first "treatment" for this experiment is the rise in income, whereas the second is continued

exposure to poverty. Employing matched sampling methods to construct treated and control

groups which are appropriate for comparison, I then make a first-pass estimate of the effect

of such a sustained rise in income on a child's academic achievement.

It is important to note, though, that this sustained rise in income is quite different from

a government subsidy to an impoverished family. Because the parents of the "experimen-

tal" children seem to have lifted themselves above the poverty line, it is quite likely that

they are more ambitious and determined than individuals who remain below the poverty

line. In other words, their families may differ in unobserved respects from the control indi-

viduals, and thus the estimated treatment effect may be misleading. If the parents of the

experimental children pass on their extra determination, their children may tend to achieve

more academically because of this determination and not because of the additional income.
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Alternatively, if the parents of the experimental children had to spend more time at work,

they may spend less time with their children, and this reduction could adversely affect their

children's academic performance. It is not clear which of these two effects would tend to

dominate the other, so the estimated effect may be biased upwards or downwards.

Despite the obvious disadvantages of focusing primarily on those individuals whose fam-

ilies seem to have pulled themselves out of poverty, their income patterns follow precisely

the trajectory whose effect we wish to estimate. In the absence of more detailed informa-

tion (i.e. about welfare payments), it is therefore reasonable to focus on these individuals

to obtain a first-pass estimate of the effect which an income infusion would have on an

impoverished child's educational attainment.

5.1 Construction of the Experimental and Control Groups

The experimental group includes children whose household incomes were below the poverty

line for a period of time and then, for some reason, rose and remained above the poverty

line. Unfortunately, the available longitudinal income information includes only those years

during which the children's ages were between six and fifteen. Nevertheless, by looking

at individuals who were exposed to poverty only for the first one, two, or three years, and

comparing them with children who were poor throughout the ten year period, one can make

a first-pass estimate of the costs of continued exposure to poverty.

Three mutually exclusive experimental groups are constructed. To be included in one of

the experimental groups, a PSID child's household income must follow one of three income

patterns during the ten years of interest. Let Mi equal the ratio of the child's household

income to the household poverty line when he/she was i years old. The selection criteria

for each of the three groups are as follows:

Group One M6 < 1.00 M7 > 1.00, .. ., M1 > 1.00

Group Two M6 < 1.00 and M7 < 1.00 Ms > 1.00, . . ., M > 1.00

Group Three M6 < 1.00, M7 < 1.00, M8 < 1.00 M9 > 1.00, . . ., Mlb > 1.00

There are forty individuals whose income patterns satisfy the group one selection criteria,

twenty-one individuals in group two, and thirteen in group three. The yearly income data

for three individuals, one from each of the experimental groups, are shown in figure 5-1.
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Figure 5-1: Income/Needs Data for Three Different Experimental Individuals

To estimate the effect of rising out of poverty, as those individuals described above did at

different stages of their lives, I use a control group of individuals who remain impoverished

throughout the ten years of interest. There are seventy-nine individuals whose household

income is below the poverty line for all ten years. Because the number of individuals in

each of the three experimental groups is quite small, the information about most of the

individuals in the PSID sample will not be considered in this portion of the analysis.

5.2 The Background Variables

With control and experimental groups as defined above, I aim to estimate the effect that

an income infusion to an impoverished child's family would have on his/her subsequent

educational attainment. Here, the "experiment" is the income infusion. To compare indi-

viduals who are similar in all measurable respects before the experiment takes place, the

individuals will be matched on all available, pre-treatment background variables. Examples

of these include an individual's race, gender, and parents' education. Additionally, there

exists longitudinal information concerning, for example, the number of parental separations,

the number of years living with one parent, the number of siblings, and the household in-

come for each individual. When matching individuals on the basis of these background

variables, one should focus on pre-treatment information.

46

I I I I 

I I

I II 



Unfortunately, some of the longitudinal variables mentioned above are not available

on a yearly basis. For example, instead of knowing whether an individual lived with one

parent when he/she was six, seven, and/or eight, the filtered PSID data set contains only

the total (0, 1, 2, or 3) number of years during these three years while he/she was living

with one parent. The variable EARLY WITHONE can take on one of four possible values,

depending on how many years the child spent with one parent when his/her age was between

six and eight.

0 if individual spent none of the three years living with one parent

EARLY- WITH-ONE - 1/3 if individual spent one of the three years living with one parent
2/3 if individual spent two of the three years living with one parent

2/3 if individual spent all three years living with one parent

Data concerning the number of years the head of the child's household is disabled, the num-

ber of parental separations, and the years during which the individual's mother worked are

also aggregated over this three year period, yielding the variables EARLYIHEADDISABLED,

EARLYSEPARATIONS, and EARLYMOM_ WORKED. Therefore, when matching on

these background variables for experimental groups one and two, some post-treatment infor-

mation is included in the matching. This can unfortunately not be avoided and represents

a shortcoming in the analysis.

The only available information about the number of siblings each individual has and

the number of years during which he/she lived in the south is aggregated over the entire

ten year period. The variable YRS_SOUTH gives the number of years that each individual

lived in the south. More than 95% of the sample individuals have a value of zero or ten for

YRSSOUTH (1635 out of 1705, to be exact) though, so this absence of yearly information

is not as problematic as it might initially appear to be. If an individual lived in the south

for all ten years, then it logically follows that he/she must have lived in the south for the

first, second, and third years.

The same cannot be said, though, of the number of siblings which a sample individual

has. Because the variable AVG1NUMSIBS represents the average number of siblings an

individual had during the ten years of interest, matching on this variable may present

problems. For example, if a person had two siblings throughout the ten years, he/she

would have the same value for this variable as one who had one sibling for the first four
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years, two siblings for the next three years, three siblings for the next two years, and four

siblings for the final year. To suggest that these two individuals were similar with respect to

the number of siblings they had seems preposterous. Nevertheless, the size of an individual's

family is an important determinant of the type of environment in which he/she grew up.

So, despite the obvious problems with the AVGNUMSIBS variable, it is the best available

measure of the size of an individual's family and is included as a matching variable.

A complete list of matching variables is provided in the following table. Unweighted

averages for the control group and the three experimental groups are included for all of

the relevant matching variables. Two new variables, DADED and MOMED are included.

The first/second variable takes on a value of one if the individual's father/mother graduated

from high school and zero otherwise. These variables were introduced because very few of

the experimental or control individuals had parents who had attended college. The control

group includes the 79 PSID children whose household incomes were below the poverty line

for all ten years of interest.

Control Avg. Group One Avg. Group Two Avg. Group Three Avg.

Matching Variable 79 individuals 40 individuals 21 individuals 13 individuals

DAD.ED .063 .250 .143 .154

MOMED .127 .450 .429 .462

ONE.PARENT_68 .620 .175 .333 .539

NOPARENT_68 .101 .000 .048 .000

FIRSTBORN .114 .250 .191 .077

FEMALE .570 .450 .619 .462

NONWHITE .962 .475 .524 .539

YRSIXINCNEEDS .505 .705 .763 .615

YRSEVENINC_NEEDS .550 - .722 .778

YR.EIGHTINCNEEDS .576 - .752

WEIGHT 5.92 14.70 12.52 13.54

AVG.NUMSIBS 4.20 2.79 2.73 2.62

EARLYSEPS .042 .033 .032 .026

EARLYMOMWORKED .414 .658 .603 .333

EARLY HEADDISABLED .262 .133 .206 .282

EARLYWITHONE .806 .217 .508 .692

YRSSOUTH 7.81 7.00 6.19 3.85

A quick comparison between the means of the background variables for the control and

experimental groups reveals that there exist substantial differences between the groups.

For example, the parents of the individuals in the three experimental groups tend to be

more well-educated than those in the control group. Also, it appears that a much larger
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fraction of control individuals than experimental individuals are nonwhite, and that the

control individuals tend to have more siblings than those individuals in the experimental

groups. The average years of education and high school graduation rates for the four groups

are provided in the following table.

Control Avg. Group One Avg. Group Two Avg. Group Three Avg.

YEARS-ED 11.71 12.00 12.10 12.31

HSGRADRATE 63.3% 72.5% 81.0% 76.9%

In order to make reasonable estimates regarding the effect of the rise in income which the

experimental individuals experienced, one must first adjust for the systematic differences

between the groups.

5.3 Loosening the Constraints on the Control Group

One background variable on which the experimental groups appear to be very different

from the control group is NONWHITE. Approximately half of the individuals in each of the

experimental groups are nonwhite, whereas nearly all of the control individuals are nonwhite.

In fact, only three of the seventy-nine members of the control group are white, which means

that exact matches on race will be impossible with any of the three experimental groups.

Therefore, even after matching between the control and experimental groups has taken

place, substantial bias will remain on this background variable.

One possible way to deal with this problem is to include more individuals in the control

group. In order to do this, the criteria for inclusion in the control group are relaxed.

Previously, each individual in the control group had a household income which was below

the poverty line for all ten years of interest. This constraint has the desirable property of

constructing a control group which is very "tight", in the sense that none of the individuals

had risen out of poverty while they were between six and fifteen years old. But, if one

is willing to relax this constraint, better matches for the experimental individuals on the

background variables will be found.

Of the 1705 sample individuals in the PSID sample, 314 have an average income-to-

needs ratio which is below one. Though we could construct a control group which includes

all 314 of these individuals, many of them were not exposed to poverty in the early years, a

characteristic which all of the individuals in experimental groups one, two, and three share.
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Figure 5-2: Income/Needs Data for a New Control Individual

A more appropriate control group includes those individuals who were exposed to poverty

during the early years, and whose household income was on average below the poverty line

during the ten years of interest. Therefore, all of the individuals considered in the matched

comparisons would share the characteristic of early childhood exposure to poverty.

A control group for experimental group one is composed of every individual whose

household income was below the poverty line when he/she was six years old, and whose

household income was on average below the poverty line during the ten years of interest.

There are 264 individuals whose longitudinal income patterns satisfy these criteria. An

example of an income pattern which satisfies these criteria but did not satisfy the origi-

nal ones is shown in figure 5-2. Similarly, the control group for the second experimental

group contains those sample individuals who are exposed to poverty when they are six and

seven years old, and also have an average household income which falls below the poverty

line. There are 222 individuals who satisfy these criteria, all of whom were also included

in the first control group. Finally, the third control group is composed of the 198 individ-

uals who are exposed to poverty during their sixth, seventh, and eighth years and whose

households' average income-to-needs ratios are below one. Unweighted averages for the

three experimental-control group pairs are provided in the following table. By relaxing

the constraints for inclusion in the control groups, the number of white control individuals

with whom to match the white experimental individuals has markedly increased. There are
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25, 18, and 14 white individuals in control groups one, two, and three. The corresponding

number in the experimental groups are 21, 10, and 6. If one wishes to match exactly on race

though, then the matches for the white experimental individuals may not be particularly

good, mainly because there are relatively few candidate control individuals with whom to

match each white experimental individual.

5.4 The Three Experimental Groups

Given that the PSID sample contains information about 1705 individuals, the total number

of children in experimental groups one, two, and three is relatively small at 74. Neverthe-

less, because their yearly income during the ten year period follows precisely the trajectory

whose effect we hope to estimate, it is reasonable to focus on these 74 individuals in a

first-pass analysis. The number of individuals in the third experimental group is, at thir-

teen, particularly low. Finding statistically significant results for such a small number of

individuals will require a substantial difference in the outcomes for the matched treated

and control individuals. Because the sample size of this experimental group is so small, this

group of individuals will not be considered first.

Though the first experimental group has more individuals than either of the other two

groups, it has an important disadvantage which must be considered. The children in the first

experimental group were only exposed to poverty for the first of the ten years of interest, so
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Matching Variable Control One Exper. One Control Two Exper. Two Control Three Exper. Three
DAD.EBD .053 .250 .041 .143 .046 .154

MOMED .159 .450 .162 .429 .141 .462

ONE..PARENT..68 .470 .175 .487 .333 .490 .539
NO.PARENT-68 .068 .000 .068 .048 .071 .000

FIRSTBORN .129 .250 .135 .191 .126 .077

FEMALE .557 .450 .568 .619 .586 .462
NONWHITE .905 .475 .919 .524 .929 .539

YRSIXINC..NEEDS .587 .705 .571 .763 .565 .615
YRSEVEN-INC NEEDS . -- .592 .722 .582 .778
YREIGHTINCNEEDS -. -- -. -. .628 .752

WEIGHT 7.33 14.70 6.85 12.52 6.32 13.54
AVGNUMSIBS 3.69 2.79 3.69 2.73 3.76 2.62
EARLY.SEPS .039 .033 .036 .032 .037 .026

EARLY..IOMWORKED .428 .658 .411 .603 .409 .333

EARLY.HEADDISABLED .354 .133 .345 .206 .347 .282
EARLYWITHONE .605 .217 .613 .508 .635 .692

YRS-SOUTH 7.27 7.00 7.39 6.19 7.28 3.85

Number of Individnals 264 40 222 21 198 13

YRS-ED 11.96 12.00 11.96 12.10 11.92 12.31
HSGRAD..RATE 70.5% 72.5% 71.6% 81.0 % 70.7 776.9%



it may be the case that the child's sixth year was a peculiarly bad one for his/her family. In

other words, this year may simply represent an aberration in the individual's childhood, for

his/her family's income may only have temporarily dipped below the poverty line. If this is

indeed the case for a particular individual, then this person was quite unlike the individuals

with whom he is being matched in the five years before yearly income data is available.

To get an idea of the number of individuals who experience one-year dips in household

income like this, one can examine how many of the other PSID individuals dipped below

the poverty line for eactly one of the ten years of interest. This information is provided in

the following table.

The One Year Below the Poverty Line Number of Individuals

Six 40

Seven 18

Eight 13

Nine 19

Ten 12

Eleven 14

Twelve 9

Thirteen 11

Fourteen 11

Fifteen 19

The average number of individuals who experience one-year dips for the other nine years

is fourteen, which represents approximately one-third of the forty in the first experimental

group. So, many of the individuals in this experimental group may really be from non-

poor families who only temporarily fell into poverty. Because a substantial fraction of this

group may not have been consistently poor during the first several years of life, the first

experimental group is not ideal in its characteristics, and will not be the first group to be

considered in the empirical analysis.

By the process of elimination, only one of the three experimental groups now remains.

The second experimental group has a sample size which is above twenty and has individuals

who are more likely to have been poor in the years before yearly income data is available.

The number of individuals who temporarily dip below the poverty line for any other two

consecutive years (and are above the poverty line for all other eight years) is, on average,

three. Whereas for experimental group one, the fraction of "false poor" (people who only

temporarily dropped into poverty) was estimated to be greater than one-third (or 14/40),
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for group two the best estimate is approximately one-seventh (or 3/21). Since the second

group does not possess undesirable qualities to the extent which the other two groups do,

I will consider it first in the upcoming empirical analysis.

5.5 Propensity Score Matching With The Second Groups

With nearest available propensity score matching, the individuals in the experimental group

are randomly ordered. Then, the first individual in the experimental group is paired with the

control individual with the closest LogOdds value. Both of these individuals are eliminated

from their respective lists. Then, the second experimental individual is paired with the

control individual still in the list with the closest LogOdds value, and so on. The distance

between two individuals is defined in terms of the LogOdds instead of the propensity score

because the distribution of LogOdds is much more nearly normally distributed than is the

propensity score (whose values are compressed between zero and one).

Using the relevant background variables which were described earlier in this chapter,

logistic regression was performed on the second treated and control groups. Maximum

likelihood estimates for the true coefficients of the background variables are included in the

following table, along with the corresponding t-statistics. Also included in this table is the

standardized difference between the treated and control groups before the matching takes

place, and between the matched treated and control groups.
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StdDiffBefore StdDiffAfter

Variable PropScoreMatch PropScoreMatch Beta t-stat

DadEd 35.3 14.4 1.9900 1.68

MomEd 60.1 19.2 0.5431 0.78

OneParent -31.1 0.0 -1.9730 -1.86

NoParent -8.5 0.0 -0.5889 -0.42

FirstBorn 14.8 -22.0 0.2286 0.29

Female 10.4 -9.7 0.9981 1.51

NonWhite -96.3 0.0 -4.1011 -3.36

YearSixIncNeeds 88.6 10.8 2.9655 1.74

YearSevenIncNeeds 60.7 18.7 2.4092 1.48

Weight 47.1 -12.1 -0.0952 -2.06

AvgNumSiblings -52.9 -16.7 -0.3900 -1.83

EarlySeps -4.1 18.1 -2.3882 -0.72

EarlyMomWorked 46.8 32.7 2.4481 2.85

EarlyDisabled -36.1 -25.4 0.1730 0.20

EarlyWithOnePar -21.9 33.2 0.7019 0.72

YrsInSouth -25.8 -12.1 -0.0806 -1.00

LogOdds 163.6 48.8

Constant -1.9601 -0.73

AverageStdDiff 47.3 17.3 

ExperimentalYrsEd 12.10 12.10

ControlYrsEd 11.94 12.15

ExperimentalHSGradRate 81.0 81.0

ControlHSGradRate 71.6 81.0

For a particular background variable

is calculated as follows:

X, the standardized difference between the two groups

~n..dn'dri'.li f f,.rpy =~ 10 NNN * Xexperimental - Xcontrol (.r; 9

/'(t,.eated + c.trot )o / 2 .0

With nearest available propensity score matching, the average standardized difference on the

background variables (including LogOdds) has dropped from 47.3% to 17.3%. A substantial

fraction of the mean difference along LogOdds, perhaps the most important of all of the

matching variables, has been eliminated. Particularly large reductions in initial bias have

taken place along the Nonwhite and YearSixIncNeeds variables. However, the biases for

other variables, including EarlyWithOnePar and EarlySeps, have actually increased. The

residual differences on a number of the variables are quite high and make some additional

adjustments for these variables desirable. The high school graduations rates are identical
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for the matched treated and control groups, each of which has 21 individuals. The small

difference in the years of education between the two groups is not statistically significant.

5.6 Ignoring "Unmatchable" Experimental Individuals

Because the coefficient for the Nonwhite variable is particularly large, a white and black

individual would have to be very different on other background variables in order to be

matched. Therefore, exact matches on the Nonwhite variable were performed in the previous

matching, with the hope that such different individuals would not be paired with one

another. The large residual difference along the LogOdds variable is mainly due to the

relatively small number of control individuals with whom to pair the white experimental

individuals. Four stem and leaf plots for the LogOdds variable are provided in the figure

5-3 to show the extent of this problem.

WhiteBEper. WhiteControl NonwhiteBrper. NonrvhiteControl

-9 4
-8 5332
-7 998443221
-6 8666555544444443332111100
-5 99888887777666665555533332221111000000
-4 99999888877777666655544333222222111111000000
-3 9540 5300 999888777666665544433333222111110000
-2 9730 77 99988777766555544221110
-1 3 95411 82 987766544433322111000
-0 4 753 82 9877
0 234488 28 3
1 4
2
3
4
6
6
7 1

Figure 5-3: Stem-and-Leaf Plots for Second Experimental and Control Groups

These plots show how very dissimilar the distributions of the LogOdds variable are for white

and nonwhite individuals. As evidenced by the two plots to the left of the figure, some of

the matches between the control and experimental groups for white individuals cannot be

very close on their LogOdds values. This situation is quite different from the one for the

experimental nonwhite individuals. There appear to be many possible matches for all but

two of these individuals.
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The one white experimental individual with a LogOdds value of 7.1 appears to be very

different from any other individual, and thus will not be included in a direct comparison

between treated and control groups. Similarly, the LogOdds value of 1.4 for an experimental

individual is substantially above that of any control individual. After eliminating these

two experimental individuals, there are eight white experimental individuals remaining for

comparison with control individuals. Though the matches on the LogOdds variable will

not be perfect, these eight can be paired with the eight white control individuals with the

highest LogOdds values. If one also ignores the two nonwhite experimental individuals with

the highest LogOdds values, then there exist many "close" possible controls for each of the

nine who will remain.

After eliminating these four individuals from the matched comparisons, the residual

difference along the LogOdds variable drops by a substantial amount; the standardized

difference is less than half of what it was with the four individuals included. Surprisingly,

though, the average residual difference on the background variables increases by more than

5%. The following table illustrates this.
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StdDiffBefore StdDiffAfter StdDiffAfter

Variable PropScoreMatch PropScoreMatch Eliminating Four

DadEd 35.3 14.4 0.0

MomEd 60.1 19.2 23.4

OneParent -31.1 0.0 24.1

NoParent -8.5 0.0 0.0

FirstBorn 14.8 -22.0 -39.6

Female 10.4 -9.7 -23.4

NonWhite -96.3 0.0 0.0

YearSixIncNeeds 88.6 10.8 -12.2

YearSevenIncNeeds 60.7 18.7 23.0

Weight 47.1 -12.1 -4.1

AvgNumSiblings .52.9 -16.7 -5.2

BarlySeps -4.1 18.1 50.1

EarlyMomWorked 46.8 32.7 30.3

EarlyDisabled -36.1 -25.4 -22.0

EarlyWithOnePar -21.9 33.2 72.1

YrslnSouth -25.8 -12.1 -28.1

LogOdds 163.6 48.8 22.9

AverageStdDiff 47.3 17.3 22.4

ExperimentlYrsEd 12.10 12.10 12.18

ControlYrsBd 11.94 12.16 12.18

ExperimentalHSGradRate 81.0 81.0 82.4

ControlHSGradRate 71.6 81.0 82.4

Despite the large reduction in the residual difference along what is arguably the most

important matching variable, the increased standardized differences on some of the other

variables, most notably EarlyWithOnePar and EarlySeps, are bothersome. These large

systematic differences make an alternative approach desirable.

5.7 Mahalanobis-Metric Matching With the Second Groups

By constructing matched treated and control groups with mahalanobis-metric matching, one

places greater emphasis on the values of all of the important background variables when

assessing the appropriateness of a particular match. Thus, one might intuitively expect

the residual bias on variables such as EarlySeps and EarlyWithOnePar to decrease when

using this method. Because the LogOdds variables is perhaps the most important matching
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variable, it will be used in determining which control individuals are "candidates" for a

particular experimental child. More specifically, one can define a set of potential controls

whose LogOdds values are close to a particular experimental individual's, and then select

from these the one whose Mahalanobis distance from the experimental child is smallest.

The steps of this procedure are as follows:

1. Randomly order the experimental individuals.

2. Define candidate controls for the first treated child by caliper matching on the LogOdds variable.

Find all available control individuals whose LogOdds values are within some absolute distance C of the

experimental individual's LogOdds value. If there are no such control individuals, then simply select the

control individual with the closest LogOdds value.

3. Mahalanobis metric matching within calipers: From the candidate controls, select as the match the

individual whose Mahalanobis distance from the experimental child is smallest.

4. Remove the experimental child and his/her match from the list, and then go to step two for the

next treated child.

Different caliper widths were analyzed by Cochran and Rubin (1973) to assess the reductions

in bias for each. Let UE and ac equal the standard deviations of the LogOdds variable in the

experimental and control groups, respectively, and let a = (OE + C)/2.0. In the hope of

removing at least 90% of the bias on the background variables, they suggest a caliper width

less than or equal to c = .25o.

The mahalanobis distance between two individuals, which was defined in the previous

chapter, will depend on how the two differ with respect to the seventeen background vari-

ables. These background variables include LogOdds and the sixteen for which coefficients

were estimated in the logistic regression. Nearest available mahalanobis-metric matching

within calipers defined by the LogOdds variable (and with a caliper width of c = .15a) sub-
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stantially reduced the average residual difference along the seventeen background variables

for the matched treated and control groups. The following table illustrates this.

StdDiffBefore StdDiffAfter StdDiffAfter StDiffAfter

Variable PropScoreMatch PropScoreMatch Eliminating Four Mahalanobis

DadEd 35.3 14.4 0.0 20.2

MomEd 60.1 19.2 23.4 11.5

OneParent -31.1 0.0 24.1 0.0

NoParent -8.5 0.0 0.0 0.0

FirstBorn 14.8 -22.0 -39.6 0.0

Female 10.4 .9.7 -23.4 -11.5

NonWhite -96.3 0.0 0.0 0.0

YearSixIncNeeds 88.6 10.8 -12.2 21.1

YearSevenIncNeeds 60.7 18.7 23.0 -12.4

Weight 47.1 -12.1 .4.1 0.4

AvgNumSiblings .52.9 -16.7 -5.2 -4.6

EarlySeps -4.1 18.1 50.1 0.0

BarlyMomWorked 46.8 32.7 30.3 25.2

EarlyDisabled -36.1 -256.4 -22.0 11.7

EarlyWithOnePar -21.9 33.2 72.1 16.4

YrsInSouth -25.8 -12.1 -28.1 -41.4

LogOdds 163.6 48.8 22.9 43.7

AverageStdDiff 47.3 17.3 22.4 12.9

MaximumStdDiff 163.6 48.8 72.1 43.7

ExperimentalYrsEd 12.10 12.10 12.18 12.18

ControlYrsEd 11.94 12.15 12.18 11.94

ExperimentalHSGradRate 81.0 81.0 82.4 82.4

ControlHSGradRate 71.6 81.0 82.4 82.4

As suggested by the results listed above, the third method seems superior to the other two

in reducing bias along the sixteen background variables. For example, the standardized

difference has been completely eliminated for several of the covariates, and the average

standardized difference is approximately 75% less than it originally was. Unfortunately, the

difference along the propensity score remains quite high, and thus the matches are still not

as good as we would like them to be.

The "best" of the three matching methods, in terms of the average standardized dif-

ference on important background variables, appears to be Mahalanobis-metric matching.
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Though the high school graduation rates are identical for the two groups, one can use a

difference-of-means test to see if the difference on the YearsEd variable is statistically sig-

nificant. When two populations are not normally distributed and the sample sizes from

the two populations are sufficiently large (fifteen to twenty for each group is a reasonable

lower bound), one can invoke the Central Limit Theorem and assume that the difference in

sample means is normally distributed. Assume that, for the "populations" of experimental

and control individuals, the actual average years of education are ite and pc and that the

corresponding variances in the population are ea, and a,. With the sample means for a

variable X defined as Xe and X-, one then can calculate the Z-statistic and test for the

presence of a statistically significant difference of means.

Z= ( - ) - ( - ~e) (5.3)

For a one-sided difference of means test with unknown population variances, one would test

the null hypothesis Ho that pc is greater than or equal to Ae by setting the (c - Le) term

equal to zero and by estimating the population variances from the available data. This

yields the following formula for calculting the Z-statistic.

Z= ( ) (5.4)
nc ne

If the value of Z is less than -1.645, then the null hypothesis is rejected. For example, a result

of Z = -2.1 would provide statistically significant evidence that the true population mean for

the experimental group is greater than that for the control group. For the groups matched

using the Mahalanobis distance, the Z-statistic is only -0.52. Therefore, the difference in

sample means is not statistically significant. If there were a higher ratio of potential controls
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to experimental individuals and if there were more experimental individuals, then better

matches would be possible and statistically significant results would not require such a large

difference in outcomes between the two groups.

It is important to note that, if a few of the experimental individuals are only temporarily

visiting poverty during their sixth and seventh years (in other words, they are "false poor"

individuals), then it is likely that the estimate of educational benefit from a rise in income

is biased upwards. The average years of education for individuals who are, on average,

non-poor in the PSID sample is 12.74. In a previous calculation, we estimated the fraction

of "false poor" individuals in experimental group two to be approximately one-seventh. If

one assumes that, consistent with this earlier estimate, three of the remaining group two

individuals are actually non-poor and received the 12.74 years of education, then the average

years of education for the remaining fourteen is 12.06. Thus, the estimated treatment effect

for the groups matched using the Mahalanobis distance has dropped by 50%, from 0.24 years

to 0.12 years. This first-pass adjustment suggests that the estimated treatment effects may

be misleading if some of the experimental individuals are not actually poor before their

apparent climb out of poverty.

5.8 Empirical Analyses With The First Experimental Group

The set of matching variables for the first experimental group is the same as those for the

second group except the YrSevenlncNeeds variable is not included. As before, logistic re-

gression is performed on the treated and control groups, and maximum-likelihood estimates

for the coefficients of the background variables are obtained. Stem-and-leaf plots for the

distribution of the LogOdds variable in the experimental and control groups are provided in

figure 5-4. Once again, these are broken up into distributions for both white and nonwhite
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individuals. There appear to be a number of experimental individuals for whom there are

no good matches. This is particularly true for the white experimental group. If one ignores

for the moment the one control individual with a LogOdds value of 3.1, there exist eight

control individuals with LogOdds values which are greater than any of the control individu-

als have. Therefore, after matching all forty individuals using nearest-available propensity

score matching, these eight experimental individuals are ignored for the subsequent analy-

ses. The one white control individual with a LogOdds value of 3.1 appears to be so much

different from the rest of the control individuals that he/she will also be ignored.

WhiteEper. WhiteControl NonwhiteEzper. NonwhiteControl

-7 640
-6 886543221100000
-5 8887665544333222111100000
-4 21 9999888777776666555555544444444333333222221100000000000
-3 9556 3 999998888887777777777776666666665555544433333333332222211110000
-2 8610 5521 99999988777776666655554444333333333322111100000
-1 96 87211 9775552 99987765555444333333
-0 641 64322 44 88611
0 01456789 2236 0237 0026
1 344489 2 2
2
3 1 1
4 0

Figure 5-4: Stem-and-Leaf Plots for First Experimental and Control Groups

Because none of the individuals in the experimental group have a value of one for the

variable NoParent, any person who does have a value of one is obviously from the control

group. Thus, a maximum likelihood estimate for the true value of the coefficient of NoParent

converges, on successive iterations, to negative infinity. Exact matches are therefore required

on this variable, and its coefficient is not estimated in the final logistic regression. The

table below provides the coefficients and the corresponding t-statistics for the remaining

fourteen matching variables. In addition to this, five sets of standardized differences in

background variables are included. The first represents the initial standardized difference

between the treated and control groups. Then, results are given for the three matching
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methods (with exact matches on race) which were described for the second experimental

group in the previous chapter. The fifth set of standardized differences is provided because,

by exact matching on gender instead of race with mahalanobis-metric matching, the average

standardized difference is reduced and only one of the thirty-two experimental individuals

is not exactly matched on race.

StdDiffBefore StdDiffAfter StdDiffAfter StDiffAfter StDiffAfter

Variable Beta t-stat PropScoreMatch PropScoreMatch Eliminating 8 Mahal RACE Mahal FEMALE

DadEd 0.6552 1.01 56.5 32.0 8.9 8.9 18.7

MomEd 0.4626 0.92 66.0 36.6 13.0 26.8 13.0

OneParent -0.6817 -0.88 -66.1 -23.8 -7.7 0.0 -7.7

NoParent - -. 38.2 0.0 0.0 0.0 0.0

FirstBorn 0.0037 0.01 31.0 0.0 -14.2 7.7 0.0

Female -0.3090 -0.68 -21.3 -9.9 -24.9 -24.9 0.0

NonWhite -2.3988 .3.26 -104.1 0.0 0.0 0.0 -6.3

YearSixIncNeeds 1.1947 1.72 34.8 -5.7 -18.9 -10.0 -10.4

Weight -0.0466 -1.61 58.2 -0.7 7.4 0.7 12.3

AvgNumSiblings -0.2268 -1.43 -50.9 -21.9 -6.1 -0.4 -3.1

EarlySeps -0.6101 .0.26 -6.5 31.0 44.8 0.0 0.0

EarlyMomWorked 2.1670 3.46 66.9 51.2 36.8 10.2 2.6

EarlyDisabled -1.5421 -2.07 -58.9 -5.5 14.8 -10.3 3.7

EarlyWithOnePar -2.2446 -2.74 -91.0 -12.3 7.6 2.6 2.6

YrsInSouth -0.1531 -2.47 -6.0 4.4 4.7 -12.7 -27.2

Constant - LogOdds 1.6999 1.22 197.5 56.6 13.2 22.7 16.6

AverageStdDiff 58.9 17.2 13.9 8.6 7.8

MaximumStdDiff 197.5 56.6 44.8 26.8 27.2

ExperimentalYrsEd 12.00 12.00 12.00 12.00 12.00

ControlYrsEd 11.96 11.80 11.84 12.03 11.78

Exper HSGradRate 72.5 72.5 71.9 71.9 71.9

Cont HSGradRate 70.5 75.0 75.0 75.0 71.9

Once again, the Mahalanobis-metric matching seems to do a much better job of adjusting

for residual differences on the background variables. After eliminating the eight individ-

uals for whom there were no good matches, mahalanobis-metric matching (with an exact

match on the Female variable) reduces the average standardized difference on the back-

ground variables by 87% (from 58.9% to 7.8%). This represents a substantial improvement
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over nearest-available propensity score matching with the subsample of 32 experimental

individuals. For this method, the average standardized difference is 13.9%.

In fact, it appears that all three matching methods have, for this first experimental

group, yielded larger reductions in the standardized differences along background variables

than they did for the second experimental group. One possible reason for this is that,

because there are more matches for this group (forty and thirty-two as opposed to twenty-

one and seventeen), one or two particularly poor matches in the background variables is less

likely to have a substantial effect. As for inferences about the effect of the income infusion

on the academic achievement of the individuals in the experimental group, none of the

differences in high school graduation rates or years of education are statistically significant.

For the Mahalanobis-metric matched groups with an average standardized difference of

7.8%, a one-sided difference of means test can be conducted. The Z-statistic is calculated

to be -0.63, which is not sufficiently negative to provide statistically significant evidence of

an actual difference in population means.

Once again, it is important to bear in mind that many of the experimental children

may not actually be poor. Assuming that 11 of the 32 are non-poor (approximately one-

third, which is the estimate from above) and that each of these children received the 12.74

years of education which the average non-poor PSID child received, then the average years

of education for the remaining twenty one is 11.61. Therefore, the estimated educational

effect of the income infusion has fallen from 0.22 years to -0.17 years (neither of which are

statistically significant). Though this represents only a first-pass adjustment, it reveals how

sensitive the estimated treatment effects may be to the presence of "false poor" individuals.
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5.9 Empirical Analyses With The Third Experimental Group

The last of the three experimental groups is composed of those individuals whose household

incomes were below the poverty line for the first three years and above for the next seven.

Though the small sample size of this group means that statistically significant results will

be difficult to come by, the ratio of control to experimental individuals is greater for this

group than it is for the other two. Thus, one might expect that poor matches are less likely

for this experimental group.

Maximum-likelihood estimates for the coefficients of the background variables are ob-

tained using logistic regression. Because there are no experimental individuals with a value

of one for the variable NoParent, it is excluded from the logistic regression and exact matches

are required for it. The four stem-and-leaf plots for the distribution of the LogOdds variable

are provided in figure 5-5.
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Figure 5-5: Stem-and-Leaf Plots for Third Experimental and Control Groups

Again we see that there are no good matches along the propensity score for some of the

white experimental individuals. It appears that all seven of the nonwhite members of

the experimental group have at least one nonwhite individual in the control group who

is close on the propensity score. After nearest-available propensity score matching with
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all thirteen members of the experimental group, the three experimental children with the

highest LogOdds values are ignored in the subsequent matched comparisons. Estimates for

the coefficients, the corresponding t-statistics, the initial standardized differences between

the two groups, and the standardized differences after using all three matching methods for

the background variables are included in the table below. A few variables were successively

eliminated from the logistic regression because their t-statistics were particularly low and

because of the small number of individuals in the experimental group.

StdDiffBefore StdDiffAfter StdDiffAfter StDiffAfter

Variable Beta t-stat PropScoreMatch PropScoreMatch Eliminating 3 Mahal

DadEd 0.7910 0.61 35.7 57.9 0.0 0.0

MomEd 1.5639 1.93 72.4 48.0 20.0 0.0

OneParent 0.7532 0.88 9.5 -15.0 0.0 0.0

NoParent -- - -38.9 0.0 0.0 0.0

FirstBorn -1.9735 -1.57 -16.1 -41.9 -26.8 -26.8

Female -0.8531 -1.11 -24.6 -14.8 -19.2 0.0

NonWhite -2.4428 -2.80 -95.5 0.0 0.0 0.0

YearSixIncNeeds -3.0810 -1.65 19.7 3.5 -10.1 7.8

YearSevenIncNeeds 6.2583 2.79 105.6 24.4 -4.0 0.0

YearEightIncNeeds -- -- 67.3 24.1 -11.2 62.9

Weight -- -- 65.3 .17.1 -6.4 18.1

AvgNumSiblings -0.6849 -2.34 -79.6 35.6 62.8 18.8

BarlySeps .- -- 11.2 39.2 44.7 44.7

EarlyMomWorked -0.8940 -0.83 -18.6 -18.8 -31.3 -8.6

EarlyDisabled -0.5455 -0.57 -15.6 35.0 60.56 -7.2

EarlyWithOnePar -- -- 12.1 0.0 0.0 20.0

YrsInSouth - -- -72.8 -68.4 -35.9 -35.9

Constant - LogOdds -1.0462 -0.46 185.4 45.2 1.9 1.9

AverageStdDiff 52.6 26.6 18.0 13.6

MaximumStdDiff 185.4 58.4 60.5 52.9

ExperimentalYrsEd 12.31 12.31 12.00 12.00

ControlYrsEd 11.92 11.46 11.60 10.90

Exper HSGradRate 76.9 76.9 70.0 70.0

Cont HSGradRate 70.7 69.2 70.0 60.0

For the third experimental group, Mahalanobis-metric matching does the best job of reduc-

ing the standardized differences on the background variables of interest, and there remains
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almost no difference along the LogOdds variable for this method. The percentage reduction

in the average standardized difference is, at 74% (from 52.6% to 13.5%), not as large as it

was for the previous group. This may be due to the relatively small number of experimental

individuals which remain after the "unmatchable" individuals are eliminated. Though the

number of matched comparisons is too low to reasonably conduct a difference of means test,

the outcomes do suggest a modest academic benefit from the rise in income after the child's

eighth year.

5.10 Initial Inferences

None of the ten matched comparisons (three for the second groups, four for the first groups,

three for the third groups) yield statistically significant differences in academic achievement

as measured by the number of years of education or the high school graduation rates.

However, by taking a quick glance at the matched comparison from each group with the

lowest average standardized difference on all relevant background variables, one sees a trend

which suggests a modest benefit from the rise in income. One must bear in mind that, if some

of the experimental children are actually non-poor before their rise in income (except for a

temporary drop below the poverty line), then these estimated effects are biased upwards.

The table below summarizes these results.

Groups AverageStdDiff ExperimentalYrsEd ControlYrsEd ExperHSGradRate ContHSGradRate

One 7.8% 12.00 11.78 71.9 71.9

Two 12.9% 12.18 11.94 82.4 82.4

Three 13.5% 12.00 10.90 70.0 50.0

Because the number of individuals in each of the three experimental groups is so low, getting

statistically significant results from the matched comparisons requires a large difference in
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the outcome variables. Though none of the differences in the years of education outcome are

sufficiently large, the fact that all three point in the same direction suggests that there may

well be a small educational benefit from the increase in income. A more accurate assessment

of the true treatment effect could perhaps be obtained by adjusting for residual bias on the

background variables. Of course, a larger set of data would also aid in establishing a more

reliable estimate of the true effect of this rise in income.

5.11 Regression Adjustment to Reduce Residual Bias

For all three pairs of groups, the standardized difference for a few of the variables remain

quite high. As a result, the estimated "treatment effects" may well be biased. Regression

adjustment can help to control for the bias which remains after matching has taken place. [38,

p. 185]. Because the matched individuals are relatively "close" to one another on the

distribution of background variables, assumptions about the linear dependence of some

outcome variable on a number of background variables is not as unreasonable as it would

be for a much more diverse data set.

For the second pair of groups, the standardized difference on the variables DadEd,

YrSizIncNds, EarlyMomWorked, YrsSouth, and LogOdds is greater than 20%. Though

there are other background variables which contain residual bias, with only 17 matched

pairs not all of the variables can be included in the regression adjustment. When performing

least-squares regression to adjust for residual bias the hope is that, by adjusting for those

variables with the highest standardized differences, the standardized difference for other

variables will also be reduced. Let (le, Z2e, Z3e, X4e, X5e) equal the vector of background

variables for an experimental individual and Ye be the corresponding years of education

for him/her. Similarly, allow (lc, 2 X3c, X4c, X5c) and yc to equal a control individual's
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covariate vector and outcome variable, respectively. By making least squares estimates of

the coefficients in the following formula, one can gain an estimate of the average treatment

effect 3o.

(Ye - e) = o + 1 * ((le - .5c) + 82 * (2e - a2c) + 3 * (3 - 3U) + 14 * ()4 - 4c) + /3 * (5 - c) (5.5)

Multiple regression for seventeen matched pairs yields the following equation, which suggests

a treatment effect which is positive but which is not statistically significant (t-statistics for

each of the coefficients are included in parentheses).

AYearsEd = 0.471 -3.241 * ADadEd -0.529 * AYrSixIncNds

(0.63) (-1.37) (-0.16)

-0.670 * AEarlyMomWork -0.01394 * AYraSouth +0.0253 * ALogOdds

(-0.49) (-0.15) (0.03)

Though the estimated effect of a sustained income infusion above the poverty line after

a child's seventh year is not statistically significant, the least-squares estimate of it, after

adjusting for those variables with the greatest residual bias between the two groups, has a

value of 0.471 (nearly a half of a year of education). This estimate is actually greater than

the previous one for these two groups, which yielded an estimated treatment effect of .235

years of education.

Similar regression adjustments can be performed for the first and third experimental

groups. For the first matched groups, the largest standardized differences can be found

on the variables DadEd, MomEd, Weight, YrsSouth, and LogOdds. Proceeding as before,

least-squares estimates of the corresponding coefficients are obtained, and the results are
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provided in the following equation.

AYearsEd = 0.033 +0.473 * ADadEd +0.714 * AMoEd

(0.08) (0.51) (1.15)

+0.0164 * AWeight -0.0426 * AYraouth +0.158 * ALogOdds

(0.75) (-0.49) (0.24)

Once again, the estimated effect on the years of education which a child receives is not

statistically significant. Though the sign is consistent with the result before regression

adjustment took place, the least-squares estimate of o is quite small.

As the number of matched pairs decreases, the number of least-squares coefficients

which can reasonably be estimated also goes down. Thus it is the case that, for the third

experimental and control groups, only three variables will be included in the least-squares

regression. The standardized differences for YrEightIncNds, EarlySeps, and YrsSouth are

highest, and thus these variables will be used in the least squares regression analysis.

AYearsEd = 0.750 +12.60AYrEightIncNd -2.87AEarlySep +0.302AYrsSouth

(0.83) (1.61) (-0.30) (1.49)

Here, the least-squares estimate of the treatment effect is, as before, not statistically sig-

nificant. Nevertheless, the sign of the effect is positive, which is consistent with the result

obtained before regression adjustment took place.

The table below summarizes the results both before and after least-squares regression

adjustment for all three pairs of groups. Only the YearsEd outcome variable is provided

in this comparison between the two sets of results. Also included is the z-statistic for the

difference of means in the YrsEd variable before regression adjustment is performed. For the

z-statistic, a value less than -1.645 corresponds to statistically significant evidence that the
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actual mean for YearsEd in the control population is less than the corresponding mean in

the experimental population (the group whose income rose and remained above the poverty

line). A t-statistic whose absolute value is greater than 1.96 provides statistically significant

evidence that the true coefficient 8o is not zero.

Though none of the six estimates of the effect of an income infusion on an individual's

eventual years of education yield statistically significant results, all of them suggest that the

rise in income does have a positive effect. Because of the small number of individuals whose

income undergoes the trajectory whose effect we wish to estimate, obtaining statistically

significant results requires, in the first case, large differences in means or, in the second case,

relatively high estimates of the true value of the coefficient Po.

A careful look at both sets of results reveals the peculiar outcome that the infusion seems

to have a greater benefit after the age of eight than it does after the age of six or seven.

Similarly, it appears that the infusion after the age of seven has a greater benefit than it

does after the age of six. One must bear in mind that, because of the paucity of relevant

data, this may simply be due to chance fluctuations around some true values.
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Chapter 6

Two Alternative Methods

Though the matching methods described in the previous chapter have the desirable property

that they eliminate a substantial amount of the pre-treatment bias along various background

variables, they force the analyst to ignore all information about most of the individuals in

the PSID sample, some of which may contain valuable information for the question which

we are trying to answer. In the next couple of sections, two other ways of examining the

effect of childhood exposure to poverty on an individual's educational attainment are briefly

described, both of which consider more of the PSID sample individuals.

6.1 An Econometric Analysis of all 1705 Individuals

Despite the advantages of restricting the analysis to individuals who satisfy particular in-

come pattern criteria, constructing a model which considers all 1705 sample individuals is

not necessarily superfluous. By proceeding in this manner, one can investigate the extent

to which the results obtained using matched sampling methods differ from those estimated

with traditional econometric techniques. For example, one can conduct a linear regression

which has as its dependent variable the number of years of education which a child receives
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and as its independent variables the background information which was adjusted for above.

For the following model, the income measure, known as AvgEarlylnc, will simply equal the

average income-to-needs ratio during the first three years (when child is six, seven, and

eight). The first equation provides all variables included in the initial model. The second

equation was obtained by eliminating variables one at a time until no independent variable

with a t-statistic below 2.0 remained.

11.645

(62.0)

+0.3398 * NoParent

(1.53)

+0.00389 * Weight

(1.08)

-0.3113 * EarlyDis -(

(-2.63)

Cd = 11.680

(63.8)

-0.331 * EarlyDis

(-2.84)

-0.933 * EarlySeps

(-2.37)

+0.637 * DadEd

(6.49)

+0.023 * Firstborn

(0.28)

-0.074 * AvNumSibs

(-2.81)

0.3455 * EarlyWithOnePa

(-2.44)

+0.649 * DadEd

(6.97)

-0.075 * AvNumSibs

(-2.98)

+0.507 * MomnEd +0.189 * OneParent

(5.90) (1.26)

+0.274 * Female +0.415 * NonWhite

(3.80) (3.60)

-0.510 * EarlySeps +0.070 * EarlyMomWorked

(-1.17) (0.78)

r -0.011 * YrsSouth +0.154 * AvgEarlyInc

(-1.2) (4.68)

+0.516 * MomEd +0.300 * NonWhite

(6.13) (3.41)

+0.285 * Female +0.178 * AvgEarlylnc

(3.95) (5.69)

From both the first and second equation, one can see that the average income which a

child receives during the early years of his/her life seems to have a statistically significant

relationship with the number of years of education he/she receives. One problem with a

model such as this one is that it assumes a linear relationship between the dependent variable

and all of the independent variables. Nevertheless, the result suggests that income does

indeed matter, which is consistent with our previous results (which were not statistically
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significant).

An alternative income variable for a model such as the previous one could measure the

number of years (out of the first three) during which a given child is exposed to poverty.

A variable EarlyEzposed is constructed which can take on one of four possible values (0,

1, 2, or 3). This variable replaces AvgEarlylnc from above in the least-squares regression

analysis, which yields the following two equations.

11.96

(67.4)

+0.407 * NoParent

(1.77)

+0.0063 * Weight

(1.71)

-0.358 * EarlyDis

(-2.93)

11.93

(66.8)

-0.361 * EarlyDis

(-3.05)

+0.0079 * Weight

(2.21)

+0.751 * DadEd

(7.81)

+0.0289 * Firstborr

(0.31)

-0.107 * AvNumSib

(-4.06)

-0.441 * EarlyWithOn4

(-2.98)

[t]cl +0.732 * DadEd

(7.89)

-0.769 * EarlySeps

(-2.01)

+0.290 * Female

(3.99)

+0.550 * MomEd

(6.40)

+0.289 * Female

(3.97)

-0.552 * EarlySeps

(-1.27)

-0.016 * YrsSouth

(-1.82)

[t]cl +0.581 * MomEd

(6.90)

+0.416 * NonWhite

(3.57)

+0.198 * OneParent

(1.38)

+0.400 * Nonwhite

(3.38)

+0.101 * EarlyMomWorked

(1.13)

+0.0032 * EarlyExposed

(.07)

[t]cl -0.113 * AvNumSibs [t]cl

(-4.65)

-0.246 * EarlyWithOnePar

(-2.43)

Though the previous model showed a statistically significant relationship between income

and educational attainment, this one does not show one between the years of education and

the number of years (of the first three) a person is exposed to poverty. Because the sign of the

EarlyExposed variable is positive, this model does not suggest that early childhood exposure

to poverty has an adverse effect on an individual's eventual educational attainment. This

contrasts with the results obtained using the matched sampling techniques, all of which
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suggested that children who rise out of poverty tend to stay in school for a longer period of

time than do similar individuals who remain poor.

The previous econometric models include independent variables such as EarlyWith-

OnePar, EarlyEzposed, and AvgEarlyInc, which provide information about the first three

of the ten years of interest. One could also include information about the final seven years

with variables such as LateWithOnePar, LateEzposed, and AvgLatelnc. These variables,

in addition to LateDis, LateMomWorked, and LateSeps, contain information about the

seven years during which the children's ages were between nine and fifteen. Performing a

stepwise linear regression with the appropriate additional independent variables for each of

the previous models, one finds that, in both cases, the late income variable is statistically

significant whereas the early one is not. The results of both stepwise linear regressions are

provided below.

11.82

(63.4)

+0.145 * AugLatelnc

(6.03)

-0.420 * LateDis

(-3.32)

11.97

(64.1)

-0.066 * LateEnposed

(-3.30)

-0.410 * LateDis

(-3.09)

[t]cl +0.589 * DadEd

(6.36)

-1.370 * LateSeps

(-2.10)

+0.276 * Female

(3.84)

[t]cl +0.718 * DadEd

(7.90)

-0.980 * EarlySej

(-2.49)

+0.0081 * Weighl

(2.29)

[t]cl +0.498 * MomEd

(5.88)

+0.366 * NonWhite

(4.09)

[t]cl

[t]cl +0.527 * MomEd

(6.21)

+0.448 * NonWhite

(3.83)

+0.307 * Female

(4.24)

-0.081 * AvNumSibs

(-3.28)

-0.282 * EarlyWithOnePar

(-2.84)

[t]cl -0.091 * AvNmSibs [t]cl

(-3.64)

-0.149 * LateSeps

(-2.29)
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For both of these econometric models, the income variables concerning the latter seven years

are statistically significant, whereas the two concerning the first three years are not. This

result is surprising, especially when one considers the belief held by most educationists that

early childhood exposure to poverty has the most pernicious effect on an individual, whereas

inadequate income later in one's childhood is not so harmful. Both models suggest that

childhood exposure to poverty adversely affects an individual's educational attainment.

The ability of various econometric methods to accurately determine the effect of em-

ployment and training programs on future earnings has been investigated by Lalonde.[25] It

appears that, when compared with the results from randomized experiments, many econo-

metric procedures do not yield accurate assessments of the effect of a treatment (in this

case, a training program) on a particular outcome variable. Because the 1705 PSID sample

individuals are very different from one another with respect to observed background char-

acteristics, the assumption that there exists a linear relationship between the dependent

variable and the several independent variables should not be readily accepted. Thus, these

results are perhaps less defensible than those obtained using multivariate matched sampling

techniques.

6.2 Matched Sampling on both Pre- and Post-Treatment

Information

When using matched sampling methods in the previous chapter, individuals whose families

rose out of poverty were compared with others whose families did not. One may also be

interested in comparing those individuals who were temporarily impoverished with others

whose household incomes were consistently above the poverty line. Then, one may gain a
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first-pass estimate of the educational "cost" of being exposed to poverty at a relatively early

age.

The second experimental group is composed of children who were exposed to poverty

at the ages of six and seven and were then unexposed for the next eight years. One can

then compare these individuals with others who are similar with respect to all important

background variables, but who were never exposed to poverty during the ten years of inter-

est. After rising out of poverty, all of the twenty-one experimental individuals have average

household income-to-needs ratios (during the final eight years) between one and four. Thus,

a control group is constructed of all individuals who are not exposed to poverty and whose

average income-to-needs ratio is between one and four. There exist 696 sample individuals

whose income patterns satisfy these criteria. As before, logistic regression is used to esti-

mate the coefficients in the propensity score calculation for background variables which are

deemed important. Though the following methodology runs counter to the matched sam-

pling method, which emphasized matching only on pre-treatment information, it represents

a different way to investigate a complicated problem. By matching appropriately, one can

compare the educational attainments of individuals who differ only on their poverty status

during the first two observed years.

For this analysis, matching variables will include information about the sample children

during all ten years of interest. As was previously explained, the variables EarlySeps, Ear-

lyMom Worked, EarlyDisabled, and EarlyWithOnePar provided information about the three

years during which a child's age was between six and eight. Corresponding information is

provided for the next seven years in the variables LateSeps, LateMom Worked, LateDisabled,

and Late WithOnePar. Because matching on the income during all eight years would result

in too many background variables for only twenty-one matched comparisons, two income
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measures to describe an individual's household income pattern during the eight years are

constructed. The first, LateAvglncNds, is simply the average houshold income-to-needs

ratio during the final eight years whereas the second, LateStDevlncNds is the standard de-

viation of the household income-to-needs ratio during this time. The table below provides

initial standardized differences between the experimental and control groups on twenty one

variables. In addition to this, the maximum likelihood estimates for the coefficients of

the background variables, with the corresponding t-statistics, are provided. Finally, the

standardized differences after employing all three matching methods are given. For the sec-

ond and third matched comparisons, five of the twenty-one experimental individuals were

ignored because there existed no good matches for them.
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Variable StdDiffAft er PrScoreMatch Mahalanobis Beta p-value

StdDiffBefore PropScoreMatch Eliminated Eliminated 5

DadEd -96.4 .12.5 0.0 0.0 -0.9049 .262

MomEd -38.7 29.4 26.4 -12.4 -0.2661 .710

OneParent 72.2 44.8 0.0 16.7 0.0000 --

NoParent 17.9 0.0 0.0 0.0 1.3249 .371

FirstBorn .14.9 12.6 0.0 0.0 0.2886 .691

Female 26.7 0.0 0.0 0.0 0.6814 .256

NonWhite 44.4 0.0 0.0 0.0 -1.4559 .151

EarlySeps 9.4 0.0 36.4 0.0 -65.0793 .154

MidBndSeps -26.6 0.0 -35.4 0.0 -4.8391 .678

BarlyMomWorked 14.5 -4.1 -5.4 4.9 .0.7392 .405

MidEndMomWorked 29.7 9.3 -0.0 -3.1 2.1475 .066

EarlyDisabled 50.6 -8.8 .11.8 -11.2 2.2049 .131

MidEndDisabled 41.7 -10.3 -2.8 8.8 -1.3542 .393

EarlyWithOnePar 106.2 17.1 -4.4 4.6 6.3183 .000

MidEndWithOnePar 24.8 -14.7 -18.2 -4.2 -5.1253 .000

Weight -78.8 -5.5 0.9 -.7.4 -0.0535 .147

AvgNumSiblings 29.5 16.0 25.2 29.0 0.1964 .343

YrsInSouth 51.1 -27.6 .28.2 -13.5 0.1213 .080

LateAvgIncNds -81.6 27.7 3.3 .1.3 -1.3433 .032

LateStDevlncNds 1.3 5.9 7.4 4.0 1.3812 .137

LogOdds - Constant 192.3 29.4 3.4 10.7 -2.4637 .226

AverageStdDiff 50.0 13.1 | 9.9 6.3

InfusionYrsEd 12.10 12.10 11.94 11.94

ControlYrsEd 12.82 12.62 12.60 12.44

Z-statistic -1.14 -1.04 -1.04

Inf HSGradRate 81.0 81.0 76.0 75.0

Cont HSGradRate 89.2 81.0 81.3 87.5

Though none of the differences in the years of education between the treated and control

groups are statistically significant, the consistency between the three matched comparisons

(differences of .52, .56, and .50 years of education) suggests that, with a larger number of

pairwise comparisons, a statistically significant result might be found. The third matched

comparison, with an average standardized difference of only 6.3%, is arguably the most

reliable of the three.

Twelve of the individuals in the second experimental group have matches from both

types of control groups (i.e. poor and non-poor). Therefore, one can compare twelve con-
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sistently poor individuals with twelve consistently non-poor individuals who are similar with

respect to the important background variables. The non-poor control subgroup averages

12.25 years of education, whereas the poor control subgroup remains in school for an av-

erage of 11.92 years. This difference is not statistically significant, though it does suggest

that poor children tend to achieve less academically than do similar individuals who are

not poor.

For these matched comparisons, the requirement that one define a "treatment" and

match individuals who are similar before that treatment takes place has been relaxed. Nev-

ertheless, the outcomes suggest that a child who has been temporarily exposed to poverty

early in his/her life tends to remain in school for a shorter period of time than one who

is similar but is not exposed to poverty. A similar set of matched comparisons can be

conducted for the first experimental group with the same control group. The results are

summarized in the following table.
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Variable StdDiffAfter PrScoreMatch Mahalanobis Beta p-value

StdDitfBefore PropScoreMatch Eliminated 3 Bliminated 3

DadBd -66.2 24.9 26.1 12.5 -0.5447 .244

MomEd -34.5 -5.0 -5.3 5.4 -0.2843 .484

OneParent 36.4 0.0 -7.0 0.0 0.52655 .397

NoParent -17.9 0.0 0.0 0.0 -- --

FirstBorn .0.7 0.0 -12.5 0.0 0.3113 .496

Female .7.1 0.0 -10.7 10.9 .0.2779 .454

NonWhite 34.6 0.0 0.0 0.0 -1.3930 .021

EarlySeps 11.0 18.8 10.6 -9.1 -1.1774 .588

MidEndSeps 7.3 0.0 -8.2 9.1 4.4389 .277

EarlyMomWorked 27.8 0.0 -6.5 -4.3 0.5404 .370

MidEndMomWorked 13.6 .9.9 -8.4 3.0 0.3395 .609

larlyDisabled 26.0 28.3 31.6 14.4 3.0692 .005

MidEndDisabled 16.2 28.1 29.4 7.5 -3.0610 .016

EarlyWithOnePar 36.9 6.6 -2.4 2.5 1.6834 .098

MidEndWithOnePar 20.4 -9.3 -12.7 .-5.8 -1.1613 .239

Weight -62.0 -2.2 -3.5 -11.1 -0.0453 .035

AvgNumSiblings 34.4 -6.7 6.9 -15.4 0.3018 .023

YrsInSouth 70.2 7.6 8.0 -16.1 0.1154 .006

LateAvgIncNds -60.8 24.8 12.5 9.1 -1.5486 .001

LateStDevIncNds 10.6 28.2 14.4 18.8 1.6238 .002

LogOdds - Constant 138.5 7.1 1.4 0.0 -0.6059 .688

AverageStdDiff 34.9 9.9 10.4 7.4 

InfusionYrsBd 12.00 12.00 11.89 11.89

ControlYrsBd 12.82 12.25 12.24 12.30

Z-statistic -0.70 -1.06 -1.24

Inf HSGradRate 72.5 72.5 70.3 70.3

Cont HSGradRate 89.2 86.0 83.8 73.0

These results, though not statistically significant, also suggest that children who are tem-

porarily exposed to poverty incur an educational cost. The estimates of the "cost" of this

one year of poverty are .25, .35, and .41 years of education. The residual bias on some

of the background variables remains relatively high, but these matched comparisons allow

a first-pass estimate of the cost of temporary exposure to poverty on a child's eventual

educational attainment.

Twenty nine of the children in the first experimental group have matches from both

types of control groups. The non-poor control subgroup averages 12.24 years of education,
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while the corresponding poor control subgroup has an average of 11.83 years of education.

As before, this (statistically insignificant) result suggests that non-poor individuals tend to

achieve more academically than do similar children who are poor.
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Chapter 7

Conclusions

Many policymakers believe that providing the families of poor children with additional in-

come is a desirable way to ameliorate childhood poverty and improve the opportunites open

to poor children. In this document, I have investigated the extent to which childhood ex-

posure to poverty affects an individual's eventual educational attainment. Using a filtered

portion of the Panel Study on Income Dynamics, I estimate the potential educational bene-

fits of markedly improving the economic circumstances of poor children and the educational

costs which children who are exposed to poverty for the first years of their lives incur.

For the purposes of this study, I have employed multivariate matched sampling methods

and linear regression techniques to isolate the effect of poverty on an individual's educational

attainment. For the matched comparisons, individuals who rose out of poverty at an early

age were compared with similar individuals who remained poor throughout their childhood.

These comparisons were conducted to make a first-pass estimate of the potential benefit

which lifting a poor child's household income above the poverty line could have on his/her

educational attainment. Those children who rose out of poverty were also compared with

similar individuals who were never exposed to poverty to determine any educational cost
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which they may have incurred. Finally, multiple linear regression models were estimated

to determine the effect which household income during an individual's early years has on

his/her eventual educational attainment.

The results of the first set of matched comparisons suggest that additional income may

tend to improve the educational attainment of poor children. The estimated benefits are

small and not statistically significant. There exists no income information about the PSID

children for the first six years of their lives, and some data suggest that a substantial

fraction of the children who seem to have risen out of poverty were only exposed for one

or two years. If this is true, then our estimates of the educational benefits of improving a

poor child's economic circumstances may be artificially inflated. In any case, the first set

of matched comparisons does not convincingly demonstrate that giving consistently poor

families additional income will improve the academic achievement of the children from these

families. The PSID children (the members of the three experimental groups) whose families

have, on their own, risen out of poverty may differ from poor children in ways which have

not been considered. Hence, if the poor families were to receive a permanent income subsidy

from the government, it is not entirely clear that their children would behave in the same

way that the "experimental" children have.

The second set of matched comparisons, which compared individuals who were similar

in all measurable respects except for the children's poverty status during their early years,

were conducted to estimate the cost of being exposed to poverty early in life. The results

of these matched comparisons suggest that those exposed to poverty early in life tend to

achieve less academically than do similar children who are never exposed. The estimated

cost is small, and the results are not statistically significant. For these matched comparisons,

though, the existence of "false poor" individuals in the experimental groups would tend to
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downwards-bias the estimate of the cost of early childhood exposure to poverty. Thus, the

children exposed to poverty early in life may well experience an educational cost which is

greater than the best estimates suggest.

Finally, linear regression models were constructed to estimate the effect which household

income and exposure to poverty during an individual's childhood has on his/her educational

attainment. For the first set of econometric models, the longitudinal independent variables

contain information about the first three years of interest (when children's ages were between

six and eight). These models suggest that household income during these three years is a

statistically significant determinant of an individual's educational attainment and that the

number of years exposed to poverty is not. The more elaborate models, which also include

information about the last seven years of interest, yield the surprising result that income

in later years (i.e. 9-15) is a more important determinant of one's educational attainment

than it is in the early (6-8) years. These results go against the belief, which is held by many

educationists, that income in the early years of a child's life are the most critical to his/her

eventual academic performance.

The results from the matched comparison methods are consistent with those obtained

by Haveman and Wolfe in their analysis of the data. As the results from their econometric

models suggested, if the government were to make a concerted effort to ameliorate poverty,

the educational attainment of poor children would only slightly improve. Because these

two methods are quite dissimilar, and yet both suggest only a modest benefit, the combined

results of these two analyses are more credible than either would be on its own. One must

bear in mind, though, that both analyses use the same data set, which is an imperfect set of

information for the question we are trying to answer. The presence of several confounding

factors is disturbing, and it is impossible to know to what extent other important informa-
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tion has been excluded. More recent empirical research has focused on the effects of changes

in state tax laws on the behavior of impoverished families. Rigorous analyses of these data

may provide more illuminating answers than the PSID data set can.

If the aggregate effect of the confounding factors is small, then the matched sampling

methods used in this analysis suggest two things. First, it appears that children who are

exposed to poverty for the first several years of their lives, and are then permanently lifted

out of poverty, do incur an educational cost later on. First-pass estimates suggest that these

children lose approximately a half of a year of education from this early exposure to poverty.

Second, it is unlikely that improving the economic circumstance of children who have been

exposed to poverty for the first several years of their lives will substantially improve their

educational attainment. If the parents of a poor child do not use an income subsidy in ways

which directly benefit the child, then the money may have no effect on the quality of the

child's home environment or on his/her academic performance. Compensatory education

programs or increased funding for the public schools in poor communities may prove to be

much more effective ways to improve the educational prospects for poor children.
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