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ABSTRACT
LONG-TERM CONSEQUENCESOF YOUTH UNEMPLOYMENT
Jack Moore

Men in the United States who spend time out of work during their youth tend to

be employed less and earn lower wages in their adult years. Why? Isthis because the
state of being out of work as a youth causes workers to earn less and work fewer weeks
later inlife? Or isit because individuas who work fewer weeks during youth have
persond traits thet lower their probability of employment and their wages during both
youth and adulthood? Researchers refer to the first possible explanation as state
dependence and call the second explanation heterogeneity. Using successve
observations of the same people over timefrom the Nationd Longitudind Survey of

Y outh, this paper identifies acausa relationship (state dependence) between early
employment experience and employment and wages ten years later among high school
graduates and individuals with higher measured ability but not among high school
dropouts or those with low measured ability. Previous research on this topic has not
examined whether the impact of state dependence varies with schooling and measured
ability. Among those who are affected by state dependence, those who as youths
experience especidly long periods of unemployment are particularly prone to long-term
effects on future wages and employment.
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I. Introduction

Asthe nationa unemployment rate in the United States reaches 6 percent in the month of
December 2002, and one million people drop out of the labor force during the past Six
months, some declare that “the economy has falen into the wordt hiring dump in dmost
twenty years.”! Asin most economic downturns, the group hit hardest by this hiring
dump is young people with low levels of education. Thisgroup’s job prospectstypicaly
have the highest sengtivity to the busnesscycle. A recent study by economist Andrew
Sum, director of the Center for Labor Market Studies at Northeastern University in
Boston identified a 12 percent increase in “joblessness among out-of-school youths
between 16 and 24 since the year 2000,”2 which brings the total number of non-working,

out-of-schoal youths in that age range to 5.5 million as of January 2003.

These figures, according to Sum, the study’ s lead author, need “clear recognition by
economic policy makers’ so that youth joblessness can be addressed and its remedy
given high policy priority. The specid attention to youth joblessness for which the study

cdls arises from the fact that there exists some specia problem created by such high

" This paper has benefited from numerous conversations with John Pencavel. His hdpful
comments on previous drafts and his patience in discussing the issues sudied here have
contributed enormoudly both to thiswork and to my own research sKills.

1 |_eonhardt, New Y ork Times, Feb 6,2003.

% Herbert, New York Times, Feb. 6, 2003,




current noremployment, and that Smply waiting for the business cycle to pick up again
will not fully solve the problem. Asthe study’ stitle, “Left Behind in the Labor Market,”
suggests, Sum believes that youths being “left out of the ranks of the employed” creates
a“substantial risk of [their] being permanently left behind.”® It isthisrisk of permanence
or at least persstence of joblessness and low wages that causes Sum to think youth
joblessness warrants attention above and beyond policymakers' efforts to improve the

economy in generd.

While the Northeastern University study is richwith data on current unemployment and
other labor market trends, the link between the current Situation and future outcomesis
conjectura aone. It presumes that many key decisons individuas make during the early
years of adulthood affect future outcomes.* It is often hypothesized that people who
experience more unemployment as teenagers tend to experience more unemployment
when they are older. Or, smilarly, non-employment (the union of unemployment and
time out of the labor force) during an individud’ s teen years will result in lower wages
and higher levels of unemployment further into that person’s career. Theissue hereis.
does this persstence in labor market experiences indicate a causal reaionship from early

experiences to outcomes later in life?

The theory of state dependence, aso known as structural dependence, argues that this
lagting effect of youth unemployment is aresult of the experience of the individua while

unemployed. That is, something inherent in the State of being unemployed lowers an

3 Phelan (2003).
4 Sum, et d. (2002), pg. 2.



individud’s future potentid earnings and raises the amount of time he will be
unemployed in the future. Various mechanisms are identified as creating this effect.
Unemployment could create a psychologicd discouragement of an individud while heis
unemployed that affects his future attitudes towards work. For instance, an employee
who puts forth great effort into doing ajob that he eventualy loses may fed less secure
in his rdationship with his next employer. Worried about the stability of thisjob, he may
be hesitant to work hard or to invest in firm-specific human capital. Secondly, a
deterioration (or lack of accumulation) of job skills during the time of unemployment
could aso lead to lower wages and higher unemployment in the future. If work
experience makes aworker more productive, then time spent not working lowers the
individua’ s productivity compared to what it would be had he been employed during that

time. Thislost opportunity to accumulate skills lowers future wages.

Findly, regardiess of aworker’s actua condition, time not employed can decrease
potentid employers opinions of the worker’s skills and attitude and make the employers
lessinterested in hiring that worker. As David Ellwood describes this mechanism,
employers, who have alimited amount of time and information with which to sdect
employees, may rely on a potentid employee' s job history as an indicator of that
worker's job skills and attitude.®> Such employers often choose not to hire workers who
have spent along period of time not working after leaving school. Asaresault, itis

possible in week job marketsthat, if employers“are dow to adjust their expectations for

® Ellwood (1982), pg. 351.



work experience from young applicants, cohorts entering aweak labor market will

ffer” ©

An dternaive hypothesis accounting for this persstence is that there are permanent
differences among people that make some more likely to experience a particular event at
different stages of their life cycle. This competing hypothesis, labeed “ heterogeneity” by
many researchers, postul ates that workers have characteristics, many of which are
unobserved by the economigt, that make the individua lesslikely to get ajob a ayoung
age and have the same effect later in life. Even among those with the same leve of
education, age, etc., different individuals will be more or |ess attractive employeesto hire
both in their teen years and later in life. A worker’s punctudity, for instance, could affect
employers desiresto hire or to retain that worker. If aperson has ahabit of arriving late
throughout hislife, then both early and later in his career, this person will be more likely
to be unemployed than a different worker who isidentica to the first except thet heis
meticulous about arrival times and deadlines. Observation of these two workers over a
long period of time would reved persistence in the employment level of each of these
two workers. The cause of this persistence, however, would be their heterogeneous level
of punctudity rather than the fact that one worker had more employment early in his
career. According to thisline of andyss, the pattern of labor market experiences we
observe over an individud’ s lifetime are not causaly related to previous experience but

rather, experiences a dl ages result from the permanent individua differences that may

® Ibid., pg. 351.



be unobserved to the researcher. This unobserved heterogeneity smply makes some

individuas “unusually prone’ to being not employed.”

Empiricaly distinguishing between these two hypothesesis not smple. David Ellwood
notes that “the fundamenta problem is separating differences in employment and wages
which are causdly rdated to early unemployment, from the differences due to

unobserved persona characteristics correlated with early unemployment.”® The largest
problem is the inability to observe these personal characteristics. If the researcher could
accurately observe dl the characterigtics that affect individuas' likelihood of being
unemployed, then those variables could be controlled for in aregresson, and the degree

of state dependence could be accurately computed. However, since many of these factors
influencing each individua’ s work experiences are unobservable, other satistica tools

must be used to disentangle heterogeneity from state dependence.

This study will make use of over 12 years of pand data collected by the Nationd
Longitudina Survey of Youth 1979. Thiswave of the survey began tracking men and
women of eight birth cohorts (1957-1964) beginning in 1979 (when the’ 57 cohort was
21-22 years old and the ' 64 cohort was 14-15. The survey fird interviewed individuas
once per year until 1994, after which individuas till participating have been interviewed
every other year through the present. The survey began with over 12,000 youths who
were selected to represent an ethnic and geographic cross section of the United States

population. Blacks and Higpanics were oversampled in the survey but the NLSY

" Gregg (2001), pg. 627.
8 Ellwood (1982), pg. 349.



provides sample weights that compensate for this oversampling. It isinteresting thet,
during the survey, many of these youth were looking for jobs in the economic recession
of the early eighties. Asthe U.S. currently has the “worst job market in nearly two
decades,” seeing what became of the youth leaving school during the worst job market
snce the 1930s may have extra Sgnificance at thistime. However, it dso should be
noted that that recession was followed by one of the longest periods of growth in the
nation’s history, and it would be courageous to assume smilar future job markets to be

on the horizon for current youth.

I1. Conceptual Framework

Digtinguishing state dependence from heterogeneity is of tremendous importance for
policy. Identifying the relative importance of state dependence and heterogeneity has
tremendous va ue because of the disparate implications for policy that are suggested by
each theory. State dependence proposes that the early labor market experiences of an
individual causaly affects higher welfare and income in more than just the current period,
and individuas who experience low employment in their teen yearsredly do risk being
left behind their peers who have jobs at the same age. In this casg, if there are palicy
programs that effectively increase the employment of youth, their benefits extend for that
individua beyond the current period. That is, if perastencein low employment and
wages resulted from the state of being unemployed, then lowering teen unemployment
today would raise the future wages and employment opportunities for those teensin the

future.



Alternatively, if the employment patterns we see over the life cycle are largdly the result
of permanent individud differences among workers that exist a both young and older
ages, then the current hiring dump only affects aworker’ s employment prospects
currently, and attempts by policy makers to raise youth employment are not needed to
avert enduring damage or “scarring” of currently unemployed individuas. In this case,
individuas who are unemployed now may go on to have less employment later in life but

that fact is not the consequence of current low employment.

This paper seeksto identify the relative importance of heterogeneity and sate
dependence in explaining persstence in joblessness and low wages using pand data from
the Nationa Longitudind Survey of Youth 1979. Thisandysswill begin withasmple
description of the labor market experiences of the teenagers and young adultsin the
survey who never attend college. We will attempt to measure the persstencein
joblessness and low wages among this group of individuas by examining probability

trees that track the autocorrelation of employment for these individuas during their first
few years of work. We document the fraction of these young men and women who are
employed in every year after leaving school and the fraction who never get ajob for
many years. We will aso andyze the changes in redl wages of subsections of this group
to measure the correlation between wages at a young age and wages later in the life cycle.
Findly, we will use econometric techniques of individud fixed effects and firgt

differencing to determine how much of this correlation is due to some causd rdaionship



between early and later |abor market experiences as opposed to permanent individua

differences among workers.

Heter ogeneity and State Dependence

Heckman and Borjas, in an article titled “ Does Unemployment Cause Future
Unemployment? Definitions, Questions, and Answers from a Continuous Time Modd of
Heterogeneity and State Dependence,” argue that state dependence is “rooted in
economic theory” while individua differencesis an explanation “based solely on
datistical congderations.”  In defining state dependence they write that, regardiess of the
mechanism used to explain it, “prior unemployment experience has a genuine
behavioura effect in the sense that an otherwise identical individua who did not
experience unemployment would” be more likely to earn lower wages and be
unemployed again than would an individua with dl the same persond characteristics but

amore favorable work history.®

The authors go on to identify four types of state dependence of employment, each

associated with different mechanisms for producing this effect. Thefirst typeis

Markovian state dependence, aform of short-term autocorrelation. In a short time interval,
an unemployed worker is more likely to remain unemployed than an employed worker is

to lose his or her job. For example, it is obvious that a person who is unemployed on one

particular day ismore likely to be unemployed two days later than a person who

® Heckman and Borjas (1980), pg 247-48.



currently has ajob isto get fired in that same two day period, and hence the probability
of aperson being unemployed two days from the current date is dependent on that
individud’s current employment status. This effect attenuates over time, but till could
influence on€' s likelihood of employment for ayear or more into the future. Many sf-
evident reasons explain this type of dependence, including the fact that firmsincur some
cogt to replacing an employee, and will attempt to avoid incurring that codt if the
worker’s productivity is adequate. Due to its shorter-term nature, thisisthe least

interesting type of state dependence from apolicy point of view.

Second, “occurrence dependence,” identifies the number of prior spdls of unemployment
as akey factor in determining future unemployment. Occurrence dependence may be a
result of employers methods of sdecting workers based on their work history, as
workers who have been separated from their jobs many times may have suspect work

attitudes and behavior.

Third, “duration dependence’ links the probability of finding employment for an
individud without a job to the length of hisher current unemployment spell. Thistype of
dependence may be the result of deterioration of job skills while unemployed, or of

psychologica changesin aworker’ s attitude when he is not working.

Finaly, “lagged duration dependence” sets the probability of becoming or remaining
unemployed as dependent on the lengths of many previous unemployment spdlls. This

type of dependence takes into account both occurrence dependence and the duration of



those past occurrences of unemployment, and could more generally be stated that more
unemployment will probably lead to more unemployment in the future. A worker with
high unemployment in his past has had fewer opportunities over that time to acquire job
skills than a person who has spent more time working during that time. The missed
opportunities to develop these job skills could make the worker less valuable to afirm.
Regardiess of the actua level of job skills aworker has acquired, employers may use
amount of past employment as a proxy for these skills when making hiring decisions. In
this case, aworker with more unemployment islesslikely to be hired for future jobs. We
are focused on exploring whether experiencing less unemployment as a youth makes a
person less likely to be unemployed later in life. Therefore, in this paper, we are most

concerned with the effects of lagged duration dependence.

Alternatively, Heckman and Borjas characterize heterogeneity (when used asaway to
explain persstence of unemployment) as differences across individuas “in certain
unmessured variables that influence the probability of experiencing unemployment but
that are not influenced by the experience of unemployment.” Furthermore, if these
variables are not controlled for, correlaion between the variables over time may cause
previous unemployment to “appear to be a determinant of future unemployment solely
because it is aproxy variable for temporaly correlated unobservables,” producing a
“conditiona relationship between future and past unemployment due solely to

uncontrolled heterogeneity.”

10



1. Empirical M ethodology

Probability Tree

Our data andlysis consgtsfirst of probability trees of the employment experiences of a
group of youths. That is, we follow the youths in our sample over anumber of years
diginguishing those who are employed during each year for at least one week, and for 40
or more weeks. Thisway of describing the data allows usto identify these individuas
who end up employed in dl years and those who remain not employed in dl years. Both
the relative Sze and the characterigtics of the individuals in these groups are important. If
these two groups represent alarge portion of the cohort, then persistence in experience is
ardevant characterization. Also, if many individuas that compose ether group have
characteridics that make them eaglly identifiable, then we might be able to identify those

characterigtics as possible causes of heterogeneity.

Multiple Regression

Secondly, we examine the wage and employment effects of these early labor market
experiences on theindividuds later in life. The grestest chdlenge to performing this
andyssistha many characterigtics inherent in an individua may be corrdlaed with both
the early labor market experience and the wage and employment probability of that
individua later inlife. Hence, asmple regresson of, for instance, wages a age 30 on

weeks employed at age 20, does not necessarily indicate a causal rdationship.

11
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Two primary methods exist for solving this problem. Thefirst ismultiple regression: if

we had observations of al enduring characteristics (in addition to employment history)

of anindividud that cause him to be employed or unemployed early in working life and
aso affect his wages and employment later in life (cal this set of enduring characterigtics
Xi for individud 1), then we could estimate a multiple regresson smilar to the one
mentioned above, but dso including dl the varidblesin Xi as control variables. Because
not dl the variablesin Xi are measured by the NLSY (or even observable), this procedure
isnot fully effective. Despite this shortcoming, we examine the regressons using control
variables for family background, education, race, and an indicator of ability to gain some

understanding of relationships within the data.

In the following equations, i denotes an individud, t a calendar year, and aisage. A hirth

cohort is, therefore, defined ast-a, 0 if t and a are both specified, then a particular cohort

isdso identified. These variables are defined as follows:

al A={19, 20, 29, 30}.

tT T={1979, 1980, ..., 1994} .

E(i,at) = weeks employed of individud i in year t when theindividud isaged a.

Inw(i,at) = naturd logarithm of real hourly earnings of individud i in yeer t.

N(i,at) = dummy variable for zero weeks of work, =1 if E(i,at) =0, =0if E(i,at) > 0.

Xi= avector of permanent attributes of individua i observed to the researcher. Dummy
varidblesfor different birth cohorts of workersin our sample are included in Xi

Zi= permanent attributes unobserved by the researcher.
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These definitions dlow us to examine key relationships between employment probability
and red wages at early and later life stages for the individuasin our sample.

Employment and Unemployment

We seek to measure how much more an individua would be expected to work later in life
than an otherwise identical individual who worked fewer weeks as ayouth. This
relaionship can be measured by regressing the weeks worked during alater year ina
worker’s career on the weeks worked at an age during the worker’ s youth and on the
permanent attributes of the worker. This equation iswritten as.

(1) E(td=ao+aik(l, t-k, ak) +az X(i)+e(ita)

where e(it,a) isthe error term of this regression. a 1 measuresthe partia association
between the weeks individua i was employed k years ago and the weeks that this
individua worked this year.

Equation (1) treats the effect on E(i,t,a) of achangein E(, t-k, a-k) asindependent of
whether the individua was completely out of work during year t-k. That is, the effect of
achangein E(i, t-k, a-k) isredtricted in equation (1) to being the same whether the
individud is a zero weeks worked in year t-k (i.e. was out of work for the entire year) or
at 40 weeks worked. In fact, the consequences of getting ajob and raising E(i t-k,a-k)
from zero to afew weeks may be substantialy greeter than raising E(i, t-k, a-k) from
forty to forty-five weeks. The following equation alows for the additiona impact of not
working a al during year t-k:

(2 E(ita =a’o+a’1E(, t-k, ak) +?1N(i, t-k, ak) + a’» X(i)+ e(i,t,d)

where &, (i,t,8) isthe error term of thisregresson. a’; measuresthe partia association

between the weeks individua i was employed k years ago and the weeks thet this
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individual worked this year. ?’ 1 measures the partia association between whether
individud i was not employed at dl k years ago and the weeks that thisindividud

worked this year.

Real Wages

Labor market experience in one’ s youth may aso sgnificantly affect aworker’sred
wages later in life. Thisimpact is estimated by the following equetion:

(3) Inw(i,t,@ =bo + b1E(, t-k, ak) + by X(i)+wi(i t,a)

where v4(i,t,8) isthe error term of the regression. b1 measures the partia association
between the weeks individua | was employed k years ago and the red hourly wages he

earned thisyear.

As defined in equation (3), the effect on In w(i t,@) of given changein E(i,t-k,a-k) isthe
same regardless of whether the individud is without work for the entire year or worked
for 40 weeks at age a-k. However, theimpact on In'w(i,t,a) of obtaining ajob and raising
E(i,t-k, ak) from zero weeks to one week may be sgnificantly greater than the effect of
increesing E(i, t-k, a-k) from forty to forty-five weeks. The following equation dlows for
an additiona impact on wagesin year t of not working at dl in yeer t-k:

@) Inw(i,ta) =b’o + b"1E(, t-k, ak) +?2N(i, t-k, ak) + b’, X(i)+ v2(i,t,d)

where v, (i,t,a) isthe error term of the regression. b’1 measuresthe partial association
between the weeks individud i was employed k years ago and the red hourly wages he
earned thisyear. 7", measures the partial association between whether individud i was

not employed a dl k years ago and the red wages that this individua worked this year.
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Lastly, even if ayouth finds employment, the type of job and its wages may influence his
wage rates in future jobs later in life. The following equation attempts to capture this
relationship between wages recaeived early and later in life:

(5) Inw(i,t,@ =20 + 21lnw(, t-k, ak) + ?22X(i)+t1 (i,t,d

wheret; (i,t,a) isthe error term. ? 1 measures the partial association between the

individua i’sreal hourly wages k years ago and the real hourly wages he earned this year.

Interaction Effects

It is also possible that, in some cases, the relationship between current employment
experience and future employment outcomes have stronger effects on some types of
individuals than on individuas with different persond characteritics. Individuaswith
different educationd levels, for instance, may experience different amounts of
employment persstence. The following equation dlows for the interaction between
employment persstence and individua characterigtics.

(6) E(i,ta =7 o+ ?1E(, t-k, ak) + ?2[E(, t-k, ak)*X(i)] + ?3X(i)+ h(i t,d

For this equation, hy(i,t,@ isthe error term. ? 1 measures the partial association between
the weeksindividud i was employed k years ago and the weeks that this individua

worked this year.

Similarly, the amount of impact that current employment has on future wages could
depend on individud characteristics. The following equation alows for this interaction:

() InW(i 1,8 = 2 + 216G, t-k, a-k) + 2,[E(, -k, a-k)*X(0)] + 25 X()+ au(i.t,a)



Inthisregression, g, is the error term, and ?1 measures the partial association between the
weeksindividud i was employed k years ago and the real hourly wages he earned this
yedr.

Unobserved Heter ogeneity
As noted earlier, unobserved heterogeneity among workersthat is not fully captured by
X(i) isds0 likely to affect employment levels and wages. Because they are unobserved,
in the previous equations, these variables (Z(i)) are assumed to be part of the error term.
To account for the impact of this unobserved heterogeneity, we rewrite the equations as
follows.

Employment Equations:

(8) E(i,t,a) = g + quE(i, t-k, ak) + g X(i)+ Z(i) + (i t,a)
where Z(i) + w(i,t,a) = ey(i,t,a).

(9 E(ita =do+d1E(, t-k, ak) +f"1N(, t-k, ak) + g2 X(i)+ Z(i) + w(it,a)
where Z(i) + w(i,t,a) = e(i,t,a).

Wage Equations.

(10) Inw(i t,@) = do + d1E(, t-k, ak) +d2 X(i)+ Z(i) + h1(i,t,d)
where Z(i) + ha(i t,@) = v (i ,t,a).

(11) Inw(it,a =d'o + d'1E(, t-k, ak) + f "2N(i, t-k, ak) +d’'2 X(i) + Z(i) + h(it,a)
where Z(i) + h(i t,a) = va(i t,a).

(12)Inw(it,a =2 + 21nw (i, t-k, ak) + 2X(i)+ Z(i) + h3(i,t,d)

where Z(i) + ha(i,t.a) = t1 (i,t,).

Interaction Equations:

16
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(13) E(ita) =g'o + g 1E(, t-k, ak) + g 2[E(, t-k, a-k)*X ()] + g3 X()+ Z()
+ (i t,)

where Z(i) + Us(i t,8) = hu(i.t.a).

(14) Inw(ita) = d"o + d""1E(, t-k, ak) + d""o[E(, t-k, ak)*X(i)] +d’"3 X(i)+ Z(i)
+ha(i,t,a)

where Z(i) + ha(i,t,8) = (i t.a).

Now, s (it,8), U(i,t,8), ts(i,t,a), h2(i,t,8), ha(it,a), and ha(it.a) arethe error termsand are

properly distinguished from unobserved heterogeneity.

First Differences

Because the Z(i) variables are not observed, the researcher cannot include themin
empirica analyss. However, because they are enduring characterigtics of the individud,
they do not affect each individud’s changes in wages and weeks employed. The
following variables are used to represent the year-to-year difference in weeks worked and
in red wages in adjacent years.

DE(i,t,a) = E(it,@ — E(it-1,a-1)

DN(i,t,@ = N(i,t,@ —N(i,t-1,a1)
and

Dinw(i,t,@ =Inw(itd — Inw(it-1,a1)
Taking the firg difference of of equation (7) resultsin the following:

(15) DE(i,t,@) = quDE(, t-k, a-k) + u'41(i,t,@)
whereu 1(i,t,@ = w(it,d - w(it-1,a1)
Thefirg difference of egation (8) iswritten as:

(16) DE(it.a) = g 1DE(, t-k, ak) + f'1DN(i, t-k, ak)+ U »(i,t,3)



18

where U o(i £,8) = (i £,8) - (i t-1,21)
Similarly, thefirst differences of the three wage equations are:
(17) DInw(i t.8) = dyDE(, -k, ak) + m(it,a)
wherem(it.a) = ha(it8) - ha(it-1,a1)
(18) DInw(i t.8) = d’1DE(, t-k, a-k) + f ,DN(, t-k, a-K) + my(i,t.8)
where my(i,t.8) = h2(i,t8) - ha(it-1,a-1)
(19) DInw(it,a) = 21DInw(, t-k, a-k) + m(it,a)
where my(i,t.a) = hs(i,t3) - ha(it-1,a-1)
Finally the first differences of equations (13) and (14) are written, respectively, as:
(20) DEGita) = + g’ 1DE(, t-k, ak) + g’ o[ DEG, t-k, ak)*X ()] + u'3(i,L8)
where U/ 5(i t,8) = Us(i t,8) - Us(it-1,a-1)
(21) DInw(i,a) = d"" 1DE, t-k, a-k) + d"" 2[DE(, t-k, a-k)*X(i)] + mi(i t,.a)

where my(i,t,@) = hy(i,t,a) - ha(it-1,a1).

These firg difference equations contain neither the observable nor the unobservable
permanent attributes of the individuas (X (i) and Z(i)) because these attributes are time-
invariant. The coefficientsgy, g1 f'1,d1, d'1,f'2,?21,971,9 2 d"’1,andd’’, onthe
regressor in each of these equations measure the impact of labor market experiences asa
youth on labor market outcomes about a decade later. If the attributes characterized by
Z(i) do not affect our dependent variables, then the impact of unobserved heterogeneity
on our level equationsis negligible. Inthat case, our estimates of the following
parameters should be equd:

o andaj, d;and by and di’ and b’ 4, etc.



A large digparity in the estimate from the first difference equations and thet of the level
equations firgt estimated would imply that unobserved heterogeneity represented by Z(i)
was an important cause of persstence in unemployment and wages. Alternatively, if,
after firgt differencing, we see a strong influence of the lagged employment or wage term
(DE(I, t-k, ak) or DInw(i, t-k, a-k)) then state dependence may be sadto existina

person’ swork experience.

V. Data and Selection

The Nationa Longitudind Study of Y outh 1979 (NLSY 79) provides ahighly useful set

of pand data for examining the long-term consequences of not being employed.’® In

1979, the NLSY 79, one of sx waves of longitudina surveys conducted by the Bureau of
Labor Statitics, firgt interviewed a national sample of young men and women who were
born between January 1, 1957 and December 31, 1964.1* Of the youths first interviewed,
the BLS sdlected 6,111 individuals to represent a cross-section of dvilian youthsliving in
the United Statesin 1979. An addition group of 5,295 youths, who were black, Hispanic,
or economically disadvantaged non-black/non-Hispanic was aso interviewed so that

these parts of the nationa population would be over-sampled in the survey. Lagtly, 1,280
youths serving in the military and aged between 17 and 21 at the beginning of 1979 were

included in the survey.

10 Much of the following information is drawn from the NLSY Handbook (2002),
published by the BLS. http:/Awww.bls.gov/nls'handbook/nlshndbk.htm.
11 They were aged between 14 and 21 on December 31, 1979.
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The BLSinterviewed this same set of youths (with the exception of those who chose to
quit the survey) annudly through 1994. Since then, those who remain with the survey
continue to be interviewed biennidly through the present. After the 1990 interview, the
economicaly disadvantaged non-black/nornHispanic members of the supplementary
sample were dropped. Similarly, in 1985 the NLSY 79 stopped interviewing al but 200

members of the military sample.

Aswith mogt longitudind surveys, the NLSY 79 has experienced attrition in observations.
Through 1994, 5,457 of the 6,111 origind members of the cross-sectiond sample were
gill being interviewed. Of the 2,172 over-sampled blacks and 1,480 over-sampled
Hispanicsin the supplementary sample, 1,960 and 1,296, respectively, remained in the
survey through 1994. 178 of the 201 members of the military sample dso remained at
that time. Though these retention rates, over 85% in al cases, gppear high given the
length of time spanned by the interviews, this figure may be mideading. Not al persons
who are interviewed in later years have been interviewed in every preceding year of the
survey, and even in years that an individud is interviewed, questions are sometimes
skipped. Therefore, the 85% retention statistic should be seen as the maximum possible
number of observations available for andysis requiring information through 1994.
Moreover, even with an 85% retention rate, it would be presumptuous to assume that a
random 15% of the individualsin the survey dropped out. To the extent that certain

characteristics made a given type of person more likely to drop out of the survey, fewer
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people of that type will be observed in later years of the survey. In other words, sample

atrition is non-random.

To correct for the oversampling of blacks and Hispanics, the NLSY 79 contains a set of
sampleweights. The variables for an individud can be multiplied by his sample weight

to attenpt to “provide the researcher with an estimate of how many individualsin the U.S.
each respondent’ s answers represents.”*? The National Opinion Research Center (NORC)

a the Univergity of Chicago congtructs sample weightsin each survey year so thet the

weighted NLSY sample will be representative of the U.S. population asawhole®® These
sample weights are aso adjusted in each year to account for non-response interviewees.

That is, the NORC congtructs its sample weights to correct for misrepresentation that

would occur in agiven year asaresult of certain groups of people not being interviewed.

Often when aresearcher usesthe longitudina data of the NLSY to andlyze changesin

variables over time, he slects individuads only if they completed surveys in multiple

years. Given that many respondents leave for some time and then re-enter the samplein

later years, the ability of any single year’ s sample weights to make the sdected group

represent the nationa population is questionable. Such difficulties in gpplying the sample
weights have been noticed by other economists, most notably, MaCurdy, Mroz, and Gritz,
who emphasize that “the weights currently supplied with the NLSY are ingpplicable for

use with most sample compositions that are analyzed in the literature”** I dll

12 NLSY 79 User’'s Guide (1998), pg. 36.
13 NL S Handbook (2002), pg. 32.
14 MaCurdy, Mroz, and Gritz. (1998), pg. 434-35.
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respondents who |eft the survey left permanently, then an andysis that needed

observations on individuas for four different years could sdect those individuads who

stayed in the survey through the latest year that was needed for andysis. Inthis case, the
researcher could use the sample weight from the latest year to weight correctly his sample.
However, snce a number of respondents drop out and then return to the survey, use of

the survey weights of the latest year would not be taking into account that many of the
respondents in the group used to create the most recent weights may have been missing

from previous years that the researcher needs to observe.

Because we are andyzing individuas employment experiences over time, we must
sdlect only individuas we observe in multiple years. Congtructing our own sample
weights to correct for the effects of attrition on our sdlected sample is beyond the scope
of thisproject. Thus, we instead use the sample weights for the origina 1979 sample so
that we can compensate for the oversampling issue and use members of both the cross-

sectiond and supplementary black and Hispanic samplesin our andysis.

A large amount of information about each individud’s family and persona background is
observed in the firg years of the survey. For ingtance, the datainclude the individud’s
region of birth, mother and father’ s years of schooling, religion as a youth, and detailed
race and ethnic background. Additiondly, the data include retrospective descriptions of
the individua’s labor market experience. Each survey year has variables for the number

of weeks in the previous caendar year in which the individua was employed,
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unemployed and out of the labor force. Annud interviews ask the individud to cdculate

the wages per hour that he earned in his current or most recently held job.

The NORC adso administered an Armed Services Vocationa Aptitude Battery (ASVAB)
test to most of the NLSY 79 participants during the summer and fal of 1980.
Approximately 94% of the NLSY 79 participants completed the test. From the results of
thistest, the Center for Human Resources Research (CHRR) a Ohio State University,
which maintains the NLSY data set and creates many important variables from the raw
interview data, has congtructed an gpproximate and unofficid Armed Forces Qudifying
Test (AFQT) score for each individua who wastested. The AFQT at school leaving age,
is designed to measure one' s ability to be trained, and thus may be useful in determining
one s ability to become proficient a ajob, regardiess of whether the person isacivilian

or amilitary serviceman.®

Sample Selection for Analysisin this Paper

During the |ate teens and the twenties of the individuasin this sample, the work
experiences of men and women are likely to be sgnificantly different even when many of
their family background characteristics and early work experiences are very smilar. Due
to the fact that SO many more women than men choose during thistime to work in the

home and, therefore, do not participate in the labor force, many factors which influence

15 Note, however, that the NLSY 79 User’s Guide urges caution in using the AFQT score

as members of the 1964 and 1963 birth cohorts took the test when they were under age 17,
which is the accepted year that one can be given the test. See NLSY 79 User’s Guide

(1998), pg. 95.
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work decisions, such as non-wage income and educationd levels, tend to affect men and
women differently. Asaresult, anayss of long-term labor experience thet treats men
and women separatdly is preferable, and is commonly employed by economists
addressing similar employment topics, such as David Ellwood™® and Paul Gregg.’

Consequently, we will focus only on men.

In seeking to measure and andyze the long-term impact of youth unemployment, we

need to be able to observe the labor market experience of individuals both near the time
that they enter the labor market and a atime later in their career. Throughout most of
their teen years, many young men in the NLSY 79 attended schoal full-time, and many of
them were not looking for ajob or reporting the number of weeks they worked during the
year. Though we wish to observe one' s labor market experience early in the individua’s
working life, we aso seek to have alarge number of individuds in the group to andyze.
Thus, we sdect individuas who reported the number of weeks they worked at ages 19
and 20. Only individuas born after June of 1960 are first interviewed at or before age 19
by the NLSY 79. Thus, the sampl€ s earlier birth cohorts must be excluded from our
andyss. Thisredtriction leaves four full annua birth cohorts (individuas born between
July 1960 and June 1961, and the same months of 1961-62, 1962-63, and 1963-64) and
one hirth cohort with hdf as many individuds (born from July 1-December 31,1964). Of
the 6,043 men in the cross-sectiona sample and the Black and Hispanic supplementary

sample of the NLSY 79, 3,461 are in one of these five birth cohorts. This sdection should

16 Ellwood (1982).
17 Gregg (2001).



not diminish the quality of the sample because the NLSY was not designed to have a

higher percentage of any particular type of individua in any certain age group.

We dso must be able to observe the men’ s experiences at a point after the genera time of
trangtion from school and adolescence into working adulthood. Again, thereis a tradeoff
between using obsarvations of individuas at amuch later sagein life, and sdecting a
sample that minimizes the number of individuaslogt due to etrition over timein

NLSY79. Therefore, we have sdected individuals for whom we have employment

information when they are aged 29 and 30.

Of the 3,461 men in the last five birth cohorts of the NLSY’ s cross-sectiond sample and
the Black and Hispanic supplementary sample of the NLSY 79, 2,627 men give
information on the number of weeks worked at ages 19, 20, 29 and 30. Theseindividuas
have avariety of educationd levels. Because the individuas who did not take the AFQT
appear to be randomly selected with respect to the characteristics that we do observe for
these individuas, we omit the 61 who do not have an AFQT score. Thisleavesasample
of 2,389 men. Roughly 15 percent are high school dropouits, 45 percent graduated from
high school but did not complete asngle year of college, and 40 percent have one or

more years of college education.*®

The heterogeneous educationd levels of these individuas sgnificantly affect the

importance of their early labor market experiences in obtaining future jobs. High school

18 This means there are 362 drop-outs, 1,082 high school graduates, and 945 men who
completed one year of college or more.
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dropouts, graduates, and those with some college education may be looking for different
kinds of jolbs when they begin their working career.  Additionally, any employer making
hiring decisons will look a ajob candidate' s past performance in both school and
previous jobs for a prediction of how well that candidate will be able to perform the job
in question. If candidates have high school diplomas, many employers will infer that the
individuas have the intelectud ability to learn various subjects and the emotiond
discipline to study and complete agoa of passing the necessary high school classes. For
job candidates without a diploma, employers wishing for empirica evidence of ther
ability to perform the job successfully must look principaly to a candidate' s previous
employment record and work references. Thus, on average, previous work experience
may well have alarger impact on the likelihood of obtaining a future job for high school
dropouts than for high school graduates® To test if the returns to early experience are
different for high school dropouts and graduates, F-tests were used with our previoudy
specified regression equations. While some of the equations showed no significant
difference in returns to early experience for dropouts and graduates, graduating from high
school does affect these returnsin many of these regressions. See Appendix A for the
results. Because there are differences in some cases, we decided consistently to
digtinguish between high schoal graduates and high school dropouts so that their early
labor market experiences could have a different impact on their employment later in their

careers.

19 For instance, ajob advertisement that lists as requirements that an individua “must be
ahigh school graduate or have 3 years of work experience’ reflects this type of screening
method by employers that treats a high school diploma and work experience as somewhat
subgtitutable.
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A smilar argument applies when comparing the importance of work experience for job
candidates possessing a high school diploma but no college education with those who
adso goonto college. Employers are more willing to accept an gpplicant without much
job experienceif he has attended college, particularly if he has dso graduated from
college. However, among individuals who attended college, there isavery wide variety
of types of schools, degrees, and areas of concentration. If we were to treat these
individuas as one single group when andyzing their labor market experiences, there
would be no effective way of controlling for the different effects of types of college
education. On the other hand, separating individuas with different levels and types of
college experiences would soon creste many separate groups that are too small to draw
any sgnificant condusions from analyzing them. Moreover, the fact that someoneis
attending college a age 19 or 20 islikely to affect his decison of whether to look for a
job a that time in avariety of different ways. Some individuals must work in order to
pay their tuition, while others often view studying in college as their only current job if
they can afford to do so. Intheinterest of clarity, we have decided to focus our analysis
only on men who dropped out of high school and those who graduated from high school
but never completed ayear of college. While the challenges faced when andyzing how
the differences among college students influence the effects of unemployment scarring on
them is beyond the scope of this paper, it would be an interesting subject for future

research and could extend much of the analysis used here,

Because a gregter fraction of the youth population attends college for at least sometime

than did youths in the early 1980s, we would expect the current group of non-college
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attenders to be a smaller percentage of their age group, and, on average, they may be a
less skilled group of individuas than non-college attenders in the * 80s. Hence using the
experiences of that group of men never atending college to predict the experiences of
current young men may create an overly optimigtic outlook. Thus, it isimportant to be

careful in generaizing results to other labor markets in other time periods.

Individuals who reported that they had worked in the past calendar year are dso asked to
report their hourly wages. If someoneis not paid by the hour, CHRR used the

information that he did provide about his wages or sdary to caculate hiswageson a
hourly basis?® For certain individuals in some years, thisisimpossible using the
information they provided, but the mgjority of those who do work during the year dso
have a hourly wage variable. Among the sample of 362 mae high school dropouts with
AFQT scores who reported the number of weeks they worked at age 19, 20, 29 and 30, a
subset of 134 reported their wagesin those years. Similarly, of our sample of 1,082 men
with AFQT scores who graduated high school but did not attend college and who

reported their number of weeks worked at ages 19, 20, 29, and 30, atotal of 400 worked
and reported their wages in those years. We have used the annua Personal Consumption
Expenditure (PCE) statistic to deflate these nomina wages reported inthe NLSY 79 to

red hourly wagesin 1996 dollars®* Much of the andysis that will follow uses ordinary
least-squares regresson procedures. To minimize the sengtivity of our estimates to
outliers, we have chosen to use only those individuas whaose reported red hourly wages

are between $1 and $100 in any of the years observed (at ages 19, 20, 29, and 30). Of

20 NLSY79 User's Guide (1998), pg. 279.
%1 PCE from The Economic Report of the President (Feb. 2003), Table B-6, pg. 284.




141 dropouts who reported their wages at al four ages, 7 men were omitted for not
having wages in the required range. Of 412 graduates reporting their wages at dl four

ages, 12 were omitted as outliers.

Equation (4) measures the impact on future wages of not working during youth for an
entireyear. This equation can be estimated for dl individuals who worked for pay at

ages 29 and 30. However, this estimation does not require those individuas to have
worked for pay at ages 19 and 20. Of the sample of 362 dropouts who reported their
AFQT scores, 268 aso reported earning postive wages at ages 29 and 30. Of the sample
of 1,082 graduates, 873 aso reported their wages at ages 29 and 30. Again, individuas

who reported wages that were above $100 and below $1 were omitted as outliers.

In short, the analysisin this paper is based on sx samples of men from the NLSY79. The
individuasin al four samples must have reported the number of weeks they worked in
the calendar years in which they turned ages 19, 20, 29, and 30. Thefirst sample (Group
1) includes the men who never graduated from high school. The second sample (Group
1) includes the men who graduated from high school but did not complete a year of
collegeby age 30. The third and fourth samples (Groups 111 and 1V) are subsets of the
firgt and second samples respectively. Groups 111 and IV omit dl individua from the first
two samples who did not work or did not report a reasonable red wage (between $1/hr.

and $100/hr.) in the calendar years when they were aged 19, 20, 29, and 30.2% Firdlly,

22 |ndividuals who were part of the military ssmple (dropped from the NLSY 79 in 1985
except for 300 individuas) or part of the economicaly disadvantaged non-black, nor+
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GroupsV and VI are dso subsets of the first two samples. These last two groups omit
the individuals from Group | and 1l who did not work for pay (or whose reported redl
wages were greater than $100/hr. or lessthan $1/hr.) at ages 29 and 30. Table 1.1
provides alig of restrictions that were used to select these six groups and the number of
observations that remained after each restriction. The Six numbersin bold correspond to
the six data groups described above. Table 1.2 includes descriptive Satistics for Groups |

through IV, and Table 1.3 provides descriptive atistics for the find two groups.

V. Probability Trees

Trees: Employment Experience From Ages 19-22

The greatest benefit of using the NLSY 79 for analyzing employment and wage
persstence isthat the data set alows us to track the experiences of the same individuas
over many years. By partitioning the individuals who work more than a certain number of
weeks during each year from those who do not, we are able to analyze work patterns as
individuas age. Probability trees provide a graphica representation of this pattern, or
persstence, in employment. The probability tree in Figure 1.0 follows high school
dropouts for four years beginning when they are aged 19. Of our sample of 362 high
school dropouts, we observe the weeks worked from ages 19 through 22 for 352 young
men. In each year, the tree partitions these men into 2 groups: those who work at least
one week out of the year (represented by a"1" in the tree) and those who do not work at

al during the year (represented by a"0").

Hispanic group of the supplementary sample of the NLSY 79 (who were dropped from
the NLSY 79 after 1990) were also omitted from al 6 groups.
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The tree has four stages of partitions corresponding to the four different years. In each
year, the figure above the horizonta line represents the number of individualsina
particular group. In parentheses underneeth the line is the probakility of an individud
being a member of that group conditiona upon being at the node that precedesit. For
instance, the probability of aworker working at least one week during the second year
conditional having worked one or more weeks during the first year is.92.° The number
below the conditiona probability is the average number of weeks worked for each group
of individuas. Figure 1.1 depicts asmilar partitioning of the 1,046 high school

graduates for whom we have observations of the weeks worked at ages 19, 20, 21 and 22.

As both the graduates and dropouts age, patterns emerge in their employment experiences.
Firg of dl, individuas who work during one year are much more likely to work during

the following year than those who do not work initidly. This process appearsto have a
collective effect over many years as emphasized by the fact that the graduates who have

worked at ages 19, 20, and 21 are 53 percentage points more likely to work when aged 22
than are those who did not work at al during the previous 3 years®* Additionally, even

among those who obtain ajob during a particular year, the individuals who have a history

of working in every year on average work a greater number of weeks than those who

have experienced entire years of non-employment. For instance, among dropouits, the

individuas in the group who worked dl four years worked an average of 14 additiond

23 According to Figure 1.0, 263 dropouts worked at least one week at ages 19 and 20, and
285 dropouts worked at least one week when aged 19. (263/285 = .923)

24 From Figure 1.1, of 691 graduates who worked at ages 19, 20, and 21, 652 also worked
at age 22 (652/691 =.94). 22 out of the 54 graduates who never worked at ages 19, 20,
and 21 worked at least one week at age 22 (22/54 =.41).



32

weeks a age 22 compared with those who worked at ages 21 and 22 but were not

employed a ages 19 and 20.2°

The other most noticeable feature of the probability treesisthat, for both graduates and
dropouits, over haf of theindividuasin each sample work for &t least one week in each

of the four years. The remaining individuals are rdatively evenly dispersed among the
other ending groups in the tree, meaning these individuas have experienced between one
and four complete years of non-employment. The high concentration in the “worked in
each year” dassfication highlights the strong likelihood for individuas to be employed

at least one week of every year. This high likelihood makes sense when we consider that
if aperson acquires and keegps ajob even for a short period of time at the end of the year,
he would likely be employed for one or more weeksin both the current year and the next,
alowing him to be counted in the employed group for years.  Thus, whether someone
works one week in agiven year may not be telling us much about his overal labor

market experience. 1t may be more useful to andyze atree that is partitioned in away

that creates aless skewed digtribution of individuals into the groups.

Figures 2.0 and 2.1 partition high school dropout and graduates, respectively, based on
whether the individuals had worked forty or more weeks during each year. Forty weeks
isauseful threshold for classifying individuas because some satisticians and policy

makersview it as an indicator that an individud was employed for the full year. Any

25 The 230 dropouts who worked in al four years worked an average of 39.3 weeks at age
22. The 8 dropouts who worked at ages 21 and 22 but had no employment at ages 19 and
20 worked an average of 25.3 weeks at age 22 (39.3-25.3 =14 weeks).
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worker who is employed |ess than forty weeks spends over one-quarter of the year
unemployed or out of the labor force. When we partition individuas according to forty
work weeks, the trees of both the high school graduates and the high school dropouts
have large numbers of individuasin thetwo “end” groups. Thet is, the two largest

groups of individuals are those who never worked forty or more weeksin ayear between
ages 19 and 22 and those who were employed forty or more weeks in every year during
that time. For graduates, 15 percent of the sample worked forty or more weeks during
every year, 2° and among dropouts, over 10 percent of our sample worked for forty or
more weeksin al four years?’ Similarly approximately 30 percent of each schooling

group never worked forty weeksin any year when they were aged 19 through 22.28

As mentioned above, a high relative number of workersin the edges of these probability
treesisasrong indication of perastencein employment. However, these probability

trees do not digtinguish whether a causd mechaniam isinducing the individuas with jobs
in earlier yearsto work more weeksin later years or whether the persstence is merdly a
sorting that occurs due to permanent individua differences that make some people more

likely to be employed for many weeks during each of the years observed.

Individual Characteristics; Probability Tree Grouping

Tables 2.1 and 2.2 report persond characteristics and employment experiences of three

digtinct groups of individuals in the probability trees. These groups are: (1) individuas

26 162 of 1046 graduates worked 40+ weeks in every year (162/1046=.154).

27 41 out of 352 dropouts worked for 40+ weeksin all four years (41/352=.116).

28 305 of 1046 graduates never worked (305/1046=.292). Out of 352 dropouts, 111
individuals never worked (111/305=.315).



who worked for the sdlected number of weeksin al four years they were observed, (2)
individuas who worked the selected number of weeksin some but not dl of the relevant
years, and (3) individuas who never worked the sdlected number of weeksin any year
between ages 19 and 22. These groups are further divided between high school dropouts
and graduates, and two different required number of weeks of work are used to partition

the men: forty or more weeks and one or more week.

From these tables, it is gpparent that the individuals who work for ether of the specified
number of weeksin every year have sgnificantly higher AFQT scores than those who do
not work that number of weeksin any year. For instance, among graduates, the AFQT
scores of workers who worked the one or more weeksin al four years are on aveage 0.07
higher on average than the scores for men who worked one or more weeks in only some
years, and 0.15 higher than the scores of men who never worked in al four years?®
Additiondly, aworker’s mother’ s schooling (as measured by the variable “momhsgrd,”)
asois corrdated with employment probabilities. High school graduates who worked

forty or more weeksin every year are 23 percentage points more likely to have a mother
who completed high school than are workers who never worked the specified number of

weeks.>°

29 From Table 2.2, the average AFQT scores for graduates who worked one or more
weeksin al four years, some years, and no year are .386, .313 and .231, respectively.

30 From Table 2.2, 76.2% of graduates who worked 40 or more weeksin al four years
had mothers who also graduated. Comparatively, 52.9% of graduates who never worked
40 weeks have mothers who graduated high school.
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Ethnicity is dso correlated with employment probatilities, though less strongly than
AFQT score. For instance, blacks represent 26 percent of the dropouts who never work
40 weeks, but only 6 percent of dropouts who work 40 or more weeks in every year are
black. On the other hand, roughly an equa percentage of dropouts who worked &t least
one week in each of the four years and dropouts who did not work at dl in al four years
are black (14.3 percent and 14 percent, respectively). Approximately 15 percent of the
overal sample of dropouts and 17 percent of the sample of graduates are black.
Graduates who did not work in any of the four years are dso over four times more likely
to be Hispanic than are dropouts who worked at |least one week in dl four years®!
However, the percentage of dropouts who worked 40 or more weeks that are Hispanic
(16.9 %) isdightly greater than the percentage of dropouts who never worked 40 weeks

that are Hispanic(13.8%).

The strong correlations between AFQT scores, mother’ s schooling, race, and
consstently high weeks worked in each year suggest that heterogeneity could be
sgnificantly influencing the pergstence in employment that we observe in these
probability trees. From these tables, we can easily recognize the possibility that mother’s
schooling and ability as measured by AFQT scores could be greetly affecting the number
of weeksindividuas work at dl four ages. Assuming that a causa relationship between
individua characteristics and weeks worked at different ages exits, ignoring mother’s
schooling and an individud’s AFQT score would lead us to mistake amere corrdaionin

weeks worked at different ages for acausal relationship between labor market experience

31 6.3% of graduates who worked 1+ weeks each year are Hispanic, while 26.3% of those
who never worked in any of the four years are Hispanic.
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at different ages. On the other hand, both individud differences and past experiences
could be affecting later employment experience smultaneoudy. To attempt to parse the
effects of heterogeneity and state dependence, we need to use the statisticd tools of

regression anayss.

Another weskness of probability tree anadysisis that it becomes tedious when the number
of years analyzed increases because the number of branches will grow exponentialy. As
we are interested in the long-term effects of youth unemployment, we wish to examine

the persistence in employment and wages ten years into an individua’ s career. By

looking at the variables ‘wkwkat29' and ‘wkwkat30', our groupings do provide one view
of long-term effects of employment. On average, dropouts who work 40 or more weeks
at ages 19, 20, 21 and 22 work over 18 additional weeks per year at ages 29 and 30 than
dropouts who never worked 40 weeks when aged 19 to 22.%? Because al people do not
work for pay, we do not have observations of wages of al individuasin our data set.
Among the individuas whose wages we do observe, we have cdculated the average
hourly real wages. *3 There exits some positive correlation between the number of weeks
aworker is employed when aged 19 to 22 and his wages 8 years later. For instance,
among graduates, who worked 40 weeks in dl four years earned an average wage of
$13.20 at age 30, while graduates who never worked 40 weeksin ayear earned $10.01 on

average at age 30.

32 Dropouts who worked 40+ weeks in al four years worked 47.4 and 46.8 weeks at ages
29 and 30, respectively. Dropouts who never worked 40 weeks at ages 19-22 worked
29.1 and 28.2 weeks on average at ages 29 and 30, respectively.

33 Note: The number of individuals observed for who we calculated average red wagesis
in parentheses following the mean of the wages for the group.
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V1. Regression Analysis

The probahility trees and correlations discussed above indicate a strong presence of
unemployment persistence when workers are aged in their twenties, but these measures
do not show whether this persstence is aresult of individua differences or is causdly
related to the unemployment experienced during youth. To make this digtinction, the

regression techniques described above were used.

Employment

Wefirgt estimated equation (1) to analyze persistence in the amount of employment
experienced by the men in our sample. Because the sum of weeks worked and weeks not
worked is 52, the same regression result can be gpplied to weeks not worked by smply
changing the intercept term and reversing the sgns on the regression coefficients. For

both high school graduates and high school dropouts, the number of weeks worked at age
29 was regressed on the weeks worked at age 19, and the number of weeks worked at age
30 was regressed on weeks worked at age 20. The estimates for the high school dropouts
are contained in Tables 3.0 and 3.1 and those for high school graduates arein Table 3.2
and 3.3. The 1960 birth cohort is the cohort that is omitted as a regressor from these
esimations. The coefficients on the dummy variables representing the later cohortsin

these equations are negative probably because the 1960 cohort, whose members were
aged 29 in 1989 and aged 30 in 1990, were observed at thistime during a higher
employment stage of the business cycle than the later cohorts, who were observed during

the recession of the early 1990s.



In the first column of Tables 3.0 through 3.3, we have controlled only for the birth cohort

of the worker. The estimates in column (1) of each table add other control variables.
These equations imply that, for high school dropouts, an individua working ten extra

weeks at age 19 or 20 would be expected to have worked more than two additional weeks
ten yearslater. High school graduates working ten extra weeks at ages 19 or 20 would be
expected to have between one and two extra weeks of work ten years later in their career.
Though thisimpact of lagged employment might seem smadl, the fact that the events of

10 years had taken place in the intervening years makes these results more striking that

they might otherwise be. If al of the relationship between employment at different ages
could be attributed to state dependence, then these results imply that unemployment asa

youth affects an individud’s experiences in the labor market 10 years later.

Controlling for ability (as measured by AFQT scores), mother’s educationd leve, and
race in these eguations reduces the regression coefficient on the earlier weeks worked
variable by 10 to 20 percent in both the sample of high school graduates and the sample
of high school dropouts. This decrease implies that at least some of the association
between employment at different ages is attributed to observed differences among these
men. Other things equd, black men work two to five fewer weeks than white men at ages
29 and 30. Also, among high school dropouts, aworker with an AFQT scorethat is0.10
higher than aworker with otherwise identica characterigticsis likely to work two to two
and ahalf more weeks per year. Other things equal, high school dropouts whose mothers

graduated from high school work approximately 3 more weeks at ages 29 and 30 than
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dropouts with mothers who were aso dropouts. A graduate with a mother who aso
graduated high school works one more week per year than an otherwise identical
graduate whose mother did not graduate. Thisimpact of mother’ s schooling suggests that

aworker’s family background matters to hislong-term employment experiences.

Equation (2) is esimated in the third column of Tables 3.0 through 3.3. Inthese
estimations, the coefficients on “nowkat19” and “nowkat20” represent the additiona
negative impact on future employment of not working at dl as ayouth beyond whét is
captured by the linear dope of the relationship between weeks employed at age 30 and
weeks employed ten years earlier. According to these results, dropouts who do not work
for the entire year at ages 19 or 20 are employed an average of fiveto six and ahaf fewer
weeks ten years later than otherwise identical workers who work even one week out of
the year when aged 19 or 20. Among graduates, men who are employed for at least one
week at age 19 work between one and three and a half more weeks a decade later than

those who never work when aged 19.

The key question iswhether this correlation between early and later weeks of
employment is due to the actud labor market experiences during youth, or whether it
merdly indicates that important heterogenaity within these samples remains that we do
not observe and for which we have not controlled. As specified in equations (15) and
(16), firg differencing the employment equations should help us answer this question.

For high school dropouts and graduates, Tables 3.4 and 3.5 report the results of
regressing the change in weeks worked at age 30 on the change in weeks worked at age

20. With this specification, dl invariant characterigtics of an individua thet determine



weeks worked at 30 drop out of the equation. Columns (1) and (I1) report estimations of
equation (15) with and without the congtant term.  As the first two columns of these
tables demondgtrate, omitting the congtant term, which actudly is omitted from the
specification of equation (15), crestes no significant difference for our results.  With or
without the congtant term in the equation, the estimated rel ationship between the change
in weeks worked at age 30 and ten years earlier isfar from Satidticaly significant.
Moreover, the coefficient on the lagged change in weeks worked regressor is one-tenth of

the sze of the coefficient on the lagged weeks worked term in the level equations.

According to equations (8) and (15), if dl heterogeneity were controlled for in the leve
equations by including permanent individua characteridtics as regressors, then the
coefficient on lagged weeks worked in the level equation should be the same asthe
coefficient on the lagged change in weeks worked in the firgt difference equation. The
large digparity in the values of these coefficients provides strong support for the
presences of heterogeneity in our data. That is, the disparity implies that much of the
correlation between weeks worked during on€' s youth and later in one's career is
probably due to unobserved heterogeneity that was not fully controlled for by the other
variablesin thelevd egquations. Though including AFQT score, race, and mother’s
schooling as regressors does somewhat diminish the strength of the relationship between
the dependent variable and lagged weeks worked, alarge amount of heterogeneity must

dtill be driving the results in Tables 3.0 through 3.3.
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The third column of Table 3.4 and 3.5 reports estimates of equation (16) for high school
dropouts and graduates. 1n addition to using the change in weeks worked as a regressor,
we dso include the year-to-year change in the Sate of being out of work for the entire
year. For dropouts, the large negative association observed in the level equations (Tables
3.0 and 3.1) between not working at al at age 20 and weeks worked ten years later
becomes datidicdly inggnificant and positive in firgt differences (Table 3.4). That is, no
daidicdly or economicaly significant relationship exists between the year-to-year
change in working zero weeks out of the year at age 20 and the change in number of

weeks employed a decade later.

Equations (9) and (16) imply that, if the other regressorsin the level equations adequately
control for the effects of heterogeneity, the coefficient estimating the relationship

between the change in weeks worked at age 30 and the year-to-year change a age 20 of
being out of work for the entire year is the same coefficient that measures the partia
associ ation between weeks worked at age 30 and not working any weeks at age 20.
Because these coefficients are not the same in the results, the estimates of these
parameters suggest that unobserved heterogeneity significantly influences the relationship
between weeks worked at age 30 and the lagged State of working zero weeks for afull
year for high school dropouts. Thus, weinfer that, among dropouts, state dependenceis
not present in the relationship between not working at al at age 20 and the weeks one

works at age 30.



Thisis not the case for high school graduates. For these individuals, the relationship
between the annual change in weeks worked at age 30 and the change in being out of
work for an entire year a age 20 is negative and gatisticaly significant a the 0.08 leve.
The sgnificance of this result implies that not working for an entire year at age 19 causes
high school graduates to work an average of one and half fewer weeks a age 29 than they
would have worked had they been employed for at least one week ten years earlier. As
mentioned above, an estimation of the firgt difference equation (16) is not susceptible to
the effects of unobserved heterogeneity because permanent individua differences do not
change from one year to the next. Therefore, we can infer that state dependenceis

present in the relaionship estimated here in firgt differences. Because the coefficient on

the change in being out of work for afull year a age 20 in Column (111) of Table35is
very close to the estimates of the relationship between the weeks worked at ages 29 and
30 and being out of work for afull year a decade earlier (presented in Tables 3.2 and 3.3),
we infer that the estimates from the level equations are o displaying ardationship
characterized by state dependence. That is, acausal association exists between the weeks
agraduate works at age 30 and whether or not he worked any weeks out of the year one

decade earlier.

Our results give mixed indications of the state dependence in the relaionship between the
weeks one works at age 30 and on€e's employment experience a decade earlier. It appears
that whether an individuad works at dl during ayear of youth causes a noticegble impact

on his future employment probability, but that the number of weeks that he works does

not. Also, high school graduates are affected by state dependence in this rdationship
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while dropouts are not. We must compare these results to the effects of work experience

during youth on one's wages later in life. 34

Wages

The wage equations are estimated using data groups 111 and 1V, which include the high
school dropouts and graduates who worked for pay at ages 19, 20, 29, and 30. Table 3.6
and 3.7 report the estimates of equation (3) and (5) for the high school dropouts. The

firgt and third columns of each table estimate the equations controlling only for cohort
efects while the second and fourth column aso control for AFQT score, mother’s
schooling, and ethnicity. According to these results, aworker with an AFQT score that is
0.1 higher should have 7.5 to 9 percent higher hourly real wages at ages 29 and 30 than

an otherwise identica worker. Other things equal, among high school dropouts,

estimates of black men’ swages are between 2 percent higher and 4.5 percent lower than

the wages of white men at ages 29 and 30.

In these results, neither wages nor weeks worked during youth have a consstent and
datidicdly sgnificant effect on the future wages of high school dropouts. Though the
low datistica significance could be aresult of the smdl sample size (134 men), the
coefficients on lagged weeks worked and lagged |logarithm of real wages are dso

extremely smd| in magnitude and negetive in two of the four regressons. For instance,

34 Equation (6) was a'so estimated for both graduates and dropouts to analyze if the
relationship between employment at age 30 and lagged weeks worked was influenced by
race, mother’ s schooling, or AFQT score. Such interactions, however, did not reved any
relationships in the data sgnificantly different than those dready noted and, thus, were
not reported.



these regressions estimate that, during a high school dropout’ s youth, a 10 percent higher
hourly wage would, a best, raise the person’ s expected wage rate at age 29 by 0.16
percent, other things being equa. Similarly, 10 extra weeks per year of employment
during youth raises aworker’s probable wages at age 29 and 30 by anywherefrom 0to 7

percent.

High school graduates show much stronger signs of wage persstence than do the
dropouts. As reported in columns (11) and (1V) of Table 3.9, the persstence in wages,
which is specified by equation (5), is datisticaly significant in both cases. These
regressions estimate that high school graduates who have 10 percent higher wages during
their youth than otherwise identical men are likely to earn 1.3 to 2.5 percent more per
hour than the other men by age 30. For graduates, the second column of Tables 3.11 and
3.12 display estimates of equation (3) for graduates. These resultsimply that graduates
who work 10 extra weeks per year during youth earn an estimated 2 to 3.5 percent higher
wages ten years later in life than otherwise identical men with fewer weeks of early

employment.

Among men who graduate from high school, black men earn between 8 and 14 percent
less per hour than white men a ages 29 and 30, This diparity is nearly twice aslarge as
the difference between the wages of black and white high school dropouts. Also, the
AFQT score of high school graduates, while gatigticaly significant in these regressions,
has on average only one-haf to one-third of the impact on later wages that AFQT scores

have on wages at age 30 of high school dropouts. Why do the AFQT scores of dropouts



have a stronger relationship with later wages than do the AFQT scores of graduates? It is
conceivable that high school dropouts must rly more on their gbilities (which AFQT
scores atempt to capture) than graduates because dropouts lack a diplomato sgnify ther
quaity asaworker. It thisistrue, then AFQT and ability would be more important for

dropouts.

Similarly, we proposed earlier in this paper that past employment experience may be
more important for dropouts than graduates because dropouts lack a diplomathat show
that they had the discipline and ability to complete high school. Comparing the resultsin
Column (I1) and (1) of Tables 3.6 with those in the second column of Tables 3.11 and
3.12 shows that thisis not the case for the relationship between wages in one’ s youth and
later inlife. Graduates actudly experience higher corrdation in early wages and wages

ten years later than do dropouts.

Similar to our regressions of equation (1), the estimated wage equations (3) and (5) could
be affected by unobserved heterogeneity. Asrepresented in equations (17) and (19), firgt
differencing equations (3) and (5) alows us to distinguish the effects of tate dependence
from unobserved heterogeneity in wage persstence. For dropouts, the estimates of
equations (19) with and without the intercept term are in columns (1) and (11),

respectively, of Table 3.8 for dropouts. Similarly, equation (19) is estimated with and

without the intercept term in the third and fourth columns of Table 3.8.
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Among high school dropouts, the firg difference equation (19) reveds no satidticaly
sgnificant relationship between the change in aworker’ swages at age 20 and the change
inhiswagerate at age 30. Likewise, the change in weeks worked at 20 does not
ggnificantly affect the change in wages at 30 for dropouts. These results should come as
no surprise because even the level equations for the group of dropouts (Table 3.6 and
Table 3.7) showed no consstent relationship between elther wages during youth and ten
years later or between weeks worked as a youth and wages later in life. High school
graduates, on the other hand, do exhibit strong wage persstence in the level equations,
and a sgnificant relationship between weeks worked as a youth and wages at ages 29 and
30. Thus, wefocus on the results of the first differences equations for graduates wages

at age 30in Table 3.10 and 3.13.

Equation (19) is estimated with an intercept term in column (1) of Table 3.10 and without
an intercept termin Column (11) of that table. Similarly, the estimates of equation (17)
with and without an intercept term are reported in the first and second columns of Table
3.14. Edtimating equations (19) and (17) with or without the intercept createslittle
differencein the results for high school graduates. Thus, we will discuss the result of the
estimations with the intercept term, but the same analysi's gpplies to the regressons that

omitted the intercept term as aregressor.

The results reported in Table 3.10 are probably one of the most clear indications of the
effects of unobserved heterogeneity. In theleve equations for wage persstencein high

school graduates, which are estimated in columns (11) and (IV) of Table 3.9, the

46



47

relationship between wages in one' s youth and wages later in life had both Setigtica and
economic significance. However, when we estimate the first difference of these
equations (Table 3.10), the relationship between the change in wagesin one' s youth and

ten years later in life becomes gatidticaly inggnificant and dightly negative.

When estimating the first difference equation (17), the disappearance of a postive
associ ation between wages during youth and ten years later leads us to conclude that the
wage persstence reveaded in level equation (5) for high school graduatesis not a causal
relationship. That is, nothing about the state of earning high (or low) wages during ages
19 and 20 is affecting these high school graduates in away to make them more likely to
earn high (or low) wages later in life, but rather members of the group have certain
unobserved permanent characterigtics, such as punctudity and discipline, that make them
prone to earning higher wages as youths and a0 raise their expected earnings during

adulthood.

Theresultsin columns (I) and (1) of Table 3.13 show avery different result for the effect
of weeks worked during youth on later wages. Estimated ether with or without an
intercept term, the impact on the change in the logarithm of real wages at age 30 of the
change in weeks worked at age 20 (equation 17) is Satigticaly sgnificant with a
magnitude of 0.003. This means that a worker who worked 10 more weeks at age 20
than he worked at age 19 would be likely to see his wage increase three percent more

than aworker whose was employed for the same number of weeks at ages 19 and 20.
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Furthermore, if equations (17) and (10) are correctly specified, this result so implies
that a graduate who works 10 more weeks at age 19 or 20 than an otherwise identical

worker should earn a three percent higher hourly wage ten years later.

What isimportant about this result is theat the Sze of this regresson coefficient is very
close to the value of the coefficients associated with the relationship between weeks
worked during youth and wages later in life from the level eguations (equation 8), which
are reported in the second column Tables 3.11 and 3.12. According to the equationsin
section 111, if thefirgt difference equation (17) gives the same result as the estimated level
equation (3), then the regressorsin the level equation are accurately controlling for
individua heterogeneity. Thus, these results provide evidence of asmadl but Sgnificant
presence of state dependence in the relationship between weeks worked as a youth and
red wages later in life. Working 10 extraweeks at age 19 affects a high school graduate
in away that causes him to earn 3 percent higher wages on average ten years later than he
otherwise would have earned at that time. Smilarly, sx months of extrawork at age 20
is predicted actudly to cause the worker to earn 8.1 percent higher wages at age 30 than

if he had missed the additiona employment opportunity.

The state dependence we do seeisrather smdl, but the fact that effects on wages are il
present ten years after the cause, which is the amount worked as ayouth, is il sriking.
Moreover, it isimportant from a policy standpoint because, even a 3 percent increase in
wages, if the increase lasts for ten or more years, could have alarge dollar value when a

worker’ sincome is summed over many years. For ingance, if aworker earns $20,000
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annualy, athree percent increase represents an additiond $600. An extra $600 per year

over 40 years congtitutes $24,000, not atrivid sum.

I nteraction Effectsand Wages

It is notable that state dependence is present in the relationship between wages and lagged
weeks worked for high school graduates but not for dropouts. To more closdly examine
this sdlective presence of state dependence, we estimate equation (7) in the third column
of table 3.11 and 3.12 while alowing for an interaction between the weeks one worked at

age 19 (or age 20 in Table 3.12) and the worker’ s AFQT score *®

Column (111) of Table 3.13 reports the estimates of equation (21), which isthe first

difference of specification (7). The coefficient on the interaction of AFQT score and
year-to-year change in lagged weeks worked is Satidicdly sgnificant and isdightly

greater in magnitude than the estimate of the same interaction effect in the level equations.
Equations (14) and (21) imply that this parameter is the correct estimate of the interaction

effect of AFQT score on the relationship between wages and lagged weeks worked when
properly controlling for heterogeneity. Thus, it is clear that the magnitude of the effect

of weeks worked on later wagesis highly influenced by one's AFQT score, and that state
dependenceis present in this effect. Among high school graduates in the workforce, the

mean AFQT scoreis.394. According to the resultsin Column (111) of Table 3.13, ahigh

school graduate who has the mean AFQT score would be expected to have 3.4 percent

35 We dso estimated equation (7) alowing for interaction effects between mother's
schooling and lagged weeks worked, and between ethnicity and lagged weeks worked.
However, such interactions do not appear to sgnificantly affect the data. Therefore, only
the AFQT-lagged weeks worked interaction is reported and discussed.
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higher wages at age 30 for every additional 10 weeks he works ten years earlier.*®
Moreover, according to these results, for every additiona increase of 0.10 in aworker’'s
AFQT score, the effect on hiswages at age 30 of his lagged weeks worked is expected to
increase by 1.1 percentage points. Therefore, aworker otherwise identical to the one
described above but with an AFQT score of 0.60 should see his wages at age 30 increase
by approximately 5.6 percent for every additional 10 weeks he works a decade earlier.?”
On the other hand, an otherwise smilar worker who has an AFQT score of 0.20 is

expected to only earn only a 1.2 percent higher wage at age 30 if he works an additiona

10 weeks at age 20.38

The strong interaction between AFQT scores and lagged employment’ s effect on wages
implies that workers with lower ability (as measured by the AFQT) experience weaker
long-term effects of unemployment than do workers with higher ability. As mentioned
above, the AFQT was administered to the respondents during the year 1980, when the
many of the responders were till in high school. Therefore, the AFQT measures the
workers ability at or before the beginning their careers. Perhgps thistype ability
deterioratesif it isnot actively used. If thisisthe case, the workers with higher AFQT
scores and more ability have more to lose by not working than do workers who start out

with lower ability.

3 From Teble 3.13: -0.00098 + (afqt * .011) = -0.00098 + (.394 * 0.011) = 0.00335.
37From Table 3.13; -0.00098 + (afqt * .011) = -0.00098 + (.60 * 0.011) = 0.00562.
38From Table 3.13; -0.00098 + (afqt * .011) = -0.00098 + (.20 * 0.011) = 0.00122.



It could be hypothesized that the interaction discussed above explains why high school
dropouts do not exhibit a significant relationship between wages and lagged weeks
worked. According to this conjecture, dropouts, whose average AFQT scoreis .20 lower
than that of the graduates, may experience less state dependence in the relaionship
between their wages and lagged weeks worked as a result of having lower ability (as
measured by their AFQT scores).  However, when we estimated equations (7) and (21)
for high school dropouts (not presented in tables), the dropouts AFQT scores showed no
sgnificant correlation with the presence of state dependence in the relationship between
their weeks worked during youth and their later wages.. In those regressions, the
coefficient measuring the interaction term between AFQT and weeks worked during

youth was not sgnificant and very amdl in magnitude. Therefore, something other than

their lower ability must be causing dropouts not to experience state dependence.

Wages and Non-Employment

Last of dl, we estimate equation (9) to measure the impact of not working for an entire
year during youth on wages ten yearslater. This estimation uses data groups'V and VI,
which include of high school dropouts and graduates who worked for pay at ages 29 and
30 but were not restricted to having to work for pay a ages 19 and 20. The dropouts
(group V), who showed no significant state dependence in the relationship between their
wages a 30 and lagged weeks worked, produced smilarly inggnificant estimates for the
relationship between wages at age 30 and not working at dl during youth. Thus, they

were not reported in the tables of this paper.
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Column (1) of these tables reports estimates of equation (8) controlling only for cohort
effects, and column (11) of the tables gives estimates of equation (8) while controlling for

race, mother’ s schooling, and AFQT score. Equation (9) is estimated for the graduatesin
column [11 of Tables 3.14 and 3.15. According these results, graduates who work for

zero weeks at age 20 are expected to earn between 3.7 and 4.6 percent lower wages at age
30 than graduates who do not spend age 20 without any employment. Thiseffect isin
addition to the association measured by the dope of relationship between weeks worked

and later wages estimated in equetion (8).

While these results do show that workers who do not work at age 20 have lower wages a
decade later than otherwise identical workers, the interesting issue is whether the Sate of
not being employed actudly causes workersto have lower wagesin the long term. Table
3.16 answers this question by providing firgt difference equations unaffected by
unobserved heterogeneity. Equation (17) is estimated with and without an intercept term
in columns (I) and (I1), while equation (18) is reported with an intercept in column (111).
Infirgt differences, thereis apositive and satigticdly insignificant relationship between

the year-to-year change in wages at age 30 and the year-to-year changein the Sate of
working zero weeks for afull year adecade exlier. Thisinggnificancein thefirst
difference relationship indicates that heterogeneity, not state dependence is the source of
the negative association between wages at age 30 and whether someone worked for any

week during the entire year a decade earlier.



Thisresult is paticularly interesting because it implies that whether someone is out of
work for an entire year of their youth causes no additiond negative effect on their later
wages but it does cause a negative impact on the number of weeks that they work later in
life. Thismay indicate that skill acquistion, which is often linked with earnings, is not
ggnificantly affected by whether someone works zero or one week out of ayear during
their youth. However, working alarger number of weeks can create a positive impact on

future wages (and possibly on the acquisition of kills).

VI1. Conclusions
Andrew Sum's argument® that currently unemployed young people are at risk of
becoming permanently “left behind” assumes that there exigts long-term persistencein
youths employment and wages and that a significant amount of this persstence is dueto
state dependence. As represented in the employment probability trees, the NLSY 79 data
clearly show high persstence in an individud’ s weeks worked and wages during youth
and weeks worked and wages more than a decade into that individual’s career. This part
of Sum'’s argument is congistent with the data analyzed in this paper. However, Sum’s
assumption that state dependence is the cause of this persistence is not consstently

supported by our andysis of the NLSY 79 men.

In particular, we can infer the following from the datax
The correlation between weeks worked in youth and later in life (equation 1) is

due to unobserved heterogenaty. That is, differences among individuadsin their

39 sum, et d. (2002), pg 85-87.
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permanent characterigtics give rise to variations in labor market outcomes that
produce this correlation.

The relaionship between wage rates in youth and later in life (equation 5) is
samilarly the result of heterogeneity among individuas.

For high school graduates, the number of weeks that aindividua works during his
youth (equation 3) causdly affects hiswage rate later in life. That is, there is Sate
dependence in this aspect of individuas' labor market experiences.

Among those graduates, weeks worked during youth have a greater impact on
later wages for individuas with higher ability as measured by their AFQT scores.
Among high school graduates, state dependence may aso be present in the
relationship between not working at al during ayear of youth and weeks worked
ten years later in life (equation 2). However, the relationship between not
working at dl during ayear of youth and wages later in life (equation 4) shows no

evidence of state dependence.

These results imply that, while state dependence affects neither the persstence in number
of weeks worked nor the persistence in wages, state dependenceis present in the
relationship between wages at age 29 and 30 and weeks worked a decade earlier.
Working with the Parnes data set, an earlier wave of the NLSY, Ellwood smilarly found
that, after attempting to control for heterogeneity, there was a greater amount of sate
dependence in the relationship between youth employment and later wages than in the

relationship between youth employment and later employment.*°

“0 Ellwood (1982), pg. 383.



55

Weeks of employment during youth appear to affect wages ten years later but weeks of
employment during youth do not appear to have an effect on weeks of employment ten
yearslater. Why doesthis difference exi? This contrast may suggest that different
mechanisms are a work in the state dependence we observe. Because state dependence
is not present in employment persstence (equation 1), it islesslikdy that we are seeing
youth unemployment create a permanent cycle of repeated job losses for those who work
fewer weeks as youths, which would be suggested by strong occurrence dependence.
Instead, state dependence created by youth employment has an evident role in affecting
the long-term wage rate of the worker. Thismay imply that, by working more during
youth, workers acquire more “on the job” skills that can make them more productive and
valuable to employers. Workers who spend less time working and developing these skills
during youth can find jobs with equd likdlihood in ther later twenties, but the quality of
these jobs and pay rates might be lower because they have missed the early opportunities

to develop important work skills.

If the state dependence we observe were the result of workers becoming psychologically
disaffected from the labor force and not working as hard in the in their jobs, then we
would expect aso to see state dependence in the effect of weeks worked on later weeks
worked. Because the data do not suggest this type of state dependence, we should
examine other possible causes of the sate dependence in the relationship between wages
and earlier weeks worked. Future researchers may wish to distinguish between a

worker’ stime out of the labor force and time unemployed to obtain a clearer perspective
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of workers' experiences and attitudes. The risk of this approach, however, isthat
workers may not accurately recall during which weeks they were looking for ajob. Asa
result, the result that the number of weeks unemployed islikely to be measured with

more error than weeks worked.

A doser examination of who experiences state dependence in the effect of employment
on later wages provides further information about the type of mechanism that causesthis
dtate dependence. As noted above, state dependence is evident only in the relationship
between weeks worked and later wages for high school graduates. In Section IV of this
paper, we chose to separate high school dropouts from graduates because we had
assumed that workers without a high school diploma would be more affected by their
employment during youth than graduates** We conjectured that potential employers
place a greater emphasis on the work history of dropouts than that of graduates when
making hiring decisons because the dropouts do not also have a diploma to indicate their
level of skill and discipline. That is, we had assumed that skills and recognition acquired
through schooling and those acquired through work experience were subgtitutes. Our
results revedl, however, that it is graduates, not dropouts, whose future outcomes are
more strongly affected by employment during youth. Thus, education and work
experience gppear to be complements rather than subgtitutes, that is, the value of work

experience is not as large to those with less schooling.

1 See above, pg.26.



Similarly, ability, as measured by AFQT score, dso gppears to be complementary with
work experience. We noted above that the impact of weeks worked on later wages is
gronger among those with higher AFQT scores. Thismay imply that workers of high
ability and with more schooling have a greater cgpacity for learning from their work
experiences and for developing skills vauable to their firm. If thisisthe case, the state
dependence we observed in the datais probably the consequence of workers employed
during youth acquiring skills that will raise their wage trgectory compared to otherwise
identica workers who work less during youth. Further research could attempt to further
identify skill acquisition as the mechanism causing of State dependence by examining
whether education, ability, and weeks worked during youth aso yield complementary
benefits for those workers who attend college. The equationsin this paper, however,
would have to be modified to accommodate the grester variation in age of |abor force

entry for workers who attend college.

Also, to examine theimplications of skill acquisition being the cause of the state
dependence found in the data, it would be useful to examine workers who remain for
many years in indudtries that require alarge amount of training (for instance, those who
operate heavy machinery). If skill acquigtion isthe mechanism cregting Sate
dependence in these data, then individuas who work in industries that require alarge
amount of training should experience a greater impact of youth employment on later

earnings than workers who require less training to perform their job.
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It is difficult to determine the cause of the state dependence evident in the rdationship
between being out of work for an entire year during youth and weeks worked ten years
later. It isinteresting that the number of weeks worked during youth affect one' s future
wages but not their future employment probability, while being out of work for an entire
year does just the opposite, causing a negative impact on the future number of weeks one

works but not significantly affecting that person’s wages.

One digtinction that could explain this phenomenon is that wages may be more closdy
related to skill acquisition while the amount of employment one experiencesis affected
more directly by employers judgments about the worker’s quaity. Acquiring onthe-job
skills requires more time than just one week of work. Hence we should not expect to find
asggnificant difference between the acquired leve of on-the-job skills of individuds who
are out of work for an entire year as ayouth and the levd of those skills of individuds
who worked for only avery short period of time. Therefore, if wages are linked to the
level of skill that aworker has acquired, aworker who worked no weeks as a youth and

one with only afew weeks of work should have smilar wages.

On the other hand, the number of weeks that a person works at age thirty is affected by
the probability of a person remaining in hisjob if he isworking and by the probability of
obtaining ajob if heisout of work. For potentid employers who areinterviewing job
candidates, the number of weeks that a person worked during their youth may be of less
importance than whether or not the person was employed at al during thet time. If a

worker has worked at dl, at least he may have some work references to provide anew
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employer, and, if he does, his chances of getting that job will be greater than those of an
otherwise identica worker who did not work at dl during agiven time period. Itis
difficult, however, to know exactly how ajob candidate’ s work experience ten years
earlier influences the opinions of potentid employers. More research into the selection
and hiring process for mgor industries and typica jobsin the United States could greeily

improve our understanding of this form of state dependence.

Regardless of the mechanism that causes state dependence, to what extent do the data
suggest that workers who experience high unemployment during youth become
“permanently left behind” their peers who do find employment? When discussing “left
behind” workers, it is common to think of the group of young workers with low
education who consigtently are unemployed or employed in low-wage jobs. However,
our resultsimply that these workers are not currently &t risk of experiencing long-term
impact from their current unemployment. These workers with low education are more
likely smply to be “unusudly prone” to unemployment and especidly exhibit thet trait &
atime of high unemployment such as the present. On the other hand, it is young workers
with higher education and higher ability whaose future outcomes in wages could be
sgnificantly affected by the current economic downturn. Thus, though some workers
may be affected in the long-term by their current unemployment, these workers are not

the ones thought of as most in need of employment assistance.

Given these results, should policy makers pay particular attention to youth unemployment
and target it in order to change long-term outcomes? Ten yearsin the future, what long-

term effect on employment and wages would we expect from a policy amed & reducing
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current youth unemployment? Ten years from now, such a policy may well have the
most Sgnificant impact on the wages of high school graduates with high ability. In other
words, among those who do not attend college, this policy would be hel ping those who
are dready more advantaged and successful than dropouts with low ability. While on
average, graduates with high measured ability are not necessarily rich individuas, neither
are they the most disadvantaged group. As aresult, there would be a greater earnings
disparity between more highly skilled graduates and lower skilled dropouts than if the
policy were not implemented. Though the most disadvantaged workers with less ability
would not actually be harmed, their employment Stuation would appear increasingly

distinct from graduates who do benefit from this type of policy.

High school dropouts earn lower wages on average and are unemployed more often in the
long-term than high school graduates.  Policy intended to help dropouts should recognize
that the skills acquired on-the-job appear to complement the generd skillslearned in
school, not to subtitute for them. Thus, apolicy designed to raise youth employment
among dropouts only isunlikely to be very effective in achieving long-term goas. For
assgting the dropouts who experience the greatest amount of unemployment throughout
thelr careers, trying to boost employment during youth isatool for intervention that
appears to be too late to be effective. If the intended effect isincreased long-term
employment and wages among those dropouts, a policy that focuses on increasing
employment of those individuals needs to be coupled with policy to increase high school
completion rates. In other works, to improve long-term outcomes, more attention ought to

be focused on preventing such people from dropping out of high school.



Additionaly, policy that encourages individuas to obtain GEDs may dso be an effective
method for helping high schoal dropouts benefit from greater employment as youths. It
should be noted that Cameron and Heckman have found strong evidence suggesting that
dropouts with GEDs on average have labor market experiencesthat are smilar to those of
dropouts without a GED and very different from the experiences of “traditiond” high
school graduates who completed twelve years of schooling.*?  Despite these results, it
would be useful to conduct research examining whether, among dropouts with GEDs,
state dependence exigts in employment persistence and the effect of employment on
wagesten yearslater. If, in this respect, individuas with GEDs are able to benefit more
than other dropouts from work experience during youth, then perhaps acquiring a GED
has an indirect vaue not recognized by Cameron and Heckman. Having a GED sendsa
“mixed Sgnd” to employers because workers with GEDs are often more intelligent than
other dropouts, but they also tend to “have lower levels of noncognitive skills’ #3, such as
discipline and persstence. If ahigh level of work experience is an indicator of ajob
candidate’ s non-cognitive skills, then perhaps a GED and work experience could
complement each other, together sending asignd that the worker has both discipline and
ability. In this case, policy intended to help those who have dready dropped out of high
school would be more effective to combine assistance for finding ajob with

encouragement to obtain a GED.

Thisis not to say that there is no role that policy can take to improve the long-term

employment of high school dropouts and individuas with lower gbility. Nether do we

42 Cameron and Heckman (1993), pg. 2.
3 Heckman and Rubinstein (2001), pg. 146.



62

recommend not attempting to assst young workers who experience large amounts of
unemployment. On the contrary, our analysis shows that these workers have the greatest
probability of earning low wages and experience the most unemployment in the long

term, and, therefore, they need of assstance. However, what isimportant to recognizeis
that not being employed during youth is not the cause of the future unemployment and
low wages predicted for these workers, and, thus, attempting to raise the level of
employment among youthsis not an effective tool for thisintervention. Other means

must be investigated for changing the long term Stuation of these individuals.

Findly, we can dso see from the deta thet thereislittle state dependence in the
persistence of wages for graduates or dropouts. Moreover, the effect on future outcomes
of increasing weeks of employment has its largest impact when going from zero weeks to
one week of work. Therefore, the type of job and the wages paid, in addition to the
length of time the job is held, appear less important than whether someone had ajob at all,
even for one week out of the year, during youth. Policy motivated to increase youth
employment should attempt to create the greatest impact by reducing long term
unemployment for as many different individuas as possible and should be |ess concerned
with the type of job or whether the individua is employed for the full year. Thistype of
“employment occurrence dependence,” as opposed to unemployment occurrence
dependence, does play asgnificant role, and may imply that an efficient dlocation of
resources for increasing long-term employment should focus on getting every young

individua ajob of any duration.
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Appendix A. Testing for Differences between High School Graduates and Dropouts

The purpose of this section is to determine whether it is necessary to consider high school
graduates and dropoults as two separate groups when estimating our equations or whether

we could pool these sets of individuals and estimate our equations for all of them together.
Pooling would dlow us the benefit of alarge sample Sze. However, if the effects of the
regressors are different for high school dropouts and high school graduates, theniit is
ingppropriate to condirain the coefficients to be the same. The following F-tests measure

the interaction of wage and employment persistence with one's educationa attainmen.

The regressionsin the restricted models (Res) in the even columns of thistable are the
same specification as equations (1), (2), and (3) used esawhere in this paper, except that
the estimates here were based on the pooled group of high school graduates and dropouts.
In the unrestricted mode (UR) in the even columns of thistable, variables such as
‘wkwkat19 & hsgrad’ were added. These variables are equal to the preceding variables

in the column if the respondent is a high school graduate. The variables are set to zero

otherwise.

AsTable A.1 shows, the influence of being a high school graduate on the rdaionship
between youth employment and wages and later employment and wagesis Significant in
three of our Sx estimations. In some of the regressons, such as specification (3), the

impact is significant, and pooling graduates and dropouts would be unwise. Alternatively,



in other regressions, particularly for specification (2), being a high school graduate seems

to make little difference on the relationship between later wages and early employment.

In the interest of presenting a consistent explanation of the data, we presented al results

for separate educationa groups rather than pooling graduates and dropouts in some

specifications and keeping them separate in others.

TableA.1
High School Graduates and Dropouts: F-test Results
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M odel Specification
Dep. Variable

(1) UR (1) Res
wkwkat19

(1) UR (1) Res
wkwkat20

(2) UR (2) Res
Irwagel9

(2) UR (2) Res
Ir wage20

(3) UR (3) Res
Irwagel9

Ir

(3) UR (3) Res

wage20

Regr essor s Used:
constant
wkwkat19
wkwkat19 x hsgrad
wkwkat20
wkwkat19 x hsgrad
Irwagel9

Irwagel9 x hsgrad
Irwage20

Irwage20 x hsgrad
afqt

cohort61

cohort62

cohort63

cohort64

black

hispanic
momhsgrd

xX X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X X X X X X X X

X

X X X X X X X X

X X X X X X X X

X X X X X X X X X X

X X X X X X X X

Num Regressors
NOOBS
DF

R-squar ed

12
1444
1432

0.0815

11
1444
1433

0.078

12
1444 1444
1432 1433

0.1122 0.1109

11

12

534 534
522 523]
0.1273 0.1241]

11

12 11
534 534
522 523

0.1093 0.1062

12

534 534
522 523
0.1418 0.135]

11

12

534 534
522 523
0.1079 0.1014

11

F-Statistic

5.456

2.097|

1.914]

1.817

4.075

3.803

Pr (F<0)

<.05

<.25

<.25

<.25

<.05

0.05




Tablel1.0
Variable Definitions

afqt Decimal score (in range of [0,1]) on Armed Forces Qualifying Test taken in 1980 (unofficial).

wkwkat X X Number of weeks worked in calendar year when person was X X years of age.

cohort XX Dummy for birth cohort (1 if person was born in year 19X X).

black 1if black, =0 otherwise.

hispanic 1if Hispanic, =0 otherwise.

momhsgrd Dummy for education of mother of respondent (1 if mother graduated from high school, =0
otherwise).

hgcby30 Highest grade level respondent had completed by age 30.

rhwageX X Real hourly wage of respondent received at age X X.

InwageX X Natura log of rhwageX X.

cgwwXxX XYY Y ear-to-year change in weeks worked (Weeks worked at age XX - Weeks worked at age YY).

aglwXXYY Y ear-to-year changein log of real hourly wages (IrwageXX - IrwageYY).

wkxafqYY Interaction Effect: (Weeksworked at age YY * AFQT score).

wkxmhsY'Y Interaction Effect: (Weeksworked at age YY * momhsgrd).

wkxblkYY Interaction Effect: (Weeksworked at age YY * black).

dwxafgX X Y ear-to-year change in interaction effect (wkxafgX X - wkxafqY').

dwxmhsX X Y ear-to-year changein interaction effect (wkxmhsX X - wkxmhsYY).

dwxblkX X Y ear-to-year change in interaction effect (wkxblkX X - wkxblkYY).

nowkat X X 1if individual worked no weeks at age XX, =0 otherwise.

cgnwwX XYY

Y ear-to-year change in not working any weeks (nowkat X X - nowkatYY).
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Tablel.1

Sdlection of Data Groups and Number of Observations

Group Restriction All Graduates Dropouts
1. Allin NLSY 12686

2. All Males 6403

3. Malesin Birth Cohorts 1960-1964 3461

4. (3) whoreported highest gradecompl eted by  |2805 1279 484
age 30

5. (4) who reported AFQT score 2684 1221 448
6. (4) who reported highest grade completed 2613 1182 424
(HGC) by mother

7. (4) reporting AFQT and Mother'sHGC 2506 1131 393
8. (7) reporting wkwkat 19, wkwkat20 2453 1106 377
9. (7) reporting wkwkat29, wkwkat 30 2439 1106 377
10. (7) reporting weeksworked at 19,20, 29, and  |2389 1082 362
30

11. (10) reporting positive weeksworked at 29, 2127 957 305
30

12. (11) reporting hourly wages at 29, 30 1971 891 275
13. (12) with real wagesat 29, 30 >= $1.00 1950 830 271
14. (13) with real wages at 29, 30 <= $100.00 1930 873 268
15. (14) with positve weeksworked at 19, 20 1517 660 211
16. (15) reporting hourly wages at 19, 20 916 404 136
17. (16) with real wagesat 19, 20 >=$1.00 904 400 134
18. (17) with real wagesat 19, 20 <=$100.00 04 400 134

Note: Numbers of observationsin bold correspond to our Six data groups.
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Table 1.2
Descriptive Statistics For Data Groups
(Note: Data are weighted based on NLSY 1979 sample weight)

Group |: All High School Dropouts Group I1: All High School Graduates
(N=362) (N=1,082)
Variable M ean Std Dev Min Max M ean Std Dev Min M ax
afqgt .15 .138 .01 .64 .359 .236 .01 .99
wkwkat19 23 185 0 52 27.8 19.2 0 52
wkwkat20  28.8 18.8 0 52 311 18.8 0 52
wkwkat29  39.8 18.1 0 52 43.2 15.8 0 52
wkwkat30  38.8 19 0 52 43 16.1 0 52
black 0.199 0.399 0 0.175 0.379 0 1
hispanic 0.131 0.337 0 0.065 0.247 0 1
momhsgrd  0.405 0.491 0 1 0.634  0.481 0 1
hgcby30 9.75 1.22 5 11 12 0 12 12
cohort60 0.195 0.396 0 1 0.232 0.422 0 1
cohort61 0.22 0.414 0 1 0.214 0.41 0 1
cohort62 0.258 0.437 0 1 0.209 0.407 0 1
cohort63 0.233 0.423 0 1 0.257 0.437 0 1
cohort64 0.094 0.292 0 1 0.088 0.283 0 1
Group I11: High School Dropouts Groups 1V: High School Graduates
In Workforce (N=134) In Workforce (N=400)
Variable M ean Std Dev Min M ax Mean  Std Dev Min M ax
afqt .169 .143 .01 .59 .394 .238 .01 .97
wkwkat19 315 17.4 2 52 38 15.1 3 52
wkwkat20  39.9 13.8 4 52 43.2 12.4 2 52
wkwkat29  47.9 9.09 3 52 48.1 8.7 3 52
wkwkat30 475 9.79 1 52 48.6 7.97 2 52
cohort60 0.147 0.354 0 1 0.208 0.406 0 1
cohort61 0.194 0.395 0 1 0.166 0.372 0 1
cohort62 0.221 0.415 0 1 0.217 0.412 0 1
cohort63 0.307 0.461 0 1 0.305 0.46 0 1
cohort64 0.132 0.338 0 1 0.105 0.307 0 1
black 0.146 0.354 0 1 0.09 0.286 0 1
hispanic 0.144 0.351 0 1 0.06 0.237 0 1
momhsgrd  0.395 0.489 0 1 0.69 0.464 0 1
hgcby30 9.7 1.17 6 11 12 0 12 12
rhwagel9 7.02 4.61 12 35.1 6.13 2.02 1.12 22.6
rhwage20 8.11 7.01 1.45 55.2 6.85 2.89 1.26 30.9
rhwage29 10.1 411 1.55 40.8 12 5.05 241 50
rhwage30 10.82 7.01 2.13 53.6 12.2 5.67 1.3 51.1
Irwagel9 1.84 0.42 0.184 3.56 1.76 0.334 0.11 3.12
Irwage20 1.95 0.466 0.373 4.01 1.86 0.362 0.233 3.43
Irwage29 2.24 0.393 0.436 3.71 24 0.419 0.879 3.91

Irwage30 2.25 0.482 0.754 3.98 241 0.429 0.26 3.93




Table1.3
Descriptive Statistics For Data Groups

(Note: Data are weighted based on NLSY 1979 sample weight)

Group V: High School Dropouts Groups VI: High School Graduates
In Workforce at Ages 29 and 30 (N=268) In Workforce at Ages 29 and 30 (N=873)

Variable M ean Std Dev Min Max M ean Std Dev Min Max

afqt .163 144 .01 .61 .367 .238 .01 .99
wkwkat19 ~ 23.5 18.34 0 52 29 18.99 0 52
wkwkat20 31 18.06 0 52 32.6 18.56 0 52
wkwkat29  46.1 11.2 1 52 47.4 9.75 1 52
wkwkat30 46 11.07 1 52 a47.7 9.21 1 52
cohort60 0.196 0.397 0 1 0.238 0.426 0 1
cohort61 0.214 0.41 0 1 0.211 0.408 0 1
cohort62 0.249 0.433 0 1 0.213 0.409 0 1
cohort63 0.233 0.423 0 1 0.251 0.433 0 1
cohort64 0.108 0.31 0 1 0.088 0.284 0 1
black 0.16 0.367 0 1 0.156 0.363 0 1
hispanic 0.137 0.344 0 1 0.063 0.243 0 1
momhsgrd  0.416 0.493 0 1 0.064 0.479 0 1
hgcby30 9.8 1.2 5 11 12 0 12 12
rhwage29 9.62 3.94 1.55 40.8 11.12 4.93 1.09 50
rhwage30 10.74 7.06 1.16 53.6 11.34 5.18 1.3 53.5
Irwage29 2.18 0.399 0.436 3.71 2.32 0.44 0.085  3.91

Irwage30 2.24 0.495 0.145 3.98 2.34 0.426 0.26 3.98
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Figure 1.0. Probability Tree of Working At Least One Week at Ages 19-22

(High School Dropouts)
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Figure 1.1. Probability Tree of Working At Least One Week at Ages 19-22

(High School Graduates)
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Figure 2.0. Probability Tree of Working At Least 40 Weeks at Ages 19-22

(High School Dropouts)
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Figure 2.1. Probability Tree of Working At Least 40 Weeks at Ages 19-22

(High School Graduates)
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Table2.1
Probability Tree Groupings for Dropouts Aged 19-22

75

Was Employed- 1+wks/yr During: 40+wksl/yr during:

Total Grp All 4yrs Someyrs No Year All 4yrs Someyrs No Year
NOOBS 352 230 111 11 41 200 111
afqt 0.151 0.173 0.101 0.113 0.195 0.159 0.119
black 0.195 0.143 0.334 0.14 0.057 0.19 0.26
hispanic 0.132 0.128 0.133 0.192 0.169 0.12 0.138
momhsgrd 0.408 0.455 0.311 0.255 0.149 0.459 0.336
cohort60 0.192 0.179 0.238 0.01 0.223 0.196 0.173
cohort6l 0.221 0.245 0.184 0.045 0.242 0.216 0.221
cohort62 0.261 0.248 0.324 0.038 0.339 0.248 0.253
cohort63 0.233 0.229 0.177 0.727 0.182 0.204 0.308
cohort64 0.093 0.099 0.077 0.095 0.015 0.135 0.044
wkwkat19 22.8 28.8 10.8 0 49.3 24.1 9.54
wkwkat20 28.6 355 15.1 0 50 33.46 10.7
wkwkat21 30.1 37.4 15.7 0 50.5 35.9 10.8
wkwkat22 32 39.3 17.7 0 50.2 38.7 11.8
wkwkat29 39.7 44.2 32.2 11.6 47.4 43.7 29.1
wkwkat30 38.8 43.2 31.1 12.8 46.8 42.6 28.2
rhwage29 9.81 (296) 10.43 (208) 8.04 (84) 6.97 (4) 12.57 (38)  10.02 (183) 7.83 (75)
rhwage30 11.15 (294) 11.14 (210) 11.69 (78) 6.61 (6) 15.13 (41) 10.28 (173) 10.96 (80)
(Wages are averaged over al individuals who worked during year. Number of workers observed in
parentheses.)

Table2.2

Probability Tree Groupings for Graduates Aged 19-22

Was Employed- 1+wks/yr During: 40+wksl/yr during:

Total Grp All 4yrs Someyrs No Year All 4yrs Someyrs No Year
NOOBS 1046 652 362 32 162 579 305
afqt 0.360 0.386 0.313 0.231 0.421 0.364 0.301
black 0.174 0.121 0.275 0.454 0.071 0.156 0.309
hispanic 0.064 0.063 0.056 0.263 0.051 0.06 0.086
momhsgrd 0.634 0.675 0.552 0.542 0.762 0.634 0.529
cohort60 0.233 0.257 0.189 0.069 0.255 0.242 0.191
cohort61 0.213 0.203 0.24 0.133 0.2 0.215 0.221
cohort62 0.21 0.218 0.187 0.349 0.275 0.183 0.226
cohort63 0.256 0.243 0.281 0.345 0.207 0.271 0.262
cohort64 0.087 0.078 0.103 0.104 0.064 0.089 0.1
wkwkat19 27.8 34.6 14.6 0 49.8 26.4 13
wkwkat20 31 38.8 16 0 50.2 325 115
wkwkat21 33.2 42.2 15.6 0 50.8 36.8 9.56
wkwkat22 35.4 43.2 20.4 0 50.8 39.8 115
wkwkat29 43.2 46.1 38.3 21.8 48.8 44.7 34.8
wkwkat30 43.1 45.4 39.1 21 49 44.6 34.1
rhwage29 14.92 (922) 17.29 (601) 9.25 (304) 10.87 (17) 13.78 (157) 17.42(521) 8.83(244)
rhwage30 11.55 (932) 12.15 (605) 10.21 (308) 8.30(19) 13.20 (157) 11.50(528) 10.01 (247)

(Wages are averaged over all individuals who worked during year. Number of workers observed in

parentheses.)



Table 3.0

Employment persistence, L evel equations for High School Dropouts
(Estimated standard errorsin parentheses. NOOBS = Number of observations.)
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M odel I I "
Dependent Variable: wkwkat29 wkwkat29 wkwkat29
Regressors:
Inter cept 36.000 (2.326) 34.625 (2.726) 37.785 (3.053)
wkwkat19 0.269 (0.051) 0.246 (0.050) 0.171 (0.059)
nowkat19 -6.448 (2.867)
afqt 20.664 (7.183) 19.587 (7.157)
cohort6l -3.741 (2.890) -5.086 (2.805) -5.219 (2.790)
cohort62 -1.830 (2.773) -2.716 (2.695) -2.926 (2.682)
cohort63 -4.200 (2.823) -5.175 (2.760) -5.109 (2.744)
cohort64 -1.211 (3.664) -2.107 (3.581) -2.258 (3.561)
black -5.182 (2.401) -4.977 (2.389)
hispanic -4.119 (2.736) -3.846 (2.723)
momhsgrd 3.003 (1.962) 2.712 (1.956)
NOOBS 362 362 362
Dependent mean 39.795 39.795 39.795
R-squared 0.080 0.148 0.160
(Estimated by Ordinary Least Squares.)

Table3.1

Employment persistence, L evel equations for High School Dropouts
(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel I I "
Dependent Variable: wkwkat30 wkwkat30 wkwkat30
Regressors:

I nter cept 31.389 (2.692) 29.644 (2.996) 31.763 (3.294)
wkwkat20 0.301 (0.051) 0.235 (0.052) 0.176 (0.065)
nowkat20 -5.317 (3.467)
afqt 27.705 (7.627) 28.268 (7.621)
cohort61 -1.830 (3.000) -3.497 (2.915) -3.553 (2.909)
cohort62 -2.002 (2.885) -2.934 (2.812) -2.574 (2.816)
cohort63 -2.156 (2.958) -3.210 (2.902) -2.958 (2.901)
cohort64 2.149 (3.825) 1.419 (3.743) 1.476 (3.736)
black -3.087 (2.507) -3.141 (3.503)
hispanic -1.598 (2.862) -1.155 (2.871)
momhsgrd 3.017 (2.052) 3.075 (2.049)
NOOBS 362 362 362
Dependent mean 39.795 38.824 38.824
R-squared 0.093 0.158 0.164

(Estimated by Ordinary Least Squares.)



Table 3.2

Employment persistence, L evel equationsfor High School Graduates
(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel I I Il
Dependent Variable: wkwkat29 wkwkat29 wkwkat29
Regressors:
Inter cept 40.017 (1.215) 40.073 (1.625) 41.85 (1.83)
wkwkat19 0.150 (0.025) 0.118 (0.025) 0.077 (0.032)
nowkat19 -3.483 (1.652)
afqt 2.738 (2.240) 2.426 (2.241)
cohort61 -0.916 (1.414) -1.046 (1.401) -0.952 (1.399)
cohort62 -1.292 (1.422) -1.177 (1.410) -1.217 (1.408)
cohort63 -0.012 (1.352) -0.043 (1.347) -0.034 (1.345)
cohort64 -5.003 (1.877) -4.605 (1.866) -4.567 (1.863)
black -5.090 (1.384) -4.964 (1.383)
hispanic -0.340 (1.983) -0.408 (1.980)
momhsgrd 1.117 (1.031) 1.129 (1.029)
NOOBS 1082 1082 1082
Dependent mean  43.250 43.250 43.250
R-squared 0.042 0.056 0.068
(Estimated by Ordinary Least Squares.)

Table 3.3

Employment persistence, L evel equations for High School Graduates
(Estimated standard errorsin parentheses. NOOBS = Number of observations.)

M odel | I Il
Dependent Variable: wkwkat30 wkwkat30 wkwkat30
Regressors:

Inter cept 36.228 (1.319) 34.572 (1.721) 35.248 (1.941)
wkwkat20 0.229 (0.025) 0.201 (0.026) 0.185 (0.033)
nowkat20 -1.362 (1.811)
afqt 6.523 (2.241) 6.509 (2.242)
cohort61 -0.070 (1.422) -0.349 (1.411) -0.341 (1.411)
cohort62 -1.833 (1.429) -1.720 (1.411) -1.733 (1.417)
cohort63 1.120 (1.361) 1.240 (1.357) 1.257 (1.358)
cohort64 -2.307 (1.882) -1.720 (1.873) -1.733 (1.873)
black -2.662 (1.394) -2.691 (1.395)
hispanic -1.004 (1.984) -1.012 (1.985)
momhsgrd 1.058 (1.033) 1.053 (1.033)
NOOBS 1082 1082 1082
Dependent mean  43.043 43.043 43.043
R-squared 0.077 0.097 0.097

(Estimated by Ordinary Least Squares.)
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Table3.4

Employment persistence, First Differences for High School Dropouts
(Estimated standard errorsin parentheses. NOOBS = Number of observations.)
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M odel I I Il
Dependent Variable: cgww3029 Cgww3029 cgww3029
Regressors:

Inter cept -1.170 (0.706) -1.170 (0.704)
cgww2019 0.0340 (0.037) 0.016(0.035) 0.038 (0.040)
cgnw2019 0.540 (2.039)
NOOBS 362 362 362
Dependent mean -0.971 -0.971 -0.971
R-squared 0.002 0.001 0.003

(Estimated by Ordinary Least Squares.)

Table3.5

Employment persistence, First Differences for High School Graduates
(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel I I "
Dependent Variable:  cgww3029 cgww3029 cgww3029
Regressors:

Inter cept -0.168 (0.344) -0.156 (0.344)
cgww2019 -0.012 (0.020) -0.013 (0.020) -0.031 (0.023)
cgnw2019 -1.759 (0.982)
NOOBS 1082 1082 1082
Dependent mean -0.206 -0.206 -0.206
R-squared 0.001 0.001 0.003

(Estimated by Ordinary Least Squares.)



Table 3.6
Long-Term Effects of Weeks Worked on Wages,

Level Equations for High School Dropouts
(Estimated standard errors in parentheses. NOOBS = Number of observations.)
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M odel | I 11 v
Dependent Variable: Irwage29 Irwage29 Irwage30 Irwage30
Regressors:
Inter cept 2.225(0.108) 2.117(0.118) 1.807 (0.170) 1.770 (0.184)
wkwkat19 -0.001 (0.002) -0.001 (0.002)
wkwkat20 0.008 (0.003) 0.007 (0.003)
afqt 0.752 (0.265) 0.844 (0.316)
cohort61 0.188 (0.118) -0.083 (0.120) 0.298 (0.139) 0.185 (0.141)
cohort62 -0.061 (0.114) -0.005 (0.114) 0.169 (0.135) 0.111 (0.136)
cohort63 -0.049 (0.108) -0.107 (0.109) 0.051 (0.130) -0.023 (0.136)
cohort64 0.002 (0.130) -0.068 (0.130) 0.082 (0.154) -0.006 (0.158)
black -0.023 (0.100) 0.029 (0.123)
hispanic 0.059 (0.097) 0.003 (0.115)
momhsgrd 0.005 (0.078) 0.052 (0.093)
NOOBS 134 134 134 134
Dependent mean 2.237 2.237 2.254 2.254
R-squared 0.046 0.129 0.115 0.180
(Estimated by Ordinary Least Squares.)
Table 3.7
Wage Persistence, L evel Equations for High School Dropouts
(Estimated standard errorsin parentheses. NOOBS = Number of observations.)
M odel I I 11 v
Dependent Variable: Irwage29 L rwage29 Irwage30 Irwage30
Regressors:
Inter cept 2.237 (0.173) 2.079 (0.182) 2.430(0.211) 2.323(0.217)
Irwagel9 -0.019 (0.082) 0.0164(0.080)
Irwage20 -0.136 (0.092) -0.129 (0.090)
afqt 0.762 (0.268) 0.879 (0.318)
cohort61 0.185(0.118) 0.078 (0.120) 0.303 (0.141) 0.177 (0.142)
cohort62 0.061 (0.114) 0.005 (0.114) 0.199 (0.138) 0.121 (0.137)
cohort63 -0.051 (0.107) -0.107 (0.109) -0.040 (0.130) -0.117 (0.131)
cohort64 0.007 (0.129) -0.067 (0.130) -0.019 (0.158) -0.111 (0.158)
black -0.020 (0.100) -0.047 (0.120)
hispanic -0.059 (0.097) -0.011 (0.116)
momhsgrd 0.047 (0.077) 0.069 (0.933)
NOOBS 134 134 134 134
Dependent mean 2.237 2.237 2.254 2.254
R-squared 0.045 0.130 0.083 0.166

(Estimated by Ordinary Least Squares.)



Wage Persistence and L ong-Term Effect of Employment on Wages,

Table 3.8

First Differences for High School Dropouts

(Estimated standard errorsin parentheses. NOOBS = Number of observations.)
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M odel I I 11 v

Dependent Variable: cglw3029 cglw3029 cglw3029 cglw3029
Regressors:

I nter cept 0.021 (0.034) 0.008 (0.037)

cglw2019 -0.040 (0.058) -0.033 (0.057)

cgww2019 0.0011 (0.0020) 0.0013 (0.0018)
NOOBS 134 134 134 134
Dependent mean 0.017 0.017 0.017 0.017
R-squared 0.004 0.003 0.002 0.004

(Estimated by Ordinary Least Squares.)



Table 3.9

Wage Persistence, L evel Equationsfor High School Graduates
(Estimated standard errors in parentheses. NOOBS = Number of observations.)
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M odel | I 11 v
Dependent Variable: Irwage29 Irwage29 Irwage30 Irwage30
Regressors:
Inter cept 2.021 (0.120) 1.875 (0.125) 2.183(0.131) 2.083 (0.135)
Irwagel9 0.251 (0.062) 0.235 (0.060)
Irwage20 0.151 (0.061) 0.131 (0.060)
afqgt 0.278 (0.094) 0.162 (0.098)
cohort61 0.043 (0.067) 0.044 (0.066) -0.010 (0.070) 0.012 (0.069)
cohort62 -0.102 (0.063) -0.093 (0.061) -0.037 (0.066) -0.036 (0.065)
cohort63 -0.125 (0.058) -0.110 (0.057) -0.091 (0.062) -0.086 (0.061)
cohort64 -0.086 (0.078) -0.068 (0.076) -0.151 (0.081) -0.145 (0.080)
black -0.094 (0.074) -0.141 (0.077)
hispanic -0.054 (0.086) -0.032 (0.090)
momhsgrd 0.098 (0.045) 0.125 (0.047)
NOOBS 400 400 400 400
Dependent mean 2401 2.401 2414 2414
R-squared 0.071 0.127 0.039 0.068
(Estimated by Ordinary Least Squares.)

Table 3.10

Wage Persistence, First Differencesfor High School Graduates
(Estimated standard errorsin parentheses. NOOBS = Number of observations.)

M odel | Il

Dependent Variable: cglw3029 cglw3029
Regressors:

Inter cept 0.017 (0.020)

cglw2019 -0.038 (0.044) -0.029 (0.043)
NOOBS 400 400
Dependent mean 0.014 0.014
R-squared 0.002 0.001

(Estimated by Ordinary Least Squares.)



Table3.11
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Long-Term Effects of Weeks Worked on Wages,

L evel Equationsfor High School Graduates

(Estimated standard errorsin parentheses. NOOBS = Number of observations.)

M odel | I Il
Dependent Variable: Irwage29 Irwage29 Irwage29
Regressors:
Inter cept 2.307 (0.073) 2.142 (0.087) 2.241 (0.120)
wkwkat19 0.0041 (0.0014) 0.0036 (0.0014) 0.0011 (0.0025)
afqt 0.296 (0.095) 0.258 (0.245)
wkxafgat19 0.0070 (0.0059)
cohort6l 0.036 (0.068) 0.037 (0.066) 0.033 (0.066)
cohort62 -0.108 (0.063) -0.098 (0.062) -0.097 (0.062)
cohort63 -0.117 (0.059) -0.104 (0.058) -0.105 (0.058)
cohort64 -0.098 (0.078) -0.080 (0.077) -0.092 (0.078)
black -0.083 (0.075) -0.089 (0.075)
hispanic -0.026 (0.087) -0.029 (0.087)
momhsgrd 0.098 (0.045) 0.101 (0.045)
NOOBS 400 400 400
Dependent mean  2.401 2401 2401
R-squared 0.052 0.109 0.113
(Estimated by Ordinary Least Squares.)

Table 3.12

Long-Term Effects of Weeks Worked on Wages,

Level Equations for High School Graduates

(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel I I I

Dependent Variable: Irwage30 Irwage30 Irwage30
Regressors:

I nter cept 2.347 (0.101) 2.229 (0.109) 2.350 (0.154)
wkwkat20 0.0029 (0.0018) 0.0023 (0.0018) -0.00061 (0.0032)
afqt 0.168 (0.098) -0.201 (0.348)
wkxafgat20 0.0084 (0.0076)
cohort6l 0.012 (0.070) 0.014 (0.069) 0.017 (0.069)
cohort62 -0.056 (0.066) -0.053 (0.064) -0.048 (0.064)
cohort63 -0.102 (0.063) -0.096 (0.062) -0.090 (0.062)
cohort64 -0.143 (0.084) -0.138 (0.082) -0.136 (0.082)
black -0.142 (0.078) -0.146 (0.078)
hispanic -0.039 (0.090) -0.040 (0.090)
momhsgrd 0.126 (0.047) 0.130 (0.047)
NOOBS 400 400 400
Dependent mean 2414 2414 2414
R-squared 0.030 0.060 0.084

(Estimated by Ordinary Least Squares.)



Table 3.13

Long-Term Effects of Weeks Worked on Wages,

First Differencesfor High School Graduates

(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel I I 11
Dependent Variable: cglw3029 cglw3029 cglw3029
Regressors:
I nter cept -0.0039 (0.0203) -0.0051 (0.020)
cgww2019 0.0034 (0.0014) 0.0033 (0.0013) -0.00098 (0.0025)
dwxafq20 0.011 (0.0052)
NOOBS 400 400 400
Dependent mean 0.014 0.014 0.014
R-squared 0.015 0.017 0.026
(Estimated by Ordinary Least Squares.)

Table 3.14

Long-Term Effects of Weeks Worked (and No Weeks Worked) on Wages,

Level Equations for High School Graduates

(Estimated standard errorsin parentheses. NOOBS = Number of observations.)

M odel I I Il

Dependent Variable: Irwage29 Irwage29 Irwage29
Regressors:

I nter cept 2.191 (0.038) 2.059 (0.049) 2.08 (0.054)
wkwkat19 0.0060 (0.0007) 0.0049 (0.0007) 0.004 (0.001)
nowkat19 -0.046 (0.051)
afqt 0.380 (0.066) 0.378 (0.066)
cohort6l -0.025 (0.043) -0.029 (0.042) -0.280 (0.419)
cohort62 -0.058 (0.043) -0.048 (0.042) -0.485 (0.042)
cohort63 -0.084 (0.043) -0.066 (0.040) -0.066 (0.040)
cohort64 -0.116 (0.057) -0.086 (0.056) -0.085 (0.056)
black -0.033 (0.043) -0.030 (0.043)
hispanic -0.006 (0.060) 0.005 (0.060)
momhsgrd 0.030 (0.031) 0.030 (0.031)
NOOBS 873 873 873
Dependent mean  2.316 2.316 2.316
R-squared 0.080 0.128 0.129

(Estimated by Ordinary Least Squares.)
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Table3.15
Long-Term Effects of Weeks Worked (and No Weeks Worked) on Wages,

Level Equations for High School Graduates
(Estimated standard errors in parentheses. NOOBS = Number of observations.)

M odel | Il I
Dependent Variable: Irwage30 Irwage30 Irwage30
Regressors:

I nter cept 2.184 (0.040) 2.076 (0.506) 2.094 (0.057)
wkwkat20 0.0050 (0.0077) 0.004 (0.001) 0.004 (0.001)
nowkat20 -0.037 (0.055)
afqt 0.341 (0.064) 0.340 (0.064)
cohort6l 0.010 (0.042) 0.002 (0.041) 0.003 (0.041)
cohort62 0.005 (0.042) 0.011 (0.041) 0.011 (0.041)
cohort63 -0.031 (0.041) -0.019 (0.040) -0.018 (0.040)
cohort64 -0.050 (0.054) -0.051 (0.054)
black -0.099 (0.042) -0.100 (0.042)
hispanic 0.017 (0.058) 0.016 (0.058)
momhsgrd 0.044 (0.030) 0.043 (0.030)
NOOBS 873 873 873
Dependent mean 2.339 2.339 2.339
R-squared 0.030 0.116 0.116

(Estimated by Ordinary Least Squares.)

Table3.16
Long-Term Effects of Weeks Worked (and No Weeks Worked) on Wages,

First Differencesfor High School Graduates
(Estimated standard errors in parentheses. NOOBS = Number of observations.)

Model | I Il

Dependent Variable: cglw3029 cglw3029 cglw3029
Regressors:

Inter cept 0.019 (0.013) 0.019 (0.013)
cgww2019 0.0009 (0.0008) 0.0011 (0.0008) 0.0011 (0.0009)
cgnw2019 0.017 (0.038)
NOOBS 873 873 873
Dependent mean  0.023 0.023 0.023
R-squared 0.002 0.003 0.002

(Estimated by Ordinary Least Squares.)



