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Abstract
We show that existing practices for estimating production functions suffer from a fundamental non-identification problem due to flexible inputs, such as intermediate inputs.
Using a transformation of the firm’s first order condition, we develop a new identification
strategy and propose a simple nonparametric estimator for the production function and
productivity. We show that the alternative of approximating the effects of intermediate
inputs using a value-added production function does not solve the identification problem. Applying our approach to plant-level data from Colombia and Chile, we find that a
gross output production function implies fundamentally different patterns of productivity
heterogeneity than a value-added specification.
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Introduction

The identification and estimation of production functions using data on inputs and output
is among the oldest empirical problems in economics. As first pointed out by Marschak and
Andrews (1944), a key challenge for identification arises because a firm’s productivity is transmitted to the firm’s optimal choice of inputs, giving rise to an endogeneity issue known in the
production function literature as “transmission bias” (see e.g., Griliches and Mairesse, 1998,
henceforth GM). Standard econometric solutions to correct the transmission bias, i.e., using
firm fixed effects or input prices as instruments, have proven to be both theoretically problematic and unsatisfactory in practice (see e.g., GM and Ackerberg et al., 2007 for a review and
Section 4 for a discussion).
The more recent literature on production function estimation attempts to address transmission bias by placing assumptions on the economic environment to allow researchers to exploit
lagged input decisions as instruments for current inputs. This strategy is fundamental to both
of the main strands of structural estimation approaches, namely dynamic panel methods (Arellano and Bond, 1991; Blundell and Bond, 1998, 2000) as well as the proxy variable methods
(Olley and Pakes, 1996; Levinsohn and Petrin, 2003; Ackerberg, Caves, and Frazer, 2006,
henceforth OP, LP, and ACF, respectively) that are now prevalent in the applied literature on
production function estimation.
Our first contribution in this paper is to show that these structural estimation methods face
a fundamental identification problem when the production function contains flexible inputs,
i.e., inputs that are variable in each period and have no dynamic implications, which is how
intermediate inputs (raw materials, energy, and services) are typically modeled. The reason
is intuitive: because flexible inputs are static decision variables, lagged input decisions do not
directly affect current choices.
Although the idea that flexible inputs may pose an identification problem has been suggested previously (see Mendershausen, 1938; Marschak and Andrews, 1944; Bond and Söderbom, 2005; and ACF), the exact nature of the problem has not been formalized. In this paper
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we provide a formal proof of nonparametric non-identification under the standard model of
production used in the literature.1 As we preview below, the resulting problems for empirical
work are much more severe than has been previously appreciated.
Our second contribution is that we present a new nonparametric identification strategy that
solves the problem associated with flexible inputs in the production function. The key to our
approach is that we exploit the information about the production function that is contained
in the firm’s first order condition for a flexible input. In parametric examples, such as CobbDouglas production functions, this basic idea dates back to at least Klein (1953) and Solow
(1957).2 Our key innovation is that we show that the information in the first order condition can
be used in a completely nonparametric way, i.e, without making functional form assumptions
on the production function. Thus we provide the first nonparametric identification result for
the production function (of which we are aware) under the standard model in the literature (as
described in Section 2). There are two main steps in our result.
In the first step we transform the flexible input’s first order condition to nonparametrically
identify both the flexible input’s elasticity of production and ex-post shocks to output from
the observed revenue share of that input. These are both identified from the nonparametric
regression of the intermediate input’s revenue share on all inputs (labor, capital, and intermediate inputs). Intuitively, when forming the revenue share of the flexible input, we difference
out the component of productivity responsible for endogeneity. Since this term effectively
cancels out, this allows us to identify the effect of observed changes in the flexible input on
output even without independent exogenous variation in the flexible input. This is a nonparametric analogue of revenue shares directly identifying the intermediate input coefficient in a
Cobb-Douglas setting. Moreover, the residual from this regression identifies ex-post shocks
to production, and is thus also analogous to the first stage regression in ACF, except that we
1

The model described in Section 2 contains the key components of the model in OP that underlies much of
the subsequent empirical work on production function and productivity estimation. It also shares major elements
with the models of production in the economics of education literature, e.g., Hanushek (1971), Todd and Wolpin
(2003), and Cunha, Heckman, and Schennach (2010).
2
In the simplest case of a Cobb-Douglas production function, the revenue share of a flexible input identifies
that input’s coefficient in the production function.
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not only identify ex-post shocks to output but also the flexible input’s elasticity.
In the second step, we recognize that the flexible input elasticity defines a partial differential equation on the production function, which imposes nonparametric cross-equation
restrictions with the production function itself. We can solve this partial differential equation
to nonparametrically identify the part of the production function that depends on the flexible
input. We then combine this with conditional moment restrictions based on lagged input decisions for the remaining inputs (as used in the structural estimation methods discussed above),
in order to nonparametrically identify both the rest of the production function and productivity. Thus, our key contribution is to show that the first order condition implies nonparametric
cross-equation restrictions that can be exploited in a way that does not rely on the researcher
a priori knowing the form of the production function.
The common empirical practice in the literature of estimating a value-added production
function is a potential reason for why the identification problem discussed above has gone
unrecognized. In order to analyze the effects of just the primary inputs (capital and labor) on
the output of the firm, value added involves subtracting the value of intermediate inputs from
gross output and redefining the object of interest to be a value-added production function.
Since, in theory, the remaining function only depends on capital and labor, there is seemingly
no identification problem associated with intermediate inputs, and the structural estimation
methods mentioned above can be employed.
Our third contribution is to show that this logic is not correct. We first show that the use of
value added does not solve the fundamental identification problem associated with intermediate inputs. While value added is a well-defined concept, it cannot be used to identify features
of interest (including productivity) from the underlying gross output production function under
the standard model of production described in Section 2. Determining the empirical relevance
of the misspecification arising from using value added is ultimately an empirical question, and
a significant one,3 since recovering productivity at the firm level is critical to addressing a
3

There is a large literature that has generated several stylized facts about heterogeneity of productivity at the
firm level. Among these are the general understanding that even narrowly defined industries exhibit “massive”
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wide of range of economic policy issues.4
In order to investigate this further, we then apply our identification strategy to plant-level
data from Colombia and Chile to study the underlying patterns of productivity under gross
output compared to value-added specifications. We find that productivity differences become
orders of magnitude smaller and sometimes even change sign when we analyze the data via
gross output rather than value added. For example, the standard 90/10 productivity ratio taken
among all manufacturing firms in Chile is roughly 9 under value added (meaning that the 90th
percentile firm is 9 times more productive than the 10th percentile firm), whereas under our
gross output estimates this ratio falls to 2. Moreover, these dispersion ratios exhibit a remarkable degree of stability across industries and across the two countries when measured via gross
output, but exhibit much larger cross-industry and cross-country variance when measured via
value added. We further show that value added mismeasures in an economically significant
way the productivity premium of firms that export, firms that import, firms that advertise, and
higher wage firms as compared to gross output.
Our findings illustrate the empirical importance of the misspecification introduced by using
value added and emphasize the empirical relevance of our identification strategy for gross
output production functions. Our empirical results suggest that the bias introduced from using
value added is at least as important, if not more so, than the transmission bias that has been
the main focus of the production function estimation literature to date.
The rest of the paper is organized as follows. In Section 2 we describe the model and
characterize the identification problem caused by flexible inputs. In Section 3 we present our
nonparametric identification and estimation strategy. Section 4 compares our approach to the
related literature. Section 5 shows that the use of value added does not solve the identification
unexplained productivity dispersion (Dhrymes, 1991; Bartelsman and Doms, 2000; Syverson, 2004; CollardWexler, 2010; Fox and Smeets, 2011), and that productivity is closely related to other dimensions of firm-level
heterogeneity, such as importing (Kasahara and Rodrigue, 2008), exporting (Bernard and Jensen, 1995, Bernard
and Jensen, 1999, Bernard et al., 2003), wages (Baily, Hulten, and Campbell, 1992), etc. See Syverson (2011)
for a review of this literature.
4
Examples are the impact of trade liberalization on productivity (Pavcnik, 2002), the importance of the misallocation of resources (Hsieh and Klenow, 2009), and the effect of R&D and innovation (Doraszelski and Jaumandreu, 2013), to name just a few.
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problem. In Section 6 we describe the Colombian and Chilean data and show the results
comparing gross output to value added for productivity measurement. In particular, we show
evidence of large differences in unobserved productivity heterogeneity suggested by value
added relative to gross output. Section 7 concludes with an example of the policy relevance of
our results.

2

The Identification Problem

2.1

The Model

For the sake of concreteness we adopt the economic model of production used in the structural “proxy variable” approach to estimating production functions (OP/LP/ACF), which has
become a widely used approach to estimating production functions and productivity in applied work. One of the main points in this paper is to demonstrate that despite the ubiquity of
these approaches in empirical work, they are insufficient for identification of the production
function and productivity.5 The economic model consists of three basic components: 1) the
structure of the production function 2) the evolution of productivity and 3) the timing of input
decisions.
We observe a panel consisting of firms j = 1, . . . , J over periods t = 1, . . . , T .6 The firm’s
output, labor, capital, and intermediate inputs will be denoted by (Yjt , Ljt , Kjt , Mjt ) respectively. Their log values will be denoted by (yjt , ljt , kjt , mjt ). We assume that the relationship
between output and inputs is determined by an underlying production function Ft , which is
allowed to vary over time, and a Hicks neutral productivity shock νjt .
5

The identification problem we isolate also applies to the dynamic panel approach to production function estimation following Arellano and Bond (1991); Blundell and Bond (1998, 2000). We draw an explicit comparison
to the dynamic panel literature in Section 4.3.
6
We assume a balanced panel both for notational simplicity and because the empirical literature has found
little evidence that selection due to attrition makes much of a difference in practice (see OP, GM, and LP).
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Assumption 1. The relationship between output and the inputs takes the form
Yjt = Ft (Ljt , Kjt , Mjt ) eνjt .
The Hick’s neutral productivity shock νjt is decomposed as νjt = ωjt + εjt . The next
assumption discusses the properties of each and their economic significance. Let Ijt denote
the information available to the firm for making period t decisions.
Assumption 2. ωjt ∈ Ijt is a persistent productivity shock. In particular, ωjt is Markovian so
that its distribution can be written as Pω (ωjt | Ijt−1 ) = Pω (ωjt | ωjt−1 ). The ex-post shock
εjt ∈
/ Ijt is drawn from a distribution Pε (εjt | Ijt ) = Pε (εjt ).
It follows that we can express ωjt = h(ωjt−1 ) + ηjt , where ηjt satisfies E [ηjt | ωjt−1 ] = 0
and can be interpreted as the “innovation” to the firm’s persistent productivity ωjt in period
t. It also follows that ηjt is independent of Ijt−1 conditional on ωjt−1 , and this conditional
independence property will play an important role in what follows.7 Without loss of generality,
we can normalize E [εjt | Ijt ] = E [εjt ] = 0, which is in units of log output. The expectation
of the ex-post shock, in units of the level of output, thus becomes a free parameter which we
denote as E = E [eεjt | Ijt ] = E [eεjt ].8
Following GM, we distinguish inputs based upon how they are adjusted by the firm over
time. We classify inputs as flexible inputs or quasi-fixed inputs. Quasi-fixed inputs are subject to adjustment frictions (e.g., time-to-build, fixed investment costs, hiring/firing costs).9
Flexible inputs are static inputs that the firm can freely adjust in each period. They have no
dynamic implications, i.e., their period t levels do not affect the firm’s profit in future periods.
The significance of this separation is two-fold. First, quasi-fixed inputs generate a source
7

It is straightforward to allow the distribution of Pω (ωjt | Ijt−1 ) to depend upon other elements of Ijt−1 ,
such as firm export or import status, R&D, etc. In these cases ωjt becomes a controlled Markov process from the
firm point of view. See Kasahara and Rodrigue (2008) and Doraszelski and Jaumandreu (2013) for examples.
8
See Goldberger (1968) for an early discussion of the implicit reinterpretation of results that arises from
ignoring E (i.e., setting E≡ E [eε ] = 1 while simultaneously setting E [ε] = 0) in the context of Cobb-Douglas
production functions.
9
See ACF and Ackerberg et al. (2007) for a more in-depth discussion of these frictions.
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of exogenous variation based upon lagged decisions for these inputs. Second, flexible inputs
can be used to proxy for productivity (as in LP and ACF). These two ingredients are central to
the proposed identification strategy of the modern literature, and we capture them in the next
two assumptions.
Assumption 3. Kjt and Ljt are quasi-fixed and determined at or prior to period t − 1. Mjt is
determined flexibly at period t.
Assumption 3 employs the “adjustment lag” or “time to build” approach for concreteness
of exposition and because of its prominent role in the literature. Our analysis is amenable to
many alternative assumptions about adjustment frictions that can be made, such as adjustment
costs (e.g., hiring/firing costs).
Together, Assumptions 2 and 3 imply the following:

E [ηjt + εjt | Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 , ..., L1 , K1 , M1 ] = 0.

(1)

These conditional moment restrictions have been used in the structural estimation literature to
form moments for estimation.10
Assumption 4. Intermediate inputs, Mjt , can be written as Mjt = Mt (Ljt , Kjt , ωjt ), where
Mt is strictly monotone in ωjt for any (Ljt , Kjt ).
Although this assumption is usually justified by noting that it follows from the cost minimization/profit maximization of the firm under fairly weak conditions on the production function, it is typically invoked on its own (i.e., without direct reference to the optimizing behavior
of the firm).
The influential insight of LP and the further development by ACF shows that, as a consequence of Assumption 3, Mt can be inverted to yield ωjt = M−1
t (Ljt , Kjt , Mjt ). As a result,
10
Only capital was taken to be quasi-fixed in the original OP/LP articles. However, ACF demonstrated that,
given the other assumptions of the model and absent other variation, it is necessary that labor also be subject to
some adjustment friction for identification purposes.
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observed inputs can be used to “proxy” for unobserved productivity ωjt , which is the basis for
the proxy variable terminology.11
Assumptions 1-4 now represent the standard restrictions used by the extensive literature on
the estimation of production functions and productivity based on variants of the OP/LP/ACF
methodology. These assumptions have been used to justify identification strategies for dealing with the correlation between observed inputs and unobserved productivity (transmission
bias). In the next section we show that in the environment described by these assumptions, the
production function ft and productivity νjt are still nonparametrically not identified due to the
presence of flexible inputs, Mjt .

2.2

The Identification Problem with Flexible Inputs

The presence of flexible inputs has been previously recognized in the literature as a potential
source of identification problems (see Mendershausen, 1938; Marschak and Andrews, 1944;
Bond and Söderbom, 2005; and ACF). Here we present a formal argument that the production
function is nonparametrically not identified in the presence of flexible inputs under Assumptions 1-4.
Consider a population of firms where the joint distribution of the observables (YjT ,LjT ,
KjT ,MjT ,YjT −1 ,...,Yj1 ,...,Mj1 ) among firms in the population is identified in the data. The
relationship between output and input can be expressed as
Qjt = Ft (Ljt , Kjt , Mjt )eωjt ,

(2)

Yjt = Qjt eεjt .

(3)

Expressed in logs, equation (3) becomes

yjt = ft (Ljt , Kjt , Mjt ) + ωjt + εjt ,
11

(4)

OP employ an equivalent monotonicity assumption for investment in physical capital. The identification
problem we study in Section 2.2 applies to both proxy variable approaches.
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where ft = ln Ft . The empirical problem is to identify the function ft , which allows us to
identify the joint distribution of productivity ωjt + εjt = yjt − ft (Ljt , Kjt , Mjt ) and the other
firm observables.
The literature has proceeded to estimate production functions seemingly on the basis that
Assumptions 2-4 generate enough sources of exogenous variation to identify the production
function ft with instrumental variables. Let Γjt = (Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 , . . . , Lj1 , Kj1 ,
Mj1 ) denote the 3 (t − 1) + 2 available exogenous variables (with respect to ηjt + εjt ). Despite
this apparent abundance of instruments, the structural model ft is not identified. We formally
now state
Theorem 1. Given Assumptions 1-4, for any production function ft there exists an alternative
production function f¯t such that for any constant c, f¯t �= ft + c, and such that f¯t generates the
same reduced form E [yjt | Γjt ] as ft with positive probability. Hence, the production function
ft is not identified (up to a constant) from the reduced form.
The formal proof of the theorem is included in Appendix A. The intuition for why the production function is not identified can be seen by considering both (4) alongside the intermediate inputs equation in Assumption 4, which gives us a (nonparametric) triangular simultaneous
equation system. We can write ωjt−1 = M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 ) to rewrite the production
function as






yjt =ft (Ljt , Kjt , Mjt ) + h M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 ) + ηjt + εjt ,
�
��
�

(5)

ωjt−1

and form the (identifiable) conditional expectation of yjt on Γjt

E [yjt |Γjt ] = E [ft (Ljt , Kjt , Mjt ) |Γjt ] + ht (Ljt−1 , Kjt−1 , Mjt−1 ) ,
�
�
where ht (Ljt−1 , Kjt−1 , Mjt−1 ) ≡ h M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 ) .

The key is that since ηjt is independent of Γjt as a consequence of Assumption 2,
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E [ft (Ljt , Kjt , Mjt ) |Γjt ] will just depend on (Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 ). Consequently,
there are only five exogenous variables that can be used to vary each of the six coordinates of
these functions (ft and ht ) independently.
�
�
�
�
In other words, since Mjt = Mt Ljt , Kjt , h M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 ) + ηjt , conditional on Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 , the only source of variation left for Mjt is the unobservable ηjt which is also in the residual of the production function. Thus the flexible input
lacks an instrument from outside of the production function. Its only sources of exogenous
variation are inputs that are included on the right hand side of equation (5). It is this lack of an
exclusion restriction that creates the fundamental identification problem.12 The proof of the
theorem is based on a formalization of these ideas.13,14
In light of Theorem 1, estimating the model described by Assumptions 1-4 by using “flexible parametric approximations” to the production function is not a valid procedure. The
parametric assumptions employed cannot be seen as flexible approximations but rather structural assumptions on the shape of the economic primitives, and researchers will generally
have little basis for imposing these restrictions. Our Theorem 1 implies that Assumptions 1-4
alone do not allow researchers to identify the shape of the production function from data. In
so far as the imposed parametric restrictions do not hold, and there is little a priori reason
12

Intermediate input prices have been suggested as a potential external instrument to address this identification
problem. In Section 4.1 we provide a more detailed discussion of the use of prices as exclusion restrictions, as
well as the potential problems associated with this approach.
13
It may be possible to achieve identification in the absence of exclusion restrictions by imposing additional
restrictions. One example is using heteroskedasticity restrictions (see e.g., Rigobon, 2003; Klein and Vella, 2010;
and Lewbel, 2012), although these approaches require explicit restrictions on the form of the error structure. We
thank an anonymous referee for pointing this out. We are not aware of any applications of these ideas in the
production function setting.
14
Note that the procedure proposed by Wooldridge (2009) that is now widely used in the literature – under the
premise that the moments it exploits solves the identification problem raised by ACF – is in fact nonparametrically not identified. The estimating equation used in Wooldridge is




yjt = αljt + βkjt + γmjt + h M−1
t−1 (ljt−1 , kjt−1 , mjt−1 ) + ηjt + εjt .
�
��
�
ωjt−1

where (ljt , kjt ) and lagged values of (ljt−k , mjt−k , kjt−k ) for k ≥ 1 are used as instruments. In this parametric
example, the problem is in identifying γ. As our Theorem 1 shows, mjt lacks any exogenous variation after
conditioning on (ljt , kjt , ljt−1 , kjt−1 , mjt−1 ) and the model is nonparametrically (semi-parametrically in this
example) not identified.
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they should, the estimator will no longer be consistent and can generate misleading inferences about the production function and productivity (see Manski, 2003; Roehrig, 1988; and
Matzkin, 2007 for more detail). Furthermore, as we show in Appendix B, for the case of the
commonly-employed Cobb-Douglas form, even imposing structural parametric assumptions
is not necessarily sufficient to solve the identification problem.
In the next section, we show that this fundamental identification problem can be solved
by exploiting the full power of the firm’s optimizing behavior. While Assumption 4 is one
implication of the optimizing behavior of the firm, the economics of the firm’s problem implies
a first-order condition for flexible inputs, which contains important nonparametric information
about the production function, not only about the unobservables (ω and ε).

3

Nonparametric Identification via First Order Conditions

We focus attention in the main body on the classic case of perfect competition in the intermediate input and output markets. The perfect competition case makes our proposed solution to
the identification problem caused by intermediate inputs particularly evident. In Online Appendix O1, we show that under imperfect competition the same identification problem arises
and our approach can be extended to handle this case.
Let ρt denote the intermediate input price and Pt denote the output price facing all firms in
period t. Since capital and labor are determined prior to period t and the choice of intermediate
inputs does not have any dynamic implications, the prices of capital and labor are not relevant
for the choice of intermediate inputs Mjt . Thus (Ljt , Kjt , ωjt , ρt , Pt ) is the vector of variables
relevant for the firm’s choice of Mjt . The first order condition with respect to Mjt yields,
Pt FM,t (Ljt , Kjt , Mjt ) eωjt E = ρt ,

(6)

where FM,t denotes the partial derivative of Ft with respect to M and E = E [eεjt ]. Thus Mjt
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is an implicit function of (Ljt , Kjt , ωjt , ρt , Pt ), i.e.,
� t (Ljt , Kjt , ωjt , ρt , Pt ) = Mt (Ljt , Kjt , ωjt ).
Mjt = M

(7)

Recall that the source of the identification problem is that the intermediate inputs demand,
equation (7), does not include any source of variation excluded from the production function.
By just imposing Assumption 4, we are failing to use all the information provided by the economics of the problem via the firm’s first order condition in equation (6). Our solution to this
problem is based on recognizing that despite this fundamental lack of variation, Mt is actually an implicit function of the elasticity of intermediate inputs (and hence of the production
function itself) as we show below. We make this implicit relationship an explicit one by transforming the first order condition to identify the intermediate inputs elasticity and the ex-post
shock εjt nonparametrically, which fills the void left by the lack of an exclusion restriction
in Theorem 1. The additional information that we derive from the underlying economics of
the intermediate inputs equation (which the proxy variable approach does not exploit) can be
combined with the standard timing assumptions (Assumption 3), and the implied conditional
moment restrictions in equation (1) to give full nonparametric identification of the production
function ft .
The key idea behind our identification strategy is to recognize that the production function
(4) and the first order condition (6) form a system of equations

ln ρt = ln Pt + ln FM,t (Ljt , Kjt , Mjt ) + ln E + ωjt
yjt = ft (Ljt , Kjt , Mjt ) + ωjt + εjt ,
which we can difference to remove the persistent productivity shock ωjt . Adding mjt to each
side and re-arranging terms gives

sjt = ln Gt (Ljt , Kjt , Mjt ) + ln E − εjt ,
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(8)

where Gt (Ljt , Kjt , Mjt ) ≡

FM,t (Ljt ,Kjt ,Mjt )Mjt
Ft (Ljt ,Kjt ,Mjt )

is the elasticity of the production function

Ft (Ljt , Kjt , Mjt ) with respect to intermediate inputs, and sjt = ln

ρt Mjt
Pt Yjt

is the log of the

nominal share of intermediate inputs. We observe sjt in the data and hence the nonparametric
regression of sjt on (Ljt , Kjt , Mjt ) identifies both Gt (Ljt , Kjt , Mjt ) E and the ex-post shock
εjt .15 We thus can recover E = E [eεjt ] and hence the elasticity Gt (Ljt , Kjt , Mjt ) from the
nonparametric regression (8). We will refer to this nonparametric regression as the share regression.
Given that
culus16

�

Gt (Ljt ,Kjt ,Mjt )
Mjt

=

∂
∂Mjt

ln Ft (Ljt , Kjt , Mjt ), by the fundamental theorem of cal-

Gt (Ljt , Kjt , Mjt )
dMjt = ln Ft (Ljt , Kjt , Mjt ) + Ct (Ljt , Kjt ) .
Mjt

(9)

The share regression allows us to nonparametrically identify the production function
ft (Ljt , Kjt , Mjt ) = ln Ft (Ljt , Kjt , Mjt ) up to a constant of integration Ct (Ljt , Kjt ) that only
depends upon the quasi-fixed inputs.17 To identify this constant and hence the production
function as a whole, we can now use the standard moments of equation (1) for quasi-fixed
inputs. In particular, by differencing the production function and equation (9), we have

yjt −

�

Gt (Ljt , Kjt , Mjt )
dMjt − εjt = −Ct (Ljt , Kjt ) + ωjt .
Mjt

(10)

15
In Online Appendix O1 we also show that, when the production function does not vary over time, the revenue
share of a flexible input allows us to nonparametrically recover the pattern of industry markups over time, a new
and potentially useful result.
16
We have used indefinite integral notation here for notational ease, but strictly speaking the operation of
integrating up the function G identified from the data should be done using a definite integral,

�

Mjt
Ljt

Gt (Ljt , Kjt , m)
dm = ln Ft (Ljt , Kjt , Mjt ) + Ct (Ljt , Kjt ) ,
m

where Ljt ≤ Mjt is any lower bound such that the support of intermediate inputs conditional on (Kjt , Ljt ) over
� M G (L ,K ,m)
the interval [Ljt , Mjt ] is continuous (and hence the integral Ljtjt t jtm jt dm can be recovered in the data).
17
See Houthakker (1950) for a similar solution to the related problem of how to recover the utility function
from the demand functions.

14

Note that the left hand side of this equation

Yjt ≡ yjt −

�

Gt (Ljt , Kjt , Mjt )
dMjt − εjt
Mjt

(11)

is an observable random variable because it is based upon primitives identifiable from the data.
Since ωjt = Yjt + Ct (Ljt , Kjt ), the remainder of the model can be expressed as
Yjt + Ct (Ljt , Kjt ) = h (Yjt−1 + Ct (Ljt−1 , Kjt−1 )) + ηjt .

(12)

It follows that because Assumptions 2 and 3 imply that E [ηjt | Ljt , Kjt , Yjt−1 , Ljt−1 , Kjt−1 ] =
0, Ct (Ljt , Kjt ) is identified from the following nonparametric regression:18

Yjt = −Ct (Ljt , Kjt ) + h̃t (Yjt−1 , Ljt−1 , Kjt−1 ) + ηjt .
Since we can recover Ct (Ljt , Kjt ), it is clear from equation (9) that the production function,
and hence productivity, is identified.

3.1

Estimation

In this section we show how to obtain a simple nonparametric estimator of the production
function that is an analogue of our identification proof. For notational simplicity we drop the
time index from the estimation.19
We use standard sieve series estimators as analyzed by Chen (2007), and propose a finitedimensional truncated linear series given by a complete polynomial of degree r for the share
regression. Given the observations {(Yjt , Ljt , Kjt , Mjt )}Tt=1 for the firms j = 1, . . . , J sam18

Under alternative models of adjustment frictions, such as allowing capital and labor to be flexible but subject to adjustment costs, the appropriate moment condition involves lagging capital and labor one period, i.e.,
E [ηjt | Ljt−1 , Kjt−1 , Yjt−1 , Ljt−2 , Kjt−2 ] = 0. It is straightforward to replace our assumptions about the
evolution of the quasi-fixed inputs for these alternative models.
19
That is, the parameters we use to define the series estimators below, (γ, τ ), should be indexed by time.
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pled in the data, we propose to use a polynomial (in logs):

Gr (Ljt , Kjt , Mjt ) E =

�

rl +rk +rm ≤r

and we use the sum of squared residuals,

rl rk rm
γr� l ,rk ,rm ljt
kjt mjt , with rl , rk , rm ≥ 0

�

jt

(13)

ε2jt , as our objective function. For a complete

polynomial of degree two, our estimator would solve:

min
�
γ
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j,t



�
�
�
�
� 2
�
2
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sjt − ln 

�
�
�
�

+γmm
m2jt + γlk
ljt kjt + γlm
ljt mjt + γkm
kjt mjt

2



 .



The solution to this problem is an estimator Ĝr (Ljt , Kjt , Mjt ) E (i.e., of the elasticity up to
the constant E) as well as the residual ε̂jt corresponding to the ex-post shocks to produc� ε̂jt
γ�
1
tion.20 Since we can estimate Ê = JT
j,t e , we can recover γ ≡ E , and thus estimate
Ĝr (Ljt , Kjt , Mjt ) from equation (13), free of the constant.

Following our identification strategy, in the second step we calculate the integral in (9).
One advantage of the polynomial sieve estimator we have selected is that this integral will
have a closed-form solution:

Gr (Ljt , Kjt , Mjt ) ≡

�

�
Gr (Ljt , Kjt , Mjt )
dMjt =
Mjt
r +r +r
l

k

m

γrl ,rk ,rm rl rk rm +1
l k m
.
r + 1 jt jt jt
≤r m

For a degree two estimator we would have


γm
mjt
2

 γ0 + γk kjt + γl ljt +
Ĝ2 (Ljt , Kjt , Mjt ) = 
+ γmm
m2jt + γlk ljt kjt +
3
With an estimate of εjt and of
20
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G(Ljt ,Kjt ,Mjt )
dMjt
Mjt
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2
γll ljt

γlm
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2 jt jt

+

+

2
γkk kjt

γkm
kjt mjt
2




 mjt .

in hand, we can form a sample analogue

As with all nonparametric sieve estimators, the number of terms in the series increases with the number of
observations. Under mild regularity conditions these estimators will be consistent and asymptotically normal for
sieve M-estimators like the one we propose. See Chen (2007).
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of (11): Ŷjt ≡ ln

�

Yjt

�

. Finally, in order to recover the constant of integration
(
)
in (12), we also use a similar complete polynomial series estimator.21 That is, we use
eε̂jt e

Gˆr Ljt ,Kjt ,Mjt

Cτ (Ljt , Kjt ) =

�

τl τk
ατl ,τk ljt
kjt , with τl , τk > 0

τl +τk ≤τ

for some degree τ (that increases with the number of observations), to form ωjt (α) = Ŷjt +
Cτ (Ljt , Kjt ) . We then run a nonparametric regression of ωjt (α) on ωjt−1 (α) to recover
ηjt (α). This also produces an estimate of h (ωjt−1 ), the Markovian process for ω, as a function of α. We then use the restrictions implied by the moment conditions E [ηjt | kjt , ljt ] = 0
to form a standard sieve GMM criterion function to estimate α.22

3.2

Allowing for Fixed Effects

One benefit of our identification strategy is that it can easily incorporate fixed effects in productivity. With fixed effects, the production function in equation (4) can be written as

yjt = ft (Ljt , Kjt , Mjt ) + ω
�jt + εjt ,

(14)

where ω
�jt ≡ aj + ωjt , and aj is the fixed effect. From the firm’s perspective, the optimal decision problem for intermediate inputs is the same as before, and the first part of our approach

(the nonparametric share regression) is the same up through equation (11), with ω
�jt replacing
ωjt . The second half of our approach can be easily augmented to allow for the fixed effects.
In particular, the equivalent of equation (12) is given by:

Yjt + Ct (Ljt , Kjt ) = aj + δ [Yjt−1 + Ct (Ljt−1 , Kjt−1 )] + ηjt .
21

As is well known, it is not possible to separately identify a constant in the production function from mean
productivity, E [ωjt ]. In our context this means that we normalize C (Ljt , Kjt ) so that it contains no constant.
22
Asymptotic standard errors for the nonparametric estimates in this second stage require results from two step
nonparametric sieve estimation recently provided by "Asymptotic Properties of Nonparametric Two-Step Sieve
Estimates" (Xiaohong Chen, Jinyong Hahn, Zhipeng Liao, and Geert Ridder), which generalizes the existing
semiparametric two step GMM estimation literature to allow for nonparametric functions in both steps.
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Subtracting the counterpart for period t − 1 eliminates the fixed effect. Re-arranging terms
leads to a similar equation as the setup without fixed effects:
�
Yjt = −Ct (Ljt , Kjt ) + �
ht (Yjt−1 , Ljt−1 , Kjt−1 , Yjt−2 , Ljt−2 , Kjt−2 ) + (ηjt − ηjt−1 ) .
Since E [ηjt − ηjt−1 | Ljt−1 , Kjt−1 , Yjt−2 , Ljt−2 , Kjt−2 , Yjt−3 , Ljt−3 , Kjt−3 ] = 0, this regression equation identifies Ct (Ljt , Kjt ). The estimation strategy for the model with fixed effects
is almost exactly the same as without fixed effects. The first stage, estimating Ĝ (Ljt , Kjt , Mjt ),
is the same. We then form Ŷjt in the same way, and use the same series estimator for
Cτ (Ljt , Kjt ). The difference is that instead of regressing ωjt (α) on ωjt−1 (α) to recover
ηjt (α), we regress (�
ωjt − ω
�jt−1 ) (α) on (�
ωjt−1 − ω
�jt−2 ) (α) to recover (ηjt − ηjt−1 ) (α), where
ω
�jt (α) = Ŷjt + aj + Cτ (Ljt , Kjt ) . We then use the restrictions implied by the moment conditions E [ηjt − ηjt−1 | kjt−1 , ljt−1 ] = 0 to recover α using GMM, as above.

4

Relationship to Literature

4.1

Price Variation as an Instrument

Recall that the identification problem with respect to intermediate inputs stems from insufficient variation in Mjt to identify their influence in the production function independently
of the other inputs. However, by looking at the intermediate input demand equation, Mjt =
� t (Ljt , Kjt , ωjt , ρt , Pt ), it can be seen that if prices (Pt , ρt ) were firm specific, they could
M

potentially serve as a source of variation to address the identification problem. In fact, given
enough sources of price variation, prices could be used directly as instruments to estimate the
entire production function while controlling for the endogeneity of input decisions.
However, the validity of prices as instruments has been found to be problematic both in
theory and practice (see GM and Ackerberg et al., 2007). First, in many firm-level production
datasets, prices are not observed. Moreover, even if price variation is observed, in order to be

18

useful as an instrument it must reflect differences due to firms being in separate markets, as
opposed to differences due to market power or the quality of either inputs or output. If prices
vary due to market power, it may no longer be the case that this variation is exogenous with
respect to the innovation to productivity, ηjt . Furthermore, to the extent that input and output
prices capture quality differences, prices should be included in the measure of the quantity
of the input. For example, if wage differences across firms reflect differences in the average
human capital of the workers at those firms, labor should be measured using the total wage
bill, rather than the number of workers. This is because for firms with workforces that have
low (high) average human capital, the number of workers overestimates (underestimates) the
total productivity value of the workers.23
This suggests that price variation, even if it is observed, may not be a suitable source of
exogenous variation. This is not to say that if one can isolate exogenous price variation, it
should not be used to aid in identification. The point is that just observing price variation is
not enough. The case must be made that price variation is indeed exogenous. An alternative approach may be to treat lagged prices as instruments for flexible inputs assuming that
prices are serially correlated and vary by firm. Doraszelski and Jaumandreu (2013) explore
this type of approach. However, their empirical strategy hinges critically on exploiting both
the assumption that lagged price variation is exogenous (thereby imposing important restrictions on the joint evolution of prices and productivity) as well as the parametric form of the
production function (since they employ a parametric version of LP).

24

Our approach offers

an alternative identification strategy that can be employed even without external instruments,
such as price variation, and it does not require parametric assumptions on the production function. Provided that the first-order condition for intermediate inputs still holds, our method can
incorporate price variation, regardless of whether it is exogenous or not.
23

Recent work has suggested that quality differences may be a key driver of price differences. As noted by
GM, “Why do wages differ across firms at a point of time and within firms over time? The first is likely to be
related to differences in the quality of labor...” In addition, Fox and Smeets (2011) finds that differences in wages
paid by firms almost entirely measure differences in the human capital, and therefore quality, of their workers.
24
See Appendix B for further discussion on the role of parametric assumptions in identification with price
variation.
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4.2

Exploiting First-Order Conditions

The use of first-order conditions for the estimation of production functions dates back to at
least the work by Klein (1953) and Solow (1957),25 who recognized that for a Cobb-Douglas
production function, there is an explicit relationship between the parameters representing input
elasticities and input cost or revenue shares. This observation forms the basis for index number
methods (see e.g., Caves, Christensen, and Diewert, 1982) that are used to nonparametrically
recover input elasticities and productivity.26
Griliches and Ringstad (1971) also exploit the relationship between the first order condition for a flexible input and the production function in a Cobb-Douglas parametric setting.
They use the average revenue share of the flexible input to measure the output elasticity of
flexible inputs. This combined with the log-linear form of the Cobb-Douglas production function allows them to then subtract out the term involving flexible inputs. Finally, under the
assumption that the quasi-fixed inputs are predetermined and uncorrelated with productivity
(not just the innovation), they estimate the coefficients for the quasi-fixed inputs.27
Our identification solution can be seen as a nonparametric generalization of the Griliches
and Ringstad (1971) empirical strategy. Instead of using the Cobb-Douglas restriction, our
share equation (8) instead uses revenue shares to estimate input elasticities in a fully nonparametric setting. In addition, rather than subtract out the effect of intermediate inputs from
the production function, we instead integrate up the intermediate input elasticity and take advantage of the nonparametric cross-equation restrictions between the share equation and the
production function. Furthermore, we allow for quasi-fixed inputs to be correlated with pro25
Other examples of using first-order conditions to obtain identification include Stone (1954) on consumer
demand, Heckman (1974) on labor supply, Hansen and Singleton (1982) on Euler equations and consumption,
Paarsch (1992) and Laffont and Vuong (1996) on auctions, and Heckman, Matzkin, and Nesheim (2010) on
hedonics.
26
Index number methods are grounded in three important economic assumptions. First, all inputs are flexible
and competitively chosen, which rules out quasi-fixed inputs. Second, the production technology exhibits constant returns to scale, which while not strictly necessary is typically assumed in order to avoid imputing a rental
price of capital. Third, and most importantly for our comparison, there are no ex-post shocks to output. Allowing
for ex-post shocks in the index number framework can only be relaxed by assuming that elasticities are constant
across firms, i.e., by imposing the parametric structure of Cobb-Douglas.
27
LP suggest a similar approach in an appendix.
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ductivity, but uncorrelated with just the innovation to productivity.

4.3

Dynamic Panel

An alternative approach employed in the empirical literature is to use dynamic panel methods
(Arellano and Bond (1991) and Blundell and Bond (1998, 2000)). Under a linear parametric
restriction on the evolution of ωjt , these methods take advantage of the conditional moment
restrictions (equation (1)) implied by Assumptions 2 and 3, which allow for the use of appropriately lagged inputs as instruments.
If one were willing to step outside the model described in Section 2.1 and replace Assumption 3 with an assumption that ALL inputs are quasi-fixed (i.e., rule out the existence
of flexible inputs), then it would be possible to use dynamic panel methods to estimate the
production function and productivity. However, the bulk of empirical work based on production function estimation has focused on environments in which some inputs are quasi-fixed
(namely capital and labor) and some inputs are flexible (namely intermediate inputs). It is this
setting that motivates our problem and distinguishes our approach from the dynamic panel
literature.

4.4

Proxy Variable Methods

It is also instructive to compare our empirical strategy with the literature on the structural
estimation of production functions à la OP/LP/ACF. In particular, the ACF approach identifies
the ex-post shock εjt from a first stage regression of output on all the inputs and a proxy
variable. The main insight of LP was that intermediate inputs Mjt can act as the proxy variable,
and ACF largely focus their attention on this case. In a second stage, having separated εjt
from the production function, moment conditions with the innovation ηjt are used to identify
the production function parameters.
It is important to emphasize that the identification problem we reveal in Section 2.2 is distinct from the one that is the focus of ACF. ACF point out that under the same basic Assump-
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tions (1, 2, and 4) that underlie the OP/LP methodology, the adjustment frictions introduced
in Assumption 3 are necessary for identification.28 Our key contribution in Theorem 1 is that
although Assumption 3 is necessary, it is still not sufficient for identification. However, in
contrast to the dynamic panel literature discussed above, it is not possible here to apply the
ACF solution for labor (i.e., introducing adjustment frictions) to intermediate inputs. The reason is that then intermediate inputs would no longer serve the proxy variable role it plays in
Assumption 4.29
In contrast to the proxy variable approach, we identify the ex-post shock εjt in a first stage
using the nonparametric share regression (8) rather than a proxy equation. Our nonparametric
first stage also allows us to recover the output elasticity of the intermediate inputs. In this
sense, the nonparametric share regression contains more information than the nonparametric
proxy regression. It is this additional information that allows us to solve the identification
problem caused by flexible inputs in the production function. Our identification strategy otherwise makes the same assumptions as these structural methods.

5

Value Added and the Identification Problem

A common empirical approach that seemingly avoids the identification problem caused by
intermediate inputs is to exclude them from the model and redefine the object of interest to
be a value-added function. The goal is then to estimate firm-level productivity eωjt +εjt and
certain features of the production function F (Ljt , Kjt , Mjt ) (e.g., output elasticities of inputs)
with respect to the “primary inputs”, capital and labor, from this value-added function. The
use of value added is typically justified in one of two ways: via the restricted profit function
28

This means in particular that the labor coefficient in a Cobb-Douglas specification can no longer be identified
in the first stage of OP/LP.
29
An alternative to using intermediate inputs as the proxy is to use investment. However, as pointed out by
LP, the use of investment as a proxy variable may be problematic as many firms (about half in our data) have
zero investment in any given year. This violates the strict monotonicity assumption required to implement the
proxy variable approach to begin with. One would also need to show that the source of the adjustment frictions
on intermediate inputs does not violate the invertibility assumption for the investment proxy equation.
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or using structural production functions. The two approaches differ both in their underlying
assumptions and in how the value-added function is constructed from the underlying gross
output production function. We now show that although intermediate inputs do not appear in
the value added function, the use of value added does not solve the fundamental identification
problem described in Section 2.2.

5.1

Restricted Profit Value-Added

The first approach to justifying the use of value added is based on the duality results in Bruno
(1978) and Diewert (1978). We first briefly discuss their original results, which were derived
under the assumption that intermediate inputs are flexibly chosen, but excluding the ex-post
shocks. In this case, they show that by replacing intermediate inputs with their optimized
value in the profit function, the empirical measure of value added, V AE
jt = Yjt − Mjt , can be
expressed as:30
ωjt
V AE
)) eωjt − Mt (Ljt , Kjt , eωjt )
jt = Ft (Ljt , Kjt , Mt (Ljt , Kjt , e

≡

(15)

Vt (Ljt , Kjt , eωjt ) ,

where we use Vt (·) to denote value-added in this setup. This formulation is sometimes referred to as the restricted profit function (see Lau, 1976; Bruno, 1978; McFadden, 1978). It
is important to emphasize here that the results of this earlier work attempt to provide conditions under which estimates of value-added objects can be used to recover their gross output
counterparts. They do not show that the two are equivalent.
In an index number framework, Bruno (1978) shows that elasticities of gross output with
respect to capital, labor, and productivity can be locally approximated by multiplying estimates of the value-added counterparts by the firm-level ratio of value added to gross output,
30

For simplicity, throughout this section we use the double deflated version of empirical value added. Our
results do not depend on the method of deflating value added. See Bruno (1978) for discussion of the differences
between the alternative ways of deflating value added.
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V AE
jt
Qjt

= (1 − Sjt ).31 For productivity, the result is as follows:
�

GO

�

�

V AE
jt

elaseωjtjt = elaseωjt

�

�

V AE
jt
GOjt

�

�
�
V AE
= elaseωjtjt (1 − Sjt ) .

(16)

See Appendix C for the details of this derivation. Analogous results hold for the elasticities
with respect to capital and labor by replacing eωjt with Kjt or Ljt .
This derivation suggests that estimates of (log) productivity from the restricted-profit valueadded function can simply be multiplied by (1 − Sjt ) to recover estimates of the underlying
gross output (log) productivity, and similarly for the output elasticities of capital and labor.
However, there are several important problems with the relationship in equation (16), and the
implied re-scaling.
First, this approach relies on being able to obtain consistent estimates of the value-added
elasticities. Recent methods for estimating production functions rely on the structural form
of the production function, e.g., the Hicks-neutrality of productivity. However, in general, the
structural form of the value-added function in equation (15) will not correspond to that of the
underlying gross output production function (equation 4).32 As a result, it is not clear that the
recent structural methods can be used to estimate Vt (·) to begin with.
Second, this approach is based on a local approximation. While this may work well for
small changes in productivity, for example looking at productivity growth rates (the original
context under which these results were derived), it may not work well for large differences in
productivity, such as analyzing cross-sectional productivity differences.
Third, this approximation does not account for ex-post shocks to output. As we show
in Appendix C, when ex-post shocks are accounted for, the relationship in equation (16) be31

These results were derived under a general form of technical change. We have augmented the results here to
correspond to the standard setup with Hicks-neutral technical change as discussed in Section 2.1.
32
For example, even if productivity eωjt +εjt enters the gross output production function in a Hicks-neutral
fashion, it will, in general, not enter Vt (·) in the same fashion outside of Cobb-Douglas. For example, even a
CES production function will not generate the required separability of productivity in Vt (·).
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comes:
�
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jt
ω
e jt
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elas

The term in brackets is the bias introduced due to the ex-post shock. Ex-post shocks drive
a wedge between the local equivalence of value added and gross output objects. Analogous
results for the output elasticities of capital and labor can be similarly derived.
As a result of the points discussed above, estimates from the restricted profit value-added
function cannot simply be “transformed” by re-scaling with the firm-specific share of intermediate inputs to obtain estimates of the underlying production function and productivity. How
much of a difference this makes is ultimately an empirical question, which we address in the
next section. Previewing our results, we find that rescaling using the shares, as suggested by
equation (16), performs poorly.

5.2

“Structural” Value-Added

The second approach to justifying the use of value added is based on specific parametric assumptions on the production function, such that a value-added production function of only
capital, labor, and productivity can be both isolated and measured (see Sims, 1969 and Arrow, 1972). We refer to this version of value added as the “structural value-added production
function”.
The empirical literature on value-added production functions often appeals to the extreme
case of perfect complements (i.e., Leontief).33 A standard representation is

33

�
�
Yjt = min H (Ljt , Kjt ) eωjt +εjt , C (Mjt ) ,

See Appendix D for a discussion of other potential assumptions.
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where C (·) is a monotone increasing and concave function. The main idea underlying the
Leontief justification is that under the assumptions that the firm can set
H (Ljt , Kjt ) eωjt +εjt = C (Mjt )

(18)

and that C (·) is linear (i.e., C (Mjt ) = cMjt ), a structural value-added production function can
�
�
1
ωjt +εjt
be obtained: V AE
.
jt = 1 − c H (Ljt , Kjt ) e

Besides the strong parametric assumptions about how M enters the production function,

the key problem with this approach is that, given the assumptions of the model, the relation in
equation (18) will not generally hold. The first reason is that ε is realized after input decisions
are made. Second, under Assumption 3, firms either cannot adjust capital and labor in period
t or can only do so with some positive adjustment cost. The key consequence is that firms
may optimally choose to not equate H(Ljt , Kjt )eωjt +εjt and cMjt . Therefore, even under this
specific version of Leontief, the value-added production function cannot be identified because
the critical relationship (18) will not hold.34

6

Data and Application

Based on the results presented in the previous section, a natural concern is that the use of value
added may lead to misleading inferences about the production technology and productivity.
Nevertheless, it has become common practice to relate the empirical measure of value added
(what we call V AE ) to capital and labor as a means of recovering productivity. We now ask the
question: what happens when the relationship between the empirical measure of value added
and the primary inputs (i.e., excluding intermediate inputs) is estimated when the model of
production follows the general gross output setup outlined in Section 2.1?
The first thing to note is that, as in the classic omitted variable bias problem, if we only
34

In Appendix D we provide a more detailed description of these problems. We also show that allowing ωjt
and/or εjt to be outside of the min function presents a similar set of issues.
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control for the variation in some inputs (say capital and labor), part of the heterogeneity in
output among firms will be due to variation in the excluded inputs (intermediate inputs) in
addition to productivity. Since intermediate input usage is positively correlated with productivity (see equation (7)), the observed variation in output will tend to overstate the true degree
of productivity heterogeneity, and similarly for the capital and labor elasticity estimates.
We apply our empirical strategy and measure the magnitude of the effect of using a valueadded rather than gross output specification using two commonly employed plant-level manufacturing datasets. The first dataset comes from the Colombian manufacturing census covering
all manufacturing plants with more than 10 employees from 1981-1991. This dataset has been
used in several studies, including Roberts and Tybout (1997), Clerides, Lach, and Tybout
(1998), and Das, Roberts, and Tybout (2007). The second dataset comes from the census of
Chilean manufacturing plants conducted by Chile’s Instituto Nacional de Estadística (INE).
It covers all firms from 1979-1996 with more than 10 employees. This dataset has also been
used extensively in previous studies, both in the production function estimation literature (LP)
and in the international trade literature (Pavcnik, 2002 and Alvarez and López, 2005).35
We estimate separate production functions for the five largest 3-digit manufacturing industries in both Colombia and Chile, which are Food Products (311), Textiles (321), Apparel
(322), Wood Products (331), and Fabricated Metal Products (381). We also estimate an aggregate specification grouping all manufacturing together. We estimate the production function
in two ways.36 First, using our approach from Section 3 we estimate a gross output production function using a complete polynomial series of degree 2 for both the elasticity and the
35
We construct the variables adopting the convention used by Greenstreet (2007) with the Chilean dataset,
and employ the same approach with the Colombian dataset. In particular, real gross output is measured as
deflated revenues. Intermediate inputs are formed as the sum of expenditures on raw materials, energy (fuels
plus electricity), and services. Real value added is the difference between real gross output and real intermediate
inputs, i.e., double deflated value added. Labor input is measured as a weighted sum of blue collar and white
collar workers, where blue collar workers are weighted by the ratio of the average blue collar wage to the average
white collar wage. Capital is constructed using the perpetual inventory method where investment in new capital is
combined with deflated capital from period t − 1 to form capital in period t. Deflators for Colombia are obtained
from Pombo (1999) and deflators for Chile are obtained from Bergoeing, Hernando, and Repetto (2003).
36
For all of the estimates we present, we obtain standard errors by using the nonparametric bootstrap with 200
replications.
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integration constant in the production function.37 That is, we use
2
2
G2 (Ljt , Kjt , Mjt ) = γ0 + γl ljt + γk kjt + γm mjt + γll ljt
+ γkk kjt

+γmm m2jt + γlk ljt kjt + γlm ljt mjt + γkm kjt mjt
to estimate the intermediate input elasticity and
2
2
C2 (Ljt , Kjt ) = αl ljt + αk kjt + αll ljt
+ αlk kjt
+ αlk ljt kjt

for the constant of integration. Putting all the elements together, the gross output production
function we estimate is given by:


γm
mjt
2

 γ0 + γk kjt + γl ljt +
yjt = 
+ γmm
m2jt + γlk ljt kjt +
3

+

2
γll ljt

γlm
l m
2 jt jt

+

+

2
γkk kjt

γkm
kjt mjt
2




 mjt

(19)

2
2
−αl ljt − αk kjt − αll ljt
− αlk kjt
− αlk ljt kjt + ωjt + εjt ,

since, from equation (10), it is immediate that yjt =
ωjt + εjt .

�

G (Ljt , Kjt , Mjt )

dMjt
Mjt

− C (Ljt , Kjt ) +

Second, we estimate a value-added specification using the commonly-applied method developed by ACF, also using a complete polynomial series of degree 2:
2
2
vajt = βl ljt + βk kjt + βll ljt
+ βkk kjt
+ βlk ljt kjt + υjt + �jt ,

(20)

where υjt + �jt represents productivity in the value-added model.
In Table 1 we report estimates of the average output elasticities for each input, as well as
the sum, for both the value-added and gross output models. In every case but one, the valueadded model overestimates the sum of elasticities relative to gross output, with an average
37

In order to improve performance of the estimators, we restrict both the gross output and value added production functions to not vary over time.
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difference of 2% in Colombia and 6% in Chile.
We also report the ratio of the mean capital and labor elasticities, which measures the
capital intensity (relative to labor) of the production technology in each industry. In general,
the value-added estimates overstate the capital intensity of the technology relative to gross
output, although the differences are small. According to both measures, the Food Products
(311) and Textiles (321) industries are the most capital intensive in Colombia, and in Chile
the most capital intensive are Food Products (311), Textiles (321), and Fabricated Metals
(381). In both countries, Apparel (322) and Wood Products (331) are the least capital intensive
industries, even compared to the aggregate specification denoted “All” in the tables.
Value added also recovers dramatically different patterns of productivity as compared to
gross output. Following OP, we define productivity (in levels) as the sum of the persistent and
unanticipated components: eωjt +εjt .38,39 In Table 2 we report estimates of several frequently
analyzed statistics of the resulting productivity distributions. In the first three rows of each
panel we report ratios of percentiles of the productivity distribution, a commonly used measure
of productivity dispersion. There are two important implications of these results. First, value
added suggests a much larger amount of heterogeneity in productivity across plants within an
industry, as the various percentile ratios are much smaller under gross output. For Colombia,
the average 75/25, 90/10, and 95/5 ratios are 1.88, 3.69, and 6.41 under value added, and 1.33,
1.78, and 2.23 under gross output. For Chile, the average 75/25, 90/10, and 95/5 ratios are
2.76, 8.02, and 17.93 under value added, and 1.48, 2.20, and 2.95 under gross output. The
value-added estimates imply that, with the same amount of inputs, the 95th percentile plant
would produce more than 6 times more output in Colombia, and almost 18 times more output
in Chile, than the 5th percentile plant. In stark contrast, we find that under gross output, the
38
Since our interest is in analyzing productivity heterogeneity we conduct our analysis using productivity in
levels. An alternative would be to measure productivity in logs. However, the log transformation is only a good
approximation for measuring percentage differences in productivity across groups when these differences are
small, which they are not in our data. We have also computed results based on log productivity. As expected, the
magnitude of our results changes, however, our qualitative results comparing gross output and value added still
hold.
39
We have also computed results using just the persistent component of productivity, eωjt . The results are
qualitatively similar.
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95th percentile plant would produce only 2 times more output in Colombia, and 3 times more
output in Chile, than the 5th percentile plant with the same inputs.
In addition, the ranking of industries according to the degree of productivity dispersion is
not preserved moving from the value added to gross output estimates. For example, in Chile,
the Fabricated Metals industry (381) is found to have the smallest amount of productivity
dispersion under value added, but the largest amount of dispersion under gross output, for all
three dispersion measures.
The second important result is that value added also implies much more heterogeneity
across industries, which is captured by the finding that the range of the percentile ratios across
industries are much tighter using the gross output measure of productivity. For example, for
the 95/5 ratio, the value-added estimates indicate a range from 4.36 to 11.01 in Colombia and
from 12.52 to 25.08 in Chile, whereas the gross output estimates indicate a range from 2.02
to 2.38 and from 2.48 to 3.31. The surprising aspect of these results is that the dispersion in
productivity appears far more stable both across industries and across countries when measured via gross output as opposed to value added. In the conclusion we sketch some important
policy implications of this finding for empirical work on the misallocation of resources.
In addition to showing much larger overall productivity dispersion, results based on value
added also suggest a substantially different relationship between productivity and other dimensions of plant-level heterogeneity. We examine several commonly-studied relationships
between productivity and other plant characteristics. In the last four rows of each panel in
Table 2 we report percentage differences in productivity based on whether plants export some
of their output, import intermediate inputs, have positive advertising expenditures, and pay
above the median (industry) level of wages.
Using the value-added estimates, for most industries exporters are found to be more productive than non-exporters, with exporters appearing to be 83% more productive in Colombia
and 14% more productive in Chile across all industries. Once we account for intermediate inputs using the gross output specification, these estimates of productivity differences fall to 9%
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in Colombia and 3% in Chile, and actually turn negative (although not statistically different
from zero) in some cases.
A similar pattern exists when looking at importers of intermediate inputs. The average
productivity difference is 14% in Colombia and 41% in Chile using value added. However,
under gross output, these numbers fall to 8% and 13% respectively. The same story holds for
differences in productivity based on advertising expenditures. Moving from value added to
gross output, the estimated difference in productivity drops for most industries in Colombia,
and for all industries in Chile. In several cases it becomes statistically indistinguishable from
zero.
Another striking contrast arises when we compare productivity between plants that pay
wages above versus below the industry median. Using the productivity estimates from a
value-added specification, firms that pay wages above the median industry wage are found
to be substantially more productive, with the estimated differences ranging from 34%-63% in
Colombia and from 47%-123% in Chile. In every case the estimates are statistically significant. Using the gross output specification, these estimates fall to 9%-22% in Colombia and
19%-30% in Chile, representing a fall by a factor of 3, on average, in both countries.
As explained above, using empirical value added as the measure of output when it is
not appropriate to do so will result in biased estimates, since intermediate input usage is not
properly controlled for. As a consequence, we would expect to see the largest discrepancies
between the value-added and gross output productivity heterogeneity estimates in industries
which are intensive in intermediate input usage. By looking at Tables 1 and 2 we can confirm
that, for the most part, this is the case. When comparing the value added and gross output
productivity estimates, the largest deviations tend to occur in the most intermediate input
intensive industries, which are Food Products (311) in Colombia and Food Products (311)
and Wood Products (331) in Chile. However, consistent with the fact that the exclusion of
intermediate inputs is not the only driver of the differences, this is not always the case. For
example, in Chile, the difference between the gross output and value added estimates of the
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average productivity comparing advertisers and non-advertisers is actually the smallest in the
Wood Products (331) industry.
In order to isolate the importance of the value-added/gross output distinction separately
from the effect of transmission bias, in Table 3 we repeat the above analysis without correcting for the endogeneity of inputs. We examine the raw effects in the data by estimating
productivity using simple OLS to estimate both gross output and value-added specifications,
using a complete polynomial of degree 2. As can be seen from Table 3, the general pattern of
results, that value added overstates productivity differences across many dimensions, is similar
to our previous results both qualitatively and quantitatively.
While the results in Table 3 may suggest that transmission bias is not empirically important, in Table 4 we show evidence to the contrary. In particular, we report the average input
elasticities based on estimates for the gross output model using OLS and using our method to
correct for transmission bias. A well-known result is that failing to control for transmission
bias leads to overestimates of the coefficients on more flexible inputs. The intuition is that the
more flexible the input is, the more it responds to productivity shocks and the higher the degree
of correlation between that input and unobserved productivity. The estimates in Table 4 show
that the OLS results substantially overestimate the output elasticity of intermediate inputs in
every case. The average difference is 34%, which illustrates the importance of controlling for
the endogeneity generated by the correlation between input decisions and productivity.
An important implication of our results is that, while controlling for transmission bias
certainly has an effect, the use of value added has a much larger effect on the productivity estimates than the transmission bias in the gross output production function. This suggests that
the use of gross output versus value added may be more important from a policy perspective
than controlling for the transmission bias that has been the primary focus in the production
function literature. Our approach avoids the mismeasurement caused by value added by allowing for the use of gross output production functions while simultaneously correcting for
the transmission bias.
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6.1

Robustness Checks

Fixed Effects

An advantage of our identification and estimation strategy is that we can easily

incorporate fixed effects in the production function. As described in Section 3.2, the production function allowing for fixed effects, aj , is given by Yjt = F (Ljt , Kjt , Mjt ) eaj +ωjt +εjt ,
where now productivity is defined as eaj +ωjt +εjt . A common drawback of models with fixed
effects is that the differencing of the data needed to subtract out the fixed effects can remove a
large portion of the identifying information in the data. In the context of production functions,
this often leads to estimates of the capital coefficient and returns to scale that are unrealistically
low, as well as large standard errors (see GM).
In Online Appendix O2, we report estimates corresponding to those in Tables 1 and 2,
using our method to estimate the gross output production function allowing for fixed effects.
The elasticity estimates for intermediate inputs are exactly the same as in the specification
without fixed effects, as the first stage of our approach does not depend on the presence of
fixed effects. We do find some mild evidence in Colombia of the problems mentioned above
as the sample sizes are smaller than those for Chile. Despite this, the estimates are very
similar to those from the main specification for both countries, and the larger differences are
associated with larger standard errors.
Alternative Flexible Inputs

Our new identification and estimation strategy takes advan-

tage of the first-order condition with respect to a flexible input. As intermediate inputs have
been commonly assumed to be flexible in the literature, we have used intermediate inputs (the
sum of raw materials, energy, and services) as the flexible input. In some applications, researchers may not want to assume that all intermediate inputs are flexible, or they may want
to test the sensitivity of their estimates to this assumption. As a robustness check we also
estimate two different specifications in which we allow some of the components of intermediate inputs to be quasi-fixed. In particular, the production function we estimate is of the form
F (Ljt , Kjt , RMjt , N Sjt ) eωjt +εjt , where RM denotes raw materials and N S denotes energy
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plus services. In one specification we assume RM to be quasi-fixed and N S to be flexible, and
in the other specification we assume the opposite. See online Appendix O3 for these results.
Overall the results are sensible and qualitatively similar to our main results. In addition, they
maintain the relationship in the main set of results between productivity estimates based on
gross output and value added.
Adjusting the Value Added Estimates

As discussed in Section 5.1, in the absence of ex-

post shocks, the derivation provided in equation (16) suggests that the differences between
gross output and value added can be eliminated by rescaling the value-added estimates by a
factor equal to the plant-level ratio of value added to gross output, i.e., one minus the share of
intermediate inputs in total output. While this idea has been known in the literature for a while,
this correction is very rarely applied in practice.40 As shown in Section 5.1, there are several
reasons why this correction may not work. In particular, as we demonstrate in equation (17),
this correction is no longer valid once ex-post shocks are accounted for. In order to investigate
how well the re-scaling of value added estimates performs, we apply the correction implied
by equation (16) and re-scale the value-added estimates of output elasticities of inputs and
� V AE �
jt
productivity by the ratio of value added to gross output GOjt
, a quantity readily available in
the data. We find that this correction performs quite poorly in recovering the underlying gross
output estimates of the production function and productivity, leading to biased estimates that
are in some cases even worse than the value-added estimates themselves.
In Tables 5 and 6, we report the re-scaled estimates, as well as the value-added estimates
using ACF and the gross output estimates using our method, for comparison. At first glance,
the naive correction appears to be working as the re-scaled value-added estimates move towards the gross output estimates. However, in some cases, the re-scaled estimates of dispersion and the relationship between productivity and other dimensions of firm heterogeneity
move only slightly towards the gross output estimates, and remain very close to the original
value-added estimates. Moreover, in many cases, however, the re-scaled estimates overshoot
40

See Petrin and Sivadasan (2013) for an example in which a version of this correction is implemented.
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the gross output estimates. Even worse, in many cases the correction moves in the opposite
direction and leads to estimates that are even further from the gross output estimates than
the original value-added estimates. Finally, in several cases, the re-scaled estimates actually
lead to a sign-reversal compared to both the value-added and gross output estimates. Overall,
while in some cases the correction applied to the value-added estimates moves them closer to
the gross output estimates, it does a poor job of replicating the gross output estimates, and in
many cases generates estimates that are even more misleading.

7

Conclusion

In this paper we show that the nonparametric identification of production functions in the
presence of quasi-fixed and flexible inputs has remained an unresolved issue. We offer a
new identification strategy that closes this loop. The key to our approach is exploiting the
nonparametric information contained in the first order condition for the flexible inputs.
Our empirical analysis demonstrates that value added can generate substantially different
patterns of productivity heterogeneity as compared to gross output, which suggests that empirical studies of productivity based on value added may lead to fundamentally misleading
policy implications. To illustrate this possibility, consider the recent literature that uses productivity dispersion to explain cross-country differences in output per worker through resource
misallocation. As an example, the recent influential paper by Hsieh and Klenow (2009) finds
substantial heterogeneity in productivity dispersion (defined as the variance of log productivity) across countries as measured using value added. In particular, when they compare the
United States with China and India, the variance of log productivity ranges from 0.40-0.55 for
China and 0.45-0.48 for India, but only from 0.17-0.24 for the United States. They then use
this estimated dispersion to measure the degree of misallocation of resources in the respective
economies. In their main counterfactual they find that by reducing the degree of misallocation
in China and India to that of the United States, aggregate TFP would increase by 30%-50%
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in China and 40%-60% in India. In our datasets for Colombia and Chile, the corresponding
estimates of the variance in log productivity using a value-added specification are 0.43 and
0.94, respectively. Thus their analysis applied to our data would suggest that there is similar
room for improvement in aggregate TFP in Colombia, and much more in Chile.
However, when productivity is measured using our gross output framework, our empirical
findings suggest a much different result. The variance of log productivity using gross output
is 0.08 in Colombia and 0.15 in Chile. These significantly smaller dispersion measures could
imply that there is much less room for improvement in aggregate productivity for Colombia
and Chile. Since the 90/10 ratios we obtain for Colombia and Chile using gross output are
quantitatively very similar to the estimates obtained by Syverson (2004) for the United States
(who also employed gross output but in an index number framework), this also suggests that
the degree of differences in misallocation of resources between developed and developing
countries may not be as large as the analysis of Hsieh and Klenow (2009) implies.41
Exploring the role of gross output production functions for policy problems such as the
one above could be a fruitful direction for future research. A key message of this paper is
that insights derived under value added could significantly bias policy conclusions, and the
use of gross output production functions is thus possibly critical for policy analysis. Our
identification strategy provides researchers with a stronger foundation for using gross output
production functions in practice.
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Appendix A: Non-Identification Proof
Recall that the model of production can be written as






yjt = ft (Ljt , Kjt , Mjt ) + h M−1
(Ljt−1 , Kjt−1 , Mjt−1 ) + ηjt + εjt ,
� t−1
��
�
ωjt−1
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and that Γjt = (Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 , ..., L1 , K1 , M1 ) . The reduced form of the model
is therefore given by

E [yjt | Γjt ] = E [ft (Ljt , Kjt , Mjt ) | Γjt ] + E [ωjt | Γjt ]
�
�
= E [ft (Ljt , Kjt , Mjt ) | Γjt ] + h M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 )
= E [ft (Ljt , Kjt , Mjt ) | Γjt ] + ht (Ljt−1 , Kjt−1 , Mjt−1 )
= E [rt (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) | Γjt ]

(21)

�
�
where ht (Ljt−1 , Kjt−1 , Mjt−1 ) ≡ h M−1
t−1 (Ljt−1 , Kjt−1 , Mjt−1 ) and rt (Ljt , Kjt , Mjt , Ljt−1 ,
Kjt−1 , Mjt−1 ) ≡ ft (Ljt , Kjt , Mjt ) + ht (Ljt−1 , Kjt−1 , Mjt−1 ).

In order to prove Theorem 1 in Section 2.2, we begin by showing in Lemma 1 that identification of the production function is equivalent to identification of rt . The function rt is
identified if for any r̄t such that
E [rt (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) | Γjt ]

a.s. [Γjt ]

= E [r̄t (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) | Γjt ]
implies that rt = r̄t almost surely in (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ). Proving Lemma 1
involves the following two technical assumptions (see Newey, Powell, and Vella, 1999).
Assumption L1. The boundary of the support of (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) in
R6 has a probability measure zero.
Assumption L2. ft and rt are differentiable.
Lemma 1. Under Assumptions 1-4, L1, and L2, ft is identified up to an additive constant if
and only if rt is identified.
�
�
Proof. Suppose that rt is identified and that there exist (ft , ht ) and f¯t , h̄t such that
ft (Ljt , Kjt , Mjt ) + ht (Ljt−1 , Kjt−1 , Mjt−1 ) = f¯t (Ljt , Kjt , Mjt ) + h̄t (Ljt−1 , Kjt−1 , Mjt−1 )
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almost surely in the support of (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) . Let the interior of the
support of (Ljt , Kjt , Mjt , Ljt−1 , Kjt−1 , Mjt−1 ) be denoted by S. Because rt is continuous
and the boundary of the support has measure 0, the value of rt is uniquely identified at each
point x ∈ S and so are its partial derivatives. Since

∂
r
∂z t

(x) =

∂
f
∂z t

(x) =

∂ ¯
f
∂z t

(x) for each

z ∈ {Ljt , Kjt , Mjt } and each x ∈ S, we have that ft − f¯t = c for some constant c for all points
x ∈ S. Because the set S has probability one, we have shown that ft and f¯t with probability
one differ by only a constant. Hence identification of rr implies identification of ft up to a
constant. For the other direction, assume that ft is identified. Then ht (Ljt−1 , Kjt−1 , Mjt−1 ) =
E [yjt | Γjt ] − E [ft (Ljt , Kjt , Mjt ) | Γjt ] is identified almost everywhere, and rt = ft + ht is
identified.
Now let γjt = Ljt , Kjt , Ljt−1 , Kjt−1 , Mjt−1 , a subset of Γjt . We can re-write our model in
terms of rt as
yjt = rt (γjt , Mjt ) + ηjt + εjt ,
where the interior of the support of (γjt , Mjt ) ∈ R6 has positive measure and E [ηjt + εjt | γjt ] =
0. We say that rt is not uniquely identified from the reduced form E [yjt | γjt ], if there exist
rt (γjt , Mjt ) and r̄t (γjt , Mjt ) such that

E [rt (γjt , Mjt ) | γjt ] = E [r̄t (γjt , Mjt ) | γjt ]

a.s. [γjt ] ,

and rt (γjt , Mjt ) �= r̄t (γjt , Mjt ) with positive probability in (γjt , Mjt ).
In order to prove that rt is not identified, we use the following lemma.
Lemma 2. Suppose there exists a random variable δ and functions µt (γ, δ) and µ̄t (γ, δ) that
satisfy
E [µt (γjt , δjt ) | γjt ] = E [µ̄t (γjt , δjt ) | γjt ] = 0.
If
rt (γjt , Mjt ) + µt (γjt , δjt ) = r̄t (γjt , Mjt ) + µ̄t (γjt , δjt )
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a.s. [γjt , Mjt , δjt ]

(22)

then
E [rt (γjt , Mjt ) | γjt ] = E [r̄t (γjt , Mjt ) | γjt ]

a.s. [γjt ] .

Proof. Take the conditional expectation of both sides of (22) conditional on γjt to arrive at the
conclusion.
We now construct two observationally equivalent functions rt (γjt , Mjt ) and r̄t (γjt , Mjt )
such that rt (γjt , Mjt ) �= r̄t (γjt , Mjt ) using Lemma 2. To do so, let us construct
(23)

Mjt = ϕt (γjt ) + δjt

with E [δjt | γjt ] = 0, i.e., ϕt is the regression of Mjt on γjt in period t. Assume that ϕt is
differentiable. Then let us construct an

r̄t (γjt , Mjt ) = rt (γjt , Mjt ) + αMjt − αϕt (γjt )
for α �= 0. Observe that because α �= 0 we have that

∂rt
∂Mjt

�=

∂ r̄t
∂Mjt

(24)

for all (γjt , Mjt ) ∈ S and

thus rt and r̄t differ with positive probability.
In order to show that our proposed r̄t (equation 24) is observationally equivalent to rt ,
we now construct a pair of functions µt and µ̄t that satisfy the conditions of Lemma 2. Let
µt (γjt , δjt ) ≡ E [ηjt + εjt | γjt , δjt ] and µ̄t (γjt , δjt ) ≡ µt (γjt , δjt ) − αδjt . Under our assumptions, it follows that E [µt (γjt , δjt ) | γjt ] = E [ηjt + εjt | γjt ] = 0. Since E [δjt | γjt ] = 0 by
construction, it follows that E [µ̄t (γjt , δjt ) | γjt ] = 0 as required by the first part of Lemma 2.
Given our proposed r̄t in equation (24) it follows that

(rt + µt ) − (r̄t + µ̄t ) = (rt − r̄t ) + (µt − µ̄t )
= (−αMjt + αϕt (γjt )) + (αδjt )
= −α (ϕt (γjt ) + δjt ) + αϕt (γjt ) + αδjt ,
= 0,
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where the third equality follows from equation (23). Therefore, the conditions for Lemma
2 are satisfied, and we have that rt and r̄t generate the same reduced form. Since rt is not
identified from the data, by Lemma 1 we have that the production function ft is not identified
either.

Appendix B: A Parametric Example
In order to illustrate our non-identification result, we consider a parametric example. Suppose
β
that the true production function is Cobb-Douglas F (Ljt , Kjt , Mjt ) = Lαjt Kjt
Mjtγ , and pro-

ductivity follows an AR(1) process ωjt = δ0 + δωjt−1 + ηjt .42 We can then write output (in
logs) as
yjt = αljt + βkjt + γmjt + δωjt−1 + ηjt + εjt .
If we plug in for Mjt using the first-order condition, plug in for ωjt−1 using the inverted
intermediate inputs equation and group terms, we have the following:

yjt

�

1
1−γ

�

ljt +β

�

�

�
1
= constant + α
ljt + β
kjt
1−γ
�
�
1
1
+
δ M−1 (Ljt−1 , Kjt−1 , Mjt−1 ) +
ηjt + εjt .
1−γ
1−γ

The reduced form is given by

E [yjt | Γjt ] = constant+α

�

1
1−γ

�

1
1−γ

�

kjt +

�
�
1
δ M−1 (Ljt−1 , Kjt−1 , Mjt−1 ) .
1−γ

Since variation in (Ljt−1 , Kjt−1 , Mjt−1 ) is used to identify M−1 , there are only three sources
of variation left, (Ljt , Kjt , M−1 ), to identify four parameters (α, β, γ, δ), and thus the model
is not identified.
In the example above, we did not exploit that M−1 has a specific parametric form that
42

For simplicity we assume that the production function and the prices of output and intermediate inputs are
non-time-varying. Our point applies equally to the general time-varying case.
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depends on the parameters of F . We now show that even imposing the parametric restrictions
on M−1 is not enough to identify the production function, although we can now recover the
AR(1) parameter, δ.
If we plug in for the parametric form of M−1 and take the conditional expectation of both
sides we have
�

�
�
�
1
1
˜
E [yjt | Γjt ] = constant
+α
ljt + β
kjt
1−γ
1−γ
1
1
+δmjt−1 − δα
ljt−1 − δβ
kjt−1 .
1−γ
1−γ

(25)

Notice that although there are five sources of variation (ljt , kjt , mjt−1 , ljt−1 , kjt−1 ), the model
is still not identified. Variation in mjt−1 identifies δ, but the coefficient on ljt is equal to the
coefficient on ljt−1 multiplied by −δ, and the same is true for k. In other words, variation in
ljt−1 and kjt−1 do not provide any additional information about the parameters of the produc�
�
�
�
1
1
tion function. As a result, all we can identify is α 1−γ
and β 1−γ
. To put it another way,
the rank condition necessary for identification of this model is not satisfied.

This is why Doraszelski and Jaumandreu (2013) need to rely on both parametric restrictions and observed price variation as an instrument for identification. Even using the parametric form of the first-order condition to replace for ω in the production function is not enough
to achieve identification.
This illustrates an important difference with our approach. In addition to not requiring
parametric restrictions (or price variation), we are not using the first-order condition to find
a replacement function for ω in the production function. Instead, we use it to form the share
regression equation, which gives us a second structural equation that we use in identification
and estimation. It is the information contained in this additional equation, combined with
the production function, that allows us to solve the identification problem. In terms of our
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Cobb-Douglas example, the second equation would be given by the following share equation

sjt = γ + εjt .
Since this equation identifies γ (given that E [εjt ] = 0), this is enough to allow for identification of the whole production function and productivity.

Appendix C: Restricted Profit Functions and Value Added
In this appendix we provide the derivation of the results related to restricted profit functions
described in Section 5.1. We derive the results in the context of Hicks-neutral technical change
for consistency with the rest of the paper. However, the results we derive, and the presence of
the bias term are general and not specific to the assumption of Hicks-neutrality.
Consider the empirical definition of real (double-deflated) value added without ex-post
shocks, as in Bruno (1978):
ωjt
V AE
− Mjt ≡ V t (Ljt Kjt , eωjt ) .
jt = Qjt − Mjt = Ft (Ljt , Kjt , Mjt ) e

It can be shown that the total derivative of value added with respect to one of its inputs is
equal to the partial derivative of gross output with respect to that input. For example, the total
derivative of value added with respect to productivity is given by:

dV AE
dVt (Ljt Kjt , eωjt )
jt
=
deωjt
deωjt
�
�
�
�
∂Ft (Ljt , Kjt , Mjt ) eωjt
∂Ft (Ljt , Kjt , Mjt ) eωjt
∂Mjt
=
−
−1
∂eωjt
∂Mjt
∂eωjt
∂GOjt
=
.
∂eωjt
Due to the first order condition in equation (6), the term inside the parentheses on the second
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line is equal to zero, where the relative price of output to intermediate inputs has been normalized to one via deflation. This implies that the elasticity of gross output with respect to capital
can be computed by multiplying the elasticity of value added with respect to ω by the ratio of
value added to gross output, or equivalently one minus the share of intermediate inputs:
�
�
�
� �
E
E
ωjt
ωjt
dV AE
V
A
dV
A
∂GOjt eωjt
e
e
jt
jt
jt
=
=
(1 − Sjt ) .
E
ωjt V AE
∂eωjt GOjt
deωjt V AE
de
GO
jt
jt
jt
�
��
� �
��
�
�
��
�
GO
�

jt
ω
e jt

V Ajt
ω
e jt

elas

V Ajt
ω
e jt

elas

elas

The previous result, however, relies crucially on the absence of ex-post shocks to output.
When we add back in the ex-post shocks we have the following relationship:
dV AE
dVt (Ljt Kjt , eωjt , eεjt )
jt
=
deωjt
deωjt
�
�
�
�
∂Ft (Ljt , Kjt , Mjt ) eωjt +εjt
∂Ft (Ljt , Kjt , Mjt ) eωjt +εjt
∂Mjt
=
−
−1
.
∂eωjt
∂Mjt
∂eωjt
Notice now that the term inside the parentheses is no longer equal to zero, due to the presence
of the ex-post shock, εjt . The reason is that the first order condition, which previously made
that term equal to zero, is an ex-ante object, whereas what is inside the parentheses is ex-post.
Therefore, the two derivatives are no longer equal, and we cannot simply transform the value
added elasticities into their gross output counterparts by rescaling via the ratio of value added
to gross output.
The first order condition implies that

V AE

�

=

eεjt
.
E

In turn, this implies that

� εjt
�
�
∂Ft (Ljt , Kjt , Mjt ) eωjt +εjt
e
∂Mjt
−
−1
∂eωjt
E
∂eωjt
�
�
∂Mjt eωjt
eεjt
GO GOjt
= elaseωjtjt
−
−1 .
∂eωjt +εjt V AE
E
V AE
jt
jt

dV AE
jt
=
deωjt
⇒ elaseωjtjt

∂Ft (Ljt ,Kjt ,Mjt )eωjt +εjt
∂Mjt
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The equation above can then be rearranged to form relationship between the elasticities as:
�

� �
�
�
ωjt
ωjt
ωjt � ε
e
∂V AE
∂GOjt ejt
∂Mjt ejt
e jt
jt
jt
=
(1 − Sjt ) + ωjt
−1 .
∂eωjt GOjt
∂eωjt V AE
∂e GOjt
E
jt
�
��
� �
��
�
GOjt
ω
e jt

elas

V AE
jt
ω
e jt

elas

A similar result holds when we analyze the elasticities with respect to the entire productivity
shock, eωjt +εjt , instead of just the persistent component,eωjt . In this case we have the following
relationship:
�

� �
�
�
ωjt +εjt
ωjt +εjt
ωjt +εjt � ε
e
∂V AE
∂GOjt ejt
∂Mjt ejt
e jt
jt
jt
=
(1 − Sjt ) + ωjt +εjt
−1 .
∂eωjt +εjt GOjt
∂eωjt +εjt V AE
∂e
GOjt
E
jt
�
��
� �
��
�
GOjt
ω +εjt
e jt

elas

V AE
jt
ω +εjt
e jt

elas

Appendix D: “Structural” Value Added
Under the assumptions that 1) the underlying gross output production function takes a nested
(i.e., weakly separable) form and 2) productivity enters in a value-added augmenting way, we
can write the production function as:
�
�
Yjt = F H(Ljt , Kjt )eωjt +εjt , Mjt .

(26)

The goal is then to measure a subset of features of the gross output production function in
equation (26) using the structural value-added production function
H (Ljt , Kjt ) eωjt +εjt .

(27)

This typically includes productivity eωjt +εjt and the elasticities of H with respect to capital
and labor.
As has been emphasized in the literature (see e.g., Griliches and Ringstad, 1971; Parks,
1971; Berndt and Wood, 1975; and Denny and May, 1977), the only cases in which the output
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of the structural value-added production function underlying (26) can be observed are when
F takes one of two extreme possible forms: 1) perfect substitution between intermediate inputs and value added, and 2) perfect complementarity between intermediate inputs and value
added.
In a special case of perfect substitution, (26) becomes
Yjt = H (Ljt , Kjt ) eωjt +εjt + Mjt .
Thus the standard empirical measure of real value added, the difference between deflated
output and deflated intermediate inputs V AE
jt ≡ Yjt − Mjt , equals the latent value added in
equation (27).43 However, perfect substitution is an unreasonable description of a production
process, as it implies that final output can be produced from intermediate inputs alone.
As discussed in Section 5.2, for the Leontief case we have
�
�
Yjt = min H(Ljt , Kjt )eωjt +εjt , C (Mjt ) .

(28)

If it were the case that H(Ljt , Kjt )eωjt +εjt = C (Mjt ), and if we further assumed that C (Mjt ) =
�
�
cMjt , then the empirical measure of value added would be V AE = 1 − 1c H(Ljt , Kjt )eωjt +εjt ,
and the structural value-added production function would correspond to the empirical measure.
The problem is that the key condition, H(Ljt , Kjt )eωjt +εjt = cMjt , will not hold because
of the presence of the ex-post shock εjt . Even if firms chose to equalize H(Ljt , Kjt )eωjt E and
cMjt (not necessarily an optimal solution), since εjt is realized after this decision is made, the
key condition will generally not hold unless the realization of the shock is such that eεjt =
E ∀j, t. Thus V AE
jt does not correspond to the structural value-added production function
H (Ljt , Kjt ) eωjt +εjt .
43
For simplicity, throughout this section we use the double-deflated version of empirical value added. Our
results do not depend on the method of deflating value added. See Bruno (1978) for a discussion of the differences
between the alternative ways of deflating value added.

52

In addition, even ignoring the fact that epsilon is realized after input decisions are made,
there is also the problem associated with L and K being quasi-fixed. Under Assumption 3,
firms either cannot adjust capital and labor in period t or can only do so with some positive adjustment cost. The key consequence is that firms may optimally choose to not equate
H(Ljt , Kjt )eωjt +εjt and C (Mjt ), i.e., it may be optimal for the firm to hold onto a larger stock
of L and K than can be combined with M , if L and K are both costly (or impossible) to
downwardly adjust.44
It is also the case that moving εjt outside of the min function does not help. Suppose that
instead of equation (28), one wrote the production function as: Yjt = min[H (Ljt , Kjt ) eωjt ,
C (Mjt )]eεjt . Since εjt appears outside of the min function, it is now possible for firms to set
the two terms inside the min equal to each other.

However, this does not imply that V AE

can be used to measure the structural value-added production function in this case. While it
will be true that Qjt − Mjt will be proportional to H (Ljt , Kjt ) eωjt when C (Mjt ) = cMjt ,
Qjt is unobserved, where recall that Qjt = Yjt e−εjt . Furthermore, if we multiply by eεjt
then we will have that Yjt − Mjt eεjt is proportional to the value added production function
H (Ljt , Kjt ) eωjt +εjt . However, we cannot form Yjt − Mjt eεjt since εjt is unobserved. In
addition, the problem associated with L and K being quasi-fixed still applies. Neither of these
problems are resolved by moving both ωjt and εjt outside of the min function.
44

0.5
For example, suppose C (Mjt ) = Mjt
. For simplicity, also suppose that capital and labor are fixed one
0.5
period ahead, and therefore cannot be adjusted in the short-run. When Mjt
≤ H (Ljt , Kjt ) eωjt +εjt , marginal
∂C(M )

0.5
revenue with respect to intermediate inputs equals ∂M jtjt aPt . When Mjt
> H (Ljt , Kjt ) eωjt +εjt , increasing
Mjt does not increase output due to the Leontief structure, so marginal revenue is zero. Marginal cost in both
cases equals the price of intermediate inputs ρt . The firm’s optimal choice of M is therefore given by Mjt =
�
�2
�
�
�
�
Pt
Pt
Pt
ωjt +εjt
0.5a
,
if
0.5a
<
H
(L
,
K
)
e
.
But
when
0.5a
> H (Ljt , Kjt ) eωjt +εjt , the firm no
jt
jt
ρt
ρt
ρt

longer finds it optimal to set H (Ljt , Kjt ) eωjt +εjt = C (Mjt ), and prefers to hold onto excess capital and labor.
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Online Appendix O1: Revenue Production Functions
In this appendix we illustrate how our approach can be extended to accommodate imperfect
competition. Since firms no longer necessarily charge the same price, when output prices
are not observed, deflated revenue no longer properly measures the quantity that the firm
produces.

As a result, unobserved variation in firm-specific prices needs to be addressed

in the production function. One solution to this problem suggested by Klette and Griliches
(1996) and recently applied by De Loecker (2011) is to model unobserved prices via an isoelastic demand system. While this demand system decomposes the problem of unobserved
prices in the production function in a convenient way, we now show that exactly the same
identification problem involving intermediate inputs arises in the resulting revenue production
function. Furthermore, as the solution involves modeling unobserved output prices, value
added is no longer an appropriate measure of output as consumers have demand for gross
output and not for value added.
Suppose we follow Klette and Griliches (1996) and De Loecker (2011) and specify an
iso-elastic demand system derived from an underlying representative CES utility function,
Pjt
=
Πt

�

Qjt
Qt

� σ1

eχjt ,

(O1-1)

where Pjt is the output price of the firm, Πt is the industry price index, Qt is a quantity index
that plays the role of an aggregate demand shifter, χjt is an observable (to the firm) demand
shock, and σ is the assumed constant elasticity of demand.
What we observe in the data is the firm’s real revenue, which in logs is given by rjt =
(pjt − πt ) + yjt . Recalling equation (4), and replacing (O1-1) into the log revenue equation
gives

rjt =

�

1
1+
σ

�

�
�
1
1
f (Ljt , Kjt , Mjt ) − qt + χjt + 1 +
ωjt + εjt .
σ
σ

O1-1

(O1-2)

Thus, the persistent part of the residual is a linear combination of the demand shock and pro�
�
ductivity shock, i.e., χjt + 1 + σ1 ωjt . However, it is precisely this same linear combination
of the demand and productivity shocks that shifts the intermediate input demand. To see why,
observe that short-run profits are given by
SRProfitsjt = Pjt Qjt − ρt Mjt
� � σ1
1
1
1
= Πt
(F (Ljt , Kjt , Mjt ))1+ σ eχjt +(1+ σ )ωjt − ρt Mjt .
Qt
Notice that the productivity and demand shocks (ωjt , χjt ) enter profits only through the sum,
�
�
χjt + 1 + σ1 ωjt . It is only this linear combination that matters for short-run profits and hence
for any static optimization problems, including the demand for intermediate inputs Mjt , i.e.,
�
�
Mjt = Mt (Ljt , Kjt , χjt + 1 + σ1 ωjt ).45 Thus we are left with precisely the same identification problem that was shown in Section 2. Even though we now have two unobservables

(ωjt , χjt ), there still does not exist any exclusion restriction that can vary intermediate inputs
Mjt from outside of the revenue production function (O1-2).
We now show that our empirical strategy can be extended to the setting with imperfect
competition and revenue production functions such that 1) we solve the identification problem
with flexible inputs and 2) we can recover time-varying industry markups.46 In fact, our empirical strategy allows for the identification of pieces of the production function as well as the
time pattern (but not the level) of markups without having to specify any particular demand
system.
Letting Λjt denote a firm’s marginal cost, the first order condition with respect to Mjt
for a cost minimizing firm is: Λjt FM (Ljt , Kjt , Mjt ) eωjt = ρt . Following the same strategy
as before, we can rewrite this expression in terms of the observed log revenue share, which
45
As opposed to the flexible inputs, it is not clear how the demand for quasi-fixed inputs (e.g., capital) will
depend on ωjt and χjt , i.e., whether it will depend on the same linear combination or on each component
independently (and whether it will be monotone in each shock).
46
This stands in contrast to the Klette and Griliches (1996) approach that can only allow for a markup that is
time-invariant.

O1-2

becomes
sjt = −ψjt + ln (G (Ljt , Kjt , Mjt ) E) − εjt ,

(O1-3)

P

where ψjt = ln Λjt
is the log of the markup, G (·) is the output elasticity of intermediate injt
puts, and εjt is the ex-post shock. Equation (O1-3) nests the one obtained for the perfectly
competitive case in (8), the only difference being the addition of the log markup ψjt which is
equal to 0 under perfect competition. The two key differences between the perfectly competitive case and this case are that 1) we no longer restrict the firm’s price to be constant, and 2)
the firm’s anticipated revenue share no longer equals the input elasticity directly, but rather it
equals the input elasticity divided by the markup charged by the firm.
We now show how to use the share regression (O1-3) to identify production functions
among imperfectly competitive firms. As opposed to the Klette and Griliches (1996) setup, in
which markups are restricted to be constant, ψjt = ψ, we allow for markups to change over
time, ψjt = ψt . In this case (O1-3) becomes

sjt = −ψt + ln (G (Ljt , Kjt , Mjt ) E) − εjt .

(O1-4)

The intermediate input elasticity can be rewritten so that we can break it into two parts: a
component that varies with inputs and a constant µ, i.e., ln ξjt = ln G (Ljt , Kjt , Mjt ) =
ln Gµ (Ljt , Kjt , Mjt ) + µ. Then, equation (O1-4) becomes
sjt = (−ψt + µ) + ln E + ln Gµ (Ljt , Kjt , Mjt ) − εjt
=

(O1-5)

µ

−δt + ln E + ln G (Ljt , Kjt , Mjt ) − εjt .

As equation (O1-5) makes clear, without having to specify a demand system and without observing prices, we can nonparametrically recover the ex-post shock εjt (and hence E),
µ
the output elasticity of intermediate inputs up to a constant ln ξjt
= ln Gµ (Ljt , Kjt , Mjt ) =

ln G(Ljt , Kjt , Mjt ) − µ, and the time-varying markups up to the same constant, δt = ψt − µ.

O1-3

This is, to the best of our knowledge, a new result.47 Recovering the growth pattern of markups
over time is useful as an independent result as it can, for example, be used to check whether
market power has increased over time, or to analyze the behavior of market power with respect
to the business cycle.
As before, we can correct our estimates for E and solve the differential equation that
arises from equation (O1-5). However, because we can still only identify the elasticity up
to the constant µ, we have to be careful about keeping track of it as we can only calculate
� µ
�
dM
dM
G (Ljt , Kjt , Mjt ) Mjtjt = e−µ G (Ljt , Kjt , Mjt ) Mjtjt . It follows that
f (Ljt , Kjt , Mjt ) e

−µ

+ C (Ljt , Kjt ) e

−µ

=

�

Gµ (Ljt , Kjt , Mjt )

dMjt
.
Mjt

From this equation it is immediately apparent that, without further information, we will not be
able to separate the integration constant C (Ljt , Kjt ) from the unknown constant µ.
To see how both the constant µ and the constant of integration can be recovered, we specify
a generalized version of the demand system in equation (O1-1)
Pjt
=
Πt

�

Qjt
Qt

� σ1

t

(O1-6)

eχjt ,
�

where we allow for time-varying markups and hence ψt = − ln 1 +
observed log-revenue production function (O1-2) becomes

rjt =

�

1
1+
σt

�

1
σt

�

.48 In this case the

�
�
1
1
f (Ljt , Kjt , Mjt ) − qt + χjt + 1 +
ωjt + εjt .
σt
σt

47

(O1-7)

In contrast to the results in Hall (1988) and Basu and Fernald (1995, 1997), which are based on index number
methods that allow them to recover a firm and time invariant markup, we recover the growth pattern of markups
but not the level. However, we do not need to impose the restriction that all inputs are flexibly and competitively
chosen, impose restrictions on the shape of the production function (e.g., homogeneity), or compute/estimate the
rental rate of capital/profit for the entrepreneur. As we show below, we can recover the level of markups with the
addition of standard restrictions on product demand.
48
We can also allow for time-varying firm-specific markups. If we let Υjt > 0 be an independent demand shock that is realized after inputs are chosen, then expected markups will be equalized across firms, i.e.,
P
E (Ψjt ) = Ψt and χjt will enter into the firm’s period t input decisions. That is, while actual markups Ψjt = Λjt
jt
will be firm specific due to the Υjt demand shocks, firms will still have ex-ante symmetric markups.

O1-4

�
However, we can write 1 +

1
σt

�

= e−γt e−µ . We know γt from our analysis above, so only µ

is unknown. Replacing back into (O1-7) we get
�
�
rjt = e−γt e−µ qjt − e−γt e−µ − 1 qt + χjt + εjt
�
�
= e−γt e−µ f (Kjt , Ljt , Mjt ) − e−γt e−µ − 1 qt
��
�
�
+ e−γt e−µ ωjt + χjt + εjt .

(O1-8)

We then follow a similar strategy as before. As in equation (11) we first form an observable
variable
Rjt ≡ ln

�

Pjt Yjt
e
eεjt e

−γt

�

Gµ (Ljt ,Kjt ,Mjt )

dMjt
Mjt

�

,

where we now use revenues (the measure of output we observe), include e−γt , as well as using
Gµ instead of the now unobservable G. Replacing into (O1-8) we obtain
�
�
��
�
�
Rjt = −e−γt −µ C (Ljt , Kjt ) − e−γt e−µ − 1 qt + e−γt e−µ ωjt + χjt .
From this equation it is clear that the constant µ will be identified from variation in the observed demand shifter qt . Without having recovered γt from the share regression first, it would
not be possible to identify time-varying markups. Note that in equation (O1-7) both σt and qt
change with time and hence qt cannot be used to identify σt unless we restrict σt = σ as in
Klette and Griliches (1996) and De Loecker (2011).
�

Finally, we can only recover a linear combination of productivity and the demand shock,
�
1 + σ1t ωjt + χjt . The reason is clear: since we do not observe prices, we have no way

of disentangling whether, after controlling for inputs, a firm has higher revenues because it
µ
is more productive (ωjt ) or because it can sell at a higher price (χjt ). We can write ωjt
=

O1-5

�

1+

1
σt

�

ωjt + χjt as a function of the parts that remain to be recovered
�
�
µ
ωjt
= Rjt + e−γt −µ C (Ljt , Kjt ) + e−γt e−µ − 1 qt ,

� µ �
µ
µ
and impose the Markovian assumption on this combination:49 ωjt
= h ωjt−1
+ ηjt
. We
� µ
�
can use similar moment restrictions as before, E ηjt |kjt , ljt = 0, to identify the constant of
integration C (Ljt , Kjt ) as well as µ (and hence the level of the markups).
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Online Appendix O2: Fixed Effects
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Online Appendix O3: Alternative Flexible Inputs
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Chile
/DERU

&DSLWDO

5DZ0DWHULDOV

(QHUJ\6HUYLFHV

6XP
0HDQ &DSLWDO 
0HDQ /DERU

1RWHV
D6WDQGDUGHUURUVDUHHVWLPDWHGXVLQJWKHERRWVWUDSZLWKUHSOLFDWLRQVDQGDUHUHSRUWHGLQSDUHQWKHVHVEHORZWKHSRLQWHVWLPDWHV
E)RUHDFKLQGXVWU\WKHQXPEHUVDUHEDVHGRQDJURVVRXWSXWVSHFLILFDWLRQLQZKLFKHQHUJ\VHUYLFHVLVIOH[LEOHDQGUDZPDWHULDOVLVTXDVLIL[HG7KHUHVXOWVDUHHVWLPDWHGXVLQJDFRPSOHWHSRO\QRPLDOVHULHVRIGHJUHH
IRUHDFKRIWKHWZRQRQSDUDPHWULFIXQFWLRQV *DQGC RIRXUDSSURDFK
F6LQFHWKHLQSXWHODVWLFLWLHVDUHKHWHURJHQHRXVDFURVVILUPVZHUHSRUWWKHDYHUDJHLQSXWHODVWLFLWLHVZLWKLQHDFKJLYHQLQGXVWU\
G7KHURZWLWOHG6XPUHSRUWVWKHVXPRIWKHDYHUDJHODERUFDSLWDOUDZPDWHULDOVDQGHQHUJ\VHUYLFHVHODVWLFLWLHVDQGWKHURZWLWOHG0HDQ &DSLWDO 0HDQ /DERU UHSRUWVWKHUDWLRRIWKHDYHUDJHFDSLWDOHODVWLFLW\WR
WKHDYHUDJHODERUHODVWLFLW\

O3-1

7DEOH2+HWHURJHQHLW\LQ3URGXFWLYLW\(QHUJ\6HUYLFHV)OH[LEOH
6WUXFWXUDO(VWLPDWHV*URVV2XWSXW

Colombia

UDWLR
UDWLR
UDWLR
([SRUWHU
,PSRUWHU
$GYHUWLVHU
:DJHV!0HGLDQ

Food Products
(311)
*URVV2XWSXW
*15

Textiles
(321)
*URVV2XWSXW
*15

Apparel
(322)
*URVV2XWSXW
*15

Wood Products
(331)
*URVV2XWSXW
*15

Fabricated Metals
(381)
*URVV2XWSXW
*15

All
*URVV2XWSXW
*15

















































































































































































































































































































































Chile
UDWLR
UDWLR
UDWLR
([SRUWHU
,PSRUWHU
$GYHUWLVHU
:DJHV!0HGLDQ
1RWHV
D6WDQGDUGHUURUVDUHHVWLPDWHGXVLQJWKHERRWVWUDSZLWKUHSOLFDWLRQVDQGDUHUHSRUWHGLQSDUHQWKHVHVEHORZWKHSRLQWHVWLPDWHV
E)RUHDFKLQGXVWU\WKHQXPEHUVDUHEDVHGRQDJURVVRXWSXWVSHFLILFDWLRQLQZKLFKHQHUJ\VHUYLFHVLVIOH[LEOHDQGUDZPDWHULDOVLVTXDVLIL[HG7KHUHVXOWVDUHHVWLPDWHGXVLQJDFRPSOHWHSRO\QRPLDOVHULHVRI
GHJUHHIRUHDFKRIWKHWZRQRQSDUDPHWULFIXQFWLRQV *DQGC RIRXUDSSURDFK
F,QWKHILUVWWKUHHURZVZHUHSRUWUDWLRVRISURGXFWLYLW\IRUSODQWVDWYDULRXVSHUFHQWLOHVRIWKHSURGXFWLYLW\GLVWULEXWLRQ,QWKHUHPDLQLQJIRXUURZVZHUHSRUWHVWLPDWHVRIWKHSURGXFWLYLW\GLIIHUHQFHVEHWZHHQ
SODQWV DVDIUDFWLRQ EDVHGRQZKHWKHUWKH\KDYHH[SRUWHGVRPHRIWKHLURXWSXWLPSRUWHGLQWHUPHGLDWHLQSXWVVSHQWPRQH\RQDGYHUWLVLQJDQGSDLGZDJHVDERYHWKHLQGXVWU\PHGLDQ)RUH[DPSOHLQLQGXVWU\
IRU&KLOHDILUPWKDWDGYHUWLVHVLVRQDYHUDJHOHVVSURGXFWLYHWKDQDILUPWKDWGRHVQRWDGYHUWLVH
O3-2

7DEOH2$YHUDJH,QSXW(ODVWLFLWLHVRI2XWSXW5DZ0DWHULDOV)OH[LEOH
6WUXFWXUDO(VWLPDWHV*URVV2XSXW

Colombia

/DERU

&DSLWDO

5DZ0DWHULDOV

(QHUJ\6HUYLFHV

6XP
0HDQ &DSLWDO 
0HDQ /DERU

Food Products
(311)
*URVV2XWSXW
*15

Textiles
(321)
*URVV2XWSXW
*15

Apparel
(322)
*URVV2XWSXW
*15

Wood Products
(331)
*URVV2XWSXW
*15

Fabricated Metals
(381)
*URVV2XWSXW
*15

All
*URVV2XWSXW
*15

































































































































































































































































































Chile
/DERU

&DSLWDO

5DZ0DWHULDOV

(QHUJ\6HUYLFHV

6XP
0HDQ &DSLWDO 
0HDQ /DERU

1RWHV
D6WDQGDUGHUURUVDUHHVWLPDWHGXVLQJWKHERRWVWUDSZLWKUHSOLFDWLRQVDQGDUHUHSRUWHGLQSDUHQWKHVHVEHORZWKHSRLQWHVWLPDWHV
E)RUHDFKLQGXVWU\WKHQXPEHUVDUHEDVHGRQDJURVVRXWSXWVSHFLILFDWLRQLQZKLFKUDZPDWHULDOVLVIOH[LEOHDQGHQHUJ\VHUYLFHVLVTXDVLIL[HG7KHUHVXOWVDUHHVWLPDWHGXVLQJDFRPSOHWHSRO\QRPLDOVHULHVRI
GHJUHHIRUHDFKRIWKHWZRQRQSDUDPHWULFIXQFWLRQV *DQGC RIRXUDSSURDFK
F6LQFHWKHLQSXWHODVWLFLWLHVDUHKHWHURJHQHRXVDFURVVILUPVZHUHSRUWWKHDYHUDJHLQSXWHODVWLFLWLHVZLWKLQHDFKJLYHQLQGXVWU\
G7KHURZWLWOHG6XPUHSRUWVWKHVXPRIWKHDYHUDJHODERUFDSLWDOUDZPDWHULDOVDQGHQHUJ\VHUYLFHVHODVWLFLWLHVDQGWKHURZWLWOHG0HDQ &DSLWDO 0HDQ /DERU UHSRUWVWKHUDWLRRIWKHDYHUDJHFDSLWDO
HODVWLFLW\WRWKHDYHUDJHODERUHODVWLFLW\
O3-3

7DEOH2+HWHURJHQHLW\LQ3URGXFWLYLW\5DZ0DWHULDOV)OH[LEOH
6WUXFWXUDO(VWLPDWHV*URVV2XWSXW

Colombia

UDWLR
UDWLR
UDWLR
([SRUWHU
,PSRUWHU
$GYHUWLVHU
:DJHV!0HGLDQ

Food Products
(311)
*URVV2XWSXW
*15

Textiles
(321)
*URVV2XWSXW
*15

Apparel
(322)
*URVV2XWSXW
*15

Wood Products
(331)
*URVV2XWSXW
*15

Fabricated Metals
(381)
*URVV2XWSXW
*15

All
*URVV2XWSXW
*15

















































































































































































































































































































































Chile
UDWLR
UDWLR
UDWLR
([SRUWHU
,PSRUWHU
$GYHUWLVHU
:DJHV!0HGLDQ
1RWHV
D6WDQGDUGHUURUVDUHHVWLPDWHGXVLQJWKHERRWVWUDSZLWKUHSOLFDWLRQVDQGDUHUHSRUWHGLQSDUHQWKHVHVEHORZWKHSRLQWHVWLPDWHV
E)RUHDFKLQGXVWU\WKHQXPEHUVDUHEDVHGRQDJURVVRXWSXWVSHFLILFDWLRQLQZKLFKUDZPDWHULDOVLVIOH[LEOHDQGHQHUJ\VHUYLFHVLVTXDVLIL[HG7KHUHVXOWVDUHHVWLPDWHGXVLQJDFRPSOHWHSRO\QRPLDOVHULHVRI
GHJUHHIRUHDFKRIWKHWZRQRQSDUDPHWULFIXQFWLRQV *DQGC RIRXUDSSURDFK
F,QWKHILUVWWKUHHURZVZHUHSRUWUDWLRVRISURGXFWLYLW\IRUSODQWVDWYDULRXVSHUFHQWLOHVRIWKHSURGXFWLYLW\GLVWULEXWLRQ,QWKHUHPDLQLQJIRXUURZVZHUHSRUWHVWLPDWHVRIWKHSURGXFWLYLW\GLIIHUHQFHVEHWZHHQ
SODQWV DVDIUDFWLRQ EDVHGRQZKHWKHUWKH\KDYHH[SRUWHGVRPHRIWKHLURXWSXWLPSRUWHGLQWHUPHGLDWHLQSXWVVSHQWPRQH\RQDGYHUWLVLQJDQGSDLGZDJHVDERYHWKHLQGXVWU\PHGLDQ)RUH[DPSOHLQLQGXVWU\
IRU&KLOHDILUPWKDWDGYHUWLVHVLVRQDYHUDJHOHVVSURGXFWLYHWKDQDILUPWKDWGRHVQRWDGYHUWLVH
O3-4

