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Abstract

This paper quantifies the relative importance of skilled—labor augmenting
technical change and general technical change. We develop a general equi-
librium model in a multi-industry setting where skilled labor-augmenting
technological progress can be distinguished from other sources of economic
growth because of variation in skilled labor’s share across industries. The
results, based on a panel of 21 U.S. manufacturing industries, indicate that
skilled labor-augmenting technological progress is the significant factor in
productivity growth. Growth in conventional total factor productivity van-
ishes once the role of skilled labor and the growth in its human capital are
properly accounted for.






1 Introduction

This paper examines the importance of skilled labor in the cross—sectional
and aggregate variation of output growth. Many recent studies have docu-
mented the role of human capital in accounting for growth in cross-country
data.! In those studies, the lack of consistent measurement of human capital
poses a major hurdle to researchers. In constrast, we use cross-industry data
within the United States, where the skill level of workers of given educational
experience is plausibly similar, and where other factors that may influence
growth, such as political stability, social institutions, and the like, are held
constant. Thus our analysis is more closely related to the recent literature
on the growth of the wage differential between skilled and unskilled labor,
and the measurement of “skilled—labor-augmenting technical change.”

Disentangling different sources of growth is a fundamental problem in
time series data. Consider a production function: Y = A - F(BK,HN )
where A, B, and H are technology variables. We can think of A as any
disembodied technological progress that is external to individual decisions.
B represents quality improvements in capital. With conventional growth ac-
counting, appropriate measurement of capital should take account of changes
in B, so that in fact capital would be measured not as K , but as BK. We
can think of H as the average skill level of a worker. While A and H are
conceptually distinct, there is a fundamental difficulty in disentangling their
contributions to output from time series data, due to the fact that we only
measure inputs to the formation of H, such as years of schooling. First, it is
likely that a given level of conventionally measured inputs give rise to chang-
ing levels of H, over time. Ceteris paribus, sixteen years of schooling surely
results in a higher level of H today than it did 50 years ago. Knowledge
accumulates, and normally one would expect that each generation can attain
a given level of knowledge with fewer years of schooling. Thus, for example,
if the production function for H were H; = Hyes'Z} , Where Z, is the input,
we would need to know both g and + in order to isolate the contribution of
growth in H to output growth. The parameter g cannot be identified sepa-
rately from trend growth in A with time series data. Moreover, although in
theory « is identified, time series variation in Z is likely to be so small and
gradual as to make precise estimation of 4 impossible.

1See, for example, Barro (1991) and Barro and Sala-i-Martin (.1989).



In this paper we surmount these difficulties by exploiting cross—sectional
variation in measured inputs. The basic idea is that the accumulation of
knowledge affects labor differently according to what we will call “skill level.”
Improvements in electronics and computers, for example, presumably have
a larger impact on the effective labor input of engineers and statisticians
than of farm workers and janitors. If we can identify the extent to which
industries differ in skilled relative to unskilled labor input, we can use that
cross—sectional variation to identify the contribution of this phenomenon to
overall growth.

Before embarking on that task, a natural first check would be to see
whether productivity growth is higher in industries with higher shares of
skilled labor. Although our analysis is consistent with any correlation, it
is unlikely that we would identify skilled labor and knowledge as important
factor in growth if this correlation were zero or negative. Figure 1 shows
the scatter diagram of conventional Solow residuals and the share of skilled
labor of 21 U.S. manufacturing industries. Skilled labor’s share is measured
in two different ways:? In the first panel (Figure 1a) it is the share of workers
with 12 or more years of education; in the second panel (Figure 1b) it is the
share of non—production workers. In both cases a clear pattern of positive
correlation emerges, though with considerable variation, and with a number
of outliers in both directions.

Given the assumption that we can categorize labor as “skilled” and “un-.
skilled,” we can test the hypothesis that the productivity of skilled and un-
skilled labor are affected differently by technological progress and increases
in knowledge, and thereby assess the importance of this factor in the growth
of total factor productivity (TFP henceforth). We do this by quantifying
the extent to which productivity growth in a cross—section of U.S. manufac-
turing industries is tied to these industries’ shares of skilled labor inputs.
We identify the portion of total factor productivity growth that we can as-
sociate with skilled labor’s share as due to the accumulation of skills, or as
“skilled labor—augmenting technological progress,” while the remainder we
term “generalized” productivity growth. We find strong evidence of high
growth of such skills in the U.S. manufacturing sector, leading to the conclu-
sion that the growth in human capital plays a significant role in explaining
output growth. This evidence confirms the findings of Barro (1991), Barro

2We discuss these measures in more detail below and in the Appendix.



and Lee (1993), and Levine and Renelt (1991). Furthermore, we find that this
skill factor accounts for essentially 100 percent of conventional total factor
productivity growth.3

In addition to exploring the empirical relationship between skilled labor,
output growth, and productivity growth, we develop a simple equilibrium
growth model to explore other steady state implications for disaggregated
data. The main implication of the model is that the differences in the long run
growth rates of output and relative prices can be characterized as functions
of the skilled labor shares of respective industries. The data also provide
qualitative support for this aspect of the model.

Our findings have important implications for growth models. First, they
refine the neoclassical approach by endogenizing total factor productivity
growth in a quantifiable way. Second, they restrict the potential scope of
Marshallian externalities in accounting for growth. Lucas (1988) and Romer
(1986), among others, have suggested that, theoretically, an aggregate exter-
nality can play an important role in providing source of economic growth. In
an empirical study, Caballero and Lyons (1989) argue that there is a strong
evidence of such externalities at a high level of aggregation of U.S. economy.
Our results do not support this view. We argue that once the skill level of
labor is properly accounted for, there is no evidence for aggregate external-
ities through the production function except those that could enter through
the each industry’s employment of skilled labor.

The organization of this paper is as follows. Section 2 describes the model;
Section 3 derives the steady state implication of the model, and Section 4
presents the estimation strategy and empirical evidence. Section 5 discuss
possible existence of productive externality in human capital, and section 6
concludes.

2 The Model
2.1 Technology

We distinguish “knowledge” from “human capital” as follows: Knowledge
refers to the potential quantity of human capital available to a worker. Only

3Gort and Wall (1993) report a similar result.



workers who are “skilled” actually incorporate that knowledge into their la-
bor and attain that level of human capital. This does not mean that the
workers we call “unskilled” literally have no skills, only that their human
capital does not grow with that of skilled workers. In other words, an ad-
vance in knowledge will have a direct impact on the effective labor input of a
skilled worker, but only an indirect impact (through growth in other factors
of production) on the productivity of unskilled labor. Such an advance corre-
sponds to what has been referred to elsewhere as “skilled labor-augmenting
technical change.” General technological progress“would be equivalent to
adding to the effective labor of both skilled and unskilled alike.

Although it is easy to write down a model that endogenizes the growth of
knowledge over time, it suffices for the purposes of this paper to let it grow
exogenously. We denote the level of knowledge in the economy at date ¢ by
the variable H;. Also for the sake of simplicity we assume that all skilled
workers have identical human capital of H; > 1, while unskilled labor has a
constant level of human capital normalized to one.? ‘

_ There are M consumption goods produced in industries 1,..., M, with
physical capital produced in industry 0. Each of the M + 1 sectors uses

physical capital, unskilled labor, and skilled labor, to produce its output. A

representative firm in industry ¢ then has the following technology:

Y = AuFi(Ky, NyH,, N3, | (1)

where K;; is physical Capital, and N} is the number of unskilled workers at
the firm.® The firm faces market wages W and W, an interest rate R;, and
market prices {Py, i =1,..., M}.

2.2 Preferences

We model the consumer side of the economy only in terms of utility for final
goods; we take the characteristics of “skilled” and “unskilled,” as well as the
growth of knowledge and human capital, as exogenous. This is obviously not

*This can be generalized to allowing an exogenous constant growth rate to the efficiency
of unskilled labor. This effect was not empirically detectable, though it is econometrically
identified.

SWe classified workers into these two category for expositional simplicity. However,
classifying workers into multiple categories can be done just as easily. -



necessary, but nothing is gained for the purposes of this paper from modeling
the process by which these variables get determined. The empirical analysis
can proceed conditional on the observed values.

The economy at time t consists of N; infinitely-lived agents with identical
preferences over M distinct consumption goods in each period of their lives.
Each agent maximizes lifetime utility ‘

i,@tU(a) : RMX® R (2)

t=0

where 0 < B < 1 is a subjective time discount factor, and Ciisa (M x1)
consumption vector. Each agent is endowed with one unit of time in each
period that can only be used for work effort. A subset N; of the workers are
skilled, and consequently have an effective labor supply of H;; the remaining
NP = N; — N; are unskilled. We assume the efficiency level of the labor of
unskilled workers is constant, and set it equal to one.® Since workers are paid
for their total amount of labor in efficiency units, skilled workers earn labor
income of W2 H;, where W; is wage of skilled worker per efficiency labor
unit at time t, while unskilled workers’ labor income at time ¢ would be W,
where W is defined to be the wage rate for one unit of unskilled labor.

Agents are able to accumulate interest—bearing assets (i.e. physical cap-
ital, taken to be good 0, and the numéraire) to help smooth consumption
across time. Given a set of prices {Py, ¢ = 1,..., M}, a representative skilled
agent’s asset holding at the beginning of period ¢ + 1 will be

M M M
EXit-H = Z RuXy+ WiH, — Z PyCy (3)
i=0 i=0 ' i=1

where R;; denotes the real return to the agent’s capital holdings X;; in in-
dustry 7 at time ¢t. A representative unskilled worker’s asset holdings are

M M M
Y X1 =3 RaXu+ W= PuCi. (4)

1=0 =0 1=1

6This can be generalized to allowing an exogenous constant growth rate to the efficiency

of unskilled labor. This effect was not empirically detectable, though it is econometrically
identified.



There is no uncertainty in the model, and physical capital is homogeneous,
hence it has a single price . To summarize the agents decision-making pro-
cess: Agents, both skilled and unskilled, decide which industry to work in. At
the end of the period, after working and obtaining capital and labor income,
they decide how much to save and to consume. Therefore, the maximization
problem faced by an agent at the beginning of a period is represented by the
following dynamic programming problem:

Va(Xt, Ht) =AC4-§L($ U(ét) + ,BV“(Xt.*.l, Ht+1) s. t. (3) (5)

if skilled, or
V“(j(t, Ht) ZAgSZ(fU U(ét) + ,BVu(XH.l, Ht+1) s. t. (4)

if unskilled, where X is the total value of asset holding.

2.3 Equilibrium
The M + 1 firms face the following myopic optimization problem:

K,M\,‘}XN“ PiAuF (K, HNjlis, Njy) — Ri Ky — WiHa Nl — WENG  (6)
FidlVi NG

Firms’ optimality condition and zero profit conditions yield that the payment

to each input factors must be equal to their marginal revenue products. Thus

we have,

PyFy(Kiy, HUNj iy, N2) = Ry
PyFy(Ki, H{NjLiy, NE) = W Vi=0,1,..M (7)
-PitFS(I{it’ Hthteit, N:;) = ‘/Vtu

Since there is no uncertainty in the model, it will of course be the case that
R,’t - Rﬁ VZ,]

The solution to the households’ dynamic programming problem can be
characterized by (3), (4), (5), which give rise to the usual optimality condi-
tions: ’

Ui(Cy) _ Us(C)

5 = 1,2,.., M (8)
Ui(Cy) _ ﬂR,-mM i=1,.., M. N C)
F; Py



3 Steady State

With specific assumptions on U(-) and F(-), we can describe the properties
of a balanced growth steady state. This is useful for two reasons: First,
the model may be more applicable to longer-term averages than to higher
frequency data (which may be more subject to measurement error, for ex-
ample); second, the equilibrium analysis involved in analyzing a steady state
draws out implications for other variables, notably relative prices.

For the steady state analysis only, we assume constant elasticity prefer-
ences and technology. The utility function of a household is assumed to have
the following form:

1
1—vy

= [ﬁ:; G;C}t'”] (10)

A firm combines physical capital and labor to produce a tangible output.
Production functions of industry 0,1,2, ..., M take the following form:

yir = Aulax KL% + C!uN;’i *+ as(H, N}~ 9]_1_9’ t=0,1,.., M. (11)

Cobb-Douglas production is the special case in which § = 1. The population
N grows geometrically at rate n.

We are looking for a steady state in which R is constant, and in which
there is a constant savings rate as a percentage of total income. We will let o
denote that rate. We can assume without loss of generality that yMoi=1.
We also suppose that the output of each sector, prices, capital, and labor
inputs all grow at constant rates. Given the form of the utility function, we
know that Vi,j = 1,...M, Pyy}/oi = Pyy};/o;. Now let variables with a “*”
refer to steady state growth rates. Then we know that 15,--1-737; = 13]- +79; Vi, j.
We also know that given (7) and (11), we have

aKRt(y;t/K.-t)"A}t“’ =R,
s Pu(yir/NE) A = W™ (12)
Qg zt(ytt/ t)e(AttH)l -9 = W"H

or, in terms of steady state growth rates,

P+ 0(5: - k) +(1-0)A: =0, |
P+ O@i-NH)+(1-0)A =W, (13)
B+9(37,-—Nf)+(1—0)(H+A, =W+ H.

7



There is no exact steady—state log-linear equation for the production function
unless § = 1 (the Cobb-Douglas case) because otherwise the factor shares
are not constant. We can approximate this relationship if 8 is not very far
from one, though, by using the average shares for each industry, which are
denoted by a;, j = K,u,s:

G = Ai+ axiK; + 8 NF + au(NP + H),  i=0,1,..., M, (14)
Finally, from the consumer’s first—order conditions, we have
P+ i = constant,  i=0,1,.., M. (15)

These five equations will form the basis of the empirical steady state analysis
later on in the paper.

4 Empirical Results

4.1 Data

We have data on labor inputs in 21 manufacturing industries from two
sources: From the CPS we extracted data on industry number, usual weekly
hours, usual weekly earnings, last grade attended, and completion of last
grade attended (yes or no), for people who are employed as of the survey
date. Then, to construct information on skilled labor with the cutoff of 12th
grade, we classified all workers by the industry in which they work. A worker
is defined as ‘skilled’ if his last grade attended is 13-or-higher or if he com-
pleted 12th grade.” Because of the relatively short sample period for the CPS
(1979-1991), we also constructed a second data set for the years from 1960
to 1985 from 3 different sources: U.S. National Income and Product Account,
Handbook of Labor Statistics, and Survey of Current Business® For these
data we do not observe educational attainments of workers, so we are forced
to take the number of “production and non-supervisory” workers as a proxy
for the number of “unskilled workers.” While this is hardly a satisfactory
division between skilled and unskilled, we find that this measure is strongly

"Other dividing points, such as junior college degree or college degree, yielded qualita-
tively similar but less precise estimates of the behavior of human capital.
8Gee appendix A for more details about the sources and construction of the data.
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correlated with the measure based on the CPS data (the correlation coeffi-
cient for average skilled labor share by industry is 0.705), and the results are
qualitatively similar for the periods in which the samples overlap.

From the raw data provided by these sources, we constructed data on
total hours of skilled labor, total hours of unskilled labor, and the shares
of inputs. For the shares of inputs we use both the cross-time averages of
observed shares as well as well as the observed share for each period in each
industry. The rationale for the using cross-time averageis that we can smooth
out a possible spurious correlation between observed shares and output. The
exact formulae for the constructed data are also given in appendix A. Table
1 provides the key for industry indices that follow in the subsequent tables.
Table 2 reports the summary statistics of the variables used in this study.
Column 2-6 report the average growth rate of output, relative price, physical
capital, total hours of skilled labor, and total hours of unskilled labor respec-
tively. Column 7 reports average of Solow residuals modified to account for
the change in skilled vs unskilled labor (hence MSR) for each industry, and
finally the share of skilled labor is reported in column 8 of table 2.°

4.2 Estimation

In this section we ignore the steady-state restrictions and use both the time-
series and cross—section variation. Given the general production function (1),
standard calculations (assuming competition and CRS) yield

Alny; = Aln Ay + agiAln Ky + agpAIn(NSH) + aAln NG, (16)
where the as are share parameters; for example,
asit = FaNiH; [yi (17)

or, simply, skilled labor’s share in income.
We rewrite the log—differenced production relationship as

Aln Yit — (aK,‘tA In I(it + asitA In Né + am'tA In N:;) = as;tA In .Ht + Aln A,‘t.
| (18)

9For formal definition of MSR see below.



The left-hand-side, which we will refer to as the “Modified Solow Residual”
(MSR),0 is observable, as is skilled labor’s share on the right-hand-side. If,
within a given time period, skilled labor’s share is uncorrelated with Aln A;;,
then a period-by-period regression will yield unbiased estimates of Aln H;.
In that case the mean of Aln A;; across industries within a period is the “ex-
ogenous” contribution to the average MSR growth rate, while the remainder
would be due to growth in skills. This would be equivalent to a pooled time
series—cross section regression in which the {Aln A;;} values are identified
with the coefficients on the year dummies. If the mean of those coefficients
were zero, it would indicate that all productivity growth was the result of
growth in skills.

Of course as with any regression, a left—out factor that is correlated with
asi; will get misattributed. But many such “left-out” factors are really
precisely what we want to attribute to skilled labor. Anything that has an
impact on productivity only to the extent the industry employs skilled labor
is exactly what we are trying to capture in H.

4.2.1 Results

For the results using the CPS data, Figure 2a shows the estimated time path
of log(H) and log(A). The estimated growth rates are integrated over time
with the arbitrary initial values. One should bear in mind that the actual
growth in productivity due to growth in H is not the growth in H itself,
but that multiplied by skilled labor’s share. Table 3 reports the main result
of the paper, which is that growth in H makes a significant contribution to
growth in productivity, while growth in A does not. This particular measure
of H grows approximately 200% over the 10 year period, while generalized
productivity A shows a 50% decrease. We tested two different hypotheses
Hy(H): growth rates of H are 0 for all ¢ and Ho(A): growth rates of A are
0 for all t. Ho(H) is rejected at a 95% confidence level (F-value = 4.062 >
F(1,198,a = 0.05)) while Ho(A) is not rejected at a 95% confidence level
(F-value = 2.09 < F(1,198,a = 0.05)). Thus the measured decline in A,
while quantitatively large, is actually not statistically significant, while the
growth in H is both large and significant.

LONote that the MSR differs from the conventional Solow residual to the extent that W?*
differs from W4, and Aln N* differs Aln N¥.

10



Since it is unlikely that human capital fluctuates so much on a yearly
basis, we estimated (18) with a restriction that the growth rate of human
capital are the same across time. In other word, gy, = gy Vt. The result is
reported in columns 3 and 4 of Table 3. The result is essentially the same as
the result of unrestricted regression, and we cannot reject the hypothesis of
constant gy over this sample.

The results are qualitatively similar for the longer period encompassed
by the NIPA et al. data. These are presented in Figure 2b and Table 4.
The estimated growth rates are integrated over time with the initial values
based on results from regressions (not reported) in levels rather than first
differences. The qualitative similarity of the results from the two data sets
would suggest that the phenomenon of skilled labor—enhancing technological
progress is not a phenomenon of the 1980s, but dates back at least to the
1960s. It should also be noted that the much—proclaimed productivity slow-
down is not evident form the growth of H depicted in Figure 2b (which we
must rely on because the CPS data do not cover the relevant sample period).
This would suggest that the slowdown (to the extent it occurred in manufac-
turing) was not due to a slowdown in the growth of knowledge, but rather
was due to factors that affect A, which could include increased regulation,
mismeasurement of output, mismeasurement of capital, and so forth.

The estimated human capital shows steady growth until early 80s and
then acceleration after that. Over the course of 25 years, human capital shows
an average of 7.8% growth per year, which is much smaller than the CPS-
based figure, though the CPS-based skilled labor share measures are larger
(albeit covering a sample period that only partly overlaps). As indicated in
Table 4, the null hypothesis that human capital has zero growth over the
sample period is strongly rejected. (rejected at 1% significance level) As
a result, human capital growth can explain approximately 65% of output
growth of the U.S. manufacturing industry. Generalized productivity, on the
other hand, shows only a little growth until 1973 or so, and slows down from
that point on. On average, generalized productivity exhibits -0.74% annual
growth, which it turns out is not significantly different from zero.

Even if one does not accept the production versus non—-production distinc-
tion as a proxy for non-skilled versus skilled labor, the fact remains that it
does account for productivity growth in our panel of 21 industries. This find-
ing of what might be called “non-production worker-augmenting technical
progress.” is either a coincidence, or is the result of an important difference

11



between the two types of workers. We would argue that the strong positive
correlation between non—production workers’ share and our CPS measure of
skilled labor’s share is the most natural explanation for our finding.

4.2.2 Steady State Estimation

We next examine the steady state implications of the model as embodied
in (13)-(15). Some of the implications are not specific to the model but
are of interest more generally in characterizing productivity growth and sec-
toral trends in the data. It turns out that if the production function is not
Cobb-Douglas, the steady-state relationships can provide a second, inde-
pendent measure of the relative importance of A and H. This can be done
via estimation or calibration. The results provide further confirmation of
the non-steady-state findings that H is the only significant contributor to
productivity growth.

Calibration can determine the parameter # and steady-state values of
A and H as follows: First, note that if we substitute the unskilled labor
equation into the capital equation from (13), we get

W+ (N —K)=0. (19)

Using the aggregate manufacturing values of W* and N — K, we can obtain
a calibrated value for 8. We can similarly obtain values for A and H using the
skilled labor equation and one of the other equations in (13), again provided
our estimate of theta differs sufficiently from one. The result of this exercise
is provided in the first panel of Table 5 for the two data sets. Although there
are no standard errors for this exercise, the results are qualitatively similar
to the non-steady-state results insofar as the growth of H is considerably
larger than the growth of A, though the difference in contribution to growth
(after factoring in skilled labor’s share, which is 0.298 in the NIPA data
set and 0.620 in the CPS data set for aggregate manufacturing) is not as
large. Perhaps the more important thing is that the calibrated value of 8 is
considerably less than one, which allows us to separate out the effects of H
and A at all.

Given the likelihood that 8 < 1, we can go on to estimate the system
(13), using non-linear least squares and imposing cross-equation restrictions
to estimate the three unknown values. For this purpose we use the aggregate

12



manufacturing wage growth numbers for skilled and unskilled labor for W+
H and W* respectively (since the model implies common wage rates for all
industries), but similar results obtained using each industry’s own computed
wage growth series. These results are presented in the second panel of Table
5. They are consistent with the calibration results, and show that the growth
in H is statistically significant, at least in the NIPA data, whereas the growth
in A is not. Also, the estimates of @ differ significantly from one. The table
also gives the R? values for the three equations as indicated.

Finally, we can estimate (14) and (15) to get estimates of 4 and another
set of estimate of H and A. These results are shown in the bottom panel of
Table 5. The estimates of +, the elasticity of substitution in utility across
goods, do not differ significantly from one (though very nearly does for the
CPS data). The estimates of H and A are not surprisingly qualitatively
similar to those from the non-steady-state analysis, though it is somewhat
dlsturblng that the estimate of A from the CPS data is significantly negative
in this case. ‘

One question that naturally arises is the interpretation of the error terms
in these equations. Certainly A;, the idiosyncratic or industry—specific gen-
eral productivity growth factor, is one component of the error. But this is
common to all three equations. Any other disturbances would have to be
due to measurement error of some sort. But similar results were also ob-
tained from other estimation techniques, specifically equation-by-equation
OLS and Two-Stage Least Squares, which suggests that the results are rea-
sonably robust.

Overall the steady state results provide additional independent evidence
that skilled-labor-augmenting technical change is the primary contributor to
productivity growth, and also provide estimates of other parameters of the
model that are plausible, suggesting that it is a useful framework for analysis
of these data. ‘

4.3 Discussion: Externalities

We would argue that the results described above cast some doubt on the
importance of production externalities. To make the argument more pre-
cise, we extend the model to allow for such externalities. Now suppose a

13



representative firm in industry ¢ has the following technology:
Kt = AitR(Kit, N;:;th Nﬁ,Xt), (20)

where X, is a vector of aggregate variables (some of which may be mea-
surable) exogenous to the firm. X; could include (along the lines of Lucas,
Romer), the average skill level in the economy as a whole: or the average skill
level of skilled workers in the economy as a whole. Assuming competition
and CRS, we have

AlnY; = Aln AptaguAln Ky4asgAln( N, H)+ave In Nj+aoy;Aln X,
(21)

Qagit = F2N5,Ht/Y;'t (22)

or, simply, skilled labor’s share in income, and other share parameters are
defined analogously.

Leaving aside the identity of X for the moment, we rewrite the log-
differenced production relationship as

where, again,

AlnY,;—(agiAln Ki+asqaAln N+ apiAln Njy) = asqaAln Hi4€;. (23)

where €; = a'y;;Aln X; + In A;;. The left-hand-side, which we will refer to
as the “Modified Solow Residual (MSR)”, is observable, as is skilled labor’s
share on the right-hand-side. If, within a given time period, skilled labor’s
share is uncorrelated with ¢;;, then a period—by-period regression will yield
unbiased estimates of Aln H;. In that case the mean of ¢;; across industries
within a period is the “exogenous” contribution to the average MSR growth
rate, while the remainder would be due to growth in skills. If under those
assumptions that mean were zero, it would indicate that all productivity
growth was the result of growth in skills.

The big question, of course, is what is in €;, and how likely is it to be
uncorrelated with ags;;? Throughout we will assume with essentially no loss
in generality that A;; is an exogenous stochastic process uncorrelated with
asit. (Correlated factors can be considered part of X.) We consider several
cases in which this assumption is valid:

1. X; is a constant

14



2. axi: does not depend on ¢

3. axi: is orthogonal to asi:, and either A;; is constant or X; is uncorre-
lated with H;

The first case would correspond to the simplest generalization of the neo-
classical growth model to include human capital accumulation. Again, a
test of the hypothesis that the mean of €; is zero is a test of zero exoge-
nous growth. The second case would be consistent with the presence of any
externality that entered the production technologies of all industries sym-
metrically, for example, Y;; = Ay Fy(Ki, NjHy, N3)X¢. This would include
the case of Lucas-Romer externalities in aggregate skill levels. The third case
allows X to enter differently in different industries, but in a way that leaves
the overall effect uncorrelated with skilled labor’s share.

Under any of these assumptions, we identify the relative contribution
of growth in H to productivity growth. Our finding is that contribution
is essentially 100 percent. Are the assumptions plausible? Yes. Are there
models that would violate these assumptions that are also plausible? Yes.
For example, suppose we have

Y = AuFi( Ky, NLH,, N2 X5 (24)

where §; is correlated with industry ¢’s skilled labor share, and where X; is
correlated with, or even equal to, H;. Then there is no way this exercise can
sort out the internalized contribution of H from the external contribution.
In principle, however, if X is observable and quantifiable, it can be entered
into the regression equation to yield estimates of ax. This is a subject for
future research.

Note that the results have no bearing on the presence or absence of exter-
nalities in human capital accumulation. We have not modelled the process
by which H is determined for individuals, industries, or in the aggregate.

5 Concluding Remark

Identifying the sources of economic growth has long been a goal of empirical
research into economic growth. Although many have suspected that human
capital may be the single most important factor, the evidence has been in-
conclusive largely due to the inherent difficulty of measuring human capital
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and identifying its contribution separately from other factors. The contribu-
tion of this paper is to link human capital growth to the presence of skilled
labor in an industry, and thereby to identify separately its role from general
growth in productivity. Given this interpretation, the results confirm the
importance of human capital as the prime factor in growth. Moreover, they
leave essentially no role for growth in total factor productivity unlinked to
skilled labor.

Perhaps the most interesting finding is the qualitative similarity of the
results from the year-by—year estimation of human capital growth with the
results from the steady-state analysis. We would argue that the two findings
represent different pieces of evidence for the same phenomenon, because the
steady-state findings are not a logical implication of the year-by-year re-
sults. Indeed human capital growth is not even identified in the steady-state
analysis unless the production function has an elasticity of substitution that
differs from one.

These results are closely related to the recent literature on the growth in
the wage gap between skilled and unskilled labor. It should be emphasized,
however, that growth in “knowledge” as identified in the empirical work does
not imply anything about growth in the earnings gap between skilled and
unskilled labor. That gap depends, of course, on supply as well as demand.
Absent changes on the supply side, skilled labor augmenting technical change
can easily lead to offsetting changes in the wage rates for the two worker types
per unit of effective labor, so that the earnings gap remains the same.

A Data

Information regarding the source of raw data and the exact formulation of
constructed variables are provided.

Source:
All the data used in this study come from the following three sources.

1. Data set from Shapiro(1987): NIPA and Survey of Current Business'!

2. BLS data: Handbook of Labor Statistics (current employment statistics
program) by Bureau of Labor Statistics.

11 Authors thank Bob King for making this data available.
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3. CPS data: Abstracts of Current Population Survey (Outgoing Rotation
Group) by Bureau of Census. '

Raw data:

e

. Y: Real Output in 1982$ (NIPA table 6.2)

YN: Nominal Output (NIPA table 6.1)

N: Total hours employed (NIPA table 6.11)

Comp: Total compensation for labor (NIPA table 6.4)
W&S: Total wage and salary (NIPA table 6.5)

FTE: Full-time-equivalent employees (NIPA table 6.7)

A B

K: Net physical capital in 1982 dollars ( see, for example, Survey of
Current Business august 1986)

8. Emp: Total number of Employees (BLS Handbook table 70-71)

9. P&NS: Total number of production workers (BLS Handbook table 70-
71) ‘

10. W*: Average houﬂy earnings of production workers (BLS Handbook
table 81)

Constructed Variables Using BLS data:

The following are the precise definitions of transformed variables con-
structed using the BLS data. Here, classification of labor skill is made by
the kind of work workers do.

o P = (KN + Y}) + (YNfg =Y, fg) where subscript .5, stands for aggre-

m
gate manufacturing industry.

° N:‘ = Ni X (P&NS,+EII1P¢)
° Nf = N,' - N:"

o Sk, =1— 25T (Comp+YN),
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® b = -lfzg;:l(Wu . N“'Z‘W&S);‘t
° SN‘.u = 6; X (1 _SK.‘)
° SN‘.’ = (1 - 5,') X (1 - SK;)

BLS data are yearly observations, and cover 21 U.S. manufacturing
industries from 1960 to 1985.

Constructed Variables Using CPS data:

Below are the definitions of hours of skilled work employment and skilled
labor share when the CPS data are used. Here, classification of labor skill is
made by years of education, not by the kind of work they do. Skilled labor
employed for each industry, or N, is defined as,

NS = (total usual weekly hours of skilled workers);; < N
* ™ (total usual weekly hours of both skilled and unskilled workers);e = -

where the last term N; is defined as ‘total hours employed’, and is obtained
from NIPA. Of course, N} = N;; — N§,. Similarly, é, or skilled labor share,
is defined as

(total usual weekly earnings of skilled workers);;

bir =

(total usual weekly earnings of both skilled and unskilled workers);;

The CPS data are also yearly, and cover 21 U.S. manufacturing industries

from 1979 to 1991.
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Table 1

Kev to industry index

Industry index* : Industry Name
15 Lumber and wood products
16 Furniture and fixtures
17 Stone, clay, and glass products
18 Primary metal industries
19 Fabricated metal products
20 Machinery except eiectrical
21 Electric and electronic equipment
22 Motor vehicles and equipment
23 Other transportation equipment
24 instrument and related products
25 Miscellaneous manufacturing industries
27 Food and kindred products
28 Tobacco manufactures
29 Textile mill products
30 Apparel and other textile products
31 Paper and allied products
32 Printing and publishing
33 Chemicals and allied products
34 Petroleum and coal products
35 Rubber and miscellaneous plastic products
36 Leather and leather products

* These numbers correspond to the line numbers of Survey of Current Business and

Natioral Incocme and Product Account.



Table 2
Average Growth rate of Variables (from 1960 to 1985) (N PA olﬂ'n)

Industry*] Y P K L | Lo~ | MSR* | S(Le)**
5| 5.45% O.11%| 2.30% 167% -0.11%| 242%| 0.1614
16l 313%| 071%| 3.49% 176%| 081%| 1.43%| 0.2629
1o 1.99%| 061%| 1.74% 0.74% -0.38%| 1.47%| 0.2505
18] 0.40%| 1.13%| 1.05% 0.52%| -1.67%| 0.04%| 0.2489
ol 2.48%| 1.06%| 3.57% 1.02% 045%| 1.12%| 0.295%
20l 5.49%| -1.11%| 4.67% 2.60%| 093% 291%| 0.3505
51 6.04%| -1.78%| 6.25% 2.52%| 1.12%| 3.20%| 0.4027
o A87%| 113%| 3.14% 083%| 077%| 1.85%| 0.2400
3| 2.47%|  1.46%| 3.73% 1.28%| -0.04%| 1.54%] 0.5149
24l 4.87%] 051%| 585% 3.18%| 1.46%| 1.57% 0.4175
25| 2.05%| 066% 3.08% 1.15% -068% 1.15%| 0.2881
7 2.65% -034%| 2.13%] -0.68%| -031%| 2.04%| 0.2671
8l 034%| 2.36%| b5.53%, 1.48% -2.16%| -4.85%| 0.0571
0l 3.80%| -2.36%| 1.47% 0.18%| -132%| 4.15%| 0.2175
0| 2.23%| -028%| 4.17% 089% -0.63% 1.88% 0.1859
31 260%| 0.25%| 5.45%| 1.20%| 027%| 1.97%| 0.2611
o 2.68% 1.78%| 4.05% 2.60%| 1.09%| 0.20%| 03534
13| B.08%| -1.24%| 3.90% 1.52% 053% 2.70%| 0.3194
34l 1.64%| 2.87%| 288% -0.17% -082%| 0.08%| 0.2039
35| 5.38%| 0.95%| 456% 2.60% 2.61% 2.14%| 02725
36| -0.09%| 0.13%| 1.80% -1.52%| -3.24%| 1.12%] 0.2204

*  Numbers correspond to the line number of the Survey of Current Business. Key to

these number can be found in table 1.
*%*  Skilled labor hour
*kk Unskilled labor hour
+  Modified Solow residuals
—+ Skillzd labor share

For the exact definition of these variables, see appendix A



Table & (comt:)

Average Growth rate of Variables (Using CPS Data: 1979-1990)

Industry * Y P K Ls™* Lu™* MSR* S(Ls)**
15 1.58%| -0.87%| -0.63%| 6.01%| -1.85%| -1.04% 0.5162
16 087% 1.90%| 3.73%| -0.39%| 0.71%| 0.20% 0.8440
7] -0.29%| -0.55%| -1.48% -14.05%| -0.20%| 9.54% 0.6705
18| -4.52% 1.06%| -1.76%| -3.58%| -4.54% -1.28% 0.6851
19] 049%| 0.20%| 252%| -0.57%| -183%| 032% 0.6887
20 B.39% -533%| 9.43% 0.05%| -165%| 444% 0.7042
21 2.71%| -1.26%| 6.06%| -10.05%| -079%| 8.70% 0.7220
22 1.75%| 0.64%| 3.33% -3.89%| 043%| 4.22% 0.7716
24| 7.40%| 0.68%; 11.01%| -8.50%| 6.44%, 12.38% 0.7586
25 3.02%| 0.68% 1.93%| -4.15%| 0.00% 4.52% 0.5239
27| 2.28%; 0.80%! 2.49%| -B.27%| 063%| 584% 0.5549
28] -8.56%| 13.58%| -1.26%| -2.51% -256% -7.05% 0.1693
29 1.18%| -0.67%| -0.08%| B.07% -450% -1.79% 0.6154
30 1.45%| -0.63% 1.67%| 2.19%| -3.18% 0.08% 0.6508
31 2.47% 1.16%| 3.24%| -2.26%| 086%| 242% 0.5307
32 169%| 3.57%| 3.85% -1.40%| 3.60%; 094% 0.5840
33|  8.10% 1.52% 251% -1.38%| 0.16%| 2.69% 0.4848
34 0.08% 4.91% 5.20%| -9.15%| -0.65%| -0.73% 0.2837
35] 463%| -1.56%| 4.26%| -4.57% 3.86% S587% 0.6258
36 -1.81%] 0.85%| 0.42%| -16.85%! -1.43%| 9.56% 0.6672
Mig. 2.31%] 000%| 348%| -358%| -0.04%| 3.52% 0.6213
¥ Numbers correspond to the line number of the Survey of Current Business. Key to

these number can be found in table 1.
*#  Skilled labor hour
#+* Unskilled labor hour
- Modified Solow residuals

e

Skilled labor share

For the exact definition of these variables. see appendix A.




Table 3

Reoression Equation: AMSR, = B, + B +(skilled labor share), + &,

Restriction None gn(t)=g;; for all t
Variable H GP H GP
Avg. yearly 19.4% -8.5% 15.4% -8.5%

orowth Rate

F-statistic¥ 4,062%* 2.090 4.080%* 2.099
RZ 0.366 0.337
Adj. R? 0.292 0.267

* H, sum of all g, =0 and sum of all gp, =0 respectively.
#+ Reject the null (of insignificant regression) at the 99% confidence level.

CPS houschold survey data are used for this regression.



Table 4

Regression Equation: AMSR,, = B, + B,,-(skilled labor share), + ¢,

Restriction None g;(t)=g;. for all t
Variable H GP H GP
Avg, vearly 7.8% -0.74% 7.9% -0.74%

growth Rate
F-statistic* 9.506%* 9.641**
R2 0.276 0251
Adj. R? 0.202 0.212

* H,:sum of all g,y = 0 and sum of all g, = 0 respectively.
¥* Reject the null (of insignificant regression) at the 99%6 confidence level.

BLS production/non-production workers data are used for this regression.



Table 5
Calibration of Steady State

) A(%)

H(%)

NIPA
CPS

0.675
0.420

0.349
0.843

3.159
2.000

Steady State Estimation Results I

6

X

A

x

H

R? (K, N*,N*)

NIPA

0.644

0.673

2.

417

CPS

(0.057)
0.737
(0.104)

(0.412)
-1.679
(1.871)

(0.762)
3.257
(2.891)

0.435, 0.542, 0.590

0.318, 0.380, 0.630

Steady State Estimation Results II

ﬂ)/"l

x

A .

X

H

R? (y, MSR)

NIPA

CPS

0.958
(0.241)
0.698
(0.159)

70.746
(1.082)
-5.753
(1.958)

7.896

(3.696)
10.901

(3.195)

0.453,0.194

0.517, 0.393

Note: Standard errors are in parentheses.




