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Abstract

We develop a novel framework that simultaneously allows recovering heterogeneity in

demand, quantity TFP and markups across firms while leaving the correlation between the three
dimensions unrestricted. We accomplish this by explicitly introducing demand heterogeneity and
systematically exploiting assumptions used in previous productivity estimation approaches. In doing
so, we provide an exact decomposition of revenue productivity in terms of the underlying
heterogeneities, thus bridging the gap between quantity and revenue productivity estimations. We use
Belgian firms production data to quantify TFP, demand and markups and show how they are correlated
with each other, across time and with measures obtained from other approaches. In doing so, we find
quantity TFP and demand to be strongly negatively correlated with each other so suggesting a trade-
off between the quality of a firm's products and their production cost. We also show how our
framework provides deeper and sharper insights on the response of firms to increasing import
competition from China. In particular, we find that changes in revenue productivity materialise as

the outcome of complex, and sometimes offsetting, changes in quantity TFP, demand, markups and
production scale.
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1 Introduction

Economists are interested in estimating firm-level productivity in a range of fields. These
estimates are often used as inputs in applications such as the firm size distribution, firm
survival and growth, self-selection of firms into exporters and non-exporters or FDI activities,
just to name a few. The most common approach in the literature to measure productivity
involves estimating a production function by regressing output quantity on input quantity
and using the resulting residual shock as a productivity index typically referred to as Total
Factor Productivity (TFP). This raises at least three issues.

First, most studies do not have output quantity data available at the firm-level so that
regressions are fitted using revenue data, i.e. price times quantity. Such revenue-based mea-
sures of TFP look quite different from quantity-based ones (Foster et al., 2008). A second
well known issue is the endogeneity of production factors used as explanatory variables (Olley
and Pakes| 1996)). Third, and more importantly, firms could be heterogeneous in dimensions
other than TFP. In this respect the 10 literature on demand systems (Ackerberg et al., 2007)
points to substantial heterogeneity in both markups and consumers’ willingness to pay for the
products sold by different firms. For example, the presence of vertical and horizontal prod-
uct differentiation means that firms selling otherwise similar products face rather different
demands. At the same time, market power variations, due to product quality or technical
efficiency, could substantially affect the markup that firms can charge. Being able to account
for these different dimensions and their interconnections is important for several reasons.

One of these, is that it is crucial in order to correctly measure TFP. In this respect, higher
measured TFP is typically seen as welfare improving. However, conventional measures of
TFP conflate actual TFP with demand and markup heterogeneity which may lead to different
welfare implications. In addition, being able to actually quantify dimensions other than TFP
matters from both a welfare and a policy point of view. From a welfare perspective it is, for
example, of great value to be able to assess the impact on firm markups of a trade integration
episode or market size expansion. Some recent theoretical papers have indeed revisited the
relationship between market size, markups and welfare and questioned the pervasiveness
of the so called “pro-competitive effects” (Zhelobodko et al) 2012). Furthermore, being
able to disentangle demand heterogeneity from efficiency is important for policy making, in
particular to understand where the competitiveness of a firm or an industry comes from and
then target interventions accordingly. In this respect, policy changes may affect efficiency and
demand/quality in opposite directions, so examining effects on revenue-based TFP may be
misleading and not reflect changes in underlying physical productivity.

This paper’s contribution is to address these issues in a comprehensive way by making use



of quantity and price data at the firm-level while developing and estimating a model where
firms are heterogeneous with respect to their quantity TFP, markups and demand. More
specifically, while the literature already provides models allowing to quantify heterogeneity in
quantity TFP and markups (De Loecker et all [2016)), we explicitly introduce heterogeneity
in demand across firms within a general framework where heterogeneity in quantity TFP,
markups and demand can be simultaneously measured. In doing so, we thus allow measuring
demand heterogeneity across firms without resorting to demand system models (Ackerberg
et al.,[2007) or to the restrictive assumptions imposed by the methodology developed in Foster
et al. (2008). At the same time, we also depart from the standard proxy variable approach and
develop an alternative estimation procedure for the parameters of the underlying production
function.

We apply our framework to Belgian manufacturing firms and use information on both the
quantity and the value of production over the period 1996-2007 to quantify our model. We first
document that demand factors display at least as much variability across firms as quantity
TFP. We further show that productivity and demand heterogeneity are very strongly and
negatively correlated. This finding is suggestive of a trade-off between the appeal/perceived
quality of a firm’s products (our measure of demand) and their production cost (linked to
quantity TFP) as indeed suggested in the demand system literature (Ackerberg et al., 2007) E]
Another pattern worth noting is that differences in prices and markups across firms are related
to differences in demand and productivity in the way one would expect. More specifically, we
find markups to be increasing in quantity while more productive firms and/or firms selling
more appealing products charge higher markups. At the same time, more productive firms
charge lower prices while firms selling more appealing products charge higher prices. When
comparing our measure of demand with the one developed in [Foster et al. (2008), we find
the two measures to be mostly orthogonal to each other. We rationalise this finding in the
light of the two key restrictions imposed by [Foster et al.| (2008)), while also providing evidence
that our demand measure correlates well with a measure obtained using demand elasticity
estimates borrowed from Broda and Weinstein, (2006)). We further show how, when correctly
measured, revenue TFP exactly decomposes into the underlying dimensions of heterogeneity
so bridging the gap between quantity TFP estimations and revenue TFP estimations.

We finally assess how and to what extent these heterogeneities allow gaining deeper and

!The negative correlation we unveil can be rationalised in several ways. For example, one could reasonably
argue that technology is such that higher quality products require more and/or more expensive inputs, i.e.
lower quantity TFP. On the other hand, even if quantity TFP and demand were uncorrelated from a technology
point of view, a negative correlation between the two will arise after selection has taken place and only firms
with high enough quantity TFP and/or high enough demand survive. We provide more insights into this issue
later on in the paper.



sharper insights into a productivity-related question: firm response to increasing import com-
petition from China. Numerous studies have explored the many, besides the well-documented
negative effects on employment (Autor et al., 2013)), impacts of the spectacular rise of Chinese
trade. With respect to productivity, Bloom et al.|(2016]) provide evidence supporting the claim
that import competition from China caused an increase in revenue TFP for European firms.
Bloom et al.| (2016)) rationalise these effects via a number of channels relating competition to
innovation and X-inefficiencies. Building on our data and framework, we show how changes in
Belgian firms revenue productivity spurred by import competition from China materialise as
the outcome of complex changes in quantity TFP, product appeal, markups and production
scale. More specifically, we find that quantity TFP increases and product appeal decreases
while markups are little affected. The two opposing effects roughly cancel each other out
and so the observed increased in revenue TFP essentially comes from the reduction in firm
operations/scale. This application highlights how our framework allows to better understand
firm behaviour and margins of adjustment under competitive pressure.

Our paper is related to the literature on firm TFP measurement on which the Olley and
Pakes| (1996)) proxy variable approach to tackle the issue of endogeneity has had a deep im-
pact. This proxy variable approach has been further developed in |Levinsohn and Petrin
(2003)), Wooldridge, (2009)), | Ackerberg et al.| (2015) and De Loecker et al. (2016). Our inter-
est in demand heterogeneity is common to both [Foster et al. (2008) and De Loecker| (2011)).
De Loecker| (2011)) introduces demand heterogeneity in a revenue-based production function
model while relying on standard CES preferences and a common markup across varieties.
This allows substituting for prices and getting a tractable expression for firm revenue as a
function of inputs, TFP and demand heterogeneity. Compared to our framework, De Loecker
(2011) does not allow for different markups across varieties while needing some adequate
proxies for demand shocks. By contrast Foster et al.| (2008]), which is the most closely related
paper to ours in terms of both data and aims, use data on both the quantity and the value of
a firm’s production in order to disentangle quantity TFP from demand heterogeneity. More
specifically, they recover production function coefficients from industry average cost shares
and subsequently estimate a demand system featuring demand heterogeneity measured as
regression residuals while instrumenting firm price with firm TFP. Therefore, the key identi-
fying assumption allowing them to disentangle productivity from demand is, besides imposing
constant markups, that they are uncorrelated. In our framework we do not impose such as-
sumptions and find productivity and demand heterogeneity to be very strongly correlated
with each other.

The rest of the paper is organised as follows. Section 2 provides our model while Section

3 develops the estimation strategy. Section 4 presents our data while Section 5 contains our



estimation results as well as descriptive statistics and correlations. In Section 6 we compare
our demand measure with measures obtained using other approaches. In Section 7 we show
how our revenue productivity decomposition can be used to obtain deeper insights into firm
response to increasing import competition from China. Section 8 concludes. Additional

details, results, Figure and Tables are provided in the Appendix.

2 The MULAMA model

We label our model MULAMA because of the names we give to the 3 heterogeneities we allow
for: markups MU, demand LAMbda and quantity productivity A. While the literature
already provides models allowing to quantify firm-level TFP and markups (De Loecker et al.,
2016), our key contribution is to further allow measuring demand heterogeneity across firms
without resorting to demand system models (Ackerberg et al., 2007) or to the restrictive
assumptions imposed by the methodology developed in |Foster et al.| (2008). In doing so,
we depart from the standard proxy variable approach and develop an alternative estimation
procedure for the parameters of the underlying production function. In what follows, we

focus on the case of single-product firms while extending the model to multi-product firms in

Appendix [C]

2.1 Production

We index firms by ¢ and time by ¢. We consider a Cobb-Douglas production technology with
3 production factors: labour (L), materials (M) and capital (K). In line with the existing
literature we assume capital to be a dynamic input that is predetermined in the short-run,
i.e. current capital has been chosen in the past and cannot immediately adjust to current
period shocksE] We further assume, as standard in the literature, that materials are a variable
input, free of adjustment costs. In the case of labour, we could either assume it is a variable
input, free of adjustment costs, or we could assume it is, very much like capital, predetermined
in the short-run as in |De Loecker et al. (2016]). We could also assume, following |Ackerberg
et al.| (2015), that it is a semi-flexible input.E] In light of the features of the Belgian labour

2As described in |Ackerberg et al| (2015), capital is often assumed to be a dynamic input subject to an
investment process with the period ¢ capital stock of the firm actually determined at period ¢t — 1. Intuitively,
the restriction behind this assumption is that it takes a full period for new capital to be ordered, delivered,
and installed.

3More precisely, in the semi-flexible case, L;; is chosen by firm i at time t — b (0 < b < 1), after K;; being
chosen at t — 1 but prior to M;; being chosen at t. In this case, one should expect L;; to be correlated with
productivity shocks in t. Yet labour would not adjust as fully to such shocks as materials do. The choice
between predetermined and semi-flexible for L;; does not change the structure of the model and estimation
procedure we provide below but only affects the set of moments used in the estimation. We highlight any



market, we opt for the predetermined case.

We further assume firms minimise costs while taking the price of materials (Wy;) as
given. Labour and capital cannot adjust to current period shocks but firms can still adapt
materials. Therefore, at any given point in time, each firm ¢ is dealing with the following

short-run cost minimisation problemﬁ
1 — ar an YL —aMm
r]r\141n{MitWMit} s.t. Qi = AiLy" MM K, ,
it

where the capital coefficient is oy = v — o, — ayy, v characterises returns to scale, and A;;
is quantity TFP, which is observable to the firm (and influences her choices) but not to the
econometrician. In what follows we refer to the Cobb-Douglas production technology as the
quantity equation and denote with lower case the log of a variable (for example a;; denotes

the natural logarithm of A;). The quantity equation can thus be written as:
@it = arly + anrmi + (v — ap — aa) ki + air. (1)

First order conditions to the firm’s cost minimisation problem imply that:

Qit
M;

Wit = Xit 57 M (2)

where y;; is a Lagrange multiplier.ﬂ

We can thus write the short-run cost function as:

1
Q. ans oL _y-ap—aym
ot L apnr
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it

Marginal cost thus satisfies the following property:

oC; 1 C;
MCy =% = — 2% (4)
0Qit ay Qi
By combining equations , and one obtains that the markup p;; = Py /MCj; can

be computed, in line with |De Loecker et al. (2016]), as the ratio of the output elasticity of

material to the share of materials’ expenditure in revenue:

o
Hit = M (5)

differences later on.
4To simplify notation we ignore components that are constant across firms in a given time period as they

will be controlled for by time dummies.
W 1y _ 1 _ep  _y-ep-ay
5. — Wapmie)om M M M
Xit = Gt Q™ Ay "M Ly "MKy,




2.2 Demand heterogeneity

We consider a monopolistic competition frameworkﬂ in which a representative consumer
chooses among a continuum of differentiated varieties and maximises at each point in time ¢

a differentiable utility function U(.) subject to budget B;:
mgx {U (Q)} s.t. /BthtdZ — Bt B O,

where Q is a vector of elements A;Q);; and the vector A (with generic element A;) is given to
the representative consumer. Therefore, while the representative consumer chooses quantities
@ while paying prices P, quantities @ enter into the utility function as Q and A; can be
interpreted as a measure of the perceived quality /appeal of a particular variety i. For example,
in the standard symmetric (with respect to Q) varieties case, the representative consumer
would be indifferent between having one more unit of a variety i with A;; = A or A more units
of a variety j with A, = 1.

Each firm chooses quantity to maximise profits, while taking A;; and market aggregates

as given, so implying the usual relationship between the markup and demand elasticity (n; =
_%).
Opit/*

i
it = e _t 1 (6)

At this point it is important to note that demand elasticity, the markup and the price are
functions of both the quantity chosen by firm i (Q;;) and the perceived quality /appeal of its
variety i (Ay). While quantity @ is directly observable in production data like ours, Ay
is not, but can be inferred from the data based on a linear approximation result. First, in
Appendix [B] we show that utility maximisation conditions imply:

Opit 1 Opit

0q;t B Nit B O\t

- 17 (7)

where A\ = log(A;;). In other words, the elasticity of the price with respect to quantity differs
from the elasticity of the price with respect to product appeal by one. The intuition behind
(7) is straightforward. In practice, everything works as if firms were selling quality-adjusted
quantities Qit while charging quality-adjusted prices ]5it = Py/A\; so generating revenues

R, = 15“@” = P;Q;. Therefore, a change in A;; or ;; should have the same impact on the

5Tn Appendix A, we show that our approach for demand heterogeneity, and in particular equations and
@D below, applies in exactly the same way in the oligopolistic competition structure developed in |Atkeson
and Burstein| (2008) and further refined in [Hottman et al.| (2016).



quality-adjusted price ]5zti %:g’%. In this respect noting that p; = p;; — i

Ipit _ Opir Oy _ Opit

0qs B 0¢;t 0¢;t B an‘t7

because % = 0. On the other hand:

Opi _ Opit _ ONit _ Opit 1
i 0Ny Oy Oy

OAit
Ot

Moving forward, log revenue equals log price plus log quantity (r; = pi+¢;). Considering

because = 1. Combining the two above equations gives .

a first order linear approximation of log revenue around the profit maximising solution, as

well as equations @ and , we have:

ori ori 8pit aQit apit an‘t 1

it(Git, Ait) = it + 77— Ait = + it + + Ait = (1 = —)(qie+Ait),
t(qt t) a%’tQt O\t ' 0¢ir  0qi i O\t ONit ! ( nit)(Qt t)
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and so to sum up:
1

Tit = f(%’t + Ait). (8)

it
Equation implies that using data on the actual quantity and revenue sold by firm i, which
will be observable in our production data, and the profit-maximising markup p;;, which we
will measure using production function parameters and , one can recover the firm-specific

demand measure \;; as:

it HitTit — qit- (9)

Two points are worth noting at this stage. First, if one considers the limit case of identical,
in terms of quantity TFP, firms charging a common markup equal to one, equation @ implies
that \;; >~ p;, i.e. our measure of product appeal/perceived quality corresponds to the firm
pricem However, with heterogeneity in quantity TFP and markups, prices no longer reflect

only underlying differences in product appeal/perceived quality. Second, considering the

1 1
standard symmetric CES utility case, i.e. U = < f . (AitQit)nT dz’) " Wwhere I, denotes the

(2

"Unit values obtained from international trade data have been indeed used as a measure of quality in a
number of contributions including |Schott| (2008) and Bloom et al.| (2020)).



set of varieties, demand is given by:

L (P\ "B
Qit - AZ: i g _ta
I I
where P, is the usual CES price index and the elasticity of demand is constant and equal
to n. From this expression, it appears how our measure of perceived quality/product appeal
boils down to a firm-specific quantity shifter A?t_l conditional on the individual price P;~".

Writing in logs, while getting rid of P, and B; that are constant across firms, we have:
git = (1 — )Xt — npir,

from which (given that the markup is constant and given by u; = p = #)

n
Wit Tit — Qit = Tlg(n — D)Au(1 — n)p@—g(n — DA — npitl = Ait,
Tit qit

i.e. equation @D holds as an equality. When moving away from the CES case, the markup p
will vary across firms and firm revenue r;; needs to be ‘weighted’ by the firm-specific markup
before subtracting quantity ¢; to compute \;; from @ At the same time, equation @D would
now only hold as a linear approximation of the log revenue function. In this respect, we
provide in Appendix [B] some examples of log revenue functions obtained from preferences

used in the IO and trade literatures supporting the log-linear approximationﬁ

2.3 Revenue productivity

Being explicit about underlying differences in demand across firms not only allows measuring
such differences, but also enables bridging the gap between revenue-based TFP and quantity-
based TFPﬂ First note that the quantity equation can be written as ¢;; = ;s + a;;, where
Git = aply + aprmy + agk; is an index of inputs use that we label “scale” in the remainder.

Second, by defining revenue-based TFP as TFPE = r; — g;; and using equation () while

8Despite the fact that demand functions can differ wildly in terms of their shapes and properties, the
corresponding revenue functions are reasonably log-linear in quantity. Intuitively, prices vary much less than
quantities for firms and so changes in log revenue are essentially driven by changes in log quantity.

9The idea of decomposing revenue TFP into different underlying elements is not new and it is present
in the literature since at least Klette and Griliches| (1996]). However, most decompositions have remained
only theoretical in nature due to the lack of suitable data to operationalise them. The availability of price
and quantity data, along with our assumptions on demand heterogeneity, allow us to actually implement our
revenue TFP decomposition in the data.



substituting we get:@
Qi + Aig n 1 — g
it it

TFPE = it (10)

meaning that TFP[ is a (non-linear) function of quantity-based TFP a;, product appeal

Ait, the markup p;; and production scale qitﬂ (10) can also be made linear by considering
Y (I—pit) iz
it ’

markup-adjusted quantity TFP, product appeal and scale: a; = % it = Alz

it H

5 q:it =
TFPi? = a; + S\it + G- (11)

As such, changes across time within a firm of TFPE, or differences between firms at a given

point in time in TFPE can be decomposed as the sum of changes/differences in a;, S\z’t and
¢it- This in turn enables gaining deeper and sharper insights into productivity questions. For
example, we show below in Section [7] that changes in firm revenue productivity spurred by
import competition from China materialise as the outcome of complex changes in quantity
TFP, demand, markups and production scale. This in turns allows to better understand firm
behaviour and margins of adjustment under competitive pressure and learn important lessons

that can be applied to other contexts.

3 Closing the model

The last step to close the model involves introducing some additional assumptions. These are
needed to estimate the parameters of the production function, which then are used to obtain
quantity TFP a;; as a residual from the quantity equation (1]}, while markups are pinned down
by and product appeal is measured using @D One readily available approach to estimate
the production function, that is consistent with the underlying presence of heterogeneity in

markups and demand, is provided in [De Loecker et al| (2016). This methodology relies on

10From now onwards we use the equality, rather than the approximation, when employing equations and
@. Given that later on we will be computing A;; using @[), the equivalent equation holds as an equality
and so do the revenue TFP decompositions and .

HEquation indicates that revenue-based TFP increases with both quantity-based TFP and product
appeal at a rate given by one over the profit-maximizing markup, which is the local slope of the log revenue
function. The markup p;; is to be considered endogenous with respect to both a;; and A;; and in particular we
show later on that markups appear to increase with both quantity-based TFP and product appeal. Therefore,
as a;; and/or \;; increases, so does the markup and this translates into smaller increases of TF Pilf because
the log revenue function gets flatter (see examples of log revenue functions in Appendix . At the same time,
increasing/decreasing scale decreases/increases revenue-based TFP (for given a;; and ;) simply because the
firm is using more/less inputs. In this respect, it is important to note that scale is to be considered endogenous
with respect to both a;; and A;;. In particular, as a;; and/or \;; increases, so does scale because the firm will
be selling more and using more inputs. The negative indirect effect on revenue-based TFP is mediated by
markups and gets stronger with higher ;.

10



the popular proxy variable approach.B

In what follows we depart from the proxy variable approach and propose a new estimation
framework that builds upon our explicit assumptions about demand heterogeneity. We label
this estimation framework FMMM.H The key insight of the FMMM estimation is that we
use both the log revenue function and the quantity equation to recover technology
parameters. This is in contrast with the common practice of using only the quantity equation
and is made possible by the fact that we are sufficiently specific about demand to be able to
explicitly write the log revenue function in terms of observables and the heterogeneities we
allow for, as well as model parameters.

We thus end up with a simultaneous system of two equations. In order to deal with
this we take advantage of two insights. First, as in Wooldridge| (2009), we impose a simple
AR(1) process for productivity meaning that we can substitute a; with its time lag and an
uncorrelated component while further replacing a;;_; with the lag of quantity and inputs from
the quantity equation . We do something similar for product appeal by specifying again
an AR(1) and replacing A\;;—; with components from the log revenue function . Second, as
in |Grieco et al.| (2016)), we exploit the first order conditions of the firm’s profit maximization
problem, and in particular the markup equation , to substitute for the output elasticity
of material parameter aj;. Thanks to these two insights we are able to greatly simplify the
estimation of the simultaneous system of two equations. In particular, the estimation can be
performed separately and with simple linear methods (OLS for the revenue equation and IV
for the quantity equation) without resorting to a more complex, and potentially numerically
unstable, joint non-linear estimation. We provide Monte Carlo evidence of the performance
of the FMMM estimation framework in Appendix [F}

The time process of quantity TFP a; is characterised by an AR(1):

it = Pait—1 + Vait (12)

where v,; are iid and uncorrelated with past values of productivity. As for product appeal,

12Tn particular, starting from the conditional input demand for materials, a number of observables (prices
and market shares in particular) are added to proxy for unobservables (markups and demand heterogeneity
in our framework) while imposing the usual assumption of invertibility.

13In order to allay concerns over the robustness of our results, we provide in Appendix@ key results obtained
employing the De Loecker et al| (2016) methodology (that we label DGKP) to estimate the parameters of
the production function, and using such parameters to compute an alternative set of TFP, product appeal,
markups and revenue TFP measures. We find qualitatively, and to a large extent also quantitatively, very
similar results between the FMMM and DGKP approaches.

11



we also assumed™
it = OaNit—1 + Unit (13)

where vy;; are iid and uncorrelated with past values of product appeal.m At the same time
we allow v, in and vy; in to be correlated with each other. Note that, by allowing
Vair and vy to be correlated with each other, we allow demand and productivity A; and a;
to be correlated with each other [
We start by manipulating the log revenue function. More specifically, by substituting g¢;;
with the formula of the Cobb-Douglas we can transform further as:
arg,

« 1
rie = — (lp — ki) + —M (i — ki) + lkit +— (@i + Nit) -

it Mt Mt Mt

Furthermore, by using the markup equation (), we get:

s (e — ko 1
LHS, = Tit — SMit (mzt kzt) _ ar (lit . kit) + lkit 4= (ait + )\it>~ (14)
(057}

SMit apg 037}

where LHS;; is made out of observables only.

We then build upon our assumptions on the time processes for a;; and A: and .
However, before substituting and into ((14) we need to find a convenient way to
express a;—1 and A\y;_1. By using and we have:

037

= Git—1- (15)

Nit—1 = Tit—1bit—1 — Qit—1 = Tit—1
SMit—1

At the same time plugging into and re-arranging yields:

SMit—1

o
aj—1 = oy LHS; 1 — oy (litfl - kitfl) - ’Ykitfl - (Titl Mo Qitl) . (16)

14)\;; captures consumers’ perception of the quality and appeal a firm’s products; something that arguably
does not change much from one year to another. It takes years of effort and costly investments for firms
to establish their brand and build their customers’ base on the one hand, and to put in place and develop
an efficient production process for their products on the other. In our view, there are profound similarities
between the processes of productivity and product appeal and so if the former can be approximated by a
Markov process so can the latter.

5More precisely, we posit that a;; and \;; are jointly described by a VAR(1) process meaning that v,;; and
vyt are both uncorrelated with past values of productivity and product appeal.

16Table in Appendix B shows the estimated correlation between product appeal shocks (vy;:) and
TFP shocks (v4;). Our estimates are consistent with the idea that the strong measured negative correlation
between the two shocks drives the strong measured negative correlation between \;; and a;.

12



Finally, by combining , , and into we obtain:

e} (e}
LHS; = alk = (ly = ki) + 9o LH St - ¢aalkit_1 — Gum (Lot = ki)
M M M M
Tit— it— 1
+  (dr — ¢a) <S t‘ L 1) + — (Vait + Vait) - (17)
Mit—1 (0373 g

The advantage of the transformed log revenue function with respect to the original
formulation is that we remove the unobservable (to the econometrician) markups and
product appeal. Indeed, besides the idiosyncratic productivity and demand shocks v,;; and
Vxit, the transformed log revenue function contains only observables and useful param-
eters. There are various ways of estimating and here we use perhaps the simplest one.

More specifically, we rewrite as the following linear regression:

LHS; = byz1i + bazai + bszsir + bazair + bszsi + bezeir + br27ie + Wi, (18)
Tit—1 .
Sait—1’ Zrit={qit—1,
Uit= g (Vair + Vi) as well as bi=1, by=25, by=, bi=—¢a -, bs=—@0 7=, bs=(dr — Pa),

br=—(Pr — ¢u) QLM Given our assumptions, the error term w; in (18)) is uncorrelated with

where z1;=F;, Z2it:<lit - kit>7 23i0=LH Sit_1, z4it=FKit—1, Zsit:(litq - kitfl)a Z6it—

current capital and labour as well as with lagged inputs use, quantity and revenue.m There-
fore, z1;; to z7;; are uncorrelated to u;; and can be estimated by OLS. Operationally, we
augment with a full battery of 8-digit product dummies, as well as year dummies, and

perform estimations separately for each two-digit industry. We then set %:f)l, %:(Sg and

an:i?g, without exploiting parameters’ constraints in the estimation

We now turn to estimating v from the quantity equation in a second step. Combining the

7Our assumptions are in line with the widespread practice in the literature (Olley and Pakes, [1996;
Wooldridge, 2009; [De Loecker et al., 2016)) of imposing that productivity follows a Markov process (to which
we add that also product appeal follows a Markov process) while at the same time exploiting the idea that
some factors of production (capital and labour in our case) are predetermined in ¢ while others (materials
in our case) are endogenous in ¢t. From these assumptions it immediately follows that contemporaneous
and lagged values (lagged values) of predetermined (endogenous) variables are uncorrelated with innovations
in ¢. If one allows labour to be a semi-flexible input then labour becomes an endogenous variable and so
E{vaitlit} = E{vxitlic} = 0 will not hold. In this case, OLS cannot be applied to equation because zo;¢
is endogenous. However, zo;; could be instrumented with, for example, z9;; o as well as the lags of order 2 of
materials, capital, revenue and quantity.

8In principle, parameters’ constraints in equation could be used to obtain an estimate of ays, and
more specifically the ratio —bg/by, and so fully recover technology parameters without further need of the
quantity equation. However, this hinges on the difference between ¢, and ¢, being significantly different from
zero, i.e., on parameters bg and b; being significantly different from zero. Operationally, we very often find
that bg and b; are not significantly different from zero. This is consistent with the estimates of ¢, and ¢y
(very close to each other in each of the 9 industries we consider) obtained from our two-step procedure and
reported in Table @ in Appendix B.
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quantity equation and the markup equation (j5) we have:

Git = PaeSnrae (M — ki) + o (lig — ki) + Yhie + g (19)
Further using o, = % as well as ay, = % and we get:
b
Git = Bl (mae — ki) + % (lit — ki) + vk + au, (20)
1 1

where we replace b, and by with their estimates b; and by coming from ([18). Finally, using
the autoregressive formulation as well as , we substitute a;; with observables and

idiosyncratic productivity shocks v,;; and obtain:

b by boda
qit = l (mir — ki) + ﬁ (lit — ki) + ki + 'Y(Ab_LHSitfl - ﬂ (lit—1 — kir—1)
b1 b1 bl bl
; ; v
— YPokit—1 — @q (TitlA— - Qitl) + Vit (21)
1SMit—1

Note that the only unobservable in is the idiosyncratic productivity shock v,;; while
the only parameter left to identify is v. We can more compactly write as the following
linear regression:

LHS;; = bszsit + Vair (22)

where:

LHS: = qi— anqu—l

1 b by
Zgit = — (M — ki) + = (Lt — ki) + Kir + ib_LHSz’t—l
by by by
by, R Do
— 2A¢ (Lit—1 — kit—1) — Gakir—1 — M
b, b1Sarit—1

as well as bg=v. Materials m;; in zg; are endogenous to contemporaneous productivity shocks
Vqir and so OLS cannot be applied to estimate . However, one can use several moment con-
ditions for identification including E {v kit = E {Vailis} = E{Vaitlit-1} = E{Vatmi_1} =
E{veitkii—1} = E{venqiu—} = E{vaura_1} = OH Again, we augment with year and

8-digit product dummies and perform estimations separately for each two-digit industry. The

197f one allows labour to be a semi-flexible input then E {v,i:l;} = 0 will not hold. However, all of the other
moment conditions will hold and there are enough to choose from. In particular, we use in our estimations
E{vaitlit—1} = E{vaitmi—1} = E{vaitkii—1} = E{Vaitqit—1} = E{Vaitmit—1} = 0.
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IV estimation of provides an estimate of v that, together with aiM and % coming from
the first stage revenue equation, uniquely delivers production function parameters (&, dpy
and 7).

Last but not least, for all our estimates and results we correct for the presence of measure-
ment error in output (quantity and revenue) and/or unanticipated (to the firm) productivity
shocks using the methodology described in [De Loecker et al.| (2016) and on which we provide

some highlights in Appendix [B]

4 Data, descriptives and additional variables

4.1 Basic data

Our primary data consists of firm-level production data for Belgian manufacturing firms
coming from the Prodcom database and provided by the National Bank of Belgium. Prodcom
is a monthly survey of industrial production established by Eurostat for all EU countries in
order to improve the comparability of production statistics across the EU by the use of a
common product nomenclature called Prodcom (8-digit codes whose first four digits come
from NACE codes). Prodcom covers production of broad sectors C and D of NACE Rev.
1.1 (Mining and quarrying and manufacturing), except for sections 10 (Mining of coal and
lignite), 11 (Extraction of crude petroleum and natural gas) and 23 (Manufacture of coke and
refined petroleum products). During our sample period, each Belgian firm with 10 employees
or more - or with a revenue greater than a certain threshold in a given year - had to fill out
the surveyY| Firms in the survey cover more than 90% of Belgian manufacturing production
and the raw data is aggregated from the plant-level to the firm-level.

This gives us a sample of about 6,000 firms a year over the period of 1995 to 2007.
Data is organised by product-year-month-firm. We use information on quantity (the unit of
measurement depending on the specific product) and value (Euros) of production sold. We
aggregate the data at the firm-year-product level. The same data has been previously used in
Bernard et al.|(2018) in their analysis of carry along trade as well as by |De Loecker et al.| (2014)
for their study of the links between international competition and firm performance. There
are about 4,500 distinct 8-digit products within the Prodcom classification. The level of detail
is such that, for example, we are able within the “Meat and Meat products” industry (NACE
code 151) to look at specific products such as “Sausages not of liver” (Prodcom code 15131215)
and “Fresh or chilled cuts of geese; ducks and guinea fowls” (Prodcom code 15121157) while

20Rules are somewhat different for other EU countries. In particular some EU countries only surveyed firms
with 20 or more employees. The 10 employees threshold has been recently increased to 20 in Belgium as well.
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within the NACE 212 “Article of Papers” industry, we can distinguish between “Envelopes
of paper or paperboard” (Prodcom code 21231230) and “Wallpaper and other wall coverings;
window transparencies of paper” (Prodcom code 21241190). While not as detailed as product
categories available with bar-code data for retail products, our dataset has the advantage of
spanning across the entire manufacturing sector.

We also make use of more standard balance sheet data to get information on firms’ inputs.
We build on annual firm accounts from the National Bank of Belgium. For this study, we se-
lected those companies that filed a full-format or abbreviated balance sheet between 1996 and
2007 and with at least one full-time equivalent employee. Variables include FTE employment,
total wage bill (our preferred measure of the labour input), material costs, capital stock and
turnover. There are more than 15,000 manufacturing firms per year displaying non-missing
values for these variables.

Besides, we use standard EU-type micro trade data at the product-country-firm-month
level over the period 1995-2008 provided by the National Bank of Belgium. From this data
we simple borrow information on firm import and export status. The combined balance sheet
and trade data has been previously used in Behrens et al.| (2013)), Mion and Zhu| (2013)) and
Muuls| (2015) among others and is representative of the Belgian economy. The three datasets

are matched by the unique firm VAT identifier.

4.2 Additional variables and descriptives

In the analysis of the impact of import competition from China on revenue productivity and
its components, that we report in Section [7], we further use additional trade and import quota
data. The trade data comes from the Comtrade database provided by the United Nations.
We use EU-15 and US imports data over the period 1995 to 2007 at the HS6-digit level to
construct a measure of Chinese imports penetration in these two markets. We first build on a
concordance between the HS6-digit classification and the CPA6-digit classification, where the
latter dictates the first 6 digits of Prodcom codes, to measure imports at the CPA6G-exporting
country-year level 1 We then construct the following measure of Chinese imports penetration,

in either the EU15 or the US market, for each CPA6-digit product and time t:

mkt
CPA6,t — Z [Mpmkt .
c CPAG6,c,t

(23)

2IThe concordance between HS6 and CPAG6 is quite straightforward and we have used suitable tables
provided by the RAMON EU website. The same does not apply to the concordance between HS6 and
Prodcom 8-digit. This is the reason why we have decided to work at the CPAG6 level. The CPA 6-digit
still represents a very detailed breakdown of products. For example, there are 1,370 distinct CPA6 products
corresponding to about 4,500 Prodcom 8-digit products.
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mkt

where IM PZpg .., are imports by market mkt = {EU15, US} of products belonging to a
specific CPA6 product from country ¢ at time ¢ while TM PZEY g opinas Te€Presents imports
from China by either the EU15 or the US of products belonging to a specific CPA6 product
at time ¢. A similar measure has been used in|Mion and Zhu| (2013) for Belgium, as well as by a
number studies for other countries, for the analysis of the various economic impacts of import
competition from China. In this respect, we believe that the EU15 is the relevant market
for the highly export-oriented Belgian firms over our time frame. Therefore, IPCEE , is
our preferred measure of the import competition faced by Belgian firms producing products
belonging to a specific CPA6 code at time ¢t. At the same time we allow, as in |[Autor et al.
(2013), for the presence of unobserved demand/technology shocks at the C'PA6-time level
characterising the EU15 market, and correlated with IPCER)S ,, by instrumenting I PCERG ,
with TPCER 44, More specifically, we match in each year firms to our C'PA6-time measurd™|
and regress firm revenue productivity on JPCER ) ;. While allowing for firm fixed effects and
time dummies, we subsequently instrument I PCER)S , with IPCER 46, We then do the same
for the different components of revenue productivity (a;, Ay, etc.).

As a complementary attempt to identify the impact of import competition from China
on revenue productivity and its components we focus on a specific industry (“Textile and
Apparel”) and exploit detailed HS6-level information on import quotas. These quotas were
imposed at the EU-level on Chinese imports, as well as on imports from other non-WTO
countries, and affected some products within the industry but not others. As a consequence
of China joining the WTO, these quotas were removed during our period of analysis. To
provide some context, when these quotas were abolished this generated a 240% increase in
Chinese imports on average within the affected product groups. The data and estimation
strategy are borrowed from Bloom et al| (2016). We compute, for each 6-digit CPA product
category, the proportion of 6-digit HS products that were covered by a quota, weighting
each HS6 product by its share of EU15 imports value computed over the period 1995-1997.
We label this QUOT Acpas and focus on the period 1998-2007 to analyse firm behaviour.
More specifically, we match in each year firms to QUOT Acpae and run a simple diff-in-diff
specification where the time-change in, for example, firm revenue productivity is regressed on
QUOT Acpag. We then do the same for the different components of revenue productivity.

With the exception of the quota analysis where we consider the sub-sample 1998-2007, we
focus our study on the period 1996-2007 for which all datasets are available and during which

there has not been any major change in data collection and data nomenclatures. [

22 As explained below we focus in our analysis on firm producing a single Prodcom 8-digit product. Therefore,
we match firms to TPCER ), based on the first 6 digits of the unique Prodcom 8-digit product produced by
firm 4 at time ¢.

23The NACE and the CN nomenclatures changed considerably in 2008. Note however that, as reported in
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We choose not to analyse multi-product firms in this paper and focus on single-product
firms, i.e. firms producing a single 8-digit Prodcom product. This is for a variety of reasons.
First, we could include multi-product firms in our analysis by drawing on the extension of
the MULAMA model presented in Appendix C. Yet, in doing so we would not be able to tell
whether our findings are specific to the MULAMA model or whether they are driven by the
additional assumptions we need to make in order to solve the inputs assignment problem for
multi-product firms. Second, in order to estimate the MULAMA model on multi-product firms
we first need, as in De Loecker et al.| (2016]), to estimate the parameters of the production
function for single-product firms: these are more than half of firm-year pairs in the data.
Third, in focusing on single-product firms we improve upon previous analyses of the impact
of Chinese imports competition by being able to very precisely match a measure of import
competition with what the firm actually produces. For example, Mion and Zhu (2013) and
Bloom et al. (2016) combine information on the primary 4-digit industry code of a firm with
some of the available secondary codes to account for the fact that some firms are active in
many industries while the measure they use is specific to one industry. In this respect our
information is more detailed, at the 6-digit CPA, and at the same time the CPA-specific
measure of Chinese import competition we attach to a firm covers all of its production.

As in previous studies using either revenue or quantity data our estimations are run at a
more aggregate level, that we label “industry” g, rather than at the finest available classifi-
cation (8-digit products). This is needed to have a sufficiently large number of observations
to estimate production function parameters in a consistent way. We estimate production
function parameters separately for each industry by pooling together firms producing 8-digit
products belonging to a given industry while at the same time adding time and 8-digit product
dummies. This implies assuming that technology parameters are the same across products
within an industry. Yet, we use actual quantities (and revenues) corresponding to the specific
8-digit product produced by a firm.

In terms of data cleaning, besides getting rid of missing and/or inconsistent observations,
we exclude from the analysis firms that in a given year report different sales (+ 15%) in the

Prodcom and the Balance sheet data. Indeed, for some firms, manufacturing is only one part

Bernard et al.| (2018]), there have been some minor changes in 8-digit level Prodcom codes during our sample
period. The first 6 digits of Prodcom codes have remained virtually unchanged from 1996 to 2007 because
they correspond to the CPA classification and this has barely changed over our sample period. Therefore,
most code changes involved the last two digits of Prodcom product codes. Whenever a new code is introduced
the old code is not re-assigned to another product. Rather than attempting a complicated, and potentially
imprecise, Prodcom 8-digit time concordance exercise we have decided to use the original codes: if a product
changes code in year t, we will be using two dummies in the estimations; one for the code prior to ¢ and
one for the code from ¢. The same principle applies to one-to-many, many-to-one and many-to-many codes
changes. Albeit conservative, we believe this is the best solution in this case.
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of their operations. We then apply a 1% top and bottom trimming based on the following
variables: (i) value added over revenue; (ii) materials expenditure over revenue; (iii) capital

stock over labour expenditure; (iv) price within an 8-digit product.

Figure 1: The importance of heterogeneity in demand across firms

Plot of log quantity and log price
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
log quantity and log price, corresponding to each firm-year pair in our sample, and are constructed after demeaning both log
quantity and log price by 8-digit product codes.

Table in Appendix B provides our industry breakdown as well as some basic summary
statistics (mean, standard deviation, 5th and 95th percentiles) and the number of observations
for the estimation sample. Figure [I] plots, after demeaning for each 8-digit product code, the
log quantity and log price corresponding to each firm-year pair in our sample. We provide
a plot for each industry and, as one can appreciate, there is indeed a negative correlation
(within 8-digit products) between prices and quantities. However, the correlation is far from
perfect with many instances of firms selling higher quantities than others for the same price
and vice versa. These differences are substantial: prices and quantities in Figure [I| are in log
units. Overall, this points to a fair amount of heterogeneity in demand across firms in the

data.
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5 Estimation results

In this Section we provide a number of results including our estimations, our measures of
TFP, product appeal and markups and examine how the three dimensions of heterogeneity
correlate with each other.

Table|l| provides estimates of Cobb-Douglas production function parameters obtained with
the FMMM estimation procedure.@ Coeflicients are in line with expectations for a 3 inputs
production function and there seems to be overall some support for constant returns to scale
(v =1). Capital coefficients are on the low side, as is usually the case in the literature, likely
due to measurement error particularly plaguing this variable, and they look very similar to

those reported in |De Loecker et al.| (2016) using quantity data for India@

Table 1: Estimates of the Cobb-Douglas production function parameters obtained with the FMMM
procedure

Industry  Description Labour Materials Capital 0%
1 Food products, beverages and tobacco 0.397¢ 0.728¢ 0.045¢ 1.169¢
(0.029) (0.040) (0.014)  (0.061)
2 Textiles and leather 0.325% 0.636¢ 0.020¢ 0.981¢
(0.020) (0.019) (0.012)  (0.014)
3 Wood except furniture 0.340% 0.632¢ 0.026 0.998¢
(0.050) (0.049) (0.021)  (0.058)
4 Pulp, paper, publishing and printing 0.427¢ 0.629¢ 0.070¢ 0.986¢
(0.065) (0.092) (0.017)  (0.141)
5 Chemicals and rubber 0.328¢ 0.648% 0.034¢ 1.010*
(0.040)  (0.052)  (0.019) (0.071)
6 Other non-metallic mineral products 0.316¢ 0.622¢ 0.047¢ 0.985¢
(0.039) (0.051) (0.015)  (0.078)
7 Basic metals and fabric. metal prod. 0.338% 0.629¢ 0.024¢ 0.991¢
(0.015) (0.012) (0.008)  (0.005)
8 Machinery, electric. and optical equip. 0.347¢ 0.630¢ 0.026° 1.004¢
(0.033)  (0.023)  (0.011)  (0.008)
9 Transport equipment and n.e.c. 0.3132 0.636¢ 0.025 0.974¢
(0.032) (0.031) (0.016)  (0.039)

Notes: v denotes returns to scale. Bootstrapped standard errors in parenthesis (200 replications).
@ p<0.01, ® p<0.05, ¢ p<0.1.

Moving to markups, the average across all observations is 1.091 which is in line with

24Table in Appendix D provides estimates of the mean and standard deviation of output elasticities
for the Translog production function obtained with the DGKP estimation procedure. Translog production
function coefficients estimates are provided in Table of Appendix D. The correlation between quantity
TFP obtained with the two estimation procedures is extremely high: 0.998 across all observations and 0.987
once demeaning both TFP measures by 8-digit product codes. See Appendix D for additional comparisons of
results obtained with the two estimation procedures.

251t is important to note that we estimate a three-inputs (capital, labour and materials) production function
instead of the somewhat more common two-inputs (capital and labour with value added as a measure of
output) production function. In the latter case the literature typically finds output elasticities for capital
around 0.2-0.3 (Olley and Pakes, 1996; Levinsohn and Petrin, 2003). However, in the former case, the
literature typically finds output elasticities for capital around 0.05-0.2 when using either quantity or revenue
as a measure of output (Harris and Robinson| [2003; De Loecker et al., |2016; |Pozzi and Schivardil 2016)).
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numbers reported in, for example, De Loecker and Warzynski| (2012). We further provide the
density distribution of markups across observations separately for each industry in Figure
along with the corresponding mean (red vertical line). In this respect, Figure [2 points out
how markups vary considerably across firms within each industry. As far as product appeal
is concerned averages are, as in the case of quantity TFP, of little value. What is interesting
is the variation in its values. In this respect, Table [2| reports the standard deviation of 8-digit

product code demeaned values of a;; and \;;, as well as raw values of ju;.

Figure 2: Distribution of markups by industry

Distribution of markups by industry: FMMM procedure
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Notes: The figure provides the density distribution of markups across observations separately for each of the 9 industries we
consider. The vertical bar denotes the mean markup.

The key finding stemming from Table[2]is that, within products, there is as much variation
in product appeal as there is variation in quantity TFP, confirming the first-hand impression
stemming from raw data on prices and quantities plotted in Figure [l This suggests that
heterogeneity in product appeal is a key component of firm idiosyncracies, at least as sizeable
as heterogeneity in productivity, and so a potentially powerful key to unlock patterns in the
data.

Moving to correlations, Table |3| provides correlations between quantity TFP, product
appeal, markups and log prices. Again, we demean quantity TFP, product appeal and log
prices because these measures do not compare much across 8-digit products. The main feature

emerging from Table [3]is the strong negative correlation between quantity TFP and product
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Table 2: Standard deviation of quantity TFP, product appeal and markups by industry

product
Industry  Description TFP appeal markups
1 Food products, beverages and tobacco | 0.416 0.477 0.154
2 Textiles and leather 0.604 0.671 0.130
3 Wood except furniture 0.843 0.914 0.180
4 Pulp, paper, publishing and printing 0.775 0.843 0.152
5 Chemicals and rubber 0.952 0.970 0.079
6 Other non-metallic mineral products 0.520 0.607 0.123
7 Basic metals and fabric. metal prod. 0.860 0.896 0.169
8 Machinery, electric. and optical equip. | 0.917 0.925 0.139
9 Transport equipment and n.e.c. 1.021 1.020 0.151

Notes: TFP and product appeal are demeaned by 8-digit Prodcom codes.

Table 3: Correlations between quantity TFP, product appeal, markups and log prices

TFP A markups prices
TFP 1
A -0.968“ 1
markups -0.079* 0.173¢ 1

prices -0.994%  0.967¢  0.081¢ 1

Notes: quantity TFP, product appeal and (log) prices are de-
meaned by 8-digit Prodcom codes. @ p<0.01, ? p<0.05, ¢ p<0.1.

appeal. This is robust to refining the correlation analysis by industry that we accomplish in
Figure[3| Indeed, Figure [3|shows a strong within-product negative correlation between a;; and
Ai¢ in each of the 9 industries we consider. More specifically, the correlation ranges between
-0.868 and -0.988 across industries and it is always significant at the 1% level. This is also
robust to using the DGKP estimation procedure, as shown by Figure in Appendix [D]
as well as to narrowing down the analysis to an allegedly homogeneous product like ‘Ready-
mixed concrete’ as shown by Figure [ belowP? Furthermore, Table in Appendix B

26Contrary to common perception, ready-mixed concrete is far from being a homogeneous product. In-
deed, there are many varieties of ready-mixed concrete that are differentiated both horizontally and vertically.
For example, there is home-use concrete, farm-use concrete, coated concrete (specific for corrosion resis-
tance), piling concrete (specific for pillars), early-strength concrete (useful in the first stages of construction),
fibre-reinforced concrete (for higher durability), heat-conducting concrete, underwater concrete, etc. Besides
differences in physical properties and attributes, concrete sold by different firms is, like any product, also dif-
ferentiated in terms of elements such as the capacity to be delivered on time, the quality of customer service,
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does suggest that the strong negative correlation between \; and a; is driven by a strong
negative correlation between product appeal shocks (vy;) and TFP shocks (v4;). At the
same time, Table in Appendix B shows that a strong negative correlation also applies
when considering (time) first-differences of product appeal and TFP so indicating that the
correlation between \; and a; is not simply driven by some level effects.

These results, which are in line with findings from the demand systems literature (Acker-
berg et al.l [2007), can be rationalised in several Waysm For example, one could reasonably
argue that technology is such that higher quality products require more and/or more expen-
sive inputs, i.e. lower quantity TFP. On the other hand, even if a;; and \; were uncorrelated
from a technology point of view, a negative correlation between the two will arise after se-
lection has taken place and only firms with high enough a and/or high enough A\ survive.
In Appendix [E] we focus on the selection mechanism and provide highlights of a Melitz-type
model, based on Behrens et al.| (2014])), that is in line with the MULAMA framework and that
delivers a negative correlation between quantity TFP and product appeal.@

To provide further insights and intuition about the negative correlation between TFP and
product appeal, as well as about why it is important to observe both measures, we find the
following real world example useful. One of the most productive car plants in Europe is the
Nissan factory located in Sunderland in the UK. In terms of sheer productivity, measured as
cars per employee, it is nearly 100% more productive than a state of the art Mercedes plant
near Rastatt in Germany. However, this hardly reflects a problem with the Mercedes plant.
Rather, Mercedes and Nissan face very different demands from their clients leading to products
of different quality and characteristics. Both plants are profitable and perhaps generate a very
similar revenue productivity. However, their business model is different — Nissan is high a and
low A while Mercedes is low a and high A — and with data on quantity and prices, along with
our framework, we are actually able to distinguish their business models. Furthermore, it is
important to distinguish product appeal from quantity TFP because Nissan and Mercedes

could behave very differently when facing the same shock precisely because of their different

the availability of different financing solutions, etc.

27Jaumandreu and Yin| (2017) provide a framework allowing for the presence of correlated demand and
TFP heterogeneity. However, they do not observe quantities and so lay down a number of assumptions under
which the two heterogeneities can be recovered from standard revenue and inputs data as well as data on
demand shifters. Interestingly, they also find TFP and demand heterogeneity to be negatively correlated.
Our approach requires more data but less assumptions and provides, among others, what we believe is a more
direct and compelling evidence about the negative correlation between TFP and demand heterogeneity.

Z8More specifically, upon paying a fixed cost firms take a random draw in the (a, A) space and only firms
with ‘quality adjusted’ productivity a+ A high enough are able to survive. Therefore, even if TFP and product
appeal draws are independent, a negative correlation will arise in the data because only surviving firms are
observed. Intuitively, when comparing two sub-samples of surviving firms with different average product
appeal A, the group with the higher average A needs less higher values of a to satisfy the cutoff survival rule
so generating the negative correlation.
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Figure 3: Within 8-digit products correlation between quantity TFP and product appeal by
industry

Plot of TFP and product appeal: FMMM procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
quantity TFP and product appeal, corresponding to each firm-year pair in our sample, and are constructed after demeaning both
quantity TFP and product appeal by 8-digit product codes.

Figure 4: Correlation between quantity TFP and product appeal for ready-mixed concrete
producers

Ready-mixed concrete

Product Appeal
0
|
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Notes: The figure provides a scatter plot (as well as a best fit line) depicting quantity TFP and product appeal corresponding
to each firm-year pair in the sub-sample of producers of ready-mixed concrete (Prodcom code 26631000). Both quantity TFP
and product appeal have been demeaned using the corresponding averages.
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business model. For example, one could assume that the availability and customisability of
intermediate components is key for producing high quality cars. In that case, fostering stable
long-term relationships with input suppliers, Mercedes would be less responsive than Nissan
in terms of changing its sourcing strategies in the wake of changes to international trade costs.

Going back to Table[3] there are other strong correlations emerging but, in order to obtain
more structured insights, one needs to go beyond pairwise correlations. This is achieved in
Tables 4] and [5| where we look more in detail at prices and markups. Considering prices in
Table [4] we should, in light of our assumptions and theoretical results, expect prices to depend
upon both quantity and product appeal. More specifically we expect, given equation , that
for a given product appeal A, log prices should be decreasing with log quantity at a rate given
by the inverse of the elasticity of demand. Furthermore, the elasticity of prices with respect to
A should be equal to one minus the inverse of the elasticity of demand. In the first column of
Table [4], we regress log prices on log quantities and A across all observations while demeaning
all variables by 8-digit Prodcom codes and adding year dummies. In order to have more of
a causal interpretation of parameters, we estimate the regression in first-differences, i.e, we
regress changes in log prices on changes in log quantity and changes in A\. The parameter
corresponding to log quantity is negative and significant and indicates an average, across
firms and products, price elasticity of demand of 4.149=1/0.241. Furthermore, the coefficient
corresponding to A is also highly significant and roughly equivalent to one plus the coefficient

corresponding to log quantity.

Table 4: Analysis of demeaned log prices

quantity -0.241¢
(0.035)
TFP -0.887¢
(0.009)
A 0.700* 0.105%

(0.040)  (0.009)

capital -0.005¢
(0.002)
Estimation method First differences
Year dummies Yes Yes
N Obs 7,768 7,768
R? 0.940 0.993

Notes: The dependent variable is the de-
meaned log price. (Log) prices, quantity
TFP, product appeal, (log) capital and (log)
quantity are demeaned by 8-digit Prodcom
codes. Bootstrapped standard errors in
parenthesis (200 replications). ¢ p<0.01, ®
p<0.05, ¢ p<0.1.
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Table 5: Analysis of markups

quantity 0.116%
(0.010)
TFP 0.372¢
(0.026)
A 0.075¢ 0.371¢

(0.013)  (0.026)

capital 0.004
(.003)

Estimation method First differences

Year dummies Yes Yes
Prod dummies Yes Yes
N Obs 7,768 7,768
R? 0.218 0.397

Notes: The dependent variable is the
markup. Quantity and capital are ex-
pressed in logs while TFP indicated quan-
tity TFP. Bootstrapped standard errors in
parenthesis (200 replications). ¢ p<0.01, b
p<0.05, ¢ p<0.1.

Column 2 provides instead insights into the relationship between log prices and measures
of demand and costs. More specifically, in a world in which the fundamental drivers of
heterogeneity across firms are a and A, we should expect prices to vary across firms only to
the extent that a, A and predetermined inputs like capital (with the latter contributing to
determine short-term marginal costs) vary across firms. In column 2 of Table |4 we regress
log prices on a, A\ and log capital k£ across all observations while demeaning all variables
by 8-digit Prodcom codes and adding year dummies. Again, in order to have more of a
causal interpretation of parameters, we estimate the regression in first-differences. Coefficients
indicate that more productive firms charge lower prices while firms selling more appealing
products charge higher prices. In addition firms with a higher capital stock, and so with a
lower short-term marginal cost, charge lower prices. In terms of magnitudes, the quantity
TFP coefficient indicates that a 10% increase in productivity translates into about a 8.9%

price reduction, i.e. a 0.89 average cost pass-through elasticity@

ZQ0ur average cost pass-through elasticity might seem high compared to existing macro evidence (Campa
and Goldberg, [2005). However, by looking at detailed product-level price and quantity data on French
exporters, Berman et al. (2012) provide evidence that standard macro measures of pass-through elasticity
are plagued by aggregation bias, while using the detailed information available in their study they find an
average pass-through elasticity of 0.83 and further show the pass-through elasticity is even higher for smaller
and less productive exporters. Using similar data for Belgium, Amiti et al.| (2014) find an average pass-
through elasticity of 0.80 for Belgian exporters with small exporters displaying a near complete pass-through.
Therefore, considering our sample is comprised of relatively small single-product firms half of which do not
export, a 0.89 average cost pass-through elasticity seems in line with the evidence provided in Berman et al.
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Moving to markups, we perform in Table [5| very similar regressions to those of Table
M. In Table 5] the dependent variable is now the markup pu; while neither the markup nor
the covariates are demeaned anymore (because the level of markups can be compared across
products) and a full battery of 8-digit Prodcom codes dummies is added to the regressions.
Furthermore, as in Table [ regressions are performed in first-differences. Considering col-
umn one, we find that markups significantly increase with quantity as well as with product
appeal A. Although intuitive, a positive relationship between markups and quantity is not a
property of any preferences structure and it points into the direction of preferences featuring
increasing relative love for variety (also called sub-convexity or Marshall’s second law of de-
mand) from which pro-competitive effects come from (Mrazova and Neary, 2017)). Column
2 shows that more productive firms and/or firms producing more appealing products charge
higher markups. This points again to preferences featuring increasing relative love for variety.
Finally, a key difference with respect to Table 4] is that the R? is considerably lower. This
might reflect model misspecification and/or measurement error with respect to markups, or
also the presence of richer differences in demand across firms. In this respect, our framework
does allow for markups that are not fully determined by a, A and predetermined inputs and

these findings might suggest markups are not simply a residual dimension of heterogeneity in
the datalll

6 Comparison to alternative methodologies for retriev-

ing demand

Our key contribution is to allow measuring demand heterogeneity across firms without re-
sorting to demand system models (Ackerberg et al., [2007) or to the restrictive assumptions
imposed by the methodology developed in [Foster et al.| (2008). Demand system models have
very rich structures and allow for consumer- and product-specific elasticities of demand. How-
ever, they require detailed information on product and consumer characteristics as well as
suitable instruments (like cost shifters) for identification. The high data requirements of these
models are such that their application is usually limited to specific industries and contexts ]

By contrast, our simpler and more parsimonious framework only requires information on

(2012) and |Amiti et al.| (2014)).
SUWithin our framework nothing prevents preferences from being characterised by asymmetries across va-

rieties, i.e. by more parameters than A;. For example, CARA-style preferences of the type U (Q) =

flt 1- e*o‘(QitAit)ﬁ“]di, where 0 < B;; < 1, are well behaved preferences falling into our general case and

leading to (). Therefore, (]_S_)]) can be used to back out A\;;. Yet, markups will also depend upon ;.
31See |Aw-Roberts et al.| (2020) for an application of a demand system model to international trade data.
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product prices, quantities and inputs and does not need any additional instrument.

Concerning [Foster et al.| (2008)), they use production data of US manufacturing firms,
containing information on both value and physical quantity, to estimate quantity-based TFP
as well as a measure of heterogeneity in demand, that they label demand shocks. More specif-
ically, they measure demand as the residual of a regression where log quantity is regressed
on log price, i.e. their demand measure is a firm-specific quantity shifter for given prices.
The log price in their regression is further instrumented with quantity TFP which is obtained
using industry costs shares to measure production function parameters. The key identify-
ing assumption in their framework is thus that productivity is uncorrelated with demand
heterogeneity.

In light of our framework, the Foster et al.| (2008) approach is thus problematic for at least

two reasons:

1. Markups are heterogeneous across firms: this means that the log price coefficient (de-
mand elasticity) in their regression should be firm-specific. Within our framework we do

not need to estimate those firm-specific elasticities because, based on our assumptions,

they equal n; = 45 where 7, is the (perceived) elasticity of demand of firm zm

2. Demand heterogeneity and TFP are strongly correlated with each other in our data:
this means that their IV strategy would violate exclusion restrictionsﬁ Within our

framework we do not need to take a prior stand on the correlation between demand and

productivity shocks.

In order to gain insights into the differences between our approach and the |Foster et al.
(2008)) approach we compute their demand measure (FHS demand measure) as the residual
of a regression where log quantity is regressed on log price and the latter is instrumented
with quantity TFP. Quantity TFP is constructed using industry-specific cost shares for the
parameters of the production function as in Foster et al. (2008)@ Figure |5 shows a plot of A

and the FHS demand measure for each industry obtained after demeaning both measures by

32Interestingly, Pozzi and Schivardi| (2016)) build upon a demand framework similar to [Foster et al.  (2008)
but obtain measures of the firm-specific elasticity of demand from managers’ assessment of the impacts of an
hypothetical price increase of their firm.

33In a recent paper, Eslava and Haltiwanger| (2018) improve upon Foster et al. (2008) by using as instrument
the residual of a regression where quantity TFP is regressed on its time lag, i.e. productivity shocks rather
than productivity are used as instruments.

34Foster et al. (2008) also control for a set of demand shifters, including a set of year dummies as well
as the average income in the plant’s local market where local markets are defined based on the Bureau of
Economic Analysis’ Economic Areas. We also include in our regressions year and 8-digit product dummies.
Given the small size of Belgium, we did not include any control for the plant’s local market income. Our IV
estimations, available upon request, deliver highly (1%) significant coefficients for the log price coefficient in
all nine industries.
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Figure 5: Scatter plot of product appeal and the FHS demand measure

Plot of lambda and FHS demand: FMMM procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
product appeal and the FHS demand measure, corresponding to each firm-year pair in our sample, and are constructed after
demeaning both product appeal and the FHS demand measure by 8-digit product codes.

8-digit product codes. It is fair to say the two measures are mostly orthogonal to each other
with correlation ranging between -0.114 and 0.211 across industries, while being significant in
4 (1) out of 9 cases at the 5% (1%) level. Furthermore, a strikingly similar picture emerges
when: i) using production function coefficients from the DGKP procedure to compute product
appeal; ii) not using cost shares to compute the FHS demand measure.ﬁ

As an additional step towards comparing our framework with other approaches for mea-
suring demand heterogeneity we also consider the elasticity measurement exercise proposed
by Broda and Weinstein (2006) and further developed in Hottman et al.| (2016). More specif-
ically, we borrow from Broda and Weinstein (2006]) measures of the product-specific elasticity

of demand obtained from international trade dataﬂ Equipped with these elasticity measures,

35Figure in Appendix D shows a plot of A obtained with the DGKP procedure and the FHS demand
measure. Furthermore, Figure in Appendix B shows a plot of A (obtained with the FMMM procedure) and
an alternative FHS demand measure obtained using FMMM estimates of the production function coefficients,
rather than cost shares, to compute TFP and then instrument log price.

36Broda and Weinstein! (2006) build on a monopolistic competition constant elasticity /markup framework
to estimate their elasticities. We use elasticities disaggregated at the SITC Rev.3 4-digit level (roughly
1,000 products) and referring to the period 1990-2001 for the US. We use the HS classification to bridge the
original SITC Rev.3 4-digit classification to the CPA 2002 6-digit classification (first 6 digits of the Prodcom
classification).
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Figure 6: Scatter plot of product appeal and the BW demand measure

Plot of lambda and BW demand: FMMM procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
product appeal and the BW demand measure, corresponding to each firm-year pair in our sample, and are constructed after
demeaning both product appeal and the BW demand measure by 8-digit product codes.

we recompute product appeal while imposing the same elasticity /markup across firms within

a product category p (BW demand measure), i.e. Ay = p,7 — ¢;x where the common markup

is p, = n:fl and 7, is the product-specific elasticity of demand borrowed from |Broda and

Weinstein| (2006]). Figure @ shows a plot of A and the BW demand measure for each industry

obtained after demeaning both measures by 8-digit product codes. Interestingly, the two de-
mand measures correlate reasonably well (correlation coefficients ranging between 0.404 and
0.791 while being always significant at the 1% level) and certainly better than product appeal

and the FHS demand measure.

7 Decomposing revenue productivity: an application to

Chinese imports competition

The decompositions provided in equations and allow us to shed new light on a
well studied question. More specifically, besides the well-documented negative effects on
employment (Autor et al., 2013), numerous studies have explored the many impacts of the
spectacular rise of Chinese trade, that started well before China joined the WTO in 2001,
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on both developed and developing countries firms and workers. One particular aspect we
are interested in here is how China has affected the productivity of European firms and in
particular Belgian firms. In this respect, Bloom et al.| (2016]) provide evidence supporting the
claim that import competition from China caused an increase in technical change, as well
as an increase in revenue TFP, for European firms selling products most affected by rising
imports from China. Bloom et al. (2016 rationalise these effects via a number of channels
relating competition to innovation and X-inefficiencies.

Bloom et al. (2016]) deal with the presence of unobserved demand and/or supply shocks
potentially correlated with Chinese imports competition patterns by focusing on a specific
industry (“Textile and Apparel”) and exploiting detailed information on import quotas. These
quotas were imposed at the EU-level on Chinese imports, as well as on imports from other
non-WTO countries, and affected some 6-digit products within the industry but not others.
As a consequence of China joining the WTO, these quotas were removed over the time frame
of our analysis. To provide some context, when these quotas were abolished this generated
a 240% increase in Chinese imports on average within the affected product groups. The
underlying identifying assumption of this strategy is that unobserved demand/technology
shocks are uncorrelated with the strength of quotas to non-WTO countries (like China) in
2000. Since these quotas were built up from the 1950s, and their phased abolition negotiated
in the late 1980s was in preparation for the Uruguay Round, Bloom et al. (2016)) conclude
that this seems a plausible assumption.

We first start by replicating some key findings of Bloom et al| (2016) and other papers;
namely that employment decreased and revenue productivity increased for firms more affected
by import competition. We thus match the product-level quota measure QU OT A p ¢ to firms
in the “Textile and Apparel” industry and run a regression where the time change in either
log firm-level labour expenditure or log revenue productivity is used as outcome variable.
Results are reported in columns 1 and 2 of Table [f The negative (positive) and significant
coefficient for labour (revenue TFP) indicates that, on average, labour expenditure growth
(revenue productivity growth) has been 3.6% lower (0.7% higher) per year over our time frame
for firms affected by the quota removal as compared to non-affected firms.

Within our framework we can ask a deeper question and in particular how the increase
in revenue productivity has materialised. Indeed, Bloom et al. (2016) provide evidence that
import competition from China caused an increase in innovation while claiming this increased
innovation went into reducing production costs, i.e. boosting quantity TFP. However, Bloom
et al. (2016) are only able to measure revenue TFP and so are ultimately unable to distinguish
the underlying impacts of innovation on quantity TFP, demand and markups. More specifi-

cally an alternative, to Bloom et al.| (2016), scenario is one in which the increased innovation
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was primarily directed towards product quality improvements rather than towards increasing

quantity TFP /reducing production costs. In order to get insights into this we use our decom-

positions and in particular markups-adjusted TFP (@), product appeal (\) and scale (§) as
additional y variables in columns 3 to 5 of Table[6] In this respect note that, by construction,
the sum of the 3 coefficients equals the coefficient of revenue TFP (0.007).

Table 6: Disentangling the impact of Chinese imports competition on revenue productivity in terms

of markups-adjusted TFP (a), product appeal () and scale (¢): quota analysis on the “Textile and
Apparel” industry

Outcome measure Labour Rev.TFP a A q
Quotacpag -0.036°  0.007° | 0.109¢ -0.116° 0.014°
(0.021) (0.003) | (0.059) (0.057) (0.006)
Observations 700 700 700 700 700
R-squared 0.005 0.005 0.003 0.004 0.008

Notes: Quotacpae denotes the share of products within a CPA6 code belonging to the
“Textile and Apparel” industry affected by a removal of quota on Chinese imports. Firm-
level clustered standard errors in parenthesis.  p<0.01, ® p<0.05, ¢ p<0.1.

The overall picture emerging from looking at coefficients is suggestive of the following
scenario. First, in the light of our model a quota removal is a negative demand shock that
should impact product appeal. Indeed, the coefficient of markups-adjusted product appeal \is
significantly negative and quite large. This suggests that, if there has been a product quality
innovation effort, it was not large enough to countervail the reduction in demand caused
by the quota removal. At the same time, the increase in innovation documented in [Bloom
et al. (2016) seems to have been successful in increasing markups-adjusted quantity TFP
a and reducing production costs as indicated by the related positive and large coefficient.
Incidentally, the two opposing effects roughly cancel each other out and so the observed
increased in revenue TFP essentially comes from the reduction in firm operations/scale, i.e.
from the increase in the markups-adjusted scale g;; = (1_’;%

We reach the very same conclusions using a completely different regression design in Table
[l More specifically, building on [Autor et al| (2013)) we consider all industries and construct
a time-varying 6-digit product-specific measure of Chinese imports penetration in the EU15
market (IPCER)G ) based on import shares. In order to deal with the presence of unobserved

demand /technology shocks at the product-time level characterising the EU15 market, and

3"TMarkups p;; > 1 imply that, everything else equal, markups-adjusted scale increases when scale decreases.
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correlated with TPCER), ,, we then instrument this measure with the equivalent Chinese
imports penetration measure in the US market [ PCY5 a6+ In doing so we also allow for firm

fixed effects and year dummies.

Table 7: Disentangling the impact of Chinese imports competition on revenue productivity in terms
of TFP (a), product appeal (A), scale () and markups (u): Chinese import penetration analysis

Outcome measure Labour Rev.TFP a A q m
IPng}L‘%’t -0.739¢ 0.185¢ 1.321¢  -1.073*  -0.848¢ 0.049
(0.241) (0.042) (0.403)  (0.414) (0.258)  (0.065)
Observations 10,161 10,161 10,161 10,161 10,161 10,161
R-squared 0.174 0.029 0.017 0.011 0.214 0.037
Firm FE and year dummies Yes Yes Yes Yes Yes Yes
Kleibergen-Paap rk LM statistic under-id 146.71 146.71 146.71 146.71 146.71 146.71
P-value 0 0 0 0 0 0
Kleibergen-Paap rk Wald F statistic weak id. 226.34 226.34 226.34 226.34 226.34 226.34

Notes: Instrumental variable estimator with firm fixed effects implemented. Chinese import penetration in the

EU15 market (IPCEYLY ) is instrumented with Chinese import penetration in the US market (IPCgf,A6 L)

Firm-level clustered standard errors in parenthesis. @ p<0.01, ® p<0.05, ¢ p<0.1. The Kleibergen-Paap rk LM
statistic tests for under-identification. P-value reported. The Kleibergen-Paap rk Wald F statistic tests for weak
identification. The corresponding Stock-Yogo weak ID test critical value is 16.38 for a 10% maximal IV size bias.

Coming back to Table [7, where we provide results based on non-markups-adjusted mea-
sures as well as firm markups to complete the picture, one can appreciate in columns 3 and
4 the same two countervailing effects of Chinese imports competition on quantity TFP (pos-
itive) and products appeal (negative). At the same time production scale is negatively and
significantly affected (column 5) while markups increased a little but not in a significant way
(column 6). Overall, this adds up again to an increase in revenue productivity stemming from
higher import penetration (column 2) while the impact on firm employment is negative as in
previous studies (column 1). Last but not least, test statistics suggest IPCY3 A6, 1S & strong

instrument for TPCEYL .

8 Conclusions

We provide a novel framework that simultaneously allows recovering heterogeneity in pro-
ductivity, demand and markups across firms while leaving the correlation among the three
unrestricted. In doing so, we provide an exact decomposition of revenue productivity in
terms of the underlying heterogeneities, so bridging the gap between quantity and revenue
productivity estimations. We accomplish this by explicitly introducing demand heterogeneity
and by systematically exploiting assumptions of previous firm-level productivity estimation

approaches. We apply our econometric framework to Belgian manufacturing firms and quan-
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tify productivity, markups and demand heterogeneity. We show how these heterogeneities are
correlated among them, across time as well as with measures obtained from other approaches.
We finally assess how and to what extent our three dimensions of heterogeneity allow gaining
deeper and sharper insights on firm response to increasing import competition from China.

Our methodology is rich enough to be applied to markets where products have some
features of both horizontal and vertical differentiation. At the same time, our framework is
parsimonious enough to allow retrieving productivity, demand, and markups heterogeneity
with relatively little information compared to demand systems models. It also builds upon
firm-level data on physical production that is becoming increasingly available to researchers
(Belgium, Brazil, Chile, Denmark, France, India, UK and the US to name a few countries).
Both elements provide a wide scope of applications of our framework.

Our analysis has policy implications both at the micro and macro level. At the micro level,
it makes a significant difference to know that some firms or industries lack in competitiveness
because of poor physical TFP (due for example to low expenditure in process R&D) or poor
product quality (due for example to low expenditure in product R&D). At the macro level,
our framework allows analysing aggregate revenue productivity cycles, such as the severe
downturn of EU countries’ revenue productivity since the financial crisis, not only in terms
of changes in some underlying production capacity of the economy, but also as changes in

markups and demand. These are the objects of ongoing research.
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Appendix

A Product appeal in the Atkeson and Burstein (2008)
oligopoly model

The key property needed for A; to be interpreted as a measure of perceived quality/product
appeal is that the elasticity of revenue with respect to quantity is equal to the elasticity of
revenue with respect to product appeal at the profit maximising solution. We provide here an
example of how holds within an oligopoly model based on |Atkeson and Burstein| (2008))
and further refined in Hottman et al.| (2016) for multi-product firms. The key ingredient is the
same as in the monopolistic competition case, namely that quantities enter into preferences
as Qi = NyQu. |Atkeson and Burstein (2008) consider a nested CES model of quantity
competition a la Cournot in which firms sell differentiated varieties and are large enough
to perceive their impact on industry aggregates while charging markups that depend upon
their market share. More specifically, a finite number of single-product firms operates within
each industry j where preferences are characterised by a CES demand with parameter n;. At
each point in time final consumption is produced by a competitive firm using the output of a
continuum of industries Q;; for j € [0, 1] as inputs subject to a CES production function with
parameter 17 and 1 < n < n;, i.e. varieties within an industry are more substitutable with each
other than industry outputs @);; across industries. Contrary to the monopolistic competition
case, firm ¢ operating in industry j does recognise that sectoral prices and quantities vary
when it changes its quantity. Introducing product appeal within this framework is quite
straightforward.

First, industry j aggregate output at time ¢ is:

J
n

Qjt = Z (QijelNije) " ) (A-1)

S

where [j; is the set of varieties (firms) available within industry j at time ¢, Q;;; is firm
i output in industry j and A;j is product appeal. The inverse demand corresponding to

varieties within an industry is:

_1

Py <Qijt> M niz_-l
= = A A-2
N i (A2

where P, is the CES price index for industry j and and Fjj is firm ¢ price in industry j.
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Firm revenue is thus R;;; = P;;1Qij:- The inverse demand corresponding to industry outputs

Py Qi)
E‘(@:) ’ (A-3)

where P, and Q; are the CES price and quantity indexes for the whole economy and in

is instead:

particular the latter is:

Q = (Z <@jt>"nl>n_ |

J

In choosing the optimal quantity, firms realise the impact of their choices on industry

aggregates and in particular on Qj;. They have instead a zero measure at the aggregate level
and so take P, and @, as given. Combining (A-2)) and (A-3) the relevant demand is:

_1

Pt Qijt\ ™ %Til Qyt 7%
Zut | =ut A =2 ) A-4
P, ( Qe ) V! ( Q ) A

Using the properties of CES demand, the market share of firm ¢ in industry j (sgije =
Riji/(P;Qj 1)) equals the elasticity of the industry quantity index with respect to firm quantity:

= SRiit-
aQZ]t Q]t Y

0Qs Qi (A5)

Symmetrically we have:
0Qjt Aije
— = SRijt- A-6
ONige Qi (40
From (A-4) and (A-5), the elasticity of firm price P;;; with respect to firm quantity @;;; is

thus —#(1 — Spijt) — %sRijt. Therefore, the elasticity of demand is:
J

8q,-jt 1 1 -t
e € ¢ Ry SV I AT
€it Opise 77j( SRijt) + ?753 jt (A-7)

while from profit maximisation the markup p;;; is related to the elasticity of demand in the

usual way:
€4
Hijt = I (A-8)

Multiplying both sides of ({A-4)) by quantity delivers the revenue equation:

R, met o Q)
e - @un o (%) A

from which the elasticity of revenue with respect to quantity is equal to the elasticity of
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revenue with respect to product appeal and equal to one over the profit maximising markup:

Orijt 87’,-jt n; — 1 1 1 1
= = + —SRijt — —SRijt = —- (A-10)
Ogije — ey om0 T g
B Additional results
B.1 Some analytical results
The first order conditions of the utility maximisation problem imply:
oU  0U 0Qu  OU
= = Qu = —=—N\yt = K Py,
ant 8@1,5 ant 8Qn
where x, is a Lagrange multiplier and 8Q” = A;;. Taking logs we have:
U
In — + >\it =1In Kt + Dit- (B—l)
it
Differentiating both sides of (B-1|) with respect to ¢; yields:
ou U . ou
Ot :_izﬁln@ :81n@aqit _81nant (B-2)
Ot Tt Oqit Gt Oqit Oy

where gq“ = 1 and 7);; is the elasticity of demand. On the other hand, keeping in mind that

g;{z = 1, differentiation of both sides of - with respect to \; gives:

oU
Op; Oln 2 dln o== 9, dln 2 1 Op;
Pit aQu 1 0Qi 94it 1 aQu 1—1_— 1 Pit

8)\2'15 O\it 0Git Ot B 0qit Nit 0¢it 7

(B-3)

i.e. the elasticity of the price with respect to quantity differs from the elasticity of the price
with respect to product appeal by one.

B.2 Examples of log revenue functions

In this Section we provide examples of log revenue functions obtained from HARA prefer-
ences (Haltiwanger et al. 2018) and CARA preferences (Behrens et al., 2014) supporting the
log-linear approximation. In the case of CARA preferences, the underlying utility behind

heterogeneity in product appeal across firms would be:

v (Q) = /I 1ot

I1I



where [; is the set of varieties available at time t. The inverse demand function corresponding

to such preferences is:
20 (Q)
Qi

where k; is a Lagrange multiplier and so the log revenue function is:

Py = kK, = /-ft_laAite_o‘Q“A“,

ri = log(Py Qi) = —log(ky) + log(a) + git + it — (Oéeq“Jr/\“),

from which it is clear that % = Ora
1

W and, because of , equal to ﬁ%t at the profit maximising

solution.

Figure B-1: CARA log revenue function examples

log revenue
4
1

3
1

0 1 2 3 4 5 6
log quantity

log revenue function 1 log revenue function 2

Figure plots two CARA log revenue functions obtained using two different values
for product appeal: \;=1 for log revenue function 1 and \;=2 for log revenue function 2.
The other parameters are «=0.001 and x;=0.001. As can be appreciated from Figure a
linear approximation looks both reasonable and accurate for the relevant part of the two log
revenue functions, i.e. within the range where log revenue (and revenue) is increasing because

the marginal revenue is positive and the demand is elastic.
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Figure B-2: HARA log revenue function examples

log revenue
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We provide further evidence about the linear approximation in Figure [B-2] which is the
equivalent of Figure for HARA preferences. With HARA preferences the relevant utility

QiiiAit +a>p_ap

function is U (Q) = %di. Parameters used in Figure [B-2| are, besides \;=1
Iy

for log revenue function 1 and _)\Z-t:2 for log revenue function 2, a=10, p=0.25 and the La-

grange multiplier x,=0.001. Again, one can appreciate that a linear approximation looks both

reasonable and accurate.

B.3 Measurement error in output and unanticipated shocks

One issue we need to account for is the presence of measurement error in output (quantity
and revenue) and/or unanticipated productivity shocks. In the former case, instead of g,
the econometrician might be observing ¢,,=q;: + €;x where e;; is standard measurement er-
ror. Another interpretation of the same equation is that e; represents productivity shocks
unanticipated by the firm. thus becomes:

q{-t = aply + aymi + (v — ap — an) ki + ay + e

The approach suggested by the literature (Ackerberg et al., [2015; De Loecker et al. 2016)
to deal with measurement error in output and/or unanticipated shocks e;; is based on the

proxy variable framework and a semi-parametric implementation. We follow this approach
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and, building on the same logic of equation (19) in |De Loecker et al.| (2016), we estimate:
iy = poly(lit, Mit, Pit, kit) + €, (B-4)

where ¢}, is (log) quantity as reported in the data and poly(.) is a third-order polynomial
in l;;, my, pi and kit.ﬁ We run separately for each two-digit industry and, following
De Loecker et al.| (2016]), we also consider importer and exporter status dummies as additional
proxies while adding a full set of 8-digit product dummies and year dummies to . We
then use the OLS prediction of ¢},, that we label é’gLS, as quantity in the rest of the analysis.

We also use the same approach for revenue and consider:
rie = poly(Lit, Mit, Pir, kit) + i, (B-5)

where €;; now contains measurement error in both quantity and prices, as well as unobserved
productivity shocks, and use the OLS prediction of 7/, that we label ;/ioth’ as revenue in
the rest of the analysis.ﬁ We run separately for each two-digit industry and consider
importer and exporter status dummies as additional proxies while adding a full set of 8-
digit product dummies and year dummies to . Also note that, by purging revenue
from measurement error and using f’ZLS instead of 77,, we obtain a more reliable measure of
the share of materials in revenue (sps;;) that is needed to compute markups from as in
De Loecker et al.| (2016)).

Last but not lest our key findings are unaffected by accounting for measurement error with
this approach but the reliability and precision of technology parameters (especially capital)
does benefit from it. The R? of regressions and are indeed very high (about 0.98

or higher).

B.4 Additional Graphs and Tables

38The logic behind using to purge quantity from measurement error and unanticipated shocks is
straightforward. From the quantity equation ¢+ 1s a function of I;+, m;, k;+ and a;:. Using prices p;; as a
proxy for a;, while assuming invertibility, one can then write a;; as a function of l;;, m;, p;+ and k;;. Overall,
@it is thus a function of l;;, m;, pi+ and k;; that can be semi-parametrically approximated by a polynomial
function. Crucially, measurement error and/or unanticipated shocks do influence a firm’s choices and so are
not part of the polynomial approximation but rather the residual of equation .

39From the revenue equation 7t is a function of ¢;; p;r and \;;. We already know ¢;; is a function of
lit, Mit, pir and k;;. Profit maximising prices will be a function of l;;, mg¢, ki, i+ and Aj;. Building again on
invertibility, one can thus express both u;; and A;¢ as a function of l;3, my, pi+ and k. Overall, ;3 will thus
be a function of I;;, m;;, p;x and k;; than can be semi-parametrically approximated by a polynomial function.
Again, measurement error and/or unanticipated shocks influence a firm’s choices and so are not part of the
polynomial approximation but rather the residual of equation .
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Table B-1: OLS regression of product appeal shocks (vy;;) on TFP shocks (v4¢) by industry

Industry 1 2 3 4 5 6 7 8 9

Product appeal shock

TFP shock  -0.9147%  -1.026% -0.8932° -0.9294° -1.019° -0.8555% -0.9876% -0.9641® -0.9931°%
(0.0380)  (0.0214)  (0.0359)  (0.1136)  (0.0075)  (0.0847)  (0.0102)  (0.0091)  (0.0066)

N Obs 901 843 232 710 692 867 2,000 785 738
R? 0.6458 0.8830 0.8178 0.5858 0.9746 0.3055 0.9583 0.9388 0.9766

Notes: Quantity TFP and product appeal have been demeaned by 8-digit Prodcom codes before computing shocks
Vit and Vgi¢. Time dummies are included in estimations but are not reported here. Bootstrapped standard errors in
parenthesis (200 replications). ® p<0.01, ¥ p<0.05, ¢ p<0.1.

Table B-2: OLS regression of TFP and product appeal on their time lag by industry

Industry 1 2 3 4 5 6 7 8 9
TFP
lag TFP 0.9743*  0.9718¢ 0.9865*  0.9577*  0.8715% 0.9711¢ 0.8665%  0.7482%  0.8332¢
(0.0155)  (0.0126)  (0.0157) (0.0231) (0.0264) (0.0114) (0.0245) (0.0579)  (0.0355)
N Obs 901 843 232 710 702 867 2,000 785 738
R? 0.8742 0.8785 0.9620 0.8986 0.7867 0.9371 0.7035 0.5986 0.7300

product appeal

lag product appeal  0.9654%  0.9688%  0.9886%  0.9532%  0.8737°  0.9503%  0.8769%  0.7465%  0.8292%
(0.0136)  (0.0136)  (0.012)  (0.0323)  (0.0265) (0.0153)  (0.0247)  (0.059)  (0.0413)

N Obs 901 843 232 710 702 867 2,000 785 738
R? 0.8763 0.8825 0.9688 0.8710 0.7813 0.8942 0.7216 0.6001 0.7239

Notes: Quantity TFP and product appeal are demeaned by 8-digit Prodcom codes. Time dummies are included in estimations
but are not reported here. Bootstrapped standard errors in parenthesis (200 replications). ¢ p<0.01, ® p<0.05, ¢ p<0.1.
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Table B-3: Basic summary statistics of the estimation sample

Industry  Industry description Nace N Obs | Statistic Revenue Quantity Labour Materials Capital
1 Food prod, beverages and tobacco 15416 1,317
mean 1.431 14.311 -0.220 0.979 -0.024
st. dev. 1.165 1.741 1.003 1.240 1.336
p5 -0.277 11.786 -1.626 -0.944 -2.376
p95 3.574 17.458 1.689 3.205 2.209
2 Textiles and leather 17 to 19 1,225
mean 1.047 12.256 -0.359 0.578 -1.035
st. dev. 1.129 1.938 0.995 1.227 1.549
p5 -0.696 9.029 -1.789 -1.284 -3.650
p95 3.147 15.677 1.589 2.793 1.535
3 Wood except furniture 20 348
mean 1.284 11.359 -0.166 0.812 -0.394
st. dev. 1.354 2.827 1.169 1.457 1.598
p5 -0.314 7.738 -1.505 -0.951 -2.962
p95 4.579 15.778 2.586 4.325 2.721
4 Pulp, paper, publish. and print. 21422 975
mean 1.916 14.875 0.396 1.447 -0.299
st. dev. 1.240 1.679 1.190 1.296 1.719
p5 0.124 12.087 -1.181 -0.530 -3.353
p95 4.227 17.728 2.735 3.829 2.610
5 Chemicals and rubber 24425 1,043
mean 1.865 14.060 0.145 1.453 0.206
st. dev. 1.121 2.378 1.085 1.162 1.267
p5 0.272 10.062 -1.336 -0.308 -1.870
p95 3.852 17.819 2.249 3.481 2.273
6 Other non-metallic mineral prod. 26 1,215
mean 1.792 16.002 0.295 1.298 0.239
st. dev. 1.039 2.850 1.111 1.049 1.312
p5 0.310 10.795 -1.258 -0.225 -2.021
p95 3.774 19.318 2.447 3.121 2.491
7 Metals and fabric. metal prod. 27428 2,814
mean 1.114 12.563 -0.160 0.588 -0.827
st. dev. 0.980 2.301 0.875 1.067 1.262
p5 -0.162 8.151 -1.246 -0.909 -2.883
p95 3.036 16.109 1.543 2.668 1.360
8 Machin., electr. and optic. equip. 29 to 33 1,108
mean 1.514 8.828 0.233 1.002 -0.693
st. dev. 1.169 3.365 1.031 1.259 1.439
p5 -0.070 3.989 -1.078 -0.759 -3.049
p95 3.506 14.374 2.105 3.127 1.738
9 Transport equipment and n.e.c. 34 to 36 1,055
mean 1.244 9.552 -0.110 0.762 -0.830
st. dev. 1.130 2.935 1.072 1.206 1.419
p5 -0.276 5.361 -1.489 -0.951 -3.411
p95 3.481 16.102 1.981 3.158 1.371

Notes: Revenue denotes log revenue, quantity denotes log quantity in the unit specific to a product, labour denotes log of labour expenditure,
materials denotes log of materials expenditure, capital denotes log capital stock. All monetary values are expressed in current million euros.
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Table B-4: OLS regression of changes in product appeal on changes in TFP by industry

Industry 1 2 3 4 5 6 7 8 9

Changes in product appeal

Changes in TFP _ -0.9158%  -1.026%  -0.8921¢ -0.9254° -1.0170° -0.8503° -0.9847% -0.9663° -0.9953%
(0.0345)  (0.0236)  (0.0343)  (0.1298)  (0.0079)  (0.0865)  (0.0100)  (0.0095)  (0.0067)

N Obs 901 843 232 710 692 867 2,000 785 738
R? 0.6490 0.8827 0.8285 0.5908 0.9772 0.3237 0.9577 0.9411 0.9788

Notes: Quantity TFP and product appeal have been demeaned by 8-digit Prodcom codes before computing growth rates.
Time dummies are included in estimations but are not reported here. Bootstrapped standard errors in parenthesis (200
replications). ¢ p<0.01, ® p<0.05, ¢ p<0.1.

Figure B-3: Scatter plot of product appeal and an alternative FHS demand measure

Plot of lambda and alternative FHS demand: FMMM procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots
depict product appeal (obtained with the FMMM procedure) and an alternative FHS demand measure (computed using FMMM
estimates of the production function coefficients, rather than cost shares, to obtain TFP and instrument log price), corresponding
to each firm-year pair in our sample, and are constructed after demeaning both product appeal and the alternative FHS demand
measure by 8-digit product codes.
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C Multi-product firms

There are several issues related to multi-product firms. We focus here on the issue of the
assignment of inputs to outputs. Produced quantities and generated revenues may be observ-
able for the different products of each firm in databases like ours. However, information on
inputs used for a specific product is typically not available. We propose here an extension of
our baseline model to solve the problem of assigning inputs to outputs for multi-product firms.
In doing so we assume, as in [De Loecker et al. (2016]), there is a limited role for economies
(or diseconomies) of scope on the cost side. However, contrary to |De Loecker et al.| (2016]),
we do not impose multi-product firms to be characterised by a common productivity across
the different products they produce. We also allow for firm-product-time specific markups
but impose product appeal/perceived quality to be common across products within a firm.
This corresponds to a setting where firms can be distinguished into those consistently selling
high perceived quality products and those consistently selling low perceived quality products.
Yet firms are allowed to be more or less efficient in the production of a specific product and
charge different markups. The assumptions we lay down below and the related estimation
procedure are consistent with both a monopolistically competitive market structure, like the
one developed in |Bernard et al.| (2011), and the Cournot competition version of the model
developed in Hottman et al.| (2016) that we discuss in Appendix A.

As usual we denote a firm by ¢ and time by ¢. A firm ¢ produces in ¢ one or more products
indexed by p and the number of products produced by the firm is denoted by I;. In our
data p is an 8-digit Prodcom product code but in other data, like the bar-code data used in
Hottman et al. (2016)), can be much more detailed. We assume product appeal is firm-time
specific (A;) while we allow markups (u;,r) and productivity (a;,) to be firm-product-time
specific. The production function for product p produced by firm ¢ is given by:

Qipt = CpCrAiy Liy? M Ko~ Mok, (C-1)
where C, and C; are innocuous product and time constants we disregard in what follows
and g identifies a product group/industry. Production function coefficients are the same for
products within a product group because a certain level of data aggregation is needed to
deliver enough observations to estimate parameters. means we allow for technology
(aupg, g, Yg) to differ across the different products p produced by a multi-product firm. At
the same time productivity is allowed to vary across products within a firm and information
coming from single-product firms need to be used to infer the technology of multi-product

firms, i.e. we rule out physical synergies in production but allow for some of the economies
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(diseconomies) of scope discussed in [De Loecker et al.|(2016]). Furthermore, we assume firm ¢
to maximise profits and choose (for each product p) the amount of labour L;,; and materials
M,y in order to minimise short-term costs while taking capital /), as well as productivity

a;p: and product appeal \;; as given. We make use of and so assume:

1
Tipt =~ —(Gipt + Nit)- (C-2)
ipt
Profit maximisation implies:
0C
Py = /Liptﬁv (C-3)
ip
where marginal cost is equal to@
OCo  ~argtonny o ebapns ks
ip argtan argtan apgtan
8Qipt = Aipt ! qupt ’ ! Kipt ! ! (0_4)
Firms minimise costs and so markups are such that:
A
Hipt = . (C-5)

where sy is the expenditure share of materials for product p at time ¢ in firm revenue for
product p at time ¢. Finally, we assume that both a;,; and A; evolve over time as linear

stochastic Markov processes:

Qipt = ¢ag Aipt—1 + Vaipt

Ait = Oadie—1 + Vnit

where v, and vy can be correlated with each other.

As far as single-product firms are concerned the above assumptions are such that the
parameters of the production function, as well as single-product firms’ productivity, product
appeal and markups, can be obtained using a variant of the MULAMA procedure. More
specifically, if also labour is chosen at ¢ becomes:

LHSipt = O;y_gkipt + ¢agLHSipt71 - ¢a907_gkiptfl
Mg Mg

Tipt—1 1 1
+  (dx — Pag) ( - Qipt—1 | + —— Vaipt + Vnit) » (C-6)
SMipt—1 Qg Qg
__%Lg __ Mg
. . . (e +a o +ang
40We omit the innocuous product-time constant (%) Lo Mg (%) Lo Mg
g g
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Tipt =S Lipt (Lipt —Kipt) —SMipt (Mipt —k; . .
where LHS;,; = - Lipt(Lipt —Kipt) ~Sntipt (Mgt —Kipt) 51y Sript 18 the share of labour in revenue

SMipt
WerptLipt

(Spipt = Tpt)' One can rewrite ((C-6)) as the following linear regression:

LHSipt = blgzlipt + b?gZQipt + b3gz3ipt + b4gz4ipt + b5925ipt + Usipt (0'7)

1

_ _ _ __ Tipt— _ _ 1
where 21ipi=Fkipt, 20ipt=LH Sipt—1, 23ipt=FKipt—1, Z4ipt_51\2?7 Zsipt=ipt—1, Wipt =g - (Vaipt + Vait)

as well as biy=F; = & byy=tug, bsg=—0agly; big=(dr = dag) and bsg=—(dx — Pag) 7,
Given our assumptions, the error term wu;,; in is uncorrelated with all of the regressors.
Therefore ((C-7)) can be estimated via simple OLS. After doing this we set ,ég:iylg and q@ag:?bg
and do not exploit parameters’ constraints in the estimation.

We now turn to estimating ~y,. Within this setting we have ar, = pipSripe and apg =
LiptS Mipt- becomes:

Yg SLi 7
Gt = - ot (Lipt — Kipt) + =2 (Muipt — Kipt) + VoKipt
Bg SMipt ﬁg
g 7 2 g
+ qbagTLHSipt—l - gbangkipt—l - Qbag Tipt—1 > — Qipt—1 + Vaipt. (0‘8)
Bg gSMipt—1

(C-8)) can be rewritten in a linear way:

LHSz'pt = ngZGipt + Vaipt (C_g)
where:
LHSipt = Qipt — Cgag%'pt—l
1 s 1 o - o
Zeipt = = S ?t (Lipt — Kipt) + = (Muipt — Kipt) + kipt + TgLHSz‘pt—l — Qagkipt—1 — TiptflA—g
g °Mipt By By S Mipt—1

as well as bgg=",4 and zg;,; can instrumented with with k;,; as well as past inputs, revenue and

quantity. We set ﬁg:l;@-g and are in turn able to estimate productivity as:

A

A Vg S i ~
Qipt = Gipt — E Lt (lipt - k?z‘pt) - ﬁ (mipt - kipt) - ngz‘pu (C—lO)
69 SMipt g

while product appeal and markups are computed as in the baseline procedure from and
(C-5)).

Estimations need to be carried on single-product firms separately for each product group
g. Turning to multi-product firms we impose, as in [De Loecker et al.| (2016), that the same

technology parameters coming from single-product producers extend to the products of the
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former. Yet, in order to quantify multi-product firms’ productivity, markups and product
appeal we still need to solve the issue of how to assign inputs to outputs and we do so by
building on the above assumptions. As far as materials are concerned, we need to assign
the observable total firm material expenditure M;; across the [;; products produced by firm
i at time ¢, i.e. we need to assign values to M, such that Z;il My = M. We can use
this condition along with and to operate this assignment. Substituting
into and adding Z;il M;,w = M;, provides a system of I; + 1 equations in [; + 1
unknowns; the I;; inputs expenditures M;,: plus A;. Indeed, at this stage we have data on

Tipt: Qipts @amrg and My Operationally, one can actually proceed in two stages. Combining

Iy angriptRipt
=1 qipt+Ait

firm and delivers \;. With this at hand one can then obtain materials expenditure from

the above equations one has = M;;. This equation can be solved for each

My = % By recovering inputs expenditures M;,, we can subsequently compute
materials expenditure shares in revenues sy, and so use to recover our firm-product-
time specific markups ;. Since labour is a variable input a condition analogous to (C-9))
holds for this input and so we can use the computed markups ji;;,; and information on oz, to
derive labour expenditure: L;, = O‘Llf—f:pt In the data, this is not guaranteed to satisfy the
constraint Z;’il Lyt = Ly for each firm and so the L;, need to be re-scaled for each firm.
So far, the above procedure yields markups and product appeal, as well as information on
labour and materials use, for each of the products of a multi-product firm. However, in order
to recover productivity a,, we still need values for capital Kj;,. To do this one can proceed as

follows. Combining the marginal cost, profit maximisation and quantity equations one gets:

Pin ) (=)

Kit: —a —ax
' (uz-thML. M

ipt ipt ipt
_ 1 _ l-apg—anmy _ Yg—Q®Lg—QMg _ o . .
where ¢ = aLrans b = argtans 0 € T Tartae and ag, = 75 — apmg — agg is the

capital coefficient. Again values need to be re-scaled for each firm to meet the constraint
Z;il K+ = K;; and even further refined by running an estimation where the computed K,
is regressed on Ry, My, Liy as well as total firm expenditure on materials and labour plus

the capital stock and product dummies.

“1As a matter of fact in this variant of the model we do not impose arg to be the same across firms.
From every single-product firm, using the computed markups and the observed labour expenditure share in
revenue, equation applied to labour delivers a different ar4. One can compute the mean value of these
coefficients across firms producing products belonging to g to get a unique a,4.
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D Key results obtained with the DGKP estimation pro-

cedure

For the DGKP procedure, we estimate a Translog production function and perform estima-

tions separately for each two-digit industry while considering a full battery of 8-digit product

dummies as well as year dummies. The average, across all observations, markup from the
DGKP procedure is 1.158. The correlation between product appeal obtained with the FMMM
and DGKP procedures is extremely high: 0.983 across all observations and 0.908 once de-

meaning both product appeal measures by 8-digit product codes.

Table D-1: Estimates of the mean and standard deviation of output elasticities for the Translog

production function obtained with the DGKP procedure

Industry
1

Description

Food products, beverages and tobacco

Textiles and leather

Wood except furniture

Pulp, paper, publishing and printing

Chemicals and rubber

Other non-metallic mineral products

Basic metals and fabric. metal prod.

Machinery, electric. and optical equip.

Transport equipment and n.e.c.

Statistic

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Mean
St. Dev.

Labour

0.180
0.110

0.221
0.082

0.268
0.120

0.215
0.100

0.168
0.067

0.186
0.075

0.310
0.137

0.289
0.093

0.184
0.220

Materials

0.638
0.121

0.776
0.069

0.670
0.208

0.817
0.154

0.708
0.152

0.762
0.081

0.636
0.142

0.675
0.098

0.780
0.215

Capital

0.039
0.060

0.018
0.017

0.016
0.018

0.017
0.064

0.037
0.039

0.023
0.042

0.030
0.019

0.018
0.015

0.025
0.033

v

0.857
0.094

1.016
0.022

0.953
0.096

1.049
0.070

0.913
0.142

0.971
0.050

0.976
0.015

0.981
0.008

0.988
0.039

Notes: v denotes returns to scale.
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Table D-2: Estimates of the Translog production function parameters with the DGKP procedure

Industry 1 2 3 4 5 6 7 8 9
arg, 0.395% 0.379¢ 0.461¢ 0.414¢ 0.327¢ 0.305% 0.485% 0.432¢ 0.498¢
(0.025)  (0.023) (0.014) (0.019) (0.029) (0.019) (0.004)  (0.014)  (0.008)
ang 0.577% 0.671% 0.395% 0.507* 0.458% 0.634% 0.438% 0.539% 0.423%
(0.138)  (0.056) (0.032) (0.058)  (0.140)  (0.047)  (0.010)  (0.026)  (0.036)
ai -0.009 0.010 0.044* 0.124* -0.027 0.068 0.048% 0.001 0.063°
(0.082)  (0.026) (0.015)  (0.037)  (0.116)  (0.045)  (0.007)  (0.016)  (0.025)
arr 0.167¢ 0.157¢ 0.182¢ 0.137¢ 0.109¢ 0.129¢ 0.260% 0.177¢ 0.385%

(0.026)  (0.043) (0.018)  (0.014)  (0.027) (0.018)  (0.005)  (0.021)  (0.006)

M 0.022 0103  0.285% 0.246%  0.177°¢  0.132°  0.262¢  0.180%  0.391¢
(0.178)  (0.078)  (0.031)  (0.035)  (0.095) (0.045)  (0.009)  (0.023)  (0.027)

KK -0.016  -0.009 0.008 0.027°  -0.022  0.041>  0.021® -0.014®*  0.030®
(0.049)  (0.010)  (0.008)  (0.011)  (0.061)  (0.017)  (0.003)  (0.007)  (0.010)
QR M 0.051 0.008  -0.027¢ -0.072%  0.046 -0.038  -0.005 0.005 -0.021
(0.074)  (0.023)  (0.016)  (0.021)  (0.087) (0.036)  (0.007) (0.010)  (0.016)
QKL 0.012 0.015°  0.016°  0.014% 0.004  -0.020¢ -0.014*  0.006  -0.021%
(0.011)  (0.006)  (0.007)  (0.007) (0.008)  (0.011)  (0.002)  (0.006)  (0.003)
anr -0.181%  -0.148% -0.193* -0.172¢ -0.121¢ -0.117¢ -0.246% -0.180% -0.379%

(0.020)  (0.026) (0.012) (0.014)  (0.020) (0.018)  (0.005)  (0.018)  (0.007)

Notes: Firm-level clustered standard errors in parenthesis. ¢ p<0.01, ® p<0.05, ¢ p<0.1.

Figure D-1: Distribution of markups obtained with the DGKP procedure by industry

Distribution of markups by industry: DGKP procedure
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Notes: The figure provides the density distribution of markups across observations separately for each of the 9 industries we
consider. The vertical bar denotes the mean markup. Markups are obtained with the DGKP estimation procedure.
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Table D-3: Standard deviation of quantity TFP, product appeal and markups by industry (DGKP
procedure)

product
Industry  Description TFP appeal markups
1 Food products, beverages and tobacco | 0.430 0.545 0.207
2 Textiles and leather 0.588 0.637 0.111
3 Wood except furniture 0.842 0.905 0.110
4 Pulp, paper, publishing and printing 0.769 0.975 0.129
5 Chemicals and rubber 0.946 0.984 0.114
6 Other non-metallic mineral products 0.500 0.575 0.093
7 Basic metals and fabric. metal prod. 0.855 0.861 0.063
8 Machinery, electric. and optical equip. | 0.914 0.916 0.046
9 Transport equipment and n.e.c. 1.017 1.047 0.170

Notes: TFP and product appeal are demeaned by 8-digit Prodcom codes.

Table D-4: Correlations between quantity TFP, product appeal, markups and log prices (DGKP
procedure)

TFP A markups prices
TFP 1
A -0.943¢ 1
markups -0.024¢ 0.130¢ 1
prices -0.995%  0.935¢ 0.017 1

Notes: quantity TFP, product appeal and (log) prices are de-
meaned by 8-digit Prodcom codes. * p<0.01, ® p<0.05, ¢ p<0.1.
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Figure D-2: Within 8-digit products correlation between quantity TFP and product appeal
by industry (DGKP procedure)

Plot of TFP and product appeal: DGKP procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
quantity TFP and product appeal, corresponding to each firm-year pair in our sample, and are constructed after demeaning both
quantity TFP and product appeal by 8-digit product codes. Quantity TFP and product appeal are obtained with the DGKP
estimation procedure.

Table D-5: Analysis of demeaned log prices (DGKP procedure)

quantity -0.374¢
(0.055)
TFP -0.9344
(0.015)
A 0.582¢ 0.061¢
(0.065)  (0.015)
capital -0.003¢
(0.002)
Estimation method First differences
Year dummies Yes Yes
N Obs 7,768 7,768
R? 0.954 0.996

Notes: The dependent variable is the de-
meaned log price. (Log) prices, quantity
TFP, product appeal, (log) capital and (log)
quantity are demeaned by 8-digit Prodcom
codes. Bootstrapped standard errors in
parenthesis (200 replications). ¢ p<0.01, ®
p<0.05, ¢ p<0.1.
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Table D-6: Analysis of markups (DGKP procedure)

quantity

TFP

capital

0.0762
(0.011)

0.2579
(0.027)

0.090°  0.258%
(0.012)  (0.027)

0.004
(0.003)

Estimation method First differences

Year dummies Yes Yes
Prod dummies Yes Yes
N Obs 7,768 7,768

R2

0.271 0.548

Notes: The dependent variable is the

markup.

Quantity and capital are ex-

pressed in logs while TFP indcated quan-
tity TFP. Bootstrapped standard errors in
parenthesis (200 replications). ¢ p<0.01, b
p<0.05, ¢ p<O0.1.

Figure D-3: Scatter plot of product appeal and the FHS demand measure (DGKP procedure)

Plot of lambda and FHS demand: DGKP procedure
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Notes: The figure provides a scatter plot (as well as a best fit line) for each of the 9 industries we consider. Scatter plots depict
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our sample, and are constructed after demeaning both product appeal and the FHS demand measure by 8-digit product codes.
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E A model of selection with underlying heterogeneity

in both TFP and product appeal

In what follows we provide key highlights of a Meltitz-type selection model with underlying
heterogeneity in both TFP and product appeal based on |[Behrens et al.| (2013). The model
delivers a cutoff rule for surviving firms based on ‘quality adjusted’ productivity tffvp =a+ A
rather than just productivity a. The reader with limited interest in the details of the model
might directly jump to Section where, conditional on the existence of a cutoff survival
rule based on a + A, we show that, even if draws of ¢ and A are independent, a and A will
be negatively correlated in the sample of surviving firms. Intuitively, when comparing two
sub-samples of surviving firms with different average product appeal A, the group with the
higher average A needs less higher values of a to satisfy the cutoff survival rule so generating
the negative correlation.

Consider an economy with £ identical workers/consumers. Labour is the only factor of

production.

E.1 Preferences and demands

There is a final consumption good provided as a continuum of differentiated varieties. More
specifically, consumers have identical CARA preferences displaying ‘love of variety’” and giving
rise to demands with variable elasticity. Let P(i) and Q(7) denote the price and the per capita
consumption of variety 7. The utility maximisation problem of the representative consumer

is given by:

max U = / 1 —e_O‘A(j)Q(j)]dj s.t. /P(j)Q(j)dj =F, (E-1)
Q). jeQ Q Q

where (2 denotes the endogenously determined set of varieties, E denotes consumption expen-
diture and A(j) > 0 is perceived quality/product appeal. The representative consumer buys
quantity Q(j), while paying a price P(j), that effectively translates into a quality-adjusted
quantity Q(j) = A(j)Q(4) in the utility function. Indeed, because A(j) is given to the repre-

sentative consumer, the utility maximisation problem (E-1)) is equivalent to:

_max Uz/[l—e—a%)}dj s.t. /P(j)@(j)dj:E, (A-1")
Q(), 7€ Q Q

where the representative consumer chooses quality-adjusted quantities Q(]) and the price

P(j) = P(j)/A(j) is the quality-adjusted price of variety j with P(;)Q(j) = P(j)Q(j) Vj.
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The utility maximisation problem (A-1’) now involves perfectly symmetric varieties and so
the maths in Behrens et al.| (2014)) can be applied to (A-17)) to derive a number of result. More
specifically, solving (A-1’)) yields the following demand functions:

Ol = —= - 1 {m
Nep @

where N€ is the mass of varieties consumed and

- 1 [
PE—/P(j)dj and nz—/ln
N¢ Ja Q

denote the average quality-adjusted price and the differential entropy of the quality-adjusted

]5(2

NeP

+ 'rz} , VieQ, (E-2)

Nep

Py)

=dj
Nep

price distribution, respectively. Since marginal utility at zero consumption is bounded, the

demand for a variety need not be positive. Formally,
Qi) >0 <= P(i) < P?

where P4 = N¢Pe*B/(NP)=1 is a reservation price that depends on the quality-adjusted price
aggregates P and 7. The definition of the reservation price allows to express the demands for

varieties concisely as follows:

- 1 | P
1) =—In | =—— E-3
Q) =g | 5 (E3)
Going back to the original prices and quantities delivers:
4 1 A(i)P?
= 1 . A-3
Q) = 7 | 5 (A-3)

E.2 Technology and market structure

Prior to production, firms engage in research and development. The labour market is perfectly
competitive, so that all firms take the wage rate W as given. Entry requires a fixed amount
F' of labour paid at the market wage. Each firm ¢ discovers its marginal labour requirement
C(i) = 1/A(z) > 0, i.e. the inverse of quantity TFP, and the perceived quality of its variety
A(i) > 0 only after making this irreversible entry decision. We assume that C'(i) and A(7)
are drawn from two known, continuously differentiable distributions G¢ and G*. The above
assumptions mean that each individual firm faces uncertainty over its productivity and the
perceived quality /product appeal of its product. However, in the aggregate productivity and

product appeal are predictable and in particular it is possible to derive the average firm
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productivity and the average product appeal.

In what follows it is not necessary to make any strong assumptions regarding the rela-
tionship between G¢ and G*. Indeed, all is needed is that the quality-adjusted marginal
labour requirement ratio C'(i) = C(i)/A(3) is a non-degenerate random variable that we as-
sume to be characterised by a continuously differentiable distributions GC. In particular,
in order to facilitate deriving analytical results, we assume that quality-adjusted producti\é—
ity fﬁ(z) = 1/C(i) = A(i)A(3) is Pareto distributed implying that G¢(C) = <é/é’max) )
where C' € (0, C’max] while C™* > (0 and k > 1 are the upper bound and the shape parameter,
respectively.

Since entry costs are sunk, firms will survive/operate provided they can charge prices P (i)

above marginal costs C'(i)I¥/. The operating profit of a firm ¢ is as follows:
() = LQ) [P(7) = C(e)W], (E-4)

where demand @)(7) is given by (A-3’). Each surviving firm maximises ([E-4)) with respect to
its price P(i). Since there is a continuum of firms, no individual firm has any impact on P

so that the first-order conditions for (operating) profit maximisation are given by:

= COW e (E-5)

| A(i) P4
TP

(
A price distribution satisfying (E-5|) is called a price equilibrium. Equations (A-3’) and (E-5))
imply that Q(i) = (1/aA(i))[1 — C(i)W/P(i)]. The minimum output that a firm may sell is
clearly given by Q(i) = 0 at P(i) = C'(i)W. This, by (E-5), implies that P(i)/A(i) = P(i) =

P2 Overall this means that, in order to find it profitable to operate, firms need to have a

cost draw C'(i) and a product appeal draw A(7) such that their marginal cost C'(i)W is lower
or equal to their price while at the same time their quality-adjusted price P(i)/A(7) should
be lower or equal to the choke quality-adjusted price P%. This ultimately implies a cutoff
condition in terms of quality-adjusted marginal labour requirement (C'(i)W = P(i) = PA(i)
or C(i) = P*/W) such that only firms with quality-adjusted marginal labour requirement
lower or equal to C* = P4/ find it profitable to sell.

Given the cutoff C* and a mass of entrants NZ, only N¢ = NP GC <C’*> firms survive,
namely those which are productive enough and/or have products of high enough quality to
sell. Since all firms differ only by their quality-adjusted marginal labour requirements, we

can express all firm-level variables in terms of C. In this respect, it should be noted that by
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multiplying and dividing by A(7), equations (E-4) and (E-5)) can be rewritten as:

(i) = £O() {15@') - é(i)w] , (A-4)
and B B B
. . .
m | Lo = P@) f%)w, Vi € Q. (A-5)
P(i) P(i)

Equations (E-3)), (A-4’) and (A-5’) are identical to those reported in Behrens et al. (2014) once

prices, quantities and marginal costs are replaced with their quality-adjusted counterparts.

In other words, our model is isomorphic to [Behrens et al.| (2014) and so we can directly apply

a number of their results.

E.3 Equilibrium

In what follows we normalise the wage W to one to simplify the exposition. In equilibrium,
aggregate profits are zero and the labour market should clear. Using the Pareto assumption
for the distribution of quality-adjusted productivity ﬁ, we obtain, parallel to [Behrens

et al.| (2014), the following closed-form solutions for the equilibrium cutoff and the mass of

B jﬂmax ’%"1
C*z( ) and NP = "2 £ (E-6)

entrants:

L /€1+/€2F’

where T2 = [aF (C’max)k} /Ko while k1 and ko are positive constants that solely depend on
k. Finally, the indirect utility can be expressed as:
1 1

U=a [(k—l—l)(nl—kmg) 1 E (E-7)

where the term in square brackets is, by construction, positive for all £ > 1.

E.4 Relationship between TFP and product appeal

Suppose that TFP A; and product appeal A; are independent. This implies that a; and A,
are also independent, i.e. G X,))=G*(X)G*Y) where G**(.,.) is the joint cumulative
distribution of a; and \;, G%(.) and G*(.) are the univariate cumulative distribution of a; and
Ai, and X and ) are two generic numbers.

Because of this, the expectation of a; conditional on ); is not a function of A\;: E(a;|\;) =
E(a;). However, the expectation of a; conditional on \; and the cutoff survival rule is a

function of ;. To show this note that the cutoff survival rule imposes that only firms with
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quality-adjusted marginal labour requirement lower or equal to C*, i.e. firms with (log)
quality-adjusted productivity higher or equal to t%* — log(1/C*) = —¢&, will find it profitable
to operate. We indicate this by an indicator function s; taking value 1 if the cutoff survival
rule is satisfied and zero otherwise: s; = 1[a; + A\; > t%*], where a; + \; = t%i. Using the
definition of conditional probability, the probability that a; is lower or equal to a given value

X conditional on \; and the selection rule s; being satisfied is:

P(ai S X,Si = 1‘)\1)

The denominator of (E-8) is:
P(s; = 1|\;) = Plai+X\i > tfp |\) = Pla; > tfp —Ni|N) = Pla: > tfp —N\) = 1—-G*(tfp —\),

where the penultimate equality comes from the independence hypothesis. The numerator of

(E-8) is instead:
Pla; < X, s; = 1|\) = P(tfp —Ai < a; < X|\) = P(tfp —Ai < a; < X) = GHX)—G(tfp —\)

where, again, the penultimate equality comes from the independence hypothesis. Putting the

above two results together provides:

Pla; < X,s;=1]\)  G*X) — Ga(tfp — )
P(si = 1|\) 11— Ga(t%* - \) .

Taking the derivative of (E-9) with respect to X delivers the density function:

al\,s=1 X) = gag\‘)f?k ]
g ( ) 1_Ga(tfp _)\z)

Therefore, the expectation of a; conditional on \; and the selection rule s; being satisfied is:

]E(a‘i|)\i7$i = 1) — /XgalA’S:]-(X)dX _ E(/—C\Lj)* ’
1= Go(tfp —N)

which is a decreasing function of )\;, i.e. the higher is \; the lower is the expected value of a;

for observation belonging to the surviving sample of firms.
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F Monte Carlo Analysis

We implement the FMMM estimation framework on artificially generated dataf?| For this we
use the following setup: we draw a data set with N firms which we observe over T' periods.
Markups are defined as

Hit = 1+ Qi + Ov, Vit

where oy, ; = 7+ 0q, X Vg, 18 a component that is fixed over time and v, is a time varying
component. We draw v, ,; and v, ;; from the uniform distribution. v is the scale parameter
and our formulation ensures that p > v which is a requirement for nonzero output.

We assume that both (the log of) demand \;; and technology shocks a;; evolve as AR(1)
processes:

it = Qalir—1 + Va it

and

Ait = OaNi—1 + Un it

where we draw vy ;; and v, ;; from the normal distributions N (0, 0,,,) and N(0,0,,). For the
initial values we assume that a; = \jp = 0. Normalising the economy wide variables to 1 we

can write demand as
— AMit—=1 pn
Qi = Ay By

where 7;; = M"Ll;iil is the price elasticity of demand. We can invert the demand function as

N3t —1 1

_ it T Mt
Py = Ait ' Qit '

In the remainder we drop firm and time indices to avoid notational clutter. The short run firm
level profits maximisaiton problem becomes V (K, L) = max,, {A%Qi - M WM} subject to
the production function Q = AK“K LY. M“M where o = v — apy — «, First order conditions

require:

1
M = anr@r Ad
W

1 ap
We can plug this into the production function () = AK“¥ L*L (%—QM“AAIJ and solve for
Q:

o
M
[e% — p—c
M A M

Q = (F-1)

Qpr
AKeK L
(WM)

MOC]\/I

42We provide an interactive version of this under https://mondpanther.shinyapps.io/MulamaRoulette/
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Also note that if capital and labour were flexible in the short run we would have

OéLQQi 1

L = All« F-2
IV, (F-2)
aKQi 1

K = Aw F-3
Ve (F-3)

where Wy is the user cost of capital and ax = v — ap — ay,. With this we can work out

optimal output QF*#X - the amount of output if all factors were flexible - as
©

ar, ans ar  CKterton | pTap—ap—ax
QFLEX — {A (I‘j‘V—LL> (S,—ﬁé) (%—’;) W We assume that labor
and capital evolve converging to the level consistent with flexible levels but with a random

deviations vy, and v so that

ar (QFLEX)%

pWr,

=

L =LAG Av | Xexpuyy (F-4)

o (QFLEX) m N

K = LAG
pWik

=

X exp Vg (F-5)

where LAG(+) is the lag operator; i.e. current levels of capital and labor will be un-correlated
with the shocks arising in the current period. vy and vk are random shocks we draw from
then normal distributions N(0,0,,) and N(0,0,, ). Plugging equations and into
we can work out QQ*, prices, revenue, material inputs etc. We then can apply the FMMM
estimation framework to recover firstly the parameters and secondly, the various shocks; i.e.
we run the regressions described in equations and .

We draw 1000 samples of 500 firms with 10 time periods of observations. We assume the
following parameter values: ar = 0.3, ay = 0.6, v = 1.2, 0, = 0.25, 0, = 0.25, 0, = 0.25,
=1, 0,,=1, 0,,=1, ¢ = 0.5, ¢, = 0.4. We illustrate the result of this by reporting

density plots of the estimated parameters v, aj; and «f in the first row of panels in Figure

Oay
[F-1] In all cases we see that this leads to unbiased estimates of the true parameter. Similarly
we report density plots of the average difference between estimated and actual markup u,
demand A and productivity a shocks in the second row of Figure In each case we see
that there are no systematic differences between estimates and actual values. Note that our
identification relies on the presence of at least one on quasi fixed production factor that is
pre-determined as of time t. It is instructive to conduct a Monte-Carlo exploration of a
setting where this assumption goes wrong. Hence we also create artificial data violating this

assumption. For that we compute the quasi fixed factors as
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Figure F-1: Monte Carlo Results
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Notes: The figure reports results from a Monte-Carlo analysis of the FMMM estimation framework. We draw 1000 replications
of samples of 500 firms over 10 time periods with the following parameter values: oy = 0.3n, ap = 0.6,y = 1.2, 0, = 0.25,
ouy = 0.25, 0y, = 0.25, 0, = 1, ou =1, 0y =1, ¢ = 0.5, ¢a = 0.4. Solid vertical lines indicator the true value, dashed
vertical lines indicate the average estimated values.

oy, (QFLPX) m

pWr

ar (QFLEX)i

1
Aw
pWr

T =

L =LAG Aw | xexprp x (1—=0)+bx

o (QFLEX) m N
Wk

FLEX\u |
X ax (Q ) Aw

K =LAG
Wk

=

xexprg X (1—0)+0b

i.e. we allow both to be correlated with contemporaneous shocks to productivity where
b € [0,1) controls the strength of this correlation. We report results of this in Figure
with b = 0.4. This leads to biases in all parameters as well as the markup, demand and
productivity shocks. In more detail, note that it leads to a downward bias in ay,. This is
because in equation we assign too much of the variation to k leading to an upward bias in
b1. This in turn leads to a downward bias in bg in equation . As a result we underestimate
the scale parameter v = bs. We estimate &y, = % Hence we get a downward bias because
both the denominator is too high and the numerator too low. This in turn leads to upward
bias in our estimates of p which is the inverse material share divided by «a,;. We estimate
A= rit —q. As we have upward bias in y we consequently get downward bias in A, as we find
in Figure We compute o, = by X ays. Like for b; we have upward bias in by because

[ will contain short term variation (against model assumptions). This will be compensated
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Notes: The figure reports results from a Monte-Carlo analysis of the FMMM estimation framework

Figure F-2: Monte Carlo Results with Bias
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of samples of 500 firms over 10 time periods with the following parameter values: oy = 0.3n, ap = 0.6,y = 1.2, 0, = 0.25,
ovy = 0.25, 0y, = 0.25, 00, =1, v =1, oy, =1, ¢ = 0.5, o = 0.4. We also allow for a bias parameter of b = 0.4 Solid

vertical lines indicator the true value, dashed vertical lines indicate the average estimated values.

somewhat by the downward bias in «,; leading to only a relatively small upward bias in for

ag, in . Finally, we compute @ as @ = ¢ — ayl — apm — (7 — apr — o )k. We over estimate

ar. However, we overestimate aj; and . Thus the bias could go either way but with the

particular parameter combination in Figure [F-2] we end up with an upward bias.
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