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ABSTRACT

We develop a dynamic model of learning and wage
determination: education may convey initial information about
ability, but subsequent performance observations also are
informative. Although the role of schooling in the labor
market ‘s inference process declines as performance observations
accumulate, the estimated effect of schooling on the level of
wages 1is independent of labor-market experience. In addition:
time-invariant variables correlated with ability but unobserved
by employers are increasingly correlated with wages as experience
increases; wage residuals are a martingale; and wage cuts -are not
rare, even for workers who do not change jobs. We present
evidence from the National Longitudinal Survey of Youth that is
generally consistent with all four of the model’s predictions.
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1. Introduction

A worker's educatlon level and other personal characteristics convey
only partial information about the worker’s productive ability. As the
worker accumulates experience in the labor market, further information is
revealed. To analyze the effect of such learning on wage determination, we
develop a dynamic model in which education may signal initial information
about a worker's ability, but employers also learn from subsequent
observations of the worker’'s output. In this learning model, the role of
schooling in the labor market's inference process declines as more output
observations become avallable, but the estimated effect of schoollng on the
level of wages is independent of labor-market experience. In addition:
time—-invariant variables correlated with ablility but unobserved by employers
are increasingly correlated with wages as experience increases; vage
residuals are a martingale; and wage cuts are not rare, even for workers who
do not change Jjobs.

We examine this learning‘model's predictions using data from the
National Longitudinal Survey of Youth (NLSY). A cruclial feature of these data
for our analysis is that they allow us to obserQe young workers as they begin
long-term attachments to the labor market. We use this information to derive
a true measure of labor-market experience that differs importantly from the
standard definition used in cross-sectional data.

The standard model for analyzing wage dynamics emphasizes human-capital
accumulation, including both investment in education and investment in
on-the-job training (0OJT) (Becker, 1964; Mincer, 1974). As Stigler (1962)
observed, however, disentangling the effects of learning and OJT on wage
dynamics is "especially difficult” (p. 101). We see our learning model as a
complement, not an alternative to the human-capital model. Our theoretical

strategy is to derive the implications of the learning model in a framework



that abstracts from human-capital investment consideratlons. Our empirical
strategy is to examine data on new labor-force entrants (for whom learning
about ability is llkely to be most important) to determine whether the
patterns we find are consistent with the learning model.

Our learning model is silent about important features of the data,
especially the measured returns to experlence.l Thus, even though we find at
least moderate empirical support for all of the predictions of the learning
model, it cannot offer a complete explanation. The OJT model, on the other
hand, can support the full range of our empirical results only with unusual
{and perhaps unreasonable) assumptions regarding the relationship among
ablility, schooling, and investment in OJT. Thus, while the OJT model is the
leading explanation for other features of the data, we belleve that our
findings are not explained by this model alone. We conclude that a blend of

the learning and OJT models offers the best explanation of the data.

2. Theory

In this section we develop a dynamic model of learning and wage
determination. In Section 2A we introduce the main ideas by analyzing the
simple case in which schooling is the only worker characteristic relevant to
wage determination. In Section 2B we enrich the model to include three other
kinds of time-invariant worker characteristics: those observed by employers
and included in the data, those observed by employers but not included in the
data, and those included in the data but not observed by employers. Allowing

for these time-invariant worker characteristics yields a very general

1In contrast to our learning model, two other learning models---Harris and
Holmstrom (1982) and MacDonald (1982)---yield measured returns to experience
as their maln prediction. Harris and Holmstrom focus on insurance, MacDonald
on matching. We ignore both these lssues so as to focus on the effect of
learning on the estimated coefficlients in an earnings regression.
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specification of the pure learning model but completely ignores life-cycle
changes in worker characteristics, such as productivity growth due to
on-the-job tralning. In Section 2C we allow a limited role for time~varying
worker characterlstics, In order to give a precise statement of our empirical

implementation of the learning model.

A. The Univariate Case

Let n, and s, denote the ith worker's productive ablility and schooling,
reﬁpectlvely. We allow the Joint distribution of ability and schooling,
F(nl.sl]. to be arbitrary. Let Yoo dencote the output of the ith worker in

the worker’s tth period in the labor market. We assume that the outputs

L}

{y : t

1t 1, ..., T} are independent draws from the conditional distribution

G(y‘lln‘,s‘). but we allow this distribution to be arbitrary. The output Yie
can also be interpreted as the information the market extracts from output
vhen it knows that the worker can take unobservable actions that influence
output, as in Holmstrom (1982).

Information held by employers is symmetric but imperfect: all employers
know the joint distribution F(nl.sl) and the conditional distribution
G(y‘tlnl.sl). all observe schooling s, and all observe the sequence of
outputs {yil. ey ylt) through period t. The wage pald to a worker in
perlod t equals expected output given all information available at t about
the worker (here, schooling and the worker's observed ocutput history):

(2.1) L E(yl‘ls’, Yygr woo yl't-l)

We can (slightly) relax the assumption that the wage is the conditional
expectation of output. Parallel arguments hold if wages are a linear

function of this conditional expectation and of output, so firms can earn a



profit, and wages can be a base wage plus a plece rate. Also, the
conditional expectation can be replaced by the analogous linear projection,
as would be the case 1f employers lacked either the capacity or the
information to compute conditional expectations but instead (implicitly) used
regressions to predict output and set wages.

This learning model can be interpreted as a dynamic extension of
Spence’s (1973) static signaling model.? By allowing the joint distribution
F(n‘.sl) to be arbitrary, we capture any equilibrium (from pooling, through
partially revealing, to separating) in a conventional signaling model. We
also capture the richer signaling model in which academic ability is
imperfectly correlated with productive ability (so that schooling could
perfectly reveal academic ability but provide only imperfect information
about productive ability). Furthermore, although we interpret n’ as the ith
worker's productive ability, it could Just as well reflect the quality of the
ith worker’s schooling, provided that employers cannot observe school quality
perfectly and so learn gradually by observing schooling and output, as
reflected in (2.1).°

The learning model yields several new predictions concerning the

estimated coefficlents in earnings regressions. For the univariate case

2While the static signaling model provides a potentially important
reinterpretation of the measured return to education, it generates
frustratingly few (if any) new testable hypotheses. See Taubman and Wales
(1973), Layard and Psacharopoulos {1974), Riley (1979), Albrecht (1981), and
especlally Lang and Kropp (1986) for discussion of the difficulties in
testing the static signaling model.

3Given the significant effect of school quality on earnings documented by
Card and Krueger (1990}, this reinterpretation may be quite important
empirically. Interestingly, the static signaling model cannot be
reinterpreted in this way (unless the worker’'s marginal cost of schooling
declines with school quality), since there is no opportunity for school
quality to affect wages.
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analyzed in this section, we derive the first of these new predictions,
concerning the estimated coefficient on schooling.

Suppose there exlsts a panel dataset covering a single cohort of
workers all entering the labor market in the same calendar year. Assume the
data reveal the schooling of each worker in the cohort and the wage (but not
the output) of each worker in each year of the panel (¢t =1, ..., T).

Consider using wage data from year t to estimate the earnings regression
(2.2) W= a 4+ Blsl + £

Note that the dependent variable in {2.2) is the level, not the log, of
earnings. Because we assume that the wage is a conditional expectation in
(2.1), our model ylelds several predictions about the level of earnings but
none directly about the log of earnings.

In regression (2.2), the estimated effect of education on wages for

workers in their tth year in the labor market is

cov(sl, w )

- it
(2.3) B =
var(s‘)

By the law of iterated expectations,4

(2.4) E[E(y‘tlsl, Y v y"‘_l)ls‘) = E(yllls‘) ,
or
(2.5) wE E(yltlsl, Yo e y"t_i) = E(yl‘ls‘) + w‘l '

%The law of lterated expectations states that E{E(y(x,z)|x} = E(yix). See
Chung (1974, Chapter 9).



where W“ satisfies E(thlss) = 0, and hence E(watc) = E(wxm) = 0 and

cov(s’. wlt) = 0. Thus, (2.3) can be rewritten as
R cov(s‘. E(yltls‘))
(2.6) B =

var(si)

Because a worker’s outputs are independent draws from a given conditional
distribution, E(yltls‘) is independent of t, so ét is independent of t. That
is, the estimated effect of education on the level of wages is independent of
experlience.

The intuition behind this result i{s as follows. Our assumption that

wages equal expected output implies not only that the first-period wage, w

*

11

i1s the expectation of first-period output given schoollng, but also that no
part of the innovation in wages between the first and second periods, Wi, T

W,,» can be forecasted from the information used to determine Yy (here,
schooling). (Equation (2.5) restates this fact for the innovation in wages
between the first and tth periods: wxc is orthogonal to 51') Thus, the
dependent variable in the second-period regression, LI equals the dependent
variable in the first-period regresslon, L plus a term orthogonal to
schooling, w:z - wll. Therefore, the estimated coefficient on schooling is

the same in the first and second perlods.

B. The Multivariate Case

We now substantlially generalize the conditions under which the
estimated effect of education on wages is independent of experience, and we
derive other implications of the learning model. We contlinue to

abstract from life-cycle changes in worker characteristics, such as
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productivity growth due to on-the-job tralning, in order to analyze the pure
effect of learning in wage determination.

Let Xl denote a vector of time-invariant worker characteristics (other
than schooling) that are observable to employers and are included in the
data. Let Z‘ denote a vector of time-invariant worker characteristics that
are observable to all employers but are not included in the data. Note that
21 differs from n, because employers observe the former but must learn about
the latter; 21 might include the worker's grade-point average, for example.
Finally, let B1 denote a vector of time-invariant background variables that
are included in the data but are not observable to employers, such as whether
there was a library card in the household when the worker was age
fourteen.

As in Section 2A, the joint distribution of worker characteristics,
F(nl. s, X, 2, B‘), is arbitrary, and the outputs (yx{: t =1, ..., T} are

1 1 1
independent draws from the conditional distribution G(yltlnl. s, Xl, 21)'
which also is arbitrary. To distinguish the background variables from the
worker’'s ability, we assume that Bl has no direct effect on output: the

conditional distribution G(y,tlnl. s, X, 21, Bl) = G(yltlnl, s, X, 2)

i 1 i i i

for every Bl. The assumption that the outputs are conditionally independent
is convenient but can be relaxed. What is important here is that the outputs
have identical conditional distributions. For some of our later results ve
also require that the outputs not be perfectly correlated.

Since employers observe Xl and 21' the wage-determination equation

(2.1) now becomes

(2.7) Y, = E(ylllsl. Xi. 21‘ Yigr cooo yl't’i) R

and given data on the vector Xi as well as on schooling, the regression



(2.2) now becomes

(2.8) T B, * xlwl * Eit

The estimated coefficlents (at, BL, 7t) from this regression are the

coefficlents from the linear projections of w on s, and X’, denoted

it

E*(w s, X }):
1o i

(2.9) E.(wxxlsx' Xx) =+ ﬁ'_s1 + Xiwl
The linear projection obeys the analog of the law of iterated expectations:
E*{E*(yIx,2)Ix} = E*(ylx). Furthermore, the linear projection of the
conditional expectation is the préjection itself: E*{E(yix}Ix} = E'(ylx).6
These two results imply the following analog of the laws of iterated
expectations and projections: E°{E(yix,z}Ix} = E'(ylx).7 Because the wage

equals expected output, applying the latter result to our model yields

" = [
(2.10) E (w‘tlsl, Xa) E (yltlsi, X,)

SThe linear projection E*(y|x) is the minimum-mean-square-error linear
predictor. The conditional expectation E(ylx), in contrast, is the minimum-
mean-square-error predictor. If the conditional expectation is linear then it
is equivalent to the linear projection.

®Define ¢ = y - E(ylx). Then E(eix) = 0, so E*{elx) = 0 because the linear
projection equals the conditional expectation when the latter is linear.
Thus, 0 = E*{y - E(yix)Ix} = E*(ylx) - E*{E(yIx)}|x}.

7By the law of iterated projections, E*{E(ylx,z)ix} = E*{E*[E{ylx.2)Ix,z}Ix}.
Because the projection of the expectation is the projection itself,
E*(E(ylx,2z}Ix,z] = E*(ylx,z), so the result follows from the law of iterated
projections.
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But E‘(yl‘ls‘, X‘) is independent of t because the outputs are identically
distributed, so the effect of schooling on wages is independent of

experience. We summarize this argument with the following Proposition.

Proposition: 1If the outputs (y|t: t =1, ..., T) are conditionally
independent draws from the distribution G(y‘tln’. s, Xl. 21) and the wage at

t is given by LI E(y‘tlsl. Xl, 2‘. Yigr oo y‘,t_l) then the estimated
effect of schooling on wages is independent of t in the sequence of

= + = .
regresslons Yo a + Bts‘ + Xiwl §l‘ for t 1, ..., T

We now derive three additional results: (1) given a mild regularity
condition, time-invariant worker characteristics that are unobserved by
employers become increasingly correlated with wages as experience lncreases;
(2) wage residuals are a martingale; and (3) wage cuts are not rare, even for
workers who do not change jobs.

(1) Unobserved Characteristics: Recall that Bl is a vector of
background variables that are included in the data but are unobservable to
employers. The distribution of worker characteristics, F(n‘. s, X’, Z‘. B‘)
is arbitrary, however, so the other variables observable to employers (SV
Xl. and 21) could be correlated with Bl. To create a vector of variables
that is orthogonal to employers’ information when the worker enters the
labor market, define B: to be the residual from a regression of B1 on all the
other variables included in the data, namely sl and X‘, and on the worker's
initial wage, w

11’

(2.11) B =B -E*(Bls, X, w._)
1 1 i 1 1 11

Regressing Bx on the worker's initlal wage purges B: of the correlation
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between Z‘ and B‘ {provided that there s no measurement error in the
observed initlal wage).

Now add B: as a regressor in (2.8):

*
(2.12) LI Bts‘ + X"yt + B‘ul + EIL .

We are interested in how the estimated coefflclents L vary with

experience. For ease of exposition, take Bl to be a scalar. Since B: is

~

orthogonal to the other regressors in {2.12), the estimated coefficient n is
glven by

cov(B.. w )
i 1t

(2.13) x =

var(Bl)

To solve for cov(B:. th)' note that

(2.14) Wi T E(y‘lls’. X‘. Z‘, Yigr tco yx,z-1)
= Ely, Is,» X0 20 Y0 coen Y )t 6y
= E(yl.t-l's ! Xx; 21' Vi ' y:.z-z) * cst
= Hl,t-l * c:z

Since B:'is orthogonal to L by construction, we have T = 0 and
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L ] - L] '.
(2.15) cov(Bl. "11) = cov(B‘. Z;=2 C,r’
= ' cov(B )
- Ik:z oSt

for t > 1. For many commonly encountered specifications of the distributions

*
F(nl. 5, Xl. 21. Bi) and G(y,lln‘, s, Xl, Z,), cov(Bl. cat) is positive for

~

every T. Gliven this regularity condition, " increases with t. Stated less
formally, if B: is correlated with ablility then the estimated effect of B: on
wages should increase with experience, because wages progressively
incorporate output signals and output is correlated with ability.

Compare the effect of worker characteristics the market cannot observe
(B:) to the effect of characteristics the market can observe (sl and X!). By
definition, the former.play no role in the market’'s wage-determinatlion
equation, but their estimated effect increases as the market learns abllity
by observing output. The latter, in contrast, play a declining role in the
market’s Inference process, but have a constant estimated effect.

(2) Wage Residuals, and (3) Wage Cuts: In the pure learning model
developed above, the assumptions that worker characteristics are
time-invariant and that outputs have lidentical conditional distributions rule
out productivity growth with experience, and the assumption that wages are
determined by the conditional expectation of output rules out
non-productivity explanations for measured wage growth with experience (such
as the insurance model of Harris and Holmstrom). We address time-varying
worker characteristics and the return to experience in Section 2C. For now,

however, we continue to focus on the pure learning model.



-12-

Because E(C‘tlw } =0 in (2.14), wages are a martlngale:s

1,t-1

E(w Iw )} = w . In the data, however, measured wage growth with
1!t 1,t-1

experience implies that wages are not a martingale, so in our emplrical work

we focus on wage residuals. Since we have not yet introduced time-varying

worker characteristics, we cannot yet define the wage residuals we will later

use in our empirical analysis. For purposes of 1llustration, however,

consider the residual from (2.8),

(2.16) é =w - (; + é s + Xl;t)

- L]
r 21' Yo oo yht_l) E (yltls,. X‘)

-

We have E(Eszlgnt—n) = § , because E'(yltls‘. X’) is independent of t.

i,t-1

Turning to wage cuts, (2.14) implies E(w’t - W )} = 0, so

(2.17) 0= Prob(wM - wl’t_l < 0} - E{w‘t - w"l_l L oot

Thus. in the absence of wage growth, the product of the frequency and the
conditional expectation of wage cuts is equal (ln absolute value) to the
analogous product for wage increases. For plausiblevdistributions of wage
innovations, therefore, real wage cuts will not be rare. In the presence of

wage growth, both the frequency and conditional expectation of wage cuts will

8A martingale is a generalization of a random walk: in the latter,
innovations are independently and identically distributed; in the former,
independence suffices. In the learning model, the variance of innovations in
the conditional expectation is not constant over time, so the conditional
expectation is a martingale but not a random walk.
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be closer to zero.

C. Time-Varying Worker Characteristics

We have so far restricted attention to time-invariant worker
characteristics. We now enrich the learning model to allow for productivity
growth with labor-market experilence, for two reasons: to give a preclse
statement of the empirical model we will analyze in Sectlon 3, and to assess
whether the learning model’s predictions continue to hold in the presence of
a variety of human-capital conslideratlons. The arguments involved in the
latter assessment also allow us to determine whether the learning model’'s
predictions can be derived from a pure human-capital model, in the absence of
learning.
h

In the emplriéal model we analyze in Sectlon 3, we assume that the 1t

worker's output in period t is Y‘t, where

(2.18) Ylt =VY.,* h(t)

We continue to assume that {y’t: t =1, ..., T} are independent draws from
the conditional distribution G(ylt|nl. S Xi, 21). exactly as in Section

2B. We now also assume that productivity grows with labor-market experience
according to h(t), due to on-the-job training or learning by doing. (Since
Xl denotes a vector of time-invariant worker characteristiés, we use t to
measure labor-market experience.) For simplicity, we take h(t) to be
deterministic, but the same conclusions would hold if h(t) also included a
(serially uncorrelated) noise term that is independent of n,. S, Xl. and 21'

Given (2.18), the wage-determination equation (2.7) now becomes

(2.19) w =EY |s.,%.2,Y ., ...,Y )
1t IR 1 1 i1
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and in the T regressions by experience level in (2.8), the estimatled
intercepts (at: t =1, ..., T} now increase according to h(t). These T

regressions can be collapsed into the single pooled regression

(2.20}) WSt at + Bos: + B:s:t + x‘o, + En. ,
where for expositlonal convenience we take h(t) to be linear.

Our empirical implementation of the learning model is based on (2.18),
{2.19), and (2.20). In this model, the first three predictions from Section
2B continue to hold, and the fourth holds in a modified form: The effect of
schooling on the level of the level of wages is independent of experience
(i.e., éx = 0). Time-invariant variables correlated with ability but
unobserved by employers are increasingly correlated with wages as experience
increases (i.e., given the regularity condition from Section 2B, 1nc1uding
the interaction of B: and experience as a regressor in (2.20) yields a

-

positive coefficient). Wage residuals (i.e., §1L from (2.20), analogous to
£it from (2.8), as computed in (2.16)) are a martingale. Finally, negative
real wage changes will occur less frequently than would be the case in the
absence of wage growth with experience.

We now assess whether the predictions of the learning model continue to
hold in the presence of human-capital considerations beyond those captured
by (2.18). We consider two possibilities: (1) productivity growth is a
function of experience and schooling, h(t,sl); (2) productivity growth is a

function of experience and ability, h(t.n‘). Suppose first that (2.18) is

replaced by

(2.21) Y’t =Yt h(t.s‘) ,
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where the cross-partial derivative of h(l.s‘) is not zero. (This derlivative
is positive if having more schooling makes investments in on-the-job
training more productive.) In this case, él in (2.20) will reflect the
cross-partial derivative of h(t.s‘). and so will not equal zero. The second
and third predictions remain unchanged, and the fourth remalns as modified
above.

Now suppose instead that (2.18) is replaced by

(2.22) Y" =y, h(t.nl).
where the cross—partial derivative of h(t.n‘) is not zero. (This derivative
is positive if having more ability makes investments in on-the-job training
more productive.)} In this case, é: will reflect both the cross-partial
derivative of h(t.nl) and the correlation between n, and S as determined
from the distribution F(n‘, S, Xl. 21' B‘). Thus, éz could be zero if these
two effects are of opposite sign, but thls seems unlikely since both are
correlations between ability and investments in human capital (the first on
the job, the second in school). Turning to the second prediction, the
coefficlient on the interaction of B: and experience will reflect both
learning (as described in Section 2B) and the cross-partial derivative of
h(t,nl), and so could be negative if the latter is sufficiently negative.
Finally, wage residuals are no longer a martingale, but may have an equally
distinctive covariance matrix (such as occurs when h(t,n‘] = h(t)-nl. for
example).

In summary, for each of the four predictions derived in Section 2B, we
have shown that the prediction ceases to hold if certain kinds of

human-capital considerations are introduced. To the extent that the data are
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consistent with the four predictions of the )earn!ngvmodel. we can therefore
conclude that these particular human-capital considerations are not important
{n the data (but by no means that all human-capital considerations are
unimportant).

To conclude this section, we consider whether a pure human-capital model
(i.e., a model without learning) can produce the learning model's four
predictions. The first prediction, that the return to education does not
vary with labor-market experience, is consistent with an 0JT model in which
investment in OJT is uncorrelated with education (and with ability, if
ability is correlated with education), so that higher education yields a
parallel shift in the experience-earnings profile. In contrast, the second
prediction, that the return to market-unobserved measures of skill is
1ncfeasing with experience, 1s consistent with an 0JT model in which
investment is positively correlated with these measures. Thus, a pure OJT
explanation of these two predictions requires the unlikely condition that
worker heterogeneity related to investment in training must be independent of
heterogeneity related to education.

The third prediction of the learning model, that wage residuals are a
martingale, is consistent with the existence of time-varying worker
characteristics that are not included in the data (such as health status),
but does not follow naturally from an OJT model. Similarly, our last
finding, that wage declines are relatively common, even {for workers who do
not change jobs, is consistent with the existence of productivity shocks, but

is not a feature of the standard OJT model.9

°The standard life-cycle model of human capital accumulation {Ben Porath,
1967) predicts that investment net of depreciation will almost certainly be
positive for workers early in their working life, and that earnings net of
new investment will be growing. If we enrich this model to allow workers to
delay their investment in human capital when they first enter the labor
market until they are sure that they are committed to working in the longer
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3. Empirical Analysis

In this section we first describe the data from the NLSY that we use
for most of our empirical analyses. Next, we examine how the returns Lo both
education and variables correlated with ability but not directly observed by
the market (such as aptitude~test scores) vary with labor-market experience
in the NLSY. Third, we examine the extent to which the covariance structure
of wage residuals ls consistent with wage residuals being a martingale.
Finally, we investigate the frequency of negative real wage changes in the
NLSY. The results are generally consistent with the learning model developed

in Section 2.

A. Data

The National Longitudinal Survey of Youth (NLSY) has a number of
advantages for our analysis of learning. First, learning about worker
quality is likely to be most important early in a worker's career, and the
NLSY is focused on precisely this part of the life cycle. Second, the NLSY
allows us to use longitudinal information to determine relatively precisely
when workers make their first long-term transition to the labor force. Most
cross-section data sets (e.g., the Current Population Survey) must use an

arbitrary definition of labor market experience (typically age-education-G).’q-

run, then workers will earn more at the start since they are not giving up
any productlivity to invest in skills. Later, those who recognize their
commitment to the labor force will begin to invest, so thelr real wages will
then decline.

1olnspection of Table 1 indicates that the average difference between age and
education varies with entry cohort, ranging from 7.4 years in 1979 to 9.2
years in 1984. Our measure of experience is different from the usual
definition of potential experience (age-education-6) to a surprising degree.
The simple correlation between actual age at entry and years of education for
our sample of 3630 workers is only .S3. If potential experlence were the
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Other longitudinal data sets are not as well sulted to our analysls as the
NLSY: the Panel Study of Income Dynamics does not have as many young people
just starting their working 1ife, and the earlier National Longitudinal
Surveys of Young Men and Young Women do not contain work histories as
consistent and detalled as those in the NLSY.

Individuals in the NLSY were between the ages of fourteen and
twenty-one on January 1, 1979. We eliminate from our analysis the 1280
workers in the military sample. The remalning sample is comprised of 11406
workers, including 6111 workers from a representative cross-section sample
and 5295 individuals from a supplemental sample of under-represented
minorities and economically disadvantaged workers.ll At the time we carried
out our analysis, there were data avallable for the 1979 through 1987
interview years.

In order to focus on the learning process from the time workers first
make a primary commitment to the labor market, wve limit our sample to
jndividuals who make their first long-term transition from non-work to work
during the sample period. We define a long term-transition to occur when an
individual spends three consecutive years (i.e., intervals between
interviews) primarily working after at least a year spent not primarily
working. An individual is classified (by us) as primarily working if he/she
worked in at least half of the weeks since the last interview and averaged at

ieast thirty hours per week in the working weeks.’2 Only individuals aged 16

correct measure, this correlation would be one.

11we have carried out our empirical analyses using workers from the
representative cross-section alone. The results are qualitatively identical
to those reported below.

1zAt the 1979 interview date, the last interview was assumed to be January 1,
1978.
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or older were asked the relevant questions on employment history. Thus, we
could not classify the youngest cohorts (aged 14 and 15 in 1979) in the
earliest years of the survey.

There are 2856 individuals whom we classify as primarily working at the
first interview for which there is valld data to classify them. We dropped
these individuals from the analysis because we could not determine whether
the first observation for these workers was their first year primarily
working. On this basis, the first year individuals could make their first
long-term transition to the labor force was between the 1979 and 1980
interviews. This sample-construction procedure implies that the lower
educational categories are under-represented among the older workers in the
sample. For example, the high-school graduates in the oldest cchort (aged 21
in 1979) could have been working from one to three years since graduation

- (and so would be dropped from our sample), while college graduates in the
same birth cohort would just be entering the labor market in 1979 and 1980.

Individuals were dropped from the sample if they were not classified as
primarily working in three consecutive interviews. On this basis, the last
year individuals could make their first long-term transition to the labor
force was between the 1984 and 1985 interviews. (Because our data end in
1987, we cannot be sure that workers who enter after 1984 were primarily
working for three years.) We dropped 4669 individuals who never made a
long-term transition to the labor force by this definition, as well as ten
individuals who were self-employed at all interviews after entry. Finally,
we dropped three individuals who were not born in the 1957 through 1964
period (they were born in 1965) and 508 individuals with missing data on key
variables.

The final sample consists of 3630 1ndiv1duals who made their initial

long-term transition to the labor force (by our definition) between 1979 and
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1984.13 Table 1 summarizes average age and average education by year of
labor-market entry. The earller cohorts are younger and less well educated.
Females are slightly older and better educated upon entry.

Our definition of a worker's initial long-term transitlon to the labor
force is arbitrary. Redefining our criteria with regard to minimum weekly
hours or minimum weeks worked had very little effect on the final sample
size. Changing the three-year consecutive history requirement had a
predictably larger effect on the final sample size. Some information is
available to evaluate how sharply we have defined the transition into the
labor force. Only thirteen individuals out of the 3630 in the final sample
reported three consecutive years of experience from 1975 through 1977. More
workers were classified as primarily working for some years prior to their
first long-term transition: 2901 were never classifled as primarily working
prior to their first long-term transition, but 477 wvere primarily working for
one year, 221 for two years, and 31 for three or more years. Overall, our
rule captures what seems to be a reasonably sharp transition from not working
to working.14

While our procedure precisely determines the year of the first
long-term transition to the labor force, it does not determine when within

the year the transition occurred. We need to make some imputation of this in

13To recapitulate, there are 11406 individuals in the basic sample of the
NLSY. Of these, 2586 were primarily working in the first year we could
classify them, 4669 others did not have three consecutive years primarily
working, 10 were self-employed in each year, S08 had missing data, and 3 were
born outside the 1957-1964 period. This leaves 3630 individuals in the final
sample.

M rhe analyses reported below were repeated using only the 2901 workers who
were never classified as primarily working prior to their first long-term
transition. The results were qualitatively identical to those derived using
all 3630 workers.
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order to select the first post-transition wage observation appropriately.
Assume (for clarity) that interviews are exactly one year apart and that
workers can enter at any date between interviews., In thls case, an
individual who is first classifled as primarily working for the year between
interviews t and t+1 must have made his/her transitlon in the interval from
(t-.5) to {t+.S). For such an individual, we define experience to be zero at
date t. If the individual made his/her transition between t and (t+.5) then
there is of course no zero-experience post-transition wage observation
available. Our first wage observation for the individual is then from date
t+1, when the individual has one year of experience. If the individual made
his/her transition between (t-.S5) and t, however, then a zero-experience
post-transition wage observation should be available (on either the current
or most recent job). Ve use this wage observation only if the individual is
working at date t in a full-time job (at least 35 hours per week). We drop
zero-experience wage observations for workers who either are not currently on
a job at t or who are working part-time (less than 35 hours per week) at t,
because the jobs to which these waées correspond are likely to be prior to
the long-term transition we are attempting to discern.‘s

Table 2 contains summary statistics for key variables broken down by
years of labor-market experience for the sample of workers with complete data

on the variables required for the analysis of earnings. Our sample contains

1SWe use this procedure in an attempt to eliminate from the sample wage
observations from summer Jjobs or part-time jobs held while an individual is
attending school. {Suggestive evidence that the part-time jobs held at t are
likely to be prior to the transition is that 63 percent of jobs held at t are
part-time while less than 1S percent of jobs held at any later interview date
are part-time.) Of the 3630 individuals in our sample, only 776 have valid
zero-experience wage observations (by our definition). There are 531
observations for workers who are not currently with a job at t and 1310
observations for individuals working part-time at t. A further 1013
individuals either have no reported wage at t or are missing data for other
variables at t.
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18521 vallid observations for the 3630 workers. If there were complete data
for each of the workers for every year since entry, our sample would have
23818 observations. Of the 5297 observatlons lost, 2854 are missing at zero
years of experience (for various reasons, as noted above). The remainder
were lost due to missing data or to workers belng self-employed or without a
job. Note that part-time observations are used in the analysis except at
zero years of experience.

The statistics in Table 2 illustrate a number of features of our data.
Workers with more experience are older on average, but age does not generally
increase one-for-one with experience in our sample. This 1s because new
entrants with more education enter .when they are older. As one would expect,
the average wage is strongly positively related to experience. The fraction
married is also strongly positively related to experience.

While most of the data we require for our analysis are of the sort
labor economists generally analyze (e.g., earnings, education, and
experlience), we also require measures that are not so common. Specifically,
we need measures that are correlated with ability but not observed by the
market. While it is difficult to think of an individual attribute that we
are sure is not even indirectly observed by the market, we attempt to
construct such measures using data on aptitude-test scores and family
background available in the NLSY.

Let B‘ be a variable that reflects some combination of innate
abilities, background, experience, and education. Since much of what
determines Bl is observable by the market, Bl would not serve well for our
purposes, but the residual (B:) from a regression of Bl on attributes

observable by the econometrician (Xi) is more promising:

(3.1) B.=B‘ - X7
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where X’ is a vector of observable attributes for individual i and ; is
the parameter vector from an OLS regression of B: on Xl.

Although B: is orthogonal io Xl by construction, it is not orthogonal
to attributes observed by the market but not observed by the econometrician
(Z:)' Under the hypotheses of the learning model in Section 2, we can ensure
that B: is orthogonal to all that is observed by the market by including the
first observed wage of worker 1 (W‘o) as part of the vector of observable
characteristlics:

(3.2) Bl = Bl - X’7 - GW‘O,

where 7 and & are the estimated parameters from an OLS regression of B’ on

X and W .16
1 10

In the model in Section 2, the wage at any date incorporates all
the information the market has at that time about the worker’s ability:
anything orthogonal to that wage ls unobserved by the market. However, if
the initial wage is measured with error or influenced in other ways so that
i1t does not accurately reflect expected output, then the B: we compute in
(3.2) is only partially purged of its correlation with attributes observed by
the market but unobserved by the econometrician.

The NLSY has a number of background measures that can be used as

measures of B" for this purpose, including 1) results of the Armed Forces

Vocational Aptitude Battery of tests administered to all respondents in the

16The approach used in this section differs from but was inspired by Hause
(1972), who finds using the Thorndike data that the residual from a
regression of 1969 earnings on 1955 earnings is correlated with a 1943 test
score. The fact that the 1943 test score is not fully incorporated into
earnings by 1955 can be interpreted as evidence that learning about ability
goes on for quite a long time.
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NLSY in 1980, 2) measures of parental educational and occupational
attalnment, and 3) measures of household intellectual environment, including
whether there were newspapers, magazines, and/or library cards in the
household. We focus (somewhat arbitrarily) on two measures. First, we
construct the Armed Forces Quallifying Test (AFQT) score for each worker.17
Second, we use information on whether anyone in the home had a library card
when the individual was age fourteen. The AFQT score was selected because it
is a widely recognized aptitude-test score that is available for all workers
in our sample. The library card measure was selected as representative of
the set of household-environment varlables.18 No measure of parental
educational or occupational attainment was used because these variables were
missing for a significant fraction of the workers in our sample.19

In order to generate the residual B: from (3.2), we create a sample
with only one observation per individual by taking the first valid
observation for each of the 3630 individuals in our sample.20 To compute the
AFQT residual using this sample, we regressed the AFQT score on education,

part-time status, the interaction of education and part-time status,

17The AFQT score is constructed as a linear combination of scores on four
sub~tests of the battery of vocational aptitude tests. The AFQT score is
the sum of the scores on the word knowledge, arithmetic reasoning, and
paragraph comprehenslon tests plus one-half the score on the numeric
operations test.

18The three household-environment variables (newspapers, magazines, and
library cards at age 14) are, as expected, significantly positively
correlated.

YFor example, mother's education was missing for 173 and father's education
was missing for 416 of the 3630 individuals in the sample.

20,¢ noted above, only 776 of the 3630 workers have their first valid
observatlion at zero years experience. Of the rest, 2607 are first included
at one year, 201 at two years, and the remaining 46 at three or more years.
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collective bargaining status, race, sex, marital status, the interaction of
sex and marital status, age, calendar year, and the real wage.zx This
regression accounted for 52 percent of the variance in AFQT scores. Using
the same sample, we also regressed the library-card indicator variable on the
same set of variables. This regresslon has less explanatory power (R2 =
.09), which is not surprising given that the dependent variable is discrete.
The residuals from this pair of regressions serve as our two measures of

ability that are not observed by the market.

B. The Returns to Education, and to Other Variables Correlated with Ability.

The goal of the analysis in this section is to test the implications of
the learning model that 1) the estimated effect of educatlon on the level of
wages does not vary with experience and 2) the estimated effect of variables
correlated with ability but not observed by the market increases with
experience. The earnings functions estimated in this section are specified
in the level of the real wage rather than the logarithm because our
theoretical model provides clear implications for how education and other
variables are related to the wagé level.

Our data contaln multiple observations for each individual, and our
learning model implies that the wage equation errors will be correlated
across observations within each 1nd1v1dual.22 This correlation needs to be
accounted for in deriving both efficient estimates of the earnings function

parameters and appropriate tests of the implications of the learning model.

21511 variables with the exception of the real wage were entered as complete
sets of dummy variables for each distinct value of each variable. Education
was measured in four categories: <12 years, 12 years, 13-15 years, 216 years.

22The model further implies that the wage residuals evolve as a martingale.
This implication of the model is examined in detail in the next sub~section.
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Our approach is 1) to estimate the earnings function by OLS, 2) to use the
resulting residuals to derive an unrestricted estimate of the within-worker
covariance matrix of residuals, and 3) to use this estimated covariance
matrix to compute GLS estimates of the earnings function.

Our data are unbalanced, in the sense that there are different numbers
of wage observations for different workers. In order to keep the computation
of the GLS estimates tractable, we use subsets of our workers with balanced
data (1.e., the same number of cross-section observations per worker).23 We
select three (overlapping) balanced subsamples of our full sample of 3630
workers: 1) one through four years experience (n=2217), 2) one through five
years experience (n=1610), and 3) one through six years experience (n=1100).2‘
These panels were selected as compromises between having a panel of adequate
length (enough variation in experience) and having enough workers (longer
panels necessarily have fewer workers). Table 3 contalns sample statistics
for the three balanced panels.

Table 4 contains estimates of the within-worker covariance matrix of
wage residuals for each of the three balanced samples. For each balanced
sample, these estimates are based on residuals computed from separate OLS
regressions for each year-experience cell of the real wage on dummy variables
for age (all values), education category (four values), part-time status, the
jnteraction of the education dummies with part—time‘status. collective

bargaining status, nonwhite, female, marital status, and the interaction of

“The validity of using balanced samples relles on the assumption that the
process that generates the balanced samples is independent of the wage
determination process. We briefly investigate this assumption at the end of
Section 3C. .

24All workers in the six-year balanced sample are in the two shorter balanced
samples, and all workers in the five-year balanced sample are in the
four-year balanced sample.
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female and marital status., The estimated covariance of the residuals at

experience levels J and k 1s computed as

e e
1K
1

_ 1
(3.3) Cov(c).ck)- n

ne-3 o

i

where e” and L represent the OLS residuals for worker i and n is the
number of workers in the balanced sample. The standard errors of the

elements of the covariance matrix are computed as

172

2
[e e - Cov(e,c )]
oK 3k

1

(3.4) se(Cov(c’,ck)) =

Il
ner-19o

i

Let ¢ denote the unrestricted TxT covariance matrix of residuals whose
elements are defined by equation 3.3. Assuming independence of residuals
across workers, the (nT)x{(nT) covariance matrix of residuals for the entire
sample is block diagonal and equal to C =c @ In where In is an nxn identity
matrix. The unrestricted estimates of ¢ presented in Table 4 are used to
compute C for each balanced sample. These estimates of C are then used to
compute GLS estimates of the earnings function for each balanced sample. Ve
defer discussion of the specific form of the covariance matrix to the next
sub-sectlon.

Table S contains GLS estimates of regressions of the real wage for the
three balanced panels. There are two specifications for each panel. Both
specifications include a constant, age at entry, and dummy variables for
part-time employment, three (out of four) education categories, the
interaction of part-time status and the education dummies, year fixed

effects, the interactlion of year fixed effects with the education dummies,
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collective bargaining status, race, sex, marital status, and the interaction
of sex and marital status. The base educatlional group is twelve years and
the base year 1s 1987. The specifications in columns (2), (4), and (6) also
include the AFQT and Library Card residuals and the interaction of these
residuals with experience. This is in order to investigate the relationship
between the wage and variables unobserved by the market but correlated with
ability. The first observation for each worker is omitted from the analysls
of the second specification because the first observed wage was used to
compute the AFQT and Library Card residuals. The reported Rz is computed
using the GLS coefficients with the untransformed data.25

The results show the usual strong positive relationship of earnings
with experience and education in all three panels. Among the educatlion
categories, only the z16 years category is consisfently significantly
different from the base group (=12 years). Examining the first
specification, without the AFQT and Library Card variables, the joint
hypothesis that the interactions of experlience with the three educatlon
dummies are all zero cannot be rejected using a Wald test for the four- and
five-year panels (p-values .871 and .673 respectively), but, we can reject
this hypothesis for the six-year panel (p-value of Wald test = .0391). This
rejection occurs because of a strongly significant positive interaction of
experience with the education 13-15 years dummy. The point estimates of both
the education <12 and the education 216 dummjes, while not significant, are
negative suggesting that there is not a monotonic relationship between

education and the rate of growth of wages even in the six-year panel.

%5Since a GLS regression does not maximize this R-squared (unlike an OLS
regression), it is possible for this R-squared to decline vwhen a variable is
added to the regression. Also, this R-squared does not relate to a known
distribution as simply as the OLS R-squared relates to the F-distribution.
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The second specification, which Includes the AFQT and Library Card
residual variables, ylelds similar results. We still fail to reject the
Joint hypothesis that the interactions of experlence with the three educatlon
dummies are all zero for the four- and five-year panels (p-values of Wald
tests .514 and .804 respectively). In contrast to the first specification,
we also fail to reject this hypothesis for the six-year panel (p-value =
.152). Note, however, that the interactlion of experience with the education
13-15 years dummy is still significantly different from zero at conventional
levels. Taken together, these six regressions fail to show evidence of a
systematic relationship between experience and the return to education, as
predicted by our learning model. %

The estimates of the coefficients on the AFQT and Library Card residual
variables provide further evidence consistent with the learning model. In no
case is the wage related significantly to the level of the AFQT residual or
the level of the Library Card residual, and in all but one case the
interactions of these residuals with experience are significantly positive at
conventlional levels.27 Wald tests of the joint hypothesis that the two
interactions of the residuals with experience are zero can be rejected at
conventional levels in all three panels (p-values = .0260, .0112, and .00016
in the four-, five-, and six-year panels respectively). This is precisely
the pattern predicted by the learning model, where ability measures that are
unobserved by the market have an increasing relationship with the wage as

additional output signals that are correlated with these measures are

%®Re-estimation of the model using a linear specification for education rather
than the four education categories also resulted in no significant movement
in the return to education with experience.

“"The one exception is the interaction of the library card residual with
experience in the four-year panel, and this has a p-value of .06.
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incorporated into the wage.

C. Are Wage Residuals a Martingale?

The learning model implies that an individual's residuals from the
estimated earnings functlon are a martingale. In this sub-section, we
investigate how closely the covarlance structures of residuals presented in
Table 4 for the three balanced panelé correspond to a martingale overlaid

with classical measurement error. First, we present the restrictlons that

martingale puts on the covariance structure. Second, we impose those
restrictions using the optimal minimum-distance (OMD) estimator proposed by
Chamberlain (1982, 1984) and used by Abowd and Card {(1989). This yields
estimates of the covariance structure under the martingale assumption, as
well a; a test statistic for the martingale assumption.

Suppose that the proceés generating the wage for worker 1 in year t

is

(3.5) wlt = X‘tB tE L

where Xlt denotes a generic vector of regressors and the error c‘t is a

martingale:

(3.6} € =€ +u

where M has mean zero and variance ¢it and is uncorrelated across workers,
over time within workers, and with €., Suppose also that the wage is

observed with error (¢’t) that has zero mean and varlance c: and is
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uncorrelated across workers and over time withln workers. The observed wage

is then

(3.7 Yo s KBt et

and the observed wage error 1s2°

(3.8) @ =t + ¢
t-1
= * Z Hig * ¢It :
=1

The variance of the observed errors at experience level t is thus

(3.9) Var(ell) Var(c‘t) + Var(¢lt)

vwhere 0? represents the variance of initial unmeasured expected worker
ability. Clearly, Var(ell) grows with experience (t). The covariance

between within-worker errors at experience levels t and s is

*%This analysis ignores the contribution to the observed error from the
difference between the true value of B and the OLS estimate of .
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(3.10) Covie . 6 ) = Var(chnlnu,lﬂ
min(t,s)-1
2 2
_g-l+ z 0'“_‘.
T=1

Intuitively, the covarlance between wage residuals grows with the number of
prior output signals that the two residuals have in common, namely
min(t,s)-1.

Consider the lower-triangular covarlance matrices in Table 4 for a
T-period panel. A T-period panel has a TxT covariance matrix with T(T+1)/2
unique elements. The hypothesis that the error structure is a martingale
overlaid with measurement error imposes two types of restrictions on these
T(T+1)/2 elements. The first restriction 1s that the off-diagonal elements
within each column should be equal, because the covariance in (3.10) depends
only on the minimum of the indicés (the number of signals in common). This
imposes (T-1)(T-2)/2 restrictions on the covariance structure. The second
restriction is that the diagonal elements (variances) should be larger than
the off-diagonal elements in the same column by the same amount in each
column. This is due to measurement error that has a common variance across
periods, and it imposes T-2 restrictions on the data. Thus, there are a
total of (T°-T-2)/2 restrictions from these two sources, and they can be
tested by estimating the restricted covariance structure using an OMD
estimator and testing the fit of the restricted model.

More formally, the (t,s)th element of the restricted covarliance

structure (vt ) can be expressed as
]

T
(3.11) ¢ =a +abD + ZaC
J=2
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where Du is a dummy variable that equals one If t=s (i.e., if o is a
[ 3

variance), and C“J is a dummy variable that equals one if ) = min(t,s).

This 1s a linear model for L and the parameters correspond to the error

processes in (3.6) and (3.8): a =0, & Te and T

has T+1 parameters for a T-period panel, so we are fitting the T(T+1)/2

This model

unique elements of the covariance matrix with T+1 parameters. The number of
restrictions is T(T+1)/2 - (T+1) = (T°-T-2)/2 as described above.

In addition to the two restrictions just discussed, the prediction that
the error structure is a martingale impllies that all parameter estimates
should be positive, because they all represent varlances: @, is the variance
of initial unmeasured expected ability, a1 is the variance of the measurement
error, and the aJ's are the variances of the innovations to market beliefs
about workers’ ablilities.

The OMD estimator of the model of the covariance structure is a GLS
estimator given the linear form of (3.11).29 Let m, represent the vector of
the T(T+1)/2 unique elements in the cross-product matrix of residuals for
worker i1 and let m represent the vector of means of the elements of m, across
the sample of n workers. Thus, m is our estimate of the covariance matrix of

residuals. The variance matrix of the vector of covariance elements is

(3.12) e} (m, - m)(ml -m) ,

1

]
S
ne-3 o

i

where (3.12) is simply a recasting in matrix notation of the square of (3.4).

The OMD estimator minimizes the quadratic form

**The following derivation is a straightforward adaptation of the model used
by Abowd and Card (1989).
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(3.13) n= n'(m—g[al)’Q'l(m—g[al)

where gla] 1s the model of the covarlance structure in (3.11). It is
straightforward to show that T is minimized by the GLS estimator of «, which

is

>

(3.14) = (P ipratm)

where P is the (T(T+1)/2) by {T+1) matrix of explanatory variables implied by
(3.11) and m is the (T{T+1)/2)-vector of covariance elements. The covariance

matrix of « is
- 1 S |
(3.15) Covia) = E-(P Q P).

Under the null hypothesis that the structure specified in (3.11) is
correct, the minimized velue of the quadratic form in (3.12) is distributed
as 12 with degrees of freedom equal to the number of restrictions on the
model, (Tz—T—Z)/Z. Along with computation of this test statistic, we will
test the hypotheses that each element of ; is zero against the alternative
that it 1s positive. To the extent that we cannot reject the (TZ-T-Z)/Z
restrictions embodied in (3.11) and the elements of ; are all significantly
positive, the error structure is consistent with a martingale overlaid with
classical measurement error.

Our estimation of the covariance structure is based on the empirical
covariance matrices of residuals for the three balanced panels from the NLSY
presented in Table 4. Casual examination of these three matrices shows

general patterns that are consistent with the predictions of the martingale
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overlaid with measurement error. First, the off-dlagonal elements are
roughly equal in size within each column. Second, the diagonal elements 1n
each column are larger than other elements in the column. Third, the
elements increase in size moving from left to right within each row. Further
casual evidence along the same lines is that OLS regressions of the
covarlance elements on the variables implied by (3.11) have R-squareds
greater than .98 in all three panels.30 This suggests that our model of the
covariance data fits rather well.

Table 6 contains the OMD estimates of the covariance structure model
for the three balanced panels specified in (3.11). In two of the three
panels we cannot reject that wage residuals are a martingale overlaid with
measurement error (p-value=.16 in the four-year panel and p-value=.21 in the
six-year panel). Only in the five-year panel can we reject the model
(p-value=.009).

Overall, the testable pattern of results is strongly consistent with
the martingale prediction. All estimated elements of « (i.e., all estimated
variances) are significantly positive for all three balanced panels. In
particular, the variance of wage innovations is significantly positive in
every period. Thus, the variance of wage residuals is growing with
experience, and the covariances are growing with the number of common prior
innovations to the wage.

For many commonly encountered specifications of the distributions

F(nl, s X‘. Zx' Bx) and G(yltlnl, s, X, 21)' one can derive a more

1! 1

30For T=4, for example, we regressed the 10 covariance elements 0. on five

regressors: a constant, a variance dummy (equal to one if t = s), and three
dummies for min(t,s) equals 1,2 and 3. The R-squared was .996. The
R-squareds were .984 and .989, respectlvely, in the analogous regressions for
the five-, and six-year balanced panels.
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detalled prediction than simply that wage residuals should be a martingale:
the variance of wage innovations should decline with experience. Table 6
offers no support for this prediction. The most striking feature of the
estimates of «, through L however, 1s that L greatly exceeds o, through
L This finding suggests that our use of balanced panels may not be
innocuous. It could be, for example, that workers who leave the labor market
after four years of experience do so because they recelved especlially low
wages in their fourth year. In keeping with this possibility, note that the
estimate of-a4 for the four-year panel (1.37) exceeds that for the five-year
panel (.880), and that the analogous inequality holds for o in the five- and
six-year panels (1.04 versus .733, respectively).

Except for the fact that a greatly exceeds a, through L no clear
pattern emerges from the variances of wage innovations in Table 6. The
estimates are sufficiently imprecise that a gradual decrease would be
difficult to reject.

We consider the evidence in Table 6 to be generally consistent with the
predictions of the learning model. The evidence strongly supports the
martingale prediction. Furthermore, Table 4 provides strong evidence against
an alternative 0JT-based model that predicts that the varliance of wage
residuals, var(Glt). increases with experience, as follows.

Suppose that there is no learning but that OJT amplifies ability
differences, as would occur if h(t.n‘) = H(t)-n‘ in (2.22) and H(t) increases

in t, for example. The analog of (3.6) is then

(3.16) €, = H(t)-n1 R

so the analog of (3.10) is
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= . . 2
(3.17) COV(elt' 81-) = H{t) -H(s) L

which increases not only in min(t,s) but also in max(t,s). Thus, if residual
variances increase with experience because OJT amplifies abillty, then the
covariances in Table 4 should increase not only across rows but also down
columns. As noted earlier, casual inspection of Table 4 suggests that the
covarlances are constant within columns, as implied by the martingale

predlction.31

D. How Common are Negative Wage Changes?

A central implication of the learning model is that, absent wage growth
due to other factors, the expected change in the real wage paid to a worker
is zero. This suggests that wage declines will not be rare events. Given
that the real wage is likely to grow with-experience due to investment in
human capital, we expect the fractlon of wage changes that .are negative to be
significantly less than one-half (especially for young workers, who are
likely to benefit from the steep part of the concave experience profile).

Our approach in this section is to determine the frequency with which
the real wage declines in the NLSY.32 Because measurement error in wage
levels is potentially a very serious problem in investigating wage changes,
much of what we cobserve in the raw data as real wage declines could well be
spurious. Our estimates of the covariance structure of wages, contained in

Table 6, suggest that there is a significant amount of measurement error in

31Given that the covariance structure in (3.17) is nonlinear in the
parameters, it is more difficult to compute the OMD estimates. For this
reason, we do not present a formal test of this alternative model.

32McLaughlln (1990) presents an analysis of data mainiy from the Panel Study
of Income Dynamics and concludes that wage declines are quite common.
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our data. On the other hand, recent work by Bound and Krueger (1990)
comparing CPS reports of annual earnings with Soclal Security administrative
records suggests that self-reported earnings data may be more reliable than
is generally thought. We address this lissue carefully in our analysls, and
we make conservatlive assumptions about the importance of measurement error.33

We start with the four-year balanced panel of wage observations from
our NLSY sample and focus on the three wage changes per worker within the
panel. We use only wage changes for cases where both wages (Ht and Hl_l)
refer to full-time jobs (2 35 hours per week) currently held at the
respective interview dates. Of the 6651 (= 3x2217) potentlial wage changes,
5165 meet our criteria and have valid wage data. Of these, 31.8% of the
measured real wage changes (and 22.2% of the nominal changes) are negatlve.
Negative real wage changes are more common for workers who change employers
(movers) than for stayers. There are 35.4% negative real wage changes (29.5%
nominal) for movers compared with 30.6% negative real wage changes (19.8%
nominal) for stayers. These numbers are summarized in left side of the
“total” rows of Table 7.

The left side of Table 7 contains a further breakdown of the frequency
of measured negative wage change by experience. The results show no clear
pattern. The left side of Table 8 (8a for real changes and 8b for nominal)
contains a similar breakdown by calendar year. Again, there is no clear
pattern.

A key question is how many of the 30 percent reported negatlve vage
changes are due to measurement error in the wages. In order to address this,

we make a downward adjustment in the fraction negative based on a

338y conservative assumptions, we mean assumptions that err on the side of
attributing more of the variance in wage changes to measurement error rather
than to actual wage innovations.
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decomposition of the varlance of wage changes into a component due to true

innovations in wages and a component due to classical measurement error.
To start, we bulld on our earller results and assume that wage

innovations follow a martlngale overlald with classical measurement error.a‘

Using the error structure deflned in (3.8), the first-difference of measured

wage lnnovations 1s

(3.18) be =86 -6, .,
=le me) et o)
=M Y By T %)

with variance

(3.19) Var(se, ) = on |+ 205 .

where czt_l is the variance of the wage innovation at t and 02 is the

variance of the measurement error.35 The first column of Table 6 contains

s {1 is straightforward to show that within the class of first-order
autoregressive models for wage innovations, the martingale (p=1) attributes
more of the observed variation in wage changes to measurement error than does
any other value of p. Thus, the martingale is a conservatlve assumption for
our purpose.

*5This assumes classical measurement error that is independent across periods.
Bound and Krueger (1990) compare reported wages from the CPS to (linked)
administrative records from the Social Security Administration and find
evidence that measurement error 1s positively serlally correlated, rather
than classical. To the extent that this Is true in our data, the measurement
error will tend to be self-correcting in first differences. Thus, we once
again make a conservative assumption for our purpose.
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direct estimates of oth for each level of experlence as well as an estimate
of c; for the four-year panel. Our estimates suggest that measurement error
accounts for a large fraction of the variance of measured wage changes each
year (73.5% at year two, 78.6% at year three, and 62.9% at year four).

In order to determine what this implies for the fraction of wage
changes that are negative, we must ad just the observed wage changes. One
approach would be to choose a parametric form for the distribution of changes
in log wages (e.g., Normal) and simply adjust the variance of that
distribution to the level implied by the above calculatlon. We use an
alternative method to reduce the spread of the distribution of wage changes
withoutrassuming a particular functional form for the distribution and
without changing its mean or altering lts basic shape. First, we compute an

ad justed wage-change serles (AW) that is a weighted average of the observed

wage change and the mean of the observed wage change distribution (aW):
(3.20) AW = v oW+ (1-v AW,
1t t it t7 e

where 1 indexes individuals and t indexes experience. The weight is

(3.21) v = |t ,

which is simply the square root of the ratio of the variance of the
innovation in wages to the variance of measured changes. This adjusted wage

change has mean Aat and variance o’ Next, we compute the fraction of

TR
adjusted wage changes that are negatlve.
The fraction of negative real wage changes 1s reduced from 31.8% in the

unad justed data to 16.4% in the adjusted data. The fraction negative nominal
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wage changes ls reduced from 22.2% in the unadjusted data to 10.5% in the
adJusted data. These resulls are presented In "total™ rows of Table 7.

Table 7 also contalins the fractions of negatlve adjusted wage changes broken
down by experience, and Tables 8a and 8b contain the fractlons broken down by
calendar year.

Since the distributions of wages changes are different for movers and
stayers, we repeated our analysis for these two sub-groups; the results are
contained in Tables 7 and 8. Our adjustments yleld the results that 14.1% of
real (8.1% of nominal) wage changes for stayers are negative while 23.3% of
real (17.6% of nominal) wage changes are negative for movers.

To summarize, this analysis of the NLSY data shows that a substantial
minority of workers have negative real and nominal wage declines, even after

making a generous adjustment for measurement error.

4. Concluding Remarks

We generated four predictions from our learning model: 1) there should
be no systematic relationship between the return to market-observed skill
(education) and experience, 2) there should be a positive relationship
between the return to market-unobserved skill (the AFQT and library-card
residuals) and experience, 3) wage residuals should be a martingale, and 4)
wage cuts should not be rare. Our empirical evidence supports all four
predictions.

While there is general empirical support for the learning model, there
are configurations of the investment in OJT model that are consistent with
each of our findings taken separately. In a pure-OJT explanation of our full
array of findings, however, worker heterogeneity related to investment in
tralning must be independent of heterogeneity related to education. Since

training and education are both forms of human capital, we find this
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tndependence condltion awkward, especially in comparison to the simple way
the learning model predicts the relationships we find. The learning model,
however, cannot account for measured returns to experience. We conclude that

a blend of the learning model with an on-the-job-training model is more

plausible than either model alone.
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Table 1:

Average Age and Education by Entry Cohort and Sex

Overall
Entry N Average Average
Cohort Age Education
1979 675 19.6 12.2
1980 577 19.8 12.5
1981 636 20.1 12.6
1982 550 20.9 12.9
1983 607 21.4 13.1
1984 585 22.4 13.2
All 3630 20.7 12.7

Males

Entry N Average Average
Cohort Age Education
1979 339 19.4 11.9
1980 262 19.6 12.1
1981 339 20.0 12.3
1982 - 282 20.7 12.5
1983 308 21.2 12.8
1984 29S 22.1 12.9
All 1825 20.5 12.4

Females
Entry N Average Average
Cohort Age Education
1979 336 19.8 12.5
1980 315 - 20.1 12.9
1981 297 20.2 12.9
1982 268 21.1 13.3
1983 299 21.6 13.3
1984 290 22.8 13.5
All 1805 20.9 i3.0

Note: Year of entry for each worker 1s defined as interview year preceding
first three-year spell classified as primarily working. Experience is
defined as zero at year of entry. See text for details.



Table 2
Summary Statistics
NLSY
(Means and Standard Deviatlons)
All Years of Employment (1979-1987)

by Experlence

Exper- N Wage  Age Educ- Part- Coll. Non- Female Mar- Marr.&
ience ation Time Barg VWhite ried Female

o] 776 4.76 21.1 12.4 0.0 .182 .420 .499 .159 . 106
(1.76) (2.07) (2.08)

1 3327 S5.12 21.7 12.8 .141 .159 .389 .S00 . 167 .104
(2.10) (2.14) (2.10)

2 3382 5.67 22.7 12.9 .0920 .176 .393 .495 .247 .139
(2.45) (2.15) (2.13)

3 3363 6.09 23.7 12.9 .0737 .190 .397 .501 .314 .180
(2.67) (2.15) (2.15) ‘

4 2661 6.42 24.4 12.9 .0973 .188 .380 .S00 .312 .203
(2.93) (2.01) (2.11)

5 2050 6.61 25.1 12.9 .101 .185 .380 .500 .419 .224
(2.95) (1.94) (2.15) ’

6 1507 6.96 25.8 12.8 .110 .202 .378 .504 .464 . 247
(3.22) (1.85) (2.14)

7 968 7.22  26.7 12.8 .112 .215 - .362 .519 .486 . 260
{3.30) (1.75) (2.10)

8 487 7.56 27.6 12.7 .113 .263 .361 .476 .476 .216
(3.39) (1.62) (2.10)

Total:
18521 6.06 23.7 12.9 .0985 .185 . 387 .500 .314 175
(2.78) (2.62) (2.13)

Notes: The numbers in parentheses are standard deviations. The Part-Time,
Collective Bargaining, Nonwhite, Female, Married, and Married&Female
variables are dummy variables. Wage data are in real 1982-1984 dollars
(deflated by CPI). Observations at the time of entry (experience = 0) which
are part-time are not included in this analyslis. See text for detalls.



Table 3

Summary Statistics
NLSY - Balanced Samples
{Means and Standard Deviatlons)

Means of Worker Characteristics at Time of Entry

1 thru 4 years

1 thru 5 years

1 thru 6 years

experience experience experience
Number of Wrkrs. 2217 1610 1100
Age at entry 20.4 20.1 19.9
(1.98) (1.94) (1.84)
Education 12.8 12.7 12.6
(2.04) {(2.03) (1.98)
Education < 12 . 155 177 .189
Education = 12 .445 . 443 .451
Education 13-15 .227 .214 .205
Education z 16 .174 . 166 .155
Nonwhite .363 .360 .354
Female .498 .500 . 505
AFQT Residual . 300 .483 .805
(14.65) (14.88) (14.90)
Library Card -.00670 -.00532 -.00524
Residual (.428) (.427) (.424)
Means of Pooled Data
Number of Obs. 8868 8050 6600
Hage 5.86 5.98 6.17
(2.55) (2.61) (2.74)
Part-Time .0959 . 0960 . 0964
Collective Barg. .180 .183 .194
Married .259 .286 .321
Married & . 146 .155 .169
Female

Notes: The Part-time, Collective Bargaining, Nonwhite, Female, Married, and

Married&Female variables are dummy varlables.
1982-1984 dollars (deflated by CPI).

Wage data are in real
The AFQT and Library Card residuals are

computed from regressions of the AFQT and Library Card variables on dummy
variables for education category, a complete set of age dummies, nonwhite,
female, part-time at the time of entry, the interactlon of part-time with the
education categories, a complete set of year-at-time-of-entry dummies, and
the real wage at time of entry.



Table 4
Empirical Covariance Matrix of Within-Worker Wage Residuals
{standard error)

1 through 4 Years Experience Balanced Sample (n=2217)

1 2 3 4

3.14

(.190)

2.02 4.10

(.142) (.213)

1.84 2.69 4.45

(.137) (.166) (.187)

1.94 2.90 3.44 6.17

(.158) (.189) (.194) (.322)

1 through S5 Years Experlience Balanced Sample (n=1610)
1 2 3 4 S

3.09
(.235)

1.94 3.84

(.154) {.215)

1.67 2.47 4.21

(.147) (.162) (.202)

1.81 2.67 3.17 S.97

(.177) (.188) (.199) (.372)

1.68 2.29 2.85 3.88 6.03
(.160) (.174) (.192) (.260) (.306)

1 through 6 Years Experience Balanced Sample (n=1100)}

1 2 3 4 S 6
2.69
(.187)
1.78 3.63
(.162) (.250)
1.57 2.36 4.14
(.164) (.195) (.245)
1.67 2.54 3.05 5.88
(.181) (.222) {.228) (.447)
1.59 2.27 2.78 3.76 S.67
(.175) (.205) .221) . (.274) (.337)
1.59 2.48 3.02 3.95 4.31 7.65
(.176) (.231) (.241) (.338) (.321) (.472)

{see note on next page)



Note to Table 4:

Based on residuals from separate OLS regressions for each year-experlience
cell of the real wage on dummy varlables for age (all values), education
category (four values), part-time status, the interaction of the educallon
dummies with part-time status, collective bargaining status, nonwhite,
female, marital status, and the interaction of female and marital status.

The elements of the covarliance matrix are computed as defined in equation 3.3
and the standard errors of the elements of the covariance matrix are computed

as defined in equation 3.4.



Table S: GLS Estimation of Earnings Functlions®
Balanced Samples

1 thru 4 years 1 thru S years 1 thru 6 years
experlience experlience experlience
(1} (2} (3) (4) (S) (6)
years of . 479 .396 .S506 .436 . 406 . 365
experlence (.043) (.0542) (.0561) (.0649) (.0813) (.0943)
education -.998 -1.17 ~-.544 -.863 -.262 ~.283
< 12 years (.635) (.742) (.772) (.908) (1.10) (.441)
education . 508 .178 .748 .0332 -1.20 -1.32
13-15 years (.419) (.494) (.572} (.655) (.914) (1.06)
education 3.15 3.53 3.04 2.79 3.96 3.19
z 16 years (.477) (.554) (.679) (.758) (1.15) (1.30)
(educ. < 12} -.0724 -.0315 -.138 -.0698 -.117 -.10S
*experience (.0915) (.120) (.114) (.139) (.156) (.200)
(13 = educ = 15) .00289 .0681 -.037S .0673 .285 .294
*experlence {.0670) (.0867) (.0844) (.0999) (.127) (.148)
(educ. = 16) -.0201 -.0935 -.0536 -.00675 -.0946 . 00642
*experience (.0801) (.0996) (.105) (.119) (.162) (.185)
AFQT residual - .00289 ——- .00182 - -.00348
(.00486) (.00472) (.00496)
AFQT residual ——- .00305 - .00276 - .00388
sexperience (.00155) (.00127) (.00121)
Library Card -— .0297 -—— . 157 -—= .165
Residual (.166) (.164) (.173)
Library Card Resid -—- .0832 -—- L0779 - .0926
*experience ! (.0529) (.0442) (.0423)
p-value of Wald test .871 .514 .673 .804 .0391 .152
education®experience
p-value of Wald test .0260 .0112 .000158
AFQT and Lib. Card
interactions with exp
R2 (GLS estimates) .244 .249 .244 .243 .264 .261
number of workers 2217 2217 1610 1610 1100 1100

®Summary statistics are contained in table 3. The first observation for each
jndividual 1s omitted from the analyses in columns (2), (4), and (6). The
dependent varliable is average hourly earnings on the most recent job deflated
by the 1982-84=100 CP1. All regresslons also include a constant, age at
entry, and dummy varlables for part-time, the interactlon of part-time and
the education dummies, year dummies, the interaction of year dummies with the
education dummies, collective bargaining status, race, sex, marital status,
and sex®*marital status. The base year is 1987 and the base education level
is 12 years. The R-squared is computing applying the GLS estimates to the
untransformed data. Standard errors are in parentheses.



Table 6:

Optimal Minimum Distance Estimation of Covariance Structure
Random Walk Overlaid with Classical Measurement Error
NLSY Balanced Panels
{standard errors in parentheses)

Parameter Assoclated 1 thru 4 years|1 thru 5 years|l1 thru 6 years
Variance experience experience experience
Variance of initial unmeasured
expected ablility:
a af 1.89 1.70 1.59
(.130) (.101) (.0825)
Variance of measurement error:
« a; 1.16 1.19 1.10
(.0837) (.0825) (.0842)
Variances of wage Innovations
each perlod:
« vz .837 .682 .644
2 ul
(.103) (.102) (.118)
« o2 .633 .589 .655
3 u2
(.0993) (.109) (.123)
@ 02 1.37 . 880 772
4 u3
(.218) (.135) (.139)
« o2 g 1.0 .733
S pd
(.203) (.156)
2
o ¢us 1.86
(.343)
xz statistic, structural test: 7.93 22.1 17.9
degrees of freedom: 5 9 ) 14
p-value of test statistic: .160 ' .0086 .211
number of workers 2217 1610 1100

Note: The optimal minimum distance estimator is the GLS regression of the
unique elements of the appropriate covariance matrix in table 4 on the
variables implied by 3.11. The covariance matrix of the covarlance elements
in table 4 is defined in 3.12. The chi-squared test statlistic is the
minimized value of the quadratic form in 3.13, and the degrees of {freedom are
the number of restrictions 3.11 places on the unrestricted covariance
matrices in table 4.



Table 7
Analysis of Wage Changes

Fraction Negative Wage Changes with Adjustments for Measurement Error
Four-Year Balanced Sample, NLSY
by Experience
Fraction Negative Real Wage Change
(cell size)
Raw Adjusted

Experience All Stayers Movers All Stayers Movers
2 .315 .306 .338 . 140 .116 .203
(1647) (1194) (453) (1647) (1194) (453)

3 .310 . 300 .342 .148 .125 .218
(1795) (1354) (441) (1795) (1354) (441)

4 .330 .313 .384 .204 .180 .284
{1723) (1322) (401) (1723) (1322) (401)

Total .318 ~.306 .354 .164 . 141 .233
(5165) (3870) (1295) (5165) (3870) (1295)

Fraction Negatl?e Nominal Wage Change
(cell size)
Raw Adjusted

Experience All Stayers Movers All Stayers Movers
2 .200 .181 .252 .0728 .0570 .115
(1647) (1194) (453) (1647) (1194) (453)

3 .226 .198 .311 .0930 . 0665 .175
(1795) (1354) (441) (1795) (1354) (441)

4 .239 .213 .327 .149 .119 .247
(1723) (1322) (401) (1723) (1322) (401)

Total .222 .198 .295 . 105 .0814 .176
(5165) (3870} (1295) (5165) (3870} (1295)

Note: The adjusted wage change series (Aatt) is computed as a weighted

average of the observed wage change (AH‘L) and the sample mean wage change

.5

2
— ~ -— o -
(AW ): AW =6 AW+ (1-8 )JAW where 6 = [ H.t-1 The values
t 1t Lt t t t 2 2
[ + 20
2 2 Hot-1
of o and 20° are taken from the estimates in the first column of table

M, -1 ¢

6. Wage changes are computed using all non-part-time observations in the

four-year balanced panel on workers with a job at the relevant interview

dates.



Table Ba
Analysis of Wage Changes
Fraction Negative Wage Changes with Adjustments for Measurement Error
Four-Year Balanced Sample, NLSY
by Year

Fraction Negative Real Wage Change
{cell slze)

Raw Ad justed
Year All Stayers Movers All Stayers Movers
81 .370 .368 .376 .170 .149 .220
(370) (261) (109) (370) (261) (109)
82 .310 .315 .296 .131 .112 .183
(688) (502) (186) (688) (502) (186)
83 . 341 .321 .431 .175 .142 . 325
(1041) (853) (188) (1041) (853) (188)
84 .342 .338 .356 .178 .151 .257
(976) (723) (253) (976) (723) (253)
85 .275 .253 .337 .150 .128 .210
(1039) (763) (276) (1039) (763) (276)
86 .294 .268 .362 .162 .146 .204
(704) (508) (196) (704} (508) (196)
87 .323 .327 .310 .199 .189 .230
{347) (260) (87) (347) (260) (87)
Total .318 . 306 .354 .164 . 141 .233
(5165) (3870) (1295) (5165) {3870) (1295)

Note: The adjusted wage change series (Aﬁ‘t) is computed as a weighted

average of the observed wage change (AUlt) and the sample mean wage change

2 .5
-— ~ — a -
(AW ): W =8 AW+ (1-8 )AW where @ H,t-1 The values
t 1t t it L t t
+ 20
2 2 b=l
of 0" -1 and 2¢¢ are taken from the estimates in the first column of table

6. Wage changes are computed using all non-part-time observations in the

four~-year balanced panel on workers with a job at the relevant lnterview

dates. -



Table 8b
Analysis of Wage Changes
Fraction Negative Wage Changes with Adjustments for Measurement Error
Four-Year Balanced Sample, NLSY
by Year

Fraction Negative Nominal Wage Change
(cell size)

Raw Ad justed

Year All Stayers Movers All Stayers Movers
81 .178 . 169 .202 .0514 . 0460 .0642
(370) (261) (109) {370) (261) {109)

82 . 179 .165 .215 .0683 .0418 .140
(688) (502) (186) (688) (502) (186)

83 .276 .250 .394 . .109 . 0821 .229
(1041) (853) (188) (1041) (853) (188)

84 .230 .199 .316 .114 . 0858 .194
(976) (723) (253) (976) (723) (253)

85 .201 .165 | .301 .109 . 0826 .181
(1039) (763) (276) (1039) (763) (276)

86 .236 .209 . 306 .129 . 110 .179
(704) (508) (196) (704) (508) (196)

87 .208 .189 .264 .141 .119 .207
(347) (260) (87) (347) (260) (87)

Total .222 .198 .295 .105 .0814 .176
(5165) (3870) (1295) (S165) (3870) (1295)

Note: The adjusted wage change series (Aﬁ‘t) is computed as a weighted

average of the observed wage change (Ault) and the sample mean wage change

2 .S
. — a. -
(AW ): A = @ aW  + (1-6 )8W where 8 = |——t2222 | | The values
t it it t t t 2 2
o + 20
2 2 H,t-1
of ¢ and 20, are taken from the estimates in the first column of table

H,t-1 ¢

6. Wage changes are computed using all non-part-time observations in the
four-year balanced panel on workers with a Jjob at the relevant interview

dates.



