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Abstract

Technological change can increase the productivity of the various factors of produc-
tion in equal terms or it can be biased towards a specific factor. We directly assess
the bias of technological change by measuring, at the level of the individual firm, how
much of it is labor augmenting and how much is factor neutral. To do so, we develop a
framework for estimating production functions when productivity is multi-dimensional.
Using panel data from Spain, we find that technological change is biased, with both its
labor-augmenting and its factor-neutral component causing output to grow by about
2% per year.
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1 Introduction

When technological change occurs, it can increase the productivity of capital, labor, and
the other factors of production in equal terms or it can be biased towards a specific factor.
Whether technological change favors some factors of production over others is central to
economics. Yet, the empirical evidence is relatively sparse.

The literature on economic growth rests on the assumption that technological change
increases the productivity of labor vis-a-vis the other factors of production. It is well known
that for a neoclassical growth model to exhibit steady-state growth either the production
function must be Cobb-Douglas or technological change must be labor augmenting (Uzawa
1961), and many endogenous growth models point to human capital accumulation as a
source of productivity increases (Lucas 1988, Romer 1990). A number of recent papers
provide microfoundations for the literature on economic growth by theoretically establishing
that profit-maximizing incentives can ensure that technological change is, at least in the
long run, purely labor augmenting (Acemoglu 2003, Jones 2005). Whether this is indeed
the case is, however, an empirical question that remains to be answered.

One reason for the scarcity of empirical assessments of the bias of technological change
may be a lack of suitable data. Following early work by Brown & de Cani (1963) and
David & van de Klundert (1965), economists have estimated aggregate production or cost
functions that proxy for labor-augmenting technological change with a time trend (Lucas
1969, Kalt 1978, Antras 2004, Klump, McAdam & Willman 2007, Binswanger 1974, Jin &

Jorgenson 2010).!

This line of research has produced some evidence of labor-augmenting
technological change. However, the intricacies of constructing data series from national
income and product accounts (Gordon 1990, Krueger 1999) and the staggering amount
of heterogeneity across firms in combination with simultaneously occurring entry and exit
(Dunne, Roberts & Samuelson 1988, Davis & Haltiwanger 1992) may make it difficult
to interpret a time trend as a meaningful average economy- or sector-wide measure of
technological change. Furthermore, this line of research does not provide any deeper insights
into the anatomy of the underlying productivity distribution. It also pays scant attention
to the fundamental endogeneity problem in production function estimation. This problem
arises because a firm’s decisions depend on its productivity, and productivity is not observed
by the econometrician, and it may severely bias the estimates (Marschak & Andrews 1944).2

While traditionally using more disaggregated data, the productivity and industrial or-

ganization literatures assume that technological change is factor neutral. Hicks-neutral

' A much larger literature has estimated the elasticity of substitution using either aggregated or disag-
gregated data whilst maintaining the assumption of factor-neutral technological change, see Hammermesh
(1993) for a survey.

2Intuitively, if the firm adjusts to a change in its productivity by expanding or contracting its production,
then unobserved productivity and input usage are correlated, resulting in biased estimates of the production
function. See Griliches & Mairesse (1998) and Ackerberg, Benkard, Berry & Pakes (2007) for reviews of this
and other problems involved in the estimation of production functions.



technological change underlies, either explicitly or implicitly, most of the standard tech-
niques for measuring productivity, ranging from the classic growth decompositions of Solow
(1957) and Hall (1988) to the recent structural estimators for production functions that re-
solves the endogeneity problem (Olley & Pakes 1996, Levinsohn & Petrin 2003, Ackerberg,
Caves & Frazer 2006, Doraszelski & Jaumandreu 2013, Gandhi, Navarro & Rivers 2013). In
their present form these techniques therefore do not allow us to assess whether technological
change is biased towards some factors of production.

In this paper, we combine firm-level panel data that is now widely available with ad-
vances in econometric techniques to directly assess the bias of technological change by
measuring, at the level of the individual firm, how much of technological change is labor
augmenting and how much of it is Hicks neutral. To do so, we develop a framework for
estimating production functions when productivity is multi-dimensional and has a labor-
augmenting and a Hicks-neutral component.

Our framework accounts for firm-level heterogeneity in the components of productivity
by allowing their evolution to be subject to random shocks. As these productivity inno-
vations accumulate over time, they can cause persistent differences across firms. Because
we are able to recover the components of productivity for each firm at each point of time,
we obtain a detailed assessment of the impact of technological change at the level it takes
place, namely the individual firm. In particular, we are able to assess the persistence in the
components of productivity and the correlation between them at the level of the individual
firm. We are also able to relate the speed and direction of technological change to firms’
R&D activities.

To tackle the endogeneity problem in production function estimation, we build on the
insight of Olley & Pakes (1996) that if the decisions that a firm makes can be used to
infer its productivity, then productivity can be controlled for in the estimation. We extend
their insight to a setting in which productivity is multi- instead of single-dimensional. Our
starting point is a dynamic model of a firm that is equipped with a CES production function.
The model enables us to infer the firm’s productivity from its input usage, in particular
its labor and materials decisions. As in Doraszelski & Jaumandreu (2013), our estimator
exploits the parameter restrictions between the production and input demand functions.
This parametric inversion is less demanding on the data than the nonparametric inversion
in Olley & Pakes (1996), Levinsohn & Petrin (2003), and Ackerberg et al. (2006), especially
if the input demand functions are high-dimensional and have many arguments.?

The key insight to identifying the bias of technological change is that Hicks-neutral
technological change scales input usage but, in contrast to labor-augmenting technological
change, does not change the mix of inputs that a firm uses. A change in the input mix
therefore contains information about the bias of technological change, provided we control

for the relative prices of the various inputs and other factors that may change the input

3See Doraszelski & Jaumandreu (2013) for details on the pros and cons of the parametric inversion.



mix. Our analysis points to two factors. First, outsourcing directly changes the input mix
as the firm procures customized parts and pieces from its suppliers rather than makes them
in house from scratch. Second, the Spanish labor market manifestly distinguishes between
permanent and temporary labor. We further contribute to the literature following Olley &
Pakes (1996) by accounting for the dual nature of the labor market and highlighting the
importance of costly adjustments to permanent labor for measuring the bias of technological
change.

We apply our estimator to an unbalanced panel of 2375 Spanish manufacturing firms
in ten industries from 1990 to 2006. Spain is an attractive setting for examining the speed
and direction of technological change for two reasons. First, Spain became fully inte-
grated into the European Union between the end of the 1980s and the beginning of the
1990s. Any trends in technological change that our analysis uncovers for Spain may thus
be viewed as broadly representative for other continental European economies. Second,
Spain inherited an industrial structure with few high-tech industries and mostly small and
medium-sized firms. Traditionally, R&D is viewed as lacking and something to be boosted
(OECD 2007). Yet, Spain grew rapidly during the 1990s, and R&D became increasingly
important (European Commission 2001). The accompanying changes in industrial structure
are a useful source of variation for analyzing the role of R&D in stimulating different types
of technological change.

The particular data set we use has several advantages. The broad coverage is unusual and
allows us to assess the bias of technological change in industries that differ greatly in terms
of firms’ R&D activities. The data set also has an unusually long time dimension, enabling
us to disentangle trends in technological change from short-term fluctuations. Finally, the
data set has firm-level prices that we exploit heavily in the estimation.?

Our estimates provide clear evidence that technological change is biased. Ceteris paribus
labor-augmenting technological change causes output to grow, on average, in the vicinity
of 2% per year. While there is a shift from unskilled to skilled workers in our data, this
skill upgrading explains some but not all of the growth of labor-augmenting productivity.
In many industries, labor-augmenting productivity grows because workers with a given set
of skills become more productive over time.

At the same time, our estimates show that Hicks-neutral technological change plays an
equally important role. In addition to labor-augmenting technological change, Hicks-neutral
technological change causes output to grow, on average, in the vicinity of 2% per year.

Behind these averages lies a substantial amount of heterogeneity across industries and
firms. The rates of growth of the components of productivity are positively correlated

with their levels, indicating that differences in productivity across firms persist over time.

“There are other firm-level data sets such as the Colombian Annual Manufacturers Survey (Eslava,
Haltiwanger, Kugler & Kugler 2004) and the Longitudinal Business Database at the U.S. Census Bureau
that contain separate information on prices and quantities, at least for a subset of industries (Roberts &
Supina 1996, Foster, Haltiwanger & Syverson 2008, Foster, Haltiwanger & Syverson 2013).



Moreover, at the level of the individual firm, the levels of labor-augmenting and Hicks-
neutral productivity are positively correlated, as are their rates of growth.

Finally, our estimates indicate that firms’ R&D activities are associated with higher
levels and rates of growth of labor-augmenting productivity and, perhaps to a lesser extent,
with higher levels and rates of growth of Hicks-neutral productivity as well. Firms’ R&D
activities therefore are important for determining the differences in productivity across firms
and the evolution of productivity over time.

Our paper is related to Van Biesebroeck (2003). Using plant-level panel data for the U.S.
automobile industry, he estimates Hicks-neutral productivity as a fixed effect and recovers
a plant’s capital-biased (also called labor-saving) productivity from its input usage. Our
approach is similar in that it uses a parametric inversion to recover unobserved productivity
from observed inputs. It is more general in that we allow all components of productivity to
evolve over time and in response to firms’ R&D activities.

Our paper is also related to Grieco, Li & Zhang (2015) who recover multiple unob-
servables from input usage. Because their data contains the materials bill rather than its
split into price and quantity, they infer a firm’s Hicks-neutral productivity and the price
of materials that the firm faces by parametrically inverting the demand functions for labor
and materials. In subsequent work in progress, Zhang (2014a, 2014b) applies the same idea
to recover a firm’s capital-augmenting productivity and its labor-augmenting productivity.
We return to the related literature in Sections 4 and 7.

Finally, our paper touches—although more tangentially—on the literature on skill bias
that studies the differential impact of technological change, especially in the form of com-
puterization, on the various types of labor. Our approach is similar to some of the recent
work on skill bias (Machin & Van Reenen 1998, Black & Lynch 2001, Abowd, Haltiwanger,
Lane, McKinney & Sandusky 2007, Bloom, Sadun & Van Reenen 2012) in that it starts from
a production function and focuses on the individual firm. While we focus on labor versus
the other factors of production, the techniques we develop may be adapted to investigate
the skill bias of technological change, although our particular data set is not ideal for this
purpose. Our approach differs from the recent work on skill bias in that it explicitly models
and estimates the differences in productivity across firms and the evolution of firm-level
productivity over time. It is also more structural in tackling the endogeneity problem that
arises in estimating production functions.

The remainder of this paper is organized as follows: Section 2 describes the data and
some patterns in the data that inform the subsequent analysis. Section 3 sets out a dynamic
model of the firm. Section 4 develops an estimator for production functions when produc-
tivity is multi-dimensional. Sections 5 and 6 describe our main results on labor-augmenting
and Hicks-neutral technological change. Section 7 explores whether capital-augmenting
technological plays a role in our data in addition to labor-augmenting and Hicks-neutral

technological change. Section 8 concludes and outlines directions for future research.



Throughout the paper, we adopt the convention that upper case letters denote levels
and lower case letters denote logs. Unless noted otherwise, we refer to output and the
various factors of production in terms of quantity and not in terms of value. In particular,
we refer to the value of labor as the wage bill and to the value of materials as the materials
bill.

2 Data

Our data comes from the Encuesta Sobre Estrategias Empresariales (ESEE) survey, a firm-
level survey of the Spanish manufacturing sector sponsored by the Ministry of Industry.
The unit of observation is the firm, not the plant or the establishment. Our data covers
the 1990s and early 2000s. At the beginning of the survey in 1990, 5% of firms with up to
200 workers were sampled randomly by industry and size strata. All firms with more than
200 workers were asked to participate in the survey and 70% of them complied. Some firms
vanish from the sample due to either exit (shutdown by death or abandonment of activity)
or attrition. These reasons can be distinguished in the data and attrition remained within
acceptable limits. To preserve representativeness, newly created firms were added to the
sample every year. We provide details on industry and variable definitions in Appendix A.

Our sample covers a total of 2375 firms in ten industries when restricted to firms with at
least three years of data. Columns (1) and (2) of Table 1 show the number of observations
and firms by industry. Sample sizes are moderate. Newly created firms are a large fraction
of the total number of firms, ranging from 26% to 50% in the different industries. There
is a much smaller fraction of exiting firms, ranging from 6% to 15% and above in a few
industries. Firms remain in the sample from a minimum of three years to a maximum of
16 years between 1990 and 2006.

The 1990s and early 2000s were a period of rapid output growth, coupled with stagnant
or, at best, slightly increasing employment and intense investment in physical capital, see
columns (3)—(6) of Table 1. Consistent with this rapid growth, firms on average report that
their market is slightly more often expanding rather than contracting; hence, demand tends
to shift out over time.

An attractive feature of our data is that it contains firm-specific price indices for output
and inputs. The growth of prices, averaged from the growth of prices as reported individ-
ually by each firm, is moderate. The growth of the price of output in column (7) ranges
from 0.8% to 2.1%. The growth of the wage ranges from 4.3% to 5.4% and the growth of

the price of materials ranges from 2.8% to 4.1%.

Biased technological change. The evolution of the relative quantities and prices of
the various factors of production already hint at an important role for labor-augmenting

technological change. As columns (8) and (9) of Table 1 show, with the exception of



industries 7, 8, and 9, the increase in materials M per unit of labor L is much larger than
the decrease in the price of materials Py, relative to the wage W. One possible explanation
is that the elasticity of substitution between materials and labor exceeds 1. To see this,

recall that the elasticity of substitution is

din (ff)  dln ()
din (MEEL) dm (fe)

]]\\/[J];,%];f equal
the relative prices PWM. However, because the estimates of the elasticity of substitution
in the previous literature lie somewhere between 0 and 1 (see Chirinko (2008) and the

where the equality follows to the extent that the relative marginal products

references therein for the elasticity of substitution between capital and labor and Bruno
(1984), Rotemberg & Woodford (1996), and Oberfield & Raval (2014) for the elasticity
of substitution between materials and an aggregate of capital and labor), this explanation
is implausible. Labor-augmenting technological change offers an alternative explanation.
As it makes labor more productive, it directly increases materials per unit of labor (see
equation (12) in Section 4). Thus, labor-augmenting technological change may go a long
way in rationalizing why the relative quantities % change much more than the relative
prices PWM.

In contrast, columns (10) and (11) of Table 1 provide no evidence for capital-augmenting
technological change. The investment boom in Spain in the 1990s and early 2000s was fueled
by improved access to European and international capital markets. With the exception of
industries 5, 6, and 8, the concomitant decrease in materials M per unit of capital K is
much smaller than the increase in the price of materials Py; relative to the user cost of
capital in our data, a notably rough measure of the price of capital Px.? This pattern is
consistent with an elasticity of substitution between materials and capital between 0 and 1.
Indeed, capital-augmenting technological change can only directly contribute to the decline
in materials per unit of capital in the unlikely scenario that it makes capital less productive.

Based on these patterns in the data we focus on labor-augmenting technological change
in the subsequent analysis. We return to capital-augmenting technological change in Section
7. In the remainder of this section we point out other features of the data that figure

prominently in our analysis.

Temporary labor. We treat temporary labor as a static (or “variable”) input that is
chosen each period to maximize short-run profits. This is appropriate because Spain greatly
enhanced the possibilities for hiring and firing temporary workers during the 1980s and by
the beginning of the 1990s had one the highest shares of temporary workers in Europe

(Dolado, Garcia-Serrano & Jimeno 2002). Temporary workers are employed for fixed terms

SIn particular, the price of capital includes adjustment costs, and as a shadow price, it is unobservable.
The user cost of capital, in contrast, is based solely on observables (see Appendix A).



with no or very small severance pay. In our sample, between 72% and 84% of firms use
temporary labor and among the firms that do its share of the labor force ranges from 16%
in industry 10 to 32% in industry 9, see columns (1) and (2) of Table 2.

Rapid expansions and contractions of temporary labor are common: The difference
between the maximum and the minimum share of temporary labor within a firm ranges
on average from 20% to 33% across industries (column (3)). In addition to distinguishing
temporary from permanent labor, we measure labor as hours worked (see Appendix A). At
this margin, firms enjoy a high degree of flexibility: Within a firm, the difference between
the maximum and the minimum hours worked ranges on average from 43% to 56% across
industries, and the difference between the maximum and the minimum hours per worker

ranges on average from 4% to 13% (columns (4) and (5)).

Outsourcing. We account for outsourcing in our analysis. Outsourcing may directly
contribute to the shift from labor to materials that column (8) of Table 1 documents as
firms procure customized parts and pieces from their suppliers rather than make them in
house from scratch. As can be seen in columns (6) and (7) of Table 2, between 21% and
57% of firms in our sample engage in outsourcing. Among the firms that do, the share of
outsourcing in the materials bill ranges from 14% in industry 7 to 29% in industry 4. While
the share of outsourcing remains stable over our sample period, the standard deviation
in column (7) indicates a substantial amount of heterogeneity across the firms within an

industry, similar to the share of temporary labor in column (2).

Firms’ R&D activities. The R&D intensity of Spanish manufacturing firms is low by
European standards, but R&D became increasingly important during the 1990s (see, e.g.,
European Commission 2001). Columns (8)-(10) of Table 2 show that the ten industries
differ markedly in terms of firms’ R&D activities and that there is again substantial hetero-
geneity across the firms within an industry. Industries 3, 4, 5, and 6 exhibit high innovative
activity. More than two thirds of firms perform R&D during at least one year in the sample
period, with at least 36% of stable performers engaging in R&D in all years (column (8)) and
at least 28% of occasional performers engaging in R&D in some but not all years (column
(9)). The R&D intensity among performers ranges on average from 2.2% to 2.9% (column
(10)). Industries 1, 2, 7, and 8 are in an intermediate position. Less than half of firms
perform R&D, and there are fewer stable than occasional performers. The R&D intensity is
on average between 1.1% and 1.7% with a much lower value of 0.7% in industry 7. Finally,
industries 9 and 10 exhibit low innovative activity. About a third of firms perform R&D,
and the R&D intensity is on average between 1.0% and 1.5%.

SR&D intensities for manufacturing firms are 2.1% in France, 2.6% in Germany, and 2.2% in the UK as
compared to 0.6% in Spain (European Commission 2004).



3 A dynamic model of the firm

Our model builds on the previous literature on the structural estimation of production
functions. Its purpose is to enable us to infer a firm’s productivity from its input usage
and to clarify our assumptions on the timing of decisions that we rely on in estimation.
Olley & Pakes (1996), Levinsohn & Petrin (2003), Ackerberg et al. (2006), Doraszelski &
Jaumandreu (2013), and many others specify a Cobb-Douglas production function. Pro-
ductivity is single-dimensional or, equivalently, technological change is Hicks neutral by
construction.” To assess the bias of technological change, we generalize the Cobb-Douglas

production function and allow productivity to be multi-dimensional.

Production function. The firm has the constant elasticity of substitution (CES) pro-
duction function

_ vo
1— 1—0o 1—0o 1—0o

Y = By BKKJ-;TG + 8L (eXp(ijt)L;t)i ° +Bum ( ;t)iT exp(wmjit) exp(ejit),
(1)

where Yj; is the output of firm j in period ¢, Kj; is capital, L}, = A(Lpjt, Lrjt) is an

aggregate of permanent labor Lp;; and temporary labor Lrji, and M3 = I'(Mpje, Mojt)
is an aggregate of in-house materials Mjj;; and outsourced materials (customized parts
and pieces) Moji. wrj and wpj; are labor-augmenting and Hicks-neutral productivity,
respectively, and ej; is a mean zero random shock that is uncorrelated over time and across
firms.

The parameters v and o are the elasticity of scale and substitution, respectively. De-
pending on the elasticity of substitution, the production function in equation (1) encom-
passes the special cases of a Leontieff (¢ — 0), Cobb-Douglas (¢ = 1), and linear (¢ — o)
production function. The remaining parameters are the constant of proportionality 8, and
the distributional parameters Sy, 8, and 3,,.° Because 3, cannot be separated from an
additive constant in Hicks-neutral productivity wp ¢, we estimate them jointly. To simplify
the notation and without loss of generality, we set 8, = 1 in what follows.” We similarly set
B, = 1. Viewing technological change as operating by changing the productivities of the
various factors of production is therefore equivalent to viewing it as changing these param-
eters of the production function. Finally, the aggregators A(Lpj;, L1j¢) and I'(Mryj, Mojt)
accommodate differences in the productivities of permanent and temporary labor, respec-

tively, in-house and outsourced materials; we do not further specify these aggregators.

"As is well known, a Cobb-Douglas production function has an elasticity of substitution of one and
therefore cannot be used to separate different types of technological change. Our data rejects a Cobb-
Douglas production function (see Section 5).

8Because we are not interested in the economic interpretation of the distributional parameters or in
comparative statics with respect to the elasticity of substitution, we do not “normalize” the CES production
function (de La Grandville 1989, Klump & de La Grandville 2000).

9We carefully ensure that the reported results depend only on the sum of B, and the additive constant
in Hicks-neutral productivity wg .



The production function in equation (1) is the most parsimonious we can use to separate
labor-augmenting from Hicks-neutral productivity. It encompasses three restrictions. First,
technological change does not affect the parameters v and o, as we are unaware of evidence
suggesting that the elasticity of scale or the elasticity of substitution varies over our sample
period. Second, the elasticity of substitution between capital, labor, and materials is the
same.'0 This restriction seems sensible to us because previous estimates of the elasticity of
substitution between materials and an aggregate of capital and labor (Bruno 1984, Rotem-
berg & Woodford 1996, Oberfield & Raval 2014) fall in the same range as estimates of the
elasticity of substitution between capital and labor (Chirinko 2008).1! Third, the produc-
tivities of capital and materials are restricted to change at the same rate and in lockstep
with Hicks-neutral technological change.!? Treating capital and materials the same is in line
with the fact that both are, at least to a large extent, produced goods. In contrast, labor
is traditionally viewed as unique among the various factors of production,'® and changes in
its productivity are a tenet of the literature on economic growth. The patterns in the data
described in Section 2 further justify focusing on labor-augmenting technological change.
In Section 7, we explore more thoroughly whether capital-augmenting technological change
plays a role in our data in addition to labor-augmenting and Hicks-neutral technological

change.

Laws of motion. The components of productivity are presumably correlated with each
other and over time and possibly also correlated across firms. As in Doraszelski & Jau-
mandreu (2013), we endogenize productivity by incorporating R&D expenditures into the
model. To account for nonlinearities and uncertainties in the link between R&D and pro-
ductivity, we assume that the evolution of the components of productivity is governed
by controlled first-order, time-inhomogeneous Markov processes with transition probabili-
ties Prit1(wrjtti|wrje, Rjt) and Pryyq (W je1|waje, Rjt), where Rj; is R&D expenditures.
Despite their parsimony, these stochastic processes accommodate correlation between the

14

components of productivity.* Moreover, because they are time-inhomogeneous, they ac-

10 he elasticity of substitution between Lpj; and Lrj¢, respectively, Myj;; and Mo;: depends on the
aggregators A(Lpj¢, Lrj¢) and I'(Myj¢, Moj:) and may differ from o.

" Our empirical strategy generalizes to a nested CES and translog production function, although some
nestings require numerically solving a system of equations to infer unobservables from observables.

12 A production function with capital-augmenting, labor-augmenting, and materials-augmenting produc-
tivity that is homogeneous of arbitrary degree is equivalent to a production function with capital-augmenting,
labor-augmenting, and Hicks-neutral productivity. Without loss of generality, we therefore subsume the com-
mon component of capital-augmenting, labor-augmenting, and materials-augmenting technological change
into Hicks-neutral productivity.

13Marshall (1920), for example, writes in great detail about the variability of workers’ efforts and its
relationship to productivity.

Y Our empirical strategy generalizes to a joint Markov process Psi1(wrjet1, WHjtt1|wLje, wHjt, 75t ). While
R&D is widely seen as a major source of productivity growth (see Griliches (1998, 2000) for surveys of the
empirical literature), our empirical strategy extends to other sources such as technology adoption. Our data
has investment in computer equipment and indicators of whether a firm has adopted digitally controlled
machine tools, CAD, and robots. Both extensions are demanding on the data, however, as they increase the

10



commodate secular trends in productivity.
The firm knows its current productivity when it makes its decisions for period ¢ and

anticipates the effect of R&D on its future productivity. The Markovian assumption implies

wrjtr1 = Elwpjealwrns, Rid + & = guewrge, Rje) +Epjeeas (2)

wajtt1 = Eilwmjir|lwmge, Ritl + Smjeer = gme(wnje, Rjt) + &g (3)

That is, actual labor-augmenting productivity wy ;41 in period ¢ + 1 decomposes into ez-
pected labor-augmenting productivity gr¢(wrjt, Ij+) and a random shock &5, 1. This pro-
ductivity innovation is by construction mean independent (although not necessarily fully
independent) of wr,j; and Rj;. It captures the uncertainties that are naturally linked to pro-
ductivity as well as those that are inherent in the R&D process such as chance of discovery,
degree of applicability, and success in implementation. Nonlinearities in the link between
R&D and productivity are captured by the conditional expectation function gr¢(-) that we
estimate nonparametrically along with the parameters of the production function. Actual
Hicks-neutral productivity wgji4+1 decomposes similarly.

Capital accumulates according to Kjiy1 = (1 — 0)Kj; + Ij;, where ¢ is the rate of
depreciation. Asin Olley & Pakes (1996), investment I; chosen in period ¢ becomes effective
in period ¢t 4- 1. Choosing I; is therefore equivalent to choosing Kji41.

In recognition of the dual nature of the labor market in Spain, we distinguish between
permanent and temporary labor. Permanent labor is subject to convex adjustment costs
Crp(Lpjt, Lpji—1) that reflect the substantial cost of hiring and firing that the firm may
incur (Hammermesh 1993, Hammermesh & Pfann 1996). The choice of permanent labor
thus may have dynamic implications. In contrast, temporary labor is a static input.

We further distinguish between in-house and outsourced materials. Outsourcing is,
to a large extent, based on contractual relationships between the firm and its suppliers
(Grossman & Helpman 2002, Grossman & Helpman 2005). The ratio of outsourced to in-

Mot
Myt

that stem from forming and dissolving these relationships. The firm must maintain Q¢

house materials Qarj: =

is subject to (convex or not) adjustment costs Cq,, (Qnrji+1, Qnrjt)

but may scale Mjj; and Mpj; up or down at will; in-house materials, in particular, is a
static input. In the Online Appendix, we develop an alternative model of outsourcing that
assumes that both in-house and outsourced materials are static inputs that the firm may
mix-and-match at will, thereby dispensing with the costly-to-adjust ratio of outsourced to

in-house materials.

Output and input markets. The firm has market power in the output market, e.g., be-

cause products are differentiated. Its inverse residual demand function P(Yj;, Dj;) depends

dimensionality of the functions that must be nonparametrically estimated.

11



on its output Yj; and the demand shifter Djt.15 The firm is a price-taker in input markets,
where it faces Wpjt, Wrjt, Prji, and Poj; as prices of permanent and temporary labor and
in-house and outsourced materials, respectively. In Section 5 we instead assume that the
firm faces a menu of qualities and wages in the market for permanent labor.

The demand shifter and the prices that the firm faces in input markets evolve according
to a Markov process that we do not further specify. As a consequence, the prices that the
firm faces in period t+1 may depend on its productivity in period ¢ or on an average industry-
wide measure of productivity. Finally, the Markov process may be time-inhomogenous to

accommodate secular trends.

Bellman equation. The firm makes its decisions in a discrete time setting with the goal
of maximizing the expected net present value of future cash flows. In contrast to its labor-
augmenting productivity wr;; and its Hicks-neutral productivity wpj, the firm does not
know the random shock e;; when it makes its decisions for period t. Letting V;(-) denote

the value function in period ¢, the Bellman equation for the firm’s dynamic programming

problem is
V(L _ ma. P<X'_1Vj,e . ,D‘)X»_lyfae .
1 (2¢) Kjt+1,ijt,LTjt,Q}J{\ljt+l7MIjt7Rjt 3t xp(wmjt), Djt jt xp(WHjt)
—C1(Kjiyr — (1= 6)Kjt) = WejiLpj — Crp(Lpjt, Lpji-1) = WrjeLrje
— (Prjt + PojtQujt) Mrje — Cqu (Quaje1, Quije) — Cr(Rjt)
1

T (Vi (es1) 191, Rye] (4)

where

1—0c 1— l1—0o

Xjo=BrK; = + (expwrie) L) ° +Bu (Mj) ™ ° = Eilexp(es)],

Qi = (Kjt, Lpji—1, Qmje, wijt, wHjt, Wejt, Wrje, Prjt, Poji, Djt) is the vector of state vari-
ables, and p is the discount rate. C(I;) and Cr(Rj;) are the cost of investment and R&D,
respectively, and accommodate indivisibilities in investment and R&D projects. The firm’s
dynamic programming problem gives rise to policy functions that characterize its invest-
ment and R&D decisions (and thus the values of Kj;1 or, equivalently, I;; and Rj; in
period t) as well as its input usage (Lpjt, L1jt, Quji+1, and Myj;). The latter is central to

our empirical strategy.

Investment and R&D decisions. The investment and R&D decisions depend on the
vector of state variables in our model. In the spirit of the literature on induced innovation

and directed technical change (Hicks 1932, Acemoglu 2002), the firm may account for current

15Tn general, the residual demand that the firm faces depends on its rivals’ prices. In taking the model to
the data, one may replace rivals’ prices by an aggregate price index or dummies, although this substantially
increases the dimensionality of the functions that must be nonparametrically estimated.
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input prices (as they are part of ;) and its expectation of future input prices (through

the continuation value in equation (4)).16

Input usage. We infer the firm’s productivity from its labor and materials decisions. The

first-order conditions for permanent and temporary labor are

— (1422 1—0 . 1 aL*t WPt1+At
VHth( ) exp (wrjt) exp | — WLjt (th) 7 = = il it) ,(5)
o dLpji po(1— 1
J n(pjt,Djt)
—(14+#2 1—0 xy—L aL*t Wit
V,Uth( ! a)eXP (whjt)exp | — WLt (th) e L = : ,(6)
g aLTjt P 1— 1
J n(pjt,Djt)

where 7(pj¢, Dj¢) is the absolute value of the price elasticity of the residual demand that the
firm faces, and by the envelope theorem, the gap between the wage of permanent workers

Wpj; and the shadow wage is

L (9CLp(Lpji, Lpji-1) 1 [3VQ+1(Q jt+1) ])
Bt = e S - i) 100,,, Ry
" Wt ( OLpjt 1+p " OLpj [t e
1 (9CLy(Lpjt, Lpji-1) 1 {8CLP(LPJ¢+1, Lpjt) ]>
- + E Qi, Rit| ).
Wpij < OLpj; 1+p t dLpjt | gty L5t

Equations (5) and (6) allow the mix of permanent and temporary labor to depend on the
firm’s productivity and the other state variables (through Aj;).

Our data combines the wages of permanent and temporary workers into Wj; = Wpj;(1—

Stijt) + WrjtStjt, where Stjp = LLTJJ; is the (quantity) share of temporary labor and Lj; =

Lpjt + L7j is hours worked by permanent and temporary workers in our data. To make

do, we assume that the aggregator A(Lpj¢, L7j¢) is linearly homogenous. This implies
oL* oL*

Ly = LjgA(L = Stje, Sjt), g = Ap(1 = Stje, Srjie), and g2 = Ar(1 — Srji, Stjt)-

Using Euler’s theorem to combine equations (5) and (6) yields

(1+25)

1—0

1—0o

_1
exp (WHjt) exp (— ijt> th"A(l — S7jt, Srjt)” T

A 2P§1*2Tﬁ,§mt;+ ngt
) ... 2 ) T(A—S7j¢,57j¢) ~ 1-STj¢
Wﬂ L+ 1+ Wrjt  STjt WJ WPjt+ STjt

_ Wpjt 1=S1j¢ _ Wit 1=S7j (7)
N P (1 ’
P (1 n(pijjt)) B (1 W(Pjtijt)>

where the second equality follows from dividing equations (5) and (6) and solving for Aj;.

I//,LX];

. Wp; Wp; .
Because our data does not have the ratio W; ?:, we assume that ﬁ = g is an (un-
J J

16The firm may further account for its expectation of future output demand and input supply conditions.
Because our empirical strategy infers the firm’s productivity from its labor and materials decisions, it is
not affected by including additional state variables to model the evolution of these conditions in our model
besides the demand shifter Dj;.
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Ap(1=S74¢,STj5¢) | STjt

A (1=S7:2.87:7) T 1=S7, .
e —— = Ai(Stje) as an (unknown) function of
)\0+1*5Tjt

Stjt that must be estimated nonparametrically along with the parameters of the production

known) constant!'” and treat

function. Because equation (7) presumes interior solutions for permanent and temporary
labor, we exclude observations with S7;; = 0 and thus Lrj; = 0 from the subsequent
analysis.!8

Turning from the labor to the materials decision, because the firm must maintain the ra-
tio of outsourced to in-house materials @) ys;¢, the first-order condition for in-house materials

is

[

(1+ 1V—Uo' )

dMF,  Prj+ PojiQuje (8)

Z/BM,qu_t exp (WHjit) (M;k

D an.
dMfpj Pj; (1 - m

where Prj; + Poji@Qujt is the effective cost of an additional unit of in-house materials.

Our data has the materials bill Pyj:Mj; = PrjtMrje + PojtMoji, the (value) share of
PojtMojit
Pryje My
Prjs + PojtQnrje so that the price of materials is the effective cost of an additional unit of

outsourced materials Soj; = , and the price of materials Pys;;. We assume Pyyj; =

in-house materials. This implies M;; = Mjj;;. To map the model to the data, we further

assume that I'(My;;, Moj¢) is linearly homogenous and normalize I'(Myj:,0) = Mpj;. This
, . dM* , .

implies M}, = Mp;T (1 Prje _Sojt ) and gr- =T (1 Pre _Sojt ) Rewriting equation

> Pojt 1-Sojt dMjy; > Pojt 1-Sojt
(8) yields
l1—0o
(14 = —1 Prjy Sojt '\ ° Pt
VB X ) exp (wre) M7 T (1, Thie Dok )T - ()
ojt L — o0 t pjt (1 _ +>
n(pj¢,Djt)

P[]'t PIjt

Because our data does not have the ratio L =, is an (unknown)

, we assume that 5~ =
Ojt

Pojit

constant and treat InT’ <1, 70%
J

tion (9) presumes an interior solution for in-house materials; it is consistent with a corner

) = v,(Sojt) as an (unknown) function of Sp;:.!? Equa-

solution for outsourced materials. Indeed, absent outsourcing equation (9) reduces to the
first-order condition for in-house materials.

Our primary interest is the bias of technological change. We thus think of \i(S7j:)

"In Appendix D, we use a wage regression to estimate wage premia of various types of labor. In the
Online Appendix, we extend the specification and demonstrate that the wage premia do not change much
. LT . . . Wpyy -
if at all over time in line with our assumption that the ratio W, 1S constant.

J

8 Compare columns (1) and (2) of Tables 1 and 3 with columns (1) and (2) of Table 4 for the exact number

of observations and firms we exclude.

19We have experimented with assuming that % = 7,(t) is an (unknown) function of time ¢ and treating
J

InT (1, Yo () Sojt ) =, (fyo(t) S0t ) as an (unknown) function of v,(¢)So;¢. As we show in the Online

1-50;t 1=50;t
Appendix, not much changes. Equation (13) tends to yield somewhat lower estimates of o compared to our
leading estimates in column (3) of Table 4. Compared to our leading estimates in columns (1) and (2) of
Table 6 equation (16) tends to yield somewhat lower estimates of 8, and similar estimates of v in the eight
industries where we have been able to obtain estimates. Our conclusions about technological change remain
the same.
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and 7 (Sojt) as “correction terms” on labor and, respectively, materials that help account
for the substantial heterogeneity across the firms within an industry. Because we estimate
these terms nonparametrically, they can accommodate different theories about the Spanish
labor market and the role of outsourcing. For example, we develop an alternative model
of outsourcing in the Online Appendix that assumes that both in-house and outsourced

materials are static inputs that the firm may mix-and-match at will.

Productivity. From the labor and materials decisions in equations (7) and (9) we recover
(conveniently rescaled) labor-augmenting productivity wy;; = (1—0)wp;: and Hicks-neutral

productivity wgj; as

Wit =y +mje — Lt + o(paje — wje) — oXa(Stje) + (1 — 0)y1(Sojt)
= %L(mjt — Lit, pmje — wit, STje, Sojt), (10)
1 1
= 2 g (1)
o TH Gt T Patt Bt n(pjt, Djt)

vo l1—0
+ (1 + 1— O’) Tt + T"}/l(SOjt)

= hu(kji, mjt, Smje, pjts Parjes Djes STjt, Sojt) s (11)

1-0o

where 7, = —oIn 3y, A2(Srj¢) = In ()\I(STjt)A (1 = Srj, STjt)T>7 Y = —In(vByp),

_i1-c _1-0o 1 — SM it
Xjt = BrKj 7 + By (Mjrexp (71(Sojt)))” @ (SMf])‘l(STjt) + 1) ,
J
and Syt = % is the share of materials in variable cost. Recall that upper
J J J J

case letters denote levels and lower case letters denote logs. The functions f(-) and hy(-)
allow us to recover unobservable labor-augmenting productivity wr;; and Hicks-neutral
productivity wp s from observables, and we refer to them as inverse functions from hereon.
Without loss of generality, we set S5 + 8 = 1.

The inverse function in equation (10) captures the intuition that the mix of inputs that
a firm uses is related to—and therefore contains information about—its labor-augmenting
productivity but is unrelated to its Hicks-neutral productivity. To see this, note that equa-
tion (10) is the (log of the) ratio of the labor and materials decisions in equations (7) and (9)
and that these decisions hinge on the marginal products of labor and materials. Because
the marginal products are proportional to Hicks-neutral productivity, materials per unit
of labor as determined by the ratio of equations (7) and (9) is unrelated to Hicks-neutral

productivity, provided we control for outsourcing and adjustment costs on permanent labor.
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4 Empirical strategy

The endogeneity problem in production function estimation arises because a firm’s decisions
depend on its productivity, and productivity is not observed by the econometrician. How-
ever, if the firm’s productivity can be inferred from its decisions, then it can be controlled
for in the estimation. To do so, we combine the inverse functions in equations (10) and
(11) with the laws of motion for labor-augmenting and Hicks-neutral productivity in equa-
tions (2) and (3) into estimation equations for the parameters of the production function
in equation (1).

To motivate our empirical strategy and relate it to the literature, it is helpful to abstract
from the distinction between permanent and temporary labor and in-house and outsourced
materials. To this end, we follow Levinsohn & Petrin (2003) and assume that labor I;; and
materials mj; are homogenous inputs that are chosen each period to maximize short-run
profits.?’ This implies A\ (Stjt) = 1, A2(Stjt) = 0, and v, (Sojt) = 0, so that the simplified
model emerges as a special case as the correction terms on labor and materials vanish.

In the simplified model, equation (10) can be rewritten as
mje — L = =3 — o(pagje — wie) + WLje- (12)

Equation (12) shows that materials per unit of labor varies over time and across firms for
two reasons. First, it varies according to the price of materials pjsj; relative to the price
of labor wj;. For example, if the relative price of materials falls, then materials per unit
of labor rises. Second, labor-augmenting technological change increases materials per unit
of labor. A rise in wrj; ceteris paribus causes a rise in materials per unit of labor. This

reflects the displacement effect of labor-augmenting technological change.

Related literature. Equation (12) with skilled and unskilled workers in place of materials
and labor is at the heart of the literature on skill bias (see Card & DiNardo (2002) and
Violante (2008) and the references therein); with capital in place of materials, equation (12)
serves to estimate the elasticity of substitution o in an aggregate value-added production
function (see Antras 2004).

Equation (12) is often estimated by OLS. The problem is that labor-augmenting pro-
ductivity, which is not observed by the econometrician, is correlated over time and also
with the wage. Even though the firm takes Wpj; and Wrj; as given in our model, the wage
wjr = In (Wpj(1 — Stjt) + WrjeStj:) may depend on the firm’s productivity via the share
of temporary labor Stj; (see again equations (5) and (6)). Intuitively, we expect the wage

to be higher when labor is more productive, even if it adjusts slowly with some lag. This

20Levinsohn & Petrin (2003) invoke this assumption to establish in their equation (9) a sufficient condition
for the invertibility of the intermediate input: On p. 320, just below equation (1), they assume that labor is
“freely variable,” on p. 322, just above equation (6), they assume that the intermediate input is also “freely
variable,” and they invoke short-run profit maximization at the start of the proof on p. 339.
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positive correlation induces an upward bias in the estimate of the elasticity of substitution.
This is a variant of the endogeneity problem in production function estimation.

It is widely recognized that the estimate of the elasticity of substitution may be biased
as a result. Proxying for unobserved productivity by a time trend, time dummies, or a
measure of innovation is unlikely to completely remove the bias. Antras (2004) shows that
the estimate of the elasticity of substitution improves by including a time trend and allowing
for serial correlation in the remaining error term. However, less than fully accounting for the
evolution of productivity leaves an error term that likely remains correlated with the ratio of
prices. Using firm-level panel data, Van Reenen (1997) proxies for unobserved productivity
by the number of innovations commercialized in a given year. His approach assumes that
the remaining error term is white noise and is thus unlikely to succeed if productivity is
governed by a more general stochastic process.?! Also using firm-level panel data, Raval
(2013) estimates the elasticity of substitution in a variant of equation (12) obtained from a
value-added production function with capital- and labor-augmenting productivity.??> This
rests on the assumption that capital and labor are both static inputs that are chosen each
period to maximize short-run profits.?> Proxying for the firm-specific wage by a regional
wage index and for the price of capital by a dummy, Raval (2013) runs OLS by year and
sometimes by industry. While not using time-series variation may alleviate the endogeneity

problem, relying on proxies introduces measurement error as a source of bias.

Labor-augmenting productivity. Instead of directly estimating a relationship like equa-
tion (12), we use equation (10) to recover labor-augmenting productivity wr,;; and equation
(2) to model its evolution. Substituting the inverse function in equation (10) into the law

of motion in equation (2), we form our first estimation equation

mje — Lt = —o(parje — wjt) + oA2(Stjt) — (1 — 0)v1(Sojt)

+9r0-1(h(mji—1 — Lit—1, Paje—1 — Wit—1, Sjt—1, Sojt—1)s Rjt—1) + Eth, (13)

where the (conveniently rescaled) conditional expectation function is

Gre1(hr(-), Rjs—1) = (1 — 0)gri1 <m;Rjt—1>

2'Indeed, Van Reenen (1997) obtains a positive direct effect of innovation on employment, contrary to the
displacement effect of labor-augmenting technological change.

228ee Gandhi et al. (2013) for a recent discussion of the drawbacks of estimating a value-added instead of
a gross-output production function.

23In contrast, the literature following Olley & Pakes (1996) stresses that the choice of capital has dynamic
implications.
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and Eth = (1 —0)&,;;-2* Compared to equation (12), equation (13) intuitively diminishes
the endogeneity problem because breaking out the part of wrj; that is observable via the
conditional expectation function gr¢—1(-) leaves “less” in the error term. As discussed
below, equation (13) also facilitates instrumenting for any remaining correlation between
the included variables and the error term.

In estimating equation (13), we allow §Lt,1(ﬁL(-),Rﬁ_1) to differ between zero and

positive R&D expenditures and specify

Gre-1(hr(),Ri—1) = Gro(t —1) + 1(Rje—1 = 0)gr1(hr(-))
+1(Rje-1 > 0)Gra(hr (), rje-1), (14)

where 1(-) is the indicator function and the functions gr;(hz(-)) and §L2(%L('),Tjt—1) are
modeled as described in Appendix B. Because the Markov processes governing productivity
is time-inhomogeneous, we allow the conditional expectation function ﬁLt,l(ﬁL(-), Rji—1)
to shift over time by gro(t — 1). In practice, we model this shift with time dummies.

As discussed above, labor [;;, materials m;;, the wage wj;, and the share of temporary
labor S7;; are correlated with Eth in our model (since Eth is part of wr;t). We therefore

base estimation on the moment conditions
E [ALj(z0)€p;| =0, (15)

where Ap;i(2¢) is a vector of functions of the exogenous variables z;; as described in
Appendix B.

In considering instruments it is important to keep in mind that equation (13) models the
evolution of labor-augmenting productivity wr ;. As a consequence, instruments have to
be uncorrelated with the productivity innovation Eth but not necessarily with productivity
itself. Because Eth is the innovation to productivity wy ; in period t, it is not known to the
firm when it makes its decisions in period t —1. All past decisions are therefore uncorrelated
with Eth. In particular, having been decided in period t—1, [;;_1 and m ;1 are uncorrelated
with Eth, although they are correlated with wyj; as long as productivity is correlated over
time. Similarly, because Stj;—1 and thus wj;—1 = In (Wpj—1(1 — Stji—1) + Wrji—1S1jt-1)
are determined in period ¢t — 1, they are uncorrelated with the productivity innovation Eth
in period t. We therefore use lagged labor lj;_1, lagged materials m;;—1, and the lagged
wage wj;—1 for instruments.

In our model, the price of materials pysj; = In (Prjr + PojiQumje) is uncorrelated with

Eth because the ratio of outsourced to in-house materials Q7 is determined in period t—1.

PojtQnjt

2t 28 3t ig uncorrelated
Prji+PojiQnjt

For the same reason, the share of outsourced materials Sp;; =

24Equation (13) is a semiparametric, partially linear, model with the additional restriction that the inverse
function hr(-) is of known form. Identification in the sense of the ability to separate the parametric and
nonparametric parts of the model follows from standard arguments (Robinson 1988, Newey, Powell & Vella
1999).
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with Eth. We nevertheless choose to err on the side of caution and restrict ourselves to the
lagged price of materials pps;:—1 and the lagged share of outsourcing Spj;—1 for instruments
in light of the reasoning underlying Olley & Pakes (1996), Levinsohn & Petrin (2003), and
Ackerberg et al. (2006) that lagged values are less susceptible to endogeneity than current
values. Finally, time ¢ and the demand shifter D;; are exogenous by construction and we
use them for instruments.

A test for overidentifying restrictions in Section 5 cannot reject the validity of the
moment conditions in equation (15). As discussed there, this is because the aggregators
A(Lpjt, Lrj) and I'(Myj¢, Mojt) and the correction terms A2(S7;¢) and v, (Soj+) associated
with them account for quality differences between permanent and temporary labor, respec-
tively, in-house and outsourced materials and differences in the use of these inputs over time
and across firms.

To the extent that a concern remains, it must thus draw on the notion that quality
differences at a finer level play an important role. We address this concern in two ways by
leveraging our data on the skill mix of a firm’s labor force. First, in our data the larger
part of the variation in the wage across firms and periods can be attributed to geographic
and temporal differences in the supply of labor and the fact that firms operate in different
product submarkets (see Appendix D). This part of the variation is arguably exogenous and
therefore useful for estimating equation (13). The smaller part of the variation in the wage
can be attributed to differences in the skill mix and the quality of labor that may potentially
be correlated with the error term in equation (13).2> However, we show in Section 5 that
our estimates are robust to purging the variation due to differences in the skill mix from
the lagged wage wj;—1. Second, in Section 5 we explicitly model quality differences at a
finer level by assuming that the firm faces a menu of qualities and wages in the market for

permanent labor.

Hicks-neutral productivity. Substituting the inverse functions in equations (10) and

(11) into the production function in equation (1) and the law of motion for Hicks-neutral

25 A parallel discussion applies to materials. Kugler & Verhoogen (2012) point to differences in the quality
of materials whereas Atalay (2014) documents substantial variation in the price of materials across plants
in narrowly defined industries with negligible quality differences. This variation is partly due to geography
and differences in cost and markup across suppliers that are arguably exogenous to a plant.
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productivity wg;; in equation (3), we form our second estimation equation?6-27

vo

it = — Tjt
Yi 1—0"

+gmt—1(hu (kje—1, mjt—1, Smjt—1, Pjt—1, Paje—1, Dji—1, Stjt—1, Soji-1), Rjt—1) + Epju + €jt-
(16)

We specify gri—1(hu(-), Rji—1) analogously to Gri-1(hi(), Rji—1) in equation (14).
Because output y;¢, materials mj;, the share of materials in variable cost Sysj;, and the
share of temporary labor St;i are correlated with £y, we base estimation on the moment

conditions
E [AHjt(th)(ijt +eji)] =0,

where Apji(zj:) is a vector of function of the exogenous variables zj;. As before, we exploit
the timing of decisions to rely on lags for instruments. In addition, kj; = In ((1 — 0)Kji—1 + Lji—1)

is determined in period ¢ — 1 and therefore uncorrelated with & q.

Estimation. We use the two-step GMM estimator of Hansen (1982). Let vp;:(61) = Eth
be the residual of estimation equation (13) as a function of the parameters 01, to be estimated
and vy t(0n) = §pje +eje the residual of estimation equation (16) as a function of 0. The

GMM problem corresponding to equation (13) is

/

. 1 —~ 1
min NZJ:ALJ'(ZJ')VLJ‘(@L) Wy, N%:ALj(Zj)VLj(OL) , (17)

where Ar;(z;) is a Qp x T; matrix of functions of the exogenous variables z;, vr;(0r) is a
T; x 1 vector, W\L is a Qr x Q1 weighting matrix, (), is the number of instruments, 77 is
the number of observations of firm j, and N is the number of firms. We provide further
details in Appendix B.

The GMM problem corresponding to equation (16) is analogous. Equation (16) is con-
siderably more nonlinear than equation (13). To facilitate its estimation, we impose the
estimated values of those parameters in 6, that also appear in 8. We correct the standard
errors as described in the Online Appendix. Because they tend to be more stable, we report
first-step estimates for equation (16) and use them in the subsequent analysis; however, we

use second-step estimates for testing.

25There are other possible estimation equations. In particular, one can use the labor and materials
decisions in equations (7) and (9) together with the production function in equation (1) to recover wrjt,
wHjt, and ej; and then set up separate moment conditions in EL].t, $mjt> and eje. This may yield efficiency
gains. Our estimation equation (16) has the advantage that it is similar to a CES production function that
has been widely estimated in the literature.

2TEquation (16) is again a semiparametric model with the additional restriction that the inverse function
h(-) is of known form.
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5 Labor-augmenting technological change

From equation (13) we obtain an estimate of the elasticity of substitution and recover

labor-augmenting productivity at the firm level.

Elasticity of substitution. Tables 3 and 4 summarize different estimates of the elasticity
of substitution. To facilitate the comparison with the existing literature, we proxy for wy j; in
equation (12) by a time trend &t and estimate by OLS. As can be seen from columns (3) and
(4) of Table 3, with the exception of industry 9, the estimates of the elasticity of substitution
are in excess of one, whereas the estimates in the previous literature lie somewhere between 0
and 1 (Chirinko 2008, Bruno 1984, Rotemberg & Woodford 1996, Oberfield & Raval 2014).
This reflects, first, that a time trend is a poor proxy for labor-augmenting technological
change at the firm level and, second, that the estimates are upward biased as a result of the
endogeneity problem. Nevertheless, the significant positive time trend once again previews
the importance of labor-augmenting technological change.

We resolve the endogeneity problem by modeling the evolution of labor-augmenting
productivity and estimating equation (13) by GMM. Columns (5)—(10) of Table 3 refer to
the simplified model with Ai(S7j:) = 1, X2(S7j:) = 0, and v,(So;t) = 0. As expected the
estimates of the elasticity of substitution are much lower and range from 0.45 to 0.64 as
can be seen from column (5). With the exception of industries 6 and 8 in which o is either
implausibly high or low, we clearly reject the special cases of both a Leontieff (¢ — 0) and
a Cobb-Douglas (o = 1) production function.

Testing for overidentifying restrictions, we reject the validity of the moment conditions
at a 5% level in five industries and we are close to rejecting in two more industries (columns
(6) and (7)). To pinpoint the source of this problem, we exclude the subset of moments
involving lagged materials mj;—; from the estimation. As can be seen from columns (8)—(10),
the estimates of the elasticity of substitution lie between 0.46 and 0.84 in all industries and
at a 5% level we can no longer reject the validity of the moment conditions in any industry.

To see why the exogeneity of lagged materials m ;1 is violated contrary to the timing of
decisions in our model, recall that a firm engages in outsourcing if it can procure customized
parts and pieces from its suppliers that are cheaper or better than what the firm can
make in house from scratch. Lumping in-house and outsourced materials together pushes
these quality differences into the error term. As outsourcing often relies on contractual
relationships between the firm and its suppliers, the error term is likely correlated over time
and thus with lagged materials mj;_1 as well.

The correction term v;(So;¢) in equation (13) absorbs quality differences between in-
house and outsourced materials into the aggregator I'(Mfj:, Mp;¢) and accounts for the
wedge that outsourcing may drive between the relative quantities and prices of materials and
labor. The correction term Ao (Stj¢) similarly absorbs quality differences between permanent

and temporary labor into the aggregator A(Lpj:, L7j;) and accounts for adjustment costs
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on permanent labor. As can be seen in columns (3)—(5) of Table 4, the correction terms
duly restore the exogeneity of lagged materials mj;_1 as we cannot reject the validity of the
moment conditions at a 5% level in any industry except for industry 7 in which we (barely)
reject.?® Our leading estimates of ¢ in column (3) of Table 4 lie between 0.44 and 0.80.
Compared to the estimates in column (8) of Table 3, there are no systematic changes and
our leading estimates are somewhat lower in five industries and somewhat higher in five
industries. In sum, accounting for outsourcing and adjustment costs on permanent labor is
an improvement over the assumption in Levinsohn & Petrin (2003) and many others that
labor and materials are homogenous and static inputs and a key step in estimating the
elasticity of substitution.

Our estimates of the elasticity of substitution are robust to purging the variation due to
differences in the quality of labor from the lagged wage wj;—1. In Appendix D, we use a wage
regression to isolate the part of the wage that depends on the available data on the skill mix
of a firm’s labor force. Using w¢q;¢—1 to denote this part, we replace w;;—1 as an instrument
by wji—1 — WQjt—1. Compared to column (3) of Table 4, the estimates of the elasticity
of substitution in column (6) decrease somewhat in three industries, remain essentially
unchanged in two industries, and increase somewhat in five industries.?? The absence of
substantial and systematic changes confirms that the variation in wj;—; is exogenous with

respect to Eth and therefore useful in estimating equation (13).

Labor-augmenting technological change. With equation (13) estimated, we recover

the labor-augmenting productivity wrj; = ?f”of of firm j in period t up to an additive

constant from equation (10). We take the growth of labor-augmenting productivity at firm

.. . o o ] , exp(wrj¢)—exp(wrji—1) 30
J in period t to be Awrji = wrjt — wrji—1 ~ @) .

measures representing an industry, we account for the survey design by replicating the

subsample of small firms 7500}? = 14 times before pooling it with the subsample of large

To obtain aggregate

firms. We report weighed averages of individual measures in Table 5, where the weight
pje = Yji—2/ > ; Yji—2 is the share of output of firm j in period ¢ — 2.

In line with the patterns in the data described in Section 2, our estimates imply an
important role for labor-augmenting technological change. As can be seen from column

(1), labor-augmenting productivity grows quickly, on average, with rates of growth ranging

28 As noted in Section 3, we exclude observations with Stj; = 0 and thus L7;: = 0 because equation (7)
presumes interior solutions for permanent and temporary labor. Compare columns (1) and (2) of Tables 1
and 3 with columns (1) and (2) of Table 4 for the exact number of observations and firms we exclude.

29 As we show in the Online Appendix, not much changes if we isolate the part of the wage that additionally
depends on firm size to try and account for the quality of labor beyond our rather coarse data on the skill mix
of a firm’s labor force (Oi & Idson 1999). Compared to column (3) of Table 4, the estimates of the elasticity
of substitution decrease somewhat in three industries, remain essentially unchanged in three industries, and
increase somewhat in four industries.

39Given the specification of §r¢—1(hL(-), Rji—1) in equation (14), we exclude observations where a firm
switches from performing to not performing R&D or vice versa between periods ¢ — 1 and t from the
subsequent analysis. We further exclude observations where a firm switches from zero to positive outsourcing
or vice versa.
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from 1.0% per year in industry 7 to 18.3% in industry 6 and above in industry 5. The
rate of growth is, on average, slightly negative in industry 9. Hidden behind these averages
is a tremendous amount of heterogeneity across firms. The rate of growth is positively
correlated with the level of labor-augmenting productivity (column (2)), indicating that

differences in labor-augmenting productivity between firms persist over time.

exp(wrjt) L}, —exp(wrje—1)L},_4
eXp(Wthfl)L;t_l

of a firm’s effective labor force exp(w th—l)L;'t—r We approximate the rate of growth of the

Ceteris paribus Awpj; ~ approximates the rate of growth
firm’s output Yj;_1 by €1j:—2Awr; i, where €2 is the elasticity of output with respect to
the firm’s effective labor force in period ¢t — 2 (see Appendix C). This output effect, while
close to zero in industry 9, ranges on average from 0.7% per year in industries 7 and 8
to 3.6% in industry 6, see column (3) of Table 5. Overall, labor-augmenting technological

change causes output to grow in the vicinity of 2% per year.

Figure 1: Labor-augmenting technological change. Output effect. Index normalized to one
in 1991.

Figure 1 illustrates the magnitude of labor-augmenting technological change and the
heterogeneity in its impact across industries. The depicted index cumulates the year-to-
year changes in labor-augmenting productivity in terms of output effects and is normalized
to one in 1991.
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Firms’ R&D activities. While there is practically no difference in two industries, in
eight industries firms that perform R&D have higher levels of labor-augmenting productivity
than firms that do not perform R&D as can be seen from column (4) of Table 5. The rate of
growth of labor-augmenting productivity for firms that perform R&D, on average, exceeds
that of firms that do not perform R&D in eight industries. As can be seen from columns
(5) and (6) of Table 5, the output effect for firms that perform R&D exceeds that of firms
that do not perform R&D in six industries. Overall, our estimates indicate that firms’ R&D
activities are associated not only with higher levels of labor-augmenting productivity but by
and large also with higher rates of growth of labor-augmenting productivity. Firms’ R&D
activities play a key role in determining the differences in labor-augmenting productivity

across firms and the evolution of this component of productivity over time.

Skill upgrading. In our data, there is a shift from unskilled to skilled workers. For
example, the share of engineers and technicians in the labor force increases from 7.2% in
1991 to 12.3% in 2006. While this shift has to be seen against the backdrop of a general
increase of university graduates in Spain during the 1990s and 2000s, it begs the question
how much skill upgrading contributes to the growth of labor-augmenting productivity.

To answer this question, we leverage our rather coarse data on the skill mix of a firm’s
labor force. Besides the share of temporary labor S7;;, our data has the share of white
collar workers and the shares of engineers and technicians, respectively.3!

We assume that there are ) types of permanent labor with qualities 1,6s,...,0¢g and
corresponding wages Wp1jt, Wpajt, . .., Wpgji. The firm, facing this menu of qualities and
wages, behaves as a price-taker in the labor market. In recognition of their different qualities,
L*Pjt = Lpiji+ 22222 04L pgj: is an aggregate of the ) types of permanent labor, with Lpg;;
being the quantity of permanent labor of type ¢ at firm j in period ¢. L}, = A(L*Pjt7 Lrjt)
is the aggregate of permanent labor L*Pjt (instead of Lpj; = Zqul Lpg;t) and temporary
labor Lrj; in the production function in equation (1). Permanent labor is subject to convex
adjustment costs Cp, (Bpjt, Bpjt—1), where Bpj; = Z?:l WpgjtLpgjt is the wage bill for
permanent labor. The state vector €j; therefore includes Bpji—1, Wp1jt, Wpajt, ..., Wpqjt
instead of Lpj;—1 and Wpj;.

The first-order condition for permanent labor of type ¢ is

ILj, 0 Wpgji(1+ Ajt)

or%. 1 1
Pt P (1 - n(pjt:Djt)>

—(14-k2 1— o " 1
U,LLth( 1—0) exp (WHjt) exp <_ngjt> (th) 4 > (18)

31We have these latter measures in the year a firm enters the sample and every subsequent four years. We
take the skill mix to be unchanging in the interim.
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where 01 = 1 and the gap between the wage Wpy;; and the shadow wage is

0CB,(Bpjt, Bpji—1 1 1 OVir1(Qje11
Aj = p(Brse Brjc) B | et Oses )!thijt
8Bpjt Wpgjt 1+ p 8LPQ]'t
0Cp(Bpjt, Bpji-1) N 1 E, 9Cpp(Bpji+1, Bpjt) Q0 Ry
OBpjt 1+p OBpjt A
Equation (18) implies that 6, = % at an interior solution. While our data does not
Jt
have Wp1jt, Wpajt, - - -, Wpgjt, the wage regression in Appendix D enables us to recover 6,
by estimating the wage premium % — 1) of permanent labor of type ¢ over type 1.
jt

Multiplying equation (18) by the share Spgj: of permanent workers of type ¢ and sum-
ming yields

—(1+15% l—-0o -1 OL% Wpi(1+ Ay
VUth( 1 )exp (WHjt) exp (— . ijt) (th) - &%@jt = it ( 11 ) ’
Pjt Pt (1 - n(pjtyD]'t)>
(19)
where O, = Spij: + ZQQZQ 04Spgjt = 1+ ZqQ:2 (%gjz - 1) Spgjt is a quality index and

Wpjr = Zqul WpgjtSpgjt- Using Euler’s theorem to combine equations (6) and (19) yields

(1+125)

1—0o

l1—-0 -1 _
exp (WHjt) exp (— Wth) Ljy” A1 = S74t)Ojt, Srje) @

AP((lfsTjt)quSsz)@jt_i_ Stjt
Ajy A7 ((1=S7;4)9,¢,57jt) 1-S7jt
VVJt 1+ 14 Wit STt VVJ WPjt+ STt

u,uX;t

_ WP]-is T=S7,¢ _ Wrjt 1;5Tjt 7 (20)
P (1 - n(pjt,Djt)> P (1 - n(pjt,Djt)>
where the second equality follows from dividing equations (6) and (19) and solving for Aj;.

Wpji
WLt

We proceed as before by assuming that = Ag is an (unknown) constant and treating

Ap((1=S7;4)©;4,57;1)O ¢ St
Ap((A=S744)O;1,574t) 1-S7j¢

STt
Ao+ 152
0T 1=Sr;;

= M (S7jt, ©j¢) as an (unknown) function of Stj; and ©; that

must be estimated nonparametrically. Replacing Ao(S7j:) = In ( M (S7e)A(1 — Stji, Stj t)%)

1—0o

by A2(Stjt,0j:) = In <)\1(STjt,®jt)A((1 — S1jt)Ojt, STjt) ) in our estimation equation
(13) therefore accounts for types of permanent labor that differ in their qualities and wages.

The estimates of the elasticity of substitution in column (7) of Table 5 continue to hover
around 0.6 across industries, with the exception of industries 4 and 8 in which they are
implausibly low. Compared to column (3) of Table 4, they decrease somewhat in three
industries, remain essentially unchanged in two industries, and increase somewhat in five
industries. This further supports the notion that quality differences at a finer level than
permanent and temporary labor are of secondary importance for estimating equation (13).

We develop the quality index ©;; mainly to “chip away at the productivity residual” by

improving the measurement of inputs in the spirit of Caselli (2005) and the earlier produc-

25



tivity literature (Jorgenson 1995a, Jorgenson 1995b). As can be seen from column (10) of
Table 5, skill upgrading indeed explains some, but by no means all of the growth of labor
augmenting productivity. Compared to column (1), the rates of growth stay the same or
go down in all industries. In industries 7, 8, 9, and 10 labor-augmenting productivity is
stagnant or declining after accounting for skill upgrading, indicating that improvements in
the skill mix over time are responsible for most of the growth of labor-augmenting produc-
tivity. In contrast, in industries 1, 2, 3, 4, 5, and 6, labor-augmenting productivity continues
to grow after accounting for skill upgrading, albeit often at a much slower rate. In these
industries, labor-augmenting productivity grows also because workers with a given set of

skills become more productive over time.

6 Hicks-neutral technological change

From equation (13) we obtain an estimate of the elasticity of substitution and recover labor-
augmenting productivity at the firm level. To recover Hicks-neutral productivity and the

remaining parameters of the production function, we have to estimate equation (16).

Distributional parameters and elasticity of scale. Table 6 reports the distributional
parameters Sy and By = 1 — B and the elasticity of scale v. Our estimates of 8y range
from 0.07 in industry 8 to 0.31 in industry 6 (column (1)). Although the estimates of the
elasticity of scale are rarely significantly different from one, taken together they suggest
slightly decreasing returns to scale (columns (2)). We cannot reject the validity of the

moment conditions in any industry by a wide margin (columns (3) and (4)).

Hicks-neutral technological change. With equation (16) estimated, we recover Hicks-
neutral productivity wgj: up to an additive constant from equation (11). We take the
growth of Hicks-neutral productivity at firm j in period ¢ to be Awpji = whjt — WHji—1 &

thizo exp(wWjit) exp(ej-t,l)—thiIU exp(wrji—1)exp(eji—1)

oxp(wrel}zé)(wz’;ff“l’)ffﬁfl)_ Ceteris paribus Awpj; ~ XJ_;% o ome oo
approximates the rate of growth of a firm’s output Yj;_1. The rate of growth of Hicks-neutral
productivity is therefore directly comparable to the output effect of labor-augmenting tech-
nological change. We proceed as before to obtain aggregate measures representing an in-
dustry.

As can be seen from column (1) of Table 7, Hicks-neutral productivity grows quickly in
five industries, with rates of growth ranging, on average, from 1.2% per year in industry 8
to 4.4% in industry 1. It grows much more slowly or barely at all in three industries, with
rates of growth below 0.5% per year. While there is considerable heterogeneity in the rate of
growth of Hicks-neutral productivity across industries, overall Hicks-neutral technological

change causes output to grow in the vicinity of 2% per year. Once again, the rate of growth
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is positively correlated with the level of Hicks-neutral productivity (column (2)), indicating

that differences in Hicks-neutral productivity between firms persist over time.

Figure 2: Hicks-neutral technological change. Index normalized to one in 1991.

Figure 2 illustrates the magnitude of Hicks-neutral technological change. The depicted
index cumulates the year-to-year changes in Hicks-neutral productivity and is normalized

1.32 The heterogeneity in the impact of Hicks-neutral technological change

to one in 199
across industries clearly exceeds that of labor-augmenting technological change (see again
Figure 1).

Taken together labor-augmenting and Hicks-neutral technological change cause output
to grow by, on average, between 0.7% in industry 7 and 7.8% in industry 6, as can be seen
in column (3) of Table 7. The components of productivity are positively correlated. This

correlation is slightly stronger in the rates of growth (column (4)) as it is in levels.

Firms’ R&D activities. As can be seen from column (5) of Table 7, firms that perform
R&D have higher levels of Hicks-neutral productivity than firms that do not perform R&D
in six industries but lower levels of Hicks-neutral productivity in four industries. While there
is practically no difference in industry 10, the rate of growth of Hicks-neutral productivity

for firms that perform R&D, on average, exceeds that of firms that do not perform R&D

321 industry 9, in line with column (1) of Table 7, we trim values of Awz below —0.25 and above 0.5.
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in five industries, as can be seen from columns (6) and (7). Overall, our estimates indicate
that firms’ R&D activities are associated with higher levels and rates of growth of Hicks-
neutral productivity, although firms’ R&D activities seem less closely tied to Hicks-neutral
than to labor-augmenting productivity. This is broadly consistent with the large literature
on induced innovation that argues that firms direct their R&D activities to conserve the

relatively more expensive factors of production, in particular labor.33

7 Capital-augmenting technological change

As discussed in Section 2, the evolution of the relative quantities and prices of the various
factors of production provides no evidence for capital-augmenting technological change.
Our leading specification therefore restricts the productivities of capital and materials to
change at the same rate and in lockstep with Hicks-neutral technological change. A more
general specification allows for capital-augmenting productivity wg: so that equation (1)
(with By = 1, = 1) becomes

N 1 1—o _vo_

o+ (exp(ijt)L;t)iTa + B (M;t)iT} o exp(wmjit) exp(ejt).
(21)

We explore the role of capital-augmenting technological change in our data in two ways.

Yje = |:/8K (exp(wreje) Kj)

First, we follow Raval (2013) and parts of the previous literature on estimating aggregate
production functions (see Antras (2004) and the references therein) and assume that capital
is a static input that is chosen each period to maximize short-run profits. In analogy to
equation (10), we recover (conveniently rescaled) capital-augmenting productivity wxj; =

(1 —-0)wkj as

Wkjt = Yr +mjt — ki +o(pamje — prje) + (1= 0)v1(Sojt)
= hr(mje — kjt, parjt — PKcjt, Sojt) (22)

where y = —oln (%) and we use the user cost of capital in our data as a rough measure of
the price of capital pxj;. Using our leading estimates from Section 5, we recover the capital-
WKt
l1—0c

8 approximates the rate of growth of a firm’s effective capital stock exp(wgji—1)Kji—1 and

augmenting productivity wgj; = of firm j in period ¢.3* Awg; in column (1) of Table

33More explicitly testing for induced innovation is difficult because we do not observe what a firm does
with its R&D expenditures. One way to proceed may be to add interactions of R&D expenditures and input
prices to the laws of motion in equations (2) and (3). We leave this to future research.

31 As an alternative to plugging our leading estimates from Section 5 into equation (22), in the Online
Appendix we use equation (22) to form the analog to our first estimation equation (13):

mje — kje = —o(Paje — prcje) — (1 — 0)v1(Sojt)
+grct—1(hi (mje—1 — kjt—1, Parje—1 — Prje—1, S0je—1), Rjt—1) +EKjt'

Consistent with measurement error in pgj:, the resulting estimates of o are very noisy and severely biased
toward zero.
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€k ji—2Awpj; in column (2) the rate of growth of the firm’s output Yj;—1, where ex ;o is
the elasticity of output with respect to the firm’s effective capital stock (see Appendix C).
As can be seen from column (1), capital-augmenting productivity grows slowly, on average,
with rates of growth of 0.8% per year in industry 6, 2.2% in industry 10, and 5.6% in
industry 1. The rate of growth is negative in the remaining seven industries. The growth of
capital-augmenting productivity is especially underwhelming in comparison to the growth
of labor-augmenting productivity (see again column (1) of Table 5). The output effect in
column (2) is also close to zero in all industries, although this likely reflects the fact that
capital is not a static input. As the user cost of capital excludes adjustment costs, it falls
short of the shadow price of capital, and using it drives down the elasticity of output with
respect to the firm’s effective capital stock.

Second, we return to the usual setting in the literature following Olley & Pakes (1996)
and allow the choice of capital to have dynamic implications. We follow parts of the previous
literature on estimating aggregate production functions and proxy for wg; by a time trend

dxt. Our second estimation equation (16) remains unchanged except that

_l=o 1=0 (1 — Su;
X1 = Bic (exp(6xt) K1) (P

7+ By (Mjeexp (v1(Sojt))) ™ @ 5 A1 (Stje) + 1) :
Mt

Columns (3)—(7) of Table 8 summarize the resulting estimates of Sy, v, and dx. The

estimates of B and v are very comparable to those in Table 5. Moreover, the insignificant

time trend leaves little room for capital-augmenting technological change in our data.

In sum, in line with the patterns in the data described in Section 2, there is little, if
any, evidence for capital-augmenting technological change in our data. Of course, our ways
of exploring the role of capital-augmenting technological change are less than ideal in that
they either rest on the assumption that capital is a static input or abstract from firm-
level heterogeneity in capital-augmenting productivity. An important question is therefore
whether our approach can be extended to treat capital-augmenting productivity on par
with labor-augmenting and Hicks-neutral productivity. Recovering a third component of
productivity, at a bare minimum, requires a third decision to invert besides labor and ma-
terials. Investment is a natural candidate. Unlike the demand for labor and materials,
however, investment depends on the details of the firm’s dynamic programming problem.
Hence, it may have to be inverted nonparametrically as in Olley & Pakes (1996). There are
two principal difficulties. First, one has to prove that the observed demands for labor and
materials along with investment are jointly invertible for unobserved capital-augmenting,
labor-augmenting, and Hicks-neutral productivity. This is not an easy task given the dif-
ficulties Buettner (2005) encountered in a much simpler dynamic programming problem.
Second, the inverse functions kg (-), hz(-), and hy(-) are high-dimensional. Thus, estimat-

ing these functions nonparametrically is demanding on the data.
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Related literature. As mentioned in Section 1, our paper is related to Grieco et al.
(2015) and subsequent work in progress by Zhang (2014a, 2014b). These papers build on
Doraszelski & Jaumandreu (2013) by exploiting the parameter restrictions between the
production function and input demand functions to infer unobservables from observables.
Because their data contains the materials bill rather than its split into price and quantity,
Grieco et al. (2015) assume that labor and materials are both static inputs that are cho-
sen each period to maximize short-run profits and solve the implied first-order conditions
for the firm’s Hicks-neutral productivity and the price of materials that the firm faces.
Zhang (2014a, 2014b) proxies for the price of materials by a regional price index (similar to
Raval 2013) and instead solves the first-order conditions for the firm’s capital- and labor-
augmenting productivity. One difference to our approach is that Grieco et al. (2015) and
Zhang (2014a, 2014b) plug the recovered unobservables back into the production function.
While this avoids assumptions on the law of motion for productivity, parameters of interest
may cancel depending on the specification of the production function (see Example 3.1 of
Grieco et al. (2015) and Section 4 of Ackerberg et al. (2006)).

Using firm-level panel data for the Chinese steel industry, Zhang (2014b) adds Hicks-
neutral productivity to the model in Zhang (2014a) and specifies an uncontrolled first-order,
time-homogenous Markov process for it. He infers this additional unobservable from invest-
ment (though without proving invertibility). The empirical strategy draws on Ackerberg
et al. (2006) in that Hicks-neutral productivity wpj; is separated from the random shock
eji in a first nonparametric step (though without accounting for prices and correcting for
the endogeneity of the revenue shares of labor and materials with respect to the random
shock). In a second step, the parameters of the production function are estimated off the
law of motion for wg ;. By comparing the means and standard deviations of w ¢, wr ¢, and
whjt, Zhang (2014b) concludes that firm-level heterogeneity is largest in labor-augmenting
productivity (though this conclusion can be questioned by recalling that wgjt, wrjt, and
wyjt can only be recovered up to additive constants and are measured in non-comparable

units anyway).

8 Conclusions

Technological change can increase the productivity of capital, labor, and the other factors
of production in equal terms or it can be biased towards a specific factor. In this paper, we
directly assess the bias of technological change by measuring, at the level of the individual
firm, how much of technological change is labor augmenting and how much of it is Hicks
neutral.

To this end, we develop a dynamic model of the firm in which productivity is multi-
dimensional. At the center of the model is a CES production function that parsimoniously

relates the relative quantities of materials and labor to their relative prices and labor-
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augmenting productivity. To properly isolate and measure labor-augmenting productivity,
we account for other factors that impact this relationship, in particular, outsourcing and
adjustment costs on permanent labor.

We apply our estimator to an unbalanced panel of 2375 Spanish manufacturing firms in
ten industries from 1990 to 2006. Our estimates indicate limited substitutability between
the various factors of production. This calls into question whether the widely-used Cobb-
Douglas production function with its unitary elasticity of substitution adequately represents
firm-level production processes.

Our estimates provide clear evidence that technological change is biased. Ceteris paribus
labor-augmenting technological change causes output to grow, on average, in the vicinity
of 2% per year. While skill upgrading explains some of the growth of labor augmenting
productivity, in many industries labor-augmenting productivity grows because workers with
a given set of skills become more productive over time. In short, our estimates cast doubt on
the assumption of Hicks-neutral technological change that underlies many of the standard
techniques for measuring productivity and estimating production functions.

At the same time, our estimates do not validate the assumption that technological
change is purely labor augmenting that plays a central role in the literature on economic
growth. In addition to labor-augmenting technological change, our estimates show that
Hicks-neutral technological change causes output to grow, on average, in the vicinity of 2%
per year.

Behind these averages lies a substantial amount of heterogeneity across industries and
firms. Our estimates point to substantial and persistent differences in labor-augmenting
and Hicks-neutral productivity between firms. Firms’ R&D activities play a key role in
determining these differences and their evolution over time. Interestingly, our estimates
indicate that labor-augmenting productivity is slightly more closely tied to firms’ R&D
activities than to Hicks-neutral productivity. Through the lens of the literature on induced
innovation this may be viewed as supporting the argument that firms direct their R&D
activities to conserve on labor.

An interesting avenue for future research is to investigate the implications of the dif-
ferent types of technological change for employment. Recent research points to biased
technological change as a key driver of the diverging experiences of the continental Euro-
pean, U.S., and U.K. economies during the 1980s and 1990s (Blanchard 1997, Caballero &
Hammour 1998, Bentolila & Saint-Paul 2004, McAdam & Willman 2013). Our estimates
lend themselves to decomposing firm-level changes in employment into displacement, sub-
stitution, and output effects and to compare these effects between labor-augmenting and
Hicks-neutral technological change. This may be helpful for better understanding and pre-
dicting the evolution of employment as well as for designing labor market and innovation

policies in the presence of biased technological change.
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Appendix A Data

We observe firms for a maximum of 17 years between 1990 and 2006. We restrict the
sample to firms with at least three years of data on all variables required for estimation.
The number of firms with 3, 4,..., 17 years of data is 313, 240, 218, 215, 207, 171, 116,
189, 130, 89, 104, 57, 72, 94, and 160, respectively. Table A1 gives the industry definitions
along with their equivalent definitions in terms of the ESEE, National Accounts, and ISIC
classifications (columns (1)—(3)). Based on the National Accounts in 2000, we further report
the shares of the various industries in the total value added of the manufacturing sector
(column (4)).

In what follows we define the variables we use. We begin with the variables that are
relevant for our main analysis.

Investment. Value of current investments in equipment goods (excluding buildings,
land, and financial assets) deflated by the price index of investment. The price of
investment is the equipment goods component of the index of industry prices computed
and published by the Spanish Ministry of Industry. By measuring investment in
operative capital we avoid some of the more severe measurement issues of the other
assets.

Capital. Capital at current replacement values f(jt is computed recursively from
an initial estimate and the data on current investments in equipment goods I;;. We
update the value of the past stock of capital by means of the price index of investment

Py as IN(jt =(1-9) Pi’jl IM(jt_l + I;1—1, where § is an industry-specific estimate of the

rate of depreciation. Capital in real terms is obtained by deflating capital at current
replacement values by the price index of investment as Kj; = %.

Labor. Total hours worked computed as the number of workers times the average
hours per worker, where the latter is computed as normal hours plus average overtime
minus average working time lost at the workplace.

Materials. Value of intermediate goods consumption (including raw materials, com-
ponents, energy, and services) deflated by a firm-specific price index of materials.

Output. Value of produced goods and services computed as sales plus the variation of
inventories deflated by a firm-specific price index of output.

Wage. Hourly wage cost computed as total labor cost including social security pay-
ments divided by total hours worked.

Price of materials. Firm-specific price index for intermediate consumption. Firms
are asked about the price changes that occurred during the year for raw materials,
components, energy, and services. The price index is computed as a Paasche-type
index of the responses.

Price of output. Firm-specific price index for output. Firms are asked about the price
changes they made during the year in up to 5 separate markets in which they operate.
The price index is computed as a Paasche-type index of the responses.

Demand shifter. Firms are asked to assess the current and future situation of the
main market in which they operate. The demand shifter codes the responses as 0,
0.5, and 1 for slump, stability, and expansion, respectively.
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e Share of temporary labor. Fraction of workers with fixed-term contracts and no or
small severance pay.

e Share of outsourcing. Fraction of customized parts and pieces that are manufactured
by other firms in the value of the firm’s intermediate goods purchases.

e RED expenditures. R&D expenditures include the cost of intramural R&D activi-
ties, payments for outside R&D contracts with laboratories and research centers, and
payments for imported technology in the form of patent licensing or technical assis-
tance, with the various expenditures defined according to the OECD Oslo and Frascati
manuals.

We next turn to additional variables that we use for descriptive purposes, extensions, and
robustness checks.

e User cost of capital. Computed as Pr(rjs + 0 — CPI;), where Pp; is the price index of
investment, 7;; is a firm-specific interest rate, ¢ is an industry-specific estimate of the
rate of depreciation, and C'PI; is the rate of inflation as measured by the consumer
price index.

e Skill miz. Fraction of non-production employees (white collar workers), workers with
an engineering degree (engineers), and workers with an intermediate degree (techni-
cians).

e Region. Dummy variables corresponding to the 19 Spanish autonomous communities
and cities where employment is located if it is located in a unique region and another
dummy variable indicating that employment is spread over several regions.

e Product submarket. Dummy variables corresponding to a finer breakdown of the 10
industries into subindustries (restricted to subindustries with at least 5 firms, see
column (5) of Table Al).

o Technological sophistication. Dummy variable that takes the value one if the firm
uses digitally controlled machines, robots, CAD/CAM, or some combination of these
procedures.

o Identification between ownership and control. Dummy variable that takes the value
one if the owner of the firm or the family of the owner hold management positions.

e Age. Years elapsed since the foundation of the firm with a maximum of 40 years.

e Firm size. Number of workers in the year the firm enters the sample.

Appendix B Estimation

Unknown functions. The functions gr1(hr(-)), gr2(hr(-), 7jt—1), 9ga1(hu(-)), and g2 (hu (), 7jt—1)
that are part of the conditional expectation functions ﬁLt_l(ﬁL(-), Rji—1)and ggi—1(hu(-), Rjt—1)

are unknown and must be estimated nonparametrically, as must be the absolute value of

the price elasticity n(pj:, Dj;) and the correction terms A (Stji), A2(Stje), and v1(Soj¢)-
Following Wooldridge (2004), we model an unknown function ¢(v) of one variable v by a

univariate polynomial of degree ). We model an unknown function ¢(u,v) of two variables
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u and v by a complete set of polynomials of degree @ (see Judd 1998). Unless otherwise
noted, we omit the constant in ¢(-) and set () = 3 in the remainder of this paper.

Starting with the conditional expectation functions, we specify gri1(hz(-)) = q(hr(-) —
V1), 9r2(hi(),rje) = qo+a(he ()=, rjt); ga1(ha () = q(hu(-)=vg), and gua(hu (), 75e) =
qo +q(hu(-) — v, 7jt), where o is a constant and the function ¢(-) is modeled as described
above. Without loss of generality, we absorb 7, and v into the overall constants of our esti-
mation equations. Turning to the absolute value of the price elasticity, to impose the theoret-
ical restriction n(pj;¢, Dj¢) > 1, we specify n(pji, Djt) = 1 +exp(q(pji, Djt)), where the func-
tion ¢(-) is modeled as described above except that we suppress terms involving D?t and D}Q-’t.
Turning to the correction terms, we specify A1(Stj¢) = ¢(In Stj¢) and Xo(S7j:) = ¢(In S7jr)
in industries 2, 3, and 10 and A(Stj¢) = ¢(In(1 — Stj¢)) and Aa(Stje) = q(In(l — Stje))
in the remaining industries.®> Finally, we specify v;(So;t) = ¢(Sojt); this ensures that
v1(Sojt) = 0 if Spjr = 0 in line with the normalization I'(Mpj¢, 0) = Mrjq.

Parameters and instruments. Our first estimation equation (13) has 36 parameters:
constant, o, 15 parameters in §zo(t — 1) (time dummies), 3 parameters in g (hz(-)), 10
parameters in gra(hr (), Tjt—1), 3 parameters in Aa(Stj¢), and 3 parameters in v, (Sojt)-

Our instrumenting strategy is adapted from Doraszelski & Jaumandreu (2013) and
we refer the reader to Doraszelski & Jaumandreu (2013) and the references therein for
a discussion of the use of polynomials for instruments. We use the constant, 15 time
dummies, the dummy for performers 1(R;;—1 > 0), the demand shifter Dj;, and a univariate
polynomial in In Spj;—1 +mj;—1 interacted with 1(Spji—1 > 0) (3 instruments). We further
use a complete set of polynomials in l;;_1, mj;—1, and pyrji—1 — wji—1 interacted with the
dummy for nonperformers 1(Rj;—1 = 0) (19 instruments). In industries 5 and 8 we replace
PMjt—1 — Wjt—1 by parje—1 in the complete set of polynomials. Finally, we use a complete
set of polynomials in l;;_1, mj;—1, and pasji—1 —wj;—1 and rj;_q interacted with the dummy
for performers 1(Rj;—1 > 0) (34 instruments). This yields a total of 74 instruments and
74 — 36 = 38 degrees of freedom (see column (4) of Table 4).

After imposing the estimated values from equation (13), our second estimation equation
(16) has 40 parameters: constant, Sy, v, 15 parameters in ggo(t — 1) (time dummies),
3 parameters in gg1(hg(-)), 10 parameters in gga(hu(-),7je—1), 3 parameters in A;(Stj¢),
and 6 parameters in n(pj¢, Djt).

As before, we use polynomials for instruments. We use the constant, 15 time dummies,
the dummy for performers 1(Rj;—; > 0), the demand shifter D;;, a univariate polynomial
in pji—1 (3 instruments), a univariate polynomial in pasji—1 — pji—1 (3 instruments), and a
univariate polynomial in kj; (3 instruments). We also use a complete set of polynomials in
th,llgfj‘% and Kj;_; interacted with the dummy for nonperformers 1(Rj;—1 = 0) (9

instruments). Finally, we use a complete set of polynomials in M jt_l% and Kj;—1 (9
instruments) and a univariate polynomial in rj;_; interacted with the dummy for performers
1(Rjt—1 > 0) (3 instruments). This yields a total of 48 instruments and 48 — 40 = 8 degrees
of freedom in industries 1, 2, 3, 6, 7, 9, and 10 (see column (3) of Table 6). In industries 4,
5, and 8, we add a univariate polynomial in In(1 — Srj—1) (3 instruments). We replace the

univariate polynomial in kj; by kj; in industries 4 and 8 and we drop Dj; in industry 5.

35To incorporate skill upgrading, we instead specify Ay (Stjt,05t) = q(In S7j¢,In ©5¢) and A2(Stjt, Ojt) =
q(ln STjt,ln @]’t) in industries 2, 3, and 10 and Al(STjt,@jt) = q(ln(l — STjt),ln C"‘)jt) and )\Q(ST‘jt,@jt) =
g(In(1 — S7j¢),InO;;) in the remaining industries, where the function ¢(-) is modeled as described above
. . 2 3
except that we suppress terms involving (In©;:)° and (In©;:)”.
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Estimation. From the GMM problem in equation (17) with weighting matrix W, =
-1 ~
[% > AL (zj)ALj(zj)’} we first obtain a consistent estimate 6, of 6. This first step is
the NL2SLS estimator of Amemiya (1974). In the second step, we compute the optimal esti-
o~ ~ ~ ~1
mate with weighting matrix Wy = [% Ej ALj(Zj)VLj(QL)l/Lj(QL) ALj (Zj)/} . Throughout

the paper, we report standard errors that are robust to heteroskedasticity and autocorrela-
tion.

Implementation. Gauss code for our estimator is available from the authors upon request
along with instructions for obtaining the data. To the reduce the number of parameters to
search over in the GMM problem in equation (17), we “concentrate out” the parameters
that enter it linearly (Wooldridge 2010, p. 435). To guard against local minima, we have
extensively searched over the remaining parameters, often using preliminary estimates to
narrow down the range of these parameters.

Testing. The value of the GMM objective function for the optimal estimator, multiplied
by N, has a limiting y? distribution with @ — P degrees of freedom, where @ is the number
of instruments and P the number of parameters to be estimated. We use it as a test for
overidentifying restrictions or validity of the moment conditions.

Appendix C Output effect

Direct calculation starting from equation (1) yields the elasticity of output with respect to
a firm’s effective labor force:

0Yj exp (Wth)L§t
0 eXP(Wth)L;t Yg

1—0o

€Ljt =

v (eXP(Wth)L;‘t) 0

1-o _1l-0o _1-0c"

BrK; © + (exp(ijt)L;t) " 4+ Bu (M]*t) ’

Using equation (10) to substitute for wrj; and simplifying we obtain
1-Snje
Vsi.)\l(STjt)
€ELjt = M 1o : (23)

B [ Ka )T L 1Sy g
B (thexp("f1(50jt))> + Shrjt )‘I(ST]t)-f—l

Recall from equation (7) that A (Stj:) = 1+ﬁ
1 Wpjt 1=S1j¢
wage of permanent workers Wp;; and the shadow wage. To facilitate evaluating equation
(23), we abstract from adjustment costs and set A\;(S7j) = 1.

Direct calculation starting from equation (21) also yields the elasticity of output with

, where Aj; is the gap between the
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respect to a firm’s effective capital stock:

o Y exp(wrjt) Kji
Kjt 8eXp(O.)Kjt)Kjt l/jt
B v (exp(wrje) Kjt) 7
= 1—0 1—0o
1o - e
(exp(wi;t) Kje) ™ = + (GXP(ijt)L}k't) +Bu (th)

14
? ( )
Pprie M 1—Sari
1 + lej'zK;tt ( Skgijt)\l(s/{jt) - 1)

where we use equations (10) and (22) to substitute for wy;; and wg j¢, respectively. As with
equation (23), we set A\1(Stj;) = 1 to evaluate equation (24).

Appendix D Wage regression

As column (1) of Table A2 shows, the coefficient of variation for the (level of the) wage Wj;
ranges from 0.35 to 0.50 across industries.3® The variance decomposition in columns (2)-(4)
shows that around one quarter of the overall variation is within firms across periods. The
larger part of this variation is across firms.

To explore the source of this variation, we regress the (log of the) wage w;; on the skill
mix of a firm’s labor force as given by the share of temporary (as opposed to permanent)
labor, the share of white (as opposed to blue) collar workers, and the shares of engineers
and technicians (as opposed to unskilled workers), time dummies, region dummies, product
submarket dummies, the demand shifter, and an array of other firm characteristics, namely
dummies for technological sophistication and identification of ownership and control as well
as univariate polynomials of degree 3 in age and firm size.

To motivate this regression, assume that there are @) types of labor with wages W1,
Wajt, ..., Wgj: and write the wage as

W,
Wi = Z WajtSqjt = Wige | 1+ Z (Wjjz o 1) Sgjt | »
q=1 J

where Sy;; is the share of labor of type ¢ and Zqul Sqjt = 1. Because

Wyt ~ Wit + Z <q]t - 1) quta

the coefficient on Sgj; in the wage regression is an estimate of the wage premium <%—iji — 1)
of labor of type ¢ over type 1. Because we do not have the joint distribution of skills
(e.g., temporary white collar technician) in our data, we approximate it by the marginal
distributions (e.g., share of temporary labor) and ignore higher-order terms. As columns
(5)—(8) of Table A2 show, the estimated coefficients on the skill mix of a firm’s labor force
are often significant, have the expected signs, and are quite similar across industries. On

average across industries, temporary workers earn 36% less than permanent workers, white

36The coefficient of variation for the price of materials ranges from 0.12 to 0.19 across industries.

36



collar workers earn 26% more than blue collar workers, engineers earn 85% more than
unskilled workers, and technicians earn 23% more than unskilled workers.

The wage regression also shows that some, but by no means all variation in the wage is
due to worker quality. To isolate the part of the wage that depends on the skill mix of a firm’s
labor force, we decompose the predicted wage @wj; into a prediction wg;; based on the skill

mix and a prediction W¢j; based on the remaining variables. wgj; and Wgj; are positively
_ Var(wj)
= Var(wjy)
regression explains between 63% and 76% of the variation in the wage, with an average of
70%. The skill mix by itself explains between 2% and 20% of the variation in the wage,
Var(wg;t)
Var(wje)
variables explain between 36% and 64% of the variation in the wage, with an average of

correlated. According to R? in column (9), depending on the industry, the wage

with an average of 10% (see R% = in column (10)). In contrast, the remaining

48% (see RZ, = % in column (11)). The larger part of the variation in the wage

therefore appears to be due to temporal and geographic differences in the supply of labor,
the fact that firms operate in different product submarkets, and other firm characteristics.

In developing the quality index ©;;, we assume that there are ) types of permanent
labor. We approximate the wage premium <%ﬁ: -
type 1 by the estimated coefficient on Sg;; in the wage regression and the share Spy;; =

Lpgjt _ Lpgjt |/ Lpjt Sqjt
Lo T L. of permanent labor of type ¢ by 1= S

1) of permanent labor of type ¢ over
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