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Abstract

We study markup cyclicality in a macroeconomic model with oligopolistic competition
and granular shocks. Given changes in demand or productivity of individual firms, we
characterize the co-movement of firm, sectoral, and economy-wide markups with sec-
toral and aggregate output. We then quantify the model’s ability to reproduce salient
features of the cyclical properties of markups in French firm level data, from the bottom
(firm) level to the aggregate level. Our model with granular firm-level shocks only goes a
long way in rationalizing various measures of markup cyclicality in the French data.
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Introduction

Ascertaining the cyclical properties of macro variables has played a crucial role in the devel-
opment of modern business cycle models. Yet, while there is a broad consensus on moments
concerning, for example, the behavior of consumption, investment or unemployment over
the business cycle, there exists a lingering disagreement on the behavior of markups over the
business cycle and the implied role of markups for cyclical fluctuations in the labor wedge.
Indeed, the upshot of a large body of empirical work on this topic is a wide range of estimates
of the correlation between markups and economic activity that vary in sign and magnitude.
This basic impasse in the literature can be ascribed to the inherent difficulty of measuring
markups at various levels of aggregation (product, firm, sector, and aggregate levels) and the
differing empirical strategies pursued.

In this paper we study the cyclical properties of markups from the bottom (firm) level to the
aggregate level, both theoretically and empirically based on French administrative data. We
use a macroeconomic model with oligopolistic competition, flexible prices and firm-level
granular shocks only as in Gabaix (2011). Shocks to individual firms result in changes in the
size and market power of individual firms and, aggregating these firm-level outcomes, in sec-
toral and economy-wide output and markups. We abstract from exogenous aggregate shocks
which, in our model, do not affect firm-level markups and would only impact aggregate
markups via between-sector reallocation (see Nekarda and Ramey (2013) for an empirical
analysis of how the cyclicality of aggregate markups in the U.S varies across types of shocks).
We assess the model’s ability with firm-level shocks only to reproduce salient features of the
cyclical properties of markups in French firm level data at various levels of disaggregations.

To model in a tractable way the determination of markups in an economy featuring a large
but finite number of sectors with a discrete number of single-product firms that internalize
the impact of their choices on sectoral outcomes, we use the nested CES demand structure
studied in Atkeson and Burstein (2008). A fixed number of firms per sector differ in a pro-
ductivity/demand composite, which follows a discrete Markovian process as in Carvalho and
Grassi (2019). We characterize, up to a first-order approximation, how markups, productivity,
and output respond to firm-level shocks from the bottom (firm) level to the aggregate level.
We provide simple expressions that show how the sign of markup cyclicality depends on the
level of aggregation, market structure within and across industries, and the set of shocked
firms. At the level of individual firms, markups are increasing in within-sector expenditure
shares. Aggregating outcomes across firms, we show that sectoral output and markups co-
move positively in response to shocks to large firms in the sector, while output and markups
co-move negatively in response to shocks to small firms. The effect of such shocks on aggre-
gate markup depends on the distribution of sector-level markup and sectoral expenditure



shares. Given i.i.d. shocks across firms (such that large firms drive the cycle in each sec-
tor), we provide sufficient conditions for a positive correlation (over long samples) between
sectoral markups and sectoral output, sectoral markups and aggregate output, as well as ag-
gregate markup and aggregate output.

We compare theoretically the implications of our model with an alternative specification in
which firm-level markups are heterogeneous but constant in response to shocks (so that sec-
toral and aggregate markups only change due to between-firm reallocation and not within-
firm markup changes). We show that, while within-firm markup changes account for exactly
half of sectoral markup fluctuations in the variable markup mode, changes in sectoral and
aggregate markups can be larger or smaller than in the constant markup model depending
on parameter values. We also compare the volatility of sectoral and aggregate output un-
der the two model specifications. Given that the pass-through rates of firm-level shocks to
prices are decreasing in firm size, we show (assuming a high elasticity of labor supply) that
the volatility of sectoral and aggregate output is smaller in the model with variable markups
than in the model with constant markups.

Our theoretical results reveal that the sign of markup cyclicality depends on the level of ag-
gregation, the origins of the shock, and market structure within and across all industries.
Moreover, the sign and magnitude of the analytic covariances may differ from those in fi-
nite samples. We thus conduct a quantitative exploration, calibrating our model based on
French administrative data covering approximately 500,000 firms in 504 sectors in 2014. We
measure markups in the data for the period 1994-2016 using the methodology introduced by
De Loecker and Warzynski (2012) and De Loecker and Eeckhout (2017).

We perform, on French data and on data generated by our calibrated model, a variety of
reduced-form regressions on markup cyclicality that have been considered in the literature.
By using a single dataset and a measure of markups that is consistent across different levels
of aggregation, we can rule out differences in methodologies or datasets as the source of
conflicting measures of markup cyclicality.

The French data supports the positive correlation between firm-level markup and firm-level
market share in its sector, both in the cross-section and in the time series, that is built-in in
our model. Moreover, the data corroborates a positive relation between sectoral markups
and sectoral concentration, both across sectors and over the business cycle.

Our calibrated model can account for different (and sometimes conflicting) pieces of evi-
dence in the literature on the extent to which markups are pro-cyclical, acyclical, or coun-
tercyclical. We first explore a notion of firm-level markup cyclicality recently proposed by
Hong (2017). In particular we ask whether firm markups covary systematically with respect
to sector-level output. As in Hong (2017) for major European countries, we find that this
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reduced form relation is “counter-cyclical" for the average firm in the French data, but can
switch sign for large firms. We then proceed to evaluate notions of sector-level markup cycli-
cality. Following Nekarda and Ramey (2013), we ask whether sector markups comove with
sector output over the business cycle. Like Nekarda and Ramey (2013) for the U.S., we find ev-
idence for a positive systematic comovement between the two measures, or 'pro-cyclicality’,
in the French data. Finally, we follow the recent work of Bils et al. (2018) who investigate yet
another notion of cyclicality: the extent to which sector level markups comove with aggre-
gate output. According to this measure, we find pro-cyclical point estimates which, however,
are not statistically different from zero (Bils et al. (2018) document a negative correlation for
the U.S).

Our calibrated model can go a long way in accounting for (and reconciling) these wide range
of observed correlations within a single dataset and measure of firm-level markups. Our
theoretical results help us understand why our reduced form estimates of markup cyclical-
ity should not be invariant across specification and levels of aggregation. We show, how-
ever, that the magnitude and sign of these measures of markup cyclicality can vary substan-
tially across 20-year sequences of random firm-level shocks (and hence may differ from our
asymptotic results).

We then turn our attention to quantifying the extent of aggregate markup and output fluctu-
ations in response to idiosyncratic firm-level shocks. Much of the work on the granular ori-
gin of business cycles, such as Gabaix (2011) and Carvalho and Grassi (2019), abstracts from
movements in markups that can partly offset the impact of own firm-level shocks or mag-
nify the impact from shocks to competitors. We quantify to what extent aggregate fluctua-
tions are reduced, for a given distribution of firm-level shocks, in the presence of oligopolistic
competition. We also quantify, and compare with data, the size of movements in aggregate
markups relative to movements in aggregate output induced by firm-level shocks. Our cali-
brated model with firm-level shocks only account for between 33% and 42% of the volatility
of aggregate output in our data and between one third and one half of the volatility of ag-
gregate markups relative to output. Finally, our model implies that point estimate of the
correlation between aggregate output and markups is too high relative to the data, but there
is large variation in point estimate across different 20-year samples of random shocks. More-
over, adding aggregate shocks would leave aggregate markups unchanged and would hence
reduce this correlation.

Related Papers
Our paper relates to various strands in the literature. TO BE COMPLETED.

e Variable Markups among Heterogeneous firms: Kimball (1995), Atkeson and Burstein
(2008), Bilbiie et al. (2012), Klenow and Willis (2016)



e Market Power in Macro. Cycles: Rotemberg and Woodford (1992), Grassi (2018), Mon-
gey (2017), Jaimovich and Floetotto (2008)

Trends: De Loecker and Eeckhout (2017), Edmond et al. (2018), Bagaee and Farhi
(2017), Eggertsson et al. (2018)

e Markup Cyclicality in the Data: Bils (1987), Hall (1988), Hong (2017), Nekarda and
Ramey (2013), Bils et al. (2018), Anderson et al. (2018), Stroebel and Vavra (2019)

e Micro-Origins of Aggregate Outcomes: Carvalho (2010), Foerster et al. (2011), Gabaix
(2011), Acemoglu et al. (2012), Carvalho and Grassi (2019), Grassi (2018), Gaubert and
Itskhoki (2018)

Bagaee and Farhi (2017) provide a very general characterization of the impact of mi-
croeconomic shocks on aggregate productivity and output in a large class of models in
which productivities and wedges (such as markups) are exogenous primitives. They use
a simple chain to consider the response of wedges and productivities to other primitive
fundamentals.!

Our paper also relates to Grassi (2018), which studies the role of input-output linkages
and endogenous markups a la Atkeson and Burstein (2008) in shaping comovement of
sector-level variables. Grassi (2018) provides a complete analytical characterization of
the impact of microeconomics shocks on aggregate output under an approximation of
the deep parameters of the model. Our analytic results make use of a different approx-
imation with respect to firm-level idiosyncratic shocks, similar to the one used in e.g.
Gopinath et al. (2010), Burstein and Gopinath (2014), and Amiti et al. (2019) in the con-
text of exchange rate shocks. As in Grassi (2018), we calibrate our model by matching
each sector’s Herfindahl index in the data with their model counterpart, that is, more
than 500 moments. Our quantitative results solve for the full non-linear equilibrium
numerically.

1 Model

In this section we describe the model and characterize the equilibrium. We first describe
the preferences, technology and market structure. Second, we aggregate our model from the
firm-level to the sector and aggregate level.

'Baqaee and Farhi (2017) consider the case of variable markups in the model of Atkeson and Burstein (2008),
as we do, restricted with one large firm and many infinitesimally small firms.



1.1 Preferences and technologies

Households have preferences at time ¢ over consumption of a final good at time, Y;, and labor,
Ly, given by
1 1_77 9 1+f71
R e A ey S
where n < 1 and f > 0 are respectively the constant relative risk avertion and the Frish elas-
ticity of labor supply. The final good aggregates output of N sectors according to a Constant-

Elasticity-of-Substitution (CES) aggregator
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where Y}, denotes sector k£ output, A is a demand shifter for sector k& (which we assume is
constant over time), and o > 1 is the elasticity of substitution across sectors.

Each sector £ is itself a CES aggregator of the output of N}, individual firms given by

£
e—1
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where Y};; denotes output of firm ¢ in sector k, Ay; is a firm-demand shock (independently
drawn across firms), and ¢ is the elasticity of substitution between the output of firms in
sector k£ (where o < ¢).

Firm i in sector £ produces output according to the constant returns to scale technology
Yiit = Zkit Lt (1)

where Z;;; denotes productivity of firm 7 in sector k£ (independently drawn across firms) and
Ly;; denotes its employment level. In Appendix A.4, we provide analytic results if we allow
for decreasing returns to scale at the firm level.

Finally, we assume that workers are perfectly mobile across firms. For the labor market to
clear, the sum of employment across all firms must equal aggregate labor, L.

1.2 Market structure and equilibrium

In this part, we describe the market structure, that is, how firms compete and interact. We
then derive the equations that characterize the equilibrium.



Firm i in sector k, given prices of individual goods { Px;; }, faces demand
Viit = A Akit (Prit)” " (Pre)™ 7 P Y3,

where the sectoral price, Py, is

1

[ Ny 1—¢
Py = Z ApaPl° ; 2)
Li=1
and the aggregate price, P;, is
rN f
Pr= |3 Avbe
Lk=1
The markup for firm 7 in sector k, u;, is defined as the ratio of price to marginal cost:
it Prit
= —— . 3
Mkit Wt ) ( )

This markup determines how firm’s revenues are split into labor payments and profit, such
that

LiaWi = ptji Pt Yo, and e = (1 — gy ) PratYiir-

The market share of firm ¢ in sector k, that is, the share of revenue of this firm relative to the

revenue of its sector, is defined by
o = PritYiit
kit = 5
Pt Yt
can be re-expressed in terms of markups and a composite of demand and productivity
shifters, Vi = AriZ5;, ", as
A 'Pl_a Vor 1—¢
kitd kit . kit g4

= . (4)
N 1—e N, 1—¢
Yoty Akin Pt Y0k Vil

Skit =

Below we show that the split of the firm-level demand/productivity composite V};; into de-
mand and productivity shifters is required to solve for firm-level quantity and prices, but not
for any other model outcome.

Firms choose price to maximize current profits, taking into account that they are large
enough in their sector to impact sectoral output and prices.? As in Atkeson and Burstein

2We assume, as in Atkeson and Burstein (2008), that when setting prices or quantities, firms do not internalize
their impact on aggregate prices P;, output Y;, and the wage rate W;, which is non-zero given that there is a
finite number of sectors. This behavioral assumption means that firms take into account the fact that they are
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(2008), we consider two alternative market structures: firms take other firms’ prices as given
(Bertrand competition), or firms take other firms’ quantities as given (Cournot competition).
Some of our analytic results and our quantitative analysis focuses on the case of Cournot
competition.

Equilibrium markups and expenditure shares in each sector k&, { ukit}{jgl and {skit}ff:kl, solve

the non-linear system of equations given by (4) and

-1
= [1 — (a/ 0_1) skit} under Cournot,

Mkt = ©)
_e_ [M] under Bertrand.

Under both formulations, markups are increasing in expenditure shares sy;;, a property
which is satisfied in a variety of models with variable elasticity of demand (see e.g. the re-
views in Burstein and Gopinath (2014) and Arkolakis and Morlacco (2017)).

Moreover, by equations (4) and (5) we can observe that firm-level expenditure shares and
markups in sector k£ depend only on relative demand/productivity shifters across firms
within this sector. This implies that firm-level expenditure shares and firm-level markups
in sector k£ do not vary in response to proportional shifts in the demand/productivity com-
posite to all firms in sector &, changes in the wage or sectoral demand shifter Ay, or shocks
in other sectors.

1.3 Sectoral outcomes

In this section, we show how the model aggregate from the firm-level to the sector-level.
Specifically, we show how the joint distribution of market share and markup across firm de-
termines sectoral markup. Importantly, we show how in this model sectoral markup relates
to concentration. Furthermore, we show that the joint distribution of markup and firm-level
shocks entirely characterized the sectoral productivity.

Consistently with the firm-level markup, we define the sectoral markup as the ratio of sec-

toral revenues to labor payments,
_ PrtYi

Hit = Wtht7

(6)

not atomistic in their sector but that they are atomistic in the whole economy. Our assumption is the same
assumption on firm behavior as in a model with a continuum of sectors as in Atkeson and Burstein (2008).



where sectoral employmentis Ly, = vazkl Ly;:. Sectoral markups can be expressed as a func-
tion of firm-level markups and expenditure shares,

N
Pt =D HisSkit- @)
=1

Substituting equation (5) under Cournot competition, we can express the sectoral markup,

ke, as a simple function of the Herfindahl index, H H I, = Zf.vz’“l E

€ efo—1 !
Pt = 1- HHI| . (8)
e—1 1

The Herfindahl index is the sum of the market share squared, it is also equal to the average
of market share weigthed by market share and thus varies from zero to one. The above equa-
tion implies a positive relationship between sectoral markup and Herfindahl which takes the
exact same form under Cournot as the firm-level relationship between markup and market
share of equation (5). In the same way that a firm with a large market share charges a higher
markup, a sector with a large average market share, that is a high Herfindahl, have a high
sectoral markup.3

Sectoral productivity is defined as the ratio between sectoral output and employment,

Iyt = — 9
kt tha ()

which can be expressed in terms of firm level markups and demand/productivity shifters as

e

(vazkl Vit (:“kit)l_€> o
sz'vzkl Vit (,“kit)_e .

Lyt = (10)

In this equation, the sectoral productivity is entirely determined by the distribution of
markup and the composite of demand and productivity shifters.

The sectoral price index can be expressed as the product of the sectoral markup and sectoral
marginal cost defined as the ratio of wage to sectoral productivity,

it Wi
P = -
! Lyt

(1D

Sectoral output is recovered from the CES demand for the sector-level good, that is, it is de-
termined by the aggregate output, the sector-specific demand shifter A; and the relative sec-

3A similar mapping between sectoral markups and concentration indices can be obtained under Bertrand
competition (see Grassi, 2018).



toral price,
Yie = AP O 7Y, (12)

1.4 Aggregate outcomes

In this part, we describe how to aggregate from the sector-level variables to the aggregate
variables. We show that aggregate markup and productivity are determined by sector level
variables. Second, we show that aggregate markup is determined by a measure of concentra-
tion under Cournot, as for the sector-level case discussed above.

Consistently with the firm and sector-level markup, we define the aggregate markup as the
ratio of aggregate revenues and labor payments,

_ by
o WtLt

N -1
e > sktu;] : (13)
k=1

which can be expressed as a harmonic weighted average sectoral markups. Alternatively, for
the Cournot case, we can express the aggregate markup in terms of a weighted average of
sectoral Herfindahl indices,

J7 1) 5 B
9 /0 —
Mt = -1 [1— < -1 > SktHHIkt] .

k=1

Note that the weighted average of sectoral Herfindahl indices fo:l speH H Iy is also equal
to the average market share, si;; across firms weighted by firms’ revenue share in the whole
economy, Py;Yyi/(P:Y:). Under Cournot, when the (weighted) average market share in the
economy is high the aggregate markup is high.

Sectoral expenditure shares, si;, are determined by sectoral markups and sectoral de-
mand/productivity shifters Vi, = 4,27 " as

_ ButYee Vit (#kt)l_a

Skt = = - (14)
BY; Zk Vierr (th')l 7

Aggregate productivity is defined as the ratio between aggregate output and aggregate la-
bor, Z; = Llft, and can be expressed in terms of sectoral markups and demand/productivity
shifters as

o

(S0 Vil ®) ™
(Zi\;l thu;tg) .

Zy = (15)
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Similarly to the sectoral case, the aggregate price index can be expressed as the product of
aggregate markup with wage divided by aggregate productivity,

Wi
P = . 16
b 7, (16)
The above equation in combination with the Euler equation,
o Wi 1
Y, = 6L (17
yields the following expression for aggregate output
1++
1oz
}/;77+f — t ’ (]_8)
Ot
while aggregate labor can be computed using
Y;
L= —. 19
t=7 (19)

Combining equations (16) and (17), the labor wedge is equal to the aggregate markup, p.

The following proposition describes an algorithm to solve equilibrium variables at the firm,
sector, and aggregate level.

Proposition 1 (Summary of equilibrium solution) Consider a given realization at time t of
firm-level demand/productivity shifters, {Vi.:}, and sectoral demand shifters, {A;.}. Equilib-
rium firm-level markups and expenditure shares, uy;; and sy;, are the solution to the non-
linear system of equations (4) and (5). Sectoral markups and productivities, uy, and Zy;, are
solved for from equations (7) and (10), respectively, and sectoral expenditure shares, sy, from
equation (14). Aggregate markup, productivity, output, and employment, 1, Z;, Y;, and Ly,
are solved for from equations (13), (15), (18) and (19), respectively. Setting W, = W as the
numeraire, sectoral and aggregate price levels, Py, and P;, are solved for from equations (11)
and (16), respectively. Sectoral output and employment are solved for from equations (12) and
(9), respectively. Firm-level expenditures and employment, Py;Yyi: and Ly;; are solved from
from Py Yiie = spitPrtYie and equation (6), respectively. Finally, given realization of firm-
level productivities { Zy;; }, firm-level output and price are solved from equations (1) and (3),
respectively.

From Proposition 1, we note that the split of the firm-level demand/productivity composite
Vit into demand and productivity shifters is required to solve for firm-level quantity and
prices, but not for any other model outcomes.

We also note from Proposition 1 that aggregate productivity and aggregate markup (and
hence the real wage) are determined only as functions of sectoral markups, sectoral prices,

10



and exogenous sectoral demand shifters, for a given elasticity of substitution between sectors
o. Given the utility parameters n and f, we can then solve for sectoral and aggregate output
and employment. Note that with linear disutility of labor (f — o0), ¥; = (6P,/ W)_l/ " so
changes in aggregate output are pinned down by changes in the aggregate price (which are
determined by changes in sectoral prices).

In the next section we use a first-order approximation to characterize the response of sectoral
markups and sectoral prices to changes in firm-level demand/productivity shifters. We then
map changes in sectoral outcomes to aggregate outcomes.

2 Analytic results

In this section we characterize the response of sectoral markups, prices and productivity to
firm-level shocks, up to a first order approximation, and the impact of these sectoral out-
comes on aggregate output, productivity, and markup.* We derive expressions for the vari-
ance of sectoral prices (which shape the volatility of aggregate output) and the covariance
between sectoral prices and sectoral output. We analyze the role of the heterogeneous re-
sponse of markups across firms in shaping these responses. In the quantitative analysis that
follows we fully solve the non-linear equilibrium of the model.

We first introduce a definition. Recall from equation (5) that equilibrium markups are in-
creasing in expenditure shares s;;;. We denote by I'y; the markup elasticity with respect to

Skit, thatisI'y; = gllﬁf;:, which is equal to
i (1) — 1 under Cournot,
Ly =

[E (’“L—k_l> - 1} (ki —1) under Bertrand,

If e = o, then uy; = /(e — 1) and markup elasticities T'y; are zero. If ¢ > o, then py; > ¢/(e — 1)
and I'y; > 0 (with strictinequality if sg; > 0). Moreover, within sectors, markup elasticities I'y;
are increasing in markups and, since larger firms set higher markups, in expenditure shares
sk;. This property that the elasticity of markups to expenditure shares is increasing in size is
satisfied by a variety of demand models with variable elasticity, as discussed in e.g. Burstein
and Gopinath (2014) and Arkolakis and Morlacco (2017).

*We thank Dmitry Mukhin for his valuable input in deriving these analytic results.
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We consider an initial equilibrium in sector k£ and feed in shocks to demand/productivity
shifters, Vi;;. Up to a first-order approximation around the initial equilibrium (i.e. for in-
finitesimally small shocks), changes in equilibrium expenditures shares and markups are, by
equation (4) and the definition of I'y;, the solution to the system of equations

Ny,

Skit = Viit + (1 = €) figir — Z Sk (Vki/t +(1-¢) Fki’gki't> (20)
=1

Lkt = LkiSkit- 21

For any variable x;, ; denotes its log difference relative to the initial equilibrium. In or-
der to solve this linear system of equations, we require expenditure shares s;; and markup
elasticities I'y; in the initial equilibrium, demand/productivity shifters Vkit, and the demand
elasticity parameter ¢.

In what follows we use this approximation to characterize sectoral and aggregate outcomes
in response to idiosyncratic firm-level shocks. We provide simple expressions for markup
cyclicality at different layers of aggregation that we then use to interpret our reduced form

empirical results.

Sectoral prices We first consider changes in sectoral prices which, by equation (12), shape
changes in sectoral output for given changes in aggregates, as well as changes in a sector’s
expenditure share in total expenditures. Taking a first-order approximation of (2) and using

the expression for changes in firm-level prices, ﬁk,-t = —Zm + ki, log-changes in sectoral
prices are

N TR N

Pe=1—2 ; Ski {Vkit + (1 =€) fikit| - (22)

By equations (20), (21) and (22), we can express log-changes in expenditure shares as

an (e—1) ﬁkt

1+(E—1)Fki 1+(E—1)Fki. (23)

Skit =

Substituting (21) and (23) into (22), changes in sector k price can be expressed as a weighted
average of demand/productivity shifters, {Vkit}f\ﬁlf‘

~ 1 Ne oV
Pkt _ Zz—l SkiOlki kzt’ (24)

= N
e— 1 30 skiowi

%In the Appendix we return to equation (23) and provide expressions for the elasticity of firm-level expenditure
shares with respect to own shocks and the variance of expenditure shares.
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where the weights are given by the product of expenditure shares, s;;, and pass-through rates,

o, with these defined as .

Opi = ——F————-
M T+ (e— 1) Tk

We refer to «y; as pass-through rate because «ay; governs how firm-level prices respond to

idiosyncratic shocks (for given changes in sectoral prices), according to

~

Prit = i (—Zm + Fkile\kit) + (1 — o) Pre- (25)

Conversely, 1 — ay; governs how prices respond to changes in sectoral price (due to variable
markups). Since markup elasticities are increasing in expenditure shares (if ¢ > o), ay; is de-
creasing in expenditure shares. If ¢ = o, or imposing that markups are constant in response
to shocks, ay; = 1.

Since € > 1, sectoral prices fall in response to an increase in demand/productivity shifter. To
understand how sectoral price changes are shaped by pass-through rates, note that if ay; =
oy, then ﬁkt is independent of «, for given expenditure shares s; in the initial equilibrium.
That is, the response in sectoral price is identical to that if markups were fixed at their initial
level (ay; = 1). As pass-through oy falls, the larger markup increase of a firm to an own
positive shock is exactly offset by the larger markup decrease of its competitors.

With heterogeneity in pass-through rates, since a;; is weakly decreasing in s;;, there exists a
single value s} such that a positive shock to firm ¢ with s;; > s} results in a smaller reduction
in sectoral prices than if markups were fixed at their initial level. Intuitively, the markup
increase of by firm i more than offsets the markup decrease of its competitors. Conversely,
a positive shock to firm ¢ with s;; < s} results in a larger reduction in sectoral prices than if
markups were fixed at their initial level.”

From equation (24) we can calculate the variance of sectoral price changes. Specifically, with
shocks to the demand/productivity composite V;;; that are independently distributed across
firms with variance o2 = Var [Vkit}, the asymptotic variance of price changes in sector &
(around the initial equilibrium) is

\ Pl = Oy 2 Ok Ski ? 26
ar[ kt} N (5—1) Z <ZZ, aki/ski/> ’ (26)

1=1

We can further solve for Py, using Pt = ki Prie + (1- ski)f’k,m where P, _, is the competitors’ price index
defined in Amiti et al. (2019). We can re-write (25) as ﬁkit = Qkit (—Z;ﬂ- + Fkiﬁkit) + (1 — aus) ﬁk,it, where

~ a
Qi = k

F G Pt which is a U-shape function of expenditure shares sy;.
"The threshold 57 is defined implicitly by oy, (57) = Zf\fl SkiQlhi-
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If markups are fixed at their initial level (or more generally if ax; = a4), then this vari-
ance is proportional to the sectoral Herfindahl index, as in Gabaix (2011): Var [ﬁkt] =

Oy

2 ~
(a—l) S Ne s?2.. Comparing this expression with (26), Var [Pkt] is lower under variable

markups than under constant markups if and only if the variance of % is lower than
the variance of sy;. Since ay; is decreasing in sy;, this condition is satisfied as long as sy;a; is

increasing in sy; (see condition 2 below).

Sectoral markups Given equilibrium changes in firm-level shares and markups, changes
in sectoral markups are, up to a first order by equations (7) and (21), given by

Ny
. Mk~ ~
Pt = Z Ski— (Hkit — Skit) - (27)
oy Mk
Equation (27) decomposes changes in sectoral markups into changes in markups within
firms and reallocation of expenditures between firms with heterogeneous markups.
The following Proposition states that ex-ante firm heterogeneity is a necessary condition for

sectoral markups to change in response to firm-level shocks:

Proposition 2 [f firms in sector k are symmetric in the initial equilibrium then, up to a first-
order, sectoral markups are unchanged in response to firm-level shocks.

Proof In a symmetric initial equilibrium, s; and py; are equal across all firms in sector k. By
equation (21), (27), and Zﬁ\icl SkiSki = 0, it follows that jix; = 0.

We now characterize changes in sectoral markups allowing for ex-ante firm heterogeneity.
Substituting equations (21), (23), and (24) into (27) yields,

Ny, Dpy—1
> il Skir Qi (W) ~
- Viit- (28)

N
~ - I —1
Kkt = Kk E SkiCki N

i=1 D irkq Skir Qi

Hki

A positive shock to firm i results in an increase in sectoral markup if and only if (T'y; — 1) / g is
higher than its average (weighted by s;; x az;). Under our assumptions on market structure,
the ratio (I'y; — 1)/u; is increasing in markup i; (and hence also increasing in expenditure
share s;;). Specifically,

e—=1 2
Ty — 1 - e under Cournot,
Mki 5 (“’:j;l ) under Bertrand.



Therefore, positive shocks to relatively large (small) firms in the sector increase (decrease)
sectoral markups.

Under Cournot competition, (28) can be re-expressed using (5) and the above equation as

Nk 2
o~ 1 1 ., S .,akl/ ~
[kt = 2 <; - —> Bk Y SkiOthi [ Lot Sk Ot Vit (29)

Spi —
3 i—1 ! ZZ' Skit Aleqr
We therefore have the following proposition.

Proposition 3 Consider a positive demand/productivity shock to firmi in sector k. Then, un-
der Cournot competition, sectoral markup rises (and comoves negatively with sectoral price) if

and only if sg; > >, 8% Quir| S50 Skir Qs -

The “2" in front of (29) reflects the fact that, in terms of the decomposition of sectoral
markups introduced in equation (27), the magnitude of the within term is equal to the
magnitude of the between term (and hence each accounts for 50% of changes in sectoral
markups). In the Appendix we show that this 50-50 within/between decomposition of
changes in sectoral markups under Cournot competition holds globally (not only up to a
first order). With Bertrand competition, the within/between decomposition is not pinned
down at 50-50.8

How do changes in sectoral markups compare under fixed markups and variable markups?
If firm-level markups are fixed at their initial level after the realization of firm-level shocks,
changes in sectoral markups (obtained by setting I'y; = 0 and ay; = 1 in equation 28) are:

N,
~ Hk \ &
ke =Y Ski <1 - —) Viit-
im1 Hki

In this case, sectoral markups move only due to between-firm reallocation. In response to
positive shock to firm i, sectoral markups rise if and only if px; > 1.

In the general, we do not obtain a simple characterization comparing the above equation
with (29). To make analytic progress, we restrict the extent of ex-ante firm heterogeneity.
Specifically, we assume that in sector k there are N{! type A firms and NZ = N, — N/ type B
firms, and in the initial equilibrium firms within each type have equal demand/productivity
composite, Vi;;. In the initial equilibrium, each firm of type ¢ = A, B has expenditure share
s¢, markup 47, and markup elasticity I'}. Firms of type A are indexed by i = 1,..., N/! and

8Following similar steps, under Bertrand competition we obtain

Ny,

N o SR Skrag (e — sy (e — )7
Bkt = Mkfz Skicki |(€—sri(e—0)) " —

N Viit.
i=1 Zi/zl Ski’ Okq!
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firms of type B are indexed by N/ + 1,..., Nj. In this case, equation (28) under Cournot
competition can be written as

2
Oy = ———— 1—— Viir + 1—— VZ , 30
= e (1 ) St () 3 . oo

i=NA+1

where
Pk = NkBSk Nk Sk

The term in square brackets in equation (30) corresponds to the change in the sectoral
markup under fixed markups as express above. Therefore, given the same firm-level shocks,
sectoral markups change by more (and the variance is higher) under variable markups than
under constant markups if and only if the term in front of the square brackets in equation
(30) is higher than one, which is the case if (¢ — 1)['; < 1. This condition is violated if o is
sufficiently low and/or ¢ sufficiently high. Intuitively, changes in sectoral markups can be
smaller under variable markups than under constant markups because the larger response
of sectoral markups due to changes in firm-level markups is more than offset by a smaller
extent of between-firm reallocation due to incomplete pass-through.

To summarize, even though sectoral markups in the model with variable markups are twice
as large as the between-firm reallocation term, variable markups do not necessarily magnify
changes in sectoral markups relative to the model specification with constant markups (in
which sectoral markups change only due to between-firm reallocation).

Covariance between sectoral prices and sectoral markups We calculate the asymptotic co-
variance between price and markup in sector k, up to a first-order, given a long realization of
shocks to V;; that are independently distributed across firms with variance o2.

In the case of constant (but heterogeneous) markups,

Ny,

~ B 1 2 Hi 2

Cov [#kt,Pkt} ] Elski [1 - _} X 0y
1=

Thus, sectoral markups and prices are negatively correlated as long as large firms within sec-
tor charge higher markups.

Under Cournot competition, by equations (24) and (29),

A 241 1 1\ & S Shir Qs S SkiQlki
Cov |:,Ltkt,Pkt:| = — P ; - g Zskiaki Ski — Ni ZNk X 0

i=1 D irEq Skir Qs ir=1 Sk’ ki’

[
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The square bracket in the above equation indicates, consistent with Proposition 3, that
shocks to large firms induce a negative covariance, while shocks to small firms induce a pos-
itive covariance. This equation can be re-expressed as

PPN 2 11\ & 2 i % QUi SkiOl; SkiQthi 9
Cov [ukt,Pkt] =-\23 Pl Zs,ﬂ-,akizz ZNk - =~ ~ X0y,

2 k k
i'=1 i=1 S Shir kit D gty Skt Qkir | D iy Skir Qtkir

Therefore, when ¢ > o, sectoral prices and markups are negatively correlated in long samples

if and only if
Nk 2
S5Ol SkiOlki SkiOlki
ki ki kikq kikq
E A - =~ A > 0. 31
1 L2 Sk Qi Dy SkirQkir | D iy Skir Qi

where the product of expenditure shares and pass-through rates, sj;ay;, is given under

(1= 2) s = (= 2) sk

1—%4-(5—2)(1 1)8]%.

[ £

Cournot by

SkilQlki =

If firms are ex-ante homogeneous, then equation (31) holds with equality and sectoral
markups are constant over time, consistent with Proposition 2. More generally, if firms are
heterogeneous in the initial equilibrium, inequality (31) may or may not hold. The following
proposition states that if pass-through rates do not fall too strongly with expenditure shares,
then inequality (31) holds and sectoral prices and markups are negatively correlated.

Proposition 4 With Cournot competition, if firms are ex-ante heterogeneous and sy;coy; 1S in-
creasing in s;i, then Cov {ﬁkt, P <O.

Proof Define f(.) and g(.) as probability density functions given by f(s) = % and
9(swi) = swif (spi)a with a = 2= < 1 Since the likelihood ratio g(s)/f(s) = sa is

rit Okl

increasing in s, g(.) first-order sflozclhastically dominates f(.). Since f(s) is increasing in s, it
follows that "% [g(sks) — f(ski)] f(sxi) > 0, which corresponds to inequality (31). O

Note that sy;ay; is increasing in sg; if and only if

2<€;1>sk,~+(§—1> (6_2)8%#0(57—1)2'

€ e(e—o)

Since the left hand side of this equation is increasing in s;;, (for s;; < 1), this inequality holds
for sj; < 5, where §;, is a function of o and ¢.°

9For our calibrated values of ¢ ~ 1.7and £ = 5 (¢ = 10), 5, = 0.69 (0.46).
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The covariance expression (31) was derived for a long (asymptotic) realization of shocks.
With finite samples, the sign and magnitude of the covariance depends on the realization
of shocks.

Sectoral output and productivity Changes in sectoral output are, by equation (12), deter-
mined not only by changes in sectoral prices but also by changes in aggregate output and
price,

Yit = —0Py + 0P, + Y, (32)

If sector £ is small in the aggregate (s — 0), then sectoral output rises when sector price falls.
More generally, in the Appendix we derive the following expression for the change in sector
k output in response to sector k shocks taking into account changes in aggregate output and
price:

S B f+1 c—1 s = Sk Lt
Vi = [0(1 Sk)+<f77+1+<f77+1> (1 uk>>sk]Pkt+uk fm+1 53

With linear disutility of labor (f — o), this expression simplifies to
Yie = — [0 (1= s) + 10 "si] P, (34)

so sectoral output necessarily moves in the opposite direction as the sectoral price. With
finite f and if sector & is sufficiently large in the aggregate, sectoral output can potentially fall
when sectoral price falls if sectoral markup py, is very low relative to the aggregate markup
and/or if sector £ markup falls substantially when the sectoral price falls.

The asymptotic covariance between sectoral output and sectoral markups is

f—|—1+(0—1)(1—ﬁ) . []3 A}+Skﬂ 1
s ov , -
fn+i k Kty Mkt k1

Cov [}Afkt, ﬁkt} =—|o(1—sg)+ Var [fig] -

From this equation we obtain the following sufficient conditions for Cov {f/m, ﬁkt} to have

the opposite sign than Cov [ﬁkt, ﬁkt} , so that sectoral markups are pro-cyclical with respect
to sectoral output.

Proposition 5 Under the conditions of Proposition 4, Cov [ffkt, ﬁkt] > 0 if at least one of these
three conditions holds: (i) s, — 0, (ii) f — oo, (iii) 0 — 1. If all three conditions (i)-(iii) are
violated, Cov {f/m, ﬁkt} > 0 as long as sectoral markup 1., is not too low relative to aggregate
markup.
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We also calculate the covariance between firm ¢ markup and sector k& output. We consider
the case of f — co. By equations (21), (23), (24), and (34), we have

i L

(e — 1) nyil Ski’ Okt

Sk (s o)

Ny,
Zi’:l Ski’ k!

Cov [?ktaﬁkit} =(o(1—sp)+ 77_15k) [Skiaki - ] x o2, (35)

From this expression, we obtain the following Proposition:

Proposition 6 If s;;«y; is increasing in s; and f — oo, then Cov [}Afkt,ﬁkit} > 0 if and only if

Sgi > 8, and Cov [?kt, ﬂm} < 0ifandonlyifs; < 5|, wheres), is defined by the condition that
the square bracket in (35) is equal to zero.

The cutoff s, differs from the cutoff defined in Proposition 3. This is because the condition
in Proposition 3 is based on a shock to one firm only whereas the asymptotic covariance
in Proposition 6 takes into account shocks to all firms in the sector. Intuitively, firm-level
markups are positively correlated with sectoral output in response to own-shocks and nega-
tively correlated in response to competitors’ shocks. Since large firms have a disproportion-
ate impact on sectoral output, it follows that firm-level markups are pro-cyclical for large
firms and counter-cyclical for small firms.

Finally, by equations (10) and (21), changes in sectoral productivity are, up to a first order,

Ny,

> € PE Y\ o Kk ~

Lt = Z«Sm K — —> Viie — € <1 - —) Fkiskit] )
i=1 € Hki Hki

where changes in expenditure shares are given by (23).

given by

The term s;; x = corresponds to the elasticity of sectoral productivity under monopolistic
competition. The remaining terms reflect changes in efficiency due to reallocation across
firms with heterogeneous markups, as discussed in detail in (Baqaee and Farhi (2017)).

Aggregate markup and aggregate output We now discuss how sectoral markup and price
outcomes discussed above map into changes in aggregate price (i.e. the negative of the real

wage), markup, productivity, and output.

Up to a first order, changes in the aggregate price are

P=Y siPu. (36)
k
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Based on our results above, any positive firm-level shock in sector k£ reduces the correspond-
ing sectoral price and therefore reduces the aggregate price (or increases the real wage) pro-
portionately to the expenditure share of sector k. Whether the real wage rises more or less
under variable markups relative to constant markups depends, as discussed above (see equa-
tion 24) on the shocked firm’s relative size in its sector.

The change in aggregate markup can be decomposed into a reallocation term and a within-
sector markup change (analogous to the decomposition of sectoral markups in equation (27):

o~ 1PN B\ ~
Mt = Sg— [kt + ) Sk <1 - —> Skt- (37)
Using sx; = (1 — o) (ﬁkt — E), we can re-express (37) as
~ J72PN Ju! ~
= si—fm+(1—0)) sk (1 - —) Py (38)
Pl i

k

Consider an increase in demand or productivity for a firm in sector k. The first (within) term
in (38) is positive if the shocked firm is relatively large (and sets a higher markup) in sector
k. The second (between) term in (38) is positive, when o > 1, if sector k has a relatively high
markup relative to the aggregate markup.

Changes in aggregate productivity, using Z; = ji; — P;, can be expressed in terms of changes
in sectoral markups and prices as

Z:Zskiﬁkt—z% [1+(0—1) <1—£>]ﬁkt- (39)
p P

223

Recall that the sectoral price falls (P,; < 0) in response to positive firm-level shocks. Ag-
gregate productivity typically rises, but can fall if shocked firms are relatively small in their
sector (such that the sectoral markup falls) or belong to low markup sectors and o > 1.

Finally, by equation (18), changes in aggregate output are

V= (gt [f—lz _ ﬁt] , (40)

which can be written only in terms of changes in sectoral markups and prices as

Y, = (an)‘lzkjsk [— (1+f+(a— 1) <1 -~ i)) ﬁkri-iﬂkt] : (41)
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With inelastic labor supply (f — 0), }Aft = Zt. With linear disutility of labor (f — o0), the
aggregate productivity term drops, so Y; = — P, /n, or

Yi=—n"> ;P (42)
k

By equation (42), a positive firm-level shock in sector k reduces the corresponding sectoral
price and increases aggregate output. The resulting increase in aggregate output is smaller
(larger) under variable markups compared to constant markups if shocked firms are rela-
tively large (small) in their sectors.

We now calculate the covariance between aggregate output and sector £ markup. Using the
fact that sector k£ markups are affected only by shocks to sector k firms, we can express this
covariance as

Cov [ﬁ,ﬂ;t} = Cov [?kt,ﬂkt} + 0 (1 —sg)Cov {ﬁknﬂkt} ) (43)

where the covariances in the right hand side of the equality are defined above. The following
Proposition states that the covariance between aggregate output and sector & markups is
positive and lower than the covariance between sector & output and sector £ markup.

Proposition 7 Under the conditions of Proposition 5,
0 < Cov [ﬁ»ﬁkt} < Cov {?kb,akt} ; (44)
where the second inequality holds strictly if s, < 1.

The variance of aggregate output (when f — o) is

Var [ﬁ] = 77_2 ZS%VCLT [ﬁkt} . (45)
k

Based on the discussion that follows equation (26), Var {fé} is lower under variable markups
compared to constant (and heterogeneous markups) under the condition of Proposition 4.

Finally, the covariance between aggregate output and aggregate markups (when f — o) is

2

~ . —1 ~

Cov [Yt,,ut} S i(Cov [Pkt,,ukt} + l— Zsi <1 — ﬂ) VYar [Pkt} . (46)
= Pk n A 127"

The first term in (46) is positive if sectoral markups and sectoral prices comove negatively
(which we discussed above). The second term in (46) is non-negative unless larger sectors
have relatively lower markups.
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From these theoretical results, it is clear that the notion of the sign of markup cyclicality
depends on the level of aggregation, market structure within and across all industries, and
the set of shocked firms. Moreover, the sign and magnitude of covariances in finite samples
may differ from those of the asymptotic covariances we derived.

In what follows we calibrate the model to match salient features of the French firm-level data.
We evaluate quantitatively its implications for the cyclicality of markups, as well as its ability
to generate aggregate fluctuations in output and markups in response to idiosyncratic firm-
level shocks.

3 Data, Estimation and Calibration

In this section, we describe how we calibrate our model using French administrative firm-
level data. First, we introduce the data. Second, we describe how we estimate firm-level
markups. Third, we present our calibration strategy.

3.1 Data

Our empirical results rely on firm-level data containing the universe of French firms between
1994 and 2016. These information are sourced from two datasets: the FICUS data covering
the period from 1994 to 2007, and, the FARE dataset covering the period 2008 to 2016. Both
of these datasets are produced from firms’ tax statement by the Institut National de la Statis-
tique et des Etudes Economiques (INSEE), the French national statistical institute, and the
French tax administration. The FICUS-FARE dataset contains, for each firm and each year,
income statement, balance sheet, and, demographic information. To the best of our knowl-
edge, this is the first time, that the full panel covering the period 1994 to 2016 have been

used.10:1!

In our analysis, we use a subset of the variables available in the FICUS-FARE dataset. Specif-
ically, we use the total revenue of the firm, the wage bill (sum of wages and social security
payments), we compute capital from the permanent inventory method. Importantly, we
extract information on inputs expenditures. We sum the expenditure and the variation of
stock of materials and merchandises (ACHAMPR and ACHAMAR respectively), this is our

YDuring this period, an important change in the NACE and NAF classification happen in 2008. For each firm,
we construct a consistent industry code. For firms that are observed with the old and the new codes, the new
code is applied to all earlier years. For firms that are observed with only one of either, the combination of industry
codes that is observed most frequently is assigned.

"We thanks Isabelle Mejean for sharing code to help merging the FICUS and FARE datasets.
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baseline measure of variable input that we call materials, with abuse of language.The vari-
able ACHAMPR is defined as “everything that the firm purchase to be transformed”, while
ACHAMAR is defined as “everything that the firm purchase to be sold as is”. We are also us-
ing the expenditure on service input. The variables AUTACH is defined as to "corespond to
expenditure on services" as opposed to "ACHAMAR and ACHAMPR that correspond to ex-
peditures on goods". It includes, among many things, study and research, outsourcing cost,
and, external personnel cost (temporary workers). We drop firms in the Finance and Insur-
ance sector and firms with zero or negative revenue, wage bill, and capital. We deflate the
firm’s income using 2-digit sector price index provided by EU-KLEMS, capital and wage bill
are deflated using the GDP deflator. To comply with confidentiality rule, we drop all the firms
in the sector that have less than 12 firms in a given year. Sectors are classified accoring to the
Nomenclature d’Activités Francaise (NAF2008) classification which is the French version of
the NACE Rev 2 at the 4-digits level. After this treatment, we end up with 10, 928, 469 firm-year
across 504 sectors.

3.2 Markup Estimation

To estimate firm-level markups we follow the literature and assume a production function
function that is more flexible than the one we use in our theoretical model (in which labor is
the only factor of production). Specifically, we allow for intermediate inputs and adjustment
frictions for a subset of factors of production.

We estimate firm-level markup following the method proposed by Hall (1988) using the
FICUS-FARE data described above. Cost minimization by firm  in sector k with respect to
a variable input v (that is not subject to adjustment costs or to any intertemporal decision)
assuming price taking in factor markets,'? implies

v PritYeit

Hiit = Uit
‘ P]gitvkit

where P}, Vi is the expenditure on input v by firm 7 in sector &, Py;; Y% is the revenue of this
firm, and, 0}, is the output elasticity with respect to input v. Given measures of expenditures
on a variable input as a share of revenues and estimates of output elasticity with respect to
this variable input, we can compute firm-level markups.

As a baseline, we use for expenditures on variable input the sum of material and merchan-
dises expenditures (ACHAMPR and ACHAMAR), taking into account variation in stocks. Ar-
guably this input is the least subject to adjustment costs among the various input measures

2Morlacco (2019) relaxes this assumption and shows that with one more variable input, one can estimate the
markdown on inputs.
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in the data. For robustness, we consider the sum of all inputs expenditures including the
wage bill, which is similar to Cost Of Good Sold (COGS) in Compustat.'® This second mea-
sure of input expenditures is more prone to adjustment cost and frictions given that a sig-
nificant share of the COGS is due to expenditure on labor and services. Our results on the
cyclical pattern of markup presented below are robust across these variable input choices.!*
To understand this, note that since the wage bill and services expenditures are more likely to
be subject to frictions, they are fairly constant across years. Year-to-year variation in input
expenditures is dominated by year-to-year variation in material and merchandises expendi-
tures.

Given a choice of variable input, the last step is to estimate firm-level production functions
and elasticities 6},,. To do so we follow the iterative GMM procedure proposed by De Loecker
and Warzynski (2012) and De Loecker and Eeckhout (2017), who extend the methodology de-
velopped by Olley and Pakes (1996), Levinsohn and Petrin (2003) and Ackerberg et al. (2007).
We make three main assumptions regarding the production function. First, we assume that
firms have four factors of production: labor, capital, materials, and services. Second, we as-
sume that the production function is identical across firms within 2-digit sectors. This choice
is based on the availability of price deflator at the 2-digit level only. In the data appendix, we
provide additional estimation details. Finally, we assume that firms have a translog produc-
tion function. Under such parameterization, elasticities ¢;,, are heterogeneous across firms
and increasing in the level of input. We also consider and describe in the Appendix alterna-
tive choices of production function.

3.3 Calibration

In this section, we describe how we parameterize the model presented in section 1 to match
salient features of the sectoral French data in 2014. Before describing the calibration proce-
dure, we specify a process for firms’ productivity.

Firm-Level Productivity Process

We assume that firm-level demand shocks, Ay, are fixed over time so that the composite Vj;;
is driven only by productivity shocks.!® Following Carvalho and Grassi (2019), we assume

BBUnlike COGS in Compustat, this measure include all labor cost and is therefore consistent across sectors.

“In the Appendix, we report markup trends across specifications.

“While our analytic results do not take a stand on the prevalence of productivity versus demand firm-level
shocks, in the data we construct sectoral output by deflating nominal value added by industry price indices that
typically do not take into account high frequency changes in demand or quality shifter. Therefore, for consistency
we abstract from shocks to demand shifters.
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that firm-level productivity, Z;;, follows a discretized random growth process introduced
by Cérdoba (2008). Precisely, firm productivity in sector &k evolves on an evenly spaced log
grid, &, = {1, ¢k, ¢3,..., ¢ } where gy is greater than one and where S is an integer. Note
that ¢} = gpkng‘l. This process is a Markov chain where the associate matrix of transition
probabilities is equal to:

ap+bx, ¢ 0 -+ -+ 0 0
ak by ¢ -+ -+ 0 0
0 0 0 e Qg bk Cl
0 0 0 0 Qg bk—i-ck

where 1 > ay, by, c,, > 0 and a, + by, + ¢, = 1. As shown in Cérdoba (2008) and summarized
by Carvalho and Grassi (2019) such process implies that firm-level productivity conditional
growth is independant of the current level, and that, the stationary distribution is Pareto with
a tail index equal to 6 = In(Z)/ In(ey).

With this assumption in place, and with the oligopolistic structure assumed in this model,
Grassi (2018) shows that the growth rate of firms’ market share is decreasing in firm size,
even if firm-level productivity growth is not (see the discussion in Appendix A.2.Furthermore,
Carvalho and Grassi (2019) show that with this productivity process, moments of the produc-
tivity distribution (up to some power) follow a stochastic process that takes an autoregressive
form. This flexible process yields realistic firm dynamics while having tractable aggregation
properties.

The Pareto stationary distribution of productivity implied by this firm-level process guides
our calibration strategy. Given the parsimonious parametrization of the Pareto distribution,
the tail index J;, pins down the moments of the productivity distribution. We use this prop-
erty to match the Herfindahl-Hirschman Index (HHI) in sector k by calibrating the tail index
0. While dy, is the tail index of the stationary productivity distribution in sector k, the HHI is
the second moments of the market share distribution. However, as shown above, the market
share distribution is entirely determined by the firm-level productivity distribution in each
sector which justifies our calibration strategy.

Given a productivity grid, the firm-level productivity process described above has three pa-
rameters ay, by and ¢;. These parameters sum to one and thus we are only left with two pa-
rameters to calibrate. The calibration of the tail index ¢, identifies the ratio between a; and
ck. The last parameter is calibrated to match volatility of small firms market-share of 10%, a
value at the lower hand of the empirical estimate in the literature.
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Calibration Strategy

We assume Cournot competition in all sectors. We consider two values for the elasticity of
substitution across firms within sectors, ¢: 5 and 10, which are in the range of estimates in
the literature. In future work we will consider alternative strategies to assign this model pa-
rameter.

Given ¢, we calibrate the elasticity of substitution across sector, o, to match the regression

coefficient of sector-level markup growth on first differences in HHI. According to equation
(8), this coefficient is equal to g__ll . Thus, given an estimate of this coefficient and a value

of ¢, we obtain the implied 0. For our baseline specification the estimated coefficient g__ll is

equal to 0.493 (s.e 0.136) which implies a value of o = 1.68 fore = 5, and o = 1.84 fore = 10.16

We use the 2014 vintage of the data described above to compute HHI for each sectors of the
Nomenclature d’Activités Francaise (NAF2008).!” They are 523,316 across N = 504 sectors.
By definition, the HHI is the sum of the market share squared. We compute market share
as the ratio between the revenue of a firm and the sum of the revenue of all the firms in
its sector. The median HHI across sectors in 2014 is equal to 0.049, which implied that in the
median sector firms have on average 4.9% market share. The median number of firms in each
a sector is 317. The top and bottom quartile of the distribution of firm number across sector
are equal to 92 and to 1,037, the top 5% of sectors have more than 5, 485 firms. The number
of firms can be compared to "effective" number of firmes defined as the inverse of the HHI.
If in a sector all the firms have the same market share then the inverse of the HHI is equal to
the number of firms. The median number of firms is 317, while the median of the inverse of
the HHI is equal to 21. This indicates that even the median sector is quite concentrated. The
second and third quartile of the distribution of HHI across sector are equal to 1.6% and 12.9%
respectively. The top 5% of sectors have an HHI greater than 41.3%.

As described above, we calibrate the firm-level productivity process in each of the 504 sectors
to match the HHI and the volatility of small firms market share of 10%. Precisely, for sector
k and given a productivity grid ¢, we calibrate the tail index of the stationary productivity
distribution, d;, to match the measure HHI in this sector. Given this tail parameter, we are
left with one parameter that we calibrate to match the volatility of small firms market share
of 10%. Note that we fit for each of the 504 sectors, a pareto distribution that matches the
second moment of the market share distribution, the HHI. To do so, we are solving 504 non-
linear systems of N, equations without relying on any approximation. This sector-by-sector

18See the appendix for more details on the calibration of o and e.
"Classified by the Institut National de la Statistique et des Etudes Economiques (INSEE), the Nomenclature
d’Activités Francaise (NAF2008) is imbricated in the NACE 2 classification used by the European Commission.
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Table 1: Baseline Calibration

Parameters Cournot Description Target/Source
€ 50r10 substitution across firms see main text
o 1.68 or 1.84 substitution across sectors slope of Ayt /g on AHH I,
f 0.5 Frisch Elasticity of Labor Supply
n 1 relative risk aversion log utility
N 504 # of sectors NAF with >11 firms
Ny, 317 median # firms in a sector FARE 2014
{ N} 92,1037, 5485 Q1,Q3 and top 5% of # firms FARE 2014
> Ne 523 316 total # of firms FARE 2014
HHIy 4.86 median Herfindahl (pp) FARE 2014
{HHI}} 1.6,12.9,41.3 Q1,Q3 and top 5% of Herfindahl (pp) FARE 2014
1/HHI 20.57 median of inverse of Herfindahl FARE 2014
Ak, Ck 0.42,0.37 or 0.31,0.27 median Firm-level pdty process Vol. 10% and H H I},
Ay 0.092 or 0.078 median HH preference shifts (pp) Income share

strategy is a contribution to the existing standard in the literature on macroeconomics model
of oligopolstic competition.

The final step of our calibration strategy is to calibrate the constant sector-level demand
shifter, A;. To do so we use the first-order-condition of the household to match the income
share across the 504 sectors. We set the relative risk aversion to one (log utility) and the Frisch
labor supply elasticity to 0.5 that are standard values in the business cycle literature. Table 1
summarizes our baseline calibration, the associated values (or median across sectors), and
the targets.

The calibrated model is used as a data generating process to simulate aggregate-level time
series, sector-level and firm-level panels. These simulated data are used in our quantitative
results described below. We use the simulated sector-level and firm-level panels to run sim-
ilar regressions that we run on actual data. We also compute business cycle statistics using
the simulated aggregate time-series that we compare to their counterpart in the data.
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4 Model meets Data

4.1 Inspecting the Mechanism
4.1.1 Markups, Market Shares and Concentration: Firm and Sector-level Evidence

Hardwired into our model are two key relations between markups and measures of con-
centration. At the firm-level, and following the discussion in Section 1.2, markups increase
with a firm’s market share. In turn, this immediately gives rise to a notion of markup pro-
cyclicality at the micro-level: a firm’s markup increases whenever its market share increases.
At the sector-level, as discussed in Section 1.3, equilibrium aggregation of firm-level out-
comes yields that sectoral markups increase in the Herfindahl-Hirschman Index (HHI) of
that sector. By the same token, this yields a simple notion of markup cyclicality at the sector
level: a sector’s markup increases whenever its level of concentration increases. In this sec-
tion, we evaluate whether these two relations, at the firm and sector levels, hold empirically
in the data.

Starting at the micro-level, note that taking the inverse of equation (5) for Cournot yields a
simple relation between the firm’s market share and its markup:
-1 _ e—1 £ 1

Hri = P UE Skit 47)

where u;ﬁ is the inverse of the (gross) markup of firm 7 in sector k£ at time ¢ and s;; gives its
market share. In turn, this suggests the following simple empirical specification:

:“/;zi =i + g + BSpit + €k

where f is the coefficient of interest, predicted by the model to be negative. To guard against
the possibility that our results are driven by unobserved heterogeneity in firm-level markup,
we further control for v;, a firm fixed-effect, and «;, a year fixed effect controlling for unob-
served shifters of markup, common across all firms.

We start by inspecting these firm-level relations in the French census data. Recall from our
discussion in the previous section that we have estimated firm-level markups for the pop-
ulation of French firms over the period 1994-2016. This yields the empirical counterpart of
uri: above. Firm-level market shares are immediate to calculate in data by dividing firm-level
turnover by the corresponding 5-digit NAF sector turnover. This yields time series for s;; for
each firm in data.
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Table 2: Firm Inverse Markup and Market Share: Level

Dependent Variable: y;

1) 2) 3) 4)

Skit -4.853 -4.852 -.663 -.589
(.273) (.273) (.103) (.101)
Year FE N Y N Y
Firm FE N N Y Y
Number of Firms 1284 905 1284 905 1154181 1154181
Observations 10928469 10928469 10727745 10727745

NOTE: H;;-i is the inverse of firm 7 sector k gross markup in year ¢, sx;: gives the market share of firm 7 in sector &.
Column (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data. Standard errors (in parenthesis)
are clustered at firm level. Markups are winsorized at the 2% level.

Table 2 summarizes the results. Columns (1) and (2) evaluate the firm-level relation between
inverse markup and market share in the data. Pooling all firm-level data (across sectors and
years) for a total of over 10 million observations of markups and market shares gives a neg-
ative and statistically significant coefficient, validating the prediction of the model. Further,
including year fixed effects does not alter this relation.

In columns (3) and (4), by additionally imposing firm-fixed effects (or firm and year fixed
effects), we allow for unobserved heterogeneity across firm markups. In agreement with the
model, we again find a negative and significant coefficient albeit the point estimate is now
smaller, indicating the importance of controlling for unobserved heterogeneity in the data.

Turning to our sector-level predictions, by the same logic as above, note that taking the in-

verse of equation (8) yields:
4, e—1 £-1

[ed

HHIy
& &

where 1, is sector k’s markup at time ¢, and H H I is the Herfindahl-Hirschman Index. Fol-
lowing the same strategy, we test this relationship in data with the following empirical speci-
fication:

i = W+ + BHH Iy + e (48)

where v, is now a sector fixed-effect controlling for unobserved sector-specific heterogene-
ity, a4 a time fixed-effect, and the coefficient of interest is again /3, predicted to be negative by
the model. Notice that we can again readily construct the dependent and independent vari-
ables in this regression by aggregating from the firm-level French census data. In particular,
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Table 3: Sector Inverse Markup and Sector Herfindahl: Level

Dependent Variable: u,;tl
(1) (2) 3) (4)

HHIy -7267 -.7281 -.4335 -.4436
(.2310) (.2315) (.1102) (.1094)

Year FE N Y N Y
Sector FE N N Y Y
Number of Sectors 504 504 504 504
Observations 11592 11592 11592 11592

NOTE: e is sector k gross markup in year ¢, H H I,; gives Herfindahl-Hirschman index of concentration k. Col-
umn (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data, aggregated to sector level. Standard
errors (in parenthesis) are clustered at sector level.

we aggregate firm-level markups to their sector-level counterparts by taking an harmonic
weighted average of firm-level markups - as instructed by the model equation (7) - within
narrowly defined 5-digit NAF sectors, for a total of 504 sectors. Taking the sum of squared
firm-level market shares readily produces series for sectoral HHI indexes (at the same level

of disaggregation). Table 3 summarizes the results.

As before, columns (1) and (2) of Table 3 show, respectively, the results of a pooled regression
across all sectors and years and pooled regression across sector but controlling for time fixed
effects. In agreement with model predictions, both indicate a negative and significant rela-
tion between the level of concentration and the inverse of markups in a sector. Column (3)
further controls for unobservable heterogeneity by controlling for sector-fixed effects while
Column (4) includes sector and time fixed effects. The implied estimates again assert a neg-
ative, stable and statistically significant relation between concentration and inverse sectoral

markups.

Taken together this set of estimates confirms the basic qualitative predictions of our model in
the French data, both at the firm and sector level. Note, however, that our model additionally
imposes cross-equation restrictions. To see this, compare the two expressions above and
note that, according to the model, the slope coefficients of these two relations - i.e. the slope
of the inverse of firm markup on market share and the slope of the inverser sector markup
on HHI - should coincide. We can formally test for the equality of two slope coefficients in
the data by forming a simple Z-score. We focus on the specifications controlling for cross-
sectional and time fixed effects (i.e. the estimate in Table 2, Column 4 versus that in Table 3,
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Column 4) and find that, despite the differences in the point estimates, we cannot reject the
null that the two coefficients are the same (Z-score of 1.20).

Finally, as an additional robustness check, in Appendix B.4 we report the results of an al-
ternative first-difference (rather than level) specification, where we investigate the cross-
sectional and within-firm relations between firm-level (respectively, sector) markups and
market shares (resp., Herfindahls indexes), for which our model carries the same predictions.
Overall, the qualitative results of this alternative econometric specification again confirm the
conclusions set out above.

4.2 Reduced Form Varieties of Markup Cyclicality

Our theoretical framework yields a simple relation between markups and competition: the
level of a firm’s markup is determined by its market share within a sector. Further, as shown
above, general equilibrium aggregation of this relation yields a relation between a sector’s
markup and its level of concentration, both across sectors and dynamically, over the business
cycle. As we've seen, the data broadly support all these relations.

In contrast, there is a large applied literature investigating different definitions of "markup
cyclicality". This literature yields a variety of results, with some contributions arguing for
pro-cyclicality while others conclude in favor of counter-cyclicality.

In this section, we argue that these conflicting empirical results can be largely ascribed to
the alternative reduced-form exercises pursued and, in particular, to the reduced-form def-
initions of markup cyclicality being deployed in the literature. Importantly, as we will show,
our model with firm-level shocks only can go a long away in accounting for these seemingly
conflicting reduced-form relations in data.

To do this, we start by exploring a notion of firm-level markup cyclicality recently proposed
in the literature Hong (2017). In particular we ask whether firm markups covary systemat-
ically with respect to sector-level output. We find that this reduced form relation is weakly
counter-cyclical in the data. We then proceed to evaluate notions of sector-level markup
cyclicality. Following Nekarda and Ramey (2013), we ask whether sector markups comove
with sector output over the business cycle. Like Nekarda and Ramey (2013), we find evidence
for a positive systematic comovement between the two measures, or 'pro-cyclicality’. Finally,
we follow the recent contribution of Bils et al. (2018) who investigate yet another notion of
cyclicality: do sector level markups comove systematically with aggregate output (i.e. GDP)?
Like the authors we find no strong evidence for pro-cyclicality according to this definition. In
the French data this correlation is positive but statistically insignificantly different from zero.
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By reproducing these distinct reduced-form investigations in our data, we thus arrive at the
same apparently conflicting conclusions as the literature: for the same data, and using the
same consistent measure of markups throughout, we can conclude that markups are coun-
tercyclical, procyclical or acyclical, depending on the notion of cyclicality we espouse. Im-
portantly, we show that our model can reconcile these apparently contradictory results.

4.2.1 Firm-Level Evidence

We start by analyzing a firm-level notion of reduced-form markup cyclicality and ask
whether, in the data, firm markups covary with the respective sector-level output.

Before going to the data, it is useful to first recall that our setting is a granular one, in which
extensive within sector-heterogeneity in the firm size distribution renders possible that large
firm dynamics lead the sector business cycle. In particular, in our setting with idiosyncratic
firm-level shocks only, sector output fluctuations are necessarily led by shocks to very large
firms. To make matters concrete consider a positive idiosyncratic (demand or technology)
shock hitting a large market share firm. Given the granular nature of the economy, the cor-
responding sector output will increase. Following our analysis in Sections 3 and 5.1 above,
we additionally know that - within the model - this large firm will increase its market share
and its markup. This implies that large firm markups should comove positively with sector
output.

By the same token, and following our discussion in Proposition 6, the average (small) firm
in a given sector is losing market share to the very largest firms: if sector output expansions
are led by large firms, the latter will be increasing their market share while the average firm,
by virtue of our independent shock assumption, loses competitiveness - as evaluated by its
market share within the secotr. Again, due to the markup-market share relation in our set-
ting, this implies that the average firm-markup is expected to comove negatively with sector
output, as summarized by Proposition 6.

To evaluate this prediction we implement the following reduced-form regression, both in the
data and in our model-simulated data:

In(prit) = o + oy + B1Sgie + 52%@ + ﬁs?k,t * Spit + €t (49)

where, consistently with our notation throughout p;; is firm ¢ sector k£ gross markup in year
t, siir gives the market share of firm ¢ in sector &, year ¢ and }Aﬁm is the deviation of sector
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Table 4: Firm Markup and Sector Output

Coefficient Estimate Cournot (¢ = 5,0 = 1.68) Cournot (¢ = 10,0 = 1.84)
(data) (model) (model)
Vit -0.068 -.0387 -.00532
(.0415) (.00457) (.00232)
Yt * Skit 0.192 0.173 0.0510
(.045) (.020) (.022)
Firm Controls Y Y Y
Firm FE Y Y Y
Year FE Y Y Y
Number of Firms 1,267,705 523 316 572 747

NOTE: fuk; is firm ¢ sector k gross markup in year ¢, si;; gives the market share of firm i in sector k, year ¢ and
Y%+ is the deviation of sector & (log) real value added in year ¢ from its HP trend. Column (1) reports empirical
estimates for the FICUS-FARE (1994-2016) data. Column (2) and (3) report estimates based on model simulated
data. We control for the time-varying firm market share, sz, in all regressions. Standard errors clustered at firm
level; Observations winsorized at 1%.

k (log) real value added in year ¢ from its HP trend.!'®. Finally, «; is a firm fixed effect, con-
trolling for time-invariant firm-level unobservables determining the average level of a firm’s
markup while «; is a year fixed effect. In this specification, 52 captures the average corre-
lation between firm markups and their respective sector output while coefficient 33, in the
interaction term, captures heterogeneity in this relation as a function of a firm’'s market share.

Before proceeding, note that Hong (2017) runs a version of this regression, where (i) Y is
aggregate (rather than sector) value added; (ii) markups are estimated following a similar
strategy to that used in our paper and (iii) data correspond to firms in manufacturing sec-
tors for four large European countries from the well known BVD-Amadeus database. For this
data, Hong finds a negative 3, estimate, concluding that (i) in the data 'markups are coun-
tercyclical’ and (ii) that there is 'substantial heterogeneity in markup cyclicality across firms,
with small firms having significantly more countercyclical markups than large firms.’

The second column in Table 4 summarizes the estimates obtained when implementing the
above reduced-form regression on our French census data. We see that, for the average firm,
markups are weakly 'countercyclical’ with respect to own sector output. Further, we addi-
tionally confirm that there is substantial heterogeneity in this relation. In particular, the esti-
mates on the interaction term imply that large firms - roughly with market shares above 0.35

- are procyclical with respect to the dynamics of sectoral output.'®

18To obtain sector real value added, we sum firm-level nominal value added to the NAF 5 digit level and deflate
using EUKLEMS sectoral price deflators
We also arrive to similar results when we do not include the market share as a separate control.
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The third column in Table 4 implements the same reduced form regressions on model simu-
lated data. Specifically, given our model calibration, we simulate 100 period histories for 514
207 firms distributed across 504 sectors.?’ We then record the simulated data of firms’ out-
put, market share and equilibrium sectoral output. Finally, we implement the same reduced
form regression on this simulated dataset.

Overall, the model is able to qualitatively reproduce the patterns observed in the data. Con-
sistent with Proposition 6, markups for the average firm are weakly countercyclical with re-
spect to own sector output. Additionally, the model predicts that - as in the data - large firms’
markups are procyclical with respect to own sectoral output.

4.2.2 Sector Level Evidence

We now explore sector-level, reduced-form, notions of markup cyclicality. In particular, we
first follow Nekarda and Ramey (2013) and ask whether sector markups covary with own-
sector output?

It is useful to first recall what the bottom-up mechanics of our environment imply for such
correlation. In our setting firms are granular which implies that large firm dynamics drive
the business cycle at the sector level. At the firm-level, a positive idiosyncratic demand or
technology shock to, say, the sector’s largest firm implies that the firm’s output and markup
both increase (along with its market share). By virtue of granularity, this shock will not "av-
erage out" at the sector-level, implying that the corresponding sector’s output and markup
also increase. This in turn implies that, as encoded in Propositions 3 and 5, we should expect
a positive covariance between sector markup and sector output.

To test this intuition in the data, we implement the following sector panel regression:

fe = o + o + B?k,t + €kt (50)

where Jiy; (Vi) denotes sector k’s log change in markup (output) between ¢ — 1 and ¢. Sector-
level markups are aggregated from firm-level estimates, according to an harmonic weighted
average as instructed by the model. We measure output in the data by real value added.
Finally, we control for possible sector level and year level unobservable correlates by allowing
for oy, and ay, respectively sector and year fixed effects.

Note that Nekarda and Ramey (2013) run exactly this regression on U.S. sectoral data by
sourcing data from the NBER CES manufacturing database and estimating markups based

*0The next draft will include longer simulations from which we can then study the small sample behavior of the
model as we currently do below in Sections 4.2.3 and 4.3.
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Table 5: Sector Markup and Sector Output

Coefficient Estimate Cournot (¢ = 5,0 = 1.68) Cournot (¢ = 10,0 = 1.84)
(data) (model) (model)

AYy .102 .136 0.078
(.028) [.126;.149 ] [-.089 ; .251]

Sector FE Y Y Y

Year FE Y Y Y

Number of Sectors 504 504 504

NOTE: Regression of sector-level markup growth (fix:) on sector real value added growth (?kt). Column (1) re-
ports empirical estimates for the FICUS-FARE (1994-2016) data and standard errors (in parenthesis) are clustered
at the sector level. Columns (2) and (3) report estimates based on model simulated data. Point estimates for
these columns give the median coefficient obtained from running the reduced form regression over 5000 inde-
pendent simulated samples, each of the same length (22 years) as the French data. Terms in square brackets give,
respectively, the 0.025 and 0.975 quantiles of coefficient estimates from simulated data.

on the dynamics of the labor share (at the sector level) and generalizations thereof. They
find that 3 is robustly positive and significant and therefore that "markups are generally pro-
cyclical (...) hitting troughs during recessions and reaching peaks in the middle of expan-
sions." Table 5 reports the coefficient estimates obtained with our data. Despite the differ-
ences regarding the country of analysis, sample period and the methods deployed to estimate
markups, we confirm the qualitative findings of Nekarda and Ramey (2013): sector markups
comove positively and significantly with sector output.

The final columns in Table 5 additionally report the coefficient obtained by performing the
same reduced form regression on our model simulated data. In particular, this coefficient
is obtained by simulating 5000 independent samples, each of the same length (22 years) as
the French data. We do this for two parametrizations of the model, correponding to ¢ = 5
and ¢ = 10). For each simulated sample, we implement the sector-level regression above and
store the implied estimate. Table 5 reports the resulting median coefficient. Figure 1 gives
the full histogram of estimated coefficients for the 5000 simulated samples. As in the data,
the model implies a positive correlation between sector markups and sector output.

The recent work by Bils et al. (2018) explores yet another reduced-form notion of markup
cyclicality: do sector-level markups comove systematically with aggregate GDP fluctuations?
Note that, unlike Nekarda and Ramey (2013), markup cyclicality is evaluated with respect to
its comovement with aggregate GDP rather than sector-level output.

To understand this form of comovement in the context of our mode], it is useful, to first note
that sector markups only react to within-sector firm shocks. Thus, as summarized in Propo-
sition 7, positive comovement of a sector’s markup with aggregate GDP is to be expected if,
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Figure 1: Histogram of Sector Markup on Sector Output Slopes in Model Simulations

NoTE: Kernel density of estimated regression coefficient on model simulated data from equation (50) based on
5000 repetitions of independent samples. Panel A on the left gives the histogram for model simulations withe = 5
and o = 1.84. Panel B on the right shows the same histogram for a ¢ = 10 and o = 1.68 parameterization. The
median regression coefficient in Panel A (respectively, Panel B) is 0.136 (resp 0.075).

in a given cyclical episode, the fluctuation in aggregate economic activity is due to large firm
dynamics in the same sector. However, whenever a sector comoves negatively with aggre-
gate output, negative correlation of that sector’s markup with aggregate output will obtain.
More generally, with idiosyncratic shocks and no input-output linkages, if aggregate output
dynamics movement reflects shocks hitting other sectors in the economy we should expect
a weak correlation between the average sector’s markup and aggregate GDP fluctuations.

To explore this intuition, we follow Bils et al. (2018) and implement the following regression:

fiee = o, + BY: + €nt (51)
where i, is the deviation of sector k’s markup in year ¢ from its HP trend, fft gives the HP-
trend deviation of (log) aggregate real value added in year ¢ and «, is a sector fixed effect.

Bils et al. (2018) implement this specification based on US KLEMS industries from 1987-2012.
They conclude that, for this data, "the price markup is estimated to be highly countercycli-
cal" with the possible exception of service industries for which they find evidence favoring
procyclicality.

Table 6 summarizes the estimates obtained from our French census data. Unlike, Bils et al.
(2018) we do not find a statistical significant relation between sectoral markups and aggre-
gate GDP. Rather, for the average French sector, the data suggests that this relation is acycli-
cal.

36



Table 6: Sector Markup and Aggregate Output

Coefficient Estimate Cournot (¢ = 5,0 = 1.68) Cournot (¢ = 10,0 = 1.84)
(data) (model) (model)
Y, 191 208 072
(.161) [-.061,.497 ] [-.317;1.653 ]
Sector FE Y Y Y
Number of Sectors 504 504 504

NOTE: Regression of sector k’s markup in year ¢ in deviation from its HP trend /iy on 17,5, the HP-trend deviation of
(log) aggregate real value added in year ¢. Column (1) reports empirical estimates for the FICUS-FARE (1994-2016)
data. Standard errors (in parenthesis) are clustered at the sector level. Columns (2) and (3) reports estimates based
on model simulated data. Point estimates for these columns give the median coefficient obtained from running
the reduced form regression over 5000 independent simulated samples, each of the same length (22 years) as the
French data. Terms in square brackets give, respectively, the 0.025 and 0.975 quantiles of coefficient estimates
from simulated data.

The final columns in Table 6 repeat the exercise but this time based on model-simulated
data, again under two distinct parametrizations for the parameter governing elasticities of
subsitution across varieties. As in our previous exercise, the numbers on Table 6 give the
median estimate of the slope of simulated sectoral markups on equilibrium aggregate GDP
across 5000 independent samples of 22 years. Figure 2 below gives the full histogram of the
implied slope coefficients for each simulated sample.

Our model implies a positive median slope between the average sector markup and aggre-
gate GDP. However, as in the data, the histogram points to considerable uncertainty over the
magnitude and sign of this slope parameter. This is consistent with the intuition above: over
small samples we may expect either positive or negative correlation to arise depending on
whether the sectors driving within-sample aggregate dynamics have, respectively, higher or
lower levels of sectoral markups with respect to the aggregate. However, over long enough
samples (or many independent small samples as we have here) we expect the markup of the
average sector to be uncorrelated with aggregate GDP. Thus, both the model and the data im-
ply that markups are acyclical when evaluated through this particular reduced form statistic.

4.3 Granular Markup Cyclicality

In this final section we turn our attention to aggregate markup fluctuations. Recall that, in
our environment there are no aggregate shocks and all markup movements - at the firm,
sector and aggregate levels - have their origins in idiosyncratic firm-level shocks and general
equilibrium adjustments both within and across sectors.
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Figure 2: Histogram of Sector Markup on Aggregate Output Slopes in Model Simulations

NoOTE: Kernel density of estimated regression coefficient on model simulated data from equation (51). 5000 rep-
etitions of independent samples. Panel A on the left gives the histogram for model simulations with e = 5 and
o = 1.84. Panel B on the right shows the same histogram a for ¢ = 10 and o = 1.68 parameterization. The median

regression coefficient in Panel A (respectively, Panel B) is 0.208 (resp 0.072).

Thus, in our setting, any aggregate fluctuation needs to have a granular origin in the dynam-
ics of large firms (see Gabaix (2011) and Carvalho and Grassi (2019)) so that idiosyncratic
shocks do not average out. However, while relying on these very large firms - which arguably
hold significant market power - the extant literature (see Grassi (2018) for an exception) has
simultaneously maintained that these firms are price takers and do not internalize the ef-
fects of their decisions on sector and economy-wide aggregates. The quantitative exercise
below thus extends previous insights by allowing for the strategic behaviour of large firms
and asking whether aggregate markup fluctuations can have granular origins.

Note also that, in a granular world, allowing for oligopolistic competition is expected to
weaken the aggregate output response to given firm-level shocks. To see this note that, if fol-
lowing a positive productivity shock to a large firm, the latter raises markups, its equilibrium
output response (taking other aggregates as given) will necessarily be smaller than if pass-
through was complete. This, in turn, raises the possibility that a granular setup with variable
markups - as we have here - may yield quantitatively weak aggregate output responses rela-
tive to a constant markups (or perfect competition) case, as discussed in Section 2, equation
(42). Therefore, a second question of interest is whether sizeable aggregate effects (as doc-
umented in Carvalho and Grassi (2019)) survive in this more general oligopolistic environ-

ment.

Finally, we are interested in understanding markup cyclicality in the agggregate. Recalling
Proposition (7) in Section 2, our setting implies a positive comovement between aggregate
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(1) (2) 3)
Data Cournot (e = 5,0 = 1.68) Cournot (¢ = 10,0 = 1.84)

or  oz/oy p(z,Y) ‘ oy og/oy p(z,Y) ‘ oy og/oy p(z,Y)
Y: | 1.71 1 1 0.57 1 1 0.72 1 1
we | 096 0.57 0.13 | 019 0.34 0.68 0.14 0.20 0.55

Table 7: Aggregate Markup and Aggregate Output
NoOTE: The table reports standard deviations, o, relative standard deviations, o, /oy, and time series correlations,
p(z,Y), for aggregate output Y; and aggregate markup u¢, both in deviations from their HP trend. Column (1)
reports empirical estimates for the FICUS-FARE (1994-2016) data. Column (2) and (3) report estimates based on
model simulated data.

output and aggregate markups unless a particular expansionary episode is driven by suffi-
ciently low sectoral markup sector, in which case negative comovement may obtain. This in
turn implies that, while over sufficiently long samples we should observe positive comove-
ment, in any given short sample, comovement may be absent or negative depending on sec-
tors driving the dynamics over the short sample dynamics.

To assess this we again rely on our model calibration and the simulated histories of roughly
five hundred thousand firms distributed across 504 sectors (which we've used in the previous
section). After recording the simulated data for firms’ markups outputs and market shares,
we construct aggregate markup series, y, by taking a weighted harmomic mean of firm-level
markups and aggregate GDDP, Y;, as the sum of firm level value-added. We then implement the
exact same procedure in the FICUS-FARE census data and its firm-level markup estimates
and HP-detrend all series. Table 7 compares the data- and model-based estimates we obtain
for aggregate output and markup fluctuations.

A first conclusion from Table 7 is that, qualitatively, the moments calculated from the ag-
gregated firm-level data and from our simulated firm-level panel agree: the volatility of ag-
gregate output is larger than the volatility of aggregate markups and aggregate markups are
procyclical with respect to aggregate output.

Second, quantitatively, in our calibrated model with variable markups, the volatility of ag-
gregate output is between 33% and 42% that observed in the data. Thus, the above men-
tioned concerns regarding variable markups potentially undoing sizeable aggregate volatility
in quantitative granular models seems to be second order.

Third, the volatility of the aggregate markup relative to the volatility of output is 57% in the
data and 34% (or 20%) in our calibrated model. Thus, while the level of markup volatility
implied by our model is low (accounting for about 15% to 20% of the volatility level in data),
the model is able to account for one third to one half of the volatility of markups with respect
to output.
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Figure 3: Histogram of p(u, ;) in Model Simulated Data

NoOTE: Kernel density of p(u¢, Y:), the correlation coefficient between aggregate markups and aggregate output
on model simulated data based on 5000 repetitions of independent 22 periods samples. Panel A on the left gives
the histogram for model simulations with ¢ = 5 and o = 1.84. Panel B on the right shows the same histogram for
ae = 10 and o = 1.68 parameterization of the model.

Finally, both the data and the model agree that the aggregate markup is procyclical with re-
spect to aggregate output. Our model predicts much higher aggregate procyclicality than
that observed in data: the correlation between the aggregate markup and aggregate output
is 13% in the data and between 55% and 68% in the model.

However, as discussed above, our model also predicts variation in this correlation coefficient
across small samples, depending on which sectors are driving aggregate dynamics and their
relative levels of sectoral markups. To see this variation at play, Figure 3 plots the histogram
of the correlation coefficient p(u, Y;) from 5000 independent simulated samples, each of the
same length (22 years) as the French data. As is clear from the histogram, there is a substan-
tial amount of variation in model-implied aggregate markup cyclicality over small samples.
Indeed, we find a non-negligible number of samples where model simulations display only
weak procyclicality (as in the data) or even countercyclicality. To understand this, note that
over small samples aggregate output dynamics may be driven by positive shocks to large
firms in large sectors that nevertheless have relatively lower markups. If this is the case, as
shown by equation (46) in Section 2, then the positive covariance of aggregate output and

aggregate markups weakens and may turn negative.

Further, note that if we were to superimpose aggregate TFP shocks in the model, the implied
correlation between aggregate output and aggregate markups would further decline. This is
a direct implication of the fact that firm-level markups do not respond to proportional shifts
in productivity affecting all firms, as discussed in Section 1.2. Therefore the correlation be-
tween aggregate markup and aggregate output would decline, as aggregate markups would
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remain unchanged but aggregate output volatility would now reflect this additional (com-
mon) stochastic shifter in productivity.

5 Conclusion

[TBA]
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A Analytic results

A.1 Global between / within decomposition of changes in sectoral markups

The change in the inverse of the sectoral markup between two time periods is, by equation

(0,

1 —i=§<ﬁ—s’“”> (52)
Fkt Pkt 7 \Hkitt Mkt

This change in sectoral markups can be decomposed into a within term (i.e. changes in firm-
level markups evaluated at firms’ expenditure share averaged over both time periods) and a
between term (i.e. changes in expenditure shares evaluated at firm-level markups averaged
over both time periods) as follows:

N,
1 1 1 1 1 1 1
- = Z 5 |:(Skit/ + Skit) < > + < + ) (Skitr — Skit)] (53)
A

Hkit Hit Hkit Hkit

Note that if markups are equal across firms (as is the case with o = ¢), then all terms in (53)
are equal to zero.

It is straightforward to show that, by equation (5) under Cournot competition, the within and
the between terms in (53) are equal to

RS 1 1
2 Z (Skivr — Skit) (Skiv + Skit) (E T _>

9
i=1

Therefore, under Cournot competition the contribution in changes in sectoral markups of
the between and the within terms is 50% each, irrespective of the values of ¢ and ¢ (as long
as o # ¢). If o is close to ¢, then firm-level markups are less responsive to shocks (reducing
the within term), but firm-level markups are also less heterogeneous across firms (reducing
the between term).

A.2 Firm-level expenditure shares

We now return to changes in expenditure shares introduced in equation (23). Combining
(23) and (24),
S iy Sk ke Ve

Ny,
Zilzl Ski Oy

kit = i | Viit — (54)
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The response of firm i’s expenditure share to a firm ¢ shock is

SkiOlks

_— ‘/}k . (55)
S0k Sk ok !

Skit = Qg [1 -

Finally, we can express the variance of expenditure shares as

2 2
A O N N 2
~ iOv 2 : § :
VCLT [Skit] = —Nk Ski' Qi + (ski/aki,) . (56)
> irkq Sk Qi i i i

A.3 Additional derivations for equations (33)

In response to sector k£ shocks only, the change in aggregate output is (by equation 41)

e (14 )t [— <f 1t (o—1) (1 - ﬁ)) Pt Mﬁi‘ﬁk] 7)

M

and the change in aggregate price is P, = s;,Py. Substituting these expressions into equation
(32), we obtain equation (33).

A.4 Decreasing returns to scale

The production function is now given by

Yiit = Zrat Ly (58)
where 5 < 1. Marginal cost is
MChip = B7 Wy (Vi) P (Zyir) 1P . (59)
or using Yt = Skit Pt Yits
MChir = B Wild T (Pt Yirsi) "™ (Ziir) (60)

The firm-level markup, 11, is defined as the ratio of price to marginal cost, and is related to
expenditure shares by equation (5) which does not depend on g.

Labor payments of firm i in sector k are
LiitWy = Buigy Prit Vet
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and profits (revenues minus labor payments) are

e = (1= Brgy) PritVeir-

We define the sectoral markup as the ratio of sectoral revenues to labor payments,

Ppot Yt
= 61
Mt Wtht ) ( )
which can be expressed as a function of firm-level markups and expenditure shares,
Ny,
Mgt =B gyt (62)
i=1

The 50-50 between/within decomposition of changes in sectoral markups under Cournot
competition derived in Appendix 1 holds irrespectively of the value of 3.

The expenditure share of firm i in sector k, using Py;; = pgit M Ct, satisfies

1—e
1_
Vit (Mgitskit6>

- PR (63)
>ty Veine (:“ki'tskz'/t )

Skit =

Equilibrium firm-level expenditure shares and markups are the solution to equations (5) and
(63).

Log-linearizing this equation, and using fix;; = I'x;Ski, we obtain the analog to equations (20)

and (21):
Ny,

Skit = Veit + (1 — ) ApiSkit — Z Skir (‘Aﬁm"t +(1—e¢) Aki’gki’t> ; (64)
=1

where Ay; = fT'y; + 1 — 5. Note that I'y; < Ag; ifand only if I'y; < 1.

We can follow similar steps to obtain expressions for changes in sectoral markups and prices
to firm-level shocks, as well as the implied variances and covariances.

B Empirics
B.1 Data

Data description

47



B.2 Aggregate Markup

Panel A: Average Markup (Simple Sales Weighted Average)
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Figure 4: Trend in Average and Aggregate Markup in France

NoOTE: Panel A reports sales-weighted simple average of firm level markup. Panel B reports sales-weighted har-
monic average of firm level markups. The panels on the rights report average markup substract by their mean
over the time periods for various measure firm-level markup. The black line is the average of our baseline markup
measure. The blue dashed line reports the average of firm-level markup based on the sum of labor and materi-
als as a variable input. The red dotted line reports the average of firm-level markup based on the sum of labor,

materials and service as a variable input.

B.3 Markups, Market Shares and Concentration: Robustness

This appendix derives additional cross-sectional and within-firm predictions for the empiri-
cal relation between (a) firm markup and firm market share and (b) sector markup and sector

concentration.
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Proceeding in parallel to the results in the main text, taking first difference of equation (47)

yields
e—1 £-1

__ o

A:“];ii = Asgit

9 9

where Ap,;i and Asy;; are the first difference across time of the inverse firm-level markup
and market share respectively. Testing this relationship empirically yields the results in Table
8 that shows a negative and significant coefficient even after controlling for time and firm-
fixed effect.

Furthermore, note that a first-order log approximation of equation (5), yields a simple log-
linear relation between the level of firm’s market share, s;;; at time ¢ and the level of its

markup, fit -
€ +§—1
e—1 -1

In iz = In Skit

Thus, the positive relation is predicted to hold in the cross-section - so that larger firms, as
evaluated by their within-sector market share, should be associated with higher markups. In
turn, this suggests the following simple empirical specification:

In pigir = o+ v + o + BSpir + €t

where « is a constant, j is the coefficient of interest, ~; is a firm fixed effect controlling for
other unobservable factors affecting the level of firm markups and «; is a year fixed effect
controlling for unobserved shifters of markup levels across all firms. As discussed in the
main text, the French Census data allows us to implement this regression empirically. Table
8 summarizes the results. Similarly, one could write the same specification in growth rate.

Columns (1) and (2) of Table 9 evaluate the cross-sectional firm-level relation between
markups and market share in the data. Pooling all firm-level data (across sectors and years)
for a total of roughly 10 million observations of firm markups and market shares gives a
positive and statistically significant coefficient, validating the prediction of the model in the
cross-section. Further, including year fixed effects does not alter this relation. Columns (3)
and (4), by additionally imposing firm-fixed effects, test for the within-firm relation between
markups and market shares. In the data, increases in a firms’ market share are positively as-
sociated with increases in that firms’ markup, although the statistical relation is weaker when
we additionally control for time-fixed effects. The same conclusion holds in term of growth
rate as shown in Table 10.

Turning to our sector-level predictions, we follow the same methodology as at the firm-level
by taking first difference of equation 48 which yields

A,Ulztl =Y + oy + BAHH Iy + €.
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Table 8: Firm Inverse Markup and Market Share: First Difference

Dependent Variable: Ay, |

(1) (2) (3) 4)
ASpit -.511 -.508 -.157 -.129
(.156) (.156) (.140) (.140)
Year FE N Y N Y
Firm FE N N Y Y
Number of Firms 1135547 1135547 976612 976 612
Observations 9328004 9328004 9169029 9169029

NOTE: Ay} is the first difference of the inverse of firm i sector k gross markup in year ¢, As;; gives the first
difference of market share of firm 7 in sector k. Column (1-4) reports empirical estimates for the FICUS-FARE
(1994-2016) data. Standard errors (in parenthesis) are clustered at firm level. Markup are winsorized at the 2%
level.

Table 9: Firm Markup and Market Share
Dependent Variable: In px;;

(1) (2) (3) 4)
Skit 3.297 3.295 194 .100
(.155) (.155) (.068) (.066)
Year FE N Y N Y
Firm FE N N Y Y
Number of Firms 1284 905 1284 905 1284905 1284905
Observations 10928469 10928469 10928469 10928469

NOTE: pix: is firm ¢ sector k gross markup in year ¢, si: gives the market share of firm 7 in sector k. Column (1-4)
reports empirical estimates for the FICUS-FARE (1994-2016) data. Standard errors (in parenthesis) are clustered
at firm level. Observations are winsorized at the 1% level.
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Table 10: Firm Markup and Market Share: Growth Rate

Dependent Variable: jij;;

)] 2) 3) 4)

Skit .107 .108 .0586 .0602
(.00313) (.00316)  (.00311)  (.00315)

Year FE N Y N Y
Firm FE N N Y Y

Observations 9047770 9047770 8889226 8889226

NOTE: [k is firm ¢ sector k growth rate of markup in year ¢, 5x;; gives the growth rate of market share of firm ¢
in sector k in year ¢. Column (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data. Standard

errors (in parenthesis) are clustered at firm level. Observations are winsorized at the 2% level.

Table 11: Firm Markup and Market Share

Dependent Variable: iy

1) 2) 3) 4)

ASgit 2.288 2.256 1.341 1.397
(0.738) (0.697) (0.684) (0.684)

Year FE N Y N Y
Firm FE N N Y Y
Number of Firms 1135441 1135441 1135441 1135441
Observations 9323645 9323645 9323645 9323645

NOTE: fi is firm ¢ sector k gross markup growth in year ¢, Asy;; gives the change in market share of firm ¢ in
sector k between year ¢ — 1 and ¢. Column (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data.
Standard errors (in parenthesis) are clustered at firm level. Observations are winsorized at the 1% level.
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This last equation can be brough to the data by estimating
Apt =y + oy + BAHHI + €gy.

Table 12 reports the results with and without firm and time fixed effects. This table shows as
predicted by the model a negative and significant estimated coefficient.

Furthermore, a first-orderlog approximation of equation (8) now yields the following relation

in levels e
In pg = In + 2 _HHIy
e—1 e—1

where puy,; is sector k’s markup at time ¢, and HHI, is the corresponding Herfindahl-
Hirschman Index. Following the same strategy as above, we test this relationship in data
with the following empirical specification

In pge = i + o + BHH Iy + €y

where ~; is now a sector fixed-effect, o; a time fixed-effect, and the coefficient of interest
is again f3, predicted to be positive by the model. Following the same logic as before, this
specification allows us to test for this relationship both in the cross-section (in the absence
of sector fixed effects) and within-sector, over time. Table 13 summarizes the results obtained
when we take this specification to data.

As before, columns (1) and (2) of Table 13 show the cross-sectional estimates, respectively
pooled across all sectors and years and pooled across sections but controlling for unobserved
common trends, as captured by the time fixed effects. In agreement with model predictions,
both indicate a positive and significant relation between the level of concentration and the
level of markups in a sector. Columns (3) and (4) exploit within-sector variation in concen-
tration over time, by controlling for sector-fixed effects and sector and year fixed effects, re-
spectively. The implied estimates again assert a positive and statistically significant relation
between increases in concentration and increases in markups.

B.4 Alternative measure of markups

In this section we collect results for alternative measure of markups. As an alternative mea-
sure of firm level markup, we consider first the Lerner index which is an accounting measure
of profit express in term of markup see Gutiérrez and Philippon (2017, 2018) and the Data
Appendix for a definition. Second we consider two other measures of markup derived from
the methodology developped by De Loecker and Warzynski (2012) and De Loecker and Eeck-
hout (2017). The definition of the variable input used to identify markup varies across these
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Table 12: Sector Inverse Markup and Sector Herfindahl: First Difference

Dependent Variable: A,u,;tl
(1) (2) 3) (4)

AHHI -3395 -.3498 -.3447 -.3553
(.1465) (.1466) (.1491) (.1527)

Year FE N Y N Y
Sector FE N N Y Y
Number of Sectors 504 504 504 504
Observations 11088 11088 11088 11088

NOTE: e is sector k gross markup in year ¢, H H I1,; gives Herfindahl-Hirschman index of concentration k. Col-
umn (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data, aggregated to sector level. Standard
errors (in parenthesis) are clustered at sector level.

Table 13: Sector Markup and Sector Herfindahl

Dependent Variable: In p;
(D (2) 3) 4)

HHI, 1.081 1.084 541 .564
(.222) (.221) (.116) (.115)

Year FE N Y N Y
Sector FE N N Y Y
Number of Sectors 504 504 504 504
Observations 11592 11592 11592 11592

NOTE: e is sector k gross markup in year ¢, H H I,; gives Herfindahl-Hirschman index of concentration k. Col-
umn (1-4) reports empirical estimates for the FICUS-FARE (1994-2016) data, aggregated to sector level. Standard
errors (in parenthesis) are clustered at sector level. Observations are winsorized at the 1% level.
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Table 14: Sector Markup and Sector Herfindahl

Dependent Variable: fiy;
(1) (2) 3) 4)

AHHIy 0.461 0.477 0.476  0.493
(0.126) (0.135) (0.128) (.136)

Year FE N Y N Y
Sector FE N N Y Y
Number of Sectors 504 504 504 504
Observations 11088 11088 11088 11088

NOTE: pix: is sector k gross markup growth in year ¢, AH HI, gives the change in the Herfindahl-Hirschman
index of concentration of sector k between year ¢ and ¢ — 1. Column (1-4) reports empirical estimates for the
FICUS-FARE (1994-2016) data, aggregated to sector level. Standard errors (in parenthesis) are clustered at sector
level. Observations are winsorized at the 1% level.

specification. Our baseline used only material input as variable input, here we consider two
different measure of variable input: (i) the sum of material and labor, and, (ii) the sum of

material, labor and services.
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Table 15: Firm Markup and Market Share: Robustness

Dependent Variable: fiy;+

Coefficient Baseline (Mat) Baseline (Mat) Mat + Labor Mat + Labor Mat + Labor + Ser Mat + Labor + Ser Lerner Lerner Labor Share Labor Share

Aspit 2.288 1.397 -1.101 -.905 -.648 -.693 4.138 4.344 399.1 438.8
(.738) (.684) (.0902) (.0992) (.0196) (.0213) (.0666) (.0735) (103.0) (117.6)

Firm FE N Y N Y N Y N Y N Y

Year FE N Y N Y N Y N Y N Y

Number of Firms 1135441 1135441 1267 197 1267 197 1292 596 1292 596 1476 727 1476 727 1476232 1476232

Number of Observations 9323 645 9323 645 10 799 995 10 799 995 10 821 726 10 821 726 12 246 073 12246 073 12 233 594 12 233 594

Dependent Variable: In ;¢

Coefficient Baseline (Mat) Baseline (Mat) Mat + Labor Mat + Labor Mat + Labor + Ser Mat + Labor + Ser Lerner Lerner Labor Share Labor Share

Skit 3.297 .100 -.0411 -.0423 -.299 117 -.0650 .281 2.942 2.642
(.155) (.066) (.0365) (.0333) (.0205) (.0163) (.00887) (.0207) (.150) (.161)

Firm FE N Y N Y N Y N Y N Y

Year FE N Y N Y N Y N Y N Y

Number of Firms 1284 905 1284 905 1284 906 1284 906 1284 906 1284 906 1332495 1332 495 1332503 1332503

Number of Observations 10928 469 10928 469 10928 490 10928 490 10928 490 10928 490 11959 374 11959374 11 959 468 11 959 468

NOTE: firi: is firm i sector k gross markup growth in year ¢, As;: gives the change in market share of firm 7 in sector k£ between year ¢ — 1 and ¢. p;x¢ is firm ¢
sector k gross markup in year ¢, sx;+ gives the market share of firm ¢ in sector k. Columns reports empirical estimates for the FICUS-FARE (1994-2016) data for
various markup estimate (see main text). Standard errors (in parenthesis) are clustered at firm level. Observations are winsorized at the 1% level.



Table 16: Sector Markup and Sector Herfindahl: Robustness

Dependent Variable: u;tl

Coefficient Baseline (Mat) Baseline (Mat) Mat+ Labor Mat+ Labor Mat+ Labor + Ser Mat + Labor + Ser Lerner Lerner
HHI, -.7267 -.444 -.0059 .0617 .0167 -.1162 -.0097 .0178
(.231) (.110) (.0962) (.0763) (.0362) (.0516) (.0141) (.0205)
Firm FE N Y N Y N Y N Y
Year FE N Y N Y N Y N Y
Number of Firms 504 504 504 504 504 504 504 504
Number of Observations 11592 11592 11592 11592 11592 11592 11592 11592
Dependent Variable: Au;tl
Coefficient Baseline (Mat) Baseline (Mat) Mat+ Labor Mat+ Labor Mat+ Labor + Ser Mat + Labor + Ser Lerner Lerner
AHHI,; -.3395 -.3553 .1106 .1040 .0184 .0196 -.0067 -.0067
(.1465) (.1527) (.0604) (.0637) (.0396) (.0405) (.0189) (.0196)
Firm FE N Y N Y N Y N Y
Year FE N Y N Y N Y N Y
Number of Firms 504 504 504 504 504 504 504 504
Number of Observations 11088 11088 11088 11 088 11088 11088 11 088 11088

NOTE: [k is sector k gross markup growth in year ¢, u: is sector k gross markup in year ¢, AH H I gives the change in the Herfindahl-Hirschman index of
concentration of sector k£ between year t and ¢t — 1. Columns reports empirical estimates for the FICUS-FARE (1994-2016) data, aggregated to sector level.

Standard errors (in parenthesis) are clustered at sector level. Observations are winsorized at the 1% level.
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Table 17: Sector Markup and Sector Herfindahl: Robustness

Dependent Variable: iy

Coefficient Baseline (Mat)  Baseline (Mat) Mat+ Labor Mat+ Labor Mat + Labor + Ser Mat + Labor + Ser Lerner Lerner
AHHI,; 461 1493 -.0594 -.0532 -.00667 -.00573 .00543 .00521
(.126) (.136) (.0720) (.0730) (.0503) (.0508) (.0196) (.0198)
Firm FE N Y N Y N Y N Y
Year FE N Y N Y N Y N Y
Number of Firms 504 504 504 504 504 504 504 504
Number of Observations 11 088 11 088 11 088 11 088 11 088 11 088 11088 11 088
Dependent Variable: In pj;
Coefficient Baseline (Mat) Baseline (Mat) Mat+ Labor Mat+ Labor Mat+ Labor + Ser Mat + Labor +Ser Lerner Lerner
HHI, 1.081 .564 .102 -.00519 .00238 .149 .0138 -.0164
(.222) (.115) (.107) (.0736) (.0441) (.0569) (.0152) (.0210)
Firm FE N Y N Y N Y N Y
Year FE N Y N Y N Y N Y
Number of Firms 504 504 504 504 504 504 504 504
Number of Observations 11592 11592 11592 11592 11592 11592 11592 11592

NOTE: [ix: is sector k gross markup growth in year ¢, ux: is sector k gross markup in year ¢, AH H I; gives the change in the Herfindahl-Hirschman index of
concentration of sector k& between year ¢t and ¢ — 1. Columns reports empirical estimates for the FICUS-FARE (1994-2016) data, aggregated to sector level.

Standard errors (in parenthesis) are clustered at sector level. Observations are winsorized at the 1% level.



Table 18: Firm Markup and Sector Output

Dependent Variable: In p1y ;4

Coefficient Baseline (Mat) Baseline (Mat) Mat + Labor Mat + Labor Mat + Labor + Ser Mat + Labor + Ser Lerner Lerner Labor Share Labor Share
)A’k)t -0.0680 -0.0929 -.0384 -.0431 -0.0130 -0.0143 0.0573 0.0606 0.294 0.366
(.0415) (.0610) (.00157) (.0192) (.0160) (.0160) (.0173) (.0152) (.0989) (.146)
)A’k)t * Skit 0.192 0.209 0.0205 0.0313 0.0196 0.0227 -0.0357 -0.0434 0.0202 -0.145
(.0448) (.0803) (.0603) (.0443) (.0165) (.0143) (.0331) (.0242) (.205) (.165)
Firm Controls Y N Y N Y N Y N Y N
Firm FE Y Y Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y Y Y
Number of Firms 1267 705 1267 705 1267 136 1267 136 1267 136 1267 136 1313 049 1313 049 1313057 1313057
Number of Observations 10 835 690 10835690 10835 711 10835711 10835711 10835 711 11 856 830 11 856 830 11 856 924 11 856 924

NOTE: pri: is firm ¢ sector k gross markup in year ¢, si: gives the market share of firm ¢ in sector k, year ¢ and Y.+ is the deviation of sector k (log) real value
added in year ¢ from its HP trend. Column (1) reports empirical estimates for the FICUS-FARE (1994-2016) data. Column (2) and (3) report estimates based
on model simulated data. We control for the time-varying firm market share, sz, in all regressions. Standard errors clustered at firm level; Observations

winsorized at 1%.
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Table 19: Sector Markup and Sector Output: Other Markup Specifications

Coefficient Baseline (Mat) Mat+ Labor Mat+ Labor + Service Lerner
Vi 102 -.0105 .0109 .0459
(.028) (.0168) (.0130) (.00664)
Sector FE Y Y Y Y
Year FE Y Y Y Y
Number of Sectors 504 504 504 504

NOTE: Regression of sector-level markup growth (fix:) on sector real value added growth (?kt). Column (1) re-
ports empirical estimates for the FICUS-FARE (1994-2016) data and standard errors (in parenthesis) are clustered
at the sector level. Columns (2) and (3) report estimates based on model simulated data. Point estimates for
these columns give the median coefficient obtained from running the reduced form regression over 5000 inde-
pendent simulated samples, each of the same length (22 years) as the French data. Terms in square brackets give,
respectively, the 0.025 and 0.975 quantiles of coefficient estimates from simulated data.

Table 20: Sector Markup and Aggregate Output : Other Markup Specifications

Coefficient Baseline (Mat) Mat+ Labor Mat + Labor + Service Lerner

}A/t 191 .188 .000329 .0826
(.161) (.0927) (.0104) (.0208)

Sector FE Y Y Y

Number of Sectors 504 504 504 504

NOTE: Regression of sector k’s markup in year ¢ in deviation from its HP trend fiy: on 17,5, the HP-trend deviation of
(log) aggregate real value added in year ¢. Column (1) reports empirical estimates for the FICUS-FARE (1994-2016)
data. Standard errors (in parenthesis) are clustered at the sector level. Columns (2) and (3) reports estimates based
on model simulated data. Point estimates for these columns give the median coefficient obtained from running
the reduced form regression over 5000 independent simulated samples, each of the same length (22 years) as the
French data. Terms in square brackets give, respectively, the 0.025 and 0.975 quantiles of coefficient estimates

from simulated data.

(1) (2) (3) (3)
Baseline (Mat) Mat + Labor Mat + Labor + Service Lerner
0x  oz/oy p(x,Y) | 0x  ozfoy p(x,Y) | 0x  ozfoy p(x,Y) | 0x  ozfoy px,Y)

pe | 096 0.57 0.13 | 071  0.42 0.36 | 0.66 0.39 032 | 020 0.12 0.62

Table 21: Aggregate Markup and Aggregate Output
NoOTE: The table reports standard deviations, 0., relative standard deviations, o, /oy, and time series correlations,
p(z,Y), for aggregate output Y; and aggregate markup ¢, both in deviations from their HP trend. Column (1)
reports empirical estimates for the FICUS-FARE (1994-2016) data. Column (2) and (3) report estimates based on

model simulated data.
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C Numerical Appendix

1) 2)
Data Monopolistic (¢ = 5,0 = 1.68)
oy oz/oy p(z,Y) ‘ Oz
Y, | 1.71 1 1 0.71
we | 096 0.57 0.13 0

Table 22: Aggregate Markup and Aggregate Output
NoOTE: The table reports standard deviations, 0., relative standard deviations, o, /oy, and time series correlations,
p(z,Y), for aggregate output Y; and aggregate markup p., both in deviations from their HP trend. Column (1)
reports empirical estimates for the FICUS-FARE (1994-2016) data. Column (2) and (3) report estimates based on

model simulated data.
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