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I. Introduction

An important area of research on the empirical validity of efficiency
wage theory has focused on the role of industry effects in explaining
variation in wages across workers. The persistence of industry wage
differentials across time and countries {Krueger and Summers, 1987], and in
wvage regressions including a multitude of controls [Dickens and Katz, 1987a;
Krueger and Summers, 1988}, has been interpreted as evidence consistent with
efficiency wage explanations of industry wage differentials, and inconsistent
with competitive-market explanations [e.g., Dickens and Katz, 1987b; Katz,
1986; Krueger and Summers, 1987 and 1988]. This persistence of industry wage
differentials complements what may be interpreted as more direct evidence,
including, for example, a negative correlation of quit rates with industry
wage premia [Krueger and Summers, 1987}, and a positive correlation between
product market power and industry wage premia [Dickens and Katz, 1987}.

One competitive-market explanation of interindustry wage differentials
that is not challenged by the persistence of these differentials is that they
are due to differences across workers in "unobserved” ability or quality
(unobserved to the researcher but not to the worker or firm) {e.g., Murphy and
Topel, 1987b]. Previous research has attempted to remove unobserved ability
bias in estimated industry effects by estimating first-difference
specifications of wage equations, which difference out individual fixed
effects [Gibbons and Katz, 1989; Krueger and Summers, 1988; Murphy and Topel,
1987a and 1987b}.

In contrast, this paper explores the unobserved ability hypothesis by
using test scores as error-ridden indicators of ability, and family background
variables as instruments, This approach avoids two potential problems with
using first-difference methods to remove omitted-ability bias from wage

equation estimates of industry effects: the exacerbation of measurement error



from misclassification of industry, and selectivity with respect to industry
changes.l However, this approach may introduce other problems, for two
reasons. First, it depends on using test scores that are correlated with the
type of ability that is rewarded in labor markets. Second, because the test
scores are undoubtedly error-ridden measures of ability, identifying
assumptions are needed to correct for measurement error. Thus, the approach
taken in this paper should be viewed as complementary to first-difference
methods. The results indicate that ability can account for only a small
portion of interindustry (or interoccupation) wage differentials in
cross-section wage regressions. -
II. Incorporating Ability Measures

Unobserved worker quality or ability is modeled as a latent or unobserved
variable, with intelligence test scores serving as error-ridden indicators of
this unobserved variable. Family background variables are used as instruments
for the test scores, to correct for measurement error. This general approach
mimics that used in the extensive literature on correcting for omitted
variable bias in estimating the returns to schooling [Griliches and Mason,
1972; Corcoran, et al., 1976; Chamberlain, 1977; Griliches, 1977; Hauser and
Daymont, 1977; Taubman, 1977}. Because many of the conditions (such as
monitoring difficulties or turnover costs) that might cause the profitability
of paying above-market-clearing wages to vary across industries may also vary
across occupations, we consider the impact of incorporating test scores on
both industry and occupation wage differentials.

The wage equation is assumed to be
(1) w= X8+ Dy + 7AA + o€,

where w is the logarithm of the wage, X is a vector of human capital variables

or other observable measures of labor quality, D is a vector of industry and



occupation dummy variables, A is unobserved ability (usually assumed to be
fixed over time for an individual), ¢ is a randomly distributed error, and 8,
vy and v, are coefficiencs.2 According to the unobserved ability explanation
of industry and occupation wage effects, A is correlated with the elements of
D: in this case cross-section estimates of industry and occupation effects are
biased.

We use two intelligence test scores as error-prone measures of A: IQ and
Knowledge of the World of Work (KWW).3 We assume that the IQ test score is

related to ability through the equation

(2) IQ = A + €1

4

where ¢, is a measurement error uncorrelated with A and with ¢ in (1).

I
Equations (1) and (2) constitute the standard errors-in-variables model. One

possible method for consistently estimating (1) and (2) is to instrument for

IQ with the KWW score. Suppose KWW follows

(3) KWW = 7KA + %

Assuming E(e ) = 0 and E(sz) = 0, KWW is a valid instrument. But this

1°K
assumption will be violated if correlations in the test scores arise from
test-taking abilities (or other factors common across IQ and KWW scores) that
are unrelated to A,

An alternative way to identify the model is through an equation
specifying some of the determinants of A. Let Z denote a vector of family

background variables, such as parents’ education, that may partly determine A.

Consider the model consisting of (1), (2), and the auxiliary equation

(4) A = 272 + €y
Under the assumption that E(zzzl) « 0, the variables in Z can serve as

instrumental variables for IQ. Alternatively, assuming E(eZcK) = 0, the



variables in Z can serve as instruments when using KWW as a proxy for ability.

Using family background variables to identify the model requires that
these variables can be excluded from the wage equation. There is an extensive
debate in the returns-to-schooling literature on the effects of family
background on earnings.5 While there is a broad consensus that family
background has important effects on schooling and ability, the direct effects
of family background on earnings have generated more controversy. Early
research using simple recursive models for ability, schooling and earnings
found that with the exception of parental income, family background variables
such as parents’' education, occupation, or number of siblings affect earnings
only indirectly through ability and schooling [Duncan, 1968; Bowles and
Nelson, 1974; Sewell and Hauser, 1975). But substantial measurement error in
ability measures implies that alternative identifying information is needed to
test the exclusion of family background variables from wage equacions.6 One
route is to choose some of the available background variables as valid
instruments a priori, and then to test the validity of the others. But it is
difficult to justify such distinctions among the available family background
variables. Alternatively, data on siblings [e.g., Chamberlain and Griliches,
1977] or twins [e.g., Taubman, 1976] can provide identifying information; for
example, a sibling’s test score may be a valid instrumental variable for the
respondent’s own test score. Griliches’ [1979] research and review of this
literature finds that family background variables appear to affect earnings
primarily through their effect on schooling and ability; "[t]he market does
not appear to pay for them directly" [p. §59]. Thus, observable family
background variables are apparently valid instruments for ability measures in
wage equations.7

0f course the techniques discussed in this section depend on the

indicators of ability. If test scores are actually unrelated to ability, or
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(more plausibly) if the unobserved ability that 'is rewarded in the labor
market differs from the ability leading to higher test scores, then our
methods cannot adequately test the unobserved ability hypothesis.

III. Data

Our principal source of data is the Young Men's Cohort of the National
Longitudinal Survey (NLS). This cohort was first surveyed in 1966 at ages
14-24, with 5,225 respondents, and re-surveyed at one- or two-year intervals
thereafter. The sample we use is restricted to non-black males. The data set
contains scores from two intelligence tests: IQ and KWW. The IQ scores were
collected as part of a survey of the respondents’ schools conducted in 1968.8
Because respondents had to grant permission for schools to release IQ scores,
and because school records were sometimes incomplete, IQ data are missing for
about one-third of the sample.9 The KWW test examines respondents’ knowledge
about the labor market, covering the duties, educational attainment, and
relative earnings of ten occupations.lo While seemingly much different from an
IQ test, Griliches [1976] found that least squares results for wage equations
using IQ or KWW were quite similar.

We study earnings and their determinants at two points: first, the
earliest year in which wages and other needed variables are available (though
no later than 1973); and second, in 1980. The requirement that wages be
observed at both points, the exclusion of individuals with missing IQ data,
the restriction to non-blacks, and other data availability requirements reduce
the final sample size to 815A11

There are three primary potential sources of selection bias in this
subset of the original sample. First, if IQ scores‘are missing non-randomly
(with respect to the wage equation error), then wage equation estimates based

on the subsample for which IQ scores are available may be biased. Second, an

important determinant of whether an observation was available (particularly



for the early years) was whether the individual had left school and gone to
work, a decision likely to be related to labor market opportunities.
Griliches, et al. {1978] address the influence of these potential sources of
bias in wage equations estimated for the Young Men's Cohort of the NLS. They
cannot reject the hypothesis that the IQ data are randomly missing with
respect to the error term in an equation for IQ.12 Further, schooling and 1Q
coefficients in a wage equation are nearly identical whether they use the
subsample for which IQ is available, or a sample in which missing IQ is filled
in, taking account of potential selectivity bias in the equation used to
predict IQ.13 As a further check on this source of bias, we examine the
robustness of our findings in the larger sample for which KWW is available,
but 1Q is missing. The results of Griliches, et al., also sugpgest that
selectivity into the working sample imparts a downward bias to schooling
coefficients, and an upward bias to coefficients on 1Q. Ignoring this
selection problem should then lead us to overstate the impact of unobserved
ability on wages. Together, the results from this earlier research suggest
that these two sources of bias should not lead to spurious rejections of the
unobserved ability explanation of interindustry and interoccupation wage
differentials. Finally, because we use information from 1980, attrition bias
may be signif:’Lc:-Jm:.]‘/4 Because of this, we examine the robustness of our
results in a sample using data from only the early years of the survey.
IV. Empirical Results

Table I reports raw differences in log wages and test scores by industry
and occupation, for both the early and 1980 observations. These are computed
from regressions of the dependent variables on a set of industry and
occupation dummy variables. A simple summary measure of the importance of
industry and occupation coefficients is their standard deviation. Unweighted

standard deviations are reported below the industry and occupation coefficient
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escimaces.15 There is substantial variation in the wages and test scores by
both industry and occupation (F-tests for equality of the means are rejected
in all cases).

The bottom panel of the table reports correlations (as well as rank-order
correlations) between these raw log wage and test score differentials by
industry and occupation. The correlations of these differentials are often
relatively high; six of the eight correlations are greater than 0.70. These
estimates imply that, on average, there is a fairly high degree of correlation
between average test scores and average (log) wages, both across industries
(within occupaciéns), and across occupations (within industries).

As a preliminary to estimating wage equations controlling for unobserved
ability, in Table II we examine the extent to which differences in log wages
and test scores by industry and occupation persist once the usual human
capital controls are added. The top panel of Table II reveals that
interindustry wage differentials are scarcely diminished, while
interoccupation wage differentials, as measured by their standard deviation,
fall by close to one-chird.17 Similarly, the addition of human capital
controls does more to reduce the standard deviation of test score
differentials across occupations than across industries.

The bottom panel of Table II reports the correlations between these
remaining industry and occupation differentials. Just over half of these
correlations are lower than the raw correlations in Table I, but the
correlations remain quite large. Thus, looking at average differences across
industries or occupations, the unobserved ability explanation appears to
receive strong support. However, these results are only suggestive regarding
the determinants of wages at the individual level, where we ask whether the
test scores (corrected for measurement error) are sufficiently strongly

correlated with individuals' wages to reduce the magnitude of industry or



occupation effects in individual-level wage regressions.

Table III presents OLS and instrumental variables estimates of the early
and late wage equations. The OLS specifications include the test scores and
the family background variables (later used as instruments) as independent
variables in the wage equations, rather than relying on exclusion restrictions
to correct the test score coefficients for measurement error. If therevis
substantial measurement error in the test scores, the reduction in the
estimated standard deviation of the industry and occupation coefficients--when
we include the test scores--will be understated in these specifications. (On
the other hand, including the family background variables may partly offset
the effect of the measurement error.) Compared to the estimates from Table
II, the standard deviation of the industry effects rises slightly for the
early equation (to 0.142), and falls slightly for the 1980 equation (to
0.126). The standard deviation of the occupation effects declines by about
0.01 in both cases. Thus, these results provide little or no support for the
unobserved ability explanation of industry or occupation wage differentials,

For the IV estimates, the model was estimated as a system that includes
the two wage equations and a test score equation. Two sets of estimates are
reported, one using IQ as the indicator of ability, and another using KWW,

The set of family background variables used as instruments is the same in each
specification. 1In all of the specifications, ability enters significantly,
with coefficients roughly five to ten times the magnitude obtained in the OLS
estimates without the measurement error correction. The standard deviations
of the industry coefficients fall by about 10 to 15 percent, relative to the
OLS estimates from Table II, while the standard deviations of the occupation
coefficients fall by about 15 to 30 percent.18

These results were replicated with full information maximum likelihood

estimates of the model, using both IQ and KWW as indicators of ability, using



the LISREL program [Joreskog and Sorbom, 1984]; compared to the IV estimates,
the maximum likelihood estimates indicated a smaller decline in the standard
deviations of the industry and occupation effects, relative to the OLS
estimates in Table II. We also verified that the results were not sensitive
to alternative variable definitions, sample definitions, or model
specifications. These robustness checks included: using two-digit instead of
one-digit industries; expanding the sample to include observations missing IQ
data, using KWW as the only ability indicator; excluding individuals in the
mining industry (who may receive a significant compensating differential);
estimating a model with two ability factors; and restricting the analysis to
data drawn only from the years 1966-1973, to minimize attrition bias.19
Consequently, we conclude that individual-level results such as those in
Table 111 do not support the unobserved -ability explanation of interindustry
and (to a lesser extent) interoccupation wage differentials. Can this
conclusion be reconciled with the apparently contradictory industry- and
occupation-level results in Tables I and II? One interpretation is that the
test scores that we use are only partly correlated with other types of ability
that are rewarded in labor markets; looking at average differentials by
industry or occupation may do more to reduce the effects of measurement error
than does instrumenting with family background measures. However, this
argument implies that results with a richer set of test scores would lead to
larger reductions in industry and occupation effects in individual-level wage
regressions. To examine this question we reestimated the equations in Table
111 using data from the National Longitudinal Survey Youth Gohort, which
contains a richer set of test scores.20 Estimates with these data yielded
reductions in the standard deviations of industry and occupation effects
similar to those reported in Table III. This strengthens the conclusion that

ability as measured by a variety of test scores camnot explain interindustry



and interoccupation wapge differentials in standard cross-section wage
regressions.

Our finding that omitted ability does not appear to significantly bias
estimated industry effects contrasts with the modified first-difference
findings of Murphy and Topel [1987a and 1987b], who reject the "pure" industry
effects hypothesis in favor of the unobserved ability hypochesis.21 But it is
consistent with the measurement-error-corrected results in Krueger and Summers
{1988]), and with first-difference results for workers with exogenous
separations (thus reducing bias from endogenous selection) in Gibbons and Katz
{1989]. The Murphy and Topel [1987b] results may differ for a number of
reasons. First, they use a weekly wage defined as annual earnings divided by
annual hours, on all jobs worked over the course of the year. Because
earnings on both the origin and destination job for industry or occupation
changers are included in this measure, wage changes are likely to be
understated.22 In addition, although Murphy and Topel use the CPS, their
sample may be unrepresentative, since they are able to use only those
individuals who do not change residence when changing industry. To obtain a
rough check on this, we estimated a first-difference model similar to theirs,
using our early and late observacions.23 The resulting estimates are more
consistent with the unobserved ability explanation of interindustry and
interoccupation wage differentials than the estimates in Table III, but not
nearly as much as Murphy and Topel's estimates.za Furthermore, results with
our data indicate that this modified estimator and the standard
first-difference estimator yield similar resulcs.25 Thus, the divergence in
results appears to be attributable to differences in the definition of the

wage, the sample used, and the effects of measurement error.
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V. Conclusion

In this paper, we test the unobserved ability explanation of
interindustry and interoccupation wage differentials by explicitly
incorperating measures of unobserved ability into wage regressions. The
procedure we use may be an improvement over past attempts to account for
unobserved ability using standard first-difference estimators, since it is
less likely to suffer from biases due to measurement error or selectivity.
The major limitation of our approach is that we cannot control for variation
in ability that is not reflected in the test scores Ehat we use as indicators
of ability. Our empirical results imply that interindustry and
interoccupation wage differentials are, for the most part, not attributable to
variation in unobserved labor quality or ability. Our estimates indicate that
just over one-tenth of the variation in interindustry wage differentials, and
less than one-fourth of the variation in interoccupation wage differentials,

reflect differences in uncbserved ability.

University of South Carolina

University of Pennsylvania and National Bureau
of Economic Research
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Endnotes

1. Gibbons and Katz [1989], Krueger and Summers [1988] and Murphy and
Topel ([1987a and 1987b} recognize these problems, and attempt to attenuate
their impact in a variety of ways.

2. In the empirical work that follows, an early and later wage equation
for each individual are estimated. We use two wage observations so that we
can check the consistency of our results across different points in the career
path, and so that we can compute first-difference estimates for comparison
with previous research.

3, Details on these tests are given in Section III.

4. Equation (2) may appear to suggest that the variance of IQ is
necessarily higher than the variance of unobserved ability. But the variance
of the unobservable is identified by normalizing the coefficient of A in
equation (2) to equal one. For example, true ability could have a much larger
variance than I1Q, but have a small coefficient in equation (2).

5. A thorough review is provided in Leibowitz [1977].
6. Griliches [1977] provides a review of this literature.

7. As a check on the robustness of our results, we also calculate the IV
estimates that follow using one test score as an instrument for the other.

8. A wide variety of IQ tests are used in different states; these were
combined on a consistent scale by the Center for Human Resources Research,
which administers the NLS.

9. The KWW tests, in contrast, were administered as part of the initial
survey, and hence are missing very infrequently.

10. Further details are given in Griliches [1976].

11. An important source of missing data is incomplete records in the job
histories that were used to construct a measure of actual experience.

12. The test is based on a comparison of the sum of the likelihoods for an
equation for IQ, estimated with OLS, and a probit for whether or not IQ data
were available, to the likelihood for the joint model that accounts for
selectivity.

13. While results are not reported for other wage equation coefficients
(such as industry or occupation dummy variables, which were not included in
their specifications), the high correlation between schooling and IQ makes it
likely that any bias present would show up in the schooling coefficient.

14. The NLS Young Men's Cohort had about 35 percent attrition by 1980
(Center for Human Resource Research, 1990).

15. The unweighted standard deviation measures the average "effect® of the
industry or occupation coefficients for a randomly chosen industry or
occupation, while the weighted (by employment) standard deviation would
measure the effect for a randomly chosen individual. The conclusions reached
were not affected by using weighted standard deviations, or by correcting the
standard deviations for sampling error.



16. In previous versions of this paper we reported correlations between
wage differentials and test score differentials by industry only or by
occupation only, rather than controlling for industry and occupation
simultaneously. Correlations calculated this way are considerably smaller;
the difference reflects the concentration of workers in occupations with
lower average wages and test scores in industries with lower average wages and
test scores.

17. The industry and occupation coefficients for the wage equations in
Table 11 are similar to estimates from other data sets, both in terms of the
magnitude and variation of industry and occupation differences, and in the
ranking of industries and occupations as high- or low-wage.

18. When we used KWW as the instrument for IQ, or IQ as the instrument for
KWW, the estimated reductions in the standard deviations of the industry and
occupation effects were within the same ranges.

19. Most of these results are provided in an earlier version of the paper.
All results are available from the authors upon request.

20. The NLS Youth Cohort data set includes scores on the Armed Services
Vocational Aptitude Battery, a set of tests of both academic and technical
ability and knowledge. These results are provided in an earlier version of
the paper, available from the authors upon request.

21. Murphy and Topel include cross-sectional OLS estimates of industry
effects for each individual in a first-difference specification. The
coefficients of these variables can be used to test the pure industry effects
hypothesis (for which the coefficient should equal one) against the unobserved
ability hypothesis (for which the coefficient should equal zero). Their
estimate of the industry coefficient i{s 0.27. They estimate a similar
occupation effects coefficient of 0.08.

22. This problem was pointed out by a referee.

23, Ve computed the industry and occupation effects from the full sample,
whereas Murphy and Topel [1987b] use only the non-movers. In our case, the
number of non-movers would be very small (233), and would likely be a highly
select sample, since the interval between observations is so long.

24. Our estimates of the industry and occupation coefficients
(standard errors) are 0.637 (0.126) and 0.429 (0.145).

25. Our first-difference results may differ from those of Murphy and Topel
not only because of the way they construct the wage, but also because of the
longer period of time over which changes are recorded in our data (on average
more than ten years, compared to one year in the Murphy and Topel papers),
suggesting that a higher proportion of reported changers are true changers.

In our sample 71 percent of the respondents change industry, compared to four
percent in their sample. As a result, measurement-error bias is likely to ke
more severe in their sample [Freeman, 1984]. Recognizing this, Murphy and
Topel use an instrumental variables approach.



Table I
Raw Log Wage, IQ, and KWW Differences by Industry and occupation®

Farly 1980
5q wage 10 e Log wags T — =
Industries:
¥Inlng 0.124 -11.138 ~0.873 0.145 0.624 ~1,181
(0.123) (4.5869) (2.502) (0.116) (3.901) (2.06c8)
Construction -0.083 -7.654 ~3.466 -0.022 2.850 -1.296
(0.072} (2.703) (1.480) (0.069) (2.325) (1.238)
Manufacturing- -0.019 -2.493 ~2.160 0.044 1.916 ~0.987
durables (0.063) (2.358) (1.291) (0.064) (2:154) (1,142
Manufacturing- -0.101 -4.578 -2.528 -0.003 1.597 -0.234
nondurables (0.064) (2.372) (1.299) (0.086) (2.216) (1.175)
Transportation, communication -0.029 -3.130 =1.363 0.031 1.963 =-1.222
and public utilities (0.070} (2.626) (1.438) (0.069) (2.337) (1.239)
Trade -0.303 -4.774 -a.509 ~0.200 -1.296 ~2.186
(0.062) (2.3230) (1.276) (0.0€7) (2.269) (1.203)
Finance, insuranc -0.078 -0.651 -0.751 -0.027 2.160 ~1,250
and real satate (0.083) (3.077) (1.685) (0.080) (2.692) (1.a27)
Business and ~0.248 -4.103 -2.207 0.085 0.987 -2.073
repair sarvices (0.088) (3.267) (1.789) (0.097) (3.249) (1.722)
onal aarvices -0.323 -7.664 -3.437 ~3.503 ~6.708
(0.147) (5.484) (3.003) (4.439) (2.353)
Professional and -0.229 ~4.504 -2.380 -0.230 -0.045 -1.465
entartainment services (0.06%) (2.434) (1.333) (0.071) (2.401) (1.273)
Standard deviatlon of 0.141 3.242 1.194 0.136 1.620 1.e10
coefflclients
occu ic
technical 0.343 0.276 14.924 4.199
and Kindrad workers (0.057) (0.092) (3.081) (1.632)
Nanagers, officials 0.263 0.499 11.814 5.824
and propristors (0.064) (0.091) (3.050) (1.617)
Clerical and kindrad 0.044 1.087 3.886 0.128 9.504 Q.924
workers (0.060) (2.203) ) (0.097) (3.278) (1.73¢)
Salas workers o.218 3.626 6.752 0.325 10.576 o
(0.069) (2.551) (1.397) (0.103) (3.467) (1.83r)
Craftsmen, foremen 0.106 -0.356 2.290 o.213 2.939 -0.104
and kindrad workers (0.053) (1.941) (1.062) (0.038) (2.954) (1.566)
Operatives and kindred 0.024 -1.308 2.261 0.060 1.862 -1.806
workers (0.052) (1.922) (1.082) (0.090) (3.040) (1.611)
Service workers -0.134 -3.67% 0.03s 0.074 8.945 ~0.6623
(0.078) (2.904) (1.590) (0.112) (3.782) (2.005)
Standard deviation of 0.157 5.129 2.969 0.176 5.324 2.764

coefficients

Industry

10 KW 10 KWW
Log wage -0.01  0.72 Log wage 0.70  0.62
[0.35] [0.78] [0.37] [0.55]

Qccupatjon

i KWW IQ KwW

log wage 0.94  0.94 Log wage 0.74  0.92

[0.88] [0.93] [0.90] [0.81)
a. Coafficient astimates from r lons of xoq wage, IQ, and KW on industry and occupation du-lx variables,
with no othar control variabl , mxcapt that rly log wa uclud-d for
aar from which the obser ion wam drawn. Public aduinistration ia the omitted industry the
omittad occupltlon. Thers are 815 observations. Standerd errors of coafficient estimates are z.pnrtnd in

aranthes.

g. stnndnrd Paarson correlations ara reportad in first row. Spearsan rank-order correlations are raported

balow, in square brackets.




Table II
Log Wage, 10, and KWW Differences by Industry and Occupation, Including Wage Regression Controls?

vage 1 T RTINS (R

Industries;
-KInlng 0.175 -5.4801 -0.769 0.168 2.144 -1.130

(0.111) (4.261) (2.376) (0.106) (3.829) (1.947)
Construction -0.029 -4.537 -2.541 -0.008 2.078 -0.694
{0.065) (2.%504) (3.297) (0.064) (1.168)
Kanufacturing- -0.013 -1.050 -1.747 0.011 -1.16%
durablea (0.057) (2.180) (1.216) (0.059) (1.079)
Nanufacturing- -0.062 -2.372 -1.578 -0.004 1.277 -0.37%
nondurables (0.057) (2.195) (1.2240) (0.060) (2.006) {1.107)
Transportation, communication -0.006 -1.938 -1.031 ©.037 2.940 -0.900
and public utilitles (0.063) (2.422) (1.351) (0.064) (2.116) (1.168
Trade -0.277 -2.9 -2.870 ~0.201 -1.930
(0.056) (2.185) (1.202) (0.062) (1.133)
rinance, insurance ~0.123 -2.533 ~1.449 ~0.053 ~1.544
and raal extate (0.074) (2.841) (1.584) (0.073) (1.345)
Businexe and -0.240 -1.244 -2.052 o. -1.931
rapair (0.079) (3.024) (1.686) (0.089) (1.625)
Personal -0.249 -6.782 ~2.491 -0.211 -0.057 -5.484
(0.132) (5.070) (2.828) (0.121) (4.027) (2.222)
Professional and -0.229 -6,024 ~2.649 -0.260 -3.139 -2.017
entertainment services (0.0s8) (2.247) (1.253) (0.066) (2.183) (1.204
Standard deviation of 0.141 2.255 ©.8%94 0.131 1.833 1.457
coefficients
sy 2
, technlcal 5.041 3.953 0.239 9.16% 1.978
.nd klndrnd workers (2.083) (1.145) (0.085) (2.831) (1.%62
Managers, officlala 2.676 3.557 0.382 7.909 3.761
4 proprietor (2.239) (1.249) (0.084) (2.784) (1.526)
Clerical and kindred =-0.072 3.081 Q.108 7.270 0.361
workers (2.040) (1.138) (0.090) T (2.977) (1.643)
Sales workers .268 4.706 0.242 7.459 2.489
(2.306) (1.33) (0.095) (3.186) (1.742)
Craftamen, for 1.734 o.259 5.573 -0.053
and kindred Gorkexa (1.017) (0.081) (2.679) (1.479)
Operatives and kindrad 0.006 0.054 1.se9 ©0.132 4.512 -1.092
workers (0.047) (1.782) (0.994) (0.083) (2.761) (1.824)
Service workars -0.136 -1.650 -0.089 0.069 s.842 -0.493
(0.070) (2.687) (1.498) (0.103) (3.424) (1.290)
Standard deviation of ©0.101 2.207 1.774 0.124 3.004 1.681
iclents

rentials

and Test

Industry

Zarly 1920
10 KW 10 K
Log wage 0.13  0.73 Log wage 0.78  0.57
[0.37]) [0.80] [0,65] [0.45]

10 KWW IQ KWW
Log wage 0.83 Log wage 0.53  0.77
[0.86] [0.29] [0.52]

a. Cosfficlent astl

IQ, and KwW on industry and occupatlon dummy varlables.
Othar control varlab ysars of mchoolingr act labor market experiance (and
its aquare ln the 1980 regresaions); dummy variabl for married, spouse presant, and rasidence in the South
and in an SMSAr and In the early log Wage ragression, dummy varlables for the year from whlch the observatlon
was drawn. Public adminlevration ie the omitted industzy.  Laborars is the omitted occupation. Thers are 815
observations., Standard arrors of coafficient estimates are reported in parenth
D atandard Paarson corralatlons are reported in first row.  Spearman rank-order Corxelations are reported
below, in mquare brackets.




Table III

OLS and IV Estimates of Wage Equations with Industry and
Occupation Dummy Variables, NLS sample®’

Early Early . 20 1980
Eariy® 10 a& proxy® KWW as proxy® 1980 IQ as proxy® KwW as proxy®
oLS 1v IV oLs v v
Industries:
Mining 0.19¢ 0.162 0.151 0.189 0.232 0.172 Bl
(0.110) (0.110) (0.107) {0.108) {0.204) (0.102)
Construction ~0.015 -0.018 —0.000 -0.011 -0.060 ~D.022
(0.064) (0.066) (0.068) (0.0863) (0.063) (0.062)
Manufacturing- -0.020 0.010 0.011 ~0.030 0.006
durables (0.055) (0.056) (a.059) (0.083 {0.057)
HManufacturing- -0.053 -0.031 -0.004& ~0.046 -0.028
nondurables (0.056) (0.057) (0.060) (0.059) (0.053)
x‘r-nnpur:auon,
ommunicat. 0.002 ~0.008 -0.000 0.03% -0.001 0.038
ana public Stilitias (0.062) (D.082) (0.,061) (0.063) (0.063) (0.062)
Trade ~0.260 ~0.246 -0.216 -0.193 ~0.204 ~0.184
(0.05%) (0.05¢6) (0.057) (0.062) (0.060) (0.060)
Finance, insurance ~0.114 -0.136 -0.123 =-0.050 -0.105 =0.066
and raal estate (0.073) (0.073) (0.072) (0.073) (0.072) {0.071)
Business and -0.226 -0.245 ~0,219 0.057 0.020 0.052
repair services (0.077) (0.076) (0.077) (0.088) (0.086) {0.085)
Personal services -0.259 -0.216 -0.236 ~0.204 ~0.192 -0.114
(0.131) (0.132) (0.127) (0.121) (0.117) (0.11%)
Professional and .199 -0.184 -0.168 -0.256 ~0.236 -0.230
antertainment services (0.058} (0.061) (0.060) (0.066) (0.065) {0.064)
Standard deviation of 0.142 0.128 0.124 0.126 0.111 0.112
cosfficients
Occupation:
Profeasional, technical 0.155 0.128 0.107 0.214 0.149 0.1%
and kindred workers  (0,054) (0.055) (0.055) (0.085) (0.089) (0.082)
Hanagers, officlals 0.090 ©.065 0.028 0.342 0.232 0.291
and proprietors (0.058) (0. 05/ (0.060) (0.084) (0.o16) (0.082)
Clerical and kindred 0.001 0.00% -0.048 0.097 0.054 0.105
workers (0.053) (0.052) (0.053) {0.089) (0.091) (0.0m6)
Sales workaers 0.102 0.0n3 0.017 0.224 0,176 0.195
(0.062) (0.060) (0.065) (0.095) (0.096) (0.092)
craftsmen, foremen 0.041 0.021 0.008 0.244 0.209 0.251
and kindred workers  (0.047) (0.046) (0.048) 80) (0.081) (0.077)
Operations and kindred =-0.006 -0.007 ~0,022 0.134 0.104 0,148
workers (0.046) (0.045) (0.045) (0.083) (0.082) (D.080)
Service workers -0.132 -0.138 -0.139 0.045 ~0.034 0.040
(0.069) (0.060) (0.068) (0.103) (0.105) (0.099)
Standard deviation of o.088 o.os0 0.070 0.114 ©.102 0.100
coefficiants
other controls
Ability (IQ) 0,001 0.014 JN 0.002 0.020 -
(0.001) {0.004) (0.001) (0.004)
Ability (KWW) 0.007 .. 0.035 0.00% - .03
(0.002) (0.007) (0.002) (0.005}
8chooling 0.032 0.020 .052 0.033 0.041
(0.008) (0.012) (o 013) (0.009) (0.013) (0.010)
&2 0.540 i cae 0.326 [ .

obsarvations.

Public adminiatration ths
ntrol variables
Btandard arroras of coefficient estimat:

b. Family background variablea ara also lnl:lud.d

cuitted industry.
ibad in footnot:

. raportad in

to Tabl

nthases.
In regressions. The

Laborars is the omittad occupation ra
TT ore Cinciudearin @11 speeifi

ily background variabl

are a1s
t lol

£
nuaber of siblings; birth order; father’s sducation; mother’s educaticn; and dummy variables for wissing data

for thaza varial
c. The 1
instrumen

uy b.cquound variablas listed in footnote 2 are excluded frow thesme specifications, and used as





