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and as a quadratic function of vears since leaving school or (porential)
work experience. Although there has been some attention paid to the ques-
tion of whether the logarithmic transformation is appropnate for the de-
pendent variable (see, c.g., Heckman and Polachek 1974; Lillard, Smith,
and Welch 1986), except for Mincer's original work where he reports
estimates from a Gompertz curve as an alternative to the quadranc, there
has been almost no attention paid to the empirical specification of the way
wages vary with age. The quadratic in experience, for all practical purposes,
has been universally accepted.

The quadratic specification in general and the human capiral carnings
function in particular have served two primary roles in labor market re-
scarch. Tirst, estimates have been used to deseribe cross-sectional and lon-
pitndinal patterns of career ecarnings growth and to deseribe the ways carn-
mngs patterns have varied through time and across groups at a moment in
time. In addition to the direct role, the quadratic specification has been
used in countless empirical studies thar esumare the effeces of factors such
as race, tramning, labor marker conditions, and schooling on earings. In
many of the studies of the second type, the quadratic specification serves
the indirect role of controlling for confounding eftects of experience on
carnings. For the quadratic to serve either of these roles effectively, it must
provide a reasonable approximation to actual earnings profiles.

One would like to believe that the quadratic speciication is used because
it “fits the dawa.” Unfortunately, as we show, this is not the case. The
quadratic approximation results in significantly biased esumares of the
carnings profile. A simple comparison illustrates the magnitude of the bias.
There s a tairly large collection of literature devoted to estimating the way
age-income profiles shift or rotate as age and educational distributions,
change. Most of this literature tollows the observation that wages of young
workers fell relative to their more experienced contemporaries when the
baby-boom generations entered the labor force. Examples of the cohort-
size-effect literature include Treeman (1979), Welch (1979), Berger (1984,
1985), Murphy, Plant, and Welch (1988), and Murphy and Welch (1988).
Based on the evidence in these and related papers on changes in the income
gains associated with added schooling (see, m parveular, Freeman 1976
and Murphy and Welch 1988), tew would argue that age-mcome or income-
schooling relationships are stable.

In fact, the evidence supporting changes in the shape of cross-sectional
age-icome prohles is so strong that it seems wrong for an empirical analyst
to ignore it when studying the wage structure over the last 2 decades.
However, the specibcation bias induced by ignoring changes in the shape
of age-carnings prohles from year wo vear is actually smaller than the bias
generated by the quadratic speaification itsell. As measured by residual
sums of squared estimation errors, a fixed protle that allows only changes
in the intercepts from year to vear s the data beteer than independent
quadratics estimated for every vear.
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12 years, 13~15 years, and 16 or more vears of school completed. Within
cach educational level, workers are divided into 40 pseudoexperience groups
based on single years of age. Tor those with 8-11 years of schooling, ex-
perience is age less 18 years. [or high school graduates, experience s age
minus 19 years. Experience for men with 13-15 years of schooling 1s age
less 20 years, and for college graduates we subtract 22 years from age,
Thus, we analyze carnings for men ages 19-58, 20-59, 21-60, and 23-62,
respectively, for high school dropouts, high school graduates, college
dropouts, and college graduates,

Rather than analyze individual wages, we compute an average wage for
cach schooling-by-experience cell, so the data are compressed to 3,840
abservations (24 years X 40 expericnce levels X 4 schooling levels). There
are a total of 463,248 individual observations represented in the 3,840 cells.
The number of observations is 2 minimum of 9,102 in 1965 and reaches a
maximum of 21,934 in 1985. Numbers of observations in individual cells
range from a low of 7 to a high of 439, Although the analysis ts conducted
using three wage measures—cearnings per yvear, per week, and per hour—
resules for weekly earnings are presented.

The average log weckly wage in a vear-experience-schooling cell is de-
fined as the average of [log(annual earnings ) — log (weeks worked)] among
men observed in the cell. In addition to the average log weekly wage for
cach cell, we compute the variance of the cell average using the within-
cell variation in Jog weekly wages. Hence, we have estimates of the average
wage and the precision of the estimate for each cell.

Since the esumates of the within-cell variance are noisy, we smoothed
them prior to use by first computing estimates of the variance of individual
Jog weekly wages by cell (pooled over years). The estmates of the micio-
variance were then regressed on a constant term and four powers of ex-
perience within cach educational group. Vited microvariances are then
combined with cell-specific sample sizes to esumate cell variances as

ol = , |
TN, ()

where 67 is the estimated variance of log weekly wages for educarional
level £ and experience level 7, and N, is che sample size for this experience /
educanonal cell in year t.

As will be clear below, the variance esumates play a key role in our
ability to measure bias in the quadratic and other spectheations of carnings
profiles. In addition to providing the repeated observations within each
cell required to caleulate the varance estimates, the CPS data are ideally
suited for our analysis for at least three reasons. Tirse, the data cover a

those whoye industry and occupations were coded as 99 (i the armed fores or
did not work ) were excluded.
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longer period of time than any other comparably sized daca set. This allows
us to evaluate the appropriateness of the alternative specifications for per-
manent and transitory components of bias. Second, the large snmp‘cs‘ allow
us to evaluate specifications for individual schooling groups and to examine
differences and similarities in the specification bias across them. Finally,
the large samples allow us to obtain precise estimates of the actual average
earnings prohle over the sample and reasonably precise cstimates of in-
dividual year profiles that can then be used to describe the specification
biases against an unrestricted alternative.

II. The Quadratic Specification

Our analysis of the quadratic specification is based on 96 independent
regressions,” one for cach of the four schooling classes in each of the 24
years.’ We estimate the parameters for cach of the 96 education-year pairs
by weighted least squares using the inverse of the vartance estimates from
equation () as the weights. We then compute an average of the estimated
profiles (weighted by sample size in cach year) to obtain estimates of the
average quadratic earnings profile over the sample. The average prohles
are given in figure 1, where the profiles for the four educational groups
are stacked on the same graph.

The results are unsurprising and resemble those obtained in previous
research. The earnings profiles arc increasing over the carly carcer, are
dechining slightly approaching retirement, and are strongly ordered by
education. However, some disagreement with dhe standard human capital
earnings function is already apparent in figure 1 since the protiles are not
vertically parallel across schooling groups, as the standard specitication
would imply. However, the profiles are much closer w being vertically
parallel when they are stacked on the basis of experience as in figure |
than they would be if stacked on the basis of age. Mincer's emphasis on
experience rather than age seems on target.’

igure 2 presents estimates of the “true™ average earnings profile using
the sample size weighted average of the vearly cell means racher than the

?Those familiar with the rotation group structure of the CPS survey will note
that our samples are not strictly independent over years due to an overlap of some-
what less than one-half of the survey from March o March.

*'While throughout this article we estimate cross-sectional protiles, the same
results we state here apply equally well wo longitudinal profiles that allow tor vear
effects. To see this, one simply has 10 note that an annual quadrance spedificauon
pooled over years has the same form as a longitudinal specification pooled over
cohorts, as long as one allows for the same mix of cohort and year eflects m the
two specifications, While there are some issues of idenuficauon in such models,
they are irrelevant for our purposes since the least squares residuals are well defined
In any case.

* Tormal statistical analyses that search for the offset that most cortectly by the
data confirm our chosen offset, except that college graduates should begin at age
34 rather than 23.
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In fact, in our opmion, it is the superficial similarity ot the actual and
quadraue profifes, together with the simplicity of the quadratic torm, that
has led to its widespread acceprance. But general appearances can be de-
ceiving. Figure 3 overlays the quadratic and actual average profiles for cach
of the four schooling groups. The discrepancies berween the profiles are
apparent in these higures, The quadratic overstates mitial carnings for all
schooling groups and understates carnings at 10 vears of experience lor
all groups. The quadratic also overstates carnings at nideareer and un-
derstates actual earnings at retirement. As we deseribe in Section 1V, this
causes the quadratic to understate carnings growth in the carly carcer, to
overestimate mideareer growth, and to greatly exaggerate the decline i
carnings in the late career, These same patterns are also evident in com-
parisons of the individual year prohles.

The patterns of errors in the quadratic specification are shown clearly

in figure 4, where the residuals (actual mimus quadratic prediction) are
plotted against experience for the four schooling groups. The similariey
of the specification errors across schooling groups is swiking, as is the
magnitude of these errors, The similarity across schooling groups (which
are independently estimated) and the smoothness of these specification
errors across years of experience show that the estimates represent largely
svstematic buases and are not simply artitacts of samphing ervor. The spee-
ihication errors are largest in the carly career, where differences of up to
18% between the actual values and the quadratie predictions are observed
tor those with8- 11 vears of schooling. The errors in the carly career are
smaller in percentage levels for higher schoohng levels but are sull signif-
icant (over 10%). Lor all schoolmg groups, the errors decline over the
carly carcer until they cross zero at between 5 and 7 vears of expensence.
I'rom 7 10 about 17 vears of experience, the quadratic understates carnings
with a maximum error of about 6% at 10 vears of experience. From about
18 untl about 35 vears of experience, the errors are negatve (indicating
that the quadratic overstates earnings) with 2 maximum absolute ervor of
around 6% at abour 25 years of experience. Ater 35 vears of experience
the errors become positive, so that by the end of the career the quadratic
understates carnings for all schooling groups with a maximum error of
about 8% for high school graduates. Based on the magnitude and patiern
of residuals, it seems fair to say that the quadratic fits the actual empirical
carnings profiles poorly, especially at low levels of experience.

While formal staustical tests are not required to evaluate the quadraue,
given the evidence in Agure 4, we now derive some simple statistical mea-
sures that provide a benchmark for our analvsis of other functional forms
where the specification errors are less obvious. Consider our basic equation
for schooling group ¢ in year ¢, where we estimate

Y =be + bix+ b’ + o (2)
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¥

k) * ‘
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where the variance of vh = | forall i, x, 1. However, unless the true

earnings profiles are quadratic, v, will contam both a1 bias component
and a random error component. Hence, we have
M 4
v =0, F Ear, (4)
) ) = ] atural
where 8, = E(vi), E(€x) =0, and E(el,) = foralli, x, t. An
! 1 1 YU
test statistic to measure the amount of bias 15 to use

A= 25, (5)

where 3% is the weighted least squares residual from estimating cquanion
3 Um;(ir the null hypothesis of no specification bias we have E(X,) =37,

and A, is approximately y? with 37 degrees of freedom. In addion, when
(i -

0, # 0, we have
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E(A-u) =3 9,1., + 37, (())

—

3

so that if we define our estimace of the biay as

(lu - 37)1 (7)

B, =

10

we have
- |
E wl) = X ) :IJ) ]
(B.) 402 (8)

so that B, grves us an unbiased esumate of the mean squared bias (in the
weighted data) for the quadratic specification for schooling group i in year
t. Similarly, aggregates such as

B:LZZBH (())

96

that estimate the average squared bias over all vears and schooling groups
can be dehned to obtain measures of buas aggregated over time and /or
P‘r()llpﬂ.

Tor some comparisons it is useful 1o look at the unweighted data. For
the unweighted data we can rewrite cquation {(4) as

0.
+

nt == &,u1y 10
VN.. (10)

Ve = 6

where v, 1v the actual residual from the quadratic specification and 8,,, is
the bias term. A natural decomposition is to write equation (10) as

— Ep I
VN.. an

where 8, 1s the permanent bias component and 8,,, is a vear-specific tran-
sitory bias component. Lor this purpose we define

2 N8
in = ——’ - Nl‘l (12)
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of the annual bias terms, which leaves
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vh :L9+~'(’:’ B0 + Eues (13)
0!\‘ n

of the bias over all vears for schooling group ¢ as

1 LY
B - - i)’ W)= —= 3 S(w) -5 (1)
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r
x t
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the results of these calculations for cach of the four schooling groups and
for the four groups combined. As is clear from the table, abo it one-half
of the mean squared errors in the year-by-year specifications ‘are due to
bias (.867 out of 1.792 overall), and of this bias, over 88% (.767/.867)
represents a permancnt specification bias that is common across years. The
bias is largest for high school graduates, the group with the most data
(about 40% of our sample), mostly due t the fact that bias 1s measured
relative o the error variance (see below for estimates of the absolute bias).
Tor high school graduates, the bias accounts for 65% (1.69/2.615) of the
sum of squared residuals for the individual year regressions. Other cal-
culations show that bias accounts for over 95% of the sum of squared
residuals for the average profile for high school graduates, reflecung the
fact that the permanent bias is nearly as large as the total bias, but the
residual variance for the average prohle is significantly smaller than the
residual variance for the individual year profles. For college graduares,
the bias terms are smaller (relative to residuals) but are sull significant
since the 2 statistic of 1,231 1s still § standard errors above its expected
value of 888. For high school graduates, the ¥? statstic of 2,510 15 38
standard deviations above its expected value of 888. When the four school-
ing groups are combined in the overall caleulation, the biad has a x statistic
of 6,881, which is 39 standard deviations above its expected value (3,552).
Table 2 recomputes a similar decompositon to that used in table | for
the actual regression residuals rather than the weighted residuals used for
table 1. The disadvantage of the unweighted caleulations is that the error
sum of squares is no longer distributed as a 37, but these caleulations have
the advantage that the magnitudes are directly interpretable and comparable
across educational classes. To facilitate interpretation we translate the total
and permanent bias calculations into root mean squared formatin the final
two columns. Since the overall numbers in the first four columns tell a
similar story to those in table 1, we focus on the group comparisons and
overall calculations using the root mean squared error calculavions. Com-
paring groups, we find that the root mean squared bias is highest for those
with 13-15 years of schooling (.0507) and lowest for college graduates
(.0325). The overall root mean squared bias implies that the quadratic
specification leads to an average speciheation error (in the root mean
squared sense) of over 3.25%. (The average absolute error 1s 3.15%.) In
the aggregate we find that permanent bias accounts for nearly all of the
total bias. In fact, for college graduates the point estimates imply that the
permanent bias exceeds the total bias (which retlects sampling error). The
specifications also confirm what we saw in higures 3 and 4, that the mag-
nitude of the specification bias is largest for those with 13-15 years of
schooling and for those with 8-11 years of schooling. It is smallest for
college graduates. Nevertheless, the bias components account for over 42%
(.0019/.0045) of the regression residuals for college graduates.

T
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Tablc 3

Correlations of Regression Residuals® across Schooling
Levels for Quadratic Specification

Educational

Group R-11 12 13-15
12 93 .

13-15 87 94 ..
16+ 84 RY .90

* Unweighied

So far, we have derived staustics for measuring the magnitude of the
specification bias and for decomposing bias into permanent and transitory
components. The concern is not simply with the magnitude of the bias
but with its systematic nature. Tables 3 and 4 address this issue. Table 3
gives the correlations of averaged (over years) regression residuals between
schooling levels. Since the regressions are computed independently, the
expected value of these correlations is zero under the hypothesis of no
specifcation error. The fact that the lowest correlation is 84 confirms
what we knew from figure 4, that the bias pattern is very common t all
educational levels. Table 4 presents stacistics based on the covariance of
residuals at adjacent experience levels and overall. Since these residuals
come from the same regression, the, expected covariance is not zero and
is actually negative. The large positive covariances given in table 4, ranging
from .235 o 1.176, effectively pick up the smooth nature of the bias illus-
trated in figure 4,

The hinal column in table 4 uses the estimated covariance of the residuals
(col. 1) less the expected covariance of the residuals (col. 2) divided by
the estimated mean squared total bias (col. 3 from table 1) to obtain an
estimate of the first-order autocorrelation of the permanent bias compaonent.
These estimates range from a low of .70 for those with 8-11 years of
schooling to a high of .85 for college graduates. The overall autocorrelation
15 .75, which reflects the smooth residual patterns seen in figure 4.

Where do these calculations leave us? In our opinion, the bias in the
quadratic represents both good and bad news. First, the fact that the bias

Table 4

Covariances of Experience-adjacent Residuals
from Quadratic Specification

Fducauonal Lxpected Autocorrelauon
Group Covariance Covanance of Tas
8-11 ~.069 185 70

12 -.070 1176 74

13-15 —.069 531 76

16+ -.070 23 85
Overall -.070 582 75
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is 50 large is bad news for the quadratic specification. However, the sys-
tematic nature of this bias across schooling and expenence levels (within
a schooling group) and the stability of the bias component through ume
indicate that simple alternative specificatons may solve the problem. Ty
on this basis that we stated in the introduction that there appears o be a
“true” carnings function specification but that the specification is not a
quadratic. The next section represents our attempt to find a reasonably
parsimonious approximaton to this true specihcation.

. Alternative Specifications

The major virtues of the quadratic specification are that it is casily es-
tmated and has relatively tew parameters, thus conserving degrees of free-
dom when researchers have many fewer observations than we have in the
CPS. Our goal in this section will be to ind some simple alternarives
the quadratic that eliminate the majority of the bias and then o ry w0
simplify the alternauves to obtain a functional form with as few parameters
as the quadratic.

Since the ease of esumation for the quadratic owes largely w the fact
that it 1s lincar in the parameters, we restrict alternatives wo speaifications
that maintan linearity. A simple extension of the quadratic is w add higher-
order terms in experience. Figures 5 and 6 plot the regression residuals tor
cubic and guartic spectfications, respectively. The scale used in both plots
is the same as 18 used for the quadratic in figure 4 for ease of comparison.
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116 5. —Resduals from cubic specificauon: O = 8-11 vears of schooling; 4 = high school
graduates; O = 13-15 vears of whooling; plam line = college praduates
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The residuals from the cubic show a noticeable pattern similar but less
extreme than for the quadratic, while the quartic residuals show very little
pﬂ[[(.'l'n. l

TFor the cubic, the carly carcer residuals are reduced signihcantly relative
10 the quadratic specification (8%-9% in the first vear v, 14%-20%).
However, the general pattern remains much the same over the first (0-12
years, R_csiduals are negative in the carly years and then posiuve from years
4'-12 with a maximum positive residual of between 29%-3.5%. Thmg's are
different in the later career with negative residuals of 2%-4% around 30
years of experience and negative residuals again art the end of the carcer.
Clearly the cubic is superior to the quadratic, bur a significant systematic
bms: component stll remains (particularly i the early carcer).

For the quartic residuals in hgure 6, there appears to be a slight pattern
to the residuals, and initial earnings are still overstated by berween %-—
6%, versus 14%-20% for the quadratic, and 5%-9% for the cubic. While
thcre_ appears to be some bias lett in the quartic specification, it scems clear
that it represents a major improvement over the cubic and especially over
the quadratic. '

In terms f’f our sm[i_st‘ical tests, tables 5 and 6 present the same statistics
for the cubic andl quartic that are presented for the quadrauc in tables |
and 2. As shown in table 5, the addition of a third-order term reduces the
overall mean squared bias by 75% (from .867 o .214) relative to the qua-
draric, Whﬂc t'he permanent bias component is reduced by 80% (from .767
to .151). Similar improvements are seen for cach of the individual edu-




Table 5 . o
Bias Calculations for Weighted Residuals from Cubic

and Quartic Specifications

Expected
Mecan Squared  Mean Squared  Lsumated Lsumated ,
Educaugnal RCSIL?U&I Rchi:jlun] Total Bas  Permanent Bias X
Group (1 (2) 3 +) (5)
Cubic:
- 900 A78 129 1,035
8-11! 1078 o
. .900 367 281 1,216
12 1.267 h o
- 900 208 118 1,063
13-15 1.108 fou
. 900 103 076 963
16+ 1.00% —(Hﬁ_)
o 4 900 214 151 4,276
Orerall 111 RO
Quarunc: '
- 9 875 047 ol6 885
8-11 922 o)
99 .R75 122 01 987
' 7 (R40)
- ' 875 .010 029 916
13-15 ;s o
L9 875 054 0% 892
6+ 929 (340)
e 875 081 029 Y672
Qverall 956 )
Nort —Degrees of freedom are i parentheses
]
Table 6 . ] ]
Root Mean Squared Bias Calculations for Unweighted Residuals
from Cubic and Quartic Specifications
Fxpected Total Mean Root Mean  Root Mean
Mecan Mean Mean Squared Squared Squared
Squared Squared  Squared  Permancent Total Permanent
Educational  Residual  Residual Rias Bias Bias Bias
Group 1) 2) 3 (+) (5) (h)
Cubic:
ﬂ—l;l 00299 00243 024 021 024 02 l.
12 00138 00099 020 Kol }) .020 OIN
13-15 00389 00311 028 018 028 OIH.
16+ 00360 00347 otl ol o Oll:
Oherall 00297 00250 022 019 022 019
ruce
QL!‘!J- 1 lIL .0025 00235 00026 .00005 01 007
12 0011 00096 00014 00005 012 oc7
13-15 0034 .0030 00041 .00004 Q2 006
16+ .00%3 0034 .00009 .00001 . ol .
Overall .0025 0024 .00C15 £000h c12 008
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canonal classes as well. The largest improvement is for high school grad-
uates, where the total bias declines by 78% (from 1.69 to .367) and the
permanent bias declines by 82%. The smallest decline is for those with 8-
I'l years of schooling, where total bias drops by “‘only” 72% (from .631
to .178) and permanent bias declines by 75% (from 538 1o .129).

The quartic specification makes significant progress relative to the cubic,
reducing the overall total bias component by 62% relative to the cubic,
thereby reducing the total bias component to only 9% of the level found
in the quadrauc specification.

In terms of permanent bias, the improvements with the quartic are even
greater. Overall, permanent bias is reduced by 81% (from 151 w .029)
relative to the cubic and 96% (from .767 to .029) relauve to the quadratc.
Hence, in terms of the systematic component of bias across years, the
quartic makes a major improvement relauve to the cubie, ehminaung 80%
of the mean squared bias, and an enormous improvement relative to the
quadratic, climinating all but 4% of the mean squared bias. In terms of
the individual schooling groups, moving from the cubic to the quartic
reduces permancent bias most for the two lowest educational groups (by
88% for 8-11 years of schooling and 87% for high school graduates) and
least for college graduates, where permanent bias is reduced by 53%.

In terms of the g2 statistics, the critical level for the cubic specifications
is 947 for the individual schooling groups and is 3,619 averall. Hence, the
null hypothesis of no specification error can be rejected tor all schooling
groups individually and overall. The only “close call™ is for college grad-
uates, where the x? staustic is 2.34 standard deviadions above its expected
value. Tor the quartic specification, the critical values of the x? statistic
arc 920 for the individual education groups and 3,521 overall. In this case,
the g2 statistics are 1.08, 2.80, 2.30, and 1.24 standard errors above their
expected value for the individual groups {(from lowest o highest educational
levels) and 3.8 standard errors above for the overall calculations (these
compare with 4.04, 8.32, 4,70, 2.34, and 9.88 standard errors for the cubic
specification). Based on these statstics, we cannot reject the hypothesis
of no specitication errors for the lowest and highest educational groups
but can reject it for the middle groups and all groups combined. However,
given the large numbers of degrees of freedom, the tests are extremely
powerful and such marginal rejections of the null hypothesis should be
interpreted with caution. Put differently, the rejection for the overall spec-
ihication of the quartic 1s based on the residual sum of squares exceeding
its expected value by about 8%, and results for the permanent component
imply that the persistent bias accounts for less than 3% of the residuals
generating fgure 6, which are themselves small relative to the bias from
the quadratic. A more appropriate test is to examine the absolute size of
the bias, as we do 1n the next able.
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Table 6 provides the analogous calculations for the unweighted residuals
for both the cubic and the quartic specifications. As i wable 2 for the
quadratic, the last two columns give estimated root mean squared ol
and permanent buases. Whereas the root mean squared total biases ranged
from 3.2% 1o 5.1% for the quadratic, they are only L1%=2.8% for the
cubic (2.2% overall). Ior the quaruc the estimated total root mean squared
bias is actually negatve for college graduates (re, the residual sum of
squares is [ess than expected) and has a maximum of 1.3% for those with
8-11 years ot schooling (1.2% overall). For the root mean squared per-
manent bias, the cubic yields biases of from 1.8% to about 2.1% (1.9%
overall), and the quartie vields buases of between 7% and 196 (8% overall).
These compare favorably with the permanent bias of between 3.3% and
4.5% (4.1% overall) obtained for the quadratic.

The quartic specification also reduces the systematic nature of the bias
in addition to its magnitude. The correlations across schooling groups for
the quartic range from —.05 to .56 with half of the correlations being less
than .I. These compared favorably with correlatons of .66-.85 for the
cubic and the correlations of .84-.94 listed for the quadratic in table 3.

The autocorrelation of the permanent bias component also shows a sub-
stantial improvement for the quartic over either the cubic or the quadratic,
The estimated autocorrelations of the bias terms range from —.09 for those
with 8-11 years of schooling to .39 for college graduates, with the auto-
correlations being negligible except for college graduates. These compare
with correlations ranging from 46 1o 91 for the cubic and .70 to 85 for
the quadratic.

Based on these results, the statstics in tables 5 and 6, and the residual
plots in figure 6, our general perception is that the quartic fits the data
reasonably well and eliminates nearly all of the bias generated by the qua-
dratic (over 96% of the permanent bias in the quadratic specification is
captured by the quartic). However, moving to the unrestricted quartics
used to generate the residuals in figure 6 uses up two additional degrees
of freedom per vear per educational group (for a otal of 192 degrees of
freedom), while the stability of the bias over time (as implied by the Jarge
permanent bias component from the quadrauic) and the stability of the
bias across educational levels (as implied by the high correlation and the
similarity of the residual plots for the quadratic in fig. 4) would seem to
imply that the added Hexibility of two additional parameters for cach vear
and schooling group pair is not necessary. Rather, 1t would seem that a
time and group invariant correction may go a long way toward elimimating
biases found in the quadratie speciheauon.

While there are many ways to search for such a correction, we decided
to examine a quadratic m a quadratic as an alternative. Flence, we examine

equations of the form
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Vixr = dou ¥ dyyln, + dogziy, (17a)
and
Ze = ot X+ x7, (17h)

whcrcllhc parameters in (17a) are allowed wo vary over time and across
schooling groups as in the quadratic xpcciﬁc.uinn; and the parameters in
(l7b)'.1rc constant over tme and across groups. All but one of the param-
cters in equation (17b) are redundane, so that (17b) can be simplified 1o

Z = x + yx’ (17h%)

Unlike the unrestricted quartic that added 192 parameters 1 be estimated
this :G;_acciﬁcation adds onily one. Moreover, once y has been estmared, tlu:
specihcation in (17a) is as parsimonious as the quadratic. The only difficulty
is that after substituting for z in cquauon (17a) we have ' l

Y = a0t aix + (ay + ary)x’ + 2yarx + ylanx', (18)

which is a quartic with a nonlincar parameter restriction. Using nonlinear
least squares we select ¥ = 1/60 as a reasonable value to IMPOsE ACToss
schooling groups and over time.* Using y = 1 /60, we then esumate cquation
(17a) b_y weighted least squares. These specificauons have the same func-
tional form as the quadratic estimates presented in Section 11, except the
quadratic is in terms of the transformed measure of experience as given in
(17b) rather than years of experience per se.

_ The average residuals from the nested quadratic specification are given
m hgure 7. While not quite as good as the quartic, the residuals from the
nested quadratic look significantly better than the residuals from the cubic,
which uses significantly more (95) degrees of freedom. The test statistics
used to evaluate the quadratic, cubic, and quarue speciheations are presented
in tables 7 and 8 for the nested quadratic. In terms of mean squared total
bias, the overall level is .155 compared o 214 for the cubic (a reduction
of 28%). In terms of permanent bias (our major concern) the nested qua-
dratic does much better with a mean squared bias of .063 versus 151 for
the cubic (a reduction of 58%). L ooking at the resules for the unwerghted
residuals in table 8, we see that the overall root mean squared bias for the

< . . . .

As should bL clear from cq (2), the peak ot the carnings function occurs at

x =172y, %0 withy = 1 /60 a peak carnings occurs at 30 years of experience,

which seems roughly consistent with the unrestricted average prohles given in
hy. 2.
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nested quadratic is 1.9% versus 2.2% for the cubic. ()ncu_.lg.\in, the im-
provement is greater for the permanent bias component, with a root mean
squared permanent bias of 1.4% for the nested quadranc versus 1.9% for
the cubic, an improvement of over 25%. OFf course, both the cubic and the
nested quadratic represent an enormous improvement over the 4.1% bias
component for the quadratic.

Table 7 ]
Bias Calculations for Weighted Residuals [rom Nested

Quadratic Specification

Fxpected Lsumated Toral | stimated

Mean Squared  Mean Squared Bias Permanent Buas '
I-ducauonal Rc\ic?u.\l Rcsit?ual Component” Component¥ X'
Group N (2) (@) (4 &)
925 77 043 1.056
R-11 1.10 )
12 12 925 198 095 1.075
B ) (388)
925 145 048 1,027
13-15 1.07 5 e
3 925 18C [o[2%] Y8y
16+ 1.0] (55)
25 55 063 4,147
Overall 1.08 925 155 f R

Not —Deprees of freedom are i parentheses ,
ML .llull.\lmr.h mean squared residual (1) minus expected mean squared residual (2)

+ Caloulated as neq (16)

N_/
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Table 8
Root Mean Squared Bias Calculations for Unweighted Residual
from Nested Quadratic Specification
Root
Fxpected Total Mean Total Root Mean
Mcan Mean Mean Squared Mecan Squared
Squared Squared Squared  Permanent Squared Permanent
I ducational  Resdual  Residual Bias Bias Bias Bias
Group (n (2) 1) 4) (5) (6)
LI 0030 0025 0005 0002 on ol
12 .0012 0010 0002 .0001 oIS orl
13-15 0038 0033 .0005 0001 on 012
16+ 0038 00V .0002 0004 o1n .020
Overall .0029 0026 0004 .0002 019 pIE]

The nested quadratic also does better than the cubic in terms of the
systematic nature of the bias. The correlatons across schooling groups
range from —.01 to .59 versus .66 to .85 for the cubic, and the estimated
autocorrelations of the bias terms across experience levels range from .28
to .66 (45 overall) versus .46 1o .91 for the cubic (57 overall). Hence, ©t
appears that the nested quadratic does significantly better than the cubic
in terms of all our measures but uses only three rather than four degrees
of freedom per year/schooling category. Relative to the quadrauc, which
uses the same number of degrees of freedom, the nested quadratic looks
excellent and is actbally much closer in performance o the free-form quartic
than to the quadranc.

Based on these results, our conclusion is that the quartic provides a
reasonably good approximation to the “true”™ carnings function and that
the nested quadratic provides a suitable alternative when parsimony s
required or degrees of freedom are at a premivm. In the next section, we
describe some of the differences that these alternative specifications can
make for inference.

I1V. How Much Difference Does It Make?

As we stated in the introduction, the quadratic specification has served
two dis[inc[ r()l(.‘s in recent l.ll)()r n]-lrk('t rL'SL'JrCh. l‘il’S[, lhc quﬂ(lr.l[ic i‘
used as a framework for analy/ing paterns of career carnings growth and
the human capital investment process that underlies the carnings growth
process. Second, the quadratic specihication has gained widespread accep-
tance when the researcher wishes to “control™ for career carnings growth
when examining other factors that affect labor earnings.

In terms of career carnings growth, our basic Ainding is that the quadratic
spectfication is unacceptable. [igures 8,9, and 10 illustrate why. In hgure
8, we plot actual carnings growth and predicted carnings growth from the
quadradc specification for each of the four schooling groups. Tigure 9
gives the corresponding plot for the quartic specification. inally, hgure




smenpesd a8ajj0n p *Jurjooyas jo saval ¢y *r saenprad jooyas gl g :Sunooyas jo siras |-g 'r sajyoad greosd sdutuies jemar pur surend— g o1

3JU3TJadx3] }0 SJE3A

(2)
- 90~
b ro'-
- zo' = o
-0 2
 eo e
> vo" s
- 90 d
I a0 pel
- @
¥z ® wr
f e o ..Hn
—-
(r) _|
(=]
L S € . L J N g N (=]
[ e -
ro- -
[ co- . o
Lo %‘E 2 2R . 0 =
| 2o W o ...AL
- »o° vo'
ﬁ.a. %0’ w
o« : (=}
4 o o }
" '
I3 o
ﬁ!. -
§ . ) ) . aenprad
AZafen TP BuIooys [0 seay =g} Y Sawenprad joogs gy t¢ s |G RNV R TR .nu_c:k_a Yy wous sHunwea [cmar pur J:.r;:;,;]‘ NI |
aduUatJadx 3 ;0 SJdeaA
(02}
90'-
»o-
eo- (7]
C3
z0 =
ro- mn
a0
0 el
. [ }]
5 p=s -+
LIX 3 -
" o
pr}
@ Q] S
L AN LU " L " LU " Lld L € % L L L (=]
- 90~ 90—
B -o”- vo'- w
- o'~ zo'- m
o ° wlﬂ.
| 20 zo <
b vor o'
ﬁua. 90’ DM..M
. [l
-... w0 oS
\ 1 v
[ 2 \ | er
- ”




= le
o o

L I

_
R &
=

r t
o =

r r

vy T rrrrrrrrvyvoruiy T rrrryrrrrrrrrrT
- - - _-o@rEPHPITANNTO=NA
=2858535385°388 "385%823383°383
' Cora

LI I |

e
ra
&)
o

Tt T T T T

- AN EO=NO

~3858832383°5838

L

abem Arxasm D07 40 3ied UIMOJY

(c)

Years of Experience

vears ol schooling. d.

A

{

3—

—Quartic {+) and quadranc (C) carmings growth profiles 4, 811 vears ot schooling: &. high school graduates; ¢, 1

1z
ge graduates

1

col

S

Fmpirical Age-Earnings Profiles ~— 227

10 compares predicted growth from the quadratic and quartic specitications.
I'igures 8 and 9 illustrate that the quartic fits the earnings growth patten
well, while the quadradic misses significanty. Thgure 10 compares the
growth profles for the quadratic and quartic specifications and shows the
quartic performs much better. The quadratie specification constraimns earn-
ings growth to decline linearly over the career. However, as is clear from
figure 10 (and hg. 8), carnings growth declines much more rapidly in the
carly carcer than in either the mid- or late career. Itis not the assumprion
that earnings growth declines over the career that 1s rejected by the daty;
rather, the assumption of a constant rate of decrease is what is at odds with
the evidence. Since the human capital investment process predicts only a
declining rate of earnings growth, the quartic and other specthcations are
consistent with the basic components of Mincer’s analysis. Only the ar-
bitrary assumptions of constant rates of return and linearly declining in-
vestment are rejecred.

The picture of life-cycle carnings growth emerging from the quadrauc
profiles in fAgures 8 and 10 is modihed considerably by the more flexible
specifications. For example, the quartic predicts carnings growth ot 8%-
[0% per year at | year of expenence, while the quadrauc predicts career
prowth of only 4%-=5.5%. In tact, for all schooling levels excepr college
graduates, actual earnings growth and quarne predictions of growth are
higher for cach of the first 5 years than the quadratic predicts for year 1.

Table 9 illustrates the impact of specification errors on estimates of

career carings growth by dividing the Tife eyele ingo three phases, the

. ! .
carly carcer (years 1-10 in the first panel), midearcer (years 10-25 i the

Table 9
Listimates of Career Earntngs Growth from Average Profiles
Nested Quadrauc Mediction
Actual Quadraue Quartie Quadrane Relatve wo Actual
I ducauonal Growth  Predinion Predicuon Predicuon Growth”
Group (1) (2) Q)] ) ()
Years 1-10-
8-11 775 W1 710 671 51
12 AR 119 092 670 59
1yv-15 761 442 758 742 ()
16+ 74 2509 KLY 673 68
Years 10-2%
R-11 206 it 211 229 151
12 198 287 183 182 1.45
13-15 213 124 245 211 15}
16+ 293 H5 275 266 118
Y cars 25-40:
8- 11 003 -.076 022 024 =233
12 - 045 - 148 - 038 - 0O v
13-15 - 051 - 171 -- 065 - CI8 336
16+ --.098 -.172 - 104 112 1.76

T Column 3wl 2400l 1
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sccond panel) and late career (vears 25-40 in the third panel). The rows
n cach panel refer to the educational classes. The first column gives actual
carning growth calculated from the average profile, while columns 2-4
give predicted growth from the quadratdic, quartic, and nested quadratie,
respectively. The rauo of growth predicted by the quadratic o actual
growth is given in column 5. The discrepancies berween the quadratic and
either the actual or quartic predictions are striking. Growth predicted by
the quadratic for the first 10 vears varies from a low ot 51% of actual
growth for those with 8-11 years of schooling to a high of 68% of actual
growth for college graduates. For the mideareer, predicted growth exceeds
actual growth for all schooling groups with a maximum discrepancy of
52% for those with 13-15 vears of schooling. Finally, the dechne in carnings
predicted by the quadratic over the last 15 years is only an artifact of the
quadratic specification. For high school graduates, the prediction of a 15%
decline is mare than three umes the actual 4.5% decline. To illuserate the
distortion, we note that a researcher armed with the estimates from the
quadratic would conclude that yjust under 60% of the carnings growth in
the hrst 25 vears comes in the first 10 years. In contrast, caleulations based
on the raw data imply that almost 80% of the growth in carnings comes
in the hrst [0 vears. Based on resules Tike these, one can only conclude
that the quadratce gives a completely unsatisfactory picture of carnings
growth and that the use of an alternative specification is dehinitely required.

While it seems clear that the quadrate must be serapped for purposes
of esumating carcer earning patterns, 1t 1s unclear whether the quadraue
can stll be used o eflectively *control” for life-cvele wage effects when
other factors affecting wages are of primary interese. On these matters we
can provide no clear answers, only some words of caution. Firsr, the biases
in the quadratic cannot help and can only create problems. Second, how
severe the problems are will depend crucially on how much the variables
of interest vary within experience levels. One should keep in mind that
the difference in the bias for the quadratic between those with -5 vears
of experience and those with 5-15 years of experience is about 10%. Since
we often look for wage etfects on the order of a few pereentage powmnts, if
even a fraction of this misspecihcation showed up in a bias term for a
regression cocthcient, it could significanty bias the results. Morcover, the
results on wage growth would seem to imply things lopk even more om-
inous if the quadratic s used to control for wage growth. In our opinion,
prudence would require the use of one of the alternative specifications we
recommend in cither case.
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