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ABSTRACT

The General Educational Development (GED) credential has become the primary “second
chance” route to high school certification for school dropouts in the United States. Despite the
widespread use of the GED, however, bias due to self-selection has limited our knowledge about the
effects of the credential on the labor market outcomes of dropouts. This paper uses a series of
natural experiments created by interstate variation in GED passing standards to reduce self-selection
bias in estimates of the impact of the GED on the earnings of young dropouts. To exploit the natural
experiments, we use a unique merged data set containing the GED test scores and Social Security
earnings of a sample of 16-21 year-old dropouts who attempted the GED in 1990. As a result of our
research design and the fact that lower-scoring GED candidates receive very little post-secondary
education, our results primarily measure the labor market signaling value of the GED. For dropouts
who have indicated a desire to acquire the credential and whose skills place them on the margin of
passing the GED exams, we find that acquisition of a GED increases the 1995 earnings of young
white dropouts by 10-19 percent. These results are robust to experiments that use different treatment
and comparison groups, and they withstand sensitivity analyses that explore possible violations of
our identifying assumptions. We find no statistically significant evidence that the GED increases
the earnings of young nonwhite dropouts, a result that we attribute to a “programmatic effect”

discussed in the paper.
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Estimating the Impact of the GED on the Earnings of Young Dropouts
Using a Series of Natural Experiments

Introduction

The General Educational Development (GED) credential has become the primary “second
chance” route to high schog)l certification for school dropouts in the United States. The GED
program was initiated in 1942 as a means of providing World War II veterans lacking a high
school diploma with an opportunity to earn a secondary credential. Civilians first took the tests in
1952. Since 1949, 12.6 million adults have been awarded a GED. In 1996 a record 758,500
school dropouts attempted the GED and 524,500 of these achieved scores high enough to be
awarded the certificate. Currently, all fifty states, the District of Columbia, U.S. territories, 10
Canadian provinces and territories, and several foreign countries use and recognize the GED as an
alternative high school credential.'

The growth of the GED program is due to two overarching reasons. First, the GED is
recognized as a valid secondary-completion certificate by most post-secondary institutions and
training programs. Second, governmental policies have both encouraged school dropouts to
pursue a GED and have funneled federal dollars into GED preparation programs.’

Within the last ten years at least thirteen studies have examined the impact of the GED on
labor market outcomes.’> However, all of these studies are potentially compromised by selectivity
bias. The self-selection problem arises because unmeasured variables (e.g., motivation) that

determine who selects to acquire a GED may also determine earnings. Failure to control for these

! Information in this paragraph is from the GED Testing Service (1991b) and (1997).

2 Cameron and Heckman (1993) argue that (a) the 1966 Adult Basic Education Act and
(b) a variety of federal programs related to post-secondary education and training (such as
qualification requirements for Pell grants) created a demand for high school credentials that fueled
the post-1963 growth in the number of GED-certified secondary completers. We note that many
welfare and job training programs also have components that encourage GED acquisition.

3 See Boesel, Alsalam, and Smith (1997) for an extended listing. See also Murnane,
Willett, and Boudett (1995; 1997).



variables will confound the effects of the credential on earnings with the effects of the unmeasured
variables on earnings.

We are able to reduce selectivity bias and provide more credible estimates of the treatment
effect of the GED on earnings in two ways. First, we use a research design that exploits a series of
“natural experiments™* that arise because different states have different standards regarding what
constitutes a “passing” score on the GED exams. This interstate variation in GED passing
standards allows us to compare the mean earnings of dropouts who have the same GED test-
scores, but who differ in GED-status depending on their state of residence. The result is that we
have a plausible source of exogenous variation in GED-status. Second, our data—containing
basic demographic information, GED test-scores, and Social Security-taxable earnings—are from
a large, national sample of dropouts who have all attempted the GED battery of exams. Using
these data, we control for all treatment and comparison group differences that originate in the
decision to acquire a GED.’ Our research design and data mean that our estimates can be
interpreted as the effect of the GED on the annual earnings of young dropouts who desire a GED
and whose cognitive skills place them at the margin of being able to pass the GED exams. For
such individuals, our estimates show that GED acquisition is associated with a 10 to 19 percent
increase in the earnings of young, white dropouts five years after obtaining the credential.® We

find no evidence that the GED affects the earnings of young, non-white dropouts. As we will

* For a discussion of the use of “natural experiments” in an economic context see Meyer
(1995), Heckman and Smith (1995), and Besley and Case (1994).

5 As noted by a reader of an earlier draft, this is true under the assumptions that (1) the
costs of taking the GED are the same across states, and (2) the decision to take the exam is
unaffected by the passing standard. Assumption (1) is effectively satisfied since the out-of-pocket
costs for taking the GED in 1990 ranged from $0 to $40. The second assumption is an important
identifying assumption in our work, and we discuss possible violations of this assumption later in
the paper.

S To put the 19 percent upper bound estimate in perspective, if this were entirely a wage
effect, then the $1,500 increase to the $7,800 baseline earnings of the comparison group, would
represent an extra 75 cents an hour (from $3.90 to $4.65) for a full-time, full-year worker. On the
other hand, analyses that we discuss in the appendix suggests that a substantial part of the
treatment effect we measure, especially for females, may represent movement from persistent non-
employment to employment.



show later, our estimates are primarily measures of the labor market signaling value of a GED.

This paper is organized as follows. In Section 1 we discuss the GED and its relation to the
labor market. Next, we discuss the natural experiments that we use to reduce selectivity bias. In
Sections 3 and 4 we discuss the data and the methodology we employ to obtain our estimates, and
in Section 5 we present our results and discuss possible explanations for the white—nonwhite

differences we find. Section 6 concludes and summarizes.

Section 1.

The GED and the U.S. Labor Market

The GED battery of exams consists of five tests covering mathematics, writing, social studies,
science, and “interpreting literature and the arts.”” Since 1988, the writing component of the test
has included an essay; the rest of the test battery is multiple choice. Examinees may take the test
in English, Spanish, or French,® and they may choose to take any or all of the five sub-tests in a
particular sitting. An additional feature of the GED program is that individuals with low scores on
any of the tests may retake these tests,” and later in the paper we discuss the implications of this

retesting feature for how we use our data. There are state restrictions on minimum age (usually

7 This latter test is often referred to as a “reading” test.

® This is an interesting feature of the GED since it means that an individual could obtain
this high school equivalency credential in the U.S. without being able to read English. In 1990,
about 5 percent of all testers took the Spanish language version of the tests, while less than one-
half of one percent took the tests in the French language version. In recent years some degree-
granting post-secondary institutions have made the decision to not accept GED credentials that
were earned on a non-English version of the test (Batts 1997; Erwin 1997). It is not clear,
however, how widespread this practice is.

® There is state variation in retesting guidelines, with most states requiring individuals to
wait two to six months before retesting. Also, individuals cannot retest on the same GED test
form in a given year. Since there are 3 forms, this means that an individual may take the GED up
to three times a year. Our tabulations of the Connecticut and Florida data (the only data that allow
us to identify multiple testers) show that 18 percent of white dropouts and 25 to 30 percent of
nonwhite dropouts had taken the battery prior to their 1990 attempt.

3



17-18) and residency (GED Testing Service 1991b).

The GED test battery is periodically normed using a national sample of graduating high
school seniors; the last norming was completed in 1987."° The Commission on Educational Credit
and Credentials of the American Council of Education (ACE)" has traditionally recommended
that state minimum score requirements be set such that about 70 percent of the norming sample
would qualify for the credential. However, the GED program is jointly supervised by the GED
Testing Service (GEDTS) and the individual state education agencies, and each state is free to set
standards higher than the ACE-suggested minimum. Most have chosen to do so, and this fact
creates the natural experiments that are critical to our study.

As stated earlier, the purpose of this study is to isolate and estimate the impact of obtaining a
GED on the earnings of young dropouts. There are three primary routes through which
acquisition of a GED could, in fact, lead to improved labor market outcomes.?

First, for those dropouts with low levels of basic cognitive skills or with English language
deficiencies, raising their skills to levels required to pass the GED battery would increase their
store of human capital. The evidence on the average amount of time spent in GED preparation
activities does not give a clear indication of the potential importance of this human capital

component of the GED."”

1 The norming is conducted on a sample of individuals who have no stake in the outcomes
of the test. This may or may not be a critical determinant in the effectiveness of the norming
process. The GEDTS has conducted a study that indicates that the GED scores of the norming
sample of high school seniors are highly correlated with their regular school grades (Auchter and
Skaggs 1994).

I The GED Testing Service is a division of the American Council on Education.

12 prior work on the GED has generally included some discussion of the mechanisms
through which a GED could affect labor market outcomes. See for example Cameron and
Heckman (1993), Cameron (1994), Murnane, Willett, and Boudett (1995; 1997), and Murnane,
Willett, and Tyler (1996).

13 We know that the median time spent in GED preparation in 1989 was only 30.5 hours
(GED Testing Service 1991a). Cameron and Heckman (1993) use these figures to suggest that,
on average, there could be little human capital acquisition associated with pre-GED preparation,
since little time was spent preparing for the GED battery. However, these figures on time spent
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Spence’s (1973) signaling model offers a second mechanism through which a GED could
affect the earnings of dropouts. In this case, dropouts with higher levels of productive traits such
as ambition or cognitive skills need a way to distinguish themselves in the labor market from other
dropouts. These more skilled, motivated, or “mature” dropouts obtain a GED as a way to signal
to employers that they possess these positive attributes. If employers value the GED as a signal of
otherwise unobservable or costly-to-observe productive traits, then dropouts with a GED will
have better employment opportunities, on average, than dropouts without the credential. As a
result we would likely see GED-holders with higher earnings than non-credentialed dropouts.™*

Finally, it could be that the GED indirectly affects labor market outcomes through its
function as a “gatekeeper” to many post-secondary education and training programs and the
funding that students often use to pay for these programs (e.g., Pell grants). Virtually all post-
secondary institutions and many training programs require a high school degree or a high school

equivalency credential for admittance to degree-granting programs,'® and the GED is by far the

«...studying for the tests” (GED Testing Service, 1991, p. 2) may tell us little about a potentially
large segment of the GED population that may have spent many months in Adult Basic Education
(ABE) or English as a Second Language (ESL) classes bringing their basic skills and language up
to levels sufficient to pass the test. Because of the way the “study time” questions have been
worded in GEDTS surveys, it is unlikely that respondents included long-term time spent in basic
skills preparation as a part of their response. Thus, the median “study” time for the GED could
potentially be higher than what has previously been reported, and thus, GED-acquisition could
well be associated with substantial human capital formation.

14 A critical component of Spence’s model is that it must be less costly for the more
productive dropouts to obtain the credential than it is for dropouts with lower average levels of
the productive traits in question. The fees for taking the GED exam are so low (ranging from no
charge to $30 in 1991) as to effectively be zero. Thus, the costs required for the signaling
hypothesis to hold must be in terms of the opportunity costs associated with time spent in GED
preparation and/or in the “psychic” costs associated with motivating oneself to prepare for and
take the seven and three-quarter hour battery.

13 Boesel, Alsalam, and Smith’s extensive survey of the literature suggests that over 90
percent of post-secondary institutions permit students to matriculate in degree-granting programs
without a traditional high school diploma, but they do require alternative certification such as the
GED (1997). It is important to distinguish degree-granting programs from non-degree-granting
programs at post-secondary institutions, since many community colleges have, for example, GED
preparation programs, and other offerings that are not to be considered as true post-secondary
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most common credential obtained by dropouts (Cameron and Heckman 1993 p. 4). To the extent
that dropouts use a GED to access post-secondary education, training, and funding that would
otherwise be denied to them, and to the extent that post-secondary education and training impact
labor market outcomes, GED-acquisition will affect labor market outcomes.

Our tabulation of High School and Beyond data indicate that about 29 percent® of dropouts
with a GED enroll in a post-secondary institution. However, individuals that drive the estimates in
this paper are those who are on the margin of passing the GED exams, and so a more appropriate
comparison group in the High School and Beyond would be those GED-holders who score in the
lowest quartile of the sophomore math test in the High School and Beyond data. In this group,
about 21 percent of the GED-holders get any post-secondary education and they obtain, on
average, about 1 year of post-secondary education. Using these figures along with a 5 percent
return to a year of post-secondary education,'’ this “gatekeeping” function can, at most, only
explain about 1 percentage points out of our estimated 10-19 percent treatment effect.
Furthermore, as we will show in the next section, our natural experiment methodology results in
there being no human capital component to our estimates. As a result, our estimates primarily
represent the signaling value of the GED in the labor market, and as such, they represent the only
empirical estimates of the returns to a labor market signal.'®

To establish a baseline for the relationship between GED acquisition and labor market

education.

16 The National Longitudinal Survey of Youth (NLSY), which first surveyed a sample of
14-21 year-olds in 1979, has self-reported information on post-secondary enrollment. Previous
research using these data suggests that between 30 and 38 percent of GED recipients had enrolled
in a two- or four-year college by age 28 (Cameron and Heckman 1993; Gareth, Jing, and Kutner
1995).

!7 See Kane and Rouse (1995).

18 Lang and Kropp (1986) use compulsory schooling laws to test a human capital vs.
sorting explanation of years of completed schooling. However, their work does not attempt to
estimate a return to the signal provided by another year of schooling. For other discussions of
human capital versus signaling explanations of educational attainment see Lang (1994), Weiss
(1995), Spence (1973), and Stiglitz (1975).



outcomes, we turn to the October 1993 CPS." Table 1 displays the results of log wage and
employment regressions fitted separately for young white and nonwhite dropouts.? In estimates
that control for gender and region of the country, the second row of Table 1 indicates that young
white GED-holders have wages approximately 14 percent higher than white dropouts without a
GED, and they have an 8 percentage point greater chance of being employed. Meanwhile, young
nonwhite GED-holders enjoy no measurable advantage over nonwhite dropouts without a GED in
either wages or probability of employment. While these baseline correlations between GED
attainment and labor market outcomes are interesting and informative in their own right, potential
self-selection bias precludes a causal interpretation. To reduce or eliminate potential self-selection
bias in estimates of the effect of the GED on outcomes we must turn to our natural experiment

framework.

Section 2.

Interstate Variation in GED Passing Standards

For a simple example of how we exploit interstate variation in GED passing standards, consider
New York and Connecticut. Since 1985, New York has maintained a higher passing standard than
has Connecticut. In any given year a subset of dropouts who took the GED in Connecticut
achieved scores just high enough to obtain the credential that year. In the same year, a subset of
dropouts who took the GED exams in New York achieved exactly the same scores as the
Connecticut subset, but none of these individuals obtained a GED under the higher New York
standards. Thus, individuals in the Connecticut and New York subsets have the same GED test-
scores and individuals in both groups all chose to try to acquire a GED. However, dropouts in the

Connecticut subset possess the GED credential while dropouts in the New York subset do not,

¥ The October CPS is the only Current Population Survey or Decennial Census survey
that distinguishes GED-holders from regular high school graduates.

20 We fit separate regressions for whites and nonwhites because, as we explain later, this 1s
the approach used for the main analyses reported in this paper.
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and as a result, among this subset, we can compare similarly skilled individuals who all desire a
GED, but who differ in GED status as a result of their state of residence. Once we have
accounted for potential differences in state labor markets, we can use this variation in GED-status
to learn about the impact of the GED on earnings by comparing the mean earnings of these two
groups. In this case we are learning about the average effects of the GED on the earnings of
dropouts who express a desire to obtain a GED and whose scores place them on the margin of
passing the exams.

All of the states in our sample define their GED passing standards in terms of a combination
of the minimum and the mean (or total) scores. For example, in 1990 New York and Florida had
relatively high passing standards by requiring that dropouts have a minimum score of at least 40
and a mean score of at least 45. Texas, Louisiana, Mississippi, and Nebraska had the lowest
standards in 1990, requiring dropouts to have either a minimum of at least 40 or a mean score of
at least 45. The other, medium, GED passing standard used in this paper was the most widely
used standard in 1990, and it required a minimum of at least 35 and a mean of at least 45. Our
research requires that we use different minimum-mean score combinations to construct different
GED score-groups. Table 2 shows the results of that process.

The rows of Table 2 represent different, sequential ranges of minimum test scores and the
two columns represent two divisions of mean scores. To fit our research design, we have
constructed ten GED “score groups” from certain combinations of these minimum and mean
score ranges. Score group 1, the lowest ranking score group, consists of individuals whose
minimum GED score out of the five tests was between 20 and 34, inclusive, and whose mean
score was less than 45. Meanwhile, score group 10 contains the highest scoring test-takers, those
whose minimum score is 53 or above and whose mean is greater than or equal to 45. The rank
ordering of the score groups is obvious from the layout of the table, except for score groups 3 and
4, but a moments glance makes it clear that both score groups 4 and 5 are higher hurdles than

score group 3.



For our research, the critical score groups in Table 2 are score groups 3 and 4. These are the
“affected score-groups” for two different natural experiments we will exploit. In each of these
two scoring ranges individuals in lower passing standard states—the “treatment states”—have a
GED, while individuals in the same scoring range in “comparison states” do not have a GED due
to higher state passing standards. When we generate estimates that use score group 3 to form the
experiment, the treatment states are Texas, Louisiana, Mississippi, and Nebraska. For simplicity,
we will call this Experiment 3. Score group 3 is composed of individuals whose 5 scores are
hovering around the 45 mark, but with no scores high enough to bring their overall mean score up
to 45. Score group 4 is composed of individuals whose overall mean is 45 or above, but who have
at least one relatively low score in the 35-39 range.”® When our estimates use an experiment
where score group 4 is the affected score-group, called Experiment 4 for simplicity, 28 states are
included in the treatment-state group.”

In experiments that generate our primary estimates, individuals from New York and Florida
comprise the comparison group. We explain the reasons for using New York and Florida as the
comparison states in the data section of this paper.

In Table 2, score groups 1 and 2 are unambiguously composed of individuals with low
cognitive skills, as measured by the GED battery, and none of the individuals scoring in these
ranges would have a GED in any of the states. Score groups 5-10 are composed of individuals
with increasingly higher levels of cognitive skills, and individuals in these score groups would
have a GED in every state. There is only variation in GED status in score groups 3 and 4, and this

variation depends upon the state in which one takes the GED.

21 On average, the lowest scores for individuals are on the math and the writing tests
(Baldwin 1992, and the authors’ tabulation of the data in this study).

22 Although Connecticut would qualify as a treatment state in Experiment 4, we do not
include data from this state in forming our estimates. The reason is that we have the universe of
test-takers from Connecticut, but not from the other Experiment 4 treatment states, and we
believe that it is important to keep the definition of the treatment-state sample consistent. We
note, however, that the point estimates and standard errors change very little in analyses where we
have included Connecticut. Furthermore, we do compare outcomes in Connecticut and New York
in a later section of the paper as a robustness check on our primary estimates.
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In our pseudo-experiments using dropouts who have all indicated a desire to acquire a GED,
we use score groups 3 and 4 to compare the earnings of individuals whose scores on the exams
are the same, but who differ in GED status as a result of the state where they attempted the
exams. As a result, individuals who contribute to our estimates are plausibly balanced on pre-test
factors such as motivation to take and prepare for the tests and average levels of skills as
measured by GED test-scores. Furthermore, as we showed at the end of Section 1, lower-scoring
GED-holders—the individuals driving our results—engage in very little post-secondary education.
Thus, our estimates of the impact of the GED on earnings primarily measure the signaling value of

the GED in the labor market.

Section 3.

The Data

The data required to exploit the natural experiments described above must contain basic
demographics, GED test-scores, year tested, state in which tested, and an outcome measure such
as earnings. To obtain a data set containing all of this information, we have constructed a merged
data file that combines information from GED test files and from Social Security earnings files.
The GED test information comes from administrative data of the GED Testing Service and the
state education agencies of New York, Florida, and Connecticut. Using Social Security numbers
GED test-takers supplied at the time of the test,” the GED files were merged with Social Security

annual earnings data by programmers at the Social Security Administration (SSA).**

2 While providing SSNs on the GED test form is voluntary, our examination of the
Florida and Connecticut data indicate that about 98 percent of examinees 21 and younger (the
target group in our study) provide their Social Security numbers.

2 Angrist’s work, particularly his research into the effects of voluntary military service on
labor market outcomes (1997), has been very influential and informative in the development and
execution of our own project. Our paper is conceptually close to the 1997 Angrist paper, and his
experience in coordinating with Social Security Administration programmers in efforts linking
individuals to their Social Security earnings, grouping the resulting micro-data to satisfy SSA

10



3.1 Descriptive Summary of the Underlying Individual-Level Data

Table 3 presents details of the individual-level GED administrative data on which our analytic
sample is based.” In data obtained from New York, Florida, and Connecticut, we possess
information on the universe of dropouts who attempted the GED tests in each of these states in
1990, subject to Social Security number validation.?® For the data obtained from the GED Testing
Service (GEDTS), we have—from each of 42 states—a sample of dropouts who attempted the
GED battery in 1990. Later we discuss the critical role played by the universe of 1990 GED
candidates in New York and Florida in our research design. For now, we focus on the fact that
according to Table 3, most GED candidates are young, (around 50 percent of the dropouts who
attempt the GED are between 16 and 21 years of age, with most being 18, 19, or 20), mostly
white ( two-thirds), and about equally divided between males and females. Minimum GED test-
scores in rows 14-18 of Table 3 support earlier GED Testing Service reports showing that
dropouts find the math and the writing tests the most difficult tests in the battery. The percentage
of 1990 test-takers who scored high enough to obtain a GED (in row 19) is roughly comparable
in the different data sets to the 70 percent reported passing by the GED Testing Service in 1990
(GED Testing Service 1991a). Finally, the last two rows in Table 3 indicate the percentage of
each data set with valid Social Security numbers (SSNs)—a necessary condition for use in our

analyses.

confidentiality requirements, and then using the released aggregated data to answer research
questions has been invaluable to use. We are indebted to him for his help.

2 As we will explain shortly, we ultimately use aggregate data in our analyses as a result
of SSA regulations regarding the nature of data that they will release.

% We explain the SSN validation process in the Data Appendix. As Table 3 shows, SSN
validation is quite high for the Connecticut, Florida, and New York data, and thus for expository
simplicity, we discuss these data in the paper as if we had the entire universe of test-takers from
those states.

11



Based on information provided to us by the SSA regarding valid ranges of SSNs extant in the
U.S., we identified SSNs that were bogus and eliminated these observations before we sent the
data to SSA. Row 20 gives the percentage of potentially valid or “good” SSNs in the data after
these initial inspections.

After preliminary analyses and identification of “good” SSNs, we sent the data to SSA,
which attached Social Security-taxable earnings. As indicated in the last row of Table 3, except
for the special case of New York (whose lower match rate is explained in the Data Appendix), the
programmers at SSA were able to provide valid matches” and locate earnings for 90 to 95
percent of the individuals in the administrative GED data. The resulting micro data set contained
information collected at the time dropouts in the sample attempted the GED, together with Social

Security earnings records for each year from 1980 to 1995.

3.2 Construction and Descriptive Summary of the Aggregate, Released Data Set

As detailed by Angrist (1997), SSA earnings data have a number of limitations.” One important
limitation is that the SSA does not release individual earnings to researchers. Therefore, the micro
data set produced by the SSA that linked 163,521% GED-attempters to their earnings was the
starting point for SSA-construction of an aggregated data set that would satisfy both SSA
confidentiality requirements and our research design. The initial aggregated data set consisted of
2,138 cells defined by state, GED score, demographic group, age group, and two variables not
used in this project. Out of these 2,138 cells, 161 cells failed to meet a last SSA confidentiality

27 SSNs are not assumed to be valid by the SSA. Rather, when a match in the SSA data
base was found for an SSN in the administrative GED records, the demographic information in
the two data sets had to match according to a pre-determined algorithm. See the Data Appendix
for a discussion of the SSN validation process.

8 We discuss limitations regarding top coding, covered occupations, and other aspects of
the SSA earnings records in the Data Appendix. Our overall conclusion is that these limitations do
not provide serious problems for this research.

» The SSA actually linked 582,787 individuals to SSA earnings. This higher number
represents the extra individuals who took the GED in years 1984-1989 in Connecticut, Florida,
and New York. This paper concentrates on those tested in 1990.
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edit,® and thus the data set released to us by the SSA contains cell-identifiers for 1,977 cells,
along with the cell frequency, average FICA earnings, and the standard deviation of earnings for
each of the years 1980-1995.

Because the SSA will only release aggregate data, we had to make choices as to how we
wanted SSA programmers to aggregate the micro data set. Coarse stratification of the micro data
would result in the loss of much individual-level information. If our aggregation scheme stratified
the data too finely, many small cells subject to censoring would result. The key stratifying
decisions centered on test-taking age and race. The best balance between cell size and retention of
individual-level information resulted in stratifying race into two categories (white and non-white)
and test-taking age into two categories (those who were 16-21 when the test was attempted and
those who were 22-and-older when the test was attempted).®" The full list of stratifying variables

is presented in Table 4.

Because we must stratify rather coarsely on age (2 values), there is the possibility that age
heterogeneity may influence results which use the very heterogeneous older age group—those 22
and older in the year of the test. For this reason, our focus in this paper is on the impact of the
GED on earnings of dropouts who were age 16-21 when they attempted the GED. In what
follows then, all sample references are to the released aggregated data set of dropouts who

attempted the GED in 1990, when they were 16-21. Table 5 presents summary statistics for this

30 SSA confidentiality regulations require that no information be released in any cells
where there are fewer than 3 observations. The data released by the SSA were also subject to a
confidentiality edit that masks earnings information if other cell-related criteria are not met. These
additional edits had little effect on our data and are detailed in the Data Appendix.

3! We chose age 21 and younger as the cutoff both because of the observed distribution of
age at testing displayed in Table 3 and because well known evaluations of JTPA programs have
made a youth/adult distinction at age 21. See for example the 30-month follow up evaluations of
the JTPA in Orr et al (1996).
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group.*

The first thing to notice in Table 5 is that because we have the universe of young dropouts
who attempted the GED in 1990 in New York, Florida, and Connecticut, the relative number of
observations contributed by those states is large, as shown in column 1. The analytic sample is
considerably more white than nonwhite (column 5)* and slightly more male than female (column
6).

Columns 7 and 8 present the mean earnings five years after our sample of dropouts attempted
the GED battery, and these columns indicate that the mean earnings of dropouts are generally
low.>* While not reported in this table, the variance of 1995 earnings for any particular subset of
our sample are generally large relative to the mean, as is typical with annual earnings. The
variability of annual earnings in our data, combined with issues of statistical power, contributed to
decisions we made regarding the aggregation of males and females in our analyses. We discuss

this aggregation in a later footnote.

32 There are 990 cells with 3 or more observations in this data set, and each cell has
attached Social Security earnings information for the years 1980-1995.

33 While the percentage white is very high in some states, we have the universe of young
1990 test-takers in Florida, a heavily Hispanic state where three-quarters of the young dropouts
who attempt the GED are white. We further note that our aggregate percentage-white shown in
the last row compares favorably with GEDTS figures from a nationally representative sample of
1989 test-takers that indicate that 70 percent of all attempters that year were white (Baldwin
1990). Finally, Department of Education statistics show that in the mid- to late-1980s, when
individuals in our sample would have been dropping out of school, about 66 percent of the
secondary school dropouts were white (National Center for Education Statistics 1996, Table
101).

3 Notice also that the earnings in New York are surprisingly low compared to other
states. We have additional data at our disposal to examine the possible causes of these low
earnings in New York. In this additional data, we find that the positive earnings of dropouts in
New York are the highest of any state, indicating that in our data, many young dropouts in New
York had zero earnings in 1995.
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Columns 2, 3, and 4 in Table 5 designate whether a state falls into the treatment-group or
comparison-group category in each of the experiments involving score groups 3 and 4. These
columns illustrate how some states contribute to the treatment group in one experiment and to the
comparison group in the other experiment. For example, individuals in score group 4 in Arizona
are in the treatment category for Experiment 4, while individuals in score group 3 from the same
state are in the comparison group of Experiment 3*. Columns 2 and 3 show that the only
treatment states in experiments 3 and 3* are Texas and the states in the “Low passing states”
group. On the other hand, column 4 shows that in Experiment 4, the only comparison-group
states are New York and Florida. There are obviously many different interesting across-state
comparisons one could examine. However, contrasting only two states reduces our sample sizes
considerably and limits our statistical power for making inferences about treatment and
comparison-group differences.

Because of issues having to do with “retaking” the GED that we discuss in the Data
Appendix, New York and Florida form the comparison group in two of the three experiments. We
single out these states because the New York and Florida data contain only the accumulated best
scores of individuals who either have attained a GED or who have “stopped out” as of 1990.%
The 1990 GEDTS data, however, contain only a one-year “snapshot” of GED-attempters. Thus,
some portion of the individuals with non-passing scores in the GEDTS data will have
subsequently retested and passed the battery in the years 1991-1995. As a result, any comparison
group constructed from the GEDTS data will be contaminated with individuals who, in fact,
subsequently obtain a GED. Because of this, estimates of the effect of the GED on earnings where
the GEDTS data is used to construct comparison groups will estimate a lower bound treatment

effect .

35 By this we mean that we are certain that non-passers in the New York and Florida data
have not returned after 1990 to retake the exams and potentially receive a GED as of 1995, when
we measure earnings. In these states, anyone who took any portion of the tests after 1990 would
not be included in the 1984-1990 data, regardless of their passing status.

36 For example, using the Connecticut data, we find that out of the 1,641 16-21 year-old
dropouts who first tested in 1985, 66 percent passed on the first try. Out of those who did not
pass, 18 percent had retested and acquired a GED within two years and after four years a total of
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Section 4.

Methods

The goal of the empirical work is to identify the effect of the GED on the earnings of young
dropouts. Past research effc;rts in this area have not been able to effectively control for
unobserved differences between dropouts who chose to acquire the credential and dropouts who
do not. Since everyone in our sample of dropouts has attempted the GED battery of exams, our
sample construction controls for differences between those with and without the credential that
originate in the decision to acquire a GED. To further balance the attributes of the comparison
groups of interest, we use the natural experiments created by interstate variation in GED passing
standards to compare a subset of individuals in the data who have the same GED test-scores, but
who differ in GED-status. This comparison is captured in the following simple model describing

the annual earnings of dropouts in our data:

Y, = B, + BiST, + B3 SG, + a(T;+4SG) + B,Female +u,, 80

where

Y = individual #’s annual earnings in some year after the GED was attempted,
ST = a vector of state dummies,

SG = a vector of dummies representing the GED score group individual / is in,
T =1ifindividual i is in a (lower-standard) treatment state, and O otherwise,

ASG = 1 if individual 7 is in the affected score-group and 0 if individual 7 is in a higher

25 percent of the original non-passers had acquired a GED. The result is that the pass rate went
from 66 percent on the first try in 1985 to an eventual pass rate of 76 percent by the end of 1989.
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score group,”’

Female =1 ifindividual 7 is a female, 0 if a male, and

u = an error term with E[u|ST, ASG]=0 and u;, L (ST, ASG, ST*ASG).

The parameter of interest, &, represents the effect of the GED on the earnings of dropouts
whose GED-status is affected by state-of-residence. 1t is straightforward to show that « is equal

to

E[¥|T,=1,45G =1] - E[¥|1,=0,48G =1] - (E[Y|T;=1,4SG,=0] - E[Y|1,=0,45G =0]). (2

That is, the effect of GED-acquisition on the earnings of individuals in the affected score-group
can be obtained from a contrast of the mean earnings of individuals from treatment and
comparison-group states who are in the affected score-group compared to a contrast of the mean
earnings of individuals from treatment and comparison-group states who are in a score-group
above the affected score-group. Based on (2), a method of moments estimator of & can be
constructed from sample means.*® This difference-in-differences estimator (DD)* is
p=(Y1~Y)~ (Y~ Yeu) where,

T indexes individuals in the treatment group, that is, individuals in the affected score-

group who are in a low-passing-standard state in a given experiment, and thus have a
GED,

C indexes individuals in the comparison group, that is, individuals in the affected score-
group who are in a high-passing-standard state, and thus do not have a GED,

THi indexes individuals in treatment (low-standard) states that are in a scoring group

37 We do not use individuals who score in ranges below the affected score-group range in
our analyses because, in the GEDTS data, these score-groups are contaminated with individuals
who have a GED.

*® The standard errors for the estimator are obtained in the standard manner, with no
assumptions of equality of variances across groups.

* DD estimators go back at least as far as Campbell (1969) in psychology and have been
used recently in economics by Meyer (1989), Card and Krueger (1994), and Gruber (1994)
among others.
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higher than the affected score-group, and thus have a GED,

CHi indexes individuals in comparison-group (high-standard) states that are in the same
high scoring group as the THi group, and thus also have a GED,

¢ = the mean earnings of the treatment group,

¢ = the mean earnings of the comparison group,

rw = the mean earnings in the T Hi group, and

<

=

cm — the mean earnings in the C Hi group.

The identifying assumptions for the DD estimator follow from equation (1). First, our main
assumption—that the natural experiments generate exogenous variation in GED-status—is
captured in the assumed independence between the interaction term and u. gecbnd, equation (1)
allows for no higher order interactions. As Meyer (1995) points out, the possibility of interactions
is one of the main threats to the validity of inferences from a difference-in-differences design.
Finally, the nature of our data forces us to model the determinants of earnings levels, rather than
the determinants of the natural logarithm of earnings. Thus, we must assume either that the
correct model is specified in levels, rather than in logs, or that the distributions of earnings in
comparison groups are such that equation (1) is an appropriate model in either levels or logs.*’
Later in the paper we examine the empirical evidence regarding violations of each of these main

assumptions and find that any resulting biases have little effect on our estimates.*

“ For a discussion of the relationship between the distributions of outcomes and the
suitability of levels versus log models in a difference-in-differences design, see Meyer (1995).

* To account for the possibility that different treatment—comparison-group gender
distributions or different distributions across states within the treatment or comparison groups
could affect our results, we weight the data so that the weighted mean earnings in each group that
comprise the DD estimator reflect balance along the key dimensions.

In the context of heterogeneous treatment effects, Angrist (1997) discusses the difference
between the weighted a;,,, estimate of & (which he calls a “controlled contrast”) and the
regression estimate of & (call it &) in the presence of covariates (such as gender). Angrist’s
discussion is relevant to our work if we assume that there are group-specific constant treatment
effects (e.g. @, and &,,,,,). In this case, Angrist’s work can be used to show that the weighted

18



Section 5,

Results

The main research question addressed in this paper is whether acquisition of a GED has an impact
on the earnings of dropouts, We identify this effect using plausibly exogenous variation in GED-
status generated by interstate variation in GED passing standards. For a subset of GED test-takers
in the data who are affected by this state passing standard variation, we can identify the effect of
the GED on earnings, and our main findings for this group are that:

* acquisition of a GED increases the annual earnings of young white dropouts by 10-19

percent, but it may take up to five years to see gains of this magnitude, and

e we find no statistically significant impact of the GED on the earnings of young
nonwhite dropouts five years after GED receipt.
These results are stable across several experiments that use different treatment and comparison
groups, and they withstand sensitivity analyses that explore possible violations of our identifying

assumptions.

5.1 DD Estimates of the Impact of the GED on the
Earnings of Young Dropouts
The DD estimator that we use, (Y1~ Y )~ (Y~ Y o), requires a second difference, (Y5~ Y o),
that is constructed over dropouts in the treatment and comparison states who all have scores
above the GED passing threshold. For simplicity, we call these groups the high comparison-
groups. We could use aﬁy of the score groups 5 through 10 to form the high comparison groups,
since all individuals in these score ranges have a GED regardless of the state. We have chosen to

use all of the individuals in score groups 5 through 10 to form the high comparison groups in our

pp, 1s not necessarily equal ,. Our own comparisons of &), and &, show that the story is
qualitatively the same with either estimator.

Also, in separate analyses, we reproduce all of the results of this paper using different
weighting schemes. The results are not sensitive to the choice of weights.
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DD estimates to avoid making arbitrary decisions about which score group to use and to
maximize the number of observations in the high comparison groups.** Using this specification
and the DD estimator, the central results of this paper are shown in Table 6. In that table we
present separate estimates for white and nonwhite dropouts® from three different experiments
involving young dropouts who attempted the GED in 1990. For these dropouts, we measure the

effect of the GED on their 1995 earnings.

We focus initially on the estimates associated with Experiment 4 and Experiment 3. In these
experiments, acquisition of a GED is associated with about a $1,500 increase in annual earnings
for young white dropouts, which translates into a 19 percent increase in earnings.** The point
estimates for whites associated with the two different experiments ($1473 and $1531) are
remarkably similar given that the states that comprise the treatment group in each experiment are
completely different. Because the estimates in Table 6 are based on a pooled (male and female)
sample, it could be that the underlying treatment effects for males and females in the two
experiments are very different, even though the pooled estimates are similar. This, however, turns
out to not be the case as the figures below show. When estimated separately, the white male and

female estimates and standard errors for Experiments 3 and 4 are:

* Separate analyses verify that our results are not qualitatively different when we use any
one of the score groups 5-10 as the high comparison group, as opposed to using all individuals in
score groups 5-10 simultaneously. See Table 10 for the results for whites.

* Preliminary analyses conducted separately for white males, white females, nonwhite
males, and nonwhite females indicated that results for white males and females were similar and
that results for nonwhite males and females were similar. Thus, to increase sample size and
statistical power, the analyses in this paper aggregate by gender and not by white-nonwhite.

* The percentage increase is calculated as (DD Est.)/Y .

20



White Males White Females

Experiment 4 1657* 1195
937) (821)

Experiment 3 1649* 1430%*
861) (546)

Both Experiment 3 and Experiment 4 use New York and Florida as comparison-group states.
Experiment 3*, like Experiment 3, uses Texas, Louisiana, Mississippi, and Nebraska as treatment
states, with the members of score group 3 in these states forming the treatment group. Instead of
using New York and Florida as comparison-group states, however, Experiment 3* uses states
from the GEDTS data in the comparison groups. As we discussed at the end of the Section 3, we
know that when the GEDTS data are used to construct the comparison group, the comparison
group is contaminated by some individuals who actually have a GED. Because of this, the 1995
earnings of the comparison group will be “artificially” high and the DD estimate will be a
downwardly biased, conservative estimate.

On the other hand, since the scores of the comparison group in Experiments 3 and 4 are
based on the accumulated best scores in the New York and Florida data, rather than “one shot”
scores, the comparison groups in these experiments may be slightly less skilled than the treatment
group. As a result, the estimates in Experiments 3 and 4 may be upwardly biased,* and thus,
Experiment 3* can be interpreted as a lower bound estimate and Experiments 3 and 4 as upper
bound estimates of the GED treatment effect. Taken together, these three sets of results provide
strong evidence that we are doing a reasonable job of estimating the true underlying population

parameter.*°

* However, DD estimates constructed using Connecticut and New York that we present
later in Table 8 suggest that there may be little or no upward bias. The relevance of the
Connecticut—-New York comparison for this discussion is that scores in both of these states are
constructed from accumulated best scores.

“ In Appendix C we discuss the limited evidence we have regarding how much of these
earnings effects work through increased wages vs. through increased employment. Qur tentative
conclusions in that discussion are that the GED does not affect the persistent non-employment
(percentage of individuals with zero earnings in a year) of white males, but that a part of its affect
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The results for nonwhite dropouts are very different from the results for white dropouts. The
three experiments yield no statistically significant evidence that acquisition of a GED results in
higher earnings for nonwhite dropouts. We will return to the nonwhite results later in the paper,
but we note at this point that the pattern of estimates we obtain using a natural experiment
approach match closely the pattern of estimates displayed in Table 1 using CPS data: namely,
substantial treatment effects for whites and small and statistically insignificant effects for
nonwhites.*’

Our estimates for whites in Table 6 are formed over a sample of dropouts who have all
indicated a desire to acquire a GED. Furthermore, the effect of the GED on earnings is identified
for a subset of the data whose scores place them on the margin of passing the GED exams. As a
result, our estimates should be interpreted as the effect of the GED on the earnings of young
dropouts who attempted to acquire a GED in the labor-market and GED-program environments
of the early 1990s*® and whose cognitive skills place them on the margin of passing the GED
exams. We believe that our research design and data make our results the best estimates to date of
the effect of the GED on the earnings of young dropouts, and the first estimates of the signaling
value of the credential.

We have shown that our estimates are robust to the use of different treatment and
comparison groups. As a further robustness check on our estimates in Table 6, we obtain
estimates from experiments that contrast two states that are geographically close. The
attractiveness of such experiments are that since only two states are involved, it is very clear what
groups are being compared, and it is clear what state effects are being removed by the DD

estimator. The first experiment in these dual-state estimates compares Connecticut (a lower

on increasing the mean earnings of white females is by decreasing the percent who are persistently
unemployed.

*T It is important to keep in mind that the Table 1 estimates use log wages and probability
of employment as the dependent variables, while the main results in this paper use annual earnings
as the dependent variable.

*® The GED program environment has recently changed. As of January 1, 1997, the
minimum passing requirements recommended by the ACE were raised to those reflected by the
high standard states in this project—a 40 minimum score and a 45 mean score.
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standard state) and New York (a higher standard state). This experiment is especially appealing
because we have the universe of 1990 test-takers from each of these states, and it can thus serve
as a sensitivity check regarding the extent to which our previous estimates might be influenced by
the particular samples drawn in the GEDTS data. Two other dual-state comparisons we present
are Texas vs. Florida and Texas vs. Arizona.*” The estimates from these dual-state comparisons
are in Table 8, and the similarity of these point estimates to those of the larger experiments are
striking. We take this as additional evidence that our natural experiment approach yields estimates

of the underlying population parameter of interest.

While small sample sizes in these dual-state experiments leave us with point estimates that
are not precisely estimated (except the Texas-Florida experiment), the Connecticut vs. New York
and Texas vs. Arizona point estimates are very similar to those in Table 5 for young whites. The
overall story of Table 8 is consistent with our earlier results: young whites dropouts receive

substantial monetary benefits from GED acquisition.*

5.2 Timing of GED Treatment Effects

As we explained in Section 1, our reliance on natural experiments means that we can only
measure the effect of the GED on earnings as it works through signaling or gatekeeping
mechanisms. As a result, it is likely that it might take some time afier receipt of the credential for
any effects on earnings to show up in our data. This is the primary reason we have concentrated

to this point on the 1995 earnings of young dropouts who attempted the GED in 1990. To

# 1t is important to note that while the dual-state experiments involving Texas—Florida and
Texas—Arizona are subsets of the multi-state Experiment 3*, the Connecticut—-New York
comparison is one that has not been conducted to this point, since Connecticut is not used in
Experiment 4 or Experiment 3.

%0 The point estimates and standard errors for nonwhites in these dual-state experiments
support the nonwhite results in Table 6.
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explore the possibility that benefits accruing from GED-acquisition do indeed take time to
develop, we construct DD estimates using earnings in the years 1991-1995 as the comparison
measure. These comparisons continue to use 1990 test-takers as the analytic sample, and we
concentrate on white dropouts.

Figures 1-3 show the year-by-year DD estimates for experiments 4, 3, and 3* ' Figures 1
and 2 suggest that it may take time for the GED to pay off for young white dropouts. Figure 1
shows that in the first two years after GED acquisition, GED-holders actually earn less than
dropouts with the same GED scores, but who do not have a GED. Over time GED-holders in the
treatment group begin to gain ground on their uncredentialed counterparts in the comparison
group, so that by the fifth year after GED-acquisition, they are earning $1473 more per year. We
take this pattern of growing treatment—comparison-group differences in earnings to indicate that
newly minted GED-holders are engaged in post-secondary education, training, or job search.’® It
appears that the treatment individuals in Experiment 3 are able to make the GED pay off sooner
than the treatment individuals in Experiment 4, but the trends are the same.*

The timing of payoffs to the GED estimated from Experiment 3* are displayed in Figure 3.
These comparisons between treatment and comparison individuals in the GEDTS data also show
some growth in the GED premium, but there are substantial payofs in the first year in these

comparisons.

*! Later in the paper we discuss earnings in the pre-treatment years.

> We have established that GED-holders get relatively small amounts of post-secondary
education on average. However, those that do may take a relatively long time to acquire credits
(e.g., via night courses) and they may remain in a relatively low paying “day” job during their
post-secondary experience. Such behavior could depress the average earnings of the treatment
group during the first years after GED receipt.

> The trends are roughly the same in Experiment 3*, but the presence of different numbers
of “contaminees” entering the comparison-group each year make interpretations of the time trend
of differences in Experiment 3* problematic.
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5.3 Threats to Identification

In this section we examine possible violations of our basic assumptions and the implications for
our estimates. As a road map to this section, Table 9 summarizes the series of specification tests
we discuss. The table presents the potential threats to identification, the likely direction of bias,

the method by which we assess the threat, and the results of each particular test.

Pre-treatment earnings comparisons.

In general, a necessary, but not sufficient condition, for the validity of inferences drawn from
any experiment is that there be no pre-treatment differences between treatment and comparison
outcomes. Figures 1a-3a reproduce Figures 1-3, this time adding the DD estimates from the two

years prior to treatment.**

Figures 1a and 3a indicate that there are no statistically distinguishable pre-treatment
differences in the mean earnings of the treatment and comparison groups in Experiment 4 and
Experiment 3*. In particular, the point estimates of the pre-treatment earnings comparisons in
Experiment 3* ($86 and $47) are very close to zero. In contrast, the pre-treatment comparisons in
Experiment 3 are negative and statistically significant. This suggests that we might expect to see
the treatment group faring worse that the comparison group in the absence of treatment,
indicating that attempts to estimate a treatment effect using these groups may be downwardly
biased. Thus, pre-treatment contrasts either support the comparability of the treatment and

comparison groups or suggest that, at least in Experiment 3, estimates of the treatment effect of

** In interpreting Figures 1a-3a, it is important to keep in mind the young age of our
sample of dropouts. In the two years before treatment, members of our sample were 14-19 and
then 15-20 years old, and the mean earnings of any one group in this period was only
$1,000-$3,000.
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the GED may be conservative.

Assessing the case for endogeneity bias.

There are two types of endogeneity that could bias our results. First, states could set their
passing standards in response to factors related to the potential labor market outcomes of
dropouts. For example, if low-standard states set low standards because the average skills of their
dropouts are low, and if dropouts in these states are paid relatively less well than dropouts in high
standard states, then the setting of the standard is obviously not exogenous. This type of
endogeneity, however, is simply a state effect in our model and will be accounted for in our DD
estimates. More complicated types of endogenous standard setting would appear as state—~GED or
state—skill interactions, problems we address below.

The second type of endogeneity involves individuals who possibly “endogenize” the GED
passing standards. That is, it may be that when faced with different passing standards, individuals
react in ways that may affect the composition of our treatment and comparison groups. In
particular, individuals may sort themselves, to some extent, into different score groups if faced
with different passing standards.> This supposition is obviously important since our basic

assumption is that individuals in our treatment and comparison affected-groups are, on average,
identical except in terms of GED status (i.e., #; L T;*ASG,). The primary concern is that

individuals in the affected score group in treatment states may have higher skills than individuals
in the affected score group in comparison states because of the fact that the states have different
standards, a situation that would lend an upward bias to our basic findings.

To assess the seriousness of this type of bias, we make assumptions that generate three
different levels of skill-mismatch between the treatment and comparison groups. Using these three

different levels of potential bias, we can generate a range of “adjusted” estimates that account for

5 It is also likely that, faced with higher standards, some individuals on the margin would
elect to not attempt the tests. Assuming that this type of behavior is negatively correlated with
productivity-enhancing traits such as persistence, self-confidence, etc., then this type of selection
would generate a downward bias in our estimates, yielding conservative estimates of a GED
treatment effect.
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the fact that individuals may endogenize the passing standard. We relegate the detailed discussion
of these adjusted estimates to Appendix C. Our conclusions from the exercise outlined in those
analyses are that:

(1) this type of endogeneity bias is less of an issue in Experiments 3 and 3* than in

Experiment 4, and

(2) the most plausible adjusted estimates move the Experiment 4 estimates from $1,473 to
$1,166, the Experiment 3 estimates from $1,531 to $1,374, and the Experiment 3* estimates
from $907 to $881.

Our overall conclusion is that the potential bias from this type of individual-level endogeneity is

not severe.

Assessing the case for bias arising from mis-specification or omitted interactions.
Mis-specification

In addition to endogeneity assumptions, we also pointed out in Section 4 that identification hinges
on two other basic assumptions. First, either the levels-model is the correct specification relating
earnings to other variables, or the distributions of earnings in the comparison groups are such the
model is appropriate either in levels or logs. And second, we must assume that there are no
omitted, higher-order interactions in equation (1).

Regarding the first assumption, it may well be that the correct specification relating annual
earnings to the independent variables in equation (1) is a log-linear relationship. However,
applying Meyer’s (1995) analysis of the difference-in-differences design to our situation, our best-
case scenario in the face of mis-specification is one where both of the high comparison groups
have distributions of earnings close to the distribution of earnings of the treatment individuals in
the affected score-group. A re-examination of Table 6 offers some evidence that this is the case
for white dropouts. Between the three relevant comparison groups (both of the high comparison
groups and the treatment group) mean earnings differ by only 2 to 3.5 percent in each of the three
experiments. In addition, the standard deviation of earnings (not shown in Table 6) differ between
the groups by only 2 to 4 percent. While we have no information on higher moments in the

distributions, if these higher moments are also similar across the distributions, then a logarithmic
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transformation of the dependent variable in equation (1) would likely have little effect on the
interpretation given to our findings (Meyer 1995).

The best specification test would compare a DD estimate from the relevant sample means of
individual log earnings to the DD estimate constructed over means in the levels. However, our
data contain only mean earnings in the levels, so we cannot construct a DD estimator using the
mean of individual log earnings for the relevant comparison groups. The best we can do is
construct a DD estimator using the log of mean earnings in the data we have.*® The DD estimates
that compare the log of mean earnings across groups in our data do, however, support the idea
that equation (1) is appropriate for either levels or logs, as Table 7 shows.

The DD estimates using the log of mean earnings are presented in Table 7. The estimates for
white dropouts in Table 7 give very similar overall results as compared to the estimates in levels in
Table 6. In Table 6, white dropouts in Expefiment 4 showed a statistically significant GED
premium of 18.8 percent. The comparable figure in Table 7 shows a statistically significant 17.2
log-point GED premium. For Experiment 3 the comparisons are 19.5 percent in the levels (Table
6) versus 18.1 log-points (Table 7), and for Experiment 3* the comparisons are 10.5 percent in
the levels versus 10 log-points. These results, combined with evidence discussed above, which
suggests that the distribution of earnings in the relevant comparison groups are similar, lead us to
conclude that equation (1) is, in this case, an appropriate model whether Y represents earnings or

log earnings.

Omitted Interactions

Potential omitted interaction biases of greatest concern have to do with state-score or
state—GED-status interactions. It is straightforward to show in the DD estimator that state—score
interactions that favor high-scoring dropouts in high-standard states would bias our estimates
upward, while interactions that favor high-scoring dropouts in low-standard states would bias

our estimates downward. State~GED-status interactions that favor GED-holders in high-

% In general, of course, In(Efx]) # EfIn(x)]. However, in(Efx]) is a first order
approximation of E/fIn(x)] (Greene 1993, p. 57).
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standard states would bias our estimates upward, while such interactions that favor GED-holders
in low-standard states would bias our estimates downward.

There may or may not be state—~GED-status interactions that affect the outcomes of GED-
holders. We have no data that would allow us to identify such an effect separately. However, it is
plausible that employers in states where the GED-passing standard is relatively high give more
credence to and place more emphasis on the credential than do employers in low-standard states.
In this case, ceteris paribus, GED-holders would earn more on average in high-standard states
than similar GED-holders in lower-standard states, and this type of mechanism would cause an
upward bias in our estimates.

Turning our attention to possible state—score interactions, we see no compelling argument
that state—score interactions act in one direction or another. Thus, ex anfe, we cannot sign the bias
associated with possible state—score interactions. We can, however, bring ex post evidence to bear
on the question, by looking at the pattern of estimates that result from using higher and higher
GED score groups to form the high comparison groups in the DD estimator. Based on equation
(1), if there are state—score interactions that favor high-scoring dropouts in low-standard states,
then as we use individuals with successively higher GED scores as high comparisons, the resulting
DD estimates should fall. If, on the other hand, there are state—score interactions that favor high-
scoring dropouts in high-standard states, then using dropouts with higher and higher GED scores
as high comparisons would result in rising estimates.

Our results from an exercise where we use different high comparison groups for whites are in
Table 10. Without conducting formal tests, the most obvious patterns in that table are associated
with the estimates in Experiments 3 and 3*.*” In these experiments (excepting when score groups
6 and 13 are used to construct high comparison groups), as successively higher score groups are
used to form the high comparisons, the DD estimates get larger. These patterns suggest that if

there are state—score interactions at work, then they favor high-scoring dropouts in high-standard

57 While the DD estimates in Experiment 3* have a consistent downward bias effect due to
the contaminated comparison group, this effect is constant as we use different high comparison
groups, so there is valid information in the relative differences across different high comparison
groups in this experiment.
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states and the resulting bias is upward.

The results of these ex ante investigations of possible state—score interactions, combined with
the most plausible state—~GED-status interaction that is the most plausible, yield two possible
biases, both of which would result in an upward bias to our estimates. To assess how serious
these combined effects might be, we take advantage of the fact that in Table 6, we have DD
estimates from two different experiments.

The way in which we use the estimates in Table 6 to assess the case for interaction bias lies in
the assumption that we expect any upward bias to be greater in Experiment 3 than in Experiment
4. The reason is that Experiment 3 uses treatment states with the lowest standards in the U.S. in
comparisons with the high standard states of New York and Florida, while Experiment 4 uses
treatment states with “medium” standards in comparisons with New York and Florida. Given the
types of state—score and state—GED-status interactions we hypothesize—higher-scoring dropouts
and GED-holders both faring better in high-standard states—any bias would affect the estimates
in Experiment 3 more than the estimates in Experiment 4. Thus, the spread between the
Experiment 3 and Experiment 4 estimates gives us some measure of how our results are being
affected by the total bias attributable to both state—score and state—GED-status interactions.*®
However, the estimates for the two experiments are less than 4 percent apart ($1473 vs. $§1531).
Therefore, we conclude that neither type of potential bias can go far in explaining our estimates.

In summary, as with almost any pseudo-experimental setting, there are plausible scenarios

under which our identifying assumptions would not hold. For each of our basic assumptions, we

%% This result rests not only on our stated assumption regarding the direction of the bias of
the state—test-score interactions, but also on the assumptions that (1) any state—test-score
interaction is monotonically increasing in test scores and (2) that at least within the narrow
scoring range (score groups 3 and 4) represented by the two experiments, the treatment effect is
the same. We think both of these assumptions are reasonable, given that we are looking at a
relatively well- and narrowly-defined sample: namely, high school dropouts who score above a
certain range on the GED battery of exams.
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have examined the most plausible violations, and we have found the overall effects on our

estimates for white dropouts to be negligible.

5.4 The Results for Nonwhite Dropouts

We now try to shed light on the results that show no statistically significant GED-effect for
nonwhites, and we offer some possible explanations. These explanations fall into either out-of-
equilibrium or equilibrium-preserving categories. By out-of-equilibrium, we mean explanations
that could explain why we observe the white—nonwhite differences, but could not explain why
nonwhites continue to pursue a GED in the absence of any payoff. Equilibrium-preserving
explanations both explain the differences and explain why nonwhites continue to obtain the GED

certificate.

Out-of-equilibrium Explanations for the White/Nonwhite Differences

Nonwhites are relegated to jobs where skills matter little.

One possible explanation for the differences in our results is that young nonwhite dropouts
may tend to be employed in jobs for which basic skills matter little. If this is the case, then
employers would value neither the human capital nor the signaling components of the GED, and
there would be no payoff to acquiring a GED for nonwhites.

A simple way to assess the plausibility of this hypothesis is to use our data to measure the
returns to skills for both whites and nonwhites. If the data show that, controlling for GED
acquisition, nonwhites who score high on the GED battery earn no more than low-scoring
nonwhites, then this would suggest that nonwhites are in jobs where skills do not matter. In
analyses detailed in Appendix C, however, we show returns to skills to be just as high, if not
higher, for nonwhites as for whites. Thus, this explanation cannot reconcile the white—nonwhite

differences in results that we find.
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Employers place a higher value on signals other than the GED for nonwhites.

It is likely that in the absence of more complete information about productive attributes,
employers use any signals available that have proven to be reliable predictors of productivity in
the past. Employers may find signals other than the GED to be more predictive of the productivity
of nonwhite dropouts than of white dropouts. One such possible alternative signal is residential
address.* It could be the cdse that employers, especially in urban areas, use residential address as
a signal of potential productivity for nonwhite job applicants more so than they do for white
applicants. Another possible alternative signal that would affect nonwhites disproportionately is
language. To the extent that our nonwhite sample is composed of individuals for whom English is
a second language, and to the extent that employers value language as a signal over the GED, we

could expect the white~-nonwhite results found in our estimates.*

Equilibrium-Preserving Explanation

Employers discount the signaling content of the GED for nonwhites
because many nonwhites acquire the GED as an “incidental” part
- of a larger program from which they receive benefits.

This equilibrium-preserving explanation of the results for nonwhites hinges on (1) different

behavioral assumptions behind why individuals acquire the credential, and (2) different

5 We are indebted to Mary Jo Bane for this point.

% For this explanation to hold, there would have to be enough English-second-language
GED-holders in our nonwhite sample to offset the presumed positive treatment effects of the
GED enjoyed by nonwhite GED-holders for whom English is the first language. Examination of
the underlying individual-level data in our nonwhite sample indicates that the data support this
necessary, but not sufficient, condition for the “language as signal” explanation. In our data
proportionately more nonwhite GED-holders are Hispanic than black, regardless of the state

group.
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white—nonwhite distributions associated with those behavioral assumptions.®’ Some dropouts
acquire a GED because they either place a value on the credential, or they perceive that employers
place a value on the credential. There is another set of dropouts who acquire the credential
primarily “incidentally” because it is a “quasi-compulsory” part of a program from which they are
seeking benefits. Examples of such programs are Aid to Families with Dependent Children
(AFCD), Job Training Partnership Act (JTPA) programs, and the Job Corps.

If the different motivations that lead to acquisition of the GED for these two groups are
correlated with productive attributes such as reliability, commitment to work, and general
motivation, then the GED would be a signal of productive attributes for the group that actively
pursues the signal, and it would be a signal of “welfare training participation” for those who
acquired it in an incidental fashion. It is likely that employers place different values on these two
signals, discounting the value of the “incidental” GED relative to the “actively-pursued” GED. If
the distribution of “actively-pursued” and “incidental” GED-holders is different across whites and
nonwhites, then we would expect the signaling returns to the credential to be different across the
two groups.

Our best evidence of the impact of quasi-compulsory interventions on the labor market
outcomes of economically disadvantaged youths come from a series of experimental evaluations.
The youth component of the National Supported Work Demonstration, the JOBSTART
evaluation, and the youth component of the National JTPA Study all find a consistent lack of
program-induced earnings gains for out-of-school youths (Kemple et al (1992), Cave et al (1993),
and Orr et al (1996)). Meanwhile, the GAIN experimental evaluation in California found only
small education effects (as measured by GED-attainment and test-score gains) for a large-scale
program that required mandatory participation in basic education by low-skilled adult welfare
recipients (Friedlander and Martinson 1996). It may be that the apparent ineffectiveness of these
programs is at least in part due to their quasi-compulsory nature. This explanation is not only
consistent with a “programmatic” explanation for our white-nonwhite differences, but it would

also explain why these experimental evaluations find no treatment effects associated with the

! We are indebted to Caroline Hoxby for the ideas in this section on the “programmatic”
effects on the signaling value of the GED.
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particular program (including, for some individuals, receipt of a GED), while we find substantial
treatment effects associated with the GED for whites.

This “programmatic” explanation for our white—nonwhite differences requires that (1) a
substantial number of GED-holders obtained the credential in the “quasi-compulsory” fashion, and
(2) that relatively more of these “incidental” GED-holders are nonwhite than white. To explore
these assumptions, we use aggregate AFDC, JTPA, Job Corps, and GED Testing Service
statistics from 1990,%% and we assume that:

« the percentage of nonwhite AFDC recipients in the Job Opportunities and Basic Skills
(JOBS) training program was slightly higher than their representation in overall AFDC
programs;

» within JOBS and JTPA, nonwhites participated in classroom education versus the
other job training offerings at a slightly higher rate than did whites;

« the percentage of dropouts in Job Corps was slightly higher for nonwhites than for
whites; and,

o one-half of all individuals in the classroom components of these various programs

attempted the GED battery.

Under these assumptions, 11 percent of all white dropouts who attempted the GED battery
in 1990 would have done so because the credential was a quasi-compulsory component of AFDC,
JTPA, or the Job Corps, while 44 percent of all nonwhite dropouts who attempted to obtain a
GED did so because it was tied to one of the above programs. While by no means definitive, these

numbers support a “programmatic” explanation of the white-nonwhite differences we find.®

62 Our source for the statistics to calculate the needed numbers are Tables 5, 31, 36, 42 of
Section 7 and Tables 35 and 38 of Appendix P of the 1993 Green Book: Background Material
and Data on Programs Within the Jurisdiction of the Committee on Ways and Means (1993) and
Table 1 of the 1990 GED Statistical Report (1991a).

63 1t should be noted that all of the out-of-equilibrium explanations could hold in the
presence of the “programmatic” explanation.
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Section 6.

Summary and Conclusions

Our analyses of dropouts who attempted the GED battery of tests in 1990 show that receipt of a
GED increased the 1995 earnings of young white dropouts by 10 to 19 percent. We found no
statistically significant evidence that the credential had an impact on the 1995 earnings of young
nonwhite dropouts. We are able to identify the effect of the GED on earnings as a result of our
research design that uses interstate variation in GED passing standards to generate plausibly
exogenous variation in GED-status. For the subset of the data affected by this variation—those
dropouts who are on the margin of passing the GED exams—our results are interpreted as
estimates of the effect of the GED on the earnings of young dropouts who indicate a desire to
acquire a GED. Our estimates are robust across quasi-experiments that use different treatment
and comparison groups, and sensitivity analyses we conducted indicate that they are affected very
little by possible violations of our identifying assumptions.

We calculate that only about 1 percentage point of our estimates can be accounted for by
returns to post-secondary education for GED-holders. Furthermore, our research methodology
controls for pre-GED human capital accumulation. As a result, we interpret our findings as
primarily representing the signaling value of the GED in the labor market—the only direct
evidence of returns to a labor market signal of which we are aware. While there are several
plausible explanations for the white-nonwhite differences in our estimates, only the
“programmatic” explanation is equilibrium-preserving.

The fact that we find substantial private returns to the labor market signaling component of
the GED raises important social welfare questions. If the GED signal only serves to redistribute
earnings, raising the earnings of dropouts who acquire a GED at the expense of dropouts who do
not acquire the signal, then the gross social returns to the credential are zero and the net social
returns are negative (since there are costs associated with obtaining the signal). If the GED signal
leads to better matches between dropouts and jobs, however, then Stiglitz (1975) shows that the
social returns can outweigh the private returns. We have no empirical method of determining

whether or not employers use the GED to better match dropouts to jobs, and so the impact of the
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GED on total social welfare remains an open question.*

If there is a job-matching component to the credential, however, then the social returns to the
GED are dependent on the passing standards. To see this just note that a standard either so low as
to allow everyone to pass or so high as to allow no one to pass would provide no job-matchjng
information. Furthermore, it could be that maximization of total social welfare requires state-
specific passing standards, since the underlying distributions of the skills of dropouts and the
demand for skills by employers may vary from state to state.” Thus, the decentralized manner in
which GED passing standards are currently established® may approximate the regime under
which total social welfare will be the greatest. Less clear, however, is whether the current set of
state passing standards—where states as diverse as New York and Iowa have the same GED

passing standard—is the set that maximizes the social returns to a GED.

% Furthermore, it may be that the presence of the GED induces some students, who would
otherwise benefit from more formal schooling, to drop out of school, further reducing total social
welfare since the productivity of these individuals would have been higher had they completed
more years of schooling.

% This point was first brought to our attention by Jeffrey A. Smith.

% As we have noted elsewhere in this paper, the amount of “decentralization” associated
with state passing standards was reduced dramatically as of January 1, 1997 with new GED
Testing Service mandated minimum requirements.
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Table 1. Weighted log hourly wage and probability of employment regressions for white and

nonwhite dropouts ages 17-27 from the October 1993 Current Population Survey.! (standard
errors in parentheses)

Dependent variable = Dependent variable =
Log hourly wage Probability of being employed'
Whites Nonwhites Whites Nonwhites
N=255 N=170 N=1466 N=917
Intercept 2.02 1.91 0.80 0.76
(0.05) (0.05) (0.03) (0.03)
GED dummy 0.14 0.02 0.08 0.03
(0.05) (0.07) (0.02) (0.04)
Female dummy -0.27 -0.15 -0.11 -0.10
(0.05) (0.05) (0.02) (0.03)
Region dummies Yes Yes Yes Yes

1. There are more observations in the employment probability regressions because hourly wage questions are only
asked of the outgoing rotation group in the October CPS.

2. A linear probability model was used to obtain the estimates in these columns.



Table 2. GED score groups formed from combinations of minimum and mean scores. (Lightly
shaded cells = variation in GED-status, dark shaded cells = all possess GED, no shading = none
have GED).

Minimum Mean Score
Score

<45 >=45

20-34 Scoregrp 1

35-39

Scoregrp 2

40-44

45-46
47-48
49-50
51-52
53+




Table 3. Univariate descriptive statistics of the underlying individual-level data.

Row Connecticut data Florida data New York data GEDTS data
N= 4,902 36,894 58,128 132,886
Percent...

1 age 16 at test 0 1.2 0.5 1.0

2 age 17 at test 0.3 5.9 4.5 6.6

3 age 18 at test 53 13.1 10.0 14.3

4 age 19 at test 12.8 14.7 11.7 13.1

5 age 20 at test 12.5 10.4 10.2 8.6

6 age 21 at test 7.9 6.8 6.9 55

7 age 22+ at test 61.3 478 56.3 50.9

8 male 48.1 52.1 — 48.2

9 female 51.9 47.9 — 518

10 white 65.1 68.6 —_— 58.1

11 black 16.2 13.2 9.1

12 Hispanic 16.6 16.1 —_ 30.2

13 other 2.1 22 —_ 2.6

14 min. test = math 44.2 38.9 41.7 50.6

15 min. test = writing 37.0 37.6 26.4 226

16 min. test = science 8.7 10.6 14.0 10.9

17 min. test = social studies 5.7 82 13.5 9.8

18 min. test = reading 16.8 18.2 21.9 17.2

19 with GED 76.5 824 66.0 68.3

20 with “good SSN” 98 98 90.0 76

21 that validated at SSA 90 95 84 90-95

1. The New York individual-level data had many missing values. We discuss this problem and the solution in the
Data Appendix.



Table 4. Stratifiers used to construct the cells in the aggregated data set.

Stratifier Description
Year tested 7 categories in FL, NY, and CT data (1984-1990) and 1 category in the
GEDTS data (1990)
State group 16 categories
GED score group 10 categories
Math tertile category" 3 categories in NY data and NA in all other data
Imputed missing 2 categories (yes/no) in State groups 6,7,9-14 and not applicable in other
writing score’ states
Demographic group 4 categories (white male & female, nonwhite male & female)
_Age group 2 categories (16-21 on test date, over 21 on test date)

1. For use in another project.

2. Due to administrative record-keeping decisions at the GED Testing Service, some writing scores were lost in the
GEDTS data. For these records we imputed the missing writing scores using a quartic function of the other 4 test
scores, and fitting separate models by race and gender. In the Data Appendix we discuss this process and offer
evidence that the imputation process is acceptably accurate.



Table 5. Summary statistics and treatment/comparison-group designation by state of young
dropouts who attempted the GED in 1990.

Col. 1 Cols. 2, 3. &4 Cols. 5& 6 Cols. 7& 8
Treatment or Percent of sample Mean ‘95 earnings
State N Comparison? in... who are...
group!

Exp3 Exp3* Exp4 White Male No GED GED
AZ 3,457 — C T 65% 57% 7176 9336
cT? 1,692 — — — 71% 51% 8779 10413
FL 17,905 C — C 74% 56% 7767 9694
KY 1,949 — C T 83% 58% 6797 8149
NY 19,134 C — C 53% 56% 6777 8764
TN 1,668 — C T 94% 50% 8479 9079
TX 5,027 T T — 60% 51% 7755 9286
VA 1,657 — C T 78% 59% 7905 9662
Misc * 2,852 — C T 79% 54% 7559 8813
Atlantic Sts. 3237 — C T 75% 55% 8184 10327
New England 1,801 — C T 91% 52% 8273 9727
North Central 2,313 — C T 85% 55% 9031 10364
Low pass Sts.’ 4,138 T T — 76% 55% 7899 8732
Misc® 4202 — C T 30% 55% 7750 9032
WA and CA 4,713 — C — 64% 57% 8017 9351
Hi pass Sts.” 4255 — C — 67% 55% 6258 8669
Total® 80,000 — — 69% 55% — —

1. States AZ through VA had enough observations to serve as their own “state group.” Other states had to be grouped into
either geographic or other logical groupings due to small numbers of observations. See the Data Appendix for a listing of
the states in each group.

2. Exp 3 refers to the experiment that uses score group 3 as the affected-group, and Exp 4 refers to the experiment that uses
score group 4 as the experiment.

3. Connecticut, a medium standard state, is only used in a direct comparison with New York. See Table 8.

4. Alaska, Hawaii, IJdaho, Montana, Alabama, Iowa, Kansas, and Nevada.

5. This group is composed of Mississippi, Louisiana, and Nebraska, and together with Texas they comprise the group of states
with the lowest passing standard, a mean of 45 or a minimum of 40.

6. This group is composed of Colorado, Illinois, Pennsylvania, and Minnesota, the only states where there were statistically
significant differences between individuals with and without imputed writing scores. (See above and the Data Appendix for
a discussion of imputed writing scores in the GEDTS data.)

7. This group is composed of Arkansas, Delaware, Maryland, Oklahoma, South Dakota, and Utah, and along with Washington
and California, these states have the same higher standards as do New York and Florida.

8. Note that with about 36,000 observations combined, New York and Florida heavily influence the statistics in this row.
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Table 10. DD estimates for young white dropouts using different high scoring groups as the “high
comparison group.” (standard errors in parentheses)’

Experiment 4 Experiment 3 Experiment 3*?
Score group used to
construct the hi gh Treatment N=653 Treatment N=471 Treatment N=471
. Comparison N=260 Comparison N=732 Comparison N=171
comparison group
Score group 5 1732%* 1379** 439
691) (566) (540)
Score group 6 1195% 960 398
(714) 619) (596)
Score group 7 1592%%* 1654** 810
(724) (630) (610)
Score group 8 1460** 2062%* 1477%*
(735) 657) 637)
Score group 9 1263* 2691** 2148%*
(760) (698) (692)
Score group 10 1284* 1551** 988
(735) (690) (684)

** = significant at the 0.05 level, * = significant at the 0.10 level.

1. “Treatment N” and “Comparison N” in this table refer to the number of treatment and comparison observations in
the affected-score group.

2. Experiment 3* uses states in the GEDTS data as comparison states, and thus these estimates would be lower bound
estimates of the true GED treatment effect.



Figures 1-3. DD estimates for young whites in the 1* through 5" years after GED receipt.
(*=significant at the 0.10 level, **=significant at the 0.05 level)

Figure 1: Experiment 4
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Figures 1a-3a. Pre-treatment and 1% through 5" year DD estimates for young white dropouts.
(*=significant at the 0.10 level, **=significant at the 0.05 level)

Figure 1a: Experiment 4
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Appendices
A. Data Appendix
A.1 Data Sources

As discussed in the text, the underlying individual-level data for this project comes from four
different sources: the state departments of education in Connecticut, Florida, and New York and
the GED Testing Service. Each of the data sets from these states is constructed differently, and we

discuss each in turn.

Data from the GED Testing Service

The original data provided to us from the GED Testing Service (GEDTS) contain basic
demographic information and the scores on the 5 tests in the GED battery for a sample of
individuals who attempted the GED in 1990. Individuals from all but two states are represented in
the data, and we use the data on individuals from 42 different states.®” These data were originally
collected by the GEDTS as part of an ongoing, several-year project to study responses to proposed
new GED test items.®®

The data that GEDTS forwarded to us for our project has considerably fewer observations in
every state than the number of test-takers indicated in GEDTS reports on the 1990 tests (GED
Testing Service, 1991). Several steps in the collection and data storage process that began at
individual GED test sites and ended at GEDTS could have resulted in lost data. First, it is important
to understand that the provision of data in the GEDTS test-item-response study was usually

accomplished when individual test sites®® would forward the original hard copy answer sheets to

§7 The passing standards for several states made them unsuitable for use in this project.

68 We are in appreciation to Alice Marable for information regarding the collection,
processing, and storage of the GEDTS data (Marable 1997).

% In 1990 most states did not have (and still do not have) centralized scoring of the GED
exams. In most cases they were either scored on site, or sent to local centralized locations where
they were scored. Pass/fail results and basic demographic information for individuals, but not
usually the individual test scores, were then sent to the state education agency. The state
education agency then reported the aggregate year-end results to GEDTS for use in their annual
Stafistical Report.



GEDTS.™ Actions that could have resulted in lost data in that process include the following:
1. according to GEDTS officials, a number of sites did not ever send data;

2. sites that were using old-style Scantron half-sheet readers were exempt from sending
data, since the GEDTS had no way to handle such data;

3. for data that was on diskettes, Social Security Numbers (SSNs) were usually not a part of
the record that was sent to GEDTS;”!

4. when diskettes were sent, some diskettes were not useable due to errors in creating the
data files at the GED center or state education agency; and,

5. idiosyncratic administrative behavior at the state or center level caused the loss of some
data.”

Finally, in the process of merging separate tests together so that the complete 1990 record for
an individual would be attached to that individual, GEDTS programmers discarded observations
that lacked scores on all 5 tests, an action that would make the number of observations in our data
even more discordant with the number of test-takers in the GEDTS 1990 Statistical Report. As a
result of these data collection, storage, transfer, and merging processes, the data transferred to us
represent only a sample of 1990 test-takers from 48 states. Based upon our review of the processes
that produced the GEDTS data, we have no compelling reason to believe that within-state sample
selection bias is a problem with these data.

It is important to understand that as a result of the merge process at GEDTS, that the GEDTS
sample only includes individuals who attempted, either in one sitting or in several sittings, all 5 tests
in the GED battery in 1990. Thus, as discussed in the text, these data are only a one-year
“snapshot” of GED-takers, and some portion of the individuals who are coded as having not passed

the battery on the basis of the 1990 scores, actually have a GED as a result of higher scores from

7 The sites that used machine scoring sent diskettes containing the information.

7L In this case, the data are not lost for the original GED purposes, but such observations
were deleted from our study.

72 For example, when one state switched from local to state scoring in this time period
there was considerable confusion in that state regarding the handling of answer sheets for
individuals who only took a part of the GED battery. As a result, for a period of time, data for
these “partial” testers was not forwarded to the GEDTS.
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previous years that are not in the data or higher scores from subsequent re-attempts in post-1990
years.

One other point about the GEDTS data needs discussion. About 50 percent of the observations
in the data forwarded to us had missing writing scores. Inquiries to programmers at GEDTS
indicated that the writing scores were missing as a result of administrative record-keeping decisions
at GEDTS.” To retain observations and prevent sample selection bias that might otherwise occur if
we eliminated records with missing writing scores, we used a quartic function of the 4 test scores
available to predict the writing score, and we fit separate models for males and females, whites and
nonwhites. To analyze how accurately we could place individuals into score groups based on the
predicted writing scores, we compared the score-group placement of individuals with true writing
scores vs. predicted writing scores in the half of the data where the writing scores were present.
The main concern is that the prediction process incorrectly placed relatively high scoring individual
in the treatment affected-groups (score groups 3 and 4). If this were to happen in a systematic
manner, then the DD estimates would be biased upward, since the treatment group would be
contaminated with individuals who actually belonged in higher score groups. Our analysis using
those with all 5 test scores showed that we tended to overestimate the writing score, and thus
inaccurately place low scoring individuals in the treatment affected-group. That analysis showed
that 90 percent of those predicted to be in score group 3 (the treatment affected-group in

Experiment 3) were accurately placed. Of the 10 percent who were inaccurately placed, their actual

7 Since the essay part of the writing test generally took longer to score in the field,
records on the other 4 tests were often forwarded to GEDTS while the essays were being scored.
Upon completion the essay scores were then forwarded to GEDTS. As the main data storage
facilities at GEDTS became periodically overburdened, data that had been processed for the
original test-item-response study was periodically taken off of the main storage devices and stored
on tapes, even if the writing scores had not yet arrived and been merged in. GEDTS programmers
did not try to re-match late arriving writing scores with data that had been removed from the main
system. The result was that many observations had all test scores except for the writing score.

An additional reason for missing writing scores was that many essay results were sent to
the GEDTS from a different location (the essay scoring site as opposed to the testing center or
state agency), and in many cases whole batches were not sent. Furthermore the essay portion of
the test battery did not have a scannable Social Security number grid. Thus, the only matching
rubric possible to recombine essay scores with other tests in the battery was a combination of the
code that identifies a unique test “booklet” and the test center identification number. In many
cases, however, the essay scoring centers sent essays in batches without indicating centers,
making it impossible to match/merge.
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scores placed them in score groups below the affected-group. Based on these numbers, we
concluded that the prediction process was doing a reasonably accurate job of correctly placing
individuals, and that any bias induced by the process would result in conservative estimates of any

observed treatment effects.

Data from the Connecticut State Department of Education

Data from this source include basic demographics and GED test-scores on all individuals who
attempted the GED battery in the years 1984-1990. This is the most complete data set we have on
GED-attempters because Connecticut retains the complete GED test history on individuals. Thus,
we have every score from every attempt for every individual, plus the dates on which the test was

attempted.

Data from the Florida State Department of Education

Data from this source also include basic demographics and GED test-scores on all individuals
who attempted the GED battery in the years 1984-1990. As a result of the manner in which GED
records are maintained in Florida, these data only contain the test scores from the first test ever
taken and the accumulated best test scores. Thus, if a person only attempted the GED once or
twice, then we have their complete record. However, if they attempted the battery more than twice,
then their final test results only reflect the accumulated best scores from all of their attempts.
Furthermore, we cannot identify in the data the number of repeat attempts; we only know if
individuals attempted the battery once or more than once.” For the purposes of this study, the
Florida data are sufficient, since we are only concerned with individuals’ scores as they relate to

receipt of the GED, and the relevant scores for that purpose are the accumulated best scores.

Data from the New York State Department of Education
Data from this source also include basic demographics and GED test-scores on all individuals

who attempted the GED battery in the years 1984-1990. The GED record-keeping system in New

7 In the Connecticut data where we have more complete information, 79 percent of the
1990 test-takers had attempted the battery only once, 15 percent had attempted it twice, 4 percent
had attempted it three times, and only 2 percent had attempted the battery four or more times.
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York is similar to that of Florida. However, the data forwarded to us from New York only contain
the accumulated best scores of GED test-takers in that state.

As a result of New York collection and record maintenance procedures, 53 percent of the data
on 1990 test-takers in this state were either missing data on gender or race or both. Fortunately,
these data did contain information on month and year of birth. Using month and year of birth to
validate SSNs (see the discussion on SSN validation later in this appendix), SSA programmers were
able to attach gender and racial information to observations missing values on these variables in the
New York data. However, because much of the New York data had to be matched on month and
year of birth, instead of demographic variables, the validation rate in the New York data is slightly

lower than in Connecticut and Florida, as indicated in Table 3 in the body of the paper.

A.2 SSN Validation

Table 3, in the body of the paper, shows that SSA programmers successfully matched and validated
a high percentage of records. Except in the case of New York, which is explained above, matches
were validated using SSA data on sex, race, and year of birth. A proposed match was assumed to
be valid if the GED and SSA sex codes matched and the GED and SSA years of birth differed by
no more than 2 years in absolute value and if the GED and SSA race codes did not disagree on

white vs. black designation.

A.3 Social Security Earnings Coverage and Taxable Maximum

As detailed by Angrist:

OASDI and HI (Medicare) are contributory programs in which covered workers pay a
tax and report earnings to the SSA via employers or the Internal Revenue Service. The
SSA keeps track of taxable earnings on the Summary Earnings Record (SER)...Under the
Federal Insurance Contributions Act (FICA) of the Self-employment Contributions Act
(SECA), earnings are taxed for Social Security purposes up to the Social Security taxable
maximum, and are therefore recorded on the SER only up to this maximum. The taxable
maximum has been raised every year. By 1980, over 85 percent of covered male workers
had earnings below the maximum. A separate and higher taxable maximum was instituted
for HI in 1991. All taxable earnings, whether reported for the purposes of OASDI or HI,
and whether reported as part of a mandatory or voluntary coverage provision, should
appear on the SER.

~ About 95 percent of all jobs in the U.S. were covered by the OASDI program as of 1991.
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Exceptions fall into five major categories: (1) Federal civilian employees hired before
1984, (2) railroad workers, (3) some employees of State and local governments already
covered under a retirement system, 94) household and farm workers with low earnings,
and (5) persons with no wage and salary earnings and very low earnings from self-
employment. Members of the uniformed services have been covered since 1956, and
receive noncontributory wage credits to improve their insured status. Recent important
changes include the 1983 coverage of most federal employees and employees of nonprofit
organizations, HI coverage of many state and local employees in 1986, OASDI coverage
of State and local employees without an employer retirement plan in 1990, and coverage
of reserve soldiers in 1987. (Angrist 1997)

Taxable maximum values for the years 1991-1995 are:

1991—853,400

1992—§55,500

1993—857,600

1994—$60,600

1995—$61,200

Given the generally low annual earnings of dropouts, we did not anticipate that earnings values
top-coded at the taxable maximum would be a problem in our data, and this turned out to be the
case. In the GEDTS, Connecticut, and Florida data,” the percent of young dropouts with any

top-coded values are 0.1 percent, 0.2 percent, and 0.2 percent respectively.

A.4 SSA4 Confidentiality Edit

The SSA confidentiality regulations that affected the data released to us censored cells that had
fewer than 3 individuals or cells where the standard deviation of earnings was zero. This
censoring masked the 1995 mean earnings in 164 of the 2,138 total cells released to us on

individuals who took the GED battery in 1990.

> We do not have top-coding information on New York.
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B. Statistical Appendix

Weighting in the DD Estimator

As discussed in the body of the paper, whenever we obtain an estimate with the DD estimator
over a sample that is not homogeneous in gender and race, or when more than one state makes up
either the treatment or comparison group, then we have to balance demographic attributes and/or
state distribution across the comparison groups. We do this by weighting the data. To illustrate
the problem, consider Figure 1A and the simple example where (1) we are conducting Experiment
4 using score group 8 as the “high comparison” group, (2) we are using only Connecticut as a
treatment state and only New York as a comparison state, and (3) we are forming the estimate

using a sample of, say, white females.

Figure 1. Groups making up the DD estimator (shading: D; = 1).

Affected-Group | Hi Comparisons

Score group 7 Score group 8

In this case there would be no heterogeneity of gender or race to balance across the different
cells, and there would be no worry that different distributions across T and T_Hi states or across
C and C_Hi states could affect the results; white females from Connecticut make up both the T
and T_Hi cells, and white females from New York make up the C and C_Hi cells. The simple DD
estimator is sufficient in this situation.

Consider, however, the problem of using both New York and Florida as comparison states.
In this case, if white females were distributed differently across New York and Florida in the C
group than in the C_Hi group, and if there were different labor markets for white females in New
York and Florida, this could lead to spurious findings. To account for this possibility, we could

weight the earnings to account for the different distributions across states in the C and C_Hi
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groups. The same logic applies when more than one state is used in the T and the T_Hi groups.
Following this line of reasoning, when we use a sample that is not homogeneous in gender

and race to form the estimate, we have to weight all four of the groups so that they are balanced

across these attributes. For these reasons, the DD estimator we use compares weighted mean

earnings using weights that accomplish the following:

1) the T_Hi, C, and-C_Hi groups are weighted to reflect the same demographic
distribution as group T,

2) the T_Hi group is weighted to reflect the same distribution across states as group T,
and

3) the C_Hi group is weighted to reflect the same distribution across states as group C.

Finally, the weights are normalized so that,

where w; is the weight applied to the mean earnings in the j, cell in the data.
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C. Additional Results

Producing “adjusted” estimates to account for possible bias arising from endogenous
decision-making in the face of higher standards

Individual-level data from New York offer us a good opportunity to observe the behavior of
GED candidates who are faced with a different passing standard. In September 1985, the GED
passing standard was raised in New York from one that required a minimum score of 35 and a
mean of 45 to the current standard, which requires a minimum score of 40 and a mean of 45.
Table Al gives the distribution of GED test-scores in New York in the year preceding the change

in standards and the year after the change.

Table A1l here.

The table shows a sharp drop between the pre- and the post-change periods in the percentage
of test-takers whose scores would place them in score group 4—the scoring range just high
enough to obtain the GED in the pre-change era and the scoring range just below the cutoff in the
post-change era. We postulate that this drop is likely some combination of an “intimidation” effect
and score-group sorting.

The intimidation effect would occur if some individuals who are “true 4s”—individuals
whose true underlying skills would allow them to obtain scores that would, af best, place them in
score group 4— are intimidated by the higher standard, and so they never attempt the test when
faced with the higher standard.” Such behavior would obviously result in a drop in the percentage
of individuals observed in score group 4.

Score-group sorting around the standard change could occur in the following manner: when
faced with the old, lower standard, some portion of individuals who were true 5s or 6s scored in

the just-good-enough score group 4 range, and received their GED certificates; presented with

76 This effect is likely exacerbated by the prevalence of GED practice tests that are used in
GED-preparation programs and that are available through commercial publishers. Thus, many
“true 4s” may have discovered on the practice test that they could not score high enough to
acquire the credential under the new standards, and thus, elected to not attempt the battery.
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the higher standard, however, these same individuals would be observed in score group 5 or 6,
since it would require attaining scores at least high enough to place them in score group 5 to pass
the battery.

It is important to note in Table A1 that score group 3, which is also a non-passing score
group close to the GED threshold, exhibits much more stability around the change in standards.
The more stable behavior associated with score group 3, especially relative to score group 4, is
likely a result of the definitions of the two score groups. For example, it would require either
raising several scores on the GED battery by a moderate amount each or increasing one score on
the battery by a relatively large amount to move an individual from score group 3 (non-passing) to
score group 5 (passing). On the other hand, it potentially only requires raising one test by a few
points to move from score group 4 (non-passing) to score group 5 (passing). For this reason, to
the extent that individuals do tend to sort themselves when faced with different GED passing
standards, this may be less of a concern in Experiment 3 than in Experiment 4.

This supposition is supported by the figures in Table A2, which gives the distribution of
observations across score groups for New York, Florida, Connecticut, those states in the GEDTS
data where a GED is awarded in score groups 4 and above, and in those states in the GEDTS
data where a GED is awarded in score groups 3 and above. Of particular interest are comparisons
in the distributions across score-groups 3, 4, and 5 for New York, Florida, and Connecticut. The
fact that the percentage of observations in Connecticut in score-group 3 is roughly the same as in
New York and Florida (and not substantially smaller), even though this score-group is
immediately below the cut-off in Connecticut, suggests that there is little mobility associated with

score-group 3, regardless of the state passing standard.”

Table A2 here.

We are still concerned, however, with individual-level endogeneity, especially in Experiment

" The distributions around the GED cut-off in the GEDTS data, as compared to New
York, Florida, and Connecticut, reflect, in part, the contamination issue in these data already
discussed. That is, we expect that the percentage in the score group just below the cut off in the
GEDTS states to be slightly overstated, since some of these individuals received their GED in
subsequent years.



4. The potential biases associated with this type of endogeneity can be explored by making some
assumptions regarding the manner in which young dropouts may sort themselves when faced with
different passing standards. First, we assume that dropouts with relatively high skills use those
skills to earn their true score on the GED, and thus individuals in the higher scoring groups, 6
through 10, sort themselves into their true scoring group. Second, we assume that lower skilled
individuals, those whose scores place them below the GED threshold in any particular state, tend
to score as high as they can, and thus they sort themselves into their true scoring group. Third, we
assume that some individuals with medium levels of skills—true 4s, 5s, and 6s—may bring just
enough effort to the GED battery to pass, and so we observe some of these individuals in lower
score groups than their true skills warrant. Figure A1 displays the sorting that would result from

these assumptions as dropouts faced the three different passing standards represented in our data.

Figure A1 here

If this type of sorting occurs, then our basic assumption regarding the use of the natural
experiments is violated. That is, if Figure Al is an accurate depiction of what happens when
dropouts are faced with different GED passing standards, then no longer is GED-status in the
affected score-group exogenously determined. Practically, this means that if we contrast the mean
earnings of those in the Medium-standard (treatment) states who are in score group 4 with the
mean earnings of those in the Hi-standard (comparison) states who are in score group 4, our
estimate of the treatment effect of the GED would be biased upward as a result of the
contamination of the treatment group with true 5s and 6s.

We can adjust our estimates to account for endogeneity bias by bringing two assumptions to
the data. To obtain adjusted estimates we assume that:

(1) the observed proportion of individuals in the affected-group in the comparison-group
states represents what the true skill distribution in the affected-group in the treatment
states would be in the absence of individual sorting, and

(2) the mean earnings of higher skilled individuals who score less than their true abilities
are the same as the observed mean earnings of similarly skilled individuals who sort

themselves into their true score groups.

Adjusted estimates based on these assumptions are in Table A3. Since we assume that the



treatment group in each of the experiments could be contaminated by true 5s or true 6s, we
employ three different assumptions in Table A3 regarding the mix of 5s and 6s. First, we assume
no contamination, which simply redisplays our original results from Table 6 for ease of
comparison. Next, we assume a 50-50 mix of 5s and 6s, and then to get very conservative, lower-

bound estimate, we assume only 6s contaminate the treatment group.

Table A3 here.

We begin with Experiment 4 in the table. If we assume that the contamination in the
treatment group comes from a 50-50 mix of true 5s and 6s, then our original DD estimate of
$1473 is biased upward by about 20% ($307). The $1166 adjusted estimate in this case represents
a 15% annual earnings premium attributable to GED-acquisition. Using the more conservative
estimate of considerable contamination, we get an adjusted DD estimate of $612.7* We believe,
however, that the most plausible assumption is that there is some mix of true 5s and 6s in the
treatment affected-group, and thus $1166 is the best lower bound DD estimate for Experiment 4.

The most conservative adjusted DD estimate for whites in Experiment 3, on the other hand,
is little different from our original estimated treatment effect. That is, even if we assume that all of
the 281 high scorers that potentially contaminate the treatment group in this experiment are true
6s, then the original DD estimate is only 11 percent larger than the conservative lower bound
estimate of $1374. And, the original estimate from Experiment 3* is only 3 percent larger than the
most conservative adjusted estimate of $881.

These exercises in obtaining alternative DD estimates lead us to the following conclusions.
First, we believe that individual sorting is less of an issue in experiments 3 and 3* than in
Experiment 4. This is because the definitions of the two different affected-groups leave it
relatively more difficult for individuals to adjust their scores upward from score group 3 than from
score group 4, and there is evidence of this in Table A2. As a result, we believe that our
conservative estimate of $1374 for Experiment 3 in Table A3, represents a plausible lower bound

on the estimate for whites, accounting for endogeneity bias. This estimate of the effect of the

® We do not make the additional assumptions that would be needed to construct
confidence intervals around our adjusted point estimates in Table A3.

—xii-



GED on earnings represents a 17 percent increase in earnings for young white dropouts with the
credential relative to the comparison group earnings.

Overall, the estimates for whites in Table A3 that have been adjusted for potential
endogenous decisions by young dropouts support the general findings of this paper. Namely, for
young white dropouts, acquisition of a GED appears to be associated with a substantial increase

in earnings that is attributable to the effect of the GED on the earnings of young dropouts.

Assessing the returns to skills for whites and nonwhites.

To explore the possibility that nonwhite are relegated to jobs where skills matter little, we
conduct a simple exercise using the Florida data.” In these data, we combine individuals into four
skill categories. The middle two categories (call them 2 and 3) are individuals in the score groups
just below and just above the GED threshold in the state. The lowest skill category (1) is
comprised of all individuals in the score groups below category 2, and the highest skill category
(4) is comprised of all individuals in the score groups above category 3. Differences in 1995 mean
earnings between categories in this setup reflect measures of returns to skills or skills plus any

GED-effect as demonstrated in Figure A2 below.

Figure A2 here

Since no dropout in categories 1 or 2 had a GED, differences in earnings between these
categories reflect returns to skills for dropouts with low-levels of skills; since all dropouts in
categories 3 and 4 possess a GED, differences in earnings between these categories reflect returns
to skills for dropouts with relatively high-levels of skills (as measured by the GED exams); and,
since dropouts in category 3 have a GED, while those in category 2 do not, differences in mean

earnings between these categories reflect some combination of returns to skills plus returns to the

7 We report only the Florida evidence, but we find similar results in analyses using all of
the other state groups.
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GED.*® We are particularly interested in the 2- 1 and the 4-3 measures for nonwhites as a way of
examining whether or not there are payoffs to skills for nonwhites.

Table A4 displays the mean earnings comparisons for males and females across the three
relevant differences: 2-1, 3-2, and 4-3. The results from this table are consistent, striking, and,
since we have replicated these findings using the other state groups in the data, they refute the

hypothesis that there are no. returns to skills for nonwhite dropouts.
Table A4 here

The relevant comparisons in this table occur along the two pairs of white-nonwhite rows.
The shaded cells represent some combination of returns to skills plus returns to GED-acquisition,
and the results in the shaded cells for males in Florida fit the now-familiar story that nonwhites
experience no returns to a GED five years after receipt (- $198), while whites do (§1797). We are
primarily interested, however, in the non-shaded comparisons, and the results here show clear
white-nonwhite differences, but they favor nonwhite males. Measufes of both returns to low-level
skills (2-1) and higher-level skills*' (4-3) show that skill differences, both at the bottom and the
top end of the skill distribution, translate into larger earnings differences for nonwhite males than
for white males in Florida. The results in Table A4 strongly suggest that the lack of GED

treatment effects for nonwhite dropouts does not stem from a lack of payoff to skills.*

GED treatment effects: Effects on wages and hours-worked of the already-employed vs.
Effects on decreasing persistent non-employment

% 1t should be remembered, however, that skill groups 2 and 3 are very close together, so
that the 3-2 difference is primarily driven by returns to a GED.

81 While we designate this differences as a measure of returns to “high-level” skills, it is
important to keep in mind that this simply means returns to the basic skills of individuals who
score in the upper ranges of the GED exams.

%2 These higher returns for nonwhites are consistent with the findings of Neal and Johnson
(1996). Using the NLSY, they find that black males and black and Hispanic females have higher
returns to the AFQT than do whites.
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Using other data available to us, we are able to get some idea of how much of the effect of
the GED on the earnings of whites that we measure in Table DD is due to a decrease in number of
individuals with zero earnings in the year (individuals who are “persistently unemployed™) versus
how much is due to an increase in the wages and/or hours-worked of those already working.*
Unfortunately, these additional data do not allow us to disaggregate dropouts by age-at-test, since
they contain dropouts of all ages, and thus, the results from this exercise can only suggest what
we might actually find for young dropouts. Using these data, however, and the same experiments
as discussed throughout this paper to identify treatment effects, we find that the GED decreases
persistent non-employment among white females by 8 to 10 percentage points depending on the
experiment, and that the credential does not change persistent non-employment rates among white
males. These employment effects for white females are substantial since the comparison group of
white females in these experiments has a persistent non-employment rate of 37 percent, and they
explain about one-half of the earnings increases attributable to GED-acquisition for young white
females.®* Thus, to the extent that what we would find among young white dropouts is the same
as the effects we estimate over dropouts of all ages, the GED affects the mean earnings of young
white males through increases in wages and/or hours worked of those already working, and it
affects the mean earnings of young white females by some combination of increases in wages
and/or hours worked of those already working and decreases in the number of white females with

zero earnings in the year.

8 The available data for this analysis only allow for these coarse employment vs. wage
effects.

3 We determine the maximum possible effect of decreased persistent non-employment for
females in the following manner. The treatment effect of the GED on the earnings of young white
females represent increased earnings of 14 percent (in Experiment 3) and 22 percent (in
Experiment 4). If we assumed that there were no increases in wages or hours worked for those
with positive earnings and that the newly employed had earnings comparable to those with
positive earnings, then the effects from decreased persistent non-employment (-8 percentage
points and -10 percentage points) could explain around one-half of the earnings gains.
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Table Al. Distributions across GED score groups
in New York before and after a change in standards in 1985.

Score group Proportion Proportion
pre-change post-change
1 0.075 0.086
2 0.103 0.124

3 0.048 . 0.058

5 0.343 0.350
6 0.123 0.116
7 0.081 0.079
8 0.060 0.060
9 0.041 0.044
10 0.072 0.071
Total 1.00 1.00

Table A2. Distributions across score groups by state or passing standard for 1990 test-takers.
(shaded cells = GED-granting score groups)

Proportion in each score group for ...

Score group New York Florida Connecticut GEDTS -med. GEDTS - low
standard states  standard states

1 0.073 0.038 0.059 0.096 0.128

2 0.093 0.048 0.071 0.122

3 0.047 0.028 0.030 070

0.016 0.009

10

Total 1 1 1 1 1




Table A3. Different DD estimates under assumptions of individual score-group sorting.

Adjusted numbers of observations Adjusted DD Ests. Under Different
Assumptions
pcl Nt:eatz Iq’T3 pc(Ntreat)4 [NT - Treament group
PMNiea)]® contamination White
assumption of ... DD Est.
Experiment
4
whites 0.011 18332 653 202 451 no contamination.® 1473
the contamination is
50% true 5s and 1166
50% true 6s.
all contamination is
from true 6s. 612
Experiment
3
whites 0.031 6137 471 190 281 no contarmination.® 1531
contamination is
50% true 5s and 1715
50% true 6s.
all contamination is 1374
from true 6s.
Experiment
3*
whites 0.062 6137 471 380 91 no contamination.® 907
contamination is
50% true 5s and 936
50% true 6s.
all contamination is 881
from true 6s.
1. p, = the observed proportion of individuals from comparison states in the comparison bubble group.
2. N,... = the total number of observations in the treatment states, across all score groups.
3. N; = the number of observations in the treatment bubble group.
4. The assumed number of treatment group individuals with the correct true score.
5. The assumed number of treatment group individuals with true scores that would place them in score group 5 or

6; these are the “contaminating” individuals.

6. We include our original DD estimates in this table (the estimates we obtain under an assumption of no
contamination) for ease of comparison.

7. The mean earnings of score group 5 for the treatment states in this experiment are actually slightly lower than
the mean earnings of the treatment bubble group here, and so a calculation using the earnings of true 5s
would result in a higher adjusted estimate.



Table A4. Differences between 1995 mean earnings for adjacent skill groups in Florida. (standard

errors in parentheses)
Returns to...

Med-level skills

High-level skills

@-3)

Group Race Low-level skills + GED
2-1 (G-2)
whites 148
- 671)
Florida males
nonwhites 1673
(1064)
whites 427
(549)
Florida females
nonwhites 1193
(793)

-84
(236)

1989%*
(424)
1097*%*
(201)

1503**
(400)

** = gipgnificant at the 0.05 level, * = significant at the 0.10 level.

Figure Al. Score-group sorting around three GED passing standards (shaded cells = score groups

where the GED is awarded).

Observed GED score groups

1 2 3 4 5

6

7 8 9 10

Unobserved sorting of true
skill distribution among...

low standard states.' 1 2

medium standard states.? 1 2

hi standard states.? 1 2 3 4

1. States where the GED is awarded in score groups 3 and above.
2. States where the GED is awarded in score groups 4 and above.
3. States where the GED is awarded in score groups 5 and above.

Figure A2.
This difference reflects returns to This difference reflects returns to This difference reflects returns to
low-level skills: medium-level skills plus high-level skills:

any GED-effect:

2-1 3-2
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