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THE COMPARATIVE ADVANTAGE OF EDUCATED
WORKERS IN IMPLEMENTING NEW TECHNOLOGY

Ann P. Bartel and Frank R. Lichtenberg*

Abstract—We estimate labor demand equations derived from a
(restricted variable) cost function in which “experience” on a
technology (proxied by the mean age of the capital stock)
enters “non-neutrally.” Our specification of the underlying
cost function is based on the hypothesis that highly educated
workers have a comparative advantage with respect to the
adjustment to and implementation of new technologies. Our
empirical results are consistent with the implication of this
hypothesis, that the relative demand for educated workers
declines as the ages of plant and (particularly) of equipment
increase, especially in R & D-intensive industries

1. Introduction

HE notion of the “learning curve,” which was

evidently first formalized about half a century
ago, has turned out to be a useful and widely
applicable concept in the analysis of production
behavior.! The general acceptance of the learning
curve hypothesis reflects a consensus, as expressed
by Kaplan (1982, p. 98), that “the cost of doing
most tasks of a repetitive nature decrease[s] as
experience at doing these tasks accumulatefs].”
According to the standard learning curve model,
costs decline with accumulated experience, but at
a diminishing rate. In his seminal article on
“learning by doing,” Arrow noted that
A . generalization that can be gleaned from many of the
classic learning expeniments is that learming associated with
repetition of essentially the same problem is subject to sharply
diminishing returns. There is an equilibrium response pattern
for any given stimulus, towards which the behavior of the
learner tends with repetition. To have steadily increasing per-
formance, then, implies that the stimulus situations must them-

selves be steady evolving rather than merely repeating. (1962,
pp 155-156)

The hypothesis that there is a learning curve
associated with a production activity implies that
the duration of experience with the technology is
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! For example, see Dudley (1972), Preston and Keachie (1964)
and Rapping (1965).
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an argument of the cost and production functions,
and that the first and second partial derivatives of
cost (output) with respect to experience are nega-
tive (positive) and positive (negative), respectively.

Despite the recognition that experience “mat-
ters” in cost functions, it has, virtually without
exception, been ignored in modern econometric
analysis of cost and production. Although most
such models include a “technology” variable as an
argument, that variable is supposed to represent
the “level” or “state” of technology (and changes
in it the extent of technical progress) rather than
experience with technology.

The primary objective of most econometric
studies of cost and production is to analyze the
structure and determinants of factor demand. Fac-
tor demand equations are obtained by partially
differentiating the cost function with respect to
factor prices, and setting the derivatives equal to
zero, to satisfy the necessary conditions of pro-
ducer equilibrium. For this reason, whether or not
experience is included in the cost function will
affect the specification of factor demand equations
only if experience affects costs “non-neutrally,”
that is, only if it has other than a purely first-order
effect on costs.

The major hypothesis to be developed and tested
in this paper is that experience does not enter the
cost function “neutrally,” and thus (from a geo-
metric perspective), that ceteris paribus increases
in experience do not result in “parallel” shifts in
the cost function. Consequently, equilibrium shares
of factors in production costs are a function of the
amount of experience with the technology, as well
as of the conventional determinants (e.g., relative
factor prices).

More specifically, we postulate that highly-
educated workers have a comparative advantage
with respect to learning and implementing new
technologies, and hence that the demand for these
workers relative to the demand for less-educated

[1]
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2 THE REVIEW OF ECONOMICS AND STATISTICS

workers is a declining function of experience.?
Nelson and Phelps (1966) incorporated a similar
proposition as an assumption in a simple neo-
classical model of economic growth; Nelson, Peck,
and Kalachek (1967) provided some interesting
anecdotal evidence; in the only econometric study
of the subject, Welch (1970) estimated a model of
relative earnings of workers by education category
on cross-sectional U.S. farm data. His analysis
refers only to agriculture, and evidence from other
sectors is clearly needed to determine the validity
and applicability of the hypothesis. The purpose
of our paper is to provide such evidence, using
what we believe are superior measures of experi-
ence on a technology.

In the next section of the paper the previous
literature is reviewed. In section III we formu-
late an econometric model of the demand for
highly-educated workers, derived from a cost
function in which experience enters non-neutrally.
The model is estimated on a panel of 61 U.S.
manufacturing industries observed in 1960, 1970,
and 1980; the results are given in section IV. A
brief summary and conclusions follow.

II. Theoretical Perspectives and
Literature Review

This section has three main objectives. We be-
gin by attempting to provide a theoretical justifi-
cation for the hypothesis that the demand for
educated, relative to uneducated, workers declines
with experience on a technology. We then dis-
tinguish this proposition from others concerning
the relationship between education and technical
change. Finally, we review existing evidence ap-
posite to our hypothesis.

A. Hypotheses Regarding Education and
Technology

Two premises—one about the impact of the
introduction of new technology on the production
environment, the second about differences in the
way educated and uneducated workers function in

2 We are agnostic as to the extent to which this advantage
derives from skills conferred by education as opposed to an
alternative (selection) function of education—in other words,
how much school produces “learming ability,” versus how
much (exogenously) better learners choose to attend school

that environment—are sufficient to justify our hy-
pothesis about the effect of experience on a tech-
nology on the structure of labor demand. The first
premise is that the degree of uncertainty as to
what constitutes effective task performance de-
clines with experience on a technology. The re-
placement or modification of an existing tech-
nology by a new one represents a major “shock”
to the production environment, and workers (and
perhaps management as well) initially are very
uncertain as to how they should modify their
behavior. The transition from old to new tech-
nology results in job tasks and operating proce-
dures which are not only different but, in the short
run at least, less well-defined. Wells (1972, pp.
8-9) has argued, in the context of the “product
life-cycle” model, that in its infancy “the manu-
facturing process is not broken down into simple
tasks to the extent it will be later in the product’s
life.”

The second premise underlying our hypothesis
is that the productivity of highly-educated relative
to less-educated workers is greater, the more un-
certainty characterizing the production environ-
ment. Nelson and Phelps (1966, p. 69) argue that
“education enhances one’s ability to receive, de-
code, and understand information.” Presumably
this is why, according to Welch (1970, p. 47),
“educated persons. .. can distinguish more quickly
between the systematic and random elements of
productivity responses.” When a new product or
process has recently been introduced, there is
“more (remaining) to be learned” about the tech-
nology, and there is a greater premium on the
superior “signal-extraction” capability of educated
labor.

Before considering the existing empirical evi-
dence and our own new results, it behooves us to
contrast the hypothesis developed above to two
other propositions about the relationship between
education and the introduction of new technology,
or technical change. These contrasts involve two
distinctions, one between the adoption and the
implementation of new technology, and the other
between the shorr-run and long-run impact of
technical change on skill or educational require-
ments.

There is abundant evidence, from studies of
both consumer and producer (entrepreneur) be-
havior, that more highly-educated individuals tend
to adopt innovations sooner than less-educated
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individuals.> Our hypothesis, however, is that
educated workers have a comparative advantage
with respect to the implementation of innovations,
which occurs following, and conditional on, adop-
tion. (The learning curve depicts the improvement
in performance following adoption of a new tech-
nology.) Under the hypothesis about the relation-
ships between education and adoption, on the one
hand, and education and implementation, on the
other hand, the directions of causality between
education and innovation are opposite. Education
“causes” individuals to adopt (earlier); the adop-
tion of an innovation (which requires implementa-
tion for full realization of benefits) “causes” in-
creased relative demand for educated workers.
While there is, then, a kind of “simultaneity” with
respect to the relationship between education and
innovation, we argue below that the (single) equa-
tion we estimate is part of a recursive simulta-
neous equations system that can be consistently
estimated by ordinary least squares (OLS).

The second hypothesis from which we wish to
distinguish our story might be referred to as the
“biased technical change hypothesis.” If technical
change is biased or nonneutral, the transition from
an old to a new technology will resuit in perma-
nent changes in equilibrium factor shares, holding
output and relative factor prices constant.* Mod-
els incorporating biased technical change abstract
from the process of implementing new technolo-
gies (which is precisely our concern); the implicit
assumption is that the structure of factor demand
does not vary after adoption. Our hypothesis is
that the process of adjustment to (implementation
of) the new technology is educated-labor-using.
We do not venture to speculate as to whether in
long-run equilibrium, new technologies are more
educated-labor using than the technologies which
they replace.’ It is an implication of our hy-

? See Wells (1972), p 9, and Nelson and Phelps (1966), pp. 70
and 72. Wozniak (1984) found that farm operators with more
education are more likely to be adopters of innovations than
operators with less education, but that education did not affect
the utilization of an innovative input several periods after its
introduction.

4 A general framework for analyzing technical change biases
was developed by Binswanger (1974). Examples of studies that
tested the biased technical change hypothesis are Levy et al.
(1983) and Denny and Fuss (1983).

* We agree with Binswanger (1974) p. 975, however, that
long-run technical change biases may be endogenous, de-
termuned by relative factor prices, although his evidence sug-

pothesis, however, that sectors or industries char-
acterized by high rates of innovation, which are, as
a result, continuously implementing new technolo-
gies, will tend to create the most opportunities
(demand) for highly-educated workers.

B.  Previous Work on “Experience on a
Technology” and Labor Demand

We turn now to a brief summary of the existing
evidence concerning the relationship between “ex-
perience” on a technology and the education-
structure of labor demand. Bright (1961) observed
that the skill requirements of jobs in several in-
dustries first increased and then decreased sharply
as the degree of mechanization grew. This finding
is consistent with the hypothesis that the process
of adjustment to new technology is skilled-labor-
using, and that technical change is biased in favor
of unskilled labor.

Nelson et al. provide some anecdotal evidence
on the tendency of the average educational attain-
ment of workers to decline as a technology ma-
tures:

The early ranks of computer programmers included a high
proportion of Ph.D mathematicians; today, hgh school
graduates are being lred. During the early stage of transistors
chemical engineers were required to constantly supervise the
vats where crystals were grown. As processes were perfected,

they were replaced by workers with less education. (1967,
p 144-145)

Welch (1970) investigated the relationship be-
tween the demand for labor by education category
and an indicator of experience (actually, an indi-
cator of the “newness” of inputs, or of the lack of
experience) using 1959 cross-sectional (state) farm
data. Welch implicitly assumed that workers (at
least in some educational categories) were immo-
bile across states, so that wages were not equalized
across states. In his model relative wages by edu-
cation class are endogenous, determined by (exog-
enous) gquantities of labor by education class,
nonlabor inputs, and the “newness” indicator, in
addition to other variables. The measure that he
uses to proxy the rate of flow of new inputs (hence
the degree of inexperience with the technology) is
a weighted average of expenditures per farm for
research over the past nine years. Welch found
that the wage rate of college graduates relative to

gests that “it takes very substantial changes in factor prices in
order to perceptibly influence the biases.”
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that of “laborers with conventional skill” was
positively and significantly related to research ex-
penditures. But because, as he argues, “agriculture
is probably atypical inasmuch as a larger share of
the productive value of education may refer to
allocative ability than in most industries” (1970, p.
47), evidence from other sectors (and perhaps
based on different assumptions and methodology)
is needed to determine the validity and applicabil-
ity of the hypothesis.

III. Econometric Specification

In this section we specify a cost function in
which the age of the technology enters non-neu-
trally with respect to labor input classified by
education, and derive from it a labor demand
equation to be estimated below.

In view of the issues we wish to explore, it is
convenient and, we think, reasonable to specify a
model of fotal labor cost rather than a model of
total cost of production (the sum of labor, capital,
and materials costs). Abstracting from materials
cost is acceptable if raw materials are separable
from primary inputs in the total-cost function.
Although there is evidence against such separabil-
ity, the failure of this assumption to hold is un-
likely to affect our estimates or hypothesis tests
regarding the effect of “age” on the structure of
labor demand. If one hypothesizes that capital is a
“quasi-fixed” input that producers cannot adjust
freely in response to relative price changes, it is
appropriate to specify a restricted variable cost
function, according to which minimum variable-
input cost is determined by variable input prices,
the stock of capital, output, and perhaps other
variables.® Since we are excluding materials inputs
from consideration, total variable cost reduces to

total labor cost.
To keep the model as simple as possible, we

postulate there to be only two categories of labor
(“highly educated” and “less educated”), and
specify the following general form for the re-
stricted variable or total labor cost function:

TLC = f(W,,W,, AGE, K,Q,T)

(1)

¢ See Mohnen et al. (1986) for a detailed discussion of
restricted variable cost functions.

(> onveiaht & 2004

where

TLC = total labor cost

W, = wage rate of highly-educated workers
W, = wage rate of less-educated workers
AGE = age of the technology
K = stock of quasi-fixed capital (plant and

equipment)
Q = real output
T = index of the state of technology.

The minimum total labor cost of producing a level
of output Q using a capital stock X and a tech-
nology of state T and age AGE, given wage rates
W, and W,, is determined by equation (1). It is
convenient to define a four-element (row) vector
Z, where

Z, = AGE
Z,=InkK
Zy=InQ
zZ,=T,

so that we can rewrite (1) as

TLC = f(W,, W,, Z). (2)

We assume that equation (2) can be approximated

by the translog function
InTLC = gy + ayIn W + a,In W,

+ %[all(ln W1)2 + ap,(In W, )(In W)

+ ay (InW,)(In W,) + ayy(in ;)Y
+ X [8z + 8,,(nw,)(z,)
J=1

+ B, (Inw,)(Z)]. (3)

(We suppress quadratic and interaction terms
among the Z, which would vanish in the first-order
conditions.) Shephard’s lemma implies the follow-
ing necessary condition for cost-minimization:

dInTLC

—_— = =1
(91nI/I/I Sl (l ’2)

(4)

where S, = share of i labor category in total
labor cost. Differentiating equation (3) with re-
spect to In W, imposing the usual symmetry and
homogeneity restrictions, and using the equi-

AbleRigHiiouR oo
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librium condition (4), we obtain

S, = a; + ayIn(W,/W,) + ZBlJZj
J

(5)

where S, = share of cost of highly-educated labor
in total labor cost. Equation (5) implies that, in
general, the equilibrium share of educated-labor’s
cost in TLC is determined by relative wages and
by AGE, K, Q, and T. The central hypothesis we
wish to test is that 8, < 0, i.e., that increases in
experience with, or in the age of, the technology
lead to reductions in S;. We allow for nonzero 8,
(J = 2,3,4) because it is plausible that K, Q, and
T also determine S; and because (as we discuss in
detail below) these variables are potentially corre-
lated with AGE. According to the “capital-skill
complementarity” hypothesis, for example, f8,, >
0, and if the TLC function is nonhomothetic and
characterized by nonneutral technical change, £,
and B,, will also be nonzero.

Factor-share equations are conventionally esti-
mated on time-series data for a given industry or
sector, which is reasonable under the hypothesis
that cost-function parameters are invariant over
time (but not necessarily across industries). In our
empirical work, however, we estimate S,-equations
on a panel of 61 industries each observed in the
(Census of Population) years 1960, 1970, and 1980.
There are several reasons for taking this approach.
First, reasonably good estimates of the distribu-
tion of employment and labor cost by education
and industry are available only in Census years.
One could, of course, estimate equation (5) on
aggregate time-series data, but even at the aggre-
gate level, annual data on S; would be subject to
substantial measurement error. Moreover, it is
much less reasonable to maintain the convenient
assumption that (relative) wage rates are exoge-
nous at the aggregate level than it is at the in-
dustry level.

The equations which we actually estimate on
our panel are vanants of the following “fixed
effects” or “analysis of covariance” model:

Sike = Ye + § + BnAGE,, + B,In K,
+B1:In Qy, + €4, (6)

where the double kr-subscript refers to the value
of the variable for industry k in year ¢, and € is a
disturbance term. By including the industry effects
Y. we control for the effects of any permanent

differences across industries in unmeasured de-
terminants of S;; the time dummies, {,, control
for the effects of changes over time in unmeasured
determinants which are common to all industries.
Within this econometric framework the coeffi-
cients on the covariates AGE, K and Q capture
the partial relationships between deviations of
these variables from their respective industry
means and deviations of S,, from its respective
industry mean. A heuristic interpretation of our
estimation procedure is that it reveals whether an
industry which experienced an increase in AGE
above the average experienced by all industries
between, say, 1960 and 1970, had a (significantly)
below-average increase in S; during that period.

The reader will note that whereas equation (5)
includes the relative-wage variable and the tech-
nology index T on the right hand side, these
variables are absent from equation (6).” We can at
least partially justify the omission of these vari-
ables from our estimating equations on the follow-
ing grounds. In contrast to Welch, we assume that
both types of labor are mobile across industries in
the long run, so that (relative) wages are both
equalized across industries and exogenous to any
given industry in any particular year. Under this
assumption all of the relative-wage variation in
our sample is in the time-dimension, and this
variation is controlled for by the presence of time
dummies.?

T, the index of the state of technology, is ex-
cluded from equation (6) because we lack in-
dustry- and year-specific data on this variable. To
the extent that the total sample variation in T is
accounted for by permanent interindustry dif-
ferences and by changes common to all industries,
T is controlled for by the industry- and year-

" Data on relative wages are not available by industry. Even
if such data were available, under the hypothesis of interin-
dustry labor mobility, the observed variation in relative wages
across industnies would reflect variation in (relative) ““labor
quality” and other measurement error, rather than variation in
the true user cost of labor.

8 It is true that the effect on S, of a given change in relative
wages will be different 1n industries with different elasticities of
substitution between the two types of labor (and hence differ-
ent values of a;,); we might think of the time dummies as
capturing, inter alia, the product of the year-specific relative
wage and the mean across industries of a;,. Indeed under
suitable assumptions we can interpret all of our parameter
estimates (e.g., B,,) as means of the respective distributions of
parameters across industries.

Copyright © 2001 All Rights Reserved
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effects.® We recognize, however, that industries
experience different rates of technical change, so
that not all of the variation in T will be captured
by the fixed effects. Of course, if technical pro-
gress is, in reality, neutral with respect to the
structure of labor demand, then we do not commit
a specification error by omitting 7 from the share
equation.

We turn now to an issue of obviously critical
importance in our research design—the measure-
ment of “age of the technology.” The age or
“newness” of the technology is for us, as it was
for Welch, not directly observable. As noted above,
Welch used R& D expenditure as a proxy for
“newness” of inputs. We also find industries’
R & D spending to contribute to the explanation
of the observed variation in S;, but in a way
different from that hypothesized or investigated
by Welch. Our proxy for the age of an industry’s
technology is the age of its capital stock (or the
ages of its two components, plant and equipment).

If one accepts the notion of embodied techno-
logical change, then the age of the capital stock is
identical to the age of the technology.!? Even if
technological change is not completely embodied,
we expect there to be a strong relationship be-
tween the age of the capital stock and the age of
the technology. The link between the age of capital
and the age of technology results from the as-
sumption that the introduction of new technology
increases equilibrium industry output, due to both
demand increases arising from product innova-
tions and cost reductions arising from process
innovations. Output increases in turn lead to a
higher rate of investment and a younger capital
stock.”! The link can also be interpreted as con-
sistent with the product life cycle approach (Wells,

°In fact, specifying time dummues is somewhat less restric-
tive than specifying a time trend, the proxy for T frequently
employed in previous econometric factor-demand studies, such
as Binswanger (1974) and Levy, Bowes, and Jondrow (1983)

' Much of the neoclassical growth hiterature on embodied
technical change 1s predicated on the assumption that “ techno-
logical progress must be embodied in design changes built into
new machines alone.” (See Burmeister and Dobell (1970), p
90.) We do not need to assume that machines purchased at
time r embody technology of vintage 1. We require only the
weaker assumption that the technology embodied in new ma-
chines 1s newer, on average, than the technology embodied in
existing machines.

1 Jorgenson’s 1971 survey of the literature on investment
concluded that output was clearly the major determinant of
investment in fixed capital

1972), according to which early in a product’s life,
a low capital to labor ratio is used because of
frequent design changes. Once a stable production
technique is established, intense capital invest-
ment occurs, thereby producing a correlation be-
tween age of the capital stock and age of the
technology in a cross section of industries.

Before turning to our empirical analysis, we
wish to make several econometric points. First,
two comments regarding our proxy for AGE. The
mean age of the capital stock is, like (the quantity
of) the capital stock itself, determined by the past
history of investment. Thus one can view an equa-
tion including the mean age variable as a specifi-
cation including a very restricted distributed lag
on past investment. In principle, it might be de-
sirable to relax this restriction, and to include an
unconstrained distributed lag, but this would be
likely to introduce severe multicollinearity and
render the interpretation of our estimates difficult.
Second, we recognize that a significant fraction of
investment may involve simply replacing old
capital with capital of similar design, as opposed
to the installation of capital embodying new tech-
nology. We try to take account of this by allowing
the effect of changes in capital age on S, to
depend on an industry’s own and “embodied”
R & D-intensity. In any case, however, the fact
that some or even most investment is merely “re-
placement” investment implies that the mean age
of capital is a “noisy” (error-ridden) indicator of
the age of the technology, which should render our
hypothesis tests on B, strong tests (i.e., biased
towards acceptance of the hypothesis that 8, =
0)‘12

Finally, a comment regarding “simultaneity.”
While we noted above that there is a sense in
which the relationship between AGE and edu-
cation is “simultaneous,” we submit that equation
(6) can be viewed as part of the following recursive
two-equation system:

relative employment = f( AGE, relative wages, Z)
AGE = f(relative wages, X)

where X represents such factors as technological
opportunities and growth in product demand, and

12 Griliches (1984) has shown that the well-known measure-
ment-error-induced bias-towards-zero result of the bivanate
regression model generalizes, under suitable conditions, to the
multivanate case.

Canuright @ 20041 Al Bighis Basanad
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Z reflects determinants of relative employment.
Because, under our assumptions, labor is perfectly
mobile across industries, there is no reason for
decisions by producers in an industry to introduce
new technology to be based on relative guantities
of labor employed in the industry; as we suggest
in the conclusion, however, they will be based on
relative wages. Labor mobility, as observed above,
implies that relative wages would be equalized
across industries, and thus controlled for by the
time dummies. Since the above system is recursive,
the first equation can be consistently estimated by
OLS.

IV. Empirical Analysis

A. Data

Variants of equation (6) are estimated on a
pooled cross-section time-series data set contain-
ing 61 manufacturing industries in each of the
years 1960, 1970 and 1980.!* Data on the demo-
graphic characteristics of the workers in these
industries were obtained from the Labor Demo-
graphics Matrices of the Bureau of Industrial Eco-
nomics (BIE). Information on the age and the
quantity of the industry’s capital stock is taken
from the Bureau of Industrial Economics’ Capital

13 The 61 industries are the industry sectors used by the BIE
for their labor demographic matrices.

Stocks Data Base. Data on real output are from
the Census/SRI /Penn Data Base which is derived
primarily from the Annual Survey of Manufac-
tures and the Census of Manufactures,'* and fi-
nally, information on the R & D intensity of each
industry is obtained from the technology matrix
constructed by Scherer (1984).

B. Basic Results

The results of estimating variants of equation
(6) by OLS are shown in table 1.1° The dependent
variable is the share of labor cost attributed to
highly educated workers, defined as those with
greater than a high school education. Since our
data set does not report labor cost, we approxi-

14 See Griliches and Lichtenberg (1984b) for a complete
description.

15 We tested for first-order serial correlation of the residuals
by estimating a version of equation (6) that included lagged
dependent and independent variables; the coefficient on the
lagged dependent variable may be interpreted as an estimate of
p, the autocorrelation coefficient. The point estimate and t-ratio
of p were, respectively, 0.044 and 0.33, so we could not reject
the null hypothesis of serially uncorrelated residuals. Since the
frequency of our data is decennial, the low estimated value of p
1s not surprising. (The quarterly autocorrelation coefficient
implied by our estimate, 1740 = 044 9% < 925, is, however,
quite high) Because p was estimated to be very small and
insignificant, and also because, as Brown (1985) observes, GLS
(generalhized least squares) does not necessarily yield smaller
true standard errors than OLS when p is estimated, we did not
pursue estimation by GLS.

TABLE 1.—DEPENDENT VARIABLE: LABOR COST SHARE OF EMPLOYEES WITH 13 + YEARS OF EDUCATION
(t-statistics in parentheses)

Independent
Variable 6] ) 3 4 (5 (6) @] (8)
AGECAP —0.0074
(—2.66)
AGEEQ —0.0086 -00078 -0.0063 —0.0065
(—2.60) (-242) (—1.90) (—1.93)
AGEPL —0.0017
(—0.88)
AGEEQ * -04821
OWNRD (—2.86)

AGEEQ « —0.6954
IMPRTRD (—-1.71)
Log (REAL 0.0321 0.0069 0.0161 00143
CAPITAL STOCK) (2.67) (0.38) (0 87) (0.73)
Log (REAL OUTPUT) 0.0360 0.0315 0.0227 0.0325

(3.29) (1.94) (1.38) (2.00)
R? 0.962 0962 0.961 0.964 0.964 0.964 0.966 0.964
N 183 183 183 183 174 174 174 174

Note All equations include year and industry dummues, which are in all cases jointly highly staustically significant The independent vanables are defined 1n
the text The employment share of workers with 13+ years of education was 0 158 1n 1960, 0 190 1n 1970 and 0 271 in 1980 The mean age of the capital stock

was 9 25 years 1n 1960, 918 1n 1970 and 9 45 1n 1980
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mate it by using the information on employment
in the following way. We have two classes of
workers: highly educated (L,) and less educated
(L,). Define (/= L,/(L, + L,)) which is L,’s
share in total employment; and w = W,/W,, the
ratio of less educated to highly educated wages.
Then it can be shown that L,’s share in labor cost
is given by!®

Si=(1+e(-1)" (7)
We have information on / from the BIE and we
can obtain an estimate of w in each of the years
1960, 1970 and 1980 from the Current Population
Reports.!” Since we assume « is constant across
industries for any given year, the cost share is
simply a nonlinear transformation of the employ-
ment share.!8

Columns (1), (2) and (3) of table 1 report regres-
sions using alternative measures of the age of the
capital stock and omitting In K and In Q; the first
column uses the average age of the plant and
equipment combined (AGECAP) while the sec-
ond column uses the average age of equipment
only (AGEEQ) and the third uses the average age
of plant only (AGEPL)."® While AGECAP and
AGEEQ both have the hypothesized signs and are
significant, AGEPL does not have a significant
effect. This is not surprising since technology is
more likely to be embodied in the industry’s
equipment. The insignificance of AGEPL is also
important because it casts doubt upon an alterna-
tive interpretation of the negative effect of
AGECAP. The alternative argument is that indus-
tries that are relocating their plants to developing

16 Since
Sy = MLy/(W Ly + WLy) = 1/(1 + w(Ly/Ly)).

7 From the Current Population Reports, we calculate the
ratio of mean total earnings of year-round full-time workers
with 13+ years of education to the comparable mean for
workers with less than 13 years of education. The values of the
ratio are 0.59 in 1960, 0.62 in 1970 and 0 68 1n 1980.

'8 The results we present below are virtually identical to
those that use the employment share.

19 According to Arrow (see quote in introduction), we should
expect diminishing returns to learning. This implies that a
nonlinear specification of the age variable is appropriate. In
regressions not reported here, we tned the logarithm of AGE
and the inverse of AGE and found that the #-statistics on these
variables were virtually identical to the r-statistics on AGE
reported in table 1. Since the linear version fits equally well
and is considerably easier to interpret, we only report the
linear results in this paper.

regions such as the South are more likely to in-
crease their share of educated workers because
they will be hiring new labor force entrants who,
on average, have more education. If this argument
were correct, AGEPL would have a negative and
significant coefficient. In the remainder of table 1,
we use equipment age to measure the age of the
technology in the industry.

While the negative and significant effect of
AGEEQ in column (2) strongly supports our hy-
pothesis regarding the superior ability of educated
workers to adapt to new technology, it is likely
that changes in AGEEQ are highly correlated
with the growth rates of the capital stock and of
output in the industry; ie., growing industries
have newer equipment. In order to control for
this, columns (4), (5) and (6) in table 1 add the
logarithms of the real capital stock and real out-
put to the cost share equation. When only the log
capital stock is added to the equation, its coeffi-
cient is positive and significant (and the coefficient
on AGEEQ remains negative and significant), a
finding consistent with the “capital-skill com-
plementarity” hypothesis. Because growth in the
capital stock and in real output tend to be highly
correlated across industries, the output term in
column (5) has a coefficient similar to the capital
term in column (4) and a similar effect on the
AGEEQ coefficient, although it reduces its signifi-
cance somewhat more. When both the capital and
output variables are included (column (6)), only
the output variable is significant, and AGEEQ
remains significant.

These estimates appear to provide rather strong
support for our hypothesis about the effect of the
introduction of new technology on the relative
demand for educated workers. We can gauge the
magnitude of this impact in the following way.
Consider the two industries with maximum and
minimum sample values of AGEEQ: (1) Wood
Containers, in which, in 1980, the mean age of the
equipment is 8.66 years and the labor cost share of
highly educated workers is 0.307 and (2) Elec-
tronic Components and Accessories in which, in
1980, the mean age of equipment is 5.19 years and
the labor cost share of highly educated workers is
0.433. According to the estimated parameter on
AGEEQ in column 6, 18% of the observed dif-
ference in the labor cost share of highly educated
workers between these two industries is due to the
difference in the ages of their equipment.
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TABLE 2.— EFFECTS OF AGE OF TECHNOLOGY ON EMPLOYMENT SHARES OF WORKERS
WITH 13 + YEARS OF EDUCATION, WITHIN SPECIFIED AGE GROUPS

1) )
AGEEQ AGEEQ « OWNRD
Age Group® b t b t
1. 14-17 -0.0021 (-1.08) —0.0189 (~194)
2. 18-24 —0.0071 (-1.72) —0.0400 (—1.90)
3. 25-34 -0.0074 (—1.85) —-0.0781 (—4.06)
4. 35-44 —0.0024 (—0.66) -0.0352 (—1.88)
5. 45-54 —0.0033 (—0.74) —-0.0241 (-1.07)
6. 55 + —0.0030 (-071) —0.0024 (-011)

Note Each parameter shown here comes from a separate regression equation Every equation also includes the log
of the real capital stock, the log of real output, a vector of industry dummy vanables and a set of time dummy

variables

2The means of the employment shares of workers with 13+ years of education are as follows

1960 1970 1980

14-17 00064 0005 0009
18-24 (0149 019 0218
25-34 0214 0236 0354
35-44 0166 0210 029
45-54 0127 0170 0235
55 + 0107 0132 0204

L R N S

C. The Role of R& D

Up to this point, we have been assuming that
the effect of AGE on the distribution of labor cost
is constant across industries. It is reasonable to
hypothesize, however, that the impact on S of a
change in AGE will be greater in more R & D-
intensive industries. This is because new capital is
most likely to embody new technology in
R & D-intensive industries. In order to test this
hypothesis, we replaced AGEEQ by the interac-
tion of AGEEQ with the industry’s 1974 R & D-
intensity.?® We use two different measures of R &
D-intensity. The first is OWNRD which equals the
ratio of the industry’s 1974 R & D expenditures
to its 1974 nominal output. The second is
IMPRTRD which is the ratio of 1974 R& D
“imported” from other industries, i.e., embodied
in products purchased from other industries, to
1974 nominal output. In principle, we might ex-
pect dS,/3dAGE to depend more on IMPRTRD
than on OWNRD because IMPRTRD measures
the R & D that is embodied in the industry’s capital
stock. However, as can be seen in columns (7) and
(8), the effect of AGEEQ is more significant when
we use OWNRD rather than IMPRTRD, prob-
ably because of the large amount of error in

20 Time-series data on R & D-intensity by industry are not
available for our industry classification. However, industries’
relative R & D-intensities are generally thought to be very
stable over time.

measuring JMPRTRD.?' Further, when AGEEQ
and AGEEQ* OWNRD are used together, the
coefficient on AGEEQ is not significant, while the
interaction term is.?> These findings demonstrate
that the effect of the age of technology on the
labor cost share of highly educated workers de-
pends upon the R & D intensity of the industry.

D. Controlling for the Age of Employees

Although the significant negative effects of
AGEEQ in table 1 lend strong support to our
guiding hypothesis, there is potentially an alterna-
tive interpretation of the results. The industries
that have been most innovative are also likely to
be hiring many new employees, and these new
hires will be younger, on average, than the expe-
rienced workers in the industry. Since average
educational attainment has been increasing over
the period we are studying,? it is possible that the
coeflicients observed in table 1 are simply due to

% See Scherer’s (1984) discussion of the complicated al-
gorithm in constructing imported R & D. Griliches and
Lichtenberg (1984a) also found that the imported R & D vari-
able had an insignificant effect on productivity growth, holding
OWNRD constant, again suggesting the existence of substan-
tial measurement error in this vaniable

22 The t-value on AGEEQ is —0.37 and the t-value on
AGEEQ*OWNRD is —2.11.

2 The percentage of the civilian labor force aged 16 and over
that had completed at least one year of college was 18.9 in
1960, 26.2 in 1970 and 35.1 in 1980.
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the entrance of young educated workers into the
labor market. We can address this problem by
estimating the employment share equation sep-
arately for different age groups.?* If the adjust-
ment hypothesis is correct, then we should still
observe a negative effect of the age of technology
on the employment share of educated workers
within age groups. The results are shown in table
2, where we tried two specifications. In column (1)
we assumed that the effect of AGEEQ does not
vary across industries and in column (2), we as-
sumed that AGEEQ’s effect is a function of the
R & D intensity of the industry. Recall from table
1 that the latter specification produced much
stronger results. In column (2) of table 2, we see
that four out of the six parameters are negative
and significant. The hypothesis regarding the su-
perior ability of educated workers to adjust to new
technology is borne out for employees under age
45. The insignificance of the parameters for
workers over age 45 can be explained in one of
two ways. First, firms may be unable to adjust the
composition of their senior workers because of
seniority rights regarding layoff and discharge. A
second explanation is that the value of education
depreciates such that individuals educated more
than twenty-five years ago are no better able to
adjust to new technology than their less educated
peers. The estimates presented in table 2 show
that our finding of a significant ceteris paribus
relationship between the educated labor share and
the average age of equipment is not merely reflect-
ing a relationship between changes in the age-
structure of an industry’s workforce and of its
capital stock.

V. Conclusions

In this paper we have estimated variants of a
labor demand equation derived from a (restricted
variable) cost function in which “experience” on a
technology (proxied by the mean age of the capital
stock) enters “non-neutrally.” Qur specification of
the underlying cost function was based on the
hypothesis that highly educated workers have a
comparative advantage with respect to the adjust-
ment to and implementation of new technologies.
Our empirical results are consistent with the im-

241t is quite likely, however, that the employment share of
educated workers by age group is subject to substantially
greater measurement error than the overall educated employ-
ment share.

plication of this hypothesis, that the relative de-
mand for educated workers declines as the capital
stock (and presumably the technology embodied
therein) ages. According to our estimates, the edu-
cation-distribution of employment depends more
strongly on the age of equipment than on the age
of plant, and the effect of changes in equipment
age on labor demand is magnified in R & D-
intensive industries.

The evidence we have provided has several im-
portant policy implications. First, it suggests that
macroeconomic policies which affect rates of in-
novation and investment (particularly in equip-
ment) will affect the relative demand for workers
classified by education, and hence the aggregate
skill distribution of employment and earnings.
Thus, policies such as the investment tax credit,
accelerated depreciation, and liberalization of an-
titrust restraints on R & D joint ventures, will be
expected to increase highly-educated workers’
share in labor income. Our results may also have a
bearing on the role of government education policy
in promoting economic growth. In particular,
government subsides and other policies which tend
to encourage the acquisition of education and
increase the relative supply of highly-educated
workers, will be expected to accelerate the rate of
diffusion of new industrial technologies by lower-
ing the costs of adjustment and implementation.

REFERENCES

Arrow. Kenneth, “The Economic Implications of Learning by
Doing,” The Review of Economic Studies (1962),
155-157

Binswanger, H., “The Measurement of Techmcal Change Bi-
ases with Many Factors of Production,” American Eco-
nomic Review 64 (Dec. 1974), 964-976.

Bright, James R., “Does Automation Raise Skill Require-
ments?” Harvard Business Review, 1961

Brown, Charles, “Military Enlistments: What Can We Learn
from Geographic Variation?” American Economuc Re-
view 75 (Mar. 1985), 228-234

Burmeister, Edwin, and A Rodney Dobell, Mathemarical The-
ories of Economic Growth (New York: Macmillan, 1970).

Denny, M., and M. Fuss, “The Effects of Factor Prices and
Technological Change on the Occupational Demand for
Labor: Evidence from Canadian Telecommunications,”
Journal of Human Resources 17 (2) (1983), 161-176

Dudley, Leonard, “Learning and Productivity Change in Metal
Products,” American Economic Review 62 (Sept 1972),
662-669.

Griliches, Zvi, “Data Problems in Econometrics,” NBER
Techmcal Working Paper No. 39, July 1984 (forthcom-
ing as chapter 25 in Handbook of Econometrics, Vol 3,
edited by Z. Griliches and M. Intriligator

Griliches, Zvi, and Frank Lichtenberg, “Interindustry Technol-
ogy Flows and Productivity Growth: A Re-examina-
tion,” this REVIEW 66 (May 1984a), 324-328.




EDUCATED WORKERS AND NEW TECHNOLOGY 11

, “R&D and Productivity at the Industry Level: Is
There Still a Relationship?,” in Zvi Griliches (ed.),
R & D, Patents, and Productinty (Chicago: University
of Chicago Press, 1984b).

Jorgenson, Dale W., “Econometric Studies of Investment Be-
havior: A Survey,” Journal of Economic Literature 10
(Dec. 1971), 1111-1147.

Kaplan, Robert S., Advanced Management Accounting (En-
glewoods Cliffs: Prentice-Hall, 1982).

Levy, Robert, Marianne Bowes, and James Jondrow, “ Techni-
cal Change and Employment in Five Industries: Steel,
Autos, Aluminum, Coal, and Iron Ore,” The Public
Research Institute, June 1983 (xerox).

Mohnen, Pierre, M. Ishaq Nadiri, and Ingmar Prucha, “R & D,
Production Structure, and Productivity Growth in the
U S, Japanese and German Manufacturing Sectors,”
European Econonuc Review 30 (Aug. 1986).

Nelson, Richard, Merton Peck, and Edward Kalachek, Tech-

nology, Economic Growth, and Public Policy (Washing-

ton, D.C.: Brookings, 1967).

Nelson, R., and E. Phelps, “Investment in Humans, Techno-
logical Diffusion, and Economic Growth,” American
Economic Review 56 (2) (1966).

Preston, Lee E, and E. C. Keachie, “Cost Functions and
Progress Functions: An Integration,” American Eco-
nomic Review 54 (Mar. 1964, Part I), 100-106

Rapping, Leonard, “Learning and World War II Production
Functions,” this REVIEW 47 (Feb. 1965), 81-86.

Scherer, Fredric M., “Using Linked Patent and R & D Data to
Measure Interindustry Technology Flows,” mm Zw1
Griliches (ed.), R & D, Patents, and Productinty
(Chicago: University of Chicago Press, 1984).

Welch, Finis, “Education in Production,” Journal of Political
Economy 78 (Jan 1970), 35-59.

Wells, Louis T., Jr. (ed.), The Product Life Cycle and Interna-
tional Trade (Boston: Harvard Business School Division
of Research, 1972).

Wozmak, Gregory, “The Adoption of Interrelated Innova-
tions: A Human Capital Approach,” this REVIEW 66
(Feb. 1984), 70-79.

Copyright © 2001 All Rights Reserved



