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1 Introduction

Recent years have witnessed a growing concern, among academics and policy-makers,
about the U.S. and the EU state of competition (Syverson, 2019). A whole set of
evidences, ranging from higher market concentration to wider price-to-cost ratios,
suggest that market power has been on the rise across sectors over the last forty years,
with gloomy consequences for both business dynamism and workers conditions.1 A
key aspect, still under debate, concerns the determinants of the observed evolution of
market power, which understanding is pivotal in order to design an effective policy.

Various hypothesis have been put forward. Autor et al. (2020) are the main propo-
nents of the "superstar firms" hypothesis, according to which the observed increase
in concentration and market power is driven by few large firms characterized by high
productivity. The consolidation of a dominant position, in this case, goes along with
greater innovation, higher cost efficiency and lower prices, and is therefore the result
of a healthy competition dynamics. On the other side of the spectrum, Covarrubias et
al. (2020), Gutiérrez and Philippon (2018), Grullon et al. (2019) and Philippon (2019)
are the proponents of the "declining competition" hypothesis. In their view, antitrust
enforcement, especially in the U.S., has been ill-suited to contrast the incumbents’
consolidation in the markets, in particular through M&As. Moreover, by invest-
ing enormously in lobbying activities, these same firms have prevented competitors
from entering the market with the result of generating distorted competition and
limited business dynamisms. A somewhat middle ground explanation is proposed
by Crouzet and Eberly (2019), De Ridder (2021), and Eeckhout (2021) who advocate
for the "intangible assets" hypothesis. They show how industry leaders invest more
in intangible technologies, marketing, and R&D in order to gain a competitive edge
over their competitors. However, while intangible assets allow firms to cut on their
marginal costs, they simultaneously generate higher entry barriers, through network
effects and scale economies, weakening future competition.

In this paper, we focus on a fourth one, the "globalization" hypothesis. In par-
ticular, we ask to what extent and through which mechanisms the recent wave of
globalization has generated the observed patterns of concentrations, markups, and
profits. It is well-established that international trade, by fostering competition and
increasing market size, can affect the domestic market structure in the presence of
firm heterogeneity and distortions. There are at least two mechanisms that can ex-
plain the relationship between trade openness and market power. By opening up

1For a cross-country comparison of the evolution of market power, see among others De Loecker
and Eeckhout (2018), Díez et al. (2021), and Calligaris et al. (2018). For a specific analysis of the US,
see Autor et al. (2020), De Loecker et al. (2020), and Eggertsson et al. (2021). For the EU, see Affeldt et
al. (2021).
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to trade, domestic firms face tougher domestic competition that induce unproduc-
tive, low-markup firms to exit, however the high productive firms surviving in the
market expand their production by charging lower prices, with an overall reduc-
tion in the domestic level and distribution of markups and positive welfare effects
(Melitz and Ottaviano, 2008).2 On top of inducing pro-competitive effects in prices,
trade liberalizations also allow firms to get access to cheaper intermediate inputs and
consequently leverage on the reduction of costs to actually raise markups. This is
shown by De Loecker et al. (2016), in the context of the 1991 India’s trade liberal-
ization, in which the fall of trade barriers was accompanied by higher intermediate
imports, costs reduction, but also relative higher product-level markups. When the
overall price decrease is relatively lower compared to the cost reduction, hence when
the pass-through is incomplete, firms can benefit by both charging lower prices and
higher markups.

We provide empirical evidences of the importance of competition in determin-
ing the observed market power structure across industries and firms. Using detail
firm-level balance sheet data for Belgian manufacturing over the period 2000-2015,
we are able to characterize the evolution of various measures of market power. In
particular, production and sales data allows to compute the Herfindhal-Hirschman
Index (HHI) and different levels of concentration ratios (CR) at the 4-digit NACE
industry. We think of Belgium as an interesting case for several reasons. The first one
is that Belgium is a developed market economy, characterized by a high degree of
labor protection. It is also a country heavily relying on trade, make it one of the few
examples of small-open economies, and as documented in Mion and Zhu (2013), it
experienced a major increase in import competition from China, but not much from
other low-income countries. A long tradition in the empirical industrial organization
has emphasized how concentration per se can be misleading to understand the extent
of market power, for this reason, we rely on state-of-the-art techniques in production
function estimation developed by Ackerberg et al (2015) and De Loecker and Warzyn-
ski (2012), to retrieve firm-level measures of prices over marginal costs. This enables
us to study the relationship between markups and competition at a finer degree than

2Other similar mechanisms have been studied theoretically and quantitatively. The pioneering
work of Brander and Krugman (1983) shows that under Cournot competition in homogeneous prod-
ucts, trade openness reduces unambiguously markups, but overall welfare effects depend on the
extend of trade costs. Epifani and Gancia (2011) develop a industry-level monopolistic competition
model of trade and show how trade liberalizations, by affecting the distribution of markups, might
induce misallocation and welfare losses, in particular without free entry. Dhingra and Morrow (2019)
discuss how the relationship of competition and market power in distorting the optimal allocation
of resources in a monopolistic competition model with firm heterogeneity. De Blas and Russ (2015)
develop predictions for an open economy Ricardian model, while Edmond et al. (2015) quantify the
role of competition on markups distribution for an open economy model with Cournot competition.
Finally, Arkolakis et al. (2019) quantify the welfare gains from trade in a model with variable markups.
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the industry level and unveil heterogeneous effects depending on firm-specific char-
acteristics. We identify the trade shock exploiting the surge in import from China
experienced over the period 2000-2015. The empirical strategy follows Autor et al.
(2013) and Acemoglu et al. (2016) and we perform the analysis at the aggregate in-
dustry level. Our results points to a positive impact of Chinese import competition
on industry aggregate markups and the other measures of concentrations. Using our
conservative estimates, we find that over the period Chinese competition has been
responsible for one fourth of the rise of aggregate markups. We also find evidences
of increasing concentration and markups dispersion within industries, along with
positive effects on aggregate Total Factor Productivity (TFP).

Related Literature We contribute to several strands of literature. First, we contribute
to the ongoing debate about the surge of market power in EU. Several contributions
have highlighted how various measures of market power have been on the rise over
the last decades. De Loecker and Eeckhout (2018) document an upward trends in the
aggregate markup worldwide, especially for North America and Europe, using firm-
level information for publicly listed firms across 134 countries. Overall, they estimate
the aggregate price-to-marginal-cost ratio to have gone up from a 1.1 in 1980 to a 1.6
in 2016. Díez et al. (2021) perform a similar exercise using private and listed firms
for a large set of countries, accounting for the 70% of World GDP. They document
that over the period 2000-2015 overall markups have increased by 6% especially in
advanced economies and in the service sector. In particular, the shift is driven by the
top decile of the markup distribution, which is constituted mainly by publicly listed
firms, and is mainly explained by within-firm increases among incumbents, rather
than reallocation towards high-markup entrants. Calligaris et al. (2018) document
analogous trends for OECD countries and highlight the crucial role of the digital
intensive sectors. We complement their findings by estimating firm-level markups
using the universe of Belgian firms and provide rational for their aggregate evolution
over time.

We also contribute to the empirical literature on the relationship between trade
and markups. Early evidences of the import-as-market-discipline hypothesis are
Levinsohn (1993), Harrison (1994), and Krishna and Mitra (1998), concluding that
trade liberalization induces reductions in estimated firm-level measured price over
marginal cost.3 Chen et al. (2009) test the predictions of Melitz and Ottaviano (2008)
for seven EU countries over the period 1989-1999, and find that sector-level trade
openness reduces the average markup in the short run, however in the long run

3For review of the methodology and findings, check Tybout (2003)
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the effect of domestic openness is ambiguous and even (weakly) anti-competitive
in certain cases. In this respect, Lu and Yu (2015) provide evidences of decreasing
markups dispersion in the Chinese manufacturing after joining the WTO, and in the
same context Brandt et al. (2017) document pro-competitive effects due to markups
reductions of the incumbents.

Finally, we contribute to the literature on the China shock. Over the past decade,
there has been a fierce policy and academic debate over the effects of the rise of China
as the world manufacturing producer and exporter. For the U.S., Autor et al. (2013,
2016, 2021) and Pierce and Schott (2016) document how the swift rise of Chinese
import penetration in the manufacturing sector has negatively affected the domestic
labor market, in particular by reducing employment and job opportunities. Mion and
Zhu (2013) documents similar patterns for Belgium by showing that firms upgrade
their production process by becoming more skill intensive and displacing blue collar
workers when facing Chinese competition.

The remainder of the paper is structured as follows: Section 2 describes the data.
Section 3 and Section 4 present the main methodology and discuss the results. Section
5 concludes.

2 Data

We rely on different sources to construct our panel of Belgian manufacturing firms
over the period 1996-2015. We merge together: 𝑖) the VAT Declaration, 𝑖𝑖) the Annual
Accounts, 𝑖𝑖𝑖) the Social Security, and 𝑖𝑖𝑖) the Transaction Trade datasets provided
by the National Bank of Belgium. The VAT Declaration, collected by the Belgian
tax authority, reports the consolidated balance sheet4 information for the universe of
Belgian firms over the period 1996-2015. In particular, the dataset provides informa-
tion about 4-digit NACE Rev. 2 industries in which the firm has its main activity, the
total yearly turnover, value added, capital stock, the number of employees in full-time
equivalent (FTE), and the value of total intermediates used in production. Concerning
the capital stock value, we use as definition the net value of a firm’s fix assets. Annual
Accounts are collected by the Central Balance Sheet Office (CBSO) of the National
Bank of Belgium (NBB) and complement firm-level VAT Declaration information for
the those Belgian firms above certain employment and turnover thresholds. Small
firms do not need to report such information, although the conditions to meet are

4Consolidated balance sheets integrate information regarding all possible controlled subsidiaries
of the concerned company.
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quiet loose5. The Social Security dataset contains information about the occupation
of each worker at the firm level over the period 1996-2015, in particular it allows to
distinguish between blue-collar, white-collar, and managerial employees. Finally, the
Transaction Trade dataset provides firm-level information on export and import at
the 6-digit Harmonized System (HS) level, that we convert in order to match with the
4-digit NACE Rev. 2 industry level. Trade data are match with the main industry of
activity of the firm such that firms that importing products in the same category are
considered as final, and in a different category as intermediate products. All together,
these datasets enable the researcher to have access to an almost comprehensive pic-
ture of the Belgian production and exchange activities. In order to estimate firm-level
productivity and markups, we keep in the sample firms that report at least one unit
of FTE employment over the period, hence excluding individual entrepreneurs. We
further impose firms to report at least 100 euros of capital value once over the sample
period. Eventually, we exclude observations with reported negative sale or negative
value added, moreover we exclude outliers along various balance sheet measures.6

Additionally, we make use of 2-digit NACE Rev. 2 industry-level deflators to con-
vert sales and trade values in quantities, capital price deflators for the stock of capital
value, intermediate price deflators for the intermediate value, and the consumer price
index for wages. To construct our measures of Chinese competition, we use UN Com-
trade HS 6-digit import and export data for the period 2000-2015 between Belgium
and China.

Overall, our sample contains 195,118 firm-year observations identifying 21,597
unique firms over 194 manufacturing industries during the period 1997-2015. Table 1
shows summary statistics for the whole sample. Panel A reports total sales, the stock
of fix and intangible capital, the amount of intermediate inputs purchased, the level
of employment in FTE and the total wage bill for all firms. Looking at the distribution
across different percentiles, it emerges the skewed nature of the manufacturing sector
along all dimensions, with roughly half a standard deviation separating the firm at
the 75th compared to the one at the 95th percentile. Panel B reports information
for the 12.354 firms involved in international trade. These are on average larger and
more capital intensive than the domestic counterparts. We will take into account
these information for the estimation of markups and productivities, by introducing

5A firm is not required to fill the complete form if it has not met more than one of the following
threshold in the last two financial years: 𝑖) an annual average workforce of 50 employees quantified in
FTE; 𝑖𝑖) a total turnover (excluding VAT) of 7.3 million euro; 𝑖𝑖𝑖) a balance sheet total of 3.65 million
euro. Note that, firms reporting an annual average workforce above 100 units in FTE are always
required to fill the form.

6Outliers are defined using the distributions of the logarithm of input-output ratios (i.e. sales/-
capital, sales/intermediates, sales/employment) In particular, we trim observations lying outside the
distance between the median and three times the interquartile range of the distribution.
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Table 1: Summary Statistics for Manufacturing Firms over the Period 1997-2015

Percentiles

Mean St. Dev. p5 p25 p50 p75 p95

Panel A: Full Sample
Sales (Y) 12.68 87.65 0.24 0.59 1.49 4.88 39.27
Capital Stock (K) 2.18 15.81 0.02 0.11 0.33 0.98 6.82
Intangibles (I) 2.18 15.81 0.02 0.11 0.33 0.98 6.82
Intermediate Inputs (M) 10.04 77.28 0.12 0.35 0.99 3.50 30.37
Employment in FTE (L) 41.72 200.32 1.70 3.75 8.80 25.00 142.80
Wage Bill (WB) 41.72 200.32 1.70 3.75 8.80 25.00 142.80

Panel B: Only Firms in Trade
Sales 25.09 125.35 0.54 1.80 4.62 13.07 84.29
Capital Stock 4.16 22.65 0.05 0.27 0.79 2.28 14.03
Intangibles 2.18 15.81 0.02 0.11 0.33 0.98 6.82
Intermediate Inputs 20.03 110.71 0.33 1.24 3.31 9.83 67.68
Employment in FTE 78.17 284.41 2.80 9.00 22.00 53.10 282.40
Wage Bill 41.72 200.32 1.70 3.75 8.80 25.00 142.80
Total Trade 26.92 185.28 0.00 0.25 1.85 9.23 92.18
Export 16.71 120.03 0.00 0.00 0.69 5.39 57.17
Import 10.20 69.72 0.00 0.02 0.77 3.51 33.24
Import from China 0.18 2.26 0.00 0.00 0.00 0.00 0.32

Note: The full sample contains 195,118 firm-year observation, for 21,597 firms. The sam-
ple with only trading firms counts, instead, 93,601 firm-year observations, for 12.354 firms.
Among these, 4.112 firms source at least once from China over the period. We exclude outliers
observations, these are defined as observations outside the distance between the median and
five times the interquartile range of the distribution of interest (Y/L, Y/K, Y/M). The table
reports firm-level output and factors of production used later in the estimation procedure.
Sales, capital, intermediates, and trade are expressed in million of euros, employment is in
full-time equivalent. All nominal variables are deflated: sales and trade values by the pro-
duction price index (PPI); capital by capital price deflators; intermediates by the intermediate
price deflators.

controls for the export activity of the firm.
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3 Methodology

Theory of Markups

To study the effect of competition on the level of firms’ market power in the economy,
we need to choose an appropriate measure. A natural candidate is the price-to-
marginal cost ratio, namely the price markup. This index measures the wedge be-
tween the price level expected under perfect competition and the observed one. The
distribution of price markup in the economy would be a sufficient statistics to evalu-
ate the extent of market power. However, despite the extensive access to production
price data, it is hardly possible to retrieve information about firms’ marginal costs.7

For this reason, we follow the methodology developed by De Loecker and Warzynski
(2012) to estimate markups, that builds on the insights of Hall (1986) and relies on the
use of available firm-level balance sheet data. The idea is that, in a general perfectly
competitive setup, input cost shares should be equal to the respective input revenue
share determined by the input elasticity, therefore any deviation could be considered
deviations from the firm competitive price setting. Additionally, this methodology
is flexible enough to encompass various product market structures, and it does not
require to impose and estimate any demand system.8

We consider a firm 𝑖 in sector 𝑗 producing at time 𝑡. For simplicity we omit
subscript 𝑗, since the empirical framework holds symmetrically for every sector.9 The
production function reads:

𝑄𝑖𝑡 = 𝐹𝑖𝑡(𝐿𝑖𝑡 ,𝐾𝑖𝑡 ,𝑀𝑖𝑡 ,Ω𝑖𝑡), (1)

where 𝑄𝑖𝑡 denotes gross output, 𝐹𝑖𝑡(·) the production function defined over labor,
𝐿𝑖𝑡 , capital, 𝐾𝑖𝑡 , intermediates, 𝑀𝑖𝑡 , and 𝜔𝑖𝑡 the productivity shock. Production
function, 𝐹𝑖𝑡(·), is continuous and twice differentiable in its arguments, (TOCHECK:
from gandhi navarro rivers (2021) it is also strictly concave in 𝑀𝑖𝑡). The level of
inputs used in production need not to be chosen at each and every period. Plenty of
evidences point to the fact that some inputs in production adjust very slowly, as it is

7An exception is Garcia-Marin & Voigtländer (2019), in which the authors have accessible product
level information on prices and marginal costs of production for the Chilean manufacturing firms.

8Recent works moved critiques to the markup estimation methodology. Doraszelski and Jau-
mandreu (2020) highlight how first-stage misspecification can induce severe biases to the estimated
measure of markup, while Bond et al. (2021) points to the necessity to have a quantity and not revenue
based estimation of the production function. We cannot exclude these aspects to play a role in our
setting, however De Ridder et al. (2021) show that the revenue-based markup measure is only biased
in levels, but not in its dispersion and correlation to other firm-level measures of profitability.

9Note that this does not mean that across sectors input shares are the same. The model allows
different sectors to produce using different inputs mix.
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the case for capital. This is crucial since the markup identification strategy proposed
by De Loecker and Warzynski (2012) relies on the firm’s capability to flexibility adjust
at least one of the production inputs.

Following the literature, we assume capital to be a dynamic input in production,
in other words, it is subjected to a high degree of adjustment costs, conversely inter-
mediate inputs can be freely adjust at each period 𝑡. This latter assumption is key
to identify markups. Labor needs further digression. In their seminal paper, De
Loecker and Warzynski (2012) assume labor to be flexible enough to be considered
as a variable input. In their setup, they consider the outcome of Slovenian firms
during the transition period of the Nineties, when they moved from a state-guided to
a market-driven economy. Given the labor market dynamism at that moment, their
assumption seems an appropriate simplification. The Belgian economy, however, is
characterized by a more rigid labor market, hence the same assumption would be
hardly justifiable. As discussed in Konings and Marcolin (2014), Belgium has a cen-
tralized hierarchical system of collective bargaining for wages, in particular they show
that productivity-wage differential are significant and strongly persistent, indicating
the extent of rigidity in which Belgian firms operate. In light of these evidences, we
assume labor to be a dynamic input in production like capital.

Firm 𝑖 at time 𝑡 faces a cost-minimization problem of which the associated La-
grangian reads:

ℒ(𝐿𝑖𝑡 ,𝐾𝑖𝑡 ,𝑀𝑖𝑡 ,𝜆𝑖𝑡) = 𝑤𝑖𝑡𝐿𝑖𝑡 + 𝑟𝑖𝑡𝐾𝑖𝑡 + 𝑝𝑀𝑖𝑡 𝑀𝑖𝑡 +𝜆𝑖𝑡(𝑄𝑖𝑡 −𝑄𝑖𝑡(·)),

where 𝑤𝑖𝑡 , 𝑟𝑖𝑡 , and 𝑝𝑀
𝑖𝑡

denote the wage rate, the interest rate on capital, and the
intermediate input price respectively.

To pinpoint the markup level, it is necessary to rely on the first-order condition of
the variable inputs, which in this case coincide with the one for intermediates:

𝜕ℒ𝑖𝑡

𝜕𝑀𝑖𝑡
= 𝑝𝑀𝑖𝑡 −𝜆𝑖𝑡

𝜕𝑄𝑖𝑡(·)
𝜕𝑀𝑖𝑡

= 0. (2)

The shadow price 𝜆𝑖𝑡 represents the marginal cost of production for any given level
of total production 𝑄𝑖𝑡 . Rearranging equation (2), and multiplying both sides by 𝑀𝑖𝑡

𝑄𝑖𝑡
,

we obtain:

𝜕𝑄𝑖𝑡(·)
𝜕𝑀𝑖𝑡

𝑀𝑖𝑡

𝑄𝑖𝑡
=

1
𝜆𝑖𝑡

𝑝𝑀
𝑖𝑡
𝑀𝑖𝑡

𝑄𝑖𝑡
.

By definition, the markup is expressed as the ratio between prices and marginal costs,
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hence 𝜇𝑖𝑡 ≡ 𝑃𝑖𝑡
𝜆𝑖𝑡

. By rearranging the previous equation and multiplying and dividing
the right-hand side by 𝑃𝑖𝑡 , we obtain a function for markups expressed as follow:

𝜇𝑖𝑡 = 𝜃𝑀𝑖𝑡 (𝛼
𝑀
𝑖𝑡 )

−1, (3)

where 𝜃𝑀
𝑖𝑡

is the output elasticity of intermediate inputs, and 𝛼𝑀
𝑖𝑡

is the share of
intermediate input expenditure in total sales.

The nice feature of computing markups in this theoretical framework is that only
two parameters are sufficient. Firm-level balance sheet data contain the necessary
information to compute 𝛼𝑀

𝑖𝑡
, conversely 𝜃𝑀

𝑖𝑡
is not readily available and must be

estimated. The empirical literature on production function estimation provides a
wide range of alternative estimation procedures to correctly pinpoint input elasticities
by controlling for unobserved productivity shocks.

Production Function Estimation

The production function estimation literature provides two frameworks to estimate
output elasticities and productivities: the dynamic panel method proposed by Arel-
lano and Bond (1991), Blundell and Bond (1998; 2000), and the control function
approach proposed by Olley and Pakes (1996) and extended by Levinsohn and Petrin
(2003), Wooldridge (2009), Ackerberg, Caves, and Frazer (2015) (ACF, hereafter), and
Gandhi, Navarro, and Rivers (2020). We rely on the second approach, in particular,
we follow the procedure developed by ACF.

We make the assumption that productivity is Hicks neutral with respect to pro-
duction inputs, that the set of common technology parameters evolve over time, and
that 𝐹𝑖𝑡(·) is translog in its arguments. Hence, we can rewrite eq. (1) as follows:

𝑞𝑖𝑡 = 𝑓𝑖𝑡(𝑙𝑖𝑡 , 𝑘𝑖𝑡 ,𝑚𝑖𝑡 ; 𝛽𝑡) + 𝜔𝑖𝑡 + 𝜖𝑖𝑡 , (4)

where 𝑓𝑖𝑡(·) is a second-order Taylor expansion of a Cobb-Douglas production func-
tion, 𝜔𝑖𝑡 is the productivity level observed by the firm, hence potentially correlated to
the level inputs of production, while 𝜖𝑖𝑡 is the unanticipated productivity shock as-
sumed to be independent and identically distributed. The technological parameters,
𝛽𝑡 , are common to all firms within an industry. The core of the identification revolves
around the solution of the bias generated by the simultaneous determination of the
level of productivity and the inputs level. The restrictions imposed on eq. (3) allow
to apply the methodology developed by ACF.

In order to have consistent estimates of the 𝛽s, output and inputs need to be
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expressed in physical quantities. Since we only have access to their counterparts in
values, we use industry-level deflators to correct for prices. We estimate equation (4)
at the two-digit NACE industry level.

In estimating equation (4) by OLS, we might not account for the endogeneity of the
productivity parameter , 𝜔𝑖𝑡 , hence biasing the 𝛽s. It is well known, since the work of
Marschak and Andrews (1944), that 𝜔𝑖𝑡 should not be considered as exogenous with
respect to the firm, since firms are expected to be aware of their productivity level
when choosing the inputs of production, hence we should expect them to make the
input bundle choice accordingly. If this is the case, the correlation between inputs
and productivity levels would turn positive, biasing the resulting OLS estimation.

To solve this problem, the empirical IO literature has developed a theoretical
framework allowing, under certain assumptions to isolate and identify productivity
shocks along with input elasticities. As considered in ACF, under strict monotonicity
of the intermediate input demand with respect to the productivity shock, it is possible
to invert the function to identify the parameter 𝜔𝑖𝑡 . Taking the following general form
for the intermediate demand:

𝑚𝑖𝑡 = 𝑚𝑡(𝑙𝑖𝑡 , 𝑘𝑖𝑡 , 𝜔𝑖𝑡 , zit), (5)

with zit a vector of additional determinants of the optimal input demand choice10.
Assuming 𝑚𝑖𝑡 to be invertible, it is possible to retrieve productivity as a function of
all the other observable variables.

𝜔𝑖𝑡 = 𝜔𝑡(𝑙𝑖𝑡 , 𝑘𝑖𝑡 ,𝑚𝑖𝑡 , zit), (6)

It is then possible to form moment condition to estimate the output elasticity and
productivity, under the assumption of 𝜔𝑖𝑡 following a Markov process11 and using a
specific functional form for the production function.

In particular, we assume the production function to be translog in capital, labor,
and the intermediate input:

𝑞𝑖𝑡 = 𝛽𝑙 𝑙𝑖𝑡 + 𝛽𝑘𝑘𝑖𝑡 + 𝛽𝑚𝑚𝑖𝑡 + 𝛽𝑙𝑙 𝑙
2
𝑖𝑡 + 𝛽𝑘𝑘𝑘

2
𝑖𝑡 + 𝛽𝑚𝑚𝑚

2
𝑖𝑡

+𝛽𝑙𝑘 𝑙𝑖𝑡 + 𝛽𝑘𝑚𝑘𝑖𝑡 + 𝛽𝑘𝑚 𝑙𝑚𝑖𝑡 + 𝛽𝑙𝑚𝑘 𝑙𝑖𝑡 𝑘𝑖𝑡𝑚𝑖𝑡 (7)

Table 2 reports the estimated output elasticities and markups at the aggregate
industry level. The reported coefficients are averages across the full sample period

10We choose to add as additional controls 2-digit sector dummies and the export status of the firm.
11We specify it to be a AR(1) process.
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Table 2: Output Elasticities and Markups at Broad NACE Sector

Output Elasticities of Markup

Capital Labor Intermediates Median Mean Sd. Dev.

Food, Beverages, and Tobacco 0.05 0.25 0.71 1.11 1.12 0.26
Textile, Wearing Apparels, and Leather Products 0.05 0.23 0.72 1.02 1.11 0.33
Wood, Paper Products, and Printing 0.05 0.22 0.71 1.07 1.12 0.29
Chemicals and Pharmaceutical 0.07 0.31 0.75 0.97 1.02 0.28
Rubber and Plastic Products 0.04 0.23 0.74 0.95 1.02 0.31
Other Non-Metallic Mineral Products 0.05 0.24 0.71 1.05 1.09 0.24
Basic and Fabricated Metal Products 0.05 0.21 0.71 1.10 1.14 0.30
Computer, Electronics, and Optical Products 0.06 0.26 0.70 1.01 1.06 0.29
Electrical Equipment 0.06 0.26 0.74 1.22 1.28 0.32
Machinery and Equipment n.e.c. 0.06 0.25 0.70 1.12 1.17 0.26
Vehicles and Transport Equipment 0.06 0.25 0.75 1.04 1.10 0.30
Furniture, Other Manufacturing, and Repairing 0.04 0.21 0.72 1.16 1.23 0.33

Note: The sample contains 184,742 firm-year observation, for 21,099 firms. We estimate output elas-
ticities and markups using the algorithm from De Loecker Warzynski (2015). We assume a firm-level
translog production function and we treat capital and labor as predetermined. To account for changes
in the production technology over time, we estimate the output elasticities over 5-year rolling win-
dows. Firm-level markup is calculated as the ratio between the intermediate output elasticity and the
relative revenue share, the latter corrected for the first stage error. Broad NACE Rev. 2 are aggregated
as follows: Food, Beverages, and Tobacco (NACE 10, 11, 12); Textile, Wearing Apparels, and Leather Products
(NACE 13, 14, 15); Wood, Paper Products, and Printing (NACE 16, 17, 18); Chemicals and Pharmaceutical
(NACE 20, 21); Computer, Electronics, and Optical Products (NACE 24, 25); Vehicles and Transport Equip-
ment (NACE 29, 30); Furniture, Other Manufacturing, and Repairing (NACE 31, 32, 33).

and feature sizeable variation within and across industries.

China Shock

We examine the degree of import competition for the 184 Belgian 4-digit NACE
industries, over our sample period 2000-2015. We follow Mion and Zhu (2013) and
define our measure of import exposure as the industry-level change in Chinese import
share12 weighted by the beginning-of-the-period industry imports and production
values:

Δ𝐼𝑆𝐵𝐸𝐶𝐻𝑗,𝜏 = 100×
Δ𝑀𝑏𝑐

𝑗,𝜏

𝑄 𝑗,1999 +𝑀 𝑗,1999
, (8)

12Conversely to the standard import penetration measures proposed in Autor, Dorn, and Hanson
(2013) or Acemoglu et al. (2016), import shares do not include aggregate export values at the denomi-
nator. Being Belgium the host of the second largest European port, Antwerp, it is characterized, in a
few 4-digit industries, by larger exports with respect to the sum of imports and production, causing
import penetration to be negative.
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where Δ𝑀𝑏𝑐
𝑗,𝜏 is the change in Chinese imports values in industry 𝑗 over the period

𝜏 ∈ {2000 − 2008; 2008 − 2015}, and 𝑄 𝑗,1999 and 𝑀 𝑗,1999 are respectively Belgian total
production and imports in industry 𝑗 at the beginning of the period. Variation in
Δ𝐼𝑆𝑏𝑐

𝑗,𝜏 across industries stem from their reliance to intermediate inputs and final
products in the production process. In particular, import-intensive industries are
expected to be relatively more affected by the surge in trade with China. To get a
sense of the importance of the shock for the Belgian economy, Figure 1 reports the
aggregate evolution of our measure of Chinese import competition over the sample
period. While in 2000 the share of Chinese import on total production and import
was slightly above 1%, by 2010 it was more than 2 times larger, plateauing since.

Figure 1: Evolution of Chinese Import Share, Manufacturing

Note: The figure show the evolution of aggregate Chinese import share in the manufacturing
sector over the period 2000-2015. Import data comes from Comtrade, while production data
from our constructed Belgian firm-level dataset.

We follow Autor, Dorn, and Hanson (2021) in quantifying the cumulative effect of
the China shock on various measure of market power and productivity, by estimating
a first-difference model over progressively longer time horizons. In particular, the

12



regression model reads:

Δ𝑌𝑗𝑡 = 𝛽1 Δ 𝐼𝑆
𝐵𝐸𝐶𝐻
𝑗𝑡 + 𝛾Xjt + 𝛾𝑗 + 𝛿𝑡 + 𝜀𝑗𝑡

where Δ𝑌𝑗,𝑡+ℎ is the log change of the dependant variable of interest over the period
𝑡 ∈ 2000 to 𝑡 + ℎ, with ℎ ∈ [2000, 2008, 2015], 𝛾𝑗 and 𝛿𝑡 are respectively the year and
industry fixed effects, and the vector Xjt contains the levels and trends in 1999 on
various industry-level controls such as employment, the labor share, the share of
production workers, the capital-to-labor ratio, the value added labor productivity,
and the Herfindahl index as measure of concentration.

To reduce concern about potential endogeneity arising from firms’ optimization
of their sourcing strategies, we follow the industry-level identification proposed by
Acemoglu et al. (2016), and rely on their IV strategy that aim at capturing the Chinese
comparative advantage rise over the period. In particular, we regress our measure
of import exposure on the same measure constructed using import changes between
China and other eight high-income economies13:

Δ𝐼𝑆𝑜𝑐𝑗,𝜏 = 100×
Δ𝑀𝑜𝑐

𝑗,𝜏

𝑄 𝑗,1998 +𝑀 𝑗,1998
, (9)

where𝑀𝑜𝑐
𝑗,𝜏 is computed as an average of imports of other eight high-income countries

from China, and𝑄 𝑗,1999 and𝑀 𝑗,1999 are again computed using Belgian production and
import data.

The core of our inquire is to assess the impact of the surge of China on several
indicators of market power in the domestic Belgian manufacturing sector.

3.1 Dynamic Decomposition and Concentration Measures

Identifying the determinants of the evolution of market power is crucial for the de-
velopment of well-suited policies. Before turning to the identification, however, it
is possible to gather relevant information about the underlying mechanisms driving
the observed changes in markups by looking at firms’ dynamics at the industry level.
In order to do so, we apply the methodology developed by Melitz and Polanec (2015)
to quantify the relative contribution of different groups of firms to the aggregate
markup. In particular, by extending Olley and Pakes (1996) (OP, hereafter), their

13These comparison countries are Australia, Canada, Denmark, Israel, Japan, New Zealand, Swe-
den, United Kingdom. We ensure to avoid the selection of Euro countries and the United States, since
their inclusion might weaken the exclusion restriction.
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Figure 2: Evolution of the Aggregate Markup, by Exposure to Chinese Competition

Note: The figure show the evolution of the aggregate markup for the manufacturing sector.
The red dashed line identifies all sectors above the median in terms of exposure, and in blue
all sectors below the median.

decomposition allows to attribute the changes in the aggregate markup to the contri-
bution of three different groups: the incumbent, the entering, and the exiting firms.14

For the incumbents, we also disentangle the within component, that accounts for the
average increase of markups across firms, from the reallocation component, that ac-
counts for the role of those firms gaining market shares. Consider the aggregate level
of markup in industry 𝑗 at time 𝑡 for a specific group 𝐺 ∈ {𝑐, 𝑒, 𝑥}:

𝑀𝐺,𝑗𝑡 =
∑
𝑖∈𝐺

𝑠𝑖 𝑗𝑡𝜇𝑖 𝑗𝑡 ,

where 𝑠𝑖 𝑗𝑡 defines the market share of firm 𝑖 belonging to group 𝐺 and 𝜇𝑖 𝑗𝑡 its asso-
ciated level of price markup. Consider a simple scenario made of two periods, the

14For any pair of periods 𝑡 and 𝑡 + 1, an incumbent is defined as a firm having a positive market
share in both 𝑡 and 𝑡 + 1, an entrant as a firm having no market share in 𝑡 and positive share in 𝑡 + 1,
and an exiter as a firm having positive market share in 𝑡 and no market share in 𝑡 + 1.
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aggregate markup in the first period will be given by the weighted sum of markups
of all firms plus the markup of those firms that will exit the market in the following
period, while in the second period, the aggregate markup will be given by those firms
that survived plus the markup of the new ones in the industry. Formally:

𝑀1 = 𝑠𝑐,𝑗1𝑀𝑐,𝑗1 + 𝑠𝑥,𝑗1𝑀𝑥,𝑗1 = 𝑀𝑐,𝑗1 + 𝑠𝑥,𝑗1(𝑀𝑥,𝑗1 −𝑀𝑐,𝑗1),
𝑀2 = 𝑠𝑐,𝑗2𝑀𝑐,𝑗2 + 𝑠𝑒,𝑗2𝑀𝑒,𝑗2 = 𝑀𝑐,𝑗2 + 𝑠𝑒,𝑗2(𝑀𝑒,𝑗2 −𝑀𝑐,𝑗2),

where simplification arises from the fact that: 𝑠𝑐,𝑗1 = 1 − 𝑠𝑥,𝑗1 and 𝑠𝑐,𝑗2 = 1 − 𝑠𝑒,𝑗2.
Melitz and Polanec (2015) define the change in aggregate markup15 as the difference
between 𝑀2 and 𝑀1:

Δ𝑀 = 𝑀𝑐,𝑗2 −𝑀𝑐,𝑗1 + 𝑠𝑒,𝑗2(𝑀𝑒,𝑗2 −𝑀𝑐,𝑗2) − 𝑠𝑥,𝑗1(𝑀𝑥,𝑗1 −𝑀𝑐,𝑗1).

Let’s define by Δ𝑎𝑖 𝑗𝑡 = 𝑎𝑖 𝑗𝑡 − �̄�𝐺,𝑗𝑡 the distance between firm 𝑖’s idiosyncratic value of
𝑎 and the average industry one, it is possible to apply the OP decomposition for the
aggregate level of markup in industry 𝑗 at time 𝑡 for a specific group 𝐺 as:

𝑀𝐺,𝑗𝑡 =
∑
𝑖∈𝐺

(𝑠𝐺,𝑗𝑡 −Δ𝑠𝑖 𝑗𝑡)(�̄�𝐺,𝑗𝑡 −Δ𝜇𝑖 𝑗𝑡),

from which it follows:

𝑀𝐺,𝑗𝑡 = 𝑁𝐺,𝑗𝑡𝑠𝐺,𝑗𝑡�̄�𝐺,𝑗𝑡 +
∑
𝑖∈𝐺

Δ𝑠𝑖 𝑗𝑡Δ𝜇𝑖 𝑗𝑡 ,

= �̄�𝐺,𝑗𝑡 + cov𝐺,𝑗𝑡 .

Such decomposition allows to retrieved the previously discussed within, �̄�𝐺,𝑗𝑡 , and
between, cov𝐺,𝑗𝑡 , components. Using the same logic, we can express the change in
aggregate markup as:

Δ𝑀 = Δ�̄�𝑐,𝑗𝑡 −Δcov𝑐,𝑗𝑡 + 𝑠𝑒,𝑗2(𝑀𝑒,𝑗2 −𝑀𝑐,𝑗2) − 𝑠𝑥,𝑗1(𝑀𝑥,𝑗1 −𝑀𝑐,𝑗1),

where Δ�̄�𝑐,𝑗𝑡 defines the change in the within component of aggregate markup of the
incumbents across the two periods, Δcov𝑐,𝑗𝑡 the change in the between component of

15The original paper applied the decomposition to productivity, conceptually it is the same for
markups, however the structural interpretation do differs, since comovement between market shares
and market power do not pertain to the same class of theoretical models describing comovement
between market share and productivity.
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the incumbents, 𝑠𝑒,𝑗2(𝑀𝑒,𝑗2 −𝑀𝑐,𝑗2) the firms’ entry component, and 𝑠𝑥,𝑗1(𝑀𝑥,𝑗1 −𝑀𝑐,𝑗1)
the firms’ exit component.

Along with the estimated measures of markups, we provide standard concentra-
tions measures and a measure of within-industry dispersion. We define the Herfind-
hal index for industry 𝑗 at time 𝑡 as:

HHI𝑗𝑡 =
∑
𝑖

(𝑠𝑖,𝑗𝑡)2,

where 𝑠𝑖,𝑗𝑡 is the firm 𝑖 sales in industry 𝑗 at time 𝑡. The measure ranges between
1/J, for perfect equality, and 1, at which we have the concentration of all sales in only
one firm. We further define the concentration ratio for the four largest firms within
sector, or CR4, as:

CR4𝑗𝑡 =
4∑
𝑖=1

(𝑠𝑖,𝑗𝑡)2.

To get a sense of within-industry misallocation, we compute the Theil index of
markups as:

Theil𝑡 =
1
𝑁

∑
𝑖

𝜇𝑖𝑡
�̄�𝑡
𝑙𝑜𝑔

(
𝜇𝑖𝑡
�̄�𝑡

)
.

The measure ranges between 0, for no dispersion, and the logarithm of the number
of firms, which defines the maximum level of dispersion. The higher the dispersion
the higher the extent of the misallocation and the possible welfare losses driven by
market power.
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4 Results

Table 3: Baseline Effect of Chinese Import Share on the Industry-Level Aggregate
Markup

Δ𝑀𝑎𝑟𝑘𝑢𝑝𝑠

(1) (2) (3) (4)

Δ 𝐼𝑆𝐵𝐸𝐶𝐻
𝑗𝑡

0.038*** 0.051*** -0.000 0.053***
(0.014) (0.020) (0.004) (0.016)

First Stage

Δ 𝐼𝑆𝑂𝑇𝐶𝐻
𝑗𝑡

0.008*** 0.010** 0.012*** 0.03***
(0.002) (0.004) (0.002) (0.001)

Year FE ✓ ✓
NACE 2 FE ✓ ✓ ✓
NACE 4 FE ✓
Controls ✓ ✓ ✓

Span 2001-2015 2001-2015 2001-08 2008-15
KP F-Stat 11.909 5.928 33.569 8.929
Obs. 368 368 184 184

Note: The table reports the estimated coefficients for equation (8). The dependent variable is defined as
the stacked difference in the Chinese import share over the periods 2000-2008 and 2008-2015. Standard
errors are cluster at the ZE level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

Table 3 reports the baseline results of the stacked difference estimation on the
aggregate industry-level markup. Column (1) is our preferred specification, were we
control for 2-digit industry and time fixed effects. We add pre-sample period controls
on sales, concentration, labor productivity, capital intensity and skill composition
at the industry level. The effect is positive and significant at the 1 percent. The
instrument’s F-stat is above 10. The effect is stronger when looking at column (2),
where we control for 4-digit industry fixed effects. When looking at the two sub-
periods, the effect is driven by the second one.

Table 4 reports results for a similar exercise, using as dependent variables the
within and between components coming from the decomposition exercise. The within
effect is stronger and dominates the reallocation effect, meaning that are incumbents
firms that charge higher markups, without reallocation of market shares from low to
high markup chargers.

Table 5 looks at the concentration measures. Results are less robust with respect
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Table 4: Effect of Chinese Import Share on the Industry-Level Aggregate Markup,
Decomposition

Δ𝑅𝑒𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 Δ𝑊𝑖𝑡ℎ𝑖𝑛

(1) (2) (3) (4) (5) (6)

Δ𝐼𝑆𝐵𝐸𝐶𝐻
𝑗𝑡

-0.003 -0.017 -0.007** 0.003 0.070*** 0.046***
(0.003) (0.012) (0.004) (0.003) (0.025) (0.015)

Year FE ✓ ✓
NACE 2 FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Span 2001-08 2008-15 2001-15 2001-08 2008-15 2001-15
KP F-Stat 33.569 8.929 11.909 33.569 8.929 11.909
Obs. 184 184 368 184 184 368

Note: The table reports the estimated coefficients for equation (8). The dependent variable is defined as
the stacked difference in the Chinese import share over the periods 2000-2008 and 2008-2015. Standard
errors are cluster at the ZE level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

Table 5: Effect of Chinese Import Share on the Industry-Level Aggregate Markup,
Concentration

Δ𝐻𝐻𝐼 Δ𝐶𝑅4

(1) (2) (3) (4) (5) (6)

Δ𝐼𝑆𝐵𝐸𝐶𝐻
𝑗𝑡

-0.002 0.091** 0.014 0.004 0.038* 0.007*
(0.003) (0.041) (0.010) (0.006) (0.023) (0.004)

Year FE ✓ ✓
NACE 2 FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Span 2001-08 2008-15 2001-15 2001-08 2008-15 2001-15
KP F-Stat 33.569 8.929 11.909 33.569 8.929 11.909
Obs. 184 184 368 184 184 368

Note: The table reports the estimated coefficients for equation (8). The dependent variable is defined as
the stacked difference in the Chinese import share over the periods 2000-2008 and 2008-2015. Standard
errors are cluster at the ZE level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

to the previous tables, but overall they point to higher overall concentration over the
period. This is in line with a story of rising markups due to higher market power.

Finally, in Table 6 we look at the effect on productivity and markup dispersion.
Productivity is also increasing along with markups in the second period, this might
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Table 6: Effect of Chinese Import Share on the Industry-Level Aggregate Markup,
Other

Δ𝑇𝐹𝑃 Δ𝑇ℎ𝑒𝑖𝑙(𝑀𝑎𝑟𝑘𝑢𝑝)

(1) (2) (3) (4) (5) (6)

Δ𝐼𝑆𝐵𝐸𝐶𝐻
𝑗𝑡

-0.030* 0.358*** 0.055 -0.000 0.006*** 0.000
(0.017) (0.136) (0.111) (0.000) (0.002) (0.001)

Year FE ✓ ✓
NACE 2 FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓
Span 2001-08 2008-15 2001-15 2001-08 2008-15 2001-15
KP F-Stat 33.569 8.929 11.909 33.569 8.929 11.909
Obs. 184 184 368 184 184 368

Note: The table reports the estimated coefficients for equation (8). The dependent variable is defined as
the stacked difference in the Chinese import share over the periods 2000-2008 and 2008-2015. Standard
errors are cluster at the ZE level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

imply that along with increasing market power, firms are also upgrading in terms of
efficiency. Overall, this might point to a story of winner-take-all competition, where
the most productive firms become dominant in their market and start charging higher
markups. Results concerning markup dispersion point also in the same direction,
with higher dispersion meaning higher distance between the leaders and the laggards
in terms of ability to charge higher prices.

5 Conclusion

Recent decades have witnessed a surge in firms’ market power. This paper contributes
to the debate on the consequences of international trade competition on firms market
power by looking at the impact of the Chinese surge in world trade on the distribution
of markups and other measure of market power for the Belgian manufacturing sector
over the period 2000-2015.

We use balance sheet and trade data to estimate firm level markups and produc-
tivity at the firm level, and we compute additional aggregate sector level measures of
market power, as HHI and CR4 concentration measures.

We find that sectors that are relatively more exposed experience higher degree
of market power in the form of higher level and dispersion of markups, higher con-
centration, but also higher productivity growth. These changes are not driven by
reallocation between firms, but by within adjustments of the incumbents. Over-
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all, these evidences point to a winner-take-all type of rational behind the observed
increase in market power.
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