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Abstract

We develop a model of endogenous productivity change that accounts for investment
in knowledge. Our dynamic investment model extends the tradition of the knowledge
capital model of Griliches (1979) that has remained a cornerstone of the productivity
literature for more than 25 years. We relax the assumptions on the R&D process and
examine the impact of the investment in knowledge on the productivity of firms. We
also derive an estimator for production functions in this setting.

We illustrate our approach on an unbalanced panel of more than 1800 Spanish man-
ufacturing firms in nine industries during the 1990s. Our findings indicate that the link
between R&D and productivity is subject to a high degree of uncertainty, nonlinear-
ity, and heterogeneity across firms. By accounting for uncertainty and nonlinearity, we
extend the knowledge capital model. Capturing heterogeneity gives us the ability to
assess the role of R&D in determining the differences in productivity across firms and

the evolution of firm-level productivity over time.

1 Introduction

Firms invest in R&D and related activities to develop and introduce process and product
innovations. By enhancing productivity these investments in knowledge create long-lived

assets for firms, similar to their investments in physical capital. Our goal in this paper is to
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assess the role of R&D in determining the differences in productivity across firms and the
evolution of firm-level productivity over time.

To achieve this goal, we develop a model of endogenous productivity change that ac-
counts for investment in knowledge. We also derive an estimator for production functions
in this setting. With these tools in hand we study the relationship between R&D and
productivity in Spanish manufacturing firms during the 1990s. We particularly pay atten-
tion to the uncertainties and nonlinearities in the R&D process and their implications for
heterogeneity across firms.

Our starting point is a dynamic model of a firm that invests in R&D in order to improve
its productivity over time in addition to carrying out a series of investments in physical cap-
ital. Both investment decisions depend on the current productivity and capital stock of the
firm as do the subsequent decisions on static inputs such as labor and materials. Produc-
tivity follows a Markov process that can be shifted by R&D expenditures. The evolution of
productivity is thus subject to random shocks. These innovations to productivity capture
the factors that have a persistent influence on productivity such as absorption of techniques,
modification of processes, and gains and losses due to changes in labor composition and man-
agement abilities. For firms that engage in R&D, the productivity innovations additionally
capture the uncertainties inherent in the R&D process such as chance in discovery, degree
of applicability, and success in implementation.

It has, of course, long been recognized that the productivity process is endogenous.
Griliches (1979) proposed to augment the production function with the stock of knowledge as
proxied for by a firm’s past R&D expenditures. This knowledge capital model has remained
a cornerstone of the productivity literature for more than 25 years and has been applied in
hundreds of studies on firm-level productivity and also extended to macroeconomic growth
models. While useful as a practical tool, the knowledge capital model has a long list of known
drawbacks (see Griliches 2000). The basic model assumes linear and certain accumulation
of knowledge from period to period in proportion to R&D expenditures as well as linear
and certain depreciation.’

Our dynamic investment model can be viewed as a generalization of the knowledge cap-
ital model in its basic—albeit most widely used—form or as a practical alternative to more
general forms of the knowledge capital model. In particular, we recognize that the outcome
of the R&D process is likely to be subject to a high degree of uncertainty. Once discovered
an idea has to be developed and applied, and there are the technical and commercial uncer-

tainties linked to its practical implementation. We further recognize that current and past

!There have been few attempts to relax these assumptions. Pakes & Schankerman (1984a) model the
creation of knowledge by specifying a production function in terms of R&D capital and R&D labor. Pakes
& Schankerman (1984b) and Nadiri & Prucha (1996) attempt to estimate the pattern of depreciation over
time. Hall & Hayashi (1989) and Klette (1996) allow for nonlinearity in knowledge accumulation but retain
stringent functional form assumptions. Hall & Hayashi (1989) also allow for uncertainty. Finally, Jaffe
(1986) initiates ways of accounting for the appropriability of the external flows of knowledge or spillovers
(for a recent example see Griffith, Harrison & Van Reenen 2006).



investments in knowledge are likely to interact with each other in many ways. Since there
is little reason to believe that features such as complementarities in the accumulation of
knowledge and economies of scale can be adequately captured by simple functional forms,
we model the interactions between current and past investments in knowledge in a flexi-
ble fashion. Finally, we relax the assumption that the obsolescence of previously acquired
knowledge can be described by a constant rate of depreciation. This allows us to more
closely assess the impact of the investment in knowledge on the productivity of firms.

To retrieve productivity at the level of the firm, we have to estimate the parameters of
the production function. A major obstacle is that the decisions that a firm makes depend on
its productivity. Because the productivity of the firm is unobserved by the econometrician,
this gives rise to an endogeneity problem (Marschak & Andrews 1944). Intuitively, if a firm
adjusts to a change in its productivity by expanding or contracting its production depending
on whether the change is favorable or not, then unobserved productivity and input usage
are correlated and biased estimates result.?

Recent advances in the structural estimation of production functions, starting with the
dynamic investment model of Olley & Pakes (1996) (OP), tackle this issue. The insight of
OP is that if (observed) investment is a monotone function of (unobserved) productivity,
then this function can be inverted to back out—and thus control for—productivity. In
addition to OP, this line of research includes contributions by Levinsohn & Petrin (2003)
(LP) and Ackerberg, Caves & Frazer (2006) (ACF) as well as a long list of applications.

Common to OP, LP, and ACF is the assumption that any changes in its productivity
are exogenous to the firm. But if productivity evolves independently of R&D, then a firm
has no incentive to invest in R&D in the first place. This makes it difficult to study the link
between R&D and productivity. Indeed, the available estimators have mostly been applied
to analyze changes in productivity in response to exogenous shocks such as deregulation
(e.g., OP) or trade liberalization (e.g., Pavenik 2002, Topalova 2004).

Incorporating R&D expenditures into the dynamic investment model of OP in order to
endogenize the productivity process is difficult because it requires severely restricting how
R&D can impact productivity in order to guarantee that investment in physical capital can
be inverted to back out productivity (Buettner (2005), see Section 3 for details). Instead
of relying on the firm’s dynamic programming problem, we use the fact that static inputs
are decided on with current productivity known and therefore contain information about
it. As first shown by LP the resulting input demands are invertible functions of unobserved
productivity. This enables us to control for productivity and obtain consistent estimates of
the parameters of the production function. We build on the previous literature by recogniz-
ing that, given a parametric specification of the production function, the functional form of

these inverse input demand functions is known. Because we fully exploit the structural as-

2See Criliches & Mairesse (1998) and Ackerberg, Benkard, Berry & Pakes (2007) for reviews of this and
other problems that arise in the estimation of production functions.



sumptions, we do not have to rely on nonparametric methods to estimate the inverse input
demand function. This yields a particularly simple estimator for production functions.

We apply our estimator to an unbalanced panel of more than 1800 Spanish manufactur-
ing firms in nine industries during the 1990s. This broad coverage of industries is unusual,
and it allows us to examine the link between R&D and productivity in a variety of settings
that potentially differ in the importance of R&D.

The data refute the assumptions at the heart of the knowledge capital model. To
begin with, the impact of current R&D on future productivity depends crucially on current
productivity, and there is evidence of complementarities as well as increasing returns to
R&D. This casts doubt on the linearity assumption in the accumulation and depreciation
of knowledge. Furthermore, the R&D process must be treated as inherently uncertain.
We estimate that, depending on the industry, between 20% and 60% of the variance in
actual productivity is explained by productivity innovations that cannot be predicted when
decisions on R&D expenditures are made. Our estimates imply that the return to R&D
is often twice that of the return to investment in physical capital. This suggests that the
uncertainties inherent in the R&D process are economically significant and matter for firms’
investment decisions.

Capturing the uncertainties in the R&D process also paves the way for heterogeneity
across firms. Whereas firms with the same time path of R&D expenditures have necessarily
the same productivity in the knowledge capital model, in our setting this is no longer the
case because we allow the shocks to productivity to accumulate over time. This gives us
the ability to assess the role of R&D in determining the differences in productivity across
firms and the evolution of firm-level productivity over time.

Despite the uncertainties in the R&D process, the expected productivity of firms that
perform R&D is systematically more favorable in the sense that their distribution of ex-
pected productivity tends to stochastically dominate the distribution of firms that do not
perform R&D. Assuming that the productivity process is exogenous takes a sort of average
over firms with distinct innovative activities and hence blurs remarkable differences in the
impact of the investment in knowledge on the productivity of firms. In addition, we esti-
mate that the contribution of firms that perform R&D explains between 65% and 85% of
productivity growth in the industries with intermediate or high innovative activity. R&D
expenditures are thus a primary source of productivity growth.

Our analysis further implies that productivity is considerably more fluid than what
the knowledge capital literature suggests. Our model allows us to recover the entire dis-
tribution of the elasticity of output with respect to R&D expenditures—a measure of the
return to R&D—as well as that of the elasticity of output with respect to already attained
productivity—a measure of the degree of persistence in the productivity process. On aver-
age we obtain higher elasticities with respect to R&D expenditures than in the knowledge

capital model and lower elasticities with respect to already attained productivity. Hidden



behind these averages, however, is a substantial amount of heterogeneity across firms.

Overall, the link between R&D and productivity is subject to a high degree of un-
certainty, nonlinearity, and heterogeneity across firms. Abstracting from uncertainty and
nonlinearity, as is done in the knowledge capital model, or assuming an exogenous pro-
cess for productivity, as is done in the literature following OP, overlooks some of its most
interesting features.

R&D plays a key role in the debate about growth in Spain. A recent OECD study voiced
concern that boosting R&D and innovation is a challenge for Spain given its industrial
structure with few high-tech industries and mostly small and medium-sized firms (OECD
2007) and in 2005 the Spanish government launched the Ingenio 2010 initiative that is
targeted at funding large-sized, high-risk research projects. Our findings have implications
for industry dynamics and R&D policy that directly speak to these issues. While a fuller
exploration is left to future research, we note here some tentative conclusions. First, our
results imply that the scope for industrial change in Spain is limited. This is because firms
are repeatedly subjected to shocks that make it hard for them to “break away” from their
rivals and remain at or near the top of the productivity distribution. Second, because it
captures the heterogeneity across firms, our model can be used to determine the allocation
of subsidies, a major issue in R&D policy. Our results indicate a systematic relationship
between firm size and the return to R&D, thereby suggesting that, if the goal is to maximize
returns, then larger firms should be subsidized more extensively than smaller firms. At the
same time, our results attest to the high degree of uncertainty in the link between R&D
and productivity. But if uncertainty inhibits firms’ investments in R&D, then a case can
be made for R&D policy to be redirected from subsidizing the cost of R&D to providing

insurance against particularly unfavorable outcomes.

2 A model for investment in knowledge

A firm carries out two types of investments, one in physical capital and another in knowledge
through R&D expenditures. The investment decisions are made in a discrete time setting
with the goal of maximizing the expected net present value of future cash flows. The firm

has the Cobb-Douglas production function
Yjt = Bo + Biljt + Brkje + wjt + €, (1)

where y;; is the log of output of firm j in period ¢, l;; the log of labor, and kj; the log of
capital. We follow the convention that lower case letters denote logs and upper case letters
levels and focus on a value-added specification to simplify the exposition. Capital is the only
dynamic input among the conventional factors of production, and accumulates according
to Kj; = (1 —0)Kji—1 + Ijz—1. This law of motion implies that investment I;;_; chosen in

period ¢ — 1 becomes productive in period t. The productivity of firm j in period ¢ is wj;.



We follow OP and often refer to wj;; as “unobserved productivity” since it is unobserved
from the point of view of the econometrician (but known to the firm). Productivity is
presumably highly correlated over time and perhaps also across firms. In contrast, ej; is
a mean zero random shock that is uncorrelated over time and across firms. The firm does
not know the value of e;; at the time it makes its decisions for period t.

OP, LP, and ACF assume that productivity follows an exogenous first-order Markov
process with transition probabilities P(wjt]wjt_l). Since our goal is to assess the role of
R&D in determining the differences in productivity across firms and the evolution of firm-
level productivity over time, we have to endogenize the productivity process. To this end,
we assume that productivity is governed by a controlled first-order Markov process with
transition probabilities P(w;¢|wji—1,7ji—1), where 7,1 is the log of R&D expenditures. The
Bellman equation for the firm’s dynamic programming problem is

. 1 .
V(kjt, wje) = max m(kje, wje) — cilije) — () + 1.7 [V (Kjts1, wier 1)l kje wie, it 5]
Bj¢,7 it P
where 7(-) denotes per-period profits and p is the discount rate. In the simplest case the cost
functions ¢;(+) and ¢, (-) just transform logs into levels, but their exact forms are irrelevant
for our purposes. The dynamic programming problem gives rise to two policy functions,
i(kjt,w;t) and 7(kj¢,w;je) for the investments in physical capital and knowledge, respectively.
The firm anticipates the effect of R&D on productivity in period ¢ when making the

decision about investment in knowledge in period ¢ — 1. The Markovian assumption implies
wit = E (wjtlwjt—1,7ji—1) + &t = g(wjt—1,7je—1) + Eje-

That is, actual productivity wj; in period t can be decomposed into expected productivity
g(wjt—1,7jt—1) and a random shock &;;. While the conditional expectation function g(-)
depends on R&D expenditures, £;; does not: by construction £;; is mean independent (al-
though not necessarily fully independent) of r;;—1. This productivity innovation represents
the uncertainties that are naturally linked to productivity plus the uncertainties inherent
in the R&D process (e.g., chance in discovery, degree of applicability, success in implemen-
tation). It is important to stress the timing of decisions in this context: When the decision
about investment in knowledge is made in period ¢ — 1, the firm is only able to anticipate
the expected effect of R&D on productivity in period ¢ as given by g(wj;—1,7ji—1) while its
actual effect also depends on the realization of the productivity innovation &;; that occurs
after the investment has been completely carried out. Of course, the conditional expecta-
tion function g(-) is unobserved from the point of view of the econometrician (but known

to the firm) and must be estimated nonparametrically.



3 Empirical strategy

Our model relaxes the assumption of an exogenous Markov process for productivity in OP
and the subsequent literature. As emphasized by Ackerberg et al. (2007), endogenizing this
process is problematic for the standard estimation procedures. First, it tends to invalidate
the usual instrumental variables approaches. Given an exogenous Markov process, input
prices are natural instruments for input quantities. This is, however, no longer the case if
the transitions from current to future productivity are affected by the choice of an additional
unobserved “input” such as R&D because all quantities depend on all prices. Second, in
the absence of data on R&D, a critical determinant of the probability distribution of wj;
given wj;—1 is missing. Because both R&D and productivity are unobservable, the scalar
unobservable assumption in OP is violated. This means that recovering wj; from kjz, ij¢,
and their lags, the key step in OP, may be difficult.

Buettner (2005) extends the OP approach by studying a model similar to ours while
assuming transition probabilities for unobserved productivity of the form P(wj:|1¢), where
Py = w(wjt_l, rﬁ_l) is an index that orders the probability distributions for wj;. The restric-
tion to an index excludes the possibility that current productivity and R&D expenditures
affect future productivity in qualitatively different ways. Under certain assumptions it en-
sures that the policy function for investment in physical capital is still invertible and that
unobserved productivity can hence still be written as an unknown function of the capital
stock and the investment as wj; = h(kj;,ij). Buettner (2005) notes, however, that there
are problems with identification even when data on R&D is available.

Our estimator builds on the insight of LP that the demand for static inputs such as labor
and materials can be used to recover unobserved productivity. These static inputs are chosen
with current productivity known, and therefore contain information about it. Importantly,
the demand for static inputs is the solution to the firm’s short-run profit maximization
problem. We are thus able to back out productivity without making assumptions on the
firm’s dynamic programming problem. This has the advantage that our approach does
not rely on an index and frees up the relationship between current productivity, R&D
expenditures, and future productivity.

Our estimator differs from LP by recognizing that, given a parametric specification of
the production function, the functional form of the inverse input demand functions is known.
In particular, given the Cobb-Douglas production function in equation (1), the assumption

that labor is a static input implies that the demand for labor is

1
hh=1"5 (Bo + In By + pu + Brkje + wje — (wje — pje)) (2)

where 1 = In F [exp(ej;)] and (wj; — pje) is the real wage. Solving for wj; we obtain the



inverse labor demand function
h(lj kjewie — pje) = Ao+ (1 — Bi)lje — Brkjs + (wje — pjt),

where \g = —fy — In3; — p combines the constant terms. From hereon we call h(-) the
inverse labor demand function and use hj; as shorthand for its value h(lj kji,wjr — pjt).
Substituting the inverse labor demand function h(-) for wj; in the production function
leaves us with the marginal productivity condition for profit maximization In 5+ (y;¢ — 1) =
wjs — pjt + €5 and cancels out parameters of interest. Observing this, ACF submit that the
“parametric approach does not work” (p. 16). However, using h(-) to substitute for wj;—1

in the controlled Markov process, we have
yit = Bo + Biljt + Brkje + g(h(lje—1, kje—1, wjt—1 — pje—1), mje—1) + &t + €j¢. (3)

Both kj;, whose value is determined in period ¢ — 1 by ¢y, and 7;;—1 are uncorrelated
with &;; by virtue of our timing assumptions. Only [;; is correlated with & (since &j; is
part of wj; and [j; is a function of w;;). Nonlinear functions of the other variables can be
used as instruments for /j;, as can be lagged values of [;; and the other variables. If firms
can be assumed to be perfectly competitive, then the current real wage is exogenous and
constitutes the most adequate instrument (since demand for labor depends directly on it).?

Below we discuss how imperfect competition can be taken into account and the likelihood
of sample selection. Then we turn to identification and estimation. Finally, we discuss the

advantages and disadvantages of our parametric inversion.

Imperfect competition. Following OP, LP, and ACF we have so far assumed a perfectly
competitive environment. But when firms have some market power, say because products
are differentiated, then output demand enters the specification of the inverse input demand
functions (see, e.g., Jaumandreu & Mairesse 2005). Consider firms facing a downward
sloping demand function that depends on the price of the output Pj; and the demand
shifters Z;;. Profit maximization requires that firms set the price that equates marginal
cost to marginal revenue Pj; (1 — m>, where 7)(+) is the absolute value of the elasticity
of demand. With firms minimizing costs, marginal cost and conditional labor demand can

be determined from the cost function and combined with marginal revenue to give the

30ur model nests the dynamic panel model proposed by Blundell & Bond (2000). Restrict the produc-
tivity process to be exogenous and autoregressive so that we have g(wji—1) = pw;:—1. Using the marginal
productivity condition for profit maximization to substitute py;ji—1 for p(—In B+ (wjt—1 —pjt—1) +1ljt—1), we
are in the Blundell & Bond (2000) specification. Hence, the differences between their and our approach lie
in the generality of the productivity process and the strategy of estimation. In the tradition of OP, LP, and
ACF we replace unobserved productivity in terms of observed variables and an unpredictable component,
whereas they model the same term through the use of lags of the dependent variable.



inverse labor demand function

1
W' e, kji, wit — pies Dt 2it) = Ao + (1= B)lje — Brkje + (wje — pje) —In (1 - ) :
n(pit» Zjt)
RIC(-) replaces h(:) in the estimation equation (3). As both pj; and zj; enter the equations
lagged they are expected to be uncorrelated with the productivity innovation 5jt-4 Of course,
the current real wage can no longer be considered exogenous in an imperfectly competitive

setting.

Sample selection. A potential problem in the estimation of production functions is sam-
ple selection. A firm’s optimal exit decision compares the sell-off value of the firm to its
expected profitability in the future. If a sufficiently adverse shock to productivity is followed
immediately by exit, then there is a negative correlation between the shocks and the capital
stocks of the firms that remain in the industry, and biased estimates result.

Accounting for R&D expenditures in the Markov process tends to alleviate the selection
problem. Innovative activities often imply large sunk cost that make a firm more reluctant to
exit the industry or at least to exit it immediately. Moreover, the firm now has an instrument
to try to rectify an adverse shock. Given that the institutional setting in Spain renders it
further unlikely that a firm is able to exit the industry immediately after receiving an adverse
shock to productivity (see, e.g., Djankov, La Porta, Lopez-de Silanes & Shleifer 2002), we
follow LP and ACF and do not correct for sample selection, although this could be done by
modeling exit decisions along the lines of OP. At this stage we simply explore whether there

is a link between exit decision and estimated productivity (see Section 5.1 for details).

3.1 Identification

We show that our estimation equation (3) identifies the parameters of the production func-
tion and the Markov process that governs the evolution of productivity. We first study a
setting with an exogenous Markov process as familiar from OP, LP, and ACF. We then turn

to the controlled Markov process that accounts for the impact of R&D on productivity.

Exogenous Markov process. With an exogenous Markov process the estimation equa-
tion is similar to equation (3) except that the conditional expectation function g(-) does not
depend on r;;—1. This equation is a semiparametric, so-called partially-linear, model with
the additional restriction that the inverse labor demand function h(-) is of known form.
To see how the known form of h(-) aids identification, suppose to the contrary that h(-)
is of unknown form. In this case, the composition of h(:) and g(-) is another function of

unknown form. The fundamental condition for identification is that the variables in the

4Note that this setting yields an estimate of the average elasticity of demand. This is possible for the
same reason that correcting the Solow residual for imperfect competition allows for estimating margins and
elasticities (see, e.g., Hall 1990).



parametric part of the model are not perfectly predictable (in the least squares sense) by
the variables in the nonparametric part (Robinson 1988). In other words, there cannot be
a functional relationship between the variables in the parametric and nonparametric parts
(see Newey, Powell & Vella 1999).

The fundamental identification condition is violated if h(-) is of unknown form because
k;i is perfectly predictable from the variables in the nonparametric part. Hence, there is
a collinearity problem similar to the one that ACF ascertain for the estimator in LP. To
see this, recall that Kj; = (1 — 0)Kj—1 + exp(i(kji—1,wji—1)) by the law of motion and the
policy function for investment in physical capital. But kj;—1 is one of the arguments of h(-)
and wj;—1 is by construction a function of all arguments of h(-); thus, kj; can be inferred
from kji—1 and i(kji—1,wje—1).

Our approach differs from LP in that it exploits the known form of the inverse labor
demand function h(-). In this case, the central question becomes whether kj; is perfectly
predictable from hj;—1, the value of h(-), as opposed to the arguments of h(-). This is not the
case: While hj;_q is identical to wj;—1, we cannot infer kj;_1 from hj;—1. Since there is no
functional relationship between kj;; in the parametric part and hj;—1 in the nonparametric
part, the model is identified. Note that firm-level wages and prices do not contribute to
identification.

In sum, by using a parametric rather than nonparametric inversion we avoid a collinear-
ity problem similar to the one in LP. If the productivity process can indeed be taken as
exogenous, then our estimator offers an alternative to the estimator proposed by ACF. We

further discuss the advantages and disadvantages of our estimator in Section 3.3.

Controlled Markov process. With a controlled Markov process the conditional expec-
tation function g(-) in our estimation equation (3) depends on rj—; in addition to wj—;.
Because h(-) is of known form, we have to ask if k;; in the parametric part can be inferred
from hj;—1 and 7j;_1 in the nonparametric part. This may indeed be possible. Recall that
rjt—1 = r(kji—1,wji—1) by the policy function for investment in knowledge. Hence, if its
R&D expenditures happen to be increasing in the capital stock of the firm, then r(-) can be
inverted to back out kj;—q. In this case, kj; can be inferred from kj;—; and i(kji—1,wji—1),
and the model is not identified.

Fortunately, there is little reason to believe that this is the case. In fact, even under
the fairly stringent assumptions in Buettner (2005), it is not clear that r(-) is invertible.
Moreover, there is empirical evidence that invertibility may fail even for investment in
physical capital (Greenstreet 2005) and it seems clear that R&D expenditures are even
more fickle.

Even if r(-) happens to be an invertible function of k;;—1, anything that shifts the costs of
the investments in physical capital and knowledge over time guarantees identification. For

example, investment opportunities and the price of equipment goods are likely to vary and

10



the marginal cost of investment in knowledge depends greatly on the nature of the under-
taken project. Using xj; to denote these shifters, the policy functions become i(kjs, wjs, t)
and r(kj, wje, xj¢). Obviously, zj; cannot be perfectly predicted from hj,—1 and rj;—q. This
breaks the functional relationship between Kj; = (1—0)Kji—1+exp(i(kji—1,wji—1, ;) and

hji—1 and rjt_1.5 Note that the model is identified even if x;; is unobserved.

3.2 Estimation

The estimation problem can be cast in the nonlinear GMM framework
E [2,(&t + ejt)] = B [£v;(0)] =0,

where zj; is a vector of instruments and we write the error term v;;(-) as a function of the

parameters 6 to be estimated. The objective function is

/

1 1
min |+ Z zivi(0)| An N Z ziwi(0) |,
J J

where z; and vj(-) are L x Tj and Tj x 1 vectors, respectively, with L being the num-

ber of instruments, 7 being the number of observations of firm j, and N the number

-1
of firms. We first use the weighting matrix Ay = (% Zj z}zj) to obtain a consis-

tent estimator of 6 and then we compute the optimal estimator with weighting matrix
1 j N

Ay = (%3 24u0)v;(0) =)

Production function and Markov process. While we have so far assumed a value-

added production function in order to simplify the exposition, from hereon we assume a

gross-output production function. We further assume imperfect competition. Our prelimi-

nary estimates indicate that in some industries it is useful to add a time trend or dummies

to the production function. In case of a time trend our goal is to estimate

yjt = Bo + Bet + Biljt + Brkje + Brmmje + g(h§1€1 = Ao, mje-1) + &t + €t

where

1
h§tc—)\o = —Bit+(1—=51—Bm) it —Brkjt+(1—Fm) (wjt—pjt ) +Bm (Prrje—pje) —In (1 — W)

and (pasjt — pje) is the real price of materials. The case of dummies is analogous. Note that

the constant of the unknown function g(-) subsumes any constant that its arguments may

SIdentification is also restored if an error term is added to the law of motion for physical capital so that
kj: can no longer be written as a function of hj;—1 and 7j;—1. Accounting for uncertainty in the impact of
investment may be appropriate depending on the construction of the capital stock in the data.

11



have. We allow for a different function when the firm adopts the corner solution of zero R&D
expenditures and when it chooses positive R&D expenditures and specify g(hﬁ’l 1= A0, Tjt—1)

as
1(Rji—1 = 0) (goo + gor(h3_1 — X)) + L(Rje—1 > 0) (910 + gu1 (A1 — Xo,m50-1)) -

Since the constants ggg, g10, and Gy cannot be separately estimated, we jointly estimate

Bo + goo and include a dummy for performers to measure By + g10 — (5o + go0) = g10 — G0o-

Series estimator. We model an unknown function ¢(-) of one variable v by a univariate
polynomial of degree . We model an unknown function ¢(-) of two variables v and u by
a complete set of polynomials of degree @ (see Judd 1998). In the remainder of this paper
we set @ = 3. We specify the absolute value of the elasticity of demand as 1 + exp(qo +

q(pjt—1, zjt—1)) in order to impose the theoretical restriction n(pji—1, zji—1) > 1.

Instrumental variables. Our baseline specification with time trend has 27 parameters:
constant, time trend, three production function coefficients, thirteen coefficients in the series
approximation of g(-) and nine coefficients in the series approximation of 7(-).

As discussed before, kj; is always a valid instrument because it is not correlated with
&j¢ as the latter is unpredictable when #;_1 is chosen.® Labor and materials, however, are
contemporaneously correlated with the innovation to productivity. While the lags of both
these inputs are valid instruments, ;1 is already appearing in h]ItC_ 1- We can still use
mji—1. Constant and time trend are valid instruments. We therefore have four instruments
to estimate the constant and the coefficients for the time trend, capital, labor, and materials.
This leaves us short of at least one more instrument.

Following Wooldridge (2004) we use as additional instruments the complete set of poly-
nomials of degree three in the variables lj;_1, kji—1, wji—1 — pji—1, and parji—1 — pje—1 (34
instruments) as well as the complete set of polynomials in the variables p;;—1 and zj;—1 (9
instruments). We further use the powers up to degree three in the variable 71 (3 instru-
ments) and the interactions up to degree three of it with the above two complete sets of
polynomials (12 4+ 6 = 18 instruments). We finally use a dummy for the firms that perform
R&D. This gives a total of 69 instruments.

When we have enough degrees of freedom we interact the complete set of polynomials
in the variables lj;—1, kjt—1, wji—1 — pji—1, and parji—1 — pjr—1 as well as the complete
set of polynomials in the variables p;;—; and z;;—1 with dummies for nonperformers and
performers for a total of 69 + 34 + 9 = 112 instruments.

Given these instruments, our estimator is the GMM version of Ai & Chen’s (2003)

5We follow Ackerberg et al. (2007) and assume that the investment decided in period ¢ — 1 coincides with
the investment observed in period ¢t. Experimentation with the lagged value of this flow gave very similar
results.
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sieve minimum distance estimator, a nonparametric least squares technique (see Newey &
Powell 2003). Hence, even if the variables in the conditional expectation function g(-) are
correlated with the error term of the estimation equation, we can still obtain consistent

estimates by restricting the instruments to the exogenous conditioning variables.

Productivity estimates. Once the model is estimated we can recover actual productivity
wjt = hjltc and expected productivity ¢g(-) up to a constant. We estimate the productivity
innovation &;; up to a constant as the difference between wj; and g(-). We can also estimate
the random shocks ej;. In the remainder of this paper we let W;; = letc , 9(+), Ejt, and e}y

denote these estimates.

3.3 Parametric vs. nonparametric inversion

OP, LP, and ACF use nonparametric methods to recover unobserved productivity. This
forces them either to rely on a two-stage procedure or to jointly estimate a system of
equations as suggested by Wooldridge (2004). The drawback of the two-stage approach is a
loss of efficiency and the additional effort required to compute standard errors. In contrast,
the joint estimation of a system of equations is numerically more demanding (as it requires
a nonlinear optimization over a larger set of parameters).”

We differ from the previous literature in that we recognize that the parametric spec-
ification of the production function in combination with the assumption that labor is a
static input implies a known form for the inverse labor demand function A(-) that can be
used to control for unobserved productivity. Making full use of the structural assumptions
aids identification (Section 3.1). Moreover, we have but a single equation to estimate, and
only the conditional expectation function g(-) is unknown and must be estimated nonpara-
metrically (Section 3.2). The former eases the computational burden and the latter yields
efficiency gains. These efficiency gains may be especially important in cases where one has
a limited amount of data or the inverse labor demand function h(-) has a large number of
arguments.

A seeming drawback of our parametric approach is that it requires firm-level wage and
price data.® However, the same is true for a nonparametric approach: The demand for labor
is a function of the real wage whether one inverts it parametrically or nonparametrically;
by spelling out the demand for labor in equation (2) our parametric approach just makes
the role of the real wage explicit.

In the absence of firm-level wage and price data, one may be able to assume that the

industry is perfectly competitive and replace the real wage by a set of dummies (as in LP

"See Ackerberg et al. (2007) for a discussion of the relative merits of the two approaches.

8In our data wages and prices vary both across firms and across periods. This variation is partly due
to geographic and temporal differences in the supply of labor and the fact that firms operate in different
product submarkets. But even absent exogenous variation our model of imperfect competition implies that
the real wage varies with a firm’s position in the product market.

13



and ACF) or aggregate wage and price indices. But in this case one may have to confront an
issue raised by Bond & Soderbom (2005). They argue that, absent any variation in prices,
it may be hard to estimate the coefficients on static inputs in a Cobb-Douglas production
function.

At a very general level there is a tradeoff between the additional efficiency of a parametric
approach and the additional robustness of a nonparametric approach along the lines of OP,
LP, and ACF. Our parametric approach rests on the assumption that the demand for labor
is the solution to the firm’s short-run profit maximization problem. By fully exploiting this
assumption we are able to devise a particularly simple estimator for production functions.
However, this assumption may or may not be valid in a given application, and in Section
5.1 we provide a formal statistical test for it. The advantage of a nonparametric approach is
that it can accommodate situations where this assumption is violated and the labor decision
has dynamic consequences. The disadvantage is that it also relies on specific assumptions
that may or may not be valid in a given application. The estimator proposed by ACF,
in particular, assumes that labor is chosen after capital but before materials are chosen,
that productivity evolves in the interim, and that none of the inputs that appear in the
production function are chosen in accordance with the firm’s short-run profit maximization
problem. The parametric and nonparametric “fixes” to the collinearity problem in LP are

therefore very much complementary.

4 Data

Our data come from the Encuesta Sobre Estrategias Empresariales (ESEE) survey, a firm-
level survey of Spanish manufacturing sponsored by the Ministry of Industry. The unit
surveyed is the firm, not the plant or the establishment. At the beginning of this 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, and 70% of all firms
of this size chose to respond. Some firms vanish from the sample, due to both exit (shutdown
by death or abandonment of activity) and attrition. The two reasons can be distinguished,
and attrition remained within acceptable limits. To preserve representativeness, samples of
newly created firms were added to the initial sample every year. Details on industry and
variable definitions can be found in Appendix A.

Given that our estimation procedure requires a lag of one year, we restrict the sample
to firms with at least two years of data. The resulting sample covers a total of 1879 firms.
Columns (1) and (2) of Table 1 show the number of observations and firms by industry.
The samples are of moderate size. Columns (3) and (4) show entry and exit. Newly created
firms are a large share of the total number of firms, ranging from 15% to one third in the
different industries. In each industry there is a significant proportion of exiting firms (from

5% to above 10% in a few cases). Firms tend to remain in the sample for short periods,

14



ranging from a minimum of two years to a maximum of 10 years between 1990 and 1999.

The 1990s were a period of rapid output growth, coupled with stagnant or at best
slightly increasing employment and intense investment in physical capital, as can be seen
from columns (5)—(8) of Table 1. The growth of prices, averaged from the growth of prices
as reported individually by each firm, is moderate (column (9)).

The R&D intensity of Spanish manufacturing firms is low by FEuropean standards, but
R&D became increasingly important during the 1990s (see, e.g., European Commission
2001).? The manufacturing sector consists partly of transnational companies with produc-
tion facilities in Spain and huge R&D expenditures and partly of small and medium-sized
companies that invested heavily in R&D in a struggle to increase their competitiveness in
a growing and already very open economy.!?>1!

Columns (10)—(13) of Table 1 reveal that the nine industries differ markedly in terms
of firms” R&D activities. Chemical products (3), agricultural and industrial machinery
(4), and transport equipment (6) exhibit high innovative activity. The share of firms that
perform R&D during at least one year in the sample period is about two thirds, with slightly
more than 40% of stable performers that engage in R&D in all years (column (11)) and
slightly more than 20% of occasional performers that engage in R&D in some (but not all)
years (column (12)). The average R&D intensity among performers ranges from 2.2% to
2.7% (column (13)). The standard deviation of R&D intensity is substantial and shows
that firms engage in R&D to various degrees and quite possibly with many different specific
innovative activities. Metals and metal products (1), non-metallic minerals (2), food, drink
and tobacco (7), and textile, leather and shoes (8) are in an intermediate position. The
share of firms that perform R&D is below one half and there are fewer stable than occasional
performers. The average R&D intensity is between 1.1% and 1.5% with a much lower value
of 0.7% in industry 7. Finally, timber and furniture (9) and paper and printing products
(10) exhibit low innovative activity. The share of firms that perform R&D is around one

quarter and the average R&D intensity is 1.4%.

5 Estimation results

We first present our estimates of the production function and the Markov process that

governs the evolution of productivity. We next show that the link between R&D and

9R&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).

10At most a small fraction of the firms that engaged in R&D received subsidies that typically covered
between 20% and 50% of R&D expenditures. The impact of subsidies is mostly limited to the amount that
they add to the project, without crowding out private funds (see Gonzalez, Jaumandreu & Pazo 2005).
This suggests that R&D expenditures irrespective of their origin are the relevant variable for explaining
productivity.

"While some R&D expenditures were tax deductible during the 1990s, the schedule was not overly
generous and most firms simply ignored it. A large reform that introduced some real stimulus took place
towards the end of our sample period in 1999.
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productivity is subject to a high degree of nonlinearity and uncertainty. Then we provide
a more detailed comparison between our model of endogenous productivity change and the
knowledge capital model and show that the data refute the assumptions at the heart of the
knowledge capital model.

Our model is richer than the knowledge capital model, in particular with regard to
the treatment of heterogeneity. In order to assess the role of R&D in determining the
differences in productivity across firms and the evolution of firm-level productivity over
time, we examine five aspects of the link between R&D and productivity in more detail:
productivity levels and growth, the return to R&D, the persistence in productivity, and the

rate of return.

5.1 Production function and Markov process

Table 2 summarizes different production function estimates.'? Columns (1)—(3) report the
coefficients estimated from OLS regressions of the log of output on the logs of inputs. The
coefficients are reasonable and returns to scale, as given by §; + O + B, are close to
constant. The share of capital in value added, as given by 61?’7[,@1@7 is between 0.15 and 0.35
as expected.

Columns (4)—(9) of Table 2 report the coefficients estimated when we use the demand for
labor to back out unobserved productivity. Treating labor as a static input is appropriate
because Spain greatly enhanced the possibilities for hiring and firing temporary workers
during the 1980s. By the beginning of the 1990s the share of temporary workers in the
manufacturing sector had stabilized in excess of a quarter, one of the highest shares in
Europe. Rapid expansion and contraction of the number of temporary workers became
common (Dolado, Garcia-Serrano & Jimeno 2002). In addition, we measure labor as hours
worked (see Appendix A for details). At this margin at least firms enjoy a high degree of
flexibility in determining the demand for labor.!3

Columns (4)—(6) pertain to an exogenous Markov process. Compared to the OLS re-
gressions, the changes go in the direction expected from theory and match the results in
OP and LP. The labor coefficients decrease considerably in 8 industries while the capital
coefficients increase somewhat in 6 industries. The materials coefficients show no particular

pattern.

12The specification of the production function for industries 2, 3, 6, and 10 includes a time trend and
dummies for industries 1, 7, and 8. We use the larger set of instruments for industries 1, 3, 6, 7, and 8. The
demand shifter z;; is an index of market dynamism (see Appendix A for details).

13The results broadly agree when we use the demand for materials to back out unobserved productivity.
One notable difference is that the materials (labor) coefficient in the production function tends to be lower
when we use the demand for materials (labor). The most likely explanation is that the term in the used
input that appears directly in the production function and the terms that appear inside the conditional
expectation function are slightly collinear. This may make it harder to precisely estimate the coefficient
of the used input and suggests combining the inverse input demand functions to estimate the production
function parameters. How to do this in a manner that is consistent with the modeling framework is a topic
for future research.
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Columns (7)—(9) pertain a controlled Markov process. Again, compared to the OLS
regressions, the changes go in the expected direction. The labor coefficients decrease, the
capital coefficients increase in 7 cases and are virtually unchanged in 2 more cases. Spec-
ifying a controlled instead of an exogenous Markov process tends to further decrease the
labor coefficient and increase the capital coefficient. This leaves open the question whether
it is possible to obtain consistent estimates of the parameters of the production function
in the absence of data on R&D, although it is clear that omitting R&D expenditures from
the Markov process substantially distorts the retrieved productivities (see Section 5.4 for
details).

Imperfect competition. We test for perfect competition by removing the function in
the equilibrium price pj; and the demand shifter z;; from h/“(-) in order to obtain h(-).}
The data very clearly reject perfect competition, see columns (1) and (2) of Table 3. Our

estimates of the average elasticity of demand are around 2 (column (3)).

Specification tests. To assess the validity of our estimates we have conducted a series of
tests as reported in columns (4)—(11) of Table 3. We first test for overidentifying restrictions

15 With the exception of industry 1, the validity of

or validity of the moment conditions.
the moment conditions cannot be rejected by a wide margin, see columns (4) and (5).

Lagged labor and lagged materials play a key role in the estimation. To more explicitly
validate them as instruments, we compute the difference in the value of the objective func-
tion when all moments are included to its value when the moments involving either lagged
labor or lagged materials are excluded. As columns (6)—(9) of Table 3 show, the validity
of lagged labor and lagged materials as instruments cannot be rejected. We also test the
subset of moments involving capital and lagged capital. As columns (10) and (11) of Table
3 show, the exogeneity assumption on capital and lagged capital is rejected at the usual
significance levels for industries 1, 2, and 3. When viewed in conjunction with the other
tests, however, we feel that there is little ground for concern regarding the validity of the
moment conditions in these industries.

Taken together, the above tests also support our choice of the functional form for the
production function: Had the assumed linearity in the log of inputs been violated, then
at least part of the nonlinearity would have been pushed into the productivity innovation,

thereby increasing the test statistics.

14We test whether the model satisfies one or more restrictions by using the weighting matrix for the
optimal estimator to compute the restricted estimator. The difference of the GMM objective functions,
scaled by N, has a limiting x? distribution with degrees of freedom equal to the number of restrictions.

15The value of the GMM objective function for the optimal estimator, scaled by N, has a limiting x?2
distribution with L — P degrees of freedom, where L is the number of instruments and P the number of
parameters to be estimated.
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Parametric inversion. Our final test validates directly our parametric inversion. Recall
that the production function parameters appear both in the production function and in
the inverse labor demand function. If the inverse labor demand function were misspecified,
say because the labor decision has dynamic consequences, then this would cause §; and G
in the inverse labor demand function to diverge from their counterparts in the production
function. We therefore test whether the structural parameters in the two parts of the model
are equal. As columns (12) and (13) of Table 3 show there is no evidence that our parametric

inversion is inappropriate, although this is somewhat less clearcut in industries 6 and 7.

Sample selection. To assess the potential for sample selection we explore whether there
is a link between exit decisions and estimated productivity. After controlling for year and
industry effects it appears that the productivity of exitors is lower on average than that of
incumbents one year before exiting in case of small firms and two years before exiting in
case of large firms. Moreover, this drop in productivity is more pronounced for firms that
engage in R&D than for those that do not. We cannot reject the null hypothesis that exitors
are systematically less productive than incumbents in all cases but one, although this may
be due to the small number of exitors in our sample. Taken together, this suggests that
firms tend to exit the industry sometime after receiving an adverse shock to productivity,
thereby decreasing the scope for sample selection.

The productivity of entrants appears to be lower on average than that of incumbents,
similar to earlier results in Baily, Hulten & Campbell (1992) and Huergo & Jaumandreu
(2004). We reject the null hypothesis that entrants are systematically more productive
than incumbents in all cases but one. In addition, there is some evidence that entrants that

engage in R&D are quicker in catching up with incumbents than those that do not.

5.2 Nonlinearity and uncertainty

A key contribution of this paper is to endogenize the productivity process. We assess the role
of R&D by comparing the controlled with the exogenous Markov process. To this end, we
test whether R&D can be excluded from the conditional expectation function for performers
and whether the common part of the conditional expectation functions for performers and
nonperformers are equal, i.e., whether gn(hjl-tcll — Aoy Tje—1) = g()l(hjl»tc_1 — o) for all rj;_;.
As columns (1) and (2) of Table 4 shows, the result is overwhelming: In all cases the
constraints imposed by the model with the exogenous Markov process are clearly rejected.

To get a better sense of the importance of R&D we use a standard growth decomposition.
Roughly two thirds of the growth in output is explained by the growth in inputs, with
the glaring exception of industry 8 where output is growing while inputs are shrinking.
While there are considerable differences across industries, about one half of the year-to-year
variation in expected productivity is due the variation in R&D expenditures. While these

numbers already hint at the major role played by R&D, they have to be interpreted as lower
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bounds because a part of the impact of current R&D expenditures persists and is carried
forward into future productivity. We will come back to the persistence in productivity in
Section 5.6.

Nonlinearity. As a first step in exploring the link between R&D and productivity, we
test whether the conditional expectation function g(-) is separable in current productivity
and R&D expenditures, i.e., whether gu(hjl-tc_1 — Ao, 7je—1) for firms that perform R&D
can be broken up into two additively separable functions gn(hjl-tc_ 1 — o) and gi2(7ji—1).
Columns (3) and (4) of Table 4 indicate that the R&D process can hardly be considered
separable. From the economic point of view this stresses that the impact of current R&D
on future productivity depends crucially on current productivity, and that current and past
investments in knowledge interact in a complex fashion.

We further illustrate the economic significance of these interactions in columns (5)—(8) of
0%g(wjt—1,mj¢—1) _ 1 02g(wjt—1,mjt—1)
Owjt—10R;1—1 Rjt—1 Owjt—107581

is significantly positive (negative) so that current productivity and (the level of) R&D

Table 4. We list the percentage of observations where

expenditures are, at least locally, complements (substitutes) in the accumulation of pro-
ductivity. There is evidence of complementarities in industries 1, 3, 9, and 10 and to

some extent also in industries 4 and 6. We also list the percentage of observations where

EYee yo2i o2, o is significantly positive (negative)

0%g(wjt—1,mj¢—1) _ _1 Pg(wjt—1,rje—1) _ Og(wje—1,mj0—1)
jt—1 jt—1

so that there are locally increasing (decreasing) returns to R&D. There is evidence of in-
creasing returns to R&D in industries 3, 6, 7, 8, 9 and 10 (see also Klette 1996). At the same
time, however, a substantial fraction of firms seems to operate under decreasing returns to
R&D in industries 3, 4, 6, 7, and 9.

Uncertainty. Turning from nonlinearity to uncertainty, column (9) of Table 4 tells us the
ratio of the variance of the random shock ej; to the variance of unobserved productivity wj;.
Despite differences among industries, the variances are quite similar in magnitude. This
suggests that unobserved productivity is at least as important in explaining the data as the
host of other factors that are embedded in the random shock.

Column (10) of Table 4 gives the ratio of the variance of the productivity innovation §;; to
the variance of actual productivity wj;;. The ratio shows that the unpredictable component
accounts for a large part of attained productivity, between 20% and 60%. Interestingly
enough, a high degree of uncertainty in the R&D process seems to be characteristic for
both some of the most and some of the least R&D intensive industries. We will come back
to the economic significance of the uncertainties inherent in the R&D process in Section
5.7.
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5.3 Knowledge capital model

The knowledge capital model of Griliches (1979) has remained a cornerstone of the produc-
tivity literature. While it has been used in hundreds of studies on firm-level productivity, the
underlying empirical strategy has changed little over the years (see the surveys in Mairesse
& Sassenou (1991), Griliches (1995), and Griliches (2000)). The most widely used form of
the knowledge capital model adds the log of knowledge capital cj; as an extra input to a

Cobb-Douglas production function yielding
yjt = Po + Bilje + Brkje + Bmmye + ecje + €, (4)

where ¢ is the elasticity of output with respect to knowledge capital. Knowledge capital is
assumed to accumulate with R&D expenditures and to depreciate from period to period at
a rate 0. Hence, its law of motion can be written as Cj; = (1 — 0)Cjs—1 + Rji—1.

Estimating equation (4) requires constructing Cj, the stock of knowledge capital of firm
j in period t, from observed R&D expenditures. There are two obvious problems: First,
we have little idea what the appropriate rate of depreciation ¢ is.'® Second, our history of
R&D expenditures is often not very long. Following Hall & Mairesse (1995) we therefore
assume that the rate of depreciation is 0.15 per period and estimate the initial capital from
the date of birth of the firm by extrapolating its average R&D expenditures during the time
that it is observed.

Replacing ec;; by wj; in equation (4) shows that the basic form of the knowledge capital
model can be understood as a special case of our dynamic investment model in which the
stochastic process that governs productivity has degenerated to a deterministic process. We
test this model against our model using a nonnested test.!” Given that we have already
shown that nonlinearity and uncertainty play a large role in the link between R&D and
productivity, it does not come as a surprise that the data very clearly reject the knowledge
capital model in its basic form, see columns (1) and (2) of Table 5.

We next develop and evaluate two generalizations of the knowledge capital model. Our

6 Estimating the rate of depreciation § using distributed lag models is notoriously difficult, even in case
of physical capital (Pakes & Schankerman 1984b, Pakes & Griliches 1984, Nadiri & Prucha 1996). Our own
attempts at estimating § together with the parameters in equation (4) have largely been unsuccessful.

1"We apply the Rivers & Vuong (2002) test for model selection among nonnested models. The difference
between the GMM objective functions, scaled by v/N, has an asymptotic normal distribution with variance

o’ = [(Zz 0;(0)) An( szvj le)AN(Z zgvj(é))

szvj eKCIW ZZJ GKC]\/I eKC ) )AN(ZZ;'UJ(QAKCM))

J

z:z]vJ Y An( Zz]v] )0 (05CMY 2) An ( szv] GKCM))},

J

where 0 and %M are the unrestricted and restricted parameter estimates, respectively, the instruments in
z; are kept the same, and Ay is a common first-step weighting matrix.
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first generalization is to add unobserved productivity w;; back into equation (4) yielding
Yjt = Po + Biljt + Brkje + Bmmyje + ecje + wjt + €.

We follow OP, LP, and ACF and assume that productivity follows an exogenous Markov
process. Note that this model has two Markov processes, a deterministic one for the stock
of knowledge capital and a stochastic one for productivity. Because the sum of two Markov
processes is not necessarily a Markov process, this model is not nested in our model of
endogenous productivity change with just one Markov process. Again we use a nonnested
test. The data strongly favor our model, see columns (3) and (4) of Table 5.

The basic form of the knowledge capital model abstracts from uncertainty in the R&D
process.'® Our second generalization aims to address this issue. To capture that the ac-
cumulation of improvements to productivity is likely to be subjected to shocks, we borrow
from the dynamic investment model of Hall & Hayashi (1989) and assume that the law of
motion is Cjy = (1 — 6)Cj—1 + Rj—1 + %Cjtflfjt = Cji—1 (1 -0+ % + %gﬁ) so that
the effect of the rate of investment in knowledge % has an unpredictable component &;;.
Note that it is no longer possible to construct the stock of knowledge capital from observed
R&D expenditures and, with it, control for the impact of R&D on productivity.

To make this model estimable we recast it within our setting. Taking logs and letting

wjt = ecjt the law of motion can be written as

Wit ~ wji—1 + € <e§;1()c£:ﬁ11/)5) — 5) + &t (5)
and hence wj; = g(wjtfl, rjt,l) +&,¢. This turns out to be our controlled first-order Markov
process but with a particular functional form for the conditional expectation function g(-).
We use once again a nonnested test. The data very clearly reject the functional form
restrictions implied by the knowledge capital model, see columns (5) and (6) of Table 5.1

In sum, the linearity and certainty assumptions in the accumulation and depreciation
of knowledge that underpin the knowledge capital model may have to be relaxed in order
to properly assess the impact of the investment in knowledge on the productivity of firms.
The unspecified form of the law of motion and the random nature of accumulation in our
setting are important advantages over the knowledge capital model. Moreover, by treating
productivity as unobserved, we circumvent the initial conditions problem in the knowledge
capital model. Finally, our empirical strategy takes into account that the endogeneity
problem in production function estimation may not be completely resolved by adding the

stock of knowledge capital to the conventional factors of production.

8QGriliches (1979) allows for a random shock to the constructed stock of knowledge capital (see also
Griliches 1998). Being entirely transitory, however, this shock is absorbed by the error term of the production
function and hence does not capture uncertainty in the R&D process.

19We continue to reject when we base the test on the exact form for the law of motion implied by the
knowledge capital model rather than the approximate form in equation (5).
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5.4 Productivity levels

To describe differences in expected productivity between firms that perform R&D and firms
that do not perform R&D, we employ kernels to estimate the density and the distribution
functions associated with the subsamples of observations with R&D and without R&D. To
be able to interpret these and other descriptive measures in the remainder of the paper as
representative aggregates, we proceed as described in Section 4. Figure 1 shows the density
and distribution functions for performers (solid line) and nonperformers (dashed line) for
each industry. In most industries the distribution for performers is to the right of the
distribution for nonperformers. This strongly suggests stochastic dominance. In contrast,
the distribution functions cross in industries 2 and 4 as well as in industries 9 and 10 that
exhibit low innovative activity. This violation of stochastic dominance is mild in case of
industry 2 whereas in industry 4 attaining the highest productivity levels is clearly more
likely for the nonperformers than for the performers.

Before formally comparing the means and variances of the distributions and the distribu-
tions themselves, we illustrate the impact of omitting R&D expenditures from the Markov
process of unobserved productivity. We have added the so-obtained density and distribu-
tion functions to Figure 1 (dotted line). Comparing them to the density and distribution
functions for a controlled Markov process reveals that the exogenous process takes a sort of
average over firms with distinct innovative activities and hence blurs remarkable differences

in the impact of the investment in knowledge on the productivity of firms.

Mean and variance. Turning to the moments of the distributions, the difference in

means is computed as

= = 1 ~ 2IC
=9 = N Zj Zt L(Rji—1 = 0)go1(hj_1)

1 —_— —~ A~
“NTy Zj Zt 1(Rje—1 > 0)[(g10 — goo) + Gu1 (Al 1, me-1)],

where NTy and NT} are the size of the subsamples of observations without and with R&D,

respectively. We compare the means using the test statistic

9o — 91

t=
V/Var(gon)/(NTy — 1) + Var(gi1)/(NTy — 1)

which follows a ¢ distribution with min(N7Tp, NT7) — 1 degrees of freedom and the variances
using

_ Var(go1)

~ Var(gi)
which follows an F' distribution with N7y — 1 and NT7 — 1 degrees of freedom. To account
for the survey design we conduct separate tests on the subsamples of small and large firms.

Column (4) of Table 6 reports the difference in means g; — go (with the opposite sign of
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the test statistic for the sake of intuition) and columns (5)—(8) report the standard deviations
and the test statistics along with their probability values separately for the subsamples of
small and large firms. The difference in means is positive for firms of all sizes in all industries
that exhibit medium or high innovative activity, with the striking exception of industry 4.
The differences are sizable, with many values between 3% and 5%. They are often larger for
the smaller firms. In the two industries that exhibit low innovative activity, however, the
difference in means is negative for small firms. Nevertheless, at the usual significance levels,
the formal statistical test rejects the hypothesis of a higher mean of expected productivity
among performers than among nonperformers only in case of large firms in industry 4.
The hypothesis of greater variability for performers than for nonperformers is rejected
in many cases, although there does not seem to be a recognizable pattern. As can be seen
in columns (9) and (10) of Table 6, it is rejected for both size groups in industries 6 and 7,

for small firms in industry 3, and for large firms in industries 1, 2, and 4.

Distribution. The above results suggest to compare the distributions themselves. We
use a Kolmogorov-Smirnov test to compare the empirical distributions of two independent
samples (see Barret & Donald (2003) and Delgado, Farinas & Ruano (2002) for similar
applications). Since this test requires that the observations in each sample are independent,
we consider as the variable of interest the average of expected productivity for each firm,
where for occasional performers we average only over the years with R&D (and discard the
years without R&D). This avoids dependent observations and sets the sample sizes equal
to the number of nonperformers and performers, Ny and Ny, respectively.

Let Fy,(-) and Gy, (+) be the empirical cumulative distribution functions of nonperform-
ers and performers, respectively. We apply the two-sided test of the hypothesis Fi,(g) —
Gn,(g) = 0 for all g, i.e., the distributions of expected productivity are equal, and the
one-sided test of the hypothesis Fi,(g) — Gn,(g) <0 for all g, i.e., the distribution Gy, ()
of expected productivity of performers stochastically dominates the distribution Fp,(-) of

expected productivity of nonperformers. The test statistics are

NoN- NoN

1 04V1 — — 2 04V1 _ _
— — max{|F -G — — L max{F _

S \/ Ny + N, ga {’ No(g) N1(9)’}7 S No + N, ga { No(g) GN1(9)}7

respectively, and the probability values can be computed using the limiting distributions
P(St > ¢) =237 (—1)*exp(—2k2c?) and P(S? > ¢) = exp(—2c?).

Because the test tends to be inconclusive when the number of firms is small, we limit
it to cases in which we have at least 20 performers and 20 nonperformers. The results are
reported in columns (11)-(14) of Table 6. Equality of distributions is rejected in six out of
ten cases. Stochastic dominance cannot be rejected anywhere.

To further illustrate the consequences of omitting R&D expenditures from the Markov

process of unobserved productivity, we have redone the above tests for the case of an
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exogenous Markov process. The results are striking: We can no longer reject the equality of
the productivity distributions of performers and nonperformers in four out of the six cases
where we rejected the equality of the productivity distributions for a controlled Markov
process. The upper panels of Figure 2 show at the example of industry 6 that the density
and distribution functions for performers (solid line) and nonperformers (dashed line) are
virtually indistinguishable if an exogenous Markov process is assumed. As can be seen in
the lower panels of Figure 2, the same happens if we use an alternative estimator such
as OP that assumes that productivity is exogenous. This once more makes apparent that

omitting R&D expenditures substantially distorts the retrieved productivities.

In sum, comparing expected productivity across firms that perform R&D and firms that
do not perform R&D we find strong evidence of stochastic dominance in most industries. It
remains to be explained how the expected productivity can possibly be lower for performers
than for nonperformers in some industries. One explanation is the heterogeneity across the
firms within an industries that arises partly because firms engage in R&D to various degrees
and partly because the level of aggregation used in defining these industries encompasses
many different specific innovative activities. Stochastic dominance may hold if we were able

to split these industries into more homogeneous innovative activities.

5.5 Productivity growth

We explore productivity growth from the point of view of what a firm expects when it makes
its decisions in period ¢t — 1. Because wj;—1 is known to the firm at the time it decides on

rjt—1, we compute the expectation of productivity growth as
B + E(wjr — wj—1|wji—1,7jt-1,) = Bt + g(wjt—1,7j6-1) — wjt—1- (6)

Using the fact that the innovation to productivity has mean zero, i.e., E(&ji—1|wji—2, rji—2) =
0, we estimate the average of the expectation of productivity growth as ﬁﬁ—% Zj Do % [g(ﬁ;’g{l, Tjt—1)—
J

~

/g\(h]ItC_ 9,7jt—2)]. To account for the survey design we replicate the subsample of small
70

firms £ = 14 times before merging it with the subsample of large firms. Columns (1)-
(3) of Table 7 report the results for the entire sample and for the subsamples of ob-
servations with and without R&D. We also compute a weighted version to be able to
interpret the expectation of productivity growth as representative for an industry as a
whole. The weights pj; = Yj—2/ Zj Yji—o are given by the share of output of a firm
two periods ago. Assuming that E(ujiji—1|wji—2,7j:—2) = 0, we estimate the average as
B4 73, > ujt[ﬁ(ﬁjlf_l,rjt,l) - §(ﬁ§?_2,7’jt,2)]. Columns (4)—(6) of Table 7 report the
results along with a decomposition into the contributions of observations with and without
R&D.

Productivity growth is higher for performers than for nonperformers in 6 industries,

sometimes considerably so. Taken together these industries account for over two thirds of
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manufacturing output (see Appendix A for details). The industries in which the relationship
is reversed are again industries 4 and 10 and now also industry 8. The standard deviations
indicate that there are considerable differences in productivity growth within firms that
engage in R&D as well as within those that do not. Productivity growth is more variable
for performers than for nonperformers in five out of nine industries, including industries 8
and 10. This indicates that the productivity of at least some performers tends to grow much
faster than the productivity of nonperformers, even though on average performers exhibit
slower productivity growth than nonperformers in these industries.

A comparison of unweighted and weighted productivity growth shows that there is no
definite pattern in productivity growth by size group: The productivity of small firms
grows more rapidly in some industries and less in others. What is clear, however, is that
productivity growth is highest in some of the industries with high innovative activity (above
2% in industry 3, above 1.5% in industry 4, and above 3% in industry 6) followed by some
of the industries with intermediate innovative activity (above 1.5% in industry 1).

Columns (5) and (6) of Table 7 are particularly important. The contribution to produc-
tivity growth of firms that perform R&D is estimated to explain between 65% and 80% of
productivity growth in the industries with high innovative activity and between 70% and
85% in the industries with intermediate innovative activity (with the exception of industry
8). This is all the more remarkable since in these industries between 35% and 45% and be-
tween 10% and 20% of firms engage in R&D. While these firms manufacture between 70%
and 75% of output in the industries with high innovative activity and between 45% and 55%
in the industries with intermediate innovative activity, their contribution to productivity
growth exceeds their share of output by between 5% and 15%. That is, firms that engage
in R&D tend not only to be larger than those that do not but also to grow even larger over

time. R&D expenditures are thus indeed a primary source of productivity growth.

5.6 Return to R&D and persistence in productivity

How hard must a firm work to maintain and advance its productivity? Recall that a change

in the conditional expectation function g(-) can be interpreted as the expected percentage

Og(wjt—1,75t—1)
8Tjt71

change in total factor productivity. Hence, is the elasticity of output with

respect to R&D expenditures or a measure of the return to R&D. Similarly, 89(4&}(%:717?1571)
jt—

89(th—177'jt—1) :

is the elasticity of output with respect to already attained productivity. Do is

the degree of persistence in the productivity process or a measure of inertia. It tells us the
fraction of past productivity that is carried forward into current productivity. Note that the
elasticities of output with respect to R&D expenditures and already attained productivity
vary from firm to firm with already attained productivity and R&D expenditures. Our
model thus allows us to recover the distribution of these elasticities and to describe the
heterogeneity across firms.

Columns (1)—(4) of Table 8 present the quartiles of the distribution of the elasticity with
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respect to R&D expenditures along with a weighted average computed as % D ; Mt
where the weights pj; = Yji/ > ; Yjt are given by the share of output of a firm. There is a
considerable amount of variation across industries and the firms within an industry. Exclud-
ing industry 2, the returns to R&D at the first, second, and third quartile range between
—0.024 and 0.019, —0.003 and 0.024, and 0.015 and 0.051, respectively. Their average is
close to 0.012, varying from 0.003 to 0.025 across industries.

Note that negative returns to R&D are legitimate and meaningful in our setting, al-
though some of them may be an artifact of the nonparametric estimation of g(-) at the
boundaries of the support. A negative return at the margin is consistent with an over-
all positive impact of R&D expenditures on output. A firm may invest in R&D to the
point of driving returns below zero for a number of reasons including indivisibilities and
strategic considerations such as a loss of an early-mover advantage. This type of effect is
excluded by the functional form restrictions of the knowledge capital model, in particular
the assumption that the stock of knowledge capital depreciates at a constant rate. More
generally, it is plausible that investments in knowledge take place in response to existing
knowledge becoming obsolete or vice versa that investments render existing knowledge ob-
solete. Our model captures this interplay between adding “new” knowledge and keeping
“old” knowledge.

The degree of persistence can be computed separately for performers using the condi-
tional expectation function g;(-) that depends both on already attained productivity and
R&D expenditures and for nonperformers using go(+) that depends solely on already attained
productivity. Columns (5)—(10) of Table 8 summarize the distributions for performers and
nonperformers.

Again there is a considerable amount of variation across industries and the firms within
an industry. Nevertheless, nonperformers enjoy a systematically higher degree of persis-
tence than performers in industries 1, 2, 3, 4, and 7. An intuitive explanation for this
finding is that nonperformers learn from performers, but by the time this happens the
transferred knowledge is already entrenched in the industry and therefore more persistent.
Put differently, common practice may be “stickier” than best practice.

The degree of persistence for performers is negatively related to the degree of uncertainty
in the productivity process as measured by the ratio of the variance of the productivity inno-
vation ;; to the variance of actual productivity w;;. That is, productivity is less persistent
in an industry where a large part of its variance is due to random shocks that represent the
uncertainties inherent in the R&D process. Figure 3 illustrates this relationship between
persistence and uncertainty at the level of the industry.

To facilitate the comparison with the existing literature, we have estimated the knowl-

edge capital model as given in equation (4).2° Column (11) of Table 8 presents the estimate

2OWe specify a different constant for performers and nonperformers as well as a different time trend
(industries 2, 3, 6, and 10) or set of dummies (industries 1, 7, and 8). We drop the term ec;; from equation
(4) for nonperformers. To facilitate estimation we impose the widely accepted constraint of constant returns
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of the elasticity of output with respect to the stock of knowledge capital from the knowl-
edge capital model. In addition to the gross-output version in equation (4) we have also
estimated a value-added version of the knowledge capital model (column (13)). In contrast
to our model, the knowledge capital model yields one number—an average elasticity—per
industry. The elasticity of output with respect to the stock of knowledge capital tends to
be small and rarely significant in the gross-output version but becomes larger in the value-
added version. The estimates turn out to be on the low side for this type of exercise. One
possible reason may be the non self-selected character of the sample, but perhaps this is
the magnitude of estimates that one should expect given the low R&D intensity of Spanish
manufacturing firms. Beneito (2001) and Ornaghi (2006), for example, estimate aggregate
elasticities ranging from 0.04 to 0.10.

To convert the elasticity with respect to the stock of knowledge capital into an elasticity
with respect to R&D expenditures that is comparable to our model, we multiply the former
by Rji—1/Cj¢. Columns (12) and (14) of Table 8 show a weighted average of the so-obtained
elasticities, where the weights pjs = Y/ > ; Yj¢ are given by the share of output of a firm.
The elasticities with respect to R&D expenditures from our model are higher than the
highest elasticities from the knowledge capital model in five industries and lower but very
close in two more industries. In addition, the elasticities obtained with our model have a
non-normal, fairly spread out distribution. This sharply contrasts with the fact that the
dispersion of elasticities in the knowledge capital model is purely driven by the distribution
of the ratio Rj;—1/Cj; (since, recall, the knowledge capital model yields just an average of
the elasticity with respect to the stock of knowledge capital).

Turning to persistence in productivity, note that the degree of persistence is 1 —0.15 =
0.85 by assumption in the knowledge capital model. In contrast, the degree of persistence
in our model is much lower (see also Pakes & Schankerman 1984b). Moreover, we find that
there are substantial differences between firms in the degree of persistence.

The degree of persistence is expected to be lower when process innovations are rapidly
spread or when product innovations are quickly imitated or superseded. (Since output is
measured in dollars, we are unable to distinguish between product and process innovations,
similar to the knowledge capital literature.) On the other hand, the demand advantage of
a product innovation may be offset by a productivity disadvantage if newer products are
costlier to produce, thereby lessening the impact of product innovations on persistence.?!
The heterogeneity across firms and industries in the degree of persistence points to an inter-
esting avenue for future research that explores the link between the dynamics of productivity
and the nature of product market competition.

One could also argue that the lower degree of persistence is a result of the substantial

to scale in the conventional inputs.

21The ESEE survey asks firms whether they have introduced a new product or process over the course of
the survey year. This data suggests that, at the level of the industry, the degree of persistence is negatively
related to the prevalence of both product and process innovations.
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variability in the R&D expenditures that drive the evolution of productivity. The knowledge
capital model constructs the stock of knowledge capital that is much smoother and less
variable than R&D expenditures. Our view is that the variability in R&D expenditures
across firms and periods is likely to contain useful information on the impact of R&D on
productivity, but we acknowledge that some of the variability in the R&D expenditures is
an artifact of accounting conventions.

In sum, it appears that old knowledge is hard to keep but new knowledge is easy to add.
Productivity is therefore considerably more fluid than what the knowledge capital literature

suggests.

Productivity dynamics and industrial change. To explore the dynamics of produc-
tivity in more detail, we compute the year-to-year transitions in productivities as follows:
We first place firms into five bins according to their actual productivity or flag them as
entrants or exitors. We define the bins by the quintiles of the productivity distribution and
compute them separately for each year in the sample period. The transition matrix then
gives the shares of incumbents that move between the five productivity bins or exit the
industry. In addition we record the shares of entrants in the five productivity bins.

Table 9 summarizes the degree of persistence and mobility in the dynamics of pro-
ductivity. Columns (1) and (2) give the probability of remaining at the bottom and top,
respectively, of the productivity distribution along with the expected duration of a stay
there. Column (3) gives the probability that a randomly selected firm leaves its produc-
tivity bin in the next year. Columns (4)-(6) are analogous to columns (1)—(3) but use the
productivity estimates from the knowledge capital model. As can be seen, the knowledge
capital model implies a higher degree of persistence at both tails of the productivity distri-
bution (with the possible exception of industry 8). For example, while a firm can expect
to remain at the top of its industry for 3 or 4 years, the knowledge capital model implies
expected durations of up to 16 years. The knowledge capital model similarly implies a lower
degree of mobility. Overall, productivity dynamics are decidedly more sluggish when viewed
through the lens of the knowledge capital model. This is because knowledge accumulates
from period to period with certainty in the knowledge capital model. In contrast to this
deterministic trajectory, in our model the evolution of productivity is stochastic. While
firms exert some degree of control over their productivity through their R&D expenditures,
they are repeatedly subjected to shocks that render their fortunes less predictable.

To relate productivity dynamics and industrial change, we predict—however crudely—
the evolution of an industry. From the transition matrix we compute the shares of firms in
the five productivity bins in the steady state of the industry. We tabulate this predicted
distribution of performers in columns (7)—(11) of Table 9 along with the actual distribution
in our sample in order to describe the initial conditions. We caution the reader that our

predictions are extrapolations from the sample period. This, in particular, presumes that
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the pattern of entry and exit remains unchanged as does the composition of firms that invest
in physical capital and knowledge and the corresponding investment intensities. In what
follows we do not consider industries 9 and 10 because of the small number of observations
with R&D in these industries with low innovative activity.

Nonperformers are fairly evenly spread across the five productivity bins, both in the
sample period and in the long run. In contrast, as can be seen from columns (7)—(11) of
Table 9, performers tend to be less concentrated at the bottom and more concentrated at
the top of the productivity distribution in the sample period and are likely to remain so in
the future. This is in line with the fact that the expected productivity of firms that perform
R&D is systematically more favorable than that of firms that do not perform R&D in most
industries (see Section 5.4 for details). Comparing the predicted productivity distribution in
the steady state with the actual productivity distribution in the sample period suggests that
the scope for industrial change is limited in many industries. The exceptions are industries
2, 3, and 6 where in the future the share of performers at the top of the productivity
distribution increases. In these industries R&D expenditures drive productivity dynamics
that, in turn, drive industrial change. At the same time, in industries 7 and 8 the predicted
productivity distribution suggests a smaller role for performers in the future, consistent
with the fact that productivity growth is lower or almost equal for performers than for
nonperformers in these industries with intermediate innovative activity (see Section 5.5 for
details).

It is worth noting that, according to the productivity estimates from the knowledge
capital model, the outlook for industrial change is much more optimistic. The predicted
productivity distribution suggest a much larger role for performers in the future in industries
1, 2, 3, 4, and 6. Indeed, the share of performers at the top of the productivity distribution
is predicted to exceed 50% in all industries but 4 and 8, a prediction that we regard as

somewhat implausible.

5.7 Rate of return

We finally compute an alternative—and perhaps more intuitive—measure of the return to

R&D. The growth in expected productivity in equation (6) can be decomposed as

B+ g(wjt—1,7je—1) —wjt—1 = (Bt + 9(Wji—1,7jt—1) — g(wjt—1, )]+ [9(wje—1,1) — wje—1], (7)

where r denotes a negligible amount of R&D expenditures.?? The first term in brackets
reflects the change in expected productivity that is attributable to R&D expenditures rj;_1,

the second the change that takes place in the absence of investment in knowledge. That is,

#2Recall that we allow the conditional expectation function g(-) to be different when the firm adopts
the corner solution of zero R&D expenditures and when it chooses positive R&D expenditures. To avoid
this discontinuity, we take g(wji—1,7) to be a weighted average of go(wji—1) and g1(wji—1,7), where r is a
percentile of the industry’s R&D expenditures.
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the second term in brackets is attributable to depreciation of already attained productivity
and, consequently, is expected to be negative. The net effect of R&D is thus the sum of its
gross effect (first term in brackets) and the impact of depreciation (second term).

Consider the change in expected productivity that is attributable to R&D expenditures.
Multiplying 8¢ + g(wjt—1,7jt—1) — g(wje—1,7) in equation (7) by a measure of expected value
added, say Vj;, gives the rent that the firm can expect from this investment at the time
it makes its decisions. Dividing it further by R&D expenditures R;;—1 gives an estimate
of the gross rate of return, or dollars obtained by spending one dollar on R&D.?* Note
that we compute the gross rate of return on R&D using value added instead of gross
output both to make it comparable to the existing literature (e.g., Nadiri 1993, Griliches &
Regev 1995, Griliches 2000) and because value added is closer to profits than gross output.
We similarly compute the gross rate of return to R&D and the compensation for depreciation
from the growth decomposition in equation (7) by multiplying and dividing through by Vj,
and Rj;_1.

Columns (1)—(3) of Table 10 summarize the gross rate of return to R&D and its de-
composition into the net rate and the compensation for depreciation. We report weighted
averages where the weights pj; = Rji o / Zj Rj;_o are given by the share of R&D expen-
ditures of a firm two periods ago. The gross rate of return to R&D far exceeds the net
rate, thus indicating that a large part of firms’ R&D expenditures is devoted to maintain-
ing already attained productivity rather than to advancing it. The net rates of return to
R&D are around 35% and differ across industries, ranging from very modest values near
10% to 50%. Interestingly enough, the net rate of return to R&D is higher in an industry
where a large part of the variance in productivity is due to random shocks, as can be seen
in Figure 4. This suggests that the net rate of return to R&D includes a compensation for
the uncertainties inherent in the R&D process.

As a point of comparison we report the net rate of return on investment in physical
capital in column (4) of Table 10. We first compute the gross rate of return as 3, Vj/Kj;
and then subtract the rate of depreciation of physical capital from it to obtain the net rate
of return.?* Column (5) reports the ratio of the net rates of return to R&D and investment
in physical capital. Returns to R&D are clearly higher than returns to investment in
physical capital. The net rate of return to R&D is often twice that of the net rate of
return to investment in physical capital. This again suggests that investment in knowledge

is systematically more uncertain than investment in physical capital.

23The average rate that we compute is close to the marginal rate of return to R&D. To see this, lin-

early approximate g(wji—1,In R) ~ g(wji—1,In Rjz—1) + ag(w”(;:j’tlff”*l) R;’i—l (R— Rjt—1). If R — 0, then

. dg(wjr—1,7j1—1)
orjt—1

g(wjt—1,75¢-1) — g(wjt—1,7) = glwje—1,In Rjt—1) — g(wjt—1,In R) ~ In practice, we use
firm-specific averages of value added and investment in knowledge.

24The rate of depreciation that is assumed in computing the stock of physical capital is around 0.1 but
differs across industries and groups of firms within industries. We report a weighted average where the
weights pjt = Ijp/ S j I;; are given by the share of investment in physical capital of a firm. In practice, we

use firm-specific averages of value added, the stock of physical capital, and investment in physical capital.
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Recall that in our model the productivity innovation £;; may be thought of as the real-
ization of the uncertainties that are naturally linked to productivity plus the uncertainties
inherent in the R&D process such as chance in discovery and success in implementation.
The question therefore is whether an investment in knowledge indeed injects further un-
certainties into the productivity process that would be absent if the firm did not engage
in R&D. As before we measure the degree of uncertainty by the ratio of the variance of
the productivity innovation &j; to the variance of actual productivity wj;. Regressing the
log of the ratio szt /Var(wj;) on a constant, a dummy for large firms with more than 200
workers, a dummy for investment in knowledge, and a dummy for investment in physical
capital shows a positive impact of investment in knowledge on the degree of uncertainty in
all industries (see column (6) of Table 10).2° Moreover, our estimates suggest that engaging
in R&D roughly doubles the degree of uncertainty. In contrast, they show a negative impact
of investment in physical capital in industries 2, 8, and 10 and no impact in the remaining
industries (see column (7)). Investment in physical capital therefore reduces the degree
of uncertainty in the productivity process or leaves it unchanged, whereas investment in
knowledge enhances it substantially.

In sum, investment in knowledge is systematically more uncertain than investment in
physical capital. The net rate of return includes a compensation for the uncertainties
inherent in the R&D process. Moreover, the large gap between the net rates of return
to R&D and investment in physical capital suggests that the uncertainties inherent in the
R&D process are economically significant and matter for firms’ investment decisions.

To facilitate the comparison with the existing literature, we have used the value-added
version of the knowledge capital model to estimate the rate of return to R&D by regressing
the first-difference of the log of value added on the first-differences of the logs of conventional
inputs and the ratio Rj;—1/Vj—1 of R&D expenditures to value added.?® The estimated
coefficient of this ratio can be interpreted as the gross rate of return to R&D.2” We obtain
the net rate of return to R&D by subtracting the rate of depreciation of knowledge capital.
As can be seen from column (8) of Table 10, while the net rates are imprecisely estimated
in the knowledge capital model, at around 75% they tend to be higher than the net rates
in our model. The question is then whether and why our rates of return to R&D should
be considered more reliable and whether this justifies the extra effort of pursuing the more
structural approach.

Our rates are computed from more reliable coefficient estimates than what the knowl-

25We estimate Var(w;:) separately for firms that do not engage in R&D, firms that engage in R&D and
have R&D expenditures below the median and those that have R&D expenditures above the median.

20We specify a different time trend (industries 2, 3, 6, and 10) or set of dummies (industries 1, 7, and
8) for performers and nonperformers. To facilitate estimation we impose the widely accepted constraint of
constant returns to scale in the conventional inputs.

2TRecall that ¢ is the elasticity of value added with respect to knowledge capital. Since eAcj; =

g%gj:’ll cjt ™~ g%é'?jtl and Rj;—1 approximates ACj: (by the law of motion for knowledge capital),
jt— Jt—
v

the estimated coefficient is 2%. Since spending one dollar on R&D adds one unit of knowledge capital g%

aocC
ov.

is, in turn, equal to g or the gross rate of return to R&D.
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edge capital model provides because our estimator takes into account the possibility of
endogeneity bias in assessing the role of R&D. Because our model is structural we are more
confident in the causality of the estimated relationship between expected productivity, cur-
rent productivity, and R&D expenditures. The drawback of our approach is that it depends
on the informational and timing assumptions that we make. These assumptions, however,
appear to be broadly accepted in the literature following OP.

More generally, the knowledge capital literature has had limited success in estimating
the rate of return to R&D. Griliches (2000) contends that “[e]arly studies of this topic were
happy to get the sign of the R&D variable ‘right’ and to show that it matters, that it is a
‘significant’ variable, contributing to productivity growth” (p. 51). Estimates of the rate
of return to R&D tended to be high, often implausibly high: “our current quantitative
understanding of this whole process remains seriously flawed ... [T]he size of the effects we
have estimated may be seriously off, perhaps by an order of magnitude” (Griliches 1995, p.

83). Our estimates, by contrast, are more modest.

R&D policy. While the knowledge capital model yields an industry-wide average rate of
return to R&D, our model allows us to recover the entire distribution of rates. The fact that
rates differs across firms makes our model potentially useful in determining the allocation of
subsidies, a major issue in R&D policy. To illustrate, we have run a reduced-form regression
of the net rate of return on the characteristics of the firm that are observable to a policy
maker, including polynomials in the size of the firm and its R&D expenditures, the nature of
innovation (process vs. product), the R&D employment of the firm, the proportion of R&D
subsidies that it receives, the age of the firm, and its investment in physical capital. This
regression indicates a systematic relationship with firm size but not with the other variables.
Given that firm size and the net rate of return are positively correlated (industries 2, 3,
6, 8, and 9), we tentatively conclude that, if the goal is to maximize returns, then larger
firms should be subsidized more extensively than smaller firms. A fuller exploration of the

implications of the heterogeneity across firms for R&D policy is left to future research.

6 Concluding remarks

Our goal in this paper is to assess the role of R&D in determining the differences in produc-
tivity across firms and the evolution of firm-level productivity over time. To achieve this
goal, we develop a model of endogenous productivity change that accounts for investment
in knowledge. We also derive an estimator for production functions in this setting. We
illustrate our approach on an unbalanced panel of more than 1800 Spanish manufacturing
firms in nine industries during the 1990s.

We show that the link between R&D and productivity is subject to a high degree of

uncertainty, nonlinearity, and heterogeneity. By accounting for uncertainty and nonlinearity,
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our approach extends the knowledge capital model. In fact, the knowledge capital model
in its basic form is a special case of our model, albeit one that is rejected by the data.
Our model is richer, in particular with regard to the treatment of heterogeneity, thereby
allowing us to show that R&D is a major determinant of the differences in productivity
across firms and the evolution of firm-level productivity over time. Productivity appears
to be considerably more fluid than what the knowledge capital literature suggests, and we
tentatively conclude that the scope for industrial change is limited. Our approach also
appears to provide us with more plausible answers to questions regarding the rate of return
to R&D. The net rate of return includes a compensation for the uncertainties inherent in
the R&D process. Moreover, the large gap between the net rates of return to R&D and
investment in physical capital suggests that these uncertainties are economically significant
and matter for firms’ investment decisions.

In concluding we emphasize that our approach has already been useful in other contexts.
Our model of endogenous productivity change has been applied by Aw, Roberts & Xu (2009)
to examine the impact of export market participation on the productivity of firms; other
applications are Maican & Orth (2008) and Anén & Manjon (2009). Our estimator for
production functions has been extended by Doraszelski & Jaumandreu (2009) to assess the
bias of technological change by measuring, at the level of the individual firm, how much of

technological change is factor neutral and how much of it is labor augmenting.

Appendix A

Our data come from the ESEE survey. We observe firms for a maximum of ten years
between 1990 and 1999. We restrict the sample to firms with at least two years of data on
all variables required for estimation. Because of data problems we exclude industry 5 (office
and data-processing machines and electrical goods). Our final sample covers 1879 firms in
9 industries. The number of firms with 2, 3,..., 10 years of data is 260, 377, 246, 192, 171,
135, 128, 155, and 215 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)). We finally report the shares of the various industries in the total value
added of the manufacturing sector in 1995 (column (4)).

The ESEE survey provides information on the total R&D expenditures of firms. Total
R&D expenditures include the cost of intramural R&D activities, payments for outside R&D
contracts with laboratories and research centers, and payments for imported technology in
the form of patent licensing or technical assistance, with the various expenditures defined
according to the OECD Oslo and Frascati manuals. We consider a firm to be performing
R&D if it reports positive expenditures. While total R&D expenditures vary widely across
firms, it is quite likely even for small firms that they exceed nonnegligible values relative
to firm size. In addition, firms are asked to provide many details about the combination of
R&D activities, R&D employment, R&D subsidies, and the number of process and product
innovations as well as the patents that result from these activities. Taken together, this
supports the notion that the reported expenditures are truly R&D related.
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In what follows we define the remaining variables.

e Investment. Value of current investments in equipment goods (excluding buildings,
land, and financial assets) deflated by the price index of investment. By measuring
investment in operative capital we avoid some of the more severe measurement issues
of the other assets.

e (Capital. Capital at current replacement values I?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

pre as Kj = (1 — 5)pi’i1 K1 4 Ij;—1, where § is an industry-specific estimate of the

rate of depreciation. Capital in real terms is obtained by deflating capital at current
K

replacement values by the price index of investment as Kj; = o

e 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.

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

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

e Price of investment. Equipment goods component of the index of industry prices
computed and published by the Spanish Ministry of Industry.

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

e 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.

e 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.

e Market dynamism. Firms are asked to assess the current and future situation (slump,
stability, or expansion) of up to 5 separate markets in which they operate. The market
dynamism index is computed as a weighted average of the responses.
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Figure 1: Productivity levels. Density
pected productivity.
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Figure 1: (cont’d) Productivity levels. Density (left panels) and distribution (right panels)
of expected productivity.
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Figure 1: (cont’d) Productivity levels. Density (left panels) and distribution (right panels)

of expected productivity.
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Figure 2: Productivity levels. Density (left panels) and distribution (right panels) of ex-
pected productivity. Exogenous Markov process (upper panels) and OP estimator (lower

panels).
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Figure 4: Return to R&D and uncertainty.



