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1 Introduction

This paper studies transparency in the estimation of revenue functions using the
procedures developed by Klette and Griliches (1998) and De Loecker (2011). In
particular, we consider the joint estimation of production and demand functions.

We distinguish between production functions and revenue functions. As in
Olley and Pakes (1996), a production function maps inputs into physical output,
while a revenue function maps inputs and demand shifters into nominal revenue,
combining technological and market-power elements.

From a practical standpoint, the most common data structure available to
researchers is revenue data. Although estimation based on separate information
on prices and quantities coud be better, in most applications only revenue is
observed. There is substantial interest in recovering productivity and markups
when only revenue data are available, which requires explicit assumptions on
demand, pricing, and market structure.

Using the environment taxonomy summarized by De Loecker and Syverson
(2021), in this work we consider heterogeneous firms in terms of productivity
operating under:

e imperfect competition; and
o differentiated products at the producer level.!

Throughout, I assume imperfect competition arising from demand-side het-
erogeneity, adopting a monopolistic-competition framework with product differ-
entiation as in De Loecker (2011).2

Prices play a central role in this estimation. A key question is whether,
and under what conditions, one can separate market-power (markup) effects
from technological (productivity) effects using revenue data alone. This is non-
trivial and controversial, because measured “productivity” often conflates price
variation with physical efficiency.

In a recent contribution, Andrews, Gentzkow, and Shapiro (2017, hereafter
AGS) propose a practical measure of the sensitivity of GMM estimates of struc-
tural parameters to local perturbations of the underlying moments. In their

I This is the case B.1.2 referred to in De Loecker and Syverson (2021).
2Comment: in practice, we are assuming a homogeneous-good market structure; see Acker-
berg and De Loecker (2024).



main application, they focus on the role of excluded instruments, but the frame-
work is more general and can be used to assess the robustness of structural
estimates in settings such as the one considered here.

As Ackerberg, Caves, and Frazer (ACF, p. 2430) emphasize:

There are many ways to estimate the model based on the second-
stage moments. For example, the Appendix in LP illustrates how
one can do second-step estimation with a nonlinear search over just
Bk and §;. A similar approach can work here, where one only has to
search over 35 and 3; rather than over g, Bk, i, and the parameters
of g. Relatedly, a prior version of this paper illustrated the approach
with a second-step moment in 7;; rather than in 7;,+e;:. As noted by
Gandhi, Navarro, and Rivers (2020), the moment in 7;; +e;; can be
used more generally, for example, in some cases where the investment
or intermediate input variable is only weakly monotonic in w;;. Note
that there are additional conditional moment conditions implied by
the model related to inputs further in the past. Whether these are
used as additional moments is typically a matter of preference.

In the next section we describe the method adopted here and in the next
section I show the results and conclusions.

2 Method

Suppose the following production function:
Qjt = Qj exp(eji) (1)

Qj, = F(Kjt, Ljt, Mjt) exp(wjt)

where @Q;; is the production of firm j at time ¢, using capital, K, labor, L,
and materials, M. wj; is Hicks-neutral productivity that the firm observes on
variable inputs in ¢ but that remains unobserved by the econometrician. As in
OP, wj; is governed by a first-order Markov process with the law of motion

wjt = B(wje | wjt—1) + & = g(wje—1) + &t (2)

where g(w;¢—1) is the expected productivity and &;; is the productivity innova-
tion, i.e.,

§it = wjt — g(wjt—1). (3)
The stochastic term ej; in (1) accounts for the difference between the firm
actual output @)+ and the output Q)};, that is the firm’s planned output when
choose inputs. In this case, €;; is not correlated with time or productive inputs.
Firms and econometricians do not observe £;; and planned output Q7, remains
unobserved by the economist.

2.1 Production Function Estimation

DLW estimate production function parameters using the implementation of
OP/LP procedure as proposed by ACF. DJ argue that the actual output Q;; =



Qj exp(e;¢) is observed, estimating e,;; is equivalent to estimating the planned
output Q7.

The OP/LP procedure starts with a function w;; = h(z;;) that express
the Hicksian-neutral productivity by a vector of observables z;;. OP uses the
demand for investment to invert for w;; and LP the demand for materials. DLW
follows LP and use materials: wj; = h(mj¢, kji,ljt), where lowercase letters
denote natural logs.

Substituting the function wj; = h(z;;) into equation (1) and taking logs, we
have the fist step of ACF estimator of OP/LP:

qje = In F(Kjyg, Ljs, Mjt) + h(zje) + €50 = d(2je) +€5¢ (4)

where ¢(z;;) is a nonparametric function of z;; that should be estimated (how
sensible is this?). Assuming that ¢j; is uncorrelated with z;; and carrying out
the regression of equation (4) yields estimates for ¢(-) and €;;. DJ point out
that the term e;; separates actual output from planned output (g}, = ¢(2;1)).

In the second step of ACF, equation (2) and rjA)() are inputs to the following
nonlinear GMM regression:

qjt = InF(Kjy, Ljs, M) + g <¢(th71) —InF(Kj—1,Lji—1, thfl)) + &t + €5t

(5)
where the conditional expectation function g(-) is estimated nonparametrically.
In the arguments zj;; of the function w;; = h(zj;), DLW include any potential
variable that could affect optimal input demand choice. An example are input
prices.

Leontief As discussed in the main text, under the Leontief technology the
presence of imperfect competition does not affect the control. The reason is
simple: regardless of input price differences, or imperfect competition in the
product market, as long as firms cost minimize and produce at the optimal
point where F(L, K)O = §,,M, the control is valid.

2.2 Identification

Investment control
De Loecker (2011, p. 1428)
1st: Bilie + B + Bsqse + G1 (e, kie, D) + i

In fact, 3 st:
E [&t(ﬁkﬁz) ( Fit )} =0. (6)

lig—1

In fact D enter in the nonparametric regression of w.

3 Data

Here we are using Colombian and Chilean data on manufacture. The data
collection is from Deval (2023). First we describe Colombian data and then
Chilean, for more details see Deval (2023).

Colombian data:

Product prices (deflators) are by sector ISIC3. Gross output is the ratio of
gross value of output and the output deflator.



Tax value is the consumption tax deflated by the output deflator. The tax
rate is the tax value divided by the gross output and averaged by the sec-
tor/year.?

At Table 1 we show the number of segments for each 3-digit ISIC sector to
Colombian data. We need estimate s — 1 demand dummies. As we need this
dummies we excluded segments 324, 332, 342, and 356 because there is no more
than one segment. We need a program for s = {2,3,4,5,6,8,9}.

Table 1: Number of Segments per Sector: Colombian Data

Segments Sector 3-digit ISIC

322
331, 341, 369
383
352, 381, 390
384
382
311, 321
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4 Instruments

In general the choice of instruments follows ACF. ACF instruments are k;, [;_1
and my_ for the gross output production function. For the overidentified case,
assuming adjustment costs for labor, the instruments are k¢, l;, l;—1 and m;_,.*
De Loecker (2011) expands to joint estimate of production and demand functions
with ys;_1 to control for ys;.

Since we are estimating also a demand function the choice of instruments
for this side is important. Here we adopt to specifications, one use the choice of
instrument done by De Loecker (2011) and other is using tax as instrument for
price.

Dearing (2022, p. 11) suggest two forms for a(7p,, ). The first is 7, the tax
rate, itself.

A second form is using the optimal instruments formula again. ZGH show
in their log-linear setting with an ad valorem tax on demanders that E[g(p) |
Tints Tme) 18 linear in (In(1 4 7)), Tme) - Since ,,; will already be included in
the instrument vector, then a(7,,¢, ) = In(1 + 7,,,¢) is a efficient instrument.

Summing up, the instruments are:

Z1 and Zs: exactly identified and overidentified with ACF /De Loecker in-
struments.

Z3 and Z4: exactly identified and overidentified with tax as instruments,
replacing ys;_1 by In(1+7,,;) and by {In(1+ 7,.¢), (In(1+7,,¢))?}, respectively.

3There is a large number of missing data for tax value.
4See also De Loecker, Goldberg, Khaderwal and Pavnik (2016) for discussions on adjust-
ment costs and specifications.



4.1 First Stage

Test for instruments

4.2 Convergence

In GMM estimation, the exclusion condition is very important. In overidentified
models, it is common to use the Sargan J-test to investigate possible violations
of the orthogonality of instruments. To address the orthogonality condition, we
check whether the GMM estimation converges towards zero.?

Out of a total of 35 minimizations, not all attain convergence. Sectors 322
and 390 have 6 instances of non-convergence, while sectors 321, 331, and 382
have 5 instances each. The Cobb-Douglas production function without survival
control shows 19 instances of non-convergence, and with survival control, 4
instances. Two sectors with the Leontief specification and survival control do
not converge.® The Z4 specification has the most non-convergence episodes,
with 13 out of 35, 5 of which involve survival control.

In terms of convergence, exactly-identified estimations with weights for sur-
vival are more efficient than other specifications. A weighted estimator, such as
WLS, is known to be more efficient than other alternatives and is the adopted
solution to selection bias.

In Table 2, we show the median, 25th, and 75th percentiles of the minimized
GMM objective function across all sectors and all specifications of instruments,
survival, and functional forms. These results are for minimizations that attain
convergence. Since several tests, such as the Sargan test, use the objective
function, we provide a brief inspection of the results after optimization.

Table 2: Median and Quartiles of Moment Condition for Four Specifications

zZ1 Z2 Z3 zZ4 Z5
Median 3.40e-09 0.0022748 1.88e-09 0.0082876 2.70e-09
P25 4.63e-10  0.0007654 4.68e-10  0.002291  3.62e-10
p75 1.82e-08 0.0053943 1.62e-08 0.0209042 1.83e-08

This result is why almost all practioners use the exactly-identified case.

5 Impact to Control for Selection Bias: Survival

The control for selection bias change the estimation of production function pa-
rameters?

Cntrl: inv

At Figures 1, 2, 3, and 1 there the coefficients for models CD and FP with
and without control for survival.

FP with control for survival produces different results. (5 has major mag-
nitude and f; is clearly a very large number.

5The J-test and others are constructed using the resulting objective function after mini-
mization.
6Both with the Z4 specification.
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Figure 1: Estimation of S for CD and PF, and Control for Survival
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Figure 2: Estimation of §; for CD and PF, and Control for Survival
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Figure 3: Estimation of 3, for CD and PF, and Control for Survival
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Figure 4: Estimation of 3ys for CD and PF, and Control for Survival
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6 Identification

In this paper, I follow the approach advocated by Andrews, Gentzkow, and
Shapiro (2017) to report how key moments are affected by changes in the model’s
key parameters, with the aim of improving the transparency of the results.
Structural identification of parameters and sensitivity of results are two sides
of the same coin. This method involves computing the elasticity of estimated
parameters with respect to observed data moments.

Andrews, Gentzkow, and Shapiro (2017)7 define sensitivity as

-1
A== (GOWG@E)  GO)W. (7)

In the GMM context, the measure of sensitivity is expanded to AQz K ®
where A is the sensitivity matrix, Q4 consists of elements of the weight matrix
from the instruments Z in the estimation,” and K is a diagonal matrix whose
diagonal elements are normalizing constants. As noted by AGS, this type of
plot can improve transparency by allowing readers to consider the effects of
different forms of misspecification on the asymptotic behavior of the estimator,
even without direct access to the estimation code or data.

For draw broad conclusions, we summed the square of the sensitivity measure
(and divided by the number of parameters) for the all parameters and moments
to the functional form (CD or FP), the control function, survival, and the set
of instruments.

From this aggregate analysis, we reach a key conclusion: estimations that
include survival control tend to exhibit lower bias compared to models without
this control. This finding is presented in Figure 5. In this case, violations to
the moments affect more the coefficients without the control for survival. Most
of the observed bias emerges when the exit process is not properly accounted
for. The reasons for this issue are well understood. Selection bias is a major
source of econometric problems in firm-level panel data, particularly when there
are significant time gaps between observations. For studies using U.S. census
data, we would typically expect selection bias to be more pronounced (see OP).
While that is not the case in this analysis, a considerable amount of bias re-
mains. Using materials for the control function can also lead to selection bias, as
investment tends to decline significantly before a firm’s exit; however, this effect
does not appear to be relevant in the context of the Colombian and Chilean
data examined here.

In Figure 6, we show the effect of sensitivity as defined by AGS for all sectors,
for CD and FP specifications, with and without controlling for survival, for the
first set of instruments, Z1. In Figures 7 and 8, we present the same measure of
sensitivity for the sets of instruments Z2 and Z3, respectively. All the figures
for sensitivity are normalized by the respective standard deviations.

"Honore, Jorgenson, and De Paula (2020) proposed a complementary measure of sensitivity
to misspecification. They compute the impact on the variance of the parameter estimates
if a particular moment is excluded from the estimation. In this paper, we do not include
this complementary sensitivity measure because we are not focusing on the precision of the
estimators, nor on the overidentified case.

8If there are no instruments, Q22 can be excluded. To compute these numbers, we are
using the Stata package provided by the authors.

9 AGS make use of the matrix Q.. = Z'.Z/N, where Z is the matrix of instruments.



Figure 5: Aggregate Bias: Control for Survival
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This measure makes the mapping from moments to estimates more transpar-
ent. It allows the reader to estimate the asymptotic bias under various violations
of assumptions. Figure 6 is a box plot showing the sensitivity measure for all
estimations with the exactly identified ACF instruments (Z1). For example,
LP/ACF assumes that the current capital stock is orthogonal to the innovation
term of productivity, since investment is known from the previous period.'°
This set of assumptions forms the moment E(&:k;) = 0, and violations of this
exclusion restriction result in a positive bias over the parameter associated with
capital. For instance, if one believes there is measurement error in capital (the
classical errors-in-variables problem), this could affect the estimation of the cap-
ital stock parameter, fi. Collard-Wexler and De Loecker (2021) address this
problem with an identification strategy and an estimation procedure.

7 Comments

It is more efficient and fast estimate revenue function with control for survival.
Sensitivity of demand. How wrong is the control of demand side in the
revenue function?
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Figure 6: Sensitivity of Omitted Variable for Production Functions CD and FP
using ACF Instruments (Z1)
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Figure 7: Sensitivity of Omitted Variable for Production Functions CD and FP
using ACF Instruments (Z2)
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A Appendix

B Estimation

Overidentified case. In our application the efficient weigh matrix is centered.
This provide an extra efficiency for this case, since when the weight matrix is
centered this estimator is identical to the iterated GMM (see Hansen and Lee,
2021).
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Figure 8: Sensitivity of Omitted Variable for Production Functions CD and FP
using tax and ACF instruments (Z3)
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Figure 9: Sensitivity of Omitted Variable for Production Functions CD and FP
using tax and ACF instruments (Z3)

— T
T —_—
co o co T
Inte diate Inte diate
ntermediate intermediate
. ——
FP FP
I & ok
[} [
[ e e R —-—— [0 mi_lag
———m—— tax — tax
co [E— - co —
Investment Investment
e —_— T
——— — T —
P FP
1 o 1 2 15 -1 05 0 05
(a) Br (b) B
— E— I
——— —
= oo
Intermediate CD
= B T
—_— T
FP
Bk ok
[y} =
[ mtlag e [ mt lag
| tax — tax
cb e
Investment CD Investment I
— - — T —
FP
2 1 o 1 2 05 0 05 1 15

12



