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1. Introduction

A centra issue in the economics of education literaiure is whether credentided workers
(those who receive high school diplomas or college degrees) earn more than observationdly
equivdlent non-credentided workers.  Such  “sheepskin  effects’ are consigent with sorting
modes of education (Arrow 1973, Spence 1973, Stiglitz 1975, Weiss 1983) in which employers
use credentias to identify workers with desirable traits that cannot be directly observed! Most
empirical assessments of sheepskin effects are, in fact, amed a vaidating the role of schooling
as a sorting mechanism (Arkes 1999, Beman and Heywood 1991, 1997, Ferrer and Ridddll
2002, Frazis 1993, Hungerford and Solon 1986, Jaeger and Page 1996, Liu and Wong 1982).
However, an understanding of sheepskin effects dso underlies efforts to measure schooling
attainment (Kominski and Segel 1993, Park 1999), assess the benefits of community college
attendance and college transfers (Kane and Rouse 1994, Light and Strayer 2004) and
parameterize the relaionship between schooling and earnings in a variety of agpplications (Card
1999).

Despite widespread interest, the magnitude of sheepskin effects has yet to be pinned
down. In the earliest empiricd dudies (Belman and Heywood 1991, Hungerford and Solon
1986), andydts lacked data on degree status ©) and were forced to infer shegpskin effects from
nonlinearities in the relationship between highest grade completed (S) and log wages? When
data on both S and D became avalable, researchers found that estimated degree effects
conditional on schooling are generdly larger than the earlier, indirect estimates (Arkes 1999,
Ferrer and Riddell 2002, Frazis 1993, Jaeger and Page 1996, Park 1999). Jaeger and Page (1996)
suggest that the indirect estimates are biased downward by measurement error that arises when
“expected schooling” is used as a proxy for degree atanment. Ther argument does not
acknowledge that S and D might be reported with error (a possibility subsequently addressed by
Kane, Rouse and Staiger 1999) and it skirts a related issue, which is that estimated sheepskin
effects based on identical data are highly sendtive to functiona form. Usng a moded that
includes a dummy variable for each year of schooling and each degree leve, Jaeger and Page
predict a gap in log wages of 0.16 between workers who hold bachelor’s degrees and “college
dropouts” Usng a modd that includes a dummy variable for every SD interaction, they predict

! Following Weiss (1995), we use the term “sorting models’ to refer to both signaling and screening
versions of the models.
% Another early study (Taubman and Wales 1973) used data on degrees but not years of schooling.



the same gap in log wages (holding S congtant at 16) to be 75% higher. This is a particulaly
dak example of the non-robustness evident throughout the empirica literature on shegpskin
effects.

In this study, we ask how to interpret the range of estimated sheepskin effects that arise
from different modd specifications. We begin with the observation that sheepskin effects are
identified because individuds with a given amount of schooling differ in ther degree atanment
or, stated differently, because S varies among individuads within a given degree caegory. It is
important to recognize that the variation needed for identification can represent “dgnd,” “noise”
or a combination of both—and that the source of variaion determines which parameters are
identified and how we should interpret the estimates.

To illudrate the identification issues, suppose we obsarve vaiaion in S among
individuds who hold a bachdor's degree.  This variaion might accurately reflect the underlying
behavioral process if, for example, some college students choose full-time (or even part-time)
employment a the expense of more rapid progress toward a degree. The variation might aso
reflect measurement error:  data that cross-classfy individuds as college graduates with only 12,
13 or 14 years of school should certainly be met with suspicion, and even reports that appear
more logicad can be eror-ridden. Varidion in S within degree category is essentid if we wish to
identify S-D interactions in a wage model, but it is equaly important to consder the source of
vaiaion. Under the fird scenario, we might predict that the sheepskin effect increases with S
because S is pogtivdy corrdaed with omitted in-school work experience—however, the
edimate should be interpreted as a reward for work experience rather than evidence that
employers use degrees to screen for unobserved traits  If the variation arises primarily from
measurement error, it might pay to redrict the functiond form of our wage modd rather than
rely on “noisg’ for identification.

We formdize these arguments in the next section. Specificdly, we demondrate how
ordinary least squares estimates of sheepskin effects are expected to change as we dter the
parameterization of the wage mode and the source of variation in the data; we consder different
forms of measurement error as well as enrollment behaviors as dterndive sources of vaiation in
Sand D. In subsequent sections, we turn to the data to assess the actual sengtivity of estimated
sheepskin effects to functional form, measurement error, and other factors. We use data from the
1979 Nationd Longitudina Survey of Youth (NLSY79), which provides data on both Sand D



for a lage sample of workers dong with information on work experience and enrollment
patterns. By estimating wage models with and without measures of actud work experience and
age a degree recipiency, we atempt to isolaie the signding effect of sheegpskins from the
confounding effects of factors that explan some of the variaion in S and D but ae fully
observed by employers.  Moreover, because many NLSY 79 respondents report their schooling
atanment repeatedly over a number of years, we use internd incongstency in sef-reports as a
rough indication of measurement error. By reestimating our wage modds with Sand D data that
are judged to be “clean,” we assess the nature of measurement error bias in estimated sheepskin

effects and, in particular, the interplay between measurement error bias and functiond form.

2. ldentification I ssues

Consder the following log wage modds.

InW=3Db;S; +u (1a)
j

InW =& bjsj +3 ngk +Uu (1b)
i k

InW = é]bJSJ +ilngk + J?kék dJij Dk +U (1C)

where the S; are dummy variebles that equa one if the worker's highest grade completed is j

(=6,7,...20) and the D, ae dummy varidbles identifying four mutualy exclusve degree
caegories.  high school dropout, high school graduate, college dropout, and college graduate®
Individua subscripts and additiond covariates (e.g., years of work experience) are suppressed.
We begin with these specifications because they have been used in key sudies within the
“shegpskin” literaturee. Hungerford and Solon (1987) use modd 1a while Jeeger and Page
(1996) estimate dl three models.

For comparison to 1a-1c, we aso consder the following three specifications.

INW = bS+u (29)

InW = bS+éngk +U (2b)
k

INW =bS+&gD, +4d,SxD, +u (20)
k k

where S is now a“continuous’ (categorical) measure of highest grade completed. Mode 2a is a

*When we turn to the data, we include additional categories for holders of associate's degrees and post-
bachelor’ s (graduate) degrees.



useful benchmark, given its prominence in the literature (Mincer 1974, Cad 1999), but is
obvioudy ill suited to esimating shespskin effects  Our primary reason for consdering these
redricted versons of modes lalc is that we wish to cover the spectrum from the smplest
modd that identifies schooling and degree effects (2b) to the most flexible modd (1c) in which
each SD combination has its own parameter.

Our gods are to learn why these dternative specifications produce different estimates of
sheepskin effects, and which specification is preferred. In principle, the latter objective cdls for
F-tests to determine which parameter redrictions are acceptable to the data. Rather than rey
exclusvely on Ftests, however, we ask how the variation in Sand D is generated and how that
variation, in tumn, is used to identify the parameters of interest* We consider the identification
of sheepskin effects under two dternative scenarios.  First, we assume our key schooling-related
vaiables (as wdl as dl other explanatory variables) are measured without error.  Under this
assumption, variation in Sand D reflects interpersona differences in ability and other factors that
lead students to choose different schooling outcomes. Next, we assume that measurement error
exigs in ether S or D—a scenario in which estimated sheepskin effects could be spurious. By
conddering two limiting cases where the varidion needed for identification represents,
dternativdy, “dgnd” and “noisg” we gan indghts into the more redigic scenario where both
sources of variation exigt in the data

A. No measurement error

If S and D ae measured without eror, then the variation needed to identify the
parameters in models la-1c and 2a-2c is the outcome of individuds schooling decisons. The
ealy “shegpskin” literature does not consder why S would vay among individuds with the
same D or why D would vay among individuds with the same S.  This is unsurprising, for
before Jaeger and Page (1996) defined sheepskin effects as the wage gains associated with
degrees conditional on S anadyss amply looked for an unconditional relationship between
degrees and wages or “degree years’ and wages. According to orthodox sorting models (Arrow
1973, Spence 1973, Stiglitz 1975), individuds with unobserved traits that employers vaue

(ability, determindion, etc.) recelve more schooling because those traits lower the cost of

*Cawley et al. (2001) and Heckman and Vytlacil (2001) conduct a related exercise. The authors consider
modes smilar to 1a-1c in functiona form, but with S and D replaced with other variables, and ask how
identification is affected by the nature of the data and functional form restrictions.



schooling.  As a result, employers can rely on observed components of schooling attainment such
as degree datus to screen for the dedired traits.  The theory explains why D (or S) varies across
individuads, and variaion in D (or § is dl that “fird generation” empirica andysts (Taubman
and Wades 1973, Layard and Psacharopoulos 1974, Hungerford and Solon 1987) need to identify
the rdlationship of interest.

Empirical researchers subsequently began controlling for both Sand D in wage models,
but to our knowledge only Weiss (1983) offers a theoreticd explanation for why these two
variables would vary independently.® In his modd, individuds choose their optimd levd of S
and then teke a test. Because individuads with high ability (the unobserved trait vaued by
employers) have a higher probability of passng the test, the test score serves as a useful signd.
Given that “passng the tex” is equivdent to earning a credentid, the modd explains why degree
holders have varying levels of S.

However, Weisss gdylized modd does not conform to cetain aspects of the U.S
educationd system. The “ted” that leads to a high school diploma is very different than the
“test” that leads to a bachelor's degree. It is necessary to distinguish between degree types and
explain why S varies within each D category. The redlity appears to be that students who are
employed while in school teke longer to earn ther degrees, as do sudents who sruggle
academicdly. The paten is dightly different among <Sudents in the “dropout” degree
categories.  in-school employment continues to be postively corrdaed with time in school, but
high ability students tend to drop out later than their low &bility counterparts. These behaviors
generate vaidion in enrollment durations within each D category, but we would see little
vaiaion in S (highet grade completed) if individuals took explicit account of accumulated
credits when reporting S—for example, if students who completed half the credits needed for a
bachelor's degree reported themsdves as having completed grade 14, regardless of how many
years they spent in college.  However, it is goparent from the detaled data available in the

®Human capitd modds (Becker 1993, Mincer 1974) provide an dternative explanation for why
individuas differ in their schooling attainment and why schooling measures are positively correlated with
wages. Chiswick (1973) and Weiss (1995) discuss the difficulties of distinguishing between human
capital and sorting hypotheses.

®Ferrer and Riddell (2002) refer to wage models that control for S only (e.g., laand 2a) as “ human capital
models,” those that control for D only as “credentialist models,” and those that control for both S and D
(e.g., 1b-1c, 2b-2c) as “hybrid models.” That is, they recognize that the practice of controlling for both S
and D does not emerge directly from sorting models.



NLSY79 that S measures the number of years spent in school independent of enrollment
intengty and progress toward a degree. We document these patterns in section 3.

To see the implications for esimating wage modds that control for D and S we focus on
mode 1b. Modd 1b is a linear modd with degree-specific intercepts (fixed effects), so it is clear
that b is identified from varigion in S within degree category.” If Sis positively corrdated with
in-school work experience (or age at school exit) within degree category, then the omission of in-
school work experience (or age a school exit) from the modd causes the edtimate of b to be
biased upward. This, in turn, causes the edimate of g, to be biased downward, given that
G =Y - bS, where Y, and S are means for group k. In making this assartion we assume, in
the spirit of sorting modes, tha the “true” b is intended to represent the wage effects of
schooling independent of age, work experience, and other factors that employers can observe
directly. The remedy, of course, is to include measures of in-school work experience and related
observablesin the modd. Thisargument aso appliesto the estimation of models 1b, 1c and 2c.

We have ds0 suggested that variation in S within D category reflects ability differences,
but that S is negatively corrdated with ability for degree holders and postively correlated with
ability for nondegree holders. This is a departure from the centrd tenet of sorting modds, which
istha Sand D increase monatonicaly with ability. Under our scenario, employers should favor
degree holders who earn their credentid in the shortest time, and favor dropouts who day in
school the longest.  This hypothesis can be tested by estimating models 1c and 2c instead of
redricced models 1b and 2b and determining whether the “return” to schooling varies across
degree categories as predicted. Other analysts (Jaeger and Page 1996, Park 1999) have estimated
mode 1c and have found that sheepskin effects do vary with S to our knowledge, however, an
interpretation of those interaction effects has not previoudy been offered.

B. Measurement error in S
We now assume that at leest some of the variation in S represents measurement error.

Moreover, we assume that the error is “dassicd’—that is, we assume S=S +n,where Sis

reported schooling, S is true schooling and n is a mean-zero, congtant variance error term that

is uncorrelated with both S and the error term in the wage modd (). (We must now replace S

" In contrast to models 1c and 2c, which include S-D interactions, models 1b and 2b only require variation
within some degree categories for the schooling coefficients to be identified.



with S in modds 1a-1c and 2a-2c because each modd is intended to express the relationship
between true schooling and log wages)  The assumption that schooling data exhibit dasscd
measurement error has been questioned by Black, Berger and Scott (2000), Bound and Solon
(1999) and Kane, Rouse and Staiger (1999), among others. Because of the categorica nature of
S and the fact that it is coded between zero and a top-coded vaue, these authors suggest that
meanreverting error might be a better assumption.  However, in FHores-Lagunes and Light
(2003) we use generdized method of moments estimation to fit data to a wide array of error
dructures, and we find that classcal measurement error provides as good a fit as the
dternatives®

Under the assumption of classcd measurement eror in S we wish to know how
measurement error bias varies across model specifications.  Beginning with the smplest of our

Specifications, mode 2a, we have the well-known result that
2

gimb =2Sb =1 b,
Ss
where s & ands 3 ae the variances of S* and S In the probability limit, the OLS estimate is
only a fraction of the true b, where te fraction (1) is the rdio of “sgnd” to “sgnd plus noisg’
(aso known asthereiability ratio) in reported S.
Model 2b is a degree-specific fixed effects modd, so the probakility limit of b becomes

2
pimbBE =25 p =7
S

where s 2, ands Zare the variances of S'=S'- § and S=S- § (deviations from D-specific
means). It is draightforward to show that | <l as long as S is corrdated among individuas
with a given D (Ashenfdter and Krueger 1994, Griliches and Hausman 1986). Measurement
eror bias increases with the corrdation in S because tha corrdaion determines how much
“ggnd” is log by the deviations-fromrmeans trandformation used to compute . In our

application, the S are likely to be highly corrdated among individuals who atain a given degree

®In contemporary U.S. data sources (including the ones used by Flores-Lagunes and Light 2003), very
few schooling reports appear in the 0-6 range or at the top-coded value. This may explain why the error
structure appears to be classical.



level because of the uniformity of the U.S. educationd system. For example, the fact that
schools are designed to award high school diplomas upon the completion of grade 12 induces
correlation among the “trug’ schooling level of termind high school graduates. In addition,
individuals who reach a common degree levd will be gmilar in tems of ther innate ability,
access to funds and preferences—and that Smilarity would induce corrdaion in S even if
schooling and degrees were chosen independently. A downward bias in b leads to an upward
bias in g, because ¢, =Y, - 6§k. The widdy-reported finding that sheepskin effects identified
by modd 2b are larger than “degree year” effects implied by modd 2a (or by variants of these
models) could be entirely due to measurement error in S,

Modd 2c differs from 2b in that it has D-specific dopes as well as D-specific intercepts.

To obtain estimates for model 2c, we can estimate four models of the form

INW, = b, S +9, +u, for k=1,234 3
and redlrict the error variances to be equa for dl k. (Note that by in modd 3 is b +dy in 2c)
For this*unpooled” modd we have

S

AN

pimb, =

> Dy = by

S &

wheres;*( andsék ae the variances of S* and S for the N, obsarvationsin group k. It is clear

that |, <l because snzk :sn2 (reporting errors have the same variance regardless of how and
whether we subset the sample) but s%( <s§ (reported S has less variaion within a D-gpecific

subsample than in the overal sample). A comparison of |, and | is less clear-cut because it

depends on whether more variation in S is lost by diminating observations outside the k' degree
group (mode 2c) or by subtracting D-specific means (mode 2b). We can illudtrate this point by
assuming we have only two observations per group—an unredidic assumption in our
goplication, but one tha corresponds to within-family edimation based on samples of twins

(Ashenfelter and Krueger 1994). In this case, |, <| as long as s§ <s§-oov(S.S) ]

°Note that | =1- [snz/s é], Y =1- [snzk/sé]and, in the case of two observations per group,



Unless true schooling (S*)is “too correlated” within D-specific group, measurement error bias is

likely to be grester in 2c than in 2b because variaion in S is sgnificantly smdler within group
than in the overdl sample. That is, we expect downward bias in the estimated margina effect of
S and upward bias in the sheepskin effects (g ) to increase when we add S-D interactions to the
modd!.

Next, we ask how measurement error bias is likely to change when we replace S with
dummy varidbles identifying each individud year of schooling. We focus on modd 1a and

continue to assume that the error in S is “classicd.” Therefore, when we use each reported Sto
creste the dummy varisblesS;, whereS, =1if S= S +n =j, the random component n induces
misdassfication.’® Given that the estimated coefficients in mode 1a are smply the mean of log
wages for individuds in the given S-specific category (6]. :W), a bias in the edimates will
aise due to (@) the incduson of individuds in group j that do not belong there, and (b) the
omisson of individuds that belong to group j but are erroneoudy included in another category.
Asuming that InW increases monotonicaly with S then the direction of the bias inb ; depends
on the reaive numbers of individuas from categories above and below category | that are
erroneoudy placed in category j. This pattern arises even though the random component n is

independent of the true (continuous) S .

Under this set of assumptions, the estimated coefficient for the bottom (top) S specific
dummy will be biased upward (downward) because al misclassfied observations belong to
individuds whose true schooling would place them in a higher (lower) category and who,

therefore, have higher (lower) InW.** However, the esimated coefficients for the midde S
gpecific dummies will have a negligible bias a random portion of observations that belong in
this category are excluded (placed in a different category as a result of measurement error), while

| =1- [Snz/(s 2-s é*r )], where r isthe corrdlationin S within groups.

°Our conclusions regarding model 1a are unchanged if we replace the classical error assumption with the
assumption of mean-reverting error.

" Top-coded observations are an exception to this pattern. |f survey respondents correctly report their true

S as 21 or higher but are coded as S=20 (the NLSY 79 top-code), then they rightfully belong to a higher
category than the 20". In our sample only 1.5% of respondents appear in the highest category (S=20), so
it is apparent that top-coding is not an important source of bias.



obsarvations that are erroneoudy placed in this category are randomly drawn from higher and

lower categories in a way that leaves InW roughly equd to its true mean. Because classcd

measurement eror in S leads to a nonuniform pattern of misdlasdfication in the S, dummy
vaiables, we may be able to obtan rdatively unbiased estimaies of some of the coefficients in

modds lalc. However, rdatively few observations are used to compute INW for the less
common S levdls—especidly in modd 1c, where the S specific means are computed within each
degree category. As a result, a smal amount of “nonrandomness’ in the misclassfications can

produce potentialy severe measurement error bias for these models.

C. Measurement Error in D

It is more difficult to assess the biases if we assume that D, rather than S is measured
with eror. While S can arguably be trested as a continuous messure exhibiting classca
measurement error, D is a set of dummy varidbles that classfy individuas into one of four
mutudly exclusve degree levds—D is an intrindcally categorical varigble.  We cannot assume

that the errors inDy are independent of the errors inD;, nor can we assume that the errors are

unrelated to the truth. Aigner (1973), Black et al. (2000), Freeman (1984), and Kane et al. (1999)
discuss cases where a single dummy vaiade is subject to misclassfication. They show tha
measurement error causes the edimated coefficient for the binary variable to be biased
downward, as in the case of classcd measurement eror. Black et al. (2000) and Kane et al.
(1999) demongtrate that the bias continues to be downward when the categorica variable takes
on more than two vaues (see dso Griliches 1986). The derivations become extremely
complicated for a Stuation Smilar to ours, where there are (interrdated) errors in four dummy
varidbles. Rather than atempt such a derivation, we smply note that our quditative conclusons
regarding measurement error in S should apply to the case where D is measured with error.

The more likely scenario is that both Sand D are measured with error. Kane et al. (1999)
consder this case, but find that degree gdatus is reported much more accuraely than years of
schooling.  Their finding is another reason that we direct more atention to errors in S than to

errorsin D not only in this section, but aso in our discussion of the estimates.*?

“Deriving results for the case of two misreported variables is beyond the scope of this paper and, in fact,
beyond the scope of most studies. As Greene (2003) notes. “If more than one variable is measured with
error, there is very little that can be said.”
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3. Data

A. Samples

We use data from the 1979 Nationa Longitudind Survey of Youth (NLSY79) to
estimate the wage models described in section 2. The NLSY 79 began in 1979 with a sample of
12,686 youth born in 1957-64, and it remains in progress today. Respondents were interviewed
annudly from 1979 to 1994 and biennidly thereafter; 2000 is the last year for which we have
data. Additiona details on the survey can be found in Center for Human Resource Research
(2000).

We obtain a cross-sectiond sample of wage observations as follows. Firs, we sdect each
respondent’s last reported wage. This wage refers to a job held in 2000 for many respondents,
but it pre-dates 2000 for respondents who were not employed that year or who dropped out of the
survey prior to 2000. The resulting sample contains one wage observation for each of 12,098
individuds, the average age is 34 and the age range is 18-44 at the time the wage was earned.
Second, we identify the sdf-reported highest grade completed and degree attainment a the time
the wage was earned. If respondents were not enrolled in school when a given interview took
place and had not been enrolled since the last interview, they were not asked to report their
highes grade completed.  Therefore, for respondents who were not “fresh out of school” when
their wage was reported, we look across preceding interviews to find the most recent report for S
The receipt of high school diplomas, associate's, bachdor's and graduate degrees, and college
enrollment are identified in a gmilar fashion.  Schooling-related varidbles are missng for a
handful of respondents, so at this stage we have a sample size of 12,061.

In addition, we diminate Higpanic and black respondents from the sample.  The sample
that remains conssts of 7,113 individuds who are dmogt exclusvely white. It is common in the
sheepskin literature to focus on white men (Hungerford and Solon 1987) or to estimate separate
wage models for different race-sex groups (Belman and Heywood 1991, Jaeger and Page 1996).
We diminate blacks and Higpanics because an examindion of race differences in sheepskin
effects is beyond the scope of the current study. However, we use a pooled sample of men and
women because our NLSY79 sample is congderably smdler than the samples of Current
Population Survey (CPS) respondents used in each of these earlier studies. When we edtimate
models for white men only, the estimated coefficients for the schooling and degree vaiables are
generdly very cose to what we find with the pooled sample, and in no case do our quditative

11



conclusions differ across the two samples®®  We believe the increased precision obtained by
doubling the sample Sze more than offsats the cost of being unable to identify minor differences
between sheepskin effects for white men and white women.

In addition to andlyzing the entire sample of 7,113 whites, we aso examine a subsample
in which the schooling and degree variables are judged to be “cdean.” We diminate respondents
who report highest grade completed (S) only once during the survey—i.e., respondents who left
school prior to the first interview and never returned and, as a result, reported Sin 1979 only.
Among remaning respondents, we require that sequentia reports of S increment consgently
with caendar time: for example, the annua sequence 12,13,14,15 is consstent, but 12,13,15,16
is not. In addition, we require consstency in reported information on degree atanment:
individuals who report college attendance must have received a high school diploma or GED at
an earlier date, individuals who recelve a bachdor’'s degree must have reported attending college
prior to that date, and so forth. These criteria produce a sample of 2,165 whites for whom the S
and D data are not necessarily error-free, but are invariably less error-ridden than the data in the
laager sample. By requiring internd conggency among multiple reports, we diminate a
disproportionate share of respondents with low schooling atanment and/or earlier birth years.
Nonetheless, we believe this is a useful drategy for assessng the effect of measurement error on
the estimates.™

B. Variables

Our dependent varigble is the log of the average hourly wage divided by the GDP
implicit price deflator. Our key explanatory variables are highest grade completed ) and a set
of dummy variadles (D) identifying respondents as having no degree, a high school diploma,
college attendance without a degree, an associa€'s degree, a bachelor's degree, or a graduate
(master's, professona or doctorate) degree; the degree categories refer to the highest leve
atained and are mutudly exclusve. Summary datidics for these and other variables appear in

“For models 2a-2c, we fail to rgject the null hypothesis of equdity in b,g,, and d, across the two

groups (white men versus white men and women) using a 5% significance level. For modds 1a-1c, we
find some Statistically significant (but quditatively “uninteresting”) differences.

“Our strategy is less demanding of the data than those requiring validation data (e.g., Freeman 1984), and
more flexible than those requiring relatively smple functiona forms in order to jointly estimate
measurement error and outcome models (Black et al. 2000, Flores-Lagunes and Light 2003, Kane et al.
1999).

12



table 1.

Table 2 contains a cross-tabulation of Sand D. It is clear from these digtributions that S
vaies condderably within D category. For example, dmost one out of four respondents with
high school diplomas and bachelor's degrees report a schooling level other than the “usud” level
of 12 and 16, respectively.  Similarly, D varies for each levd of S Within the S=12 subsample,
for example, 77% of individuds clam to have a high school diploma but others report every
degree level from high school dropout to graduate degree.  This variation in the data dlows us to
identify sheepskin effects—and, in fact, to do so with very flexible models such as 1c and 2c.
However, a portion of the variation is likely to be due to measurement error. A primary goda of
our andyss is to determine how dternative specifications of the wage mode exacerbate or
“smooth over” noise in the data

Each modd dso includes a dummy varigble indicating whether the respondent is mde,
and a st of cdendar year dummies. To be consstent with sheepskin studies based on CPS data
(e.g., Bman and Heywood 1991, Hungerford and Solon 1987, Jaeger and Page 1996, Park
1999) we edimate a set of benchmark modds in which the only additiond varidbles are potentia
experience (age-S-6) and its square.  To follow up on the ideas discussed in section 2A, we then
replace potentidl experience with actud experience (cumulative hours worked from the 20"
birthday to the date the wage was earned, divided by 2,000) and its square and cube, plus the age
a which the respondent earned his degree or left school. The purpose of these specifications is
to control for variables that are corrdated with S and D—and that explain much of the varigion
in S within degree category—but that employers observe directly.  In section 2A we suggest
contralling for in-school work experience, but after some experimentation we opted to control
for cumulative work experience from age 20 onward. We find that estimated schooling
coefficients are not sengtive to whether actual experience is divided into the portion obtained in
school and the portion obtained after school, dthough they are highly senstive to whether in-
school experience is controlled for in some fashion (see dso Light 1998, 2001). In addition, for
many respondents we lack detailed data on work experience gained before age 20.1°

The NLSY79 records employment histories from January 1978 onward, so we can track actual
experience from the 20" birthday onward for &l respondents born in 1958-64; for those born in 1957, we
predict 1977 hours worked. If we were to “start the clock” at age 16 in order to measure in-school work
experience for high school dropouts and high school graduates, experience would be |eft-censored for
virtually every respondent.
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In section 2a we suggested that, within degree category, S is postively corrdated with in-
school work experience and the age a which the degree is received.  Table 3 demondrates the
extent to which these patterns exig in the data.  We divide the full sample of 7,113 whites into
D-specific subsamples, and then further divide them into three groups. reported S below the D-
gpecific median, S equa to the median, and S above the median. (We ignore individuds with
graduate degrees in table 3 because the subgroups are quite smdl.) Within each degree group,
the mean level of actuad work experience and the mean age a school exit increase as S increases.
Rdaively few of the differences in means are sgnificantly different than zero, but the patterns
point to pogtive corrdations nonetheless. In light of these patterns, we believe it is necessary to
“net out” the effects of work experience and age to avoid overdating the wage effects of S and
D—especidly if sheepskin effects are to be interpreted as evidence of sorting on unobservable
traits.

To follow up on the measurement issue raised earlier, for the bachdor's degree
subsample we dso report mean levels of in-school work experience in table 3. We measure in-
school work experience as the average hours worked per week in the year prior to leaving
school; this 52-week period is uncensored for dl college graduates in the sample. Table 3 shows
that average, in-school employment intengty is sharply higher among individuds who complete
more than 16 years of school (the median for this group) than it is for other college graduates.
Because both cumulative experience and in-school experience increase with S we believe the
former variable isagood proxy for the latter.

We dso predicted that S and ability are podtively reated within the dropout categories,
but negatively rdated within the “completed degreg’ categories. We investigate this pattern in
table 3, usng percentile scores on he Armed Forces Qudifying Test (AFQT) to gpproximate the
unobserved ability that employers might be seeking. Among individuds who leave high school
or college without a degree, mean AFQT scores increase dramaicaly as schooling increases
(adthough, again, with condderable variation and smal sample szes, the differences in means are
not dways dgnificantly different than zero). We do not see the predicted negetive rdationship
between S and test scores among the degree recipients, but the positive reationship appears to be
much less pronounced. These disparate patterns suggest that it might be necessary to dlow the
margind effect of Son log wages to vary across degree levels.
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4. Estimates

We egimate a number of wage modds that vary in three dimensions. First, as described
by modds la-1c and 2a-2c, we change the functionad form of the relaionship between schooling,
degree status, and log wages. Second, we dter the set of covariates other than years of schooling
and degree datus. We control for potentid experience and its square in some specifications, but
we subgtitute actual experience and age a degree recipiency (or school exit for nondegree
holders) in others.  Third, we use both the full sample of white workers as wel as a smdler
sample in which the schooling data are judged to be “clean.” In tables 46 we report predicted
sheepskin effects and margind effects of schooling for each specification. OLS edimates of the
underlying coefficients for a subset of specifications appear in gppendix tables A1-2.

We begin by noting the sengtivity to modd gpecification that we dluded to in the
introduction. This is readily apparent in table 4, which contains predictions based on modds la
1c and 2a-2c, udng the full sample of white workers and controlling for potentid experience.
The esimated margind effect of the 12" year of school ranges from an imprecisely estimated
0.018 (modd 1c) to 0.101 (modd 2a), while the predicted change in log wage associated with
advancing from “some college” to a bachdor's degree ranges from an imprecisdy estimated
0.065 (model 1c) to 0.198 (modd 2b).!®  This sendtivity in esimated sheepskin effects is
reduced when we replace potential experience with actua experience (and add a control for age
a which the degree was received) and especidly when we switch to the “clean” sample.  In
table 6, with both those changes in place, the predicted “return” to a bachelor's degree ranges
from 0.094 (1b) to 0.189 (2b).

Usng F-tests to determine which specification is preferred, we find that the data strongly
favor model 1b over the more redrictive modd 1a and the highly flexible 1c, and we find that
model 2c is preferred to 2a and 2b. When we compare 1ato 2a, 1b to 2b and 1c to 2c, we dways
reject the null hypothesis that the 15 S-specific coefficients are equa.l’ If we intended Smply to

®Point estimates for model 1c often differ dramatically from the other estimates, and invariably have
large standard errors.  With relatively few observations available to compute the mean log wage within
each S-D cell, these estimates are particularly sensitive to extreme values of the dependent variable as
well as measurement error in Sand D.

*" In comparing 1b and 1c, the pvalue for the null hypothesis (H, :d;, = 0) is 0.347. For each of the

other comparisons, the pvalue is no greater than 0.001. These evaluations are based on models that
control for potential experience, but we obtain smilar results when we use actua experience and/or
“clean” data. We ignore the potential effects of measurement error on the outcome of these Ftests.
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find the specification that provides the best fit to the data, we would consider a modd that is
intermediate to 1b and 2c. That is, we would look for groups of S specific dummies for which
the estimated coefficients can be congrained to be equd, and form interactions between these
aggregate S groups and the degree dummies. As stated in section 2, however, we use models 1a-
1c and 2a-2c because we wish to span te range from the smplest functiond form (2a-2b) to the
mog flexible (1c). Taking these sx specifications as “given,” we now ask how to interpret the
edimated schooling and degree effects in light of the two potentid sources of variation in the
data dgnd and noise.

To invedigate the posshility that the estimaied S coefficients partidly reflect wege
payoffs to work experience gained in school (an upward bias in b that would, in turn, affect the
edimated degree effects), we compare estimates from specifications that control for potentid
experience to those that control for actua experience and age a degree recipiency. The relevant
edimates gppear in tables 4-5 and A1-A2. When we replace potential experience with more
detalled work history varigbles, the estimated schooling coefficient fals from 0.101 to 0.087 in
model 2a, from 0.055 to 0.037 in 2b, and from 0.036 to 0.024 in 2c. The estimated coefficient
for S fdls from 0.778 to 0.634 in modd l1a and from 0.549 to 0.346 in 1b; the point estimates
for mogt of the remaining S dummies decline in magnitude as wdl, dthough usng conventiona
dggnificance levels we do not dways regect the null hypothess that the change is zero. By
bringing to bear less information than employers would typicaly have, we are concerned that the
“potential  experience’ ecifications not only overdate the wage payoff to years of schooling,
but dso understate the degree effects. In modd 2b, the estimated coefficients for associae's,
bachelor's, and graduate degrees are sgnificantly higher when we replace potentid experience
with actua experience, and in modd 1b dl the degree effects increase. With both model 1b and
modd 2b, for example, the predicted effect of a bachdor's degee rddive to “some college’
increases by about 0.07 when we replace potential experience with actua experience. If we wish
to interpret these sheepskin effects as evidence of labor market sgnding, we underdate the vaue
of asheepskin when key observables are omitted from the specification.®

Dhrymes (1978) shows that the Ftest for the overall significance of the regression in aclassical errors-in-
variables model is understated, which leads 1 over-rgjection. However, to our knowledge, little can be
said about the effect of classical errorsin an Ftest that compares two different nested models.

®If the estimated sheepskin effects instead represent the wage benefits of skills gained in conjunction
with each degree level, then we understate the value-added of this skill.
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We ds0 invedigate the notion that sheepskin effects increase with schooling for high
school and college dropouts, but decrease (or fail to increase) with schooling for degree holders.
The argument is that high ability individuds reman in school longer before dropping out, while
low ability individuds teke the longest to earn a degree. We find that this prediction is largely
supported by the data.  Table Al revedls that the estimated coefficients (standard errors) for the
SD interactions for model 2c are -0.001 (.018), 0.053 (.017), 0.061 (.024), -0.008 (.020), and
0.025 (.029) for high school diplomas, some college, associat€'s degrees, bachelor's degrees and
graduate degrees, respectively. In other words, the estimated margind effect of S is ggnificantly
higher for college-goers who do not earn a bachelor's degree than for others, dthough there is no
evidence that “late’ high school dropouts earn more than “early” high school dropouts. When
we switch to mode 1c, we fal to rgect the null hypothesis that the coefficients for the SD
interactions are zero (see footnote 17).  Nonethdess, the very noisy point estimates for this
modd are entirdy conssent with our argument: the predicted log wage for a high school
dropout with 11 years of school exceeds that of his counterpart with S=9 by 0.14; for college
dropouts, the predicted log wage increases by 0.15 when we increase S from 13 to 15 while for
high school graduates, the predicted log wage fals by -0.20 when we increase S from 12 to 13.
These paterns suggest that the more flexible modes 1c and 2c capture differentid signaing
across degree categories.

Next, we ask whether the estimates differ across specifications in a manner consstent
with measurement error.  In section 2, we argued that the estimated coefficient for S is expected
to be increasingly downward biased due to measurement error as we move from mode 2a to 2b
to 2c. Although the same intuition agpplies to modes lalc, we argued further that
misclassfication (and, therefore, measurement eror bias) is likdy to be less severe for
intermediate schooling years than for the top and bottom categories. In fact, we find that most
edimated S coefficients decrease when we add degree dummies and they decrease further when
we add SD interactions. For example, the estimated coefficient (sandard error) for S decreases
from 0.101 (.004) to 0.055 (.006) to 0.036 (.013) as we move from model 2ato 2b to 2c. The
estimated coefficient for S (the bottom S category) is an imprecisely estimated -0.26 in both 1a

and 1b, while the estimated coefficient for §, fals from 0.483 (.042) to 0.338 (.053) and the
estimated coefficient for S,, (the top category) falls from 1.029 (.068) to 0.656 (.091).
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We can further assess measurement error bias by comparing the estimates in table 5 to
the estimates in table 6, which are based on the sample in which reports for Sand D are judged to
be “dean.” If Sis measured with error, then the estimated S coefficients in table 5 are downward
biased and the estimated D coefficients are upward biased. When we switch to clean data, we
indeed find that for modes 2a-2c the estimated S coefficients increase and the estimated D
coefficients decrease. In modd 2b, for example, the estimated schooling coefficient increases
from 0.037 (.006) to 0.047 (.012) when we switch to the clean sample, while the estimated
coefficient for a bachelor's degree decreases fom 0.407 (.048) to 0.313 (.096) and the estimated
coefficient for “some college’” decreases from 0.144 (.032) to 0.123 (.073) (table Al). This
pattern is entirdly condgstent with the assumption of classica error in Sand no error in D.

The expected patterns are more complicated for models la and 1b because
misclassfication should lead to downward (upward) bias for the estimated coefficient for the top
(bottom) S category, and misclassfication should be less severe for intermediate vaues of S. In
switching from the full sample to the “cdean” sample, we find that every edtimated S coefficient
for modes 1la-1b declines in vaue, dthough the changes are not dways ddidicdly sgnificant.
Focusng on modd l1a we find, for example, that the estimated coefficient for S, declines from

0.361 to 0.110 while the estimated coefficient for S falls from 0.451 to 0.348 and the estimate

coefficient for S,, (the top category) fals from 0.917 to 0.824 (table A2). It does not appear that

misclassfication of observations in the intermediate categories is random, nor does it appear that
the top category is biased downward by misclassfication in the full sample. Ingead, we
conclude that the very smadl samples used to compute a coefficient for each S pecific dummy
(and especidly for each SD-gpecific dummy in modd 1c) make these edtimates highly sengtive

to nonrandom errors.

5. Conclusions

In the 1990s, andys began identifying sheepskin effects by exploiting data sources that
include measures of workers highest grade completed and their degree atanment. Specificdly,
they edtimated log wage modes that control for highest grade completed (S), highest degree
attained O) and, in some cases, interactions between Sand D. The wage effect of D, conditiond
on S is referred to as a sheepskin effect. It is often interpreted as evidence that employers use
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degrees to screen for workers with high ability and other desired traits that cannot be directly
observed.

While data sources that measure both Sand D are unquestionably vauable, it is important
to ak why these two measures would vary independently. Sheepskin effects are identified
because individuds with a given amount of schooling differ in ther degree atainment, or
because individuas with a given degree complete different years of S.  This vaiaion might be
the outcome of individuas schooling decisons, or it might be purdy due to measurement error
in Sor D. In this study, we &k how to interpret estimated sheepskin effects when the variaion
arises from these dlternative scenarios.

Within a given D category, we demondrate that individuas who gain more S dso gan
more work experience while in school and are older a school exit. Employers invariably
observe these characteridtics as eadly as they observe degree attainment, so it is a mistake to
identify sheepskin effects from modes thet rely on variation in Sand D, but do not control for
these related factors. We find hat sheepskin effects are over-stated (by 7% or so for the “vdue
added” of a bachelor's degree) in modds that ignore in-school work experience and age a
school exit. We dso find that increesed S might be a positive sgnd to employers hiring
dropouts (especidly individuds who attend college without earning a bachelor's degree) because
high ability dropouts stay in school longer, but a negative 9gnd to employers hiring degree
recipients. Modds that include SD interactions are able to identify these differentid “returns’
to degrees.

At the same time, we find that edimated sheepskin effects might be over-stated as a
result of measurement error in S Earlier studies €.g., Jaeger and Page 1996) correctly highlight
the fact that sdlf-reported degree information diminates the need to infer degree attainment from
data on highest grade completed. However, measurement error in S can lead to downward bias
in edimated coefficients for S and upward bias in esimated coefficients for D. Our estimates
based on log wage modds that control for “continuous’ S strongly support this measurement
eror argument. It is much more difficult to assess the role of measurement error in modds that
replace S with dummy vaiables for each highest grade completed. Our estimates for those
models are not entirdy conggent with smple assumptions about the nature of the reporting
erors. Additiond andyss of measurement error in wage models that include a large number of

dummy variablesis a the top of our agenda for future research.
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Tablel: Summary Statisticsfor Selected Variables

All whites | Clean sample®

Vaidde Mean SD.|Mean SD.
Ln(average hourly wage) 243 68| 252 12
Highest grade completed (S 1301 265|1359 261
Degree (D)

None A2 .07

High school diploma 37 41

Some college 22 16

Associate' s degree .07 .06

Bachelor’'s degree .16 24

Graduate degree .06 .06
Potentid experience (Age-S-6) 1546 6.16| 1451 5.69
Actua experience 1200 743|1232 6.84
Age received degree or left school 2081 4772054 374
lif mde 51 51
Number of individuds 7,113 2,165

Excludes individuals with (a) only one report of S, (b) multiple reports of S
that vary inconsistently with calendar time, or (c) inconsistent degree reports.

®Hours worked from 20" b rthday to date wage was earned, divided by 2000.
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Table 2: Cross-Tabulations of Highest Grade Completed by Highest Degr ee Received

(all whites)
Highest None High  Some Assoc. Bach. Graduate| All Sample
grade school  college degree degree  degree | degree sze
completed levels
0-8 83.6 13.7 12 15 262
25.8 14 0.2 04 3.7
9-11 55.3 41.8 2.5 0.3 0.1 1,117
72.9 17.6 18 0.6 0.1 15.7
12 0.2 76.6 22.0 11 0.2 0.0 2,696
0.5 7.7 38.2 5.8 0.4 0.3 379
13-15 0.4 6.5 60.1 29.7 3.2 0.2 1,383
0.6 34 53.6 82.0 3.8 0.8 194
16 0.1 75 35 88.3 0.7 1,007
0.1 4.8 7.0 77.0 17 14.2
17-20 0.2 3.2 3.6 32.7 60.3 648
0.1 14 4.6 184 97.3 9.1
All grades 11.9 374 21.8 7.0 16.2 57
Samplesze | 848 2,658 1,550 500 1,155 402 7,113

Note: Nonbold-face numbers are percents of row totals and bold-face numbers are percents of column
totals.
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Table 3: Summary Statisticsfor Selected Characteristics,
by Degree and Highest Grade Completed

(all whites)
Highest grade completed relative to median
S< Smedian forgiggegigup. S> Smedian
Vaidde Mean S.D |Mean SD. | Mean SD.

High school dropout

Age left school 1713 4141786 356 1929 4.13

Actud work experience 786 653| 884 7.03| 910 7.21

Percentile score on AFQT 1563 15.47|18.18 1553 | 23.99 18.65
High school dipoma

Age received degree 18.18 539|18.69 2141825 4.94

Actud work experience 10.09 7.07|1150 7.87| 1243 815

Percentile score on AFQT 33.30 18.75|43.64 21.71| 46.03 22.24
Some college

Ageleft schoal 1831 1117|1867 240| 1880 213

Actud work experience 12.62 1085|1535 1253| 16.42 13.46

Percentile score on AFQT 49.37 20.94| 5489 23.12| 65.09 2298
Associate’ s degree

Age recelved degree 2199 465(2391 576|2549 5.99

Actua work experience 1339 564|1393 6.66| 1520 6.34

Percentile scoreon AFQT 4950 23.68|59.95 21.20| 60.51 22.13
Bachelor’sdegree

Age received degree 2317 1383|2441 4.04|2482 4.02

Actua work experience 1369 6.94|1449 6.07|1475 5.64

In-school experience® 18.01 13.14|18.01 1040 2543 7.39

Percentile score on AFQT 63.02 2247|7393 19.13| 73.75 18.47

*Average hours worked per week during the last year of college.

Note: Each degree-specific sampleis disaggregated according to whether reported
S is bdow, equal to, or above the degree-specific median. The nedians are
11,12,13,14 and 16 for each successive degree.
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Table 4: Predicted Wage Effects of Schooling and Degr ees
(dl whites, controlling for potentid experience)

Predicted marginal effect of Holding Specification
increasing from: constant:? 2a la 2b 1b 2C 1c
S=10to S=11 HS 101 | .003 | .055 | -.005| .036 | -.027
dropout (.004) | (.040) | (.006) | (.040) | (.013) | (.056)
S=11to S=12 HS same | .091 | same | .027 | .035 | .018
diploma (.029) (.033) | (.012) | (.039)
S=12to0 S=13 HS same | .160 | same | .106 | same | .088
diploma (.027) (.030) (.069)
S=13to S=14 Some same | .077 | same | .076 | .089 | .050
college (.033) (.036) | (.011) | (.042)
S=14to0 S=15 Asociate's| same | .083 | same | .070 | .096 | -.029
degree (.043) (.040) | (.021) | (.068)
S=15to S=16 Bachdor's | same | .212 | same | .141 | .028 | -.028
degree (.042) (.052) | (.015) | (.101)
S=16to S=17 Bachdor's | same | .055 | same | .019 | same | -.002
degree (.045) (.046) (.055)
HS dropout to HS diploma S=12 .056 | .105 | .101 | -.511
(.026) | (.032) | (.041) | (.281)
HS diplomato some college S=14 120 | .087 | .199 | .054
(.020) | (.023) | (.034) | (.133)
Some college to Associate’ s degree S=14 .015 | -.009 | -.028 | .025
(.030) | (.033)| (.031) | (.047)
Some college to Bachelor's degree S=16 198 | .084 | .107 | .065
(.029) | (.043) | (.039) | (.069)

#Degree and schooling levels used to compute predictions for specifications 1c and 2c.

Note: Standard errors are in parentheses. The sample consists of 7,113 white men and women.

“Same’ means the estimate is constrained to equa the estimate in the preceding row.
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Table5: Predicted Wage Effects of Schooling and Degr ees
(al whites, controlling for actual experience and age at which degree was earned)

Predicted marginal effect of Holding Specification
increasing from: congant:®* | 2a | 1a | 2b | 1b | 2c 1c
S=10to S=11 HS .087 | -.027 | .037 | -.033| .024 | -.043
dropout (.003) | (.038) | (.006) | (.038) | (.013) | (.054)
S=11to S=12 HS same | .041 | Same | -.039 | -.005 | -.038
diploma (.029) (.032) | (.011) | (.039)
S=12to0 S=13 HS same | .140 | Same | .086 | Same | .039
diploma (.026) (.029) (.067)
S=13t0 S=14 Some same | .084 | Same| .073 | .068 | .038
college (.032) (.034) | (.010) | (.041)
S=141t0 S=15 Associate's| same | .089 | Same | .071 | .083 | -.007
degree (.042) (.043) | (.020) | (.065)
S=15t0 S=16 Bachdor's | same | .183 | Same| .082 | .024 | -.058
degree (.040) (.050) | (.015) | (.097)
S=16to S=17 Bachdor's | same | .057 | Same | .018 | Same | .002
degree (.043) (.044) (.053)
HS dropout to HS diploma S=12 .031 | .120 | .050 | -.402
(.026) | (.031) | (.040) | (.272)
HS diplomato some college S=14 113 | .083 | .238 | .038
(.019) | (.022) | (.033) | (.128)
Some college to Associate' s degree S=14 .070 | .033 | .032 | .081
(.031) | (.033)| (.032) | (.047)
Some college to Bachelor’s degree S=16 263 | .160 | .178 | .158
(.030) | (.043) | (.039) | (.067)

#Degree and schooling levels used to compuite predictions for specifications 1c and 2c.

Note: Standard errors are in parentheses. The sample conssts of 7,113 white men and women.

“Same’ means the estimate is congtrained to equa the estimate in the preceding row.
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Table 6: Predicted Wage Effects of Schooling and Degrees
(“clean” sample, controlling for actud experience and age a which degree was earned)

Predicted marginal effect of Holding Specification
increasing from: congant:®* | 2a | 1a | 2b | 1b | 2c 1c
S=10to S=11 HS .096 | .032 | .047 | .018 | .015 | -.073
dropout (.006) | (.082)| (.012)| (.083) | (.033) | (.124)
S=11to S=12 HS same | .018 | same | -.046 | -.033 | -.065
diploma (.056) (.062) | (.031) | (.071)
S=12t0 S=13 HS sane | .158 | same | .041 | same | .116
diploma (.056) (.074) (.217)
S=13t0 S=14 Some same | .025 | same | .034 | .085 | -.001
college (.072) (.074) | (.022) | (.083)
S=1410 S=15 Associates| same | .239 | same | .224 | .098 | .096
degree (.090) (.090) | (.031) | (.136)
S=15t0 S=16 Bachelor's | same | .077 | same | .009 | .026 | -.174
degree (.081) (.094) | (.025)| (.192)
S=16to S=17 Bachelor's | same | .088 | same | .082 | same | .009
degree (.072) (.073) (.082)
HS dropout to HS diploma S=12 -.022| .127 | .027 | -.385
(.056) | (.072) | (.088) | (.333)
HS diplomato some college S=14 145 | 140 | .338 | .068
(.043) | (.058) | (.077)| (.408)
Some college to Associate’ s degree S=14 .003 | -.016 | -.030| .073
(.062) | (.065) | (.064) | (.099)
Some college to Bachelor’s degree S=16 189 | .094 | .110 | .097
(.056) | (.073) | (.070) | (.098)

#Degree and schooling levels used to compuite predictions for specifications 1c and 2c.

Note Standard errors arein parentheses. The sample consigts of 2,165 white men and women
who report S consistently as described in the text and the note to table 1. “ Same” meansthe
edimate is congtrained to equa the estimate in the preceding row.
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Table Al: OLS Egtimatesfor Selected Model 2 Specifications

2a (tabled) | 2b (tabled) | 2a(table5) | 2b (table5)
Vaiable Coeff. SE. | Coeff. SE. | Coeff. SE. | Coeff. SE.
Congant 547 .096| .987 .107| .714 .048| 1.335 .072
S 101 .004| .055 .006| .087 .003| .037 .006
1if HSdiploma 056 .026 .031 .026
1if somecollege 177 .033 144 032
1if assoc. degree 191 .043 214 .043
1if bach. degree 374 .047 407 .048
1if graduate degree 111 .035 179 .035
Potentid exper. (PX) 035 .008| .032 .008
PX?/100 -.087 .021| -.075 .021
Actud exper. (AX) 049 .009| .053 .009
AX?/100 -.009 .068| -.046 .068
AX3/1000 -.021 .015| -.012 .016
Age received degree -.001 .002| -.008 .002
1lif mde 319 .014| .319 .013| .220 .014| .218 .014
Observations 7,113 7,113 7,113 7,113
Root MSE 5616 561 547 541

2a (table6) | 2b (table6) | 2c (tabled) | 2c (table5)
Vaidde Coeff. SE. | Codf. SE. | Coeff. SE. | Coeff. SE.
Congtant 605 .101| 1.297 .166| 1.152 .154| 1.467 .125
S 096 .006| .047 .012| .036 .013| .024 .013
1if HSdiploma -.022 .056| .110 .187| .398 .186
1if somecollege 123 .073| -.445 .188| -.391 .182
1if assoc. degree 127 .090| -.579 .319| -.560 .310
1if bach. degree 313 .096| .632 .278| .493 .269
1if graduate degree 174 .069| -.296 .511| -.334 .494
S*HS diploma -.001 .018| -.029 .018
S*some college 053 .017| .044 .016
S*assoc. degree 061 .024| .059 .024
S*bach. degree -.008 .020( .000 .019
S*graduate degree 025 .029| .030 .028
Potentia exper. (PX) .035 .008
PX?2 -.081 .021
Actual exper. (AX) 029 .019| .032 .019 .053 .009
AX?110 027 .015| .024 .015 -.047 .067
AX3/100 -.010 .004| -.009 .004 -.012 .016
Agereceiveddegree | .002 .004 | -.006 .005 -.009 .002
1lif mde 205 .027| .210 .027| .318 .013| .215 .014
Observations 2,165 2,165 7,113 7,113
Root MSE 575 571 559 540

Note: Each specification also includes calendar year dummies.
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Table A2: OLS Estimatesfor Selected Model 1 Specifications

la (table 4) | 1b (table 4) | 1a (table5) | 1b (table5) | 1a (table 6) | 1b(table 6)
Vaigble Coeff. SE.|Coeff. SE.|Coeff. SE.|Coeff. SE. |Coeff. SE. | Coeff. SE.
Congtant 1.448 .078| 1.423 .078| 1.602 .055| 1.655 .057| 1.837 .132| 1.884 .136
S=6 -.026 .109| -.028 .110| .049 .106| .034 .106| -.364 .414| -.313 .413
S=7 .024 .080| .030 .080| .034 .077| .037 .077| -.337 .270| -.397 .270
S=8 009 .054| .022 .054| -.012 .052| -.000 .053| -.119 .146| -.103 .146
S=10 152 .043| .134 .043| .123 .042| .106 .042| -.124 .106| -.146 .107
S=11 155 .043| .129 .043| .096 .041| .073 .042| -.092 .099| -.128 .101
S=12 246 .035| .156 .042| .137 .034| .034 .040| -.073 .087| -.175 .100
S=13 406 .042| 262 .050| .277 .040| .120 .048| .085 .099| -.133 .122
S=14 483 .042| .338 .053| .361 .039| .193 .050| .110 .098| -.100 .121
S=15 566 .052| .408 .061| .451 .049| .264 .058| .348 .115| .125 .137
S=16 778 .042| 549 .063| .634 .037| .346 .059| .425 .091| .135 .127
S=17 833 .057| 568 .073| .691 .052| .364 .068| .513 .111| .216 .140
S=18 936 .055| .580 .079| .811 .050| .392 .073| .618 .114| .245 .151
S=19 1.048 .073| .705 .092| .915 .067| .506 .085| .620 .127| .244 .162
S$=20 1.029 .068| .656 .091| .917 .061| .478 .083| .824 .122| .418 .163
1if HSdipl. 105 .032 120 .031 127 071
1 if some coll. 192 038 203 .037 266 .088
1if associate 173 .049 236 .050 250 .104
1if bachdlors 276 .056 363 .057 360 .111
1if graduate 168 .050 191 .049 152 .092
PX 035 .008| .034 .008
PX2/100 -.085 .021| -.080 .021
AX 053 .009| .052 .009| .035 .019| .035 .019
AX?/100 -.044 .068| -.043 .067| .221 .148| .219 .148
AX3/1000 -.003 .016| -.012 .016| -.090 .035| -.086 .035
Age recd. deg. -.005 .002| -.009 .002| -.003 .004| -.008 .005
1if mae 317 .014| .318 .013| .212 .034| .214 .014| .198 .027| .205 .027
Observations 7,113 7,113 7,113 7,113 2,165 2,165
Root MSE 561 559 543 540 572 570

Note: Each specification aso includes calendar year dummies.
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