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Abstract

We estimate the elasticity of substitution between high-skill and low-skill workers using panel data from
32 countries during 1970-2015. Most existing estimates, which are based only on US microdata, find a
value close to 1.6. We bring international data together with a theory-informed macro-approach to pro-
vide new evidence on this important macroeconomic parameter. Using the macro-approach, we find that
the elasticity of substitution between tertiary-educated workers and those with lower education levels falls
between 1.7 and 2.6, which is higher than previous estimates but within a plausible range. In some spec-
ifications, estimated elasticity is above the value required for strong skill-bias of technology, suggesting
strong skill-bias is possible.
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JEL classifications: E24; E25; O11; J31

1. Introduction

Aggregate elasticity of substitution between workers with different skill levels is an important
macroeconomics parameter. For example, it is crucial for quantifying the impact of technological
and structural changes on the macroeconomy since it determines how changes in labor compo-
sition and technology affect relative wages (Acemoglu, 1998, 2002; Acemoglu and Autor, 2011;
Krusell et al. 2000). Importantly, with endogenous-directed technological change, productivity
growth can have a so-called strong skill bias, which means that an increase in the relative supply
of skilled workers can—counter to the standard negative supply effect—raise the wages of those
workers (and thus amplifies the skill premium). This happens when the larger supply of skilled
workers induces the development of technologies that complement skill, thus offsetting the stan-
dard supply effect that pushes wages down. Crucially, this can only occur when the elasticity of
substitution between skill types is high enough. Related to this is the question of the quantita-
tive impact of public policies, such as education subsidies, on skill acquisition and evolution of
earnings inequality. Here too, the elasticity parameter plays a crucial role (Heckman et al. 1998).
The elasticity parameter is also important in understanding international income differences.
Jones (2014) develops a generalized human capital approach and, within that framework, analyzes
how much of the cross-country income differences can be explained by human capital, as opposed
to the unobserved TFP. The crucial parameter turns out to be the elasticity of substitution between
workers with different skill levels. Under the traditional estimates (around 1.6), Jones’ generalized
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human capital measure can explain most—or even all—of the income differences. However, with
higher values, the explanatory power of human capital falls off sharply. This is a similar finding
to Jerzmanowski and Tamura (2019), who compute skill-specific productivity levels for a large
sample of countries. They show that barriers to technology adoption explain most of cross-country
income differences under the assumption that elasticity of substitution between skill levels is 2.6;
however, if the elasticity is closer to the existing consensus of 1.6, human capital accumulation
plays a much more important role than barriers to technology. More generally, conclusions from
macromodels calibrated to explain the large cross-country dispersion of productivity—the so-
called development accounting studies—usually depend in important ways on the degree to which
workers with different skills can be substituted (Klenow and Rodriguez-Clare, 1997). For example,
as Caselli and Ciccone (2019) explain, in order to reconcile the fact that rich countries have much
larger relative supplies of skilled workers than poor countries with the fact that skill premia are
not significantly lower in rich countries, one must accept that the relative productivity of skilled
workers is considerably higher in rich countries. How much higher, however, depends on the value
of elasticity of substitution, with lower values implying larger relative productivity gaps between
rich and poor economies. !

There are however some potential issues with the studies that estimate and use the value of the
elasticity of substitution. First, the kinds of aggregate quantitative exercises described above are
usually meant to shed light on growth and development in a wide cross-section of countries, many
of them at diverse levels of development and with vastly different skill compositions of the labor
force. This may be problematic since, as pointed out by Jones (2014), the value of the elasticity
of substitution between skills used in these studies is usually based on the microevidence almost
exclusively from the USA. Additionally, as recently pointed out by Bowlus et al., (2017), micro
estimates using data covering an extended period of time may have a measurement problem, since
they assume that workers with a given education level supply the same amount of human capital
today as they did more than 60 years ago, long before many of the modern technologies, such as
IT, have been used in the workplace and the classroom.

We contribute to this literature by estimating the elasticity of substitution using a macropanel
data from a large group of economies with most observations coming from only the more recent
time periods. While the economies in our sample are mostly developed, there is a significant degree
of variation among them, both in terms of income levels as well as labor force structure (e.g. we
have emerging economies like Poland alongside economies like Germany and the USA in our
data). Our explicitly macroeconomic approach means that we need to carefully derive our estimat-
ing equation from an appropriate macro model and interpret the coefficient estimates in a manner
consistent with the theory. To this end, we draw on the directed technological change literature
(Acemoglu, 1998, 2002) to develop and an endogenous-directed technology model with interna-
tional technology diffusion and capital accumulation. Using this model, we derive the appropriate
estimating equation and show that—in a cross-country setting with technology diffusion—the
elasticity is not a simple inverse of the wage/labor supply regression coefficient. To the best of our
knowledge, this is the first paper to use the international data to estimate the elasticity parameter.
We do so rigorously basing it on the theory of directed technical change with cross-country tech-
nology diffusions and demonstrate that, in the cross-country setting, interpreting the estimates
through the lens of the theory is necessary to recover sensible estimates of elasticity.

We estimate this equation using data from the EU KLEMS Growth and Productivity Accounts
panel data set (EU KLEMS project on Growth and Productivity in the European Union, 2018), a
detailed database of industry-level measures of output, inputs, and productivity for 30 European
countries (most of Europe plus Japan, South Korea, Australia, and the USA) for the period from
1970 to 2015 (with 90% of observations after 1980). We find that the elasticity of substitution
between tertiary-educated workers and those with lower education levels likely falls within the
range of 1.7 and 2.6, which is higher than previous estimates but within a plausible range. In most
of our regressions, the estimated elasticity falls short of the value required for strong skill-bias of
technology; however, in some specifications it is above that level (or at least the 95% confidence
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interval includes strong bias), suggesting strong skill-bias is possible. When we restrict our
attention to a narrower definition of low-skilled workers (low-skill group only instead of low-
and middle-skilled groups together), the findings point even more strongly in the direction of
higher elasticity and a possibility of a strong skill-bias. Finally, we also estimate our model using
disaggregated data for nine major sectors. They are similar to the aggregate results and well within
the plausible range but in many cases have slightly higher values. Interestingly, in some instances,
most notably in the finance and the education sectors, there is a quite pronounced indication of
a strong skill bias.

Our conclusions for this exercise are as follows. First, using a macropanel data of a fairly diverse
group of countries over an extended time period, the elasticity estimates are largely in line with
existing estimates obtained using very different data sets. We feel this is encouraging and strength-
ens the confidence we have in the range of plausible elasticity values. Second, we demonstrate that
when using cross-country data, accounting for technology diffusion and endogeneity of the direc-
tion of technological change (what we dub the “macro-approach”) are important for correctly
interpreting the elasticity estimates. We feel that further work using international data to investi-
gate elasticity of substitution between skills—for example, by relaxing our assumption of balanced
growth path or use of better instrumental variables—should continue to pay close attention to the
underlying theoretical structure. Finally, the fact that some of our results point in the direction of
higher elasticities is also consistent with the most recent findings using more disaggregated data,
further strengthening their plausibility.

The paper is organized as follows. Section 1 discusses the canonical approach and the resulting
estimating equation used in the literature based on the US microdata. It then describes our macro-
approach and derives the estimating equation and its interpretation appropriate for the cross-
country context. Section 2 discusses our data and estimation, while section 3 presents the baseline
results, along with some robustness checks. Section 4 concludes.

2. Theoretical approach

In this section, we describe the standard theory behind most existing elasticity estimates. We then
show how a model with endogenous and directed technological progress and cross-country dif-
fusion of knowledge leads to a different interpretation of the otherwise conventional “elasticity”
regression. The detailed derivations of the model are left to the appendix; in this section, we focus
only on the key equations.

2.1 The canonical approach

The traditional approach to estimating the elasticity of substitution between workers with differ-
ent skill sets is based on the constant elasticity of substitution production (CES) function. Most
studies start with a CES production function with two distinct categories of labor: high-skilled and
low-skilled.

o—1 o—=1__o
Y={(ApH) = +(ALL) = }o1 1
where H (L) denotes the quantity of skilled (unskilled) labor, Ay and Ay are skill-specific
productivity levels, and o is the elasticity of substitution.
Under competitive behavior by firms, profit maximization leads to first-order conditions equat-

ing the marginal product of labor to wages for each type of labor. Taking the ratio of these
conditions leads directly to an expression relating relative wages to relative supplies

WH o—1 Ay 1 H
log (22 ) = log (2H) — Z1og (2 ). 2
o () =5 o (5) - 5 e (3) @

This equation can be transformed into a regression by appending an error term, and, given
data on relative wages and relative skill supplies, it can be estimated. The value of elasticity o is
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then backed out as the inverse of the estimate of the coefficient on log relative supplies. Because
technological progress (and perhaps institutional change) is likely to imply changing growing
productivity levels, the term Ap /Ay is usually proxied by a linear or quadratic trend.

In practice, this equation is usually estimated using microdata: wages and supplies are con-
structed from CPS or Census data and aggregated up to the country or state levels. This is the
approach in the seminal paper by Katz and Murphy (1992), who use CPS data over the period
1963-87. Ciccone and Peri (2005) also use CPS data (between 1950 and 1990) but construct their
wage and supply measures at the state level in order to exploit an instrumental variable approach.
These studies usually find values of the elasticity parameter between 1.4 and 1.6, in line with ear-
lier literature on the topic (Johnson, 1970). However, when quadratic or even more flexible terms
are used to proxy for the technology term, it is not unusual to find estimates of o in excess of
two. Similarly, more recent data seem to favor higher elasticity. Acemoglu and Autor (2011) find
that extending the Katz and Murphy sample to 2008 yields an elasticity estimate as high as 2.9.?
Nevertheless, the consensus seems to remain that the value is somewhere in the vicinity of 1.6.

A recent paper by Bowlus et al., (2017) argues that there is a potential problem with the mea-
surement of skill supplies in the literature estimating the canonical model. Specifically, aggregating
workers using average wages as weights implicitly assumes the same quantity of human capital is
supplied by workers of a given education level, regardless of whether they obtained their educa-
tion in 1960 or 2010. When they incorporate a correction, based on calculating quantities using
aggregate wage bill and price (wage) information, they report considerably higher estimates of
elasticity of substitution (around 3.5). Our data, detailed below, cover the period 1970-2015 but
most of the observations (90%) come from the period after 1980, making the problem of changes
in the quality of education over time potentially less pertinent.

2.2 The macro-approach

Because we wish to estimate the elasticity of substitution using aggregate macrodata from a panel
of countries, our starting point is a macroeconomic model where the rate and direction of techno-
logical progress is endogenous and technologies are allowed to diffuse across economies, as they
surely do in practice. The model, based on the seminal work on directed technological progress by
Acemoglu (1998, 2002), was developed in Jerzmanowski and Tamura (2019); here we give a brief
sketch of its main parts, with detail relegated to the appendix.

The final output in our economy is produced by competitive firms combining two interme-
diate good inputs according to a CES aggregator. The two varieties of intermediate inputs come
from two distinct intermediate sectors and differ in terms of the labor input required to produce
them. An intermediate sector combines physical capital and labor of either high-skill or low-skill
according to a Cobb-Douglas production function. Denoting the intermediate good output by Y;
(where i = H, L stands for either a high-skill or a low-skill sectors), the (reduced form) final output
is given by

y= { (ki anm)?) Ty (ki Ay - } - (3)

where H (L) is the endowments of high(low)-skill labor, Ay (Ar) is the endogenous productivity
of high(low)-skill labor, and Ky (Kp) is the amount of physical capital used by high(low)-skill
workers.

In equilibrium, the relative wage of the two types of workers is given, just as in the canonical
model, by

c ()7 ()
wL, Ar L

where o0 =14 (¢ — 1) is the elasticity of substitution between worker types.
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Notice in equation (4) that an increase in H/L has a direct effect of reducing the relative skilled
wage through the standard supply effect, which is used in the canonical approach to identify the
elasticity parameter. However, following the work of Acemoglu (1998, 2002), we make the skill-
specific productivity levels (Ag and Ar) endogenous by assuming that profit-driven innovators
supply new technologies to each sector. The resources devoted to innovation for each sector, and,
as a result, the rate of growth of productivity depends on the sector’s size (as measured by the sup-
ply of workers in each skill category). This means that the term Ay /A in equation (4) depends
on the relative supply H/L. In addition, our model includes technology diffusion, whereby inno-
vators in every country benefit from the world stock of knowledge. In the appendix, we show that
along the balanced growth path, the relative level of productivities is given by

o o— o
Ag (nH)HW (H)u&r A\ )
Ar o \m L Al ’

where ¢ measures the strength of technology diffusion, ; is the efficiency of the innovation pro-
cess aimed at sector i = H, L, and AIW denotes the world technology frontier for sector i = H, L3
Substituting this expression into equation (4) yields

o1 0-2-¢ glo—1)
WH <77H) oy <H) wre (AT (6)
wL L L AZV ’

Notice the effect of an increase in relative supply of skilled workers (H/L) has two effects on
their relative wages. In addition to the direct supply effect of H/L on wages (equation (4)), the
supply increase also raises the relative productivity Ag /Ay if the term 1‘:_;; in equation (5) is
positive. When this increase in relative productivity is strong enough to offset the supply effect and
leads to an increase in the relative equilibrium wage of skilled workers, we—following Acemoglu’s
terminology—refer to it as (relative) strong skill-bias. Clearly, the strong skill-bias is present in
equilibrium as long as

o>2+¢ (7)

which reduces to o > 2, a result familiar from Acemoglu (2009), when there is no technology
diffusion (¢ =0). This means that with a sufficiently higher substitutability between skills, an
increase in (relative) supply of skilled workers (an increase in market size for skill-biased technol-
ogy) induces an increase in (relative) productivity of these workers (Ap/Ar) that is large enough

to offset the usual negative effect on their marginal product (the term (H /L)_% in equation (4)).
As a result, the (relative) wages of skilled workers rise. Notice that the presence of international
technology diffusion (¢ > 0) implies a higher value of o is required for a strong bias to exist. This
happens because the presence of technology diffusion means that some of the relative productivity
(Ap/AL) changes come from the world technology frontier and are independent of domestic mar-
ket size (equation (5)). For the effect coming from just the domestic market to be large enough,
the elasticity of substitution must be even higher than in the absence of diffusion.

3. Data and estimation
Taking logs of equation (6) leads to a linear relationship

-1 -2- H —1 Al
wr l1+o¢ nL l1+o¢ L 1+o¢p AZV

which—after appending an error term and approximating the skill-bias of world technology
frontier A}y /A;" and the evolution of relative innovation efficiencies ng/n;, with functions of

https://doi.org/10.1017/51365100522000372 Published online by Cambridge University Press


https://doi.org/10.1017/S1365100522000372

1602 M. Jerzmanowski and R. Tamura

time ¢ (in practice, we use linear, quadratic, and country-specific trends)—becomes a regression
equation?

w H
log <—H> it =0 + v1 () + y2 log (_> it 1 Eit> ®
wL L

to be estimated using data on relative wages and relative labor supplies, where yy and y;u(t)
stand for the parameters—later modeled as time trend polynomials or year fixed effects—that
capture the movement of the time-varying but unobservable factors in the equation: the relative

w
world technology frontier (i—‘vf,) and the relative innovation efficiency parameters ('177—’;). The tech-
L

nology frontier is common to all countries, whereas the innovation efficiency may depend on
country-specific factors such as laws, institutions, and regulations. We therefore explore variety of
specifications, including common and country-specific trends, when controlling for these factors.
Our key object of interest, the value of the elasticity of substitution between high- and low-skilled
workers, can then be recovered from the estimate of y;, using

Ve=—"T"—-: )

and its standard errors can be computed using the Delta method (Greene, 2003).

Notice that this is the same regression as the one estimated in most papers on the elasticity of
substitution between labor of different skill levels. However, the structural interpretation of the
coefficient on the relative skill supplies (y,) is different.” In the presence of directed technological
change and technology diffusion, this coefficient is not the inverse of the elasticity of substitution
o0, as was the case in the canonical approach, and additionally, it depends on the diffusion param-
eter ¢. This means that in order to recover the value of the elasticity parameter from the estimate
of the coefficient on log relative supply, we need to use equation (9) and we need to know the value
of ¢. In Jerzmanowski and Tamura (2019), we work with a calibrated version of the above model
in order to compute skill-specific productivity levels for a large sample of countries. We show that
given plausible values of other model parameters, a value 0.5 for ¢ produces plausible dynamic
behavior of the model (specifically the rate of convergence to the balanced growth path matches
estimates found in the literature). We, therefore, choose to use ¢ = 0.5 as our preferred value.
However, since this parameter does not have a generally agreed-upon value, we also calculate the
value of elasticity under other plausible magnitudes of the diffusion rate.

We estimate ¢ using equation (8) and data from the EU KLEMS Growth and Productivity
Accounts panel data set (EU KLEMS project on Growth and Productivity in the European Union,
2018; Jager, 2018; O’Mahony and Timmer, 2009). This is a detailed database of industry-level mea-
sures of output, inputs, and productivity for 28 European countries, Japan, South Korea, Australia
and the USA for the period from 1970 to 2015. The data, which come at various levels of sectoral
disaggregation depending on the time period, provide information on the share of hours worked
and wages, broken down into three skill groups: low skill (less than high school degree), medium
skill (high school degree) and high skills (college). These come from various survey sources,
including the European Labour Force Survey for many E.U. countries, and the Census and CPS
for the USA Because of the differences in the definition of medium- and low-skilled workers across
countries and over time, we decided to combine these two categories together to form a lower skill
group. The definition of high-skill workers is fairly uniform over time and across countries and
almost always includes individuals with some college and above (Timmer et al. 2007).°® For our
main results, we use the country aggregates, designated as fotal economy in EU KLEMS, which
sums all sectors in each country. We transform the values of the share of hours worked and the
share of the wage bill into relative hours and wages for the purpose of our empirical specification.
For our combined middle- and low-skill group, we follow Katz and Murphy (1992) and compute
the average wages of the group in each country as wages weighted by average hours supplied over
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Table 1. Summary statistics

Variable Mean Std. Dev. Min Max
Share of high-skill hours 0.24 0.09 0.06 0.49
Shareof middle-skillhours 048 014 001 080
I
. ofh|ghsk|llwages e o
Share of middle-skill wages 045 005 073
[ .
H|ghsk|llwage/lo e T
High-skill wage/middle-skillwage 156 031 033 291
! H|ghsk|llwage/lowsk|llwage R

vN =642

the entire sample of the skill group. We then weigh the hours for each country-year cell by those
average wages to create a supply of lower-skilled workers. As we already mentioned, Bowlus et al.,
(2017) argue that there is a potential problem with the measurement of changes in skill supplies
when using this approach since it implicitly assumes the quantity of human capital supplied by
workers of a given education level is identical, regardless of whether they obtained their education
in the distant past or more recently. Our sample covers the period 1970-2015 but 90% of the
observations come from the period after 1980, making this problem potentially less pertinent.

The EU KLEMS labor data come in several versions. The original release, published in 2007,
contained data from 1970 to 2005 (with shorter series for some countries). Subsequent releases
contained data for the original countries and some new ones for the period 2006-2017. In our
analysis, we used combined data for the years 1970-2015.” The potential for changes in defini-
tions of skill groups over time leads the database authors to recommend the following strategy for
ensuring comparability of the hour and wage shares over time: compute a time series of annual
growth rates and combine them with the most recent level information (2015 for us) to compute
prior years’ levels. We follow this recommendation. It turns out that using the raw data produces
very similar results, which are available upon request. To further ensure any changes in skill defi-
nitions are not affecting our analysis, we perform our estimation using only the original pre-2005
sample.

Finally, we note that equation (8) holds along the balanced growth path for a constant supply of
labor in the different skill categories and constant growth rate of skill-specific productivity levels.
Of course, this is not exactly true in our data set but if most of our countries are sufficiently close
to their respective balanced paths and the changes in relative skill supply shifts they experience are
not too large and rapid, the equation will provide a sufficiently good approximation to the true
evolution of relative wages. Estimating a fully dynamic model to account for adjustments off the
balanced growth path is left for future research.

Table 1 contains the summary statistics of the hours and wage shares for each of the three skill
categories, as well as the calculated relative wages and relative labor supplies we calculate based on
the shares. Our main results are obtained using regressions of relative wages on relative supplies
of high-skilled to lower-skilled (low and middle skill combined). We present robustness analysis
using relative values of high-skilled to middle-skilled only.

4. Results

This section presents and discusses the results of estimating equation (8) using the EU KLEMS
data on wages and labor supplies of high-skilled and lower-skilled workers groups. We use ordi-
nary least squares, fixed effects, instrumental variables (where we instrument H/L with its lagged
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Table 2. College vs. lower-skilled; OLS

1 2 3 4 5 6
log (H/L) —0.001 0.001 —0.019 —0.013 —0.036 0.003
e oo oo oo oo oos)
s
redsamed e e e e e e
i e
e s s o
A e e e e

2.50 2.50 2.4 247 2.4 2,51

o

s 7 e — e o
osvconfint.  [227,272]  [228,272]  [218,274]  [221,273]  [215,270]  [2.29,2.73]
e
A

NOTES: Ordinary least squares estimates of log (wy/wy); = vo + y1 iu(t) + 2 log (H/L);: + &it, using high-skilled workers as H and low-
and middle-skilled workers for L. Standard errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on
y2 =(0 —2—¢)/(14 o¢) with ¢ =0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the probability that
the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

values), and system GMM estimators, and in each case, we explore different ways of proxying
for the changes in the world technology frontier skill bias (linear, quadratic, and country-specific
trends).

For each estimation method and time trend specification, we report the point estimates and
the associated standard errors of y, from equation (8); the implied estimate of the elasticity of
substitution between high- and low-skill labor o and its associated two standard deviation inter-
val, using standard errors calculated using the Delta method; and the elasticity of substitution
that would be implied under the canonical interpretation of y, (denoted by o’ ), which ignores
directed technology change and cross-country technology diffusion and computes the elasticity as
an inverse of y, estimate.

We start with our preferred estimates of the elasticity of substitution based on the value of the
diffusion parameter ¢ = 0.5. We then show how the estimates would be affected by imposing a
different rate of technology dissemination, choosing a different lower skill definition, or restricting
our sample.

4.1 Baseline estimates

Table 2 below shows the results of OLS estimation. When only a linear or quadratic time trend
is included (columns 1 and 2), the point estimate of the elasticity of substitution is 2.5, which is
higher than most results in the literature but is in the plausible range and, in fact, not far from some
of the recent findings (Acemoglu and Autor, 2011) or earlier estimates that used more flexible ways
to control for the time trend (Katz and Murphy, 1992). The point estimate is similar if we use a
more flexible year effects instead of the trend polynomials (last column). Importantly, note that if
were to follow the canonical model’s interpretation of the coefficient y, and compute the elasticity
as its inverse, we would get obtain a highly implausibly values. The reason is simply that according
to the data, the increase in relative supply of skilled workers has zero effect on their relative wage.
In our macrosetting, this does not require a vastly implausible elasticity but instead a high but
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Table 3. High- vs. lower-skilled; Country fixed effects

1 2 3 4 5 6

log (H/L) —0.355%** —0.356%* —0.313%* —0.299%* —0.151 —0.336**
S e e e
v
TR T
B e e
e i
e e
e . . e o e e v

2.1

o .82 .82 .89 .92 .85
S M i s s e —
‘os%confint.  [148,217)  [148,217)  [162,217)  (155228]  [1.74,263]  [1.48,2.23]
T T
R s e St e

NOTES: Estimates of log (wy/wp)j = Ai + vo + y1 i(t) + 2 log (H/L);; + &it, using high-skilled workers as H and low- and middle-skilled
workers for L. Standard errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on y, =(c —2 —
¢)/(14 o) with ¢ =0.5. Standard error of o calculated using the Delta method. p(c < 2.5) denotes the probability that the true
“macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y;.

reasonable value of 2.5. Note that, of course, the value of 2.5 is exactly borderline for the presence
of strong skill bias since (7) is satisfied as an equality. That is the increase in technology (and thus
demand for skills) induced by changing quantity of skilled workers is just powerful enough to
offset the usual negative supply effect.

When we allow the time trend to be country-specific, the point estimates of o decrease slightly
to between 2.42 and 2.47 (columns 3-5). These are still higher than the conventionally accepted
value of 1.6, but these estimates fall slightly short of the cutoff needed for strong skill bias. The
95% confidence intervals however do include values for which strong bias would be present. The
estimates that would be obtained under the standard interpretation, which ignores directed tech-
nology and diffusion of ideas, are closer to the realm of plausibility but are much larger than the
literature’s 1.6 or even our own estimates and, additionally, are highly sensitive to the time trend
specification.

Table 3 reports the results of estimating equation (8) with country fixed effects. Here again, the
estimates are somewhat lower, in the range of 1.82-2.18 but still considerably higher than 1.6, with
values well above 2 comfortably within the confidence interval. And, when the country-specific
trend squared is included, the regression implies no significant effect of changes in relative supply
on relative wages, that is the skill bias completely offsets the negative supply effect. In this case, the
point estimate of elasticity of substitution is firmly above two (and the confidence interval includes
value consistent with strong skill bias). The conventionally computed elasticities are much higher,
and in three cases, implausibly so.

There is potential for endogeneity bias if a shock to wages induce a response in hours of work
supplied on the either intensive or extensive margin (given that our data are at annual frequency,
we are less worried about education attainment’s response to wages). Unfortunately, we do not
have a good candidate for an instrument, but in Table 4 we report the estimate of our model using
lagged values of relative labor supplies as instruments for the current level. These results are very
similar to those from the fixed effects model, and as before, their conventional interpretation,
that is those that ignore technology diffusion cross countries, would lead to estimates of elasticity
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Table 4. High- vs. lower-skilled; IV

1 2 8 4 5 6
log (H/L) —0.411%** —0.429%** —0.271%* —0.263* —0.108 —0.400***
e . ,.(0.;12.1) PR (d;ll'gv;)” s ((.).089), I (0143) s ”(0;635) P (6_124) .
Countryeﬁects R yes s Yes [ yes S yes [ yes [ yes
Trend e yes s Yes s Yes [ yes [ yes s No —
vT.v R ”ed I .,No., PR .Yes;, I Nb SR S

Yes N

Country tren

o [¢] Yes HYes Yes No |
cOuntrytrendsq T No e No e No e No s Yes e No .
Yévar'éffeﬂcts” .,No” s ,No, o B No . o s .,Yeg
U e 173 e 171 e 196 e 198 e 227 e 175 .
se e (0187) B (0181) I (0156) S (0252) s (0171) I (0194) |
‘os%confint.  [136,211]  [134,207]  [165227]  [147,248]  [193,261]  [136,2.14]
..&./.. T 243 [ . 923 [ 250 .

NOTES: IV estimates of log (wy/wy)j; = Ai + vo + y1 u(t) + y2 log (H/L);; + €it, using high-skilled workers as H and low- and middle-skilled
workers for L on the restricted sample (1970-2005). Lagged values of relative labor supplies as instruments for the current level. Standard
errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on y, = (0 —2 —¢)/(1+0¢) with ¢ =0.5.
Standard error of o calculated using the Delta method. p(o < 2.5) denotes the probability that the true “macro-"elasticity is less than the
strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y;.

that are—in most specifications—either considerably high (above 3) or even very implausibly
large (9.23) and additionally very sensitive to the specification of the time effects. As our final
empirical method, we estimate our equation using system GMM estimator (Arellano and Bover,
1995), which, in addition to first-differed equation instrumented with lags of relative supply,

uses an equation in levels.® Table 5 contains the results of our GMM estimation. The GMM
estimates of the elasticity parameter are considerably higher than those using other estimators.
The point estimates continue to fall right around the boundary of strong bias, and the 95%
confidence intervals always include a region where bias would indeed be of the strong kind. Some
of our modeling choices and assumptions make the GMM a potentially appealing approach. For
example, the inclusion of time trend polynomials or, even more flexibly, year effects, makes it
less likely that idiosyncratic disturbances are correlated across countries (say, due to a common
shock to the technology frontier). However, other assumptions may well not hold. The lack of
serial correlation in the idiosyncratic part of the error term (net of the country fixed effect) is
less likely to be a problem if countries are close to their balanced growth paths, as our approach
assumes but does not guarantee this is the case. Thus, the results obtained with the use of internal
instruments must be taken with caution. That said, we note that the GMM estimates provide a
strong suggestion that the technological change over the last several decades may in a fact have
been strongly skill-biased.

We conclude that our estimates, together with our macrointerpretation, which accounts for
directed technology change and cross-country idea diffusion, produce a set of estimates of the
elasticity of substitution that are higher than those found using US microdata but fall within a
plausible range. Importantly, some of the specifications produce point estimates (or at least confi-
dence intervals) consistent with the strong skill-bias of technology. We also note that the elasticity
estimates under our macrointerpretation are not overly sensitive to the estimation method and the
trend specification. The same cannot be said of the values that would be obtained if we followed
the conventional interpretation of the coefficient on relative labor supplies: here, the estimates are
highly sensitive to specification and, most of the time, fall outside of a plausible range.
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Table 5. High- vs. lower-skilled; system GMM

1 2 3 4 5 6
log (H/L) —0.025 —0.022 0.009 0.010 —0.038 —0.020
2T . ((‘),064)” . (0062) R ”v(ov,bsv?‘) R (6,056) R (0062) B ”(0,661‘)'
countryeffects ]
o e R R R
o .S,qu.,aréd e e e e e e
country R
countrytrendsq L
Veoreffocts v e e e o e
P s .
e . (0141) s (0137) B (0129) e (0126) I (0134) I (0135) ]
95%conf.int.  [216,273]  [218,2.72]  [226,278]  [227,2.78]  [215,268]  [2.18,2.73]
p(o<25) o
R

NOTES: System GMM estimates of log (wy/wy);; = Ai + vo + y1 u(t) + y2 log (H/L);; + €it, using high-skilled workers as H and low- and middle-
skilled workers for L. Lagged levels of relative labor supplies as instruments for the first-difference equation and lagged differences of relative
supplies are used as instruments in the level equation. Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

4.2 Robustness

4.2.1. Different rates of diffusion (¢)

In the above tables, we calculated the value of the elasticity of substitution by inverting equation
(9) and using our preferred value of the diffusion rate ¢ = 0.5. Here we present the estimates of &
(as well as the two standard deviation interval) computed using alternative values of ¢. Specifically,
in Figure 1, we plot—for OLS and fixed effects specifications—the values of o against the diffusion
rate (in each case using two out of the five specifications reported in the tables). The shaded region
corresponds to the two standard deviation band, and the black line is the value of elasticity above
which the strong skill bias is present. We repeat this for the IV and GMM estimates in Figure 2.

As can be seen from the graphs, given the estimated regression coefficients, the implied elas-
ticity is increasing in @, but, of course, so is the cutoff for strong skill bias. In the case of OLS,
point estimates are always only slightly below the threshold when a country-specific linear trend
is not included (Figure 1(a)) but fall farther from the threshold once this variable is included in
the regression (Figure 1(b)). For both OLS specifications, the elasticity consistent with strong bias
falls within the two standard deviation interval. Under country fixed effects (Figure 1(c)-1(d)),
the point estimates of elasticity are lower and, as a result, the strong skill-bias cutoff falls outside
of the two standard deviation regardless of the diffusion rate. The GMM results (Figures 2(c)-
2(d)) are similar to the OLS ones and the case of IV (Figures 2(a)-2(b)) falls in between. Without
the country-specific trend, strong skill bias is very implausible, regardless of the diffusion value
(Figure 2(a)). When a country-specific trend is included, strong skill bias is within the two stan-
dard deviation band but only for diffusion rates lower than our preferred value of 0.5 (Figure
2(b)).

We also note that, relative to our preferred results with the diffusion rate of 0.5 presented
above, the absence of any technological diffusion (¢ = 0) implies elasticity values closer to those
obtained in the literature, while faster diffusion suggests the evidence is consistent with a much
greater degree of substitutability between skilled and unskilled workers.
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(c) FE: specification with common linear and (d) FE: specification with common linear and
quadratic trends (column 2 in table 3) quadratic trends and country-specific linear trend
(column 5 in table 3)

Figure 1. Estimates of o (blue line) and the two standard deviation intervals (shaded) for different values of the diffusion
parameter ¢ based on different specifications under either OLS or fixed effects (FE). The black line denotes the value required
for strong skill bias.

4.2.2. Different definition of lower-skilled

In the regressions above, we have combined the low and medium skill groups from the EU KELMS
data. We have done this, because the distinction between these two categories is not uniform
across countries in the sample (O’Mahony and Timmer, 2009). However, much of the literature
estimating the elasticity of substitution between skill types uses two groups: college-educated and
high-school-educated workers. Thus, we repeat our analysis, this time using only the middle-
skilled group as the lower-skilled workers. The results are in Tables 6-9. The point estimates are
mostly very similar and still within the plausible range. Most of the point estimates of elasticity
are considerably higher than 1.6, with half of the specifications yielding point estimates above two.
However, the 95% confidence intervals usually do not contain the values above the strong skill-
bias threshold (Tables 7-9). Again, the conventionally computed elasticities are again considerably
higher, and in most cases implausibly so (Tables 7-9).

Tables 10-13 repeat the estimation, this time using the low-skilled workers as the second group.
These results are again broadly similar to our baseline; however, this time the point estimates
are somewhat higher and the confidence interval in many specifications includes the value of
elasticity required for the strong form of skill bias. In the case of GMM, even the point estimate
lie well into the strong bias region. Given that the definitions of middle- and low-skilled groups
in EU KLEMS are not always consistent across countries or even across time for a given country,
we are cautions with putting too much emphasize on the above results, preferring our baseline
specification. However, it is reassuring that estimating our model for the two groups separately
yields consistently similar findings.
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Table 6. High- vs. middle-skilled; OLS

1 2 3 4 5 6

log (H/L) —0.190*** —O 190*** —0 212 —0. 207** —0 224*** —0 181+
S (0068) (0 068) P (0088) [ (0 091) s (0063) s (0 066)
Countryeffects e NO [ o [ o e o o o
Trend O Yes [ yes s Yes T Yes IR Yes s No .
R No 00O
Country trend s NO e

e e
oty ey S
G e
S e

T
95%confint.  [186,236]  [185236]  [L75,239]  [L74,242]  [180,230]  [L88,2.38]
L
B Rt S R Rt o
s .t et 1 e et 0
7

NOTES: Ordinary least squares estimates of log (Wx/wy) ;s = yo + 1 (t) + y2 log (H/L)j + €it, using high-skilled workers as H and low-skilled
workers for L. Standard errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on y, = (0 —2 — ¢)/(1 +
o) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(c < 2.5) denotes the probability that the true “macro-"elasticity
is less than the strong skill-bias threshold. Conventional elasticity o calculated as 1/y5.

Table 7. High- vs. middle-skilled; Country Fixed Effects

1 2 3] 4 5 6

log (H/L) 0468 0465 —0.528"* 0555 0620 —0448™*
S R I BT BT R
P G L A G
L e
e A L T —" G s——. ——
T e
(o) (01200  (0122)  (0.122) (0.118)
>“95 Y% conf;‘ Int - [l 42 l 88]> [l 4l l 89] H|ii.32, 180] - [l 28 l 77]‘ o [0 95 l 92]‘ [144,191]
i e e
R e e
1 e s 1 s o

NOTES: Estimates of log (wy/wy)je = Ai + yo + y1 u(t) + y2 log (H/L)j¢ + €it, using high-skilled workers as H and middle-skilled workers for L.
Lagged values of relative labor supplies as instruments for the current level. Standard errors clustered at the country level. “Macro-"elasticity
of substitution o calculated based on y, = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o <
2.5) denotes the probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated
asl/y,.
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Figure 2. Estimates of o (blue line) and the two standard deviation intervals (shaded) for different values of the diffusion
parameter ¢ based on different specifications under either IV or system GMM. The black line denotes the value required for
strong skill bias.

4.2.3. Restricted sample

Finally, as explained above, we want to check if our results are not affected by changing definitions
of skill categories. To this end, we re-run our regressions using only the original release of EU
KLEMS data, thereby significantly reducing the possibility of changing skill definitions. Even for
unchanging definition, there is a concern about changes in the amount of human capital supplied
by workers with the same nominal education attainment but of different vintages which we have
alluded to previously (Bowlus et al. 2017). This shorter sample also helps to further alleviate this
concern. The results are presented in Tables 14-17. They are generally quite similar to our baseline
results.

4.3 Sectoral analysis

The EU KLEMS data come disaggregated at the industry level according to the NACE European
standard classification of productive economic activities. However, depending on the country and
the time period, the level of disaggregation varies. Additionally, for later years in our sample
(unfortunately the cutoff is not uniform across countries) the classification switches from NACE
Revisionl to NACE revision 2, which split and combine some major sectors. For all these reason,
a detailed sector-level analysis is beyond the scope of this paper as it would require a very detailed
and careful merging of data from different time periods and countries. With those caveats in mind,
we present the results of estimating our model for 9 major sectors separately: finance, health and
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Table 8. High- vs. middle-skilled; IV

1 2 3 4 5 6
log (H/L) —0. 371*** 70 359*** 70 347 70 320*** —0. 282*** 70 334
SR - (0066) s (0 070) . (0056) B (0 085) - (0058) - (0 065)
Country o
I
B e e T e
Country g S e
”Countrytrend Sq” T A
Yeareffects No : v Nvo : No ”Ndv No - Yﬂes”
n I ...l o ...1 R 1 e i T 1 b 1 e
P (0 106) B (0 113) B (0 091) s (0 143) s (0 100) B (0 107)
95%confint.  [L58,201]  [159,2.04]  [165,202]  [L59,216]  [174,2.14]  [L64,2.07)
...p(o <25) o 094 s e e 094 094
. e
N L T T

NOTES: IV estimates of log (wy /wy);e = A + yo + y1 () + y2 log (H/L);¢ + ¢it, using high-skilled workers as H and middle-skilled workers for L.
Lagged values of relative labor supplies as instruments for the current level. Standard errors clustered at the country level. “Macro-"elasticity
of substitution o calculated based on y, = (6 — 2 — ¢)/(1 + o) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o <
2.5) denotes the probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated
asl/y,.

Table 9. High- vs. middle-skilled; system GMM

1 2 3 4 5 6
log (H/L) —0 207*** —0 206*** —0 205** —0 203** —0 225*** —0 195***
A
e St e e e b e e
s o
L T s
R SRR R R IR ORI
oty Rt ety S
222 s
se. (0127)  (0128)  (0.170) (0174) (0123 (0125
95%conf|nt - [l 83 233] [l 82 233] ‘ [l 74 42] - [l 74 243] H[l 0, 229] - [l 85 235]

1 OO 1.00 0.98 0 98 1.00 1 00
o’ 4.84 4.85 4.88 4 92 4.44 5.12
N 642 642 642 642 642 642

NOTES: System GMM estimates of log (wy /W) = Ai + vo + y1 i(t) + y2 log (H/L);: + €it, using high-skilled workers as H and low- and middle-
skilled workers for L. Lagged levels of relative labor supplies as instruments for the first-difference equation and lagged differences of relative
supplies are used as instruments in the level equation. Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

social work, transportation, mining and forestry, education, agriculture, manufacturing, construc-
tion, and wholesale trade. These results are presented in Table 18. For each estimation method, we
present two specifications labeled “estimation method” 1 and “estimation method” 2 (e.g. OLS1
and OLS2), which correspond to columns 3 and 6 in our aggregate results tables; the first one
includes a linear trend and a country-specific trend, the second includes year fixed effects. The
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Table 10. High- vs. low-skilled; OLS

1 2 8 4 5 6

log (H/L) 0.019 0.018 0.043 0.043 0.030 0.015
R S T T T —T —
R i
St e e
e
e o i o e o
e e T - —
T e W e R
S S
X om0 e e oe o ome
95 confint.  [232,276]  [232,276]  [242,278]  [242,278]  [237,277]  [2.30,2.76]
T R e v
B R T
o T
i i i S S i

NOTES: Ordinary least squares estimates of log (wy/wy);; = yo + y1 iu(t) + y2 log (H/L);: + €it, using high-skilled workers as H and middle-
skilled workers for L on the restricted sample (1970-2005). Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

Table 11. High- vs. low-skilled; Country fixed effects

1 2 3 4 5 6

log (H/L) 0153 —0.160* —0.068 —0.070 —0.142° 0182
R I T R T p—
ETIP
S e
T L e
itk R RPN I
S R A
8 o an am s am
L om om om ow o o
‘95 confint.  [184,252]  [184,250]  [L94,276]  [199,271]  [192,249]  [L77,248]
plo<25 0% 0% o6 079 097 097
S D
e

N 645 645 645 645 645 645

NOTES: Estimates of log (wy/wy)j; = Ai + Yo + y1 i(t) + y2 log (H/L);; + €it, using high-skilled workers as H and low-skilled workers for L.
Standard errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on y, = (0 —2 — ¢)/(1 4+ o¢) with
¢ =0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the probability that the true “macro-"elasticity is less
than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y;.
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Table 12. High- vs. low-skilled; IV

1 2 3 4 5 6
lOg (H/L) —0.156* —0.180* —0 016 —0 025 —0 207*** —0.189*
4 e
P L L
v B B B B
T R
oo e e
S R
E T S A
95% confint.  [L81,254]  [178,248]  [199,294]  [202,287]  [192,224]  [1.75,247]
B
835 B
S S S i S i S

NOTES: IV estimates of log (wy /wy);e = A + yo + y1 () + y2 log (H/L);¢ + ¢it, using high-skilled workers as H and middle-skilled workers for L.
Lagged values of relative labor supplies as instruments for the current level. Standard errors clustered at the country level. “Macro-"elasticity
of substitution o calculated based on y, = (6 — 2 — ¢)/(1 + o) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o <
2.5) denotes the probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated
asl/y,.

Table 13. High- vs. low-skilled; System GMM

1 ? 3 4 5 6

log (H/L) 0.015 0.013 0.053 0.052 0.025 0.010
B A R
DR
e 1 e
L T s
R SRR R R IR ORI
L S
222 B
se.  (ous (0119  (0.099) (0099)  (0100)  (0123)
ET TR
L gt
e i
1

NOTES: System GMM estimates of log (wy/w(); = Ai + vo + y1 iu(t) + v2 log (H/L); + &it, using high-skilled workers as H and low- and low-
skilled workers for L. Lagged levels of relative labor supplies as instruments for the first-difference equation and lagged differences of relative
supplies are used as instruments in the level equation. Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

fixed effects, IV, and GMM methods all include country fixed effects, as before. The findings are
similar to the aggregate results and well within the plausible range (unlike the conventional esti-
mates) but in many cases have slightly higher values. Interestingly, in some instances, most notably
in the finance and the education sectors, there is quite pronounced indication of a strong skill bias.
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Table 14. High- vs. lower-skilled ; OLS (1970-2005)

1 2 8 4 5 6

log (H/L) —0.014 —0.018 0.010 0.006 0.015 —0.019

(0.055) (0.054) (0.052) (0.052) (0.061) (0.057)
,,.Country effects B T
e B i
Trend squared No Yes No Yes Yes No
,,Country T
”'cOuntrytrend sqv.. T
Year effects ‘No - vNov No - ch> v No' - ersv
I ”(0 123) B (0 120) B (0 119) T (0 118) B (0 140),. B (0 125)
95% conf. int. [2 22 2 71] [2.22 2.70] [2 29 2 76] [2 28 2 75] [2.26, 2.81] [2 21 2 71]
p(o <25) S 0 60 . 63 I o . e T 0 63
1
R2 0.02 0.06 0.53 0.54 0.76 0.00

NOTES: Ordinary least squares estimates of log (wy/wy); = yo + y1 iu(t) + y2 log (H/L);: + €it, using high-skilled workers as H and middle-
skilled workers for L on the restricted sample (1970-2005). Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (6 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.

Table 15. High- vs. lower-skilled; Country fixed effects (1970-2005)

1 2 3 4 5 6

log (H/L) —0367" 0363 025"  —0.240" —0298"  —0369"
R )
T B i L R
Saiit e
e e s s e
O s e
e
L P
22 B
X em e o om om oms
‘95 confint.  [136,225]  [138,224]  [L77,232]  [178,226]  [143,240]  [137,2.3]
T R - T T TS
I . B
o s B e R

n 413 413 413 413 413 413

NOTES: Estimates of log (wy /W)t = Ai + yo + y1 iu(t) + y2 log (H/L);+ + €ie, using high-skilled workers as H and middle-skilled workers for L
on the restricted sample (1970-2005). Standard errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on
Y2 =(0 —2—¢)/(1+o0¢) with ¢ =0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the probability that the
true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y5.
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Table 16. High vs. lower-skilled ; IV (1970-2005)

1 2 3 4 5 6

log (H/L) —0.423%** —0.419%** —0.120 —0.130* —0.281*** —0.417%**
(0.139) (0.137) (0.083) (0.076) (0.093) (0.140)

Countryeffects B
e
Trend squared No Yes No Yes Yes No

Country T
CountrytrendSq e
Year effects - No - Nvo - No - No - vNo ' Yes

95% conf. int. [1.29,2.14] [1.30,2.14] [1.91,2.58] [1.92,2.53] [1.62,2.27] [1.29,2.15]
P e

N 368 368 368 368 368 368

s.e.

NOTES: IV estimates of log (wy/wy);; = Ai + vo + y1 u(t) + y2 log (H/L); + €it, using high-skilled workers as H and low- and middle-skilled
workers for L on the restricted sample (1970-2005). Lagged values of relative labor supplies as instruments for the current level. Standard
errors clustered at the country level. “Macro-"elasticity of substitution o calculated based on y, = (0 —2 —¢)/(1+0¢) with ¢ =0.5.
Standard error of o calculated using the Delta method. p(o < 2.5) denotes the probability that the true “macro-"elasticity is less than the
strong skill-bias threshold. Conventional elasticity o calculated as 1/y,.

Table 17. High vs. lower-skilled; System GMM (1970-2005)

1 2 3 4 5 6

log (H/L) —0.014 —0.018 0.011 0.007 0.014 —0.018
'Codntfye'fvfeéts PR Voe (R, Y.és [ ersv [ ”ye; PR Ve . yﬂesﬂ
Trend e yes e Yes s yes [ yes s Yes s No i
Trendsquared s No s yes s No s Yes s Yes s No .
.Codn&vyt.rvena R o [ Nvo [ Vo s ”ye; P Ve e No .
Country trendsq R No R NO [ No s NO s Yes s No |
Yeareffects [ No SR No s No P No IR No s Yes .
.& FE v.2'47 PR 246 PR 252 [ 252 PR v.2.v5.3 IR 246
Se S (0123) e (0120) e (0120) s (0119) e (0140) e (0125) |
95%Conf mt P [222’271] e [222’2701 e [229’275] e [228,275] . [225)281] R ——
> s 7100 - 5637 . e _9397 e .._144.89.. [ _6941 e . .

[2.21,2.71]

NOTES: System GMM estimates of log (wy/wy);s = Ai + vo + y1 i(t) + y2 log (H/L);; + &it, using high-skilled workers as H and low- and middle-
skilled workers for L. Lagged levels of relative labor supplies as instruments for the first-difference equation and lagged differences of relative
supplies are used as instruments in the level equation. Standard errors clustered at the country level. “Macro-"elasticity of substitution o
calculated based on y; = (0 — 2 — ¢)/(1 + o ¢) with ¢ = 0.5. Standard error of o calculated using the Delta method. p(o < 2.5) denotes the
probability that the true “macro-"elasticity is less than the strong skill-bias threshold. Conventional elasticity o’ calculated as 1/y,.
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Table 18. High- vs. lower-skilled; Sectoral regressions

M. Jerzmanowski and R. Tamura

OLS1

OLS 2

FE1

FE2

V1

V2

GMM 1

GMM 2

Aggregate

o

S.e.

p(a <25) B

Finance

o

S.e.

p((r < 2 5)
Health &soaal
o

S.e.

.:.p(0<25)

Transportatlon

o

S.e.

”p(c < 2 5)
Mmmg

o

S.e.

Plo<25)

Education

Agriculture

p(c < 2 5)
Manufacturmg

o

s.e... B
p(o < 2.5)

Construction

(7

S.e.

...p(a < 2 5) e
Wholesale

o

S.e.

a2y

o

2 46 -
(0 140)
0.62

2.81
(0 201)
0.05

2 64
(0 246)
0 29

223
(0 250)
0.84

235
(0.234)
0.73

0.59

254
(0 136)
040

247

(0 038)
0 75

268

::(o 115)

0.06

251

o110 (o

047

292
(0.153)
0.00

2 68
(0 206)
O 18

242

(0209 (o

0.65

243
(0.172)
0.66

254
(o 104)
0.37

2.52
(0 053)
O 33

2.71

::(o 108)

0.03

189

0131

100

2 18
(0 116)
099

170

0239

100

1 82
(0 344)
0.95

219
(0 238)
088

2 24
(0 154)
- 0.94

2.02

==

0.95

2.25
(0 195)
088

185

(0189)

100

193

o1«

100

”1.92

(o087

100

190
(0.245)
0.98

235

(o 194) ..

077

229

(0 177)

0.87

2.82
(o 272)
011

196
(o 193)
099

196
(0.156)
0.90

e
(0. 123)”
! v
2,
..(0 300).. -
S

2.13
(0.207)
083

212

032

0.76

2.26
(0.448)
0.65

194
(0.318)
0.82

2 20
(©. 408)
0.69

1 75
(o 194)
0.90

1 84
(0. 182)
0.90

2.24
(0.131)
0.84
208

.(0 225)‘ e
0.83

192
(o 231)
0.86

2 38
(0 296)
0.62

2.36

034

0.67

2.96
(0.310)
0.17

' 2 52
(o 129)
0.44

2 81
(0.220)
0.07

Jl65
(o 247)
0.27

2. 21
(o 251)

0.86

(0 086)
O OO

2.48

267

0123

0.08

2.32
(0.241)

0.76

0.55

2.57
(. 141)
032

2.48
(0.037)
0.71

245

(o 135)
0.63

2 68
(0 233)
0.22

231

022)

0.79

2 37
(o 211)
072

2 49
(o 107)
053

266

o

0.09

2.82
(o 172)
1003

2511
(0.054)
0.41

NOTES: Estimates using various specifications and methods at sectoral level. For each method, specification 1 includes (a) a common trend and
(b) a country-specific trend, and specification (2) includes year effects. All regressions using high-skilled workers as H and low- and middle-skilled
workers for L. Standard errors clustered at the country level. All other details as in the previous tables.
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The sectoral results provide a good context to mention an important point, namely that the
use of education as a basis for classifying workers may be a limiting factor in our analysis.”
Education is very likely too broad a concept to fully capture the nature of tasks performed by
employees in a modern economy. Often work characteristics, such as cognitive requirements,
routine vs. creative, reliance on teams and cooperation, etc. differed significantly across jobs
that are performed by workers with the same nominal education level. Unfortunately, the EU
KLEMS labor data we are working only contain three skill categories and are devoid of useful
information on occupation, position in firm hierarchy, tenure with firm, age or experience, etc.
The closest, but obviously crude and incomplete, way we can come getting at this issue with our
data is by thinking about sectorial analyst. Perhaps, workers with similar education levels perform
different tasks in different sectors/industries, rendering them more or less substitutable for
workers with a different education depending on the nature of those tasks (and thus the industry
of employment). However, to fully explore this issue one would have to extend our theoretical
approach to include a model with differential tasks (Acemoglu and Autor, 2011; Acemoglu and
Restrepo, 2019) and it would likely require data sources beyond what is available in EU KLEMS.

5. Conclusions

Aggregate elasticity of substitution between workers with different skill levels is an important
macroeconomics parameter. For example, it is crucial for quantifying the impact of technological
and structural changes on the macroeconomy since it determines how shifts in labor compo-
sition and technology affect relative wages (Acemoglu, 1998, 2002; Acemoglu and Autor, 2011;
Krusell et al. 2000). Importantly, with sufficiently high degree of substitutability between skills,
endogenous-directed technological change can lead to a strong skill-bias: a situation where an
increase in the relative supply of skilled workers can—counter to the standard negative supply
effect—raise the wages of those workers, helping to explain the secular rise in the skill pre-
mium over the last several decades. Additionally, the elasticity of substitution between skill types
has played a crucial role in quantitative modeling of international income differences, the so-
called development accounting, with the relative importance of human capital endowment usually
hinging on its value (Caselli and Coleman, 2006; Jerzmanowski and Tamura, 2019).

The empirical work seeking to estimate the value of elasticity of substitution has, largely relay-
ing on US microdata, led to a consensus value of about 1.6, which is not high enough for the strong
skill-bias to occur. In the economic growth literature, this numerical value of the elasticity—when
used in development accounting studies—usually implies a large role of human capital in explain-
ing cross-country income differences. However, there are reasons to be cautious about the existing
estimates. First, it is not clear whether using an elasticity value obtained from US microdata is suit-
able for calibrating models aimed at explaining the behavior of widely diverse groups of economies
(Jones, 2014). Second, the assumption of constancy of human capital quality over extended time
periods—implied when using long US micro-time series to estimate the elasticity—may not be
justified (Bowlus et al. 2017). We contribute to this literature by estimating the elasticity of sub-
stitution between workers of different skill types using a macropanel data from a large group of
economies with most observations coming from only the more recent time periods.

Using an endogenous-directed technology model with international diffusion of ideas, we
derive the appropriate estimating equation and show that—in a cross-country setting with tech-
nology diffusion—the elasticity is not a simple inverse of the wage/labor supply regression
coefficient. We estimate this equation using data from the EU KLEMS Growth and Productivity
Accounts panel data set, a detailed database of industry-level measures of output, inputs, and pro-
ductivity for 28 European countries, Japan, South Korea, Australia and the USA for the period
from 1970 to 2015. We find that the elasticity of substitution between tertiary-educated workers
and those with lower education levels likely falls within the range of 1.7 and 2.5, which is higher
than previous estimates but within a plausible range. Notably, our elasticity estimates are closer
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to those obtained recently by Bowlus et al., (2017), who argue that most of the past literature
mis-measured changes in skill supplies over long time periods. Our approach does not explicitly
correct for this problem but—given that our use of panel data allows us to get by with a shorter
time dimensions of the sample—this should be less of a concern for us. As a result, the fact that our
estimates also point to higher elasticity of substitution values is reassuring. In most of our regres-
sions, the estimated elasticity falls short of the value required for strong skill-bias of technology;
however, in some specifications, the 95% confidence interval includes that level, suggesting strong
skill bias is possible. When we restrict our attention to a narrower definition of low-skilled work-
ers (those form the low-skill group only), the findings point even more strongly in the direction of
higher elasticity and a possibility of a strong skill-bias. Finally, we also estimate our model using
disaggregated data for nine major sectors. They are similar to the aggregate results and well within
the plausible range but in many cases have slightly higher values. Interestingly, in some instances,
most notably in the finance and the education sectors, there is quite pronounced indication of a
strong skill bias.

Our conclusions for this exercise are as follows. First, using a macropanel data of a fairly diverse
group of countries over an extended time period, the elasticity estimates are largely in line with
existing estimates obtained using very different data sets. We feel this is encouraging and strength-
ens the confidence we have in the range of plausible elasticity values. Second, we demonstrate
that when using cross-country data, accounting for technology diffusion and endogeneity of the
direction of technological change (what we dub the “macro-approach") are important for cor-
rectly interpreting the elasticity estimates. We feel that further work using international data to
investigate elasticity of substitution between skills should continue to pay close attention to the
underlying theoretical structure. Finally, the fact that some of our results point in the direction
of higher elasticities is also consistent with the most recent findings using more disaggregated
data, further strengthening their plausibility. A more robust way of addressing the potential role
of endogeneity of the labor supply, accounting for off-balanced growth path dynamics, and incor-
porating data for less developed countries are all areas where our research could fruitfully be
extended. As emphasized in the previous section, going beyond education differences and explor-
ing the role of finer skills, tasks, and other job characteristics in making workers more or less
substitutable is also of great interest and importance.'°

Notes

1 Hendricks and Schoellman (2020) are another recent contribution which seeks to quantify international income differences
using an approach based on imperfect substitutability of workers with different skill levels.

2 Howevet, the addition of more flexible parameterization of the technology term brings that estimate down to about 1.8.

3 In the appendix, we also provide a linearization of the model, which can serve as a basis for non-linear estimation of the
elasticity without the assumption of balanced growth path. We leave this extension for future work.

4 We also run specifications with country fixed effects since ng /7y, could be country-specific, as in Tamura, et al. (2016), and
Tamura (2006).

5 Appendix C provides a detailed illustration of the comparison between this macrointerpretation and the conventional
approach.

6 The results for only high and middle-skilled workers are provided in the appendix. They are similar to our main results,
but the elasticity estimates are somewhat lower.

7 We do not use the data after 2015 since the source information for wage shares after 2015 is not available, and that series in
the most recent release is simply interpolated from older data (Adarov and Stehrer, 2019). Releases up to 2016 can be found
at http://www.euklems.net/ while the latest release is available at https://euklems.eu/.

8 Arellano and Bond (1991) derive a GMM estimator that uses suitably lagged levels of the dependent and predetermined
right-hand side variables as instruments for the equation in first differences. Blundell and Bond (1998) extend this method to
a system GMM estimator, where sufficiently lagged first differences are used to instrument an additional equation in levels,
and this is the GMM estimator we use.
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9 We thank one of the referees for bringing this to our attention

10 This set-up leads to an aggregate production function with unitary elasticity of substitution between capital and skilled
labor. Evidence using cross-country aggregate data suggest this elasticity is less than one (e.g. Jerzmanowski, 2007) but we
abstract from this issue here.
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Appendix A: Detailed derivations

In this section of the appendix, we provide more detailed derivations of some of the equations on
the production side of the model.

A.1. Households
There is a continuum N of infinitely lived representative households with CRRA preferences, a
discount rate of p and one of three skill types: high-skilled (H) and low-skilled (L). Population
and type shares, s;, are constant
The households own physical capital and patents rights on innovation and maximize the

present discounted value of an infinite stream of utility. The optimal consumption path obeys
the familiar Euler equation

c 1

c=glr—rl

where p is the discount rate, 0 is the CRRA coefficient, and the interest rate r is equal to the rental
rate minus the rate of depreciation.

A.2. Final good
Final output is produced using intermediate goods which are skill-specific according to the
following production function

e—1

=)
Y={Y, +Y,° }&1. (10)

Competitive firms (characterized below) produce the intermediate goods Yy and Y7, and sell
them to competitive final output producers at prices P;, i = H, L. We take the final good to be the
numeraire so that

1
[Pi‘e + P}{‘S] o (11)

A.3. Intermediate goods & Machines
Intermediate goods producers combine machines and labor in the standard “variety of machine
inputs” manner

yy= 1 /AL xy Pajr? (12)
1-B Jo "t

where ;i is quantity of machines of variety j rented by the L-type intermediate goods producer.
The representative L-type intermediate goods firm solves the following maximization problem:

P AL
max {—L/ X-IL ﬂdjLﬁ—
ool L1 =8 Jo /

where pj; is the price of variety j, L-type machine.

AL
piLxjLdj — WLL} , (13)
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For a representative firm hiring workers of skill type L, the inverse derived demand for a typical
machine j is given by

PLijﬁLﬁ =pjL (14)

Blueprints for machines varieties are specific to the economy. They are invented by local
entrepreneurs who hold perpetual monopoly rights over a given variety they have invented within
the country. Machines are supplied to the intermediate goods producers by the monopolists who
own the blueprints and rent capital to manufacture the machines.!® Capital is rented in a com-
petitive market at the capital rental rate R. One unit of physical capital can produce one machine
of any variety and machines depreciate at a rate of 100%. Each machine producing monopolist
faces a potential imitator with cost v > 1 times higher the original innovator’s own marginal cost,
which implies that they will set the price equal to a v markup over her own marginal cost.

piL = UR (15)

The equilibrium supply of machines of type j to skill L, and the equilibrium quantities of
machines are:

_ (R L (16)
XiL = UR
which means the (derived) production functions of intermediate goods become
1=
vi=— (P au (17)
L=1= B \vR L
And the profit per line of machines is given by
-1 B-1
7L = (U ) PYPL (wR)F (18)
v
Finally, it also follows that the relative prices of the two intermediate goods are given by:
B
P AgHY\
(= (19)
Py AL

whereo =1+ (¢ — 1)8.

A.4. Wages & Technology
Intermediate goods producers hire labor according to the following first-order condition:

BPL [A

1-=8Jo
which, after substituting for the equilibrium quantities of machines and available workers of
type L, produces

xi "L =, (20)

B
1-p

1-8
B

Wi = ALﬂPf (UR) 1)

Thus, the relative wages of workers with different skill levels are given by

o=l _1
@=<‘E) ’ (E) ’ (22)
wL, A L

where o is the elasticity of substitution between H and L.
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A.5. Capital allocation & rental rate
Capital is used to manufacture machines. Denoting by K the amount of physical capital devoted
to production of L-type machines, we have

Ar PL 1/B
K = adi=A —_ L 23
L /0 XjLdj L<UR> (23)
and it follows that

o—1

@_<A_H>a (z)"* 1)
K.~ \ AL L

In addition, total capital stock by K is given by
K=K +Kjg. (25)

Since machines take one unit of capital to produce and all machines within a skill industry are
symmetric, it must be the case that:
Ki=Arxt (26)
Substituting this into the intermediate goods production functions
1 —
Y, =——K PaL)f (27)
1-8
Differentiating the above with respect to capital, and multiplying by the sector price, pr, we
obtain expressions for the value marginal product of capital in the L sector:

_ Yr
PLMPK, = PLK; (ALY = PL(L— )= (28)
L
It is easy to show, using the expressions for Py /P, and Ky /K derived above, that this implies
the value marginal product of capital is equal across sectors.
Further, note that when intermediate producers buy machines, they pay vR per unit of capital
where v is the markup over cost of producing machines ( the rental rate). This implies that

_ Y,
UR =P MPK; = PrK; P (AL L)f = PL(1 — ﬁ)K—L
L

and we have

P; MPK 1-— Y, 1-— Y
R="L"RL _p B\ YL _ AYY (29)
v v K v K
This last result, together with the fact that r = (1 — )R — §, where § is the rate of depreciation
of capital and 7 is the tax on capital income

r=(1—r)<1;'3>£—8. (30)

A.6. Innovation
Discovery of new blueprints for sector i is governed by the following process

. AW\’ 7,
Ap = _L ] = 31
L TIL(AL> N (31)

where represents A}” is the world frontier technology for sector L, 5, is the productivity of
research effort, Z; is the R&D expenditure on innovation or technology adoption in the L-sector,
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and ¢ measures the rate of technology diffusion (i.e. the strength of the benefit of the knowledge
spillover from the world technology frontier).

In order to innovate, the entrepreneurs must incur an entry cost ¢, which is the same in both
sectors and represents the costs of implementation/adaptation of new technology. Free entry into
research implies that marginal benefit of extra innovation/adoption effort Z is equal to the cost or

AN\ v,
nL <A_L> W = (32)

where V7, is the value of a blueprint for a machine in sector L. Defining pup = 2—&, and dropping
L

the country indicator, this equation implies that

Vh _ (”_H>_1 (“_HY (33)
VL nr 753

Finally, the value of a blueprint must satisfy the no-arbitrage condition

TVLZJTL+VL (34)

A.7. BGP growth rate & interest rate
Along the balanced growth path, the economy grows at a constant growth rate g, equal to the
growth rate of the technology frontier (assumed to be the same for all types of skills).

1 k
=—|r —
g=5[r"—r]
where p is the discount rate and 6 is the CRRA coefficient. The BGP interest rate r* therefore
given by
r'=0g+p, (35)
and, using equation equations (29) and (30), the BGP rental rate is
0 3
R* — vgt+pr+o (36)
1—1

Using the no-arbitrage conditions from (34) and the fact that along the BGP the value of a
patent must be stationary (V, = 0), we get the following relationship between the value of a patent,
profits and the interest rate

L

Vi=— (37)
r

-1
where profits are given by 7; = (1) Pi1 /PN; (uR*) 7 . It follows that

v

A1 ’
o (e LRy

B-1
Vi _mu_ (5GP HORY T ey \'YPH
Py L

which can be further simplified using the expression for relative prices to obtain

Va _ <A_H>_” (E)” (38)
Vi Ap L
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Finally, combining equations (33) and (38) yields

o o— o
Tae (UH)HW (H)+ AN (39)
A o nL L AZV

Substituting the expression for relative productivity levels (39) into the relative wage formula
(22), we obtain

¢(o—1)

W (nH)liwh <H>lfw‘” AW T )
wp nL L AZV )

From equations (32) and (37), we can see that on the BGP productivity relative to the frontier
is given by

-1 Ve
=1y (/NP (R T
[ /rlf (vR") | )

Appendix B: Transitional dynamics and the calibration of ¢

We calibrate the value of ¢ to match the dynamic behavior of the model. Specifically, we choose a
value of this parameter, which governs the strength of technology diffusion, to match the rate of
convergence to the BGP. This section briefly describes the dynamics of our model.

Even with the assumption of constant supplies of skilled and unskilled labor (H and L), the
dynamics of the model can be complicated. Because innovation for the two skill types and capital
accumulation technologies are linear, the transitional dynamics may involve initial periods when
only some of these activities take place. Eventually, the rates of return to all three activities are
equalized and the economy converges to the BGP characterized in the paper. Characterizing the
entire transitional dynamics of the model is beyond the scope of our analysis. Here we briefly
discuss the dynamics of the system once all investment activities yield the same rate of return
(and thus, all are undertaken). We show how to linearize the model around the BGP and discuss
the implied speed of convergence which we use to choose the value for the diffusion parameter ¢.

To characterize the dynamics of the model, we start by re-writing the free entry condition
(where the equations are symmetric for the two skill types, we conserve space by presenting only
one version)

Vir =y CHugy (42)
we can differentiate the free entry condition to yield
Vi _ o i (43)
Vi MH

Also since juyy = Ap/A}Y, and the frontier is assumed to grow at the rate g, it follows from the
expressions for the growth rate of productivity that

AH —(1+9) zH
— = — 44
AL HWpy H (44)
and
AL —¢ AIZIV EL
= 45
AL NLKU H (45)
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where Z = Z/A)Y, which gives us the dynamic equations for the gaps to the frontier

[ HM;I(IJNP)ZFH —g (46)
P _ L—(1+w)A1VJV/AZVZL _ 47)
mr H
Additionally, recall that the no-arbitrage conditions are
Vi H
Vi Va
VL Ty,
i

Combining these conditions with the expression for profit rates derived earlier and equations
(43), (46), and (47), we get

VB R
- - w—1\ PP (uR)F
Zn=ng'uy *H | g+ r—nH( ) /@
oA § I cuyy
p—1
oAV P/P(H/L) (uR) T

11 nw—1
Zy="Lon'uH g+ |r— UH( > /¢
Ay o

cuy

Finally, using the budget constraint and the capital accumulation equation, we can derive the

dynamics of K
I=Y~-¢(Zy+2)—-C
f( /LR iH iL 6
g=Y 8=1-5"°¢ < T ) I g
The Euler equation completes the dynamical system
¢ 1
= = - - 9
z=gr—r—0)

The four difference equations in C, K, 15, 11, define the dynamics of the system. We linearize
them around the BGP. It is tempting to view this system as one with one control (C) and three state
variables. However, recall that we have assumed that innovation and capital accumulation are all
taking place (i.e. free entry conditions are binding), which, for a given value of initial physical cap-
ital, forces the values of py, tr. This system only has one negative root and this root determines
the speed of convergence to the BGP.

Setting all the other parameters equal to their calibrated values we let the speed of technology
diffusion ¢ vary and calculate the speed of convergence to the BGP by solving the linearized sys-
tem described above. Figure 3 plots the results. Our target value for the rate of convergence is 2.5%
(Barro, 2012). Clearly, values of ¢ larger than 0.5 produce speeds of convergence well in excess of
the target, while those much below it result in too slow convergence. We therefore choose our
preferred value of ¢ to be 0.5.

Appendix C: The macro-approach vs. the conventional approach

To illustrate the difference between the macrointerpretation and the conventional one, consider
Figure 4 below. It shows the error from following the standard way to uncover elasticity using
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Figure 4. The error from following the standard way to uncover elasticity using estimates of equation (8). Vertical axis: the
conventionally inferred elasticity (minus the inverse of the estimated coefficient on H/L in equation (8)). Horizontal axis: the
true value of elasticity. Values plotted assume diffusion rate of ¢ = 0.5.

estimates of equation (8). Specifically, it plots the relationship between the true value of elasticity o
(on the horizontal axis) and the value that would be inferred if one consistently estimated equation
(8) and used the negative value of the inverted coefficient on H/L (i.e. —1/y3) as the implied value
of the elasticity, which is what the conventional approach does. (For this plot, the assumed value
of the diffusion parameter for this plot is ¢ = 0.5, our preferred value). This procedure would
clearly lead to an incorrect conclusion about the true value of elasticity and the error would be
greater, the higher the value of elasticity. Importantly, if the true value of elasticity was close to
the cutoff value for the strong skill bias (in the case of this plot, 2.5), the conventional procedure
of uncovering elasticity would yield implausibly large positive or negative values, depending on
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whether the point estimate of y, was slightly above or below its true value, either of which would,
of course, occur in practice, even if the coefficient was estimated consistently.
Given the above discussion, we estimate elasticity by fitting equation (8) and inverting equation

(9) to uncover the underlying value of 0. The standard errors associated with this estimate can be
computed using the Delta method.
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