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Abstract
The market power of U.S. firms has risen over the last four decades. Corporate
price markups, market concentration and profit margins have all increased. Yet,
the magnitude of these trends differs across industries. This paper argues that the
heterogeneity in the market power dynamics across sectors can be explained by the
different exposure to ICT. To show it, we build a model of a sector where firms
differ by their productivity level, and they compete under oligopolistic competition.
Their price markups, profits and market shares are all endogenous and determined
by market conditions. ICT accelerates the rate of obsolescence of innovations and
increases the turnover of leaders over the productivity distribution. This leads to
reallocation of market shares towards the most productive firms that charge the
lowest price. Their cost leadership allows them to impose the highest markups and
gain the steepest profits. U.S. and European data confirm these predictions.
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1

Introduction

The market power of U.S. firms has risen over the last four decades. Price markups,
market concentration and profit margins have all increased. Yet, the magnitude of these
trends strongly differs across industries.
The observed trends in market power coincided with two major shifts affecting the U.S.
firms: increase in barriers-to-entry and diffusion of ICT. We study to what extent these
two trends can explain the heterogeneity in the market power dynamics across sectors. We
build a model of a sector where firms differ by their productivity level, and they compete
under oligopolistic competition. Their price markups, profits and market shares are all
jointly endogenous and determined by market conditions. We show that the observed
trends can only arise in an economic environment where both - increase in barriers-toentry and diffusion of ICT - are present. However, the heterogeneity in the magnitude of
the increase in market power occurs due to the differences in the exposure to the ICT.
We first show empirically that sectors display different markups’ dynamics, conditional
on the exposure to ICT. Both in the U.S. Compustat and the European CompNet data,
markups in high-ICT sectors (high exposure to ICT) are higher than in low-ICT sectors
(low exposure to ICT) and display much steeper growth rates.
To analyse the impact of ICT on market power dynamics, we build a model of a sector
that reflects the current market structure of a typical U.S. industry. This industry has
a granular and oligopolistic structure and is populated by a finite number of firms that
differ by their idiosyncratic productivity level. The business dynamics are captured by
sequential idiosyncratic exit, entry, and productivity shocks. The model structure implies
endogenous and time-varying markups, which increase in the market share. The intuition
is straightforward: a firm endowed with the highest productivity, and thus with the lowest
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marginal cost, is able to charge the lowest price and to expand its market share. Its cost
leadership allows it to charge the highest markup.
We use this economy to investigate the impact of a shift in entry costs and in technology
on market power dynamics. To capture different trends that occured in high-ICT and
low-ICT sectors, we design two experiments which only differ by the sector’s exposure
to technology. Given that higher barriers-to-entry have been experienced by all sectors
in the economy, both experiments entail a sharp exogenous increase in entry costs (e.g.
Goldschlag and Tabarrok (2018), Davis (2017)). Only the high-ICT sector is exposed to
the new technology.
ICT has accelerated the rate of obsolescence of new technologies shortening the lifecycle of innovations, e.g. Koh, Santaeulàlia-Llopis, and Zheng (2020) and Bloom, Jones,
Van Reenen, and Webb (2020). This higher obsolesce rate is captured in our model by a less
persistent and more volatile productivity distribution and, from the firms’ perspective, a
higher likelihood of changing position in the productivity distribution. Firms are therefore
more likely to become a sector leader but also more likely to lose their leadership position.
We contrast the transition paths of our simulated high-ICT and low-ICT sectors. The
initial inspection of the untargeted moments suggests that the model replicates well the
heterogeneity in recent trends in market power dynamics.
The transition paths in both sectors display a slowdown in business dynamics, reflected
in the declining number of firms over the transition path. The mechanisms underlying the
observed trends are however very different, conditional on the ICT exposure. In the lowICT sector, in the absence of a technological change, the sharp increase in entry costs
prohibits new firms from entering. As a result, the slowdown in business dynamism is
driven by the exit of small and unproductive firms. In contrast, the reduction in the
number of firms populating high-ICT sector is driven by a decline in the number of highly
3

productive firms, which at the same time become larger. This is because an increase
in the obsolesce rate entails higher chances of losing the leadership position in terms of
productivity. If this happens, a large available market share is reallocated to the surviving
very productive firms.
The reallocation mechanism is a distinctive feature of high-ICT sectors. Both in the
model and in the data, the reallocation of market shares towards most productive firms
primarily drives the markups’ growth. The weighted sectoral markups increase because
most productive firms hold higher market shares and exploit their leadership position to
further raise their markups. In contrast, the increase in entry costs only alters the firms’
composition of the sector and triggers a modest increase in markups. These patterns
characterize low-ICT sectors, both in the model and in the data.
We directly test the main mechanism of the model on U.S. (Compustat) and European
data (CompNet). Cross-section analysis of NAICS 3 Compustat data between 1965 and
2016 validates the intuition of the model. In sectors that have been exposed the most to
the ICT, reallocation of market shares has been the most prevalent. This reallocation has
been, in turn, associated with the steepest growth in markups. The analysis of the panel
of 7 European economies delivers similar conclusions. The increase in markups in highICT sectors, in these economies, has been the largest and triggered by the reallocation of
market shares.

Related literature
Our paper is related to the growing literature exploring the rise in market concentration
and markups in recent decades (e.g. Grullon, Larkin, and Michaely (2019) and De Loecker,
Eeckhout, and Unger (2020)). Autor, Dorn, Katz, Patterson, and Van Reenen (2020) attribute these developments to the rise of superstar firms, whose advantage in productivity
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allows them to increase their market shares, without necessarily compromising consumers’
welfare and firms’ investments. De Loecker et al. (2020) and Gutiérrez and Philippon
(2019) argue, instead, that the observed increase in the market concentration and markups
reflects an increase in the market power of large firms as well as a reduction in the competition within U.S. industries. In a way, this paper reconciles both hypotheses. Although
higher obsolesce rate of innovations is the key trigger of the reallocation of market shares,
an increase in fixed entry cost amplifies the increasing trend in markups.
Several studies, including Bessen (2017), Calligaris, Criscuolo, and Marcolin (2018),
Bijnens and Konings (2018), Diez, Fan, and Villegas-Sánchez (2019), and Akcigit et al.
(2021), have documented the heterogeneous growth of markups and market concentration,
conditional on the exposure to the ICT or to digital technologies. To the best of our
knowledge, this paper is the first to offer a theoretical framework that can rationalize
these findings.
More broadly, we are not the first to link the technological change to the increase in
market power. Aghion, Bergeaud, Boppart, Klenow, and Li (2019), De Ridder (2019)
and Olmstead-Rumsey (2019) provide theoretical frameworks that can jointly explain the
increase in market power and the decline in productivity growth. Our paper is different
from these studies in two key dimensions. First, we use a different modelling framework
where the key friction arises from oligopolistic competition, when consumers display love
for variety. This leads to a product market where multiple firms are active at the same
time with non-zero market shares. Second, in contrast to Aghion et al. (2019), De Ridder
(2019) and Olmstead-Rumsey (2019) who mainly focus on aggregate dynamics, our paper
studies the role of the technology in shaping the magnitude of the growth in markups and
market concentration across sectors.
The importance of reallocation in high-tech for business dynamics has been detected
5

earlier, in the context of labour markets. Decker, Haltiwanger, Jarmin, and Miranda (2020)
document a temporary burst in job reallocation rate in high-tech and high-tech manufacturing industries in the 1990s amidst decline in job reallocation rates in the manufacturing
sector and the economy overall.
In our model, the most productive firms determine market concentration and markups’
dynamics. The proposed mechanism conceptually builds on Gabaix (2011) since, in our
environment with a finite number of firms, idiosyncratic shocks propagate to the aggregate
economy. The most recent contributions to the literature studying the role of large firms
for the aggregate dynamics include Carvalho and Grassi (2019) and Burstein, Carvalho,
and Grassi (2019). In contrast to these papers, which study business cycle fluctuations,
we focus on long run dynamics across sectors.
Our propagation mechanism relies on firms’ stochastic entry and exit dynamics in the
spirit of Jovanovic (1982) and Hopenhayn (1992). Importantly, to capture more realistically the current market structure of U.S. sectors, our framework departures from the
competitive environment of a continuum of firms in Hopenhayn (1992). We propose an
environment characterized by a finite number of heterogeneous firms competing under
oligopolistic competition, which is inspired by the seminal contribution by Atkeson and
Burstein (2008) and shares similarities with the more recent De Loecker, Eeckhout, and
Mongey (2019). Although, as in De Loecker et al. (2019), we uncover the importance of
changes in both market structure and technology to shape the observed trends, we focus on
differences in sectoral dynamics instead of aggregate trends. Also, in contrast to Atkeson
and Burstein (2008) and De Loecker et al. (2019), we present a fully dynamic model with
sequential and forward-looking entry, that allows us to endogenize the number of potential
entrants in each period. As a result, this environment captures realistic business dynamics because the number of entrants is determined period-by-period by changes in market
6

conditions.
The remainder of this paper is organized as follows. Section 2 describes the heterogeneity in the degree of the increase in market power in the U.S. and links it to the use of ICT.
In section 3, we describe a tractable, oligopolistic competition model with a finite number
of firms populating a single sector. In section 4, we expose the calibration strategy. Section
5 carries out the main quantitative exercise where we compare the transition dynamics of
a high-ICT sector with the one of a low-ICT sector. In Section 6, we confront our model
directly with the data and test the model’s mechanism using the U.S. Compustat data
and the European CompNet data. Section 7 concludes.

2

Facts

We start by presenting a set of empirical facts related to the increase in market power in
the U.S. over the last four decades. First, using the findings of the existing studies, we
briefly describe the rise in market power and highlight the fact that its magnitude varies
across sectors. Next, we show that the extent of its heterogeneity can be traced back to
technology, and in particular, to the sectoral exposure to ICT. Finally, we argue that, in
contrast to a dissimilar exposure to ICT, sectors have experienced a similar increase in
entry barriers, which makes the latter an unlikely driver of the divergent trends in market
power observed across sectors.

2.1

Heterogeneous increase in market power and the ICT

There is a considerable body of empirical evidence showing the growing market power of
U.S. firms, over the last four decades. A wide range of U.S. industries has experienced an
increase in concentration of sales and employment, and an increase in markups and profit
margins. This has been well documented by Autor et al. (2020), De Loecker et al. (2020),
7

Grullon et al. (2019), and Gutiérrez and Philippon (2017), among others.
A less known fact is that there are large differences in the degree to which sectors
have experienced the recent increase in market power. De Loecker et al. (2020) show
heterogeneity in the rise of markups and Autor et al. (2020) document dissimilarities in
the market concentration dynamics. Figure A.1 of their paper shows, for instance, that
there has been hardly any increase in concentration in wholesale trade between 1980 and
2015. In contrast, in retail trade, the concentration increased by 6pp, over the same
period. A growing empirical literature shows that the differences in the sectoral trends
can be systematically linked to technology.
Calligaris et al. (2018) and Diez et al. (2019) document a positive correlation between
the use of digital technologies and the rise of markups, and Brynjolfsson, McAfee, Sorell,
and Zhu (2008) and Bessen (2017) between market concentration and IT use. Similarly,
Bajgar, Criscuolo, and Timmis (2021) find that sectors characterized by higher than average intangible investments experienced a greater increase in concentration. Bijnens and
Konings (2018) argue that the decline in business dynamism is stronger in industries with
a higher IT intensity.
Figure 1 plots the evolution of average markups in sectors with high exposure to ICT
(black lines) and sectors with low exposure to ICT (purple lines). Data come from Compustat, over the period between 1960 and 2016, and the definition of high versus low ICT
users is based on the industries’ classification by Kile and Phillips (2009)1 .
The markups at the firm level are calculated according to: µit = θitv PPitvQVitit , as in
it

De Loecker et al. (2020). The output elasticities,
1

θitv

are time-varying, sectoral-level

High-ICT are sectors that are intensive ICT users, in contrast to the ICT producers. ICT production
would be captured by endogenous growth models as in Aghion et al. (2019), De Ridder (2019) and
Olmstead-Rumsey (2019)
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Figure 1: Evolution of average markups in high-ICT and low-ICT sectors in the U.S.

Notes: The graph presents the average markups for high-ICT sectors in Compustat (black solid
line) and the underlying HP-filtered trend (black dotted line), and for low-ICT sector (purple solid
line) and the underlying HP trend (dashed purple line). Firm level markups are computed according
v Pit Qit
v
to: µit = θit
, with θit
being time-varying, sectoral-level (NAICS 3) median output elasticities
vV
Pit
it
estimated using cost shares as in De Loecker et al. (2020). The left panel of the figure plots the
markups with elasticities calculated from the share of production costs to the sum of total costs
(production, including overhead and capital expenses). The right panel shows the markups with
elasticities derived from the shares of production costs in total costs (production including overhead,
it
capital and administrative expenses). The inverse of the revenue share of the variable input, PPitv Q
,
it Vit
is proxied by the ratio of real sales to real production costs of a firm. The NAICS 3 sector level
markups are obtained by weighing the firm level markups by the firms’ total costs of production,
including overhead, capital and administrative expenses.

(NAICS 3) median output elasticities estimated using cost shares.2 Both the level and the
increase in markups are higher in the left panel and are similar to the benchmark results
in Figure 1 of De Loecker et al. (2020). Despite the differences, both panels show that the
markups in the sectors with high ICT exposure are systematically above the ones with the
low ICT exposure and that the difference between the two increases over time.
Table 1 contrasts a set of markups’ moments in high versus low-ICT sectors for markups
2

The cost shares used to calculate the left panel output elasticities and markups are in terms of (i) the
costs related to production, including overhead, and (ii) capital expenses, and are higher than the ones in
the right panel, which also include administrative expenses.
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Table 1: Summary statistics of markups in high-ICT and low ICT sectors
Markup
µ1
µ2
µ3
µ4

Mean µ
1.68
1.71
1.10
1.12

Med µ
1.54
1.56
1.08
1.09

High-ICT
Mean ∆µ
38.3%
44.1%
5.4%
9.4%

Med ∆µ
31.4%
32.8%
8.3%
11.1%

Mean µ
1.35
1.36
1.03
1.04

Low-ICT
Med µ
1.29
1.29
1.03
1.03

Mean ∆µ
19.2%
20.2%
5.07%
6.14%

Med ∆µ
1.3%
2.2%
-1.9%
-1.4%

Notes: This table shows the summary statistics of sectoral markups for high-ICT sectors (left panel)
and low-ICT sectors (right panel) in Compustat between 1960 and 2016. Markups are computed
v Pit Qit
. For markups µ1 and µ2 , the output elasticity is derived from production
according to:µit = θit
vV
Pit
it
cost shares defined as the ratio of production costs relative to the sum of (i) the costs of production,
and (ii) capital expenses. For markups µ3 and µ4 , the output elasticity is derived from production
cost shares defined as the ratio of production costs relative to the sum of (i) the costs of production,
(ii) capital expenses, and (iii) administrative expenses. Markups µ1 and µ3 are cost weighted and
markups µ2 and µ4 are revenue weighted. ∆ denotes the change between the last and the first
observation.

computed in four different ways. The first column indicates the type of markup used to
compute the moments reported in the eight columns that follow. All four measures of
markups display a higher mean in more ICT intensive sectors (column 2) relative to the
less ICT intensive sectors (column 5). The cost weighted markups, µ1 and µ3 , are slightly
lower than their revenue weighted counterparts, µ2 and µ4 . The distribution of markups
in the high-ICT sectors is more skewed to the right as the median is below the mean
(column 3). This illustrates the well documented fact that the growth in sectoral markups
is primarily driven by a few high-markup firms (e.g. De Loecker et al. (2020)).
The differences between high and low-ICT sectors are even more pronounced when
investigating growth rates. In line with the patterns displayed in the left panel of Figure
1, the first two measures of markups, µ1 and µ2 , suggest a cumulative increase in highICT markups of about 40%, more than two times higher than the one observed in lowICT sectors. The two alternative markup measures µ3 and µ4 document a striking result.
Median change, between 1960 and 2016 in low-ICT markups has been, in fact, negative.
In contrast, in sectors with high ICT intensity, median growth has been 5% or 6%, over
the same period, depending on the markup measure.
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Figure 2: Evolution of average markups in high-ICT and low-ICT sectors in Europe

Notes: The graph presents the average markups for high-ICT sectors in CompNet (black line)
and low-ICT sector (purple line). The four panels plot De Loecker and Warzynski (2012) markups
computed using translog production function approach given the firm intermediate input decision.

Although publicly traded firms, covered by Compustat, account for 29% of the private
US employment (Davis et al., 2006), there is a concern that they are not representative
of the distribution of the universe of firms. We therefore rely on a second dataset, CompNet, that provides statistics computed for a representative sample of firms across Europe.
However, this comes at the cost of covering a much shorter sample period.
Figure 2 plots markups in four different countries: Slovenia, Romania, Spain and the
Netherlands. Similar to the U.S. data, markups in Europe are always higher in sectors
with higher exposure to ICT. To classify the sectors across Europe into high and low-ICT,
we rely on the definition by Calvino, Criscuolo, Marcolin, and Squicciarini (2018).
Table 2 reports summary statistics of the markups in eleven European countries. We
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Table 2: Summary statistics of markups in high-ICT and low- ICT sectors in
Europe.
High-ICT
Low-ICT
Country
µ
∆µ
µ
∆µ
Sample
Netherlands
1.32
0.04
1.25
0.01 2008-2017
Croatia
3.83
0.48
2.07
0.17 2003-2017
Finland
1.34
-0.01
1.22
-0.02 2000-2017
France
4.45
0.15
1.81
0.4
2005-2016
Germany
1.33
-0.08
1.24
-0.08 2002-2017
Lithuania
1.33
0.16
1.18
0.15 2001-2016
Belgium
1.12
0.01
1.13
0.05 2004-2017
Portugal
1.78
0.09
1.67
0.01 2010-2017
Romania
1.25
0.021
1.16
0.98 2006-2016
Slovenia
1.29
0.08
1.17
0.06 2003-2017
Spain
2.36
0.15
1.80
0.07 2009-2017
Notes: This table shows the summary statistics of sectoral markups for high-ICT sectors
(left panel) and low-ICT sectors (right panel) in CompNet. The sample varies depending on
the country. The markups are computed using translog production function approach given
the firm intermediate input decision (De Loecker and Warzynski (2012)).

draw the markup series directly from CompNet, where they have been computed using
De Loecker and Warzynski (2012) approach with translog production function. Since
firm-level data in CompNet are aggregated to decile levels of the firms’ distribution within
sectors, we only report the means in Table 2. There is a large amount of heterogeneity
in the levels and changes of markups across countries. In two countries, Finland and
Germany, the markups have even declined during the last 15 years. Nevertheless, the
table confirms the result earlier established with the Compustat data. In all but one
country (Belgium), markups in sectors with higher ICT exposure are above those with
lower ICT exposure (columns 2 and 4). Similarly, in most countries, markups have grown
faster in high-ICT sectors than in low-ICT sectors (columns 3 and 5).
The summary statistics reported in Tables 1 and 2 suggest therefore that the recently
observed increase in markups has been primarily driven by the dynamics of markups in
ICT intensive sectors.
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2.2

Entry Costs

A sharp decline in aggregate entry rates of both firms and establishments and in the
absolute number of entrants has been observed in the U.S since the 1980s. Data from the
Business Dynamics Statistics (BDS) suggest that the decline is approximately in the order
of 25 − 30% and 20 − 15%, respectively.
An increase in entry costs has been proposed as one of the main reasons for the observed
decline in the U.S. business dynamism, e.g. Gutiérrez, Callum, and Philippon (2019) and
Gutiérrez and Philippon (2019). The literature identified several possible reasons for
the increase in entry costs such as regulation, technology, globalization or demographic
changes.
An increasing number of studies emphasize the importance of regulation for the recent
increase in barriers-to-entry. Specifically, Davis (2017) and Gutiérrez et al. (2019) argue
that the observed increase in these barriers is the result of the growing complexity of
regulation. Similarly, Gutiérrez, Jones, and Philippon (2021) show that entry costs shocks
correlate with shocks to changes in the complexity of regulation. Goldschlag and Tabarrok
(2018) argue that the shift in regulation is an economy-wide phenomenon and, during the
last several decades, almost every sector has seen its increase. The reason is that most
of the recent regulations have been issued by the Environmental Protection Agency that
primarily focuses on aggregate outcomes.
Importantly, although some sectoral variation in the degree of complexity exists between industries, Goldschlag and Tabarrok (2018) show that they are not predictive of the
sectoral heterogeneity in business dynamism. Therefore, we treat the regulation-induced
increase in entry costs as a common economy-wide phenomenon, which impacts each industry with the same magnitude.

13

3

Model

To analyse the recent dynamics of market power we build a framework, inspired by the
seminal contribution by Atkeson and Burstein (2008), that reflects the current market
structure of a typical U.S. industry. Our framework is closely related to the recent work
by De Loecker et al. (2019), but we present a fully dynamic model with sequential and
forward-looking entry, that allows us to endogenize the number of potential entrants in
each period. As a result, we capture realistic business dynamics where the number of
entrants is determined period-by-period by changes in market conditions, similarly to
Edmond, Midrigan, and Xu (2018).
In our environment firms differ by their productivity level and they compete under
oligopoly. The economy is populated by a finite number of firms. This is important because it implies that every incumbent possesses a non-atomistic mass, which translates into
a strictly positive market share that depends on firms’ relative productivity level. Idiosyncratic markups grow monotonically in idiosyncratic market shares. Business dynamism
depends on endogenous entry, exogenous exit and idiosyncratic productivity shocks. Since
the core dynamics take place on the firms’ side, a simple representative household is modelled on the demand side, in the spirit of Bilbiie, Ghironi, and Melitz (2012).
We use this benchmark framework to investigate the impact of two features present in
the data and described in the previous section. First, we impose an increase in entry costs
in a sector. This experiment approximates the behaviour of a low-ICT sector. Next, in
addition to the same entry costs shock, the model economy is exposed to a new technology
that changes the productivity distribution of firms: this proxies a high-ICT sector. We
then compare the paths of markups and concentration between the two scenarios.
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3.1
3.1.1

Firms and Competition
Production

The economy features a single sector in which firms compete under oligopolistic competition á la Cournot, producing differentiated varieties y(i), where the index represents firm
type i 3 . After the production takes place, the individual goods are aggregated into the
bundle Yt through a standard C.E.S. function. The aggregate output Yt is used solely for
consumption purposes. We assume that the economy is populated by a finite number of
firms Nt and, as a result, every incumbent possesses a non-atomistic mass, which is reflected in a strictly positive market share. This market share depends on the idiosyncratic
productivity level and on the number and type of active competitors. When allowing for
oligopolistic competition, the distribution of the market shares has a clear impact on the
markup distribution: our focus justifies this assumption.
Firms draw their productivity level x(i) from a known discrete distribution function
f (x). Idiosyncratic productivity is assumed to be time-varying and its dynamics can be
summarized by a stationary and non-degenerating Markov process: in each period t, qij
represents the probability of moving from productivity level x(i) to x(j) between period
P
t and period t + 1 and j qij = 1, ∀i. The number of distinct and active productivity
levels, i.e. the number of firm types, is represented by S.4
Within each productivity type firms are identical and, thus, they are entirely identified
by their productivity level. To simplify the notation, in the following, the variables related
to a firm with a productivity, x(i), are identified by the index (i). Each firm type i
produces an imperfectly substitutable good yt (i), which is aggregated into the bundle Yt .
3

The case of Bertrand competition is described in Online Appendix 2.
It is important to specify active. We model S + 1 types: the type 0, i.e. the firm with productivity
x(0), mimics a productivity level that is not enough to guarantee firm survival and it is a proxy for fixed
costs of production, which are not modelled explicitly. Thus, if a firm draws this productivity it is forced
to leave the market immediately and this allows us to focus on the dynamics of S types only.
4
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The aggregator function is a standard C.E.S. function for discrete aggregation:
θ
θ
# θ−1
# θ−1
"N
" S
t
X
X
θ−1
θ−1
Yt ≡
=
yt (j) θ
Nt (i)yt (i) θ
j=1

(1)

i=1

where θ is the elasticity of substitution between varieties, with θ > 1, Nt (i) is the number of
firms endowed with productivity level i, and Nt represents the total number of incumbents.
Production is linear in labor lt (i) and depends on the idiosyncratic productivity xt (i),
which acts as a labor-augmenting technology:
yt (i) = xt (i)lt (i)

(2)

Firms compete under oligopolistic competition a la Cournot.5 Firms maximize their
per-period nominal profits by choosing the optimal quantity yt (i):
max pt (i)yt (i) − Wt lt (i)

(3)

yt (i)

Subject to (2) and to the aggregate demand constraint:

−θ
pt (i)
yt (i) =
Yt
Pt
where Wt is the nominal wage, while Pt is the aggregate price index, defined as a function
i 1
i 1
hP
hP
Nt
S
1−θ 1−θ
1−θ 1−θ
of the individual prices pt (i) as: Pt ≡
=
.
j=1 pt (j)
i=1 Nt (i)pt (i)
In Online Appendix 2, we show that under this form of competition the optimal real
price ρt (i) = pt (i)/Pt satisfies:
ρt (i) = µt (i)

wt
xt (i)

(4)

where wt = Wt /Pt is the real wage. As in Edmond, Midrigan, and Xu (2015), the markup
µt (i) can be defined as a function of the market share ωt (i), where ωt (i) = ρt (i)1−θ given
our structural assumptions about the sector(s). The markup µt (i) reads as:



θ
1
µt (i) =
θ−1
1 − ωt (i)
5

(5)

Under the chosen specification, incumbents internalize that the quantity they select affects the sectoral
output Yt , but not the total expenditure Pt Yt allocated to consumption.
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Note that equation (5) nests monopolistic competition case: when ωt (i) → 0 the resulting
markup is the standard θ/(θ − 1), independent from the number and type of competitors
and from the idiosyncratic productivity level. Our markup captures both features through
the market share and can be summarized as an extra idiosyncratic markup over the monopolistic benchmark which increases in the relative productivity level. The markup in (5)
also increases in the market share ωt (i) and decreases in the real idiosyncratic price ρt (i).
Using equation (4) and the aggregate demand constraint, we can write the real profits for
the firm with productivity x(i) as:

dt (i) =

1
1−
µt (i)



ρt (i)1−θ Yt

(6)

Profits dt (i) are increasing in the markup µt (i), with a lower bound on zero whenever
µt (i) = 1, as under perfect competition. Given that the markup is increasing in the
market share, profits are increasing in the market share as well. The intuition is straightforward: a firm endowed with technology x(S) and associated lowest marginal cost is able
to charge the lowest relative price, with respect to the other incumbents. Because of its
cost leadership, it gains largest market share and can charge, in turn, higher markups that
generate higher profits.
3.1.2

Composition and Reallocation in the Average Price Markup

A simple average markup in a sector can change for two reasons: either the composition of
the population of firms in the sector changes or the market shares are reallocated between
the incumbents.6 We call these two channels composition and reallocation channel and
assess their individual impact on the average sectoral markup. For the sake of simplicity,
we focus the following discussion on the simple average markup, although the results are
6

In this simple example we do not distinguish between within changes in the composition of the
incumbents and changes in composition driven by new entrants/exiting firms.
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similar for weighted markup. Using the definition of idiosyncratic price markup in (5), the
average price markup in a sector µ̄t can be rewritten as:
" S
#
X
θ
µ̄t =
γt (i)εt (i)
θ − 1 i=1

(7)

where γt (i) represents the period-t fraction of type i firms over the total number of incumbents, namely

Nt (i)
,
Nt

and εt (i) describes the inverse of the complement of the type-i

idiosyncratic market share, i.e.

1
.
1−ωt (i)

Note that εt (i) is increasing in the market share

ωt (i) and that ωt (S) > ωt (S − 1) > ... > ωt (1), hence εt (S) > εt (S − 1) > ... > εt (1).
Composition channel Ceteris paribus, a change in the composition of the industry that
results in relatively higher number of low productive firms, leads to a decrease in the
average price markup µ̄t . The opposite is true if the relative number of superstar firms
increases.
Reallocation channel Keeping the composition of the sector unaltered, a reallocation of
market shares from small to large incumbents increases the average price markup, µ̄t , e.g.
a decrease in εt (1) and an increase in εt (S) increase µ̄t if the γt (i) are kept constant. We
derive the intuition of reallocation channel in Online Appendix 3.
In our general equilibrium framework, the two channels are not entirely independent
of each other. Every change in the relative number of competitors alters not only the
composition of the sector but also the competitive pressure and, as a result, the relative
prices. Given our market structure where the market share directly depends on the relative price, ωt (i) = ρt (i)1−θ , this leads to a reallocation of market shares. In the model
simulations, we will discuss in detail how each shock affects the price markup and through
which channel primarily, both for unweighted and weighted average markups.
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3.1.3

Idiosyncratic Exit, Entry and Productivity Shocks

Firms are subject to idiosyncratic entry, productivity and exit shocks. At the beginning
of period t, surviving incumbents from period t − 1, Nts (i), are hit by productivity shocks,
whose ex ante type-specific probabilities are known and determined by a Markov process.
The potential entrants also draw a productivity level, x(i), which determines whether the
firms can successfully enter the market. At the very end of period t, each firm can be hit
by an idiosyncratic exit shock. The timing of the shocks’ occurrence is summarized in the
timeline and explained in detail below.
Nt (i)
entry Nt (i) + Nte (i) exit
t

shocks

s
(i) productivity Nt+1 (i)
Nt+1

t+1

shocks

shocks

Before entering the market, each potential entrant draws a productivity level x(i) from
a discrete distribution function f (x), the same as the incumbents’. With probability Ω0 ,
the potential entrant is successful, i.e. with probability 1 − Ω0 the firm draws the null
productivity and cannot join the market. Given the number of potential entrants Mt , the
number of successful entrants Nte follows a binomial distribution with success probability
Ω0 and Mt trials:
P r [Nte

 
Mt
= x] =
(Ω0 )x (1 − Ω0 )Mt −x
x

(8)

where 0 ≤ x ≤ Mt . Conditional on successful entry, there is a probability Ωi of drawing
the productivity level x(i). Again, given Nte , the type of successful entrants follows a
multinomial distribution with Nte trials, in formula:
P r [Nte (i) = x, Nte (j) = yj ] =

Nte !
x!

QS

j=1,j̸=i yj !

Ωxi

S
Y

y

Ωj j

(9)

j=1,j̸=i

where j represents all the types j for which j ̸= i and xj all the possible discrete values
P
P
for all the j types such that x + j yj = Nte . Moreover, note that Si=1 Ω(i) = 1. Given
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the realization of the stochastic process, the following must hold:
S
X

Nte (i) = Nte

(10)

i=1

After the successful draw, and before knowing the exact productivity level assigned for
period t, entry cost must be paid by each entrant in order to join the market. Real entry
costs are measured in terms of units of labor and they are equal to fe,t wt .7 The entry fee
fe,t wt is payed conditional on successful entry only. Firms enter the market up to the point
where their expected value is at least equal to the cost of entry. The free entry condition
is:
"
(1 − Ω0 ) 0 + Ω0

S
X

#
Ωi ei,t (i) − fe,t wt ≥ 0

(11)

i=1

where ei,t (i) is the value of the potential entrant when the productivity x(i) is drawn. The
value of a potential entrant can be written recursively:
"
ei,t (i) = Et Λt+1,t (1 − δ(i))

S
X

#
qij (di,t+1 (j) + ei,t+1 (j))

(12)

j=1

where Λt+1,t is the stochastic discount factor between period t and period t + 1, δ(i) is
the type-specific exit probability and di,t+1 (j) is the period t + 1 profit for the marginal
entrant that joins with productivity x(i) in period t and it is endowed with productivity
x(j) in period t + 1. When considering entry, the marginal entrant internalizes that its
action affects the (expected) number of operating firms in the following periods, hence the
subscript

i

in the variables, to distinguish them from the incumbents’ ones. This effect

in known in the literature as the business stealing dynamics. In particular, the value of a
potential entrant is different from the value of an incumbent since the first considers that,
by entering in the market with a productivity x(i), the expected number of competitors
7

Alternatively, we could have specified entry cost in terms of consumption. However, under this
specification, profits are increasing in entry, if entry is low enough.
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of type j in the following period is:
Et Nt+1 (j) = qij (1 − δ(i)) (Nte (i) + Nt (i) + 1) +

S
X

[qkj (1 − δ(k)) (Nte (k) + Nt (k))]

k=1,k̸=i

(13)
for j ∈ [1, S]. This has an impact on the expected sectoral price and, hence, on the
expected profits and firm value and it is a direct consequence of the assumption of the
finite number of firms.
The number of potential entrants Mt is pinned down, in each period, by a sequential
selection mechanism: given the number of incumbents and their type, the first potential
entrant evaluates the entry condition above under the veil of ignorance, i.e. without
knowing its own productivity level. If the condition is positive, a second potential entrant
decides if entry is still profitable, again without knowing its own type, nor the one of the
first potential entrant, but internalizing the entry decision of the latter and with perfect
knowledge of the market and its active competitors. This selection continues until the
condition turns negative for the potential entrants number Mt+1 , and this pins down Mt .
At the very end of period t, each firm i can be hit by an idiosyncratic exit shock with
a time invariant exogenous probability δ(i). The exit shocks realize after the entry of
new firms has occurred, and they can hit potentially every firm, not only the incumbents
already operating in the market. Since the entrants can start producing only in the period
that follows their entry, as in Bilbiie et al. (2012), new firms may be forced to leave the
sector even before being active. This assumption simplifies the formalization of the budget
constraint of the household, in particular of the investment decisions.
After exit has occurred at the end of period t, the economy enters period t + 1 with a
s
given number of surviving firms of type (i) Nt+1
(i). Conditional on the number of survivors,

the number of incumbents of each type in period t + 1 is determined by the realization of
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idiosyncratic productivity shocks.8 In particular, the number of firms endowed with the
s
productivity x(i) in period t which survives in period t + 1, i.e. Nt+1
(i), follows a binomial

distribution with success probability 1 − δ(i) and Nte (i) + Nt (i) trials. Formally:
 s

P r Nt+1
(i) = x =


 e
e
Nt (i) + Nt (i)
[1 − δ(i)]x [δ(i)]Nt (i)+Nt (i)−x
x

(14)

for i ∈ [1, S] and 0 ≤ x ≤ Nte (i) + Nt (i) where x is an integer. To conclude, a description of the productivity shocks follows. Given the number of survivors of each type, the
realization of multinomial distributions determines the fraction of survivors endowed with
i
productivity x(i) that keeps their own productivity level, i.e. Nt+1
(i), against the number
i
(j).9
of survivors that switch to any of the remaining types j, Nt+1

 i

i
P r Nt+1
(i) = x, Nt+1
(j) = yj =

x!

s
Nt+1
(i)!
QS

j=1,j̸=i yj !

qiix

S
Y

y

qijj

(15)

j=1,j̸=i

The following holds after the realization of the productivity shocks:
s
Nt+1
(i) =

S
X

i
Nt+1
(j)

(16)

j=1

After the realizations of these processes, the number of firms for each type in period t + 1
can be computed as:
Nt+1 (i) =

S
X

j
Nt+1
(i)

(17)

j=1

These specifications determine the number of firms in period t + 1 and their types, which
are considered as given by the households in period t + 1.
8

The law of large numbers cannot be used in our framework due to the finite number of firms. As a
result, it is not possible to reduce the idiosyncratic stochastic processes to their expected values, making
the aggregate exit, entry and productivity dynamics deterministic laws. Due to this feature, the law of
motion of firms evolves according to (the realization of) binomial distributions. This is the reason why
we continue to talk about exit, entry and productivity dynamics as shocks.
9
The same result can be obtained by using a chain of conditional binomial distribution, as shown in
Online Appendix 5.
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3.2

Households

The household side of the economy is kept as simple as possible. The economy is populated
by a continuum of identical households of unitary mass. The representative household
consumes an aggregate consumption bundle ct and supplies labor Lt . The quantity of
labor supplied has two purposes: a fraction of the aggregate labor supply is employed
in the production process and the remaining part is used to invest in new firms.10 The
aggregate consumption bundle can be defined through a discrete C.E.S. aggregator as:
θ
θ
! θ−1
! θ−1
Nt
S
X
X
θ−1
θ−1
ct ≡
ct (j) θ
=
Nt (i)ct (i) θ
(18)
j=1

i=1

where ct (i) is the consumption of the variety produced by a firm with productivity x(i).
P t
The minimization of the total expenditure N
i=1 pt (i)ct (i) subject to equation (18) delivers

−θ
the following demand function: ct (i) = pPt (i)
ct .
t
The household can invest in a portfolio that represents the ownership of the firms, by
purchasing shares xt+1 . Finally, the households receive the rents Ft from the investment
fund which pays the entry costs for every successful entrant. The rents equal, thus, the
difference between the total value of the entrants and the total entry costs paid.
The household maximizes her lifetime utility in real terms, U :


1
1+ ϕ
∞
X
L
U = E0
β t ln ct − χ t 1 
1+ ϕ
t=0

(19)

where ct and Lt are aggregate consumption and labor supply, as defined above, 0 ≤ β ≤ 1
is the discount factor, χ ≥ 0 is a scale parameter for the disutility of labor, useful for
10

In the standard
competition, the marginal entrant has atomistic mass. Hence,
PS model with monopolistic
PS
in equilibrium: i=1 et (i)Nte (i) = i=1 ei,t (i)Nte (i) = Nte wt fe,t = wt Let , where Let is the fraction of labor
supplied used to repay entry costs. However, in this setting, et (i) ̸= ei,t (i) and profits possibilities are not
exploited completely due to the integer nature of the number of competitors and entrants. Due to these
issues, we must assume the existence of an investment fund. The fund creates new firms at their costs
and sell them at their higher value to the households. Given that profit possibilities are not exhausted,
the fund makes positive profits, and these rents are distributed as lump sum transfers to the households,
closing the budget constraint. With the introduction of the fund, in equilibrium we still have that the
labor supply that is used to invest in new firms, i.e. Let , is equal to Nte fe,t .
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calibration, and ϕ > 1 represents the elasticity of labor supply. The maximization is
subject to the budget constraint:
ct + xt+1 Vt+1,t = Lt wt + xt Vt + Ft

(20)

For the sake of clarity, the period t value of the entire portfolio, gross of dividends, is represented here by Vt , while Vt+1,t describes the period t value of the new portfolio purchased
in period t to be carried to period t + 1. Given the definition above, wt Lt describes the
total labor income.
The value of the portfolio is the sum of the net-of-dividend value of the portfolio in
period t, At , and dividends payments, Dt :
Vt = At + Dt =

S
X

!
[et (i) + dt (i)] Nt (i)

(21)

i=1

Entry occurs in the beginning of period t, when the representative household purchases
the portfolio to be brought to period t + 1. Because this happens before the exit shock
occurs (end of period t), the household does not know the number of surviving firms and
finances them all. The value of the purchased portfolio is:
Vt+1,t =

S
X

(et (i) [Nt (i) + Nte (i)])

(22)

i=1

Finally, for completeness, the rents received by the intermediary are equal to the following
(note that they do not affect the maximization of the household being a lump sum transfer):
Ft =

S
X

et (i)Nte (i) − Nte wt fe,t

i=1

The F.O.C. with respect to ct and to Lt are:
λt =

1
ct

(23)

and
1

χLtϕ ct = wt
24

(24)

By combining the F.O.C.s with respect to ct and xt+1 , the following equation can be
written:

Vt+1,t = βEt



ct


Vt+1

ct+1

(25)

This condition is equivalent, in expectation, to the following Euler equations for assets
value that derive from the definition of et (i), similar to the one for ei,t (i) provided above,
ct 11
and of the stochastic discount factor Λt+1,t as β ct+1
:
" S
#
ct X
et (i) = β (1 − δ(i)) Et
qij (dt+1 (j) + et+1 (j))
ct+1 j=1

(26)

for i = 1, 2, ..., S.

3.3

Aggregation

In equilibrium, the representative household holds the entire portfolio of firms, i.e. xt+1 =
xt = 1. Using the definition of Ft the following resource constraint can be obtained:
ct +

Nte wt fe,t

= Lt wt +

S
X

dt (i)Nt (i)

(27)

i=1

From the definition of the aggregate output Yt = ct , we obtain aggregate labor supply:
Lt = Lpt + Let = Nte fe,t +

S
X

lt (i)Nt (i)

i=1

where Lpt represents the labor employed for production, Let the one used to finance entry.
Finally, from the definition of the aggregate price:
1=

S
X

Nt (i)ρt (i)1−θ

(28)

i=1

3.4

Risky steady state

Due to the assumption regarding the finite number of firms, paired with stochastic entry,
exit and productivity dynamics, the standard definition of the deterministic steady state,
11

ct
ct
This is true provided that Et β ct+1
(et+1 (i) + dt+1 (i))Et Nt+1 (i) = Et β ct+1
(et+1 (i) + dt+1 (i))Nt+1 (i)
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where entry perfectly balances exit, cannot be applied. Building on Coeurdacier, Rey,
and Winant (2011) and Juillard (2011), we derive instead a version of the Risky Steady
State. The proposed equilibrium with risk-neutral agents describes a state in which no
shocks occur but economic agents take into consideration the possibility that the shocks
might happen in the future. In the steady state, households invest in entry up to the
point where it compensates the expected exit, thus keeping the number of incumbents and
entrants constant over time in expectation.12 As in the calibration below, we consider a
particular case in which the number of active types S is equal to 3.
The definition of the Risky Steady State follows. Given the steady state value for the
exogenous entry costs fe , and given the calibration of the exogenous parameters, the steady
state is the set {ρ(i), w, d(i), Y, N (i), N e (i), N e , M, e(i), L, c} with i = 1, 2, 3 that solves
the system of equations described in Appendix A. Note that this deterministic equilibrium
holds in expectation, since we consider the expected realizations of the stochastic processes.
Because of that, no restriction is put on the integer nature of the variables relative to the
number of firms (incumbents and entrants). This means that a marginal entrant can be
of infinitesimal size, as the free entry condition closes: the effect of its entry on the mass
of competitor is negligible. Given that, marginally, entry does not affect the sectoral price
and the profits here, the value of an incumbent or of a potential entrant of the same type
is equivalent.

4

Calibration

The initial steady state is calibrated to reproduce key features of the U.S. industries
between 1960 and 1980, the period with relatively low and stable market power of firms.
12

The steady state we present here is the one that would also emerge under the assumption of oligopolistic competition within sectors and continuum of sectors in aggregate, in the spirit of Atkeson and Burstein
(2008).
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The values of the internally and externally calibrated parameters are presented in Table 3.
Since the two permanent shocks are the key drivers of model dynamics, we pay particular
attention to their calibration and present their values before and after the occurrence of
the shock in a separate table.
To keep the analysis tractable, the discrete distribution function of productivities consists of four mass points: x(0), x(1), x(2) and x(3), with x(3) > x(2) > x(1) > x(0). Thus,
we keep track of four types of firms and three active types, i.e. S = 3. We believe that
the classification of firms into three types does not compromise our calibration exercise.
Several studies show how little firms differ from each other even if in different percentiles
of the size distribution. The main differences can be found between very top firms and the
rest, see for instance Crouzet, Mehrotra, et al. (2017). The null productivity mimics the
presence of fixed costs of production, which are not introduced explicitly in the model.
Each period t represents a quarter and the discount factor β is fixed at the value of
0.99, implying an annual interest rate of approximately 4%. The parameter that governs
the elasticity of substitution between goods, θ, is set to 6. The value is standard in the
literature and gives a baseline monopolistic competition markup of 1.2. This implies that
all the incumbents charge a markup equal or higher than 1.2, depending on the size of
their market shares. The elasticity of labor supply ϕ is equal to 3. We normalize the
multiplier for the disutility of labor, χ, to a value such that the labor supply in the final
steady state for high-ICT sector is equal to 1. Under this specific calibration, χ = 0.8743.
The remaining internally calibrated parameters are set to match the key U.S. economy
variables.
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4.1

Productivity levels, entry and exit probabilities

Empirically, the firm level productivity is distributed under a power law. To accommodate
this fact, we assume that the function f (x) is the discrete counterpart of a continuous
Pareto distribution with a minimum at 1 and a tail parameter κ = 1.05.13 This results
in three productivity levels x(1) = 1.315, x(2) = 4.631 and x(3) = 80.309 reflecting our
underlying assumption about firms’ productivity: they represent, respectively, the 25th
percentile, the 80th percentile and 99th percentile of the Pareto distribution. Similarly, the
ex-ante probability of being a successful entrant, i.e. Ω0 , is equal to 0.75 reflecting the
assumption that an entrant is successful whenever a productivity higher than x(1) is drawn
from the continuous Pareto distribution. This implies that Ω0 = P r[x ≥ x(1)], which gives
Ω0 = 0.75. Given that Ω2 and Ω3 represent, respectively, the conditional probability of
drawing productivity level x(2) and x(3) for a successful entrant, they are set to 0.2533
and 0.0133. Note that Ω2 = P r[x ≥ x(2) ∧ x ≤ x(3)|x ≥ x(1)] =
Ω3 = P r[x ≥ x(3)|x ≥ x(1)] =

0.01
Ω0

0.19
Ω0

= 0.2533 and that

= 0.0133. Given this calibration, x(3) describes large

and highly productive firms, x(2) medium-big incumbents while x(1) unproductive small
to medium firms.
The parameter that determines the likelihood of an exit shock for type 3 firms, δ(3),
is calibrated to 0.005. This is approximately the quarterly exit rate of 0.0066 for top 1%
firms in terms of size from the BDS dataset, see Tian (2018). In order to identify all the
entries of Markov transition matrix, we need to impose several restrictions. Specifically,
our identification strategy relies on the assumption that superstar firms are a subset of
highly-productive type 2 firms and, therefore, they share some characteristics with x(2)
incumbents. Accordingly, we assume that exit probabilities are the same, i.e. δ(2) =
13

Axtell (2001) estimates a tail parameter of 1.059, approximately.
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Table 3: Calibration of fixed exogenous parameters
Parameter
S
β
θ
ϕ
χ
x(1)
x(2)
x(3)
Ω0
Ω2
Ω3
δ(1)
δ(2)
δ(3)

Calibration
3
0.99
6
3
0.8743
1.315
4.631
80.309
0.75
0.2533
0.0133
0.03
0.005
0.005

Target
Four types of firms, three active
≈ 4% yearly interest rate
Monopolistic competition markup = 1.2
Elasticity of labor supply close to King and Rebelo (1999)
Aggregate labor supply = 1 in post-ICT steady state
25th percentile in a Pareto distribution with κ = 1.05
80th percentile in a Pareto distribution with κ = 1.05
99th percentile in a Pareto distribution with κ = 1.05
P r[x > x(1)] under Pareto with κ = 1.05
P r[x ≥ x(2) ∧ x ≤ x(3)|x ≥ x(1)] under Pareto with κ = 1.05
P r[x ≥ x(3)|x ≥ x(1)] under Pareto with κ = 1.05
≈ Exit rate for small firms in BDS, Tian (2018)
= δ(3) for identification strategy
≈ Exit rate for top 1% firms in BDS, Tian (2018)

Notes: The table presents the calibration of the exogenous parameters. The second column describes
the value assigned to the parameters. The third column describes the targets of the calibration. These
parameters are kept fixed along the entire transition in every simulation.

δ(3) = 0.005, and that the probabilities of receiving a detrimental productivity shock that
lowers the productivity level to x(1) are equal for both types as well, i.e. q31 = q21 .14
Finally, δ(1) is set to 0.03, again following Tian (2018). Note that, although not targeted,
this calibration delivers a yearly business destruction rate of approximately 10%, as in
Colciago (2016). The set of parameters presented above are kept constant over the entire
transition and in each scenario, i.e. both when simulation a high or a low-ICT sector.

4.2

New technology (ICT) and increase in entry costs

We model two major changes that started to take place in the U.S. economy in the 1980s.
The first one is the diffusion of ICT, and the second is an increase in entry cost.
ICT
ICT has dramatically changed the economic environment since the 1980s. Certainly, it
has accelerated the rate of obsolescence of new technologies shortening the lifecycle of
14

A different approach would be to set q31 = 0, as we do later for q13 , and to iterate the Markov process
to pin down q21 , given δ(2) and δ(3).
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innovations, e.g. Koh et al. (2020) and Bloom et al. (2020). In our model, technology
is summarized by the firms’ productivity distribution and its volatility and persistence.
A higher obsolesce rate implies less persistent productivity levels and, from the firms’
perspective, an increased likelihood of changing position in the productivity distribution
as well as a shorter leadership duration. Comin and Philippon (2005) document that
the 5−year autocorrelation in the firms’ productivity rank declined from the 1980s, and
leaders turnover increased. While the authors compute the average autocorrelation across
all the Compustat firms, we are interested in the heterogeneity across sectors, conditional
on their exposure to the ICT.
Table 4: Persistence in productivity distribution conditional on ICT exposure
∆ρi = α + βicti + σi
ρict
ρnonict
Sample
0.67***
0.71*** 1965-2016
(0.003)
(0.007) 1965-2016
0.72***
0.73*** 1965-1980
(0.005)
(0.007) 1965-1980
0.65***
0.71*** 1981-2016
(0.005)
(0.001) 1981-2016
Notes: The first column of the table shows the estimate of β from the univariate regression: ∆ρi =
α + βicti + σi . i stands for NAICS 3 sector in Compustat data. The following 2 columns display the
mean autocorrelation coefficients in 5-year firms’ productivity rank in high-ICT sectors, ρict , and
low-ICT sectors, ρnonict using the ICT classification by Kile and Phillips (2009). The last column
reports the sample considered. Values in brackets correspond to standard errors.
β
-0.21**
(0.70)

Table 4 displays the persistence in productivity distribution conditional on the ICT
exposure, measured as 5-year autocorrelation in firms’ productivity rank. The first column
of the table shows that the decline in the persistence has been the largest in the sectors with
the highest ICT exposure. This phenomenon is not unique to Compustat data. In Figure
12 of Online Appendix 5, we show that the decline in the persistence of the productivity
distribution is positively and significantly related to the ICT exposure in ten European
countries in CompNet dataset.
In Compustat data, on average, the persistence in productivity distribution has been
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lower in the high-ICT sectors, over the entire sample (column 2 vs 3). Importantly,
there is a structural break in its mean in 1980, when the persistence drops from 0.72
to 0.65. There is only a small reduction in the persistence in the low-ICT sectors, and
this reduction is not significantly different from zero. We exploit these features of the
data for our calibration. Both high-ICT and low-ICT sectors are calibrated to display an
autocorrelation of 0.72 in the initial pre-1980 steady state. For non-ICT industry, this
feature remains the same after the 80s, and for the entire transition, while for the highICT sector the productivity process parameters are recalibrated to match the change in
the target, i.e. the decline in autocorrelation to 0.65. Specifically, we modify the Markov
transition matrix primitives to match the decline in autocorrelation/increase in firms’
turnover over productivity distribution.
Before doing so, we restrict the state space by pinning down the ex-ante probability
that a top-20% firm never leaves its leadership position for 5 years under our identifying
restrictions. This is given by [(1−δ(2))(1−q21 )]20 and we calibrate it by using the turnover
probability from Comin and Philippon (2005), who present a 5-year top firms turnover of
0.1 and 0.27, respectively, based on the observed data for 1980 and 2005. This delivers
q21 = q31 = 2.5545e−04 for the pre-shift common steady state and q21 = q31 = 0.0107 for
the post-shift ICT-sectors steady state.
Using the values for q21 and q31 calculated above, we can calibrate the remaining
elements of the Markov matrix by matching the 5-year productivity autocorrelations,
computed above for high-ICT and low-ICT sectors. The detailed procedure is presented
in Appendix B. As mentioned above, the correlation coefficients between the productivity
of a firm at time t and at time t + 20 are set to 0.72 before the shift and 0.65 after for
high-ICT sectors, while it is kept to the initial value of 0.72 for low-ICT sectors. With this
procedure we are able to pin down the Markov process for both the pre and the post-shift
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model economy and the corresponding values are reported in Table 5.
Increase in entry costs
One way of interpreting the entry costs in our model is as the foregone labor force required
to introduce a new variety in the economy. Bloom et al. (2020) estimate a sharp increase in
the number of effective workers employed for R&D in the U.S. economy, which are required
to sustain a stable technological growth when the research productivity is decreasing. They
show that the number of researchers more than doubled between 1980 and 2000, which
is consistent with a 100% increase in entry costs. At the same time, the median number
of regulatory clauses, a proxy for the complexity of regulation, more than doubled, again
suggesting a more than 100% increase in entry costs.
Table 5: Calibration of the key exogenous parameters pre and post-shift
Parameter
fe
q11
q12
q13
q21
q22
q23
q31
q32
q33

Pre-shock
0.05
0.9837
0.0163
0
2.5545e−04
0.9800
0.0198
2.5545e−04
0.0197
0.9800

Post-shock
0.075
0.9760
0.0240
0
0.0107
0.9742
0.0152
0.0107
0.0127
0.9766

Target
Decline in entrants in BDS ≈ in (15%, 25%)
5-year correlation = 0.72 pre-shock and = 0.65 post
1 − q11
Assumption for computational purposes
5-year leaders turnover = 0.1 pre-shock and = 0.27 post
5-year correlation = 0.72 pre-shock and = 0.65 post
1 − q21 − q22
= q21 for identification strategy
1 − q31 − q33
5-year correlation = 0.72 pre-shock and = 0.65 post

Notes: The table presents the calibration of the remaining exogenous parameters. The numerical targets
for the turnover are taken from 1980 (pre-shock) and 2005 (post-shock) estimates in Comin and Philippon
(2005).

We proceed as follows. Before the shift, entry costs are set to 0.05, allowing us to
generate sectors with the number of units corresponding to current small 4-digit or 6-digit
NAICS industries. In BDS data between 1980 and today, the number of entrants has
declined by 15% to 25%. We set the entry costs after the shift to 0.075 such that the
percentage decrease in the number of entrants, between two steady states, reaches 30%.
This figure is in the range between the number implied by the decline in the number of
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entrants in BDS and the number suggested by Bloom et al. (2020). For robustness, we
additionally simulate the model with a small increase in entry costs, i.e. fe = 0.06, which
delivers a 15% reduction in entrants, and we find qualitatively unchanged results.

5

Model simulations

In our main quantitative exercise, we study the transition dynamics between two steady
states of two different economies. In both economies, the initial steady state corresponds
to the period pre-80s, when the markups and other measures of U.S. market concentration
were low. We then introduce two changes into the ICT-intensive sector: a change in the
turnover within cross-sectional productivity distribution and an increase in entry costs. In
a low-ICT sector, only entry costs go up.

5.1

Model versus data: comparative statistics

Before investigating the dynamic response of the sectors to the changes in entry costs
and technology, we investigate how well the model captures the heterogeneity in market
power dynamics, across industries. We compute a set of untargeted moments in simulated
high-ICT and low-ICT sectors and we contrast them with their empirical counterparts in
Compustat data.
Figure 3 shows the evolution of markups in the model (left panel) and in the data (right
panel). The black lines depict the average high-ICT sector markups and the purple lines
the average low-ICT sector markups. Although the levels of the markups in the model are
different from the data, their dynamics show very similar patterns.15
Not only the high-ICT markups are always above the low-ICT ones, but the difference between the two increases over time. Since the estimated markups’ levels are often
15

Note that the levels of markups should be interpreted with caution (see De Ridder, Grassi, and
Morzenti (2021))
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Figure 3: Evolution of average markups in high-ICT and low-ICT sectors in the model
and in the data.

Notes: The graph presents the cost-weighted markups for high-ICT sectors (black line) and lowICT sectors (purple line) in the model (left panel) and in the data (right panel).

mismeasured, we focus the analysis on their changes. Because we are interested in the heterogeneous behavior of quantities in sectors with high ICT exposure versus low exposure,
we compute the ratios between the two.
Table 6 reports ratios for 3 different measures of market power: market concentration
markups, and profit rates. The long-run changes are reported in the top panel. In the
model, they are computed as cumulative changes in the variables of interest between
two steady states. In the data, the corresponding statistics are calculated as cumulative
changes between 1980 and 2016. We also evaluate model’s ability to replicate the shortterm dynamics and report the ratios for average growth rates of the 3 measures of market
power.
Industry concentration measures calculated with Compustat data, are poor proxies for
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Table 6: Model versus data: high-ICT versus low-ICT
Long-Run
Model
∆µ
2.68

Data
∆µ1
2.18

∆HHI
∆µ2 ∆dw
2.0
2.05 5.21
Short-Run
∆HHI
∆µ
∆dw
∆HHI
∆µ1 ∆µ2 ∆dw
1.93
2.55
2.45
2.0
2.62 2.50 2.01
Notes: This table reports the ratios of untargetted moments in high-ICT relative to low-ICT sectors,
in Compustat between 1980 and 2016. HHI stands for Herfindahl index. Markups are computed
v Pit Qit
. For markups µ1 and µ2 , output elasticity is derived from production
according to: µit = θit
vV
Pit
it
cost shares defined as ratio of production costs relative to the sum of (i) the costs of production,
(ii) capital expenses, and (iii) administrative expenses. Markup µ1 is cost weighted and markup µ2
revenue weighted. dw is revenue weighted profit rate. ∆ denotes the change.
∆HHI
2.64

∆dw
2.64

actual industry concentration (e.g. Ashiq, Sandy, and Eric (2009)). We therefore rely on
existing studies to compute the increase in HHI in high-ICT relative to low-ICT sectors.
Bajgar et al. (2021) and Brynjolfsson et al. (2008) suggest that the concentration in sectors
with high exposure to ICT grew twice as fast as in sectors with the low exposure. We
report these empirical ratios in column 4 of Table 6.
In the model, we compute the revenue weighted markups and we report the ratios
for their empirical counterparts (µ2 in column 6). Since the revenue weighted markup
increases in cross-sectional dispersion in markups which, in turn, went up over the last
four decades (Edmond, Midrigan, and Xu (2021)), we also compute the cost weighted
markups and their percentage change over time (µ1 in column 5).
Any conclusions regarding whether market power increased depend on the patterns of
the costs of firms. Therefore, in addition to the evolution of markups and concentration,
we analyze relative profit rates. At the firm level, they are computed as sales minus total
costs (production including overhead, capital and administrative expenses) and they are
weighted by relative sales in a NACIS 3 sector. Ratios for profit moments are reported in
Columns 3 and 8 of Table 6.

35

Concentration, measured as Herfindahl index, increases over the transition in high-ICT
sector more than twice as fast as in low-ICT sector (column 1, row 1). The average growth
in market concentration is also almost double, conditional on being exposed to the new
technology (column 1, row 2). Intuitively, the higher pace of growth of the concentration
in high-ICT sector is generated in the model by the reallocation of market shares towards
most productive firms. In the data (column 4), the Herfindahl index also grows twice as
fast in sectors with high ICT exposure as it does in sectors with low ICT exposure.
Firms endowed with highest productivity, and thus with the lowest marginal cost, are
able to charge the lowest price and to expand their market shares. Its cost leadership
allows them to charge the highest markup. Higher concentration is therefore associated
with higher markups. This is the case both in the model and the data. Markups in
high-ICT sectors increased more than twice as fast as in low-ICT sectors over the sample
period, and on average, both in the data and in the model (columns 2, 5 and 6). The model
replicates well this feature of the data, both, for the long-run and short-run dynamics.
Finally, columns 3 and 7 display the ratios of profit growth. Empirically, the weighted
profit rates in high-ICT sectors grew 5 times faster than in low-ICT sectors. The model
is somewhat underestimating this number but it matches well the discrepancy in average
growth rates between sectors, conditional on the ICT exposure (bottom panel, columns 3
and 7).

5.2

Transition dynamics in a high-ICT versus low-ICT sector

We solve the model using the original algorithm described in detail in Online Appendix 4.
We simulate the model economy over 100 periods (25 years) and repeat the experiment 100
times to build confidence intervals (dotted lines). We present the results of one simulation
instead of averaging over 100 to preserve the properties deriving from our assumption
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Figure 4: Firms’ dynamics in response to changes in technology and entry costs: high-ICT
sector versus low-ICT sector.

Notes: The figure plots dynamics of the firms’ quantities in high-ICT sector (top
panels) versus low-ICT sector (bottm panels). The black solid lines describe the
dynamics of the variables over time, and the dotted black lines the confidence intervals. The red and green lines represent, respectively, the initial and the final steady
state in high-ICT economy.

about the finite number of firms. In period 0, we make it more costly for all the potential
firms to enter the economy in both sectors. High-ICT sector experiences additionally the
arrival of new technology.16

Decline in business dynamism
Figure 4 shows the resulting firms dynamics for high-ICT sector (top panels) and low-ICT
sector (bottom panels). The red and green lines in each of the panels represent the initial
16

The results of an alternative simulation, where both entry cost and firms’ mobility shifts are progressive, are presented in Figures 13 and 14 of Online Appendix 7.

37

and the final steady state for high-ICT economy. This allows for an easier comparison
between the two sectors.
The first three panels, in both rows, display the relative numbers of 3 types of firms
and the last panel shows the total number of firms. In both sectors, the trends point
towards the decline in the business dynamism. The mechanisms underlying the observed
trends are however very different, conditional on the ICT exposure.
The arrival of new technology associated with increased likelihood of drawing higher
productivity makes the entry particularly attractive for type 1 firms and translates into
the growth in their relative number over the transition period (top left panel). In contrast,
in low-ICT sector, in the absence of new technology, a substantial increase in entry costs
prohibits new firms from entry. As a result, the slowdown in the business dynamism is
almost entirely driven by the exit of type 1 firms (bottom left panel of Figure 4).
In both sectors, the relative number of type 2 firms declines over the transition but
only in low-ICT sector the relative number of the superstar firms goes up (third column).
This is because of the change in the composition of the sector and, in particular, the exit
of type 1 firms. The number of highly productive firms in high-ICT sector declines and
they become larger. This is driven by the heterogeneous impact of the new technology,
conditional on the firms’ type. The most productive firms can only be hit by a detrimental
productivity shock, by definition. An increase in the turnover of firms over the productivity distribution translates therefore for them into a higher likelihood of becoming less
productive or disappearing from the market. If this happens, a large available market
share is reallocated to other highly productive firms.
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Increase in market power
Variations in the number of different firm types, during the transition, translate into the
fluctuations of the market concentration presented in Figure 5. The first two rows of the
figure plot the evolution of sectoral markups computed in three different ways: simple
average markup, revenue weighted markup and cost weighted markup. The aggregate
markups in high-ICT sector increase during the transition no matter how they are defined.
In contrast, in low-ICT sector, only simple average markup goes up. This trend is, again,
mainly driven by a change in the composition of the sector and, in particular, by an
increase in the relative number of high-markup firms at the expense of type 1 firms.
In high-ICT sector, the increase in the average markup is driven by the firms at the top
of the markup distribution. Both, their markups and their market shares grow over the
transition. Type 1 and type 2 firms always charge the monopolistic competition markup
of 1.2 due to the high number of same type competitors (the first panel in the third row of
Figure 5). Empirically, the median markup has been constant over the last several decades
around 1.2, while the increase in average markup has been driven by growing markups of
the top firms (e.g. De Loecker et al. (2020)).
A declining total number of firms (right panels in the Figure 4), translates into a
growing Herfindahl index (HHI) over the transition to the second steady state, in both
sectors. The increase in high-ICT sector is however twice as large as in low-ICT sector.
This difference is driven by the absence of a reallocation channel that also generates almost
flat profits of type 2 and type 3 firms in low-ICT economy. In contrast, in high-ICT sector,
profits display a clear upward trend for all types of incumbents. Intuitively, increasing
profits are a result of higher markups of the firms with growing market power (second
last row in Figure 4) and have been documented by Furman (2015), Grullon et al. (2019),
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Figure 5: Evolution of aggregate variables in high-ICT sector and low-ICT sector.

Notes: The graph presents the response of a sector to an increase in entry costs and a decline in
the persistence of the firms’ productivity distribution. The black solid lines describe the dynamics of
the variables over time, and the dotted black lines the confidence intervals. The red and green lines
represent, respectively, the initial and the final steady state, in high-ICT sector.

Gutiérrez and Philippon (2017) and Barkai (2020).
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6

Model versus data: test of the main mechanism

The responses of sectoral level variables largely differ depending on whether a sector has
been exposed to the new technology. Because reallocation of market shares is the key
driver of dissimilarities between the two sectors, we focus on its link with various sectoral
quantities and develop a set of cross-sectional predictions that we then test on U.S. and
European data.

6.1

Reallocation of Market Shares in the Model and the Data

We decompose the theoretical markup’s change by its driver (reallocation versus composition) in a high-ICT sector and low-ICT sector. We then test theoretical predictions on
3 digits NAICS sectors in Compustat.17
We start by decomposing the markups in the model, using an adjusted version of the
decomposition by Haltiwanger (1997). The growth of the cost weighted markup between
period t and t − 1, ∆µ̄R
t , can be written as:
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17

To clean the database we used the codes from De Loecker et al. (2020)
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where Ntex is the number of incumbents that exits the market in period t.
The within changes (first line of 27) represent variations in the average markup driven
by changes in the firm-level markups, while keeping the market shares constant at the
previous period level. The last line of 27 describes changes driven by net entry: whenever
a firm joins or leaves the market with an idiosyncratic markup that is different from the
average, the event has a non-zero impact on the average markup which is captured by this
channel.
Between changes, i.e. the reallocation of market power, are captured by the second
and third lines of 27, which represent, respectively, changes in average markup induced
by pure changes in market shares, while keeping markups constant, and by cross terms
changes, i.e. changes in covariances.
There is a drawback of this decomposition in the context of our model. Individual
markups are a function of market shares only. As a result, changes in market shares
directly translate into the changes in markups and hence appear as the within component.
Consequently, the importance of the within channel is, by construction, overestimated.
We keep it in minds when interpreting the results of the decomposition. Because the
simple average decomposition allows us to isolate the within and between channels in a
straightforward way, we present it in Online Appendix 8.
Figure 6 shows the decomposition of the cost weighted markups increase in the model
and Figure 7 displays a similar decomposition in Compustat data. The top panels of
Figure 7 show the decomposition of the cost weighted markups and the bottom panels of
the revenue weighted markups. Both Figures 6 and 7 decompose the cumulative increase
over the entire sample period and conditional on the ICT exposure.
As expected, in the decomposition of the theoretical markup in Figure 6, the composition (within) component is the most important driver of the markups, in both types
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Figure 6: Decomposition of the cumulative increase in markups in high-ICT versus lowICT sectors in the model.

Notes: The figure presents the decomposition of the cost weighted markups in high-ICT (top panel)
and low-ICT sectors (bottom panel).

of sectors. Nevertheless, both in the data and in the model, the reallocation drives the
increase in markups mainly in the sectors with high exposure to new technology. In sectors with low-ICT exposure, the more modest increase in markups is primarily driven by
within component.

Compustat
The unit of observation is a sector according to NAICS 3-digit definition and the analysis
is carried out in cross-section. To compute sectoral characteristics, we use the entire
population of Compustat firms, between 1965 and 2016. Because the sectoral quantities
display large yearly fluctuations, we isolate the trends by using HP filters and compute
the change between the last and first observation available.
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Figure 7: Decomposition of the cumulative increase in markups in high-ICT versus lowICT sectors between 1980 and 2016 in Compustat.

Notes: The graph presents the decomposition of the average yearly percentage change in sectoral
markup in high-ICT sectors (left panels) and low-ICT sectors (roght panels). To decompose the
markup’s increase, we follow Haltiwanger (1997).

New technology and reallocation of market shares
Our key theoretical result is that new technology leads to the reallocation of market shares.
To show that this is true in the data, we compute the correlation coefficients between the
new technology and reallocation component of markup as defined in the previous section.
The new technology is captured by 2 proxies. The first one is the ICT dummy, based on
the sectors’ classification by Kile and Phillips (2009). The second is a direct measure of a
higher turnover of firms in terms of productivity and is measured as 5-year autocorrelation
of productivity rank. A decline in autocorrelation implies an arrival of technology with
higher turnover in productivities.
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Figure 8: New technology and reallocation of market shares in Compustat

Notes: This figure shows results of cross-section regressions between the new technology and the
cumulative share of reallocation component in markup’s change. The left panel shows results for
technology proxied by ICT intensity dummy and the right panel for technology proxied by persistence
v Pit Qit
in the productivity distribution. Markups are computed according to: µit = θit
. For markups
vV
Pit
it
1
2
µ and µ , output elasticity is derived from production cost shares defined as ratio of production
costs relative to the sum of (i) the costs of production, and (ii) capital expenses. For markups
µ3 and µ4 , output elasticity is derived from production cost shares defined as ratio of production
costs relative to the sum of (i) the costs of production, (ii) capital expenses, and (iii) administrative
expenses. Markups µ1 and µ3 are cost weighted and markups µ2 and µ4 are revenue weighted. The
dots indicate point estimates and the bars 95% confidence intervals.

Figure 8 plots the estimated correlation coefficients between the reallocation component
and ICT dummy (left panel) and between persistence of the productivity distribution
(right panel), for 4 different markups. Higher exposure to the ICT is associated with
higher reallocation of market shares for all measures of markups. Similarly, reallocation of
market shares is more important in sectors with less persistent productivity distribution,
in all 4 cases.
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Figure 9: Reallocation of market shares and markups growth in Compustat

Notes: This figure shows results of cross-section regressions between the cumulative change in
markup and the cumulative share of reallocation component in markup’s change. Markups are
v Pit Qit
computed according to: µit = θit
. For markups µ1 and µ2 , output elasticity is derived from
vV
Pit
it
production cost shares defined as ratio of production costs relative to the sum of (i) the costs of
production, and (ii) capital expenses. For markups µ3 and µ4 , output elasticity is derived from
production cost shares defined as ratio of production costs relative to the sum of (i) the costs of
production, (ii) capital expenses, and (iii) administrative expenses. Markups µ1 and µ3 are cost
weighted and markups µ2 and µ4 are revenue weighted. ∆ denotes the change between the last and
the first observation. The dots indicate point estimates and the bars 95% confidence intervals.

Reallocation of market shares and markups growth
In the model, the reallocation of market shares towards high-markup firms leads to higher
cost weighted sectoral markup. This result is strongly supported by positive and significant
estimates plotted in Figure 9. 3 digits NAICS sectors, where reallocation of market shares
has been most prevalent, have displayed the steepest markups’ growth.

CompNet
To ensure that the results are not driven by the specific sample of publicly listed firms,
we also test the main mechanisms of the model on the European dataset, CompNet, that
gathers information from the universe of firms. Since CompNet consists of the information
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provided by national statistical offices that differ in a way of gathering and processing the
data, we test the hypotheses of our model for each country individually. That leaves
us with very few sectoral level observations per country so we estimate the relationships
of interest in a panel. Each of the regressions includes yearly dummies and sector fixed
effects, unless ICT dummy is included in the specification.
New technology and reallocation of market shares
Similar to Compustat data, we first test weather the new technology is associated with
increased reallocation of market shares. CompNet does not have information on individual firms and provides quantities aggregated to deciles over sectoral distributions. The
markup series are directly drawn from CompNet where they have been computed using
De Loecker and Warzynski (2012) approach with translog production function. Reallocation component is also already computed in the dataset using Foster, Haltiwanger, and
Krizan (2006) decomposition.
In addition to unconditional moments, CompNet contains transition matrices for firms’
quintiles over size distribution, within sectors and over a three-year window. We use these
probabilities to compute the persistence of the size distribution for each sector and use it as
a proxy for the persistence of productivity distribution.18 Not all the countries in CompNet
sample contain the necessary information on markups and transition probabilities and in
several cases the time span is too short so we need to eliminate several of them. That
leaves us with 7 countries. To facilitate the comparison across them, we standardise the
continuous variables.
Figure 10 plots correlation coefficients for reallocation and ICT (left panel) and for
reallocation and persistence in size (right panel). All the coefficients in the left panel are
18

In the model, productivity levels directly translate into firms’ size.
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Figure 10: New technology and reallocation of market shares in CompNet

Notes: This figure shows results of panel regressions between the new technology and the share
of reallocation component in markup’s change. The left panel shows results for technology proxied
by ICT intensity dummy and the right panel for technology proxied by persistence in the size
distribution. The coefficients are standardized. The dots indicate point estimates for individual
countries and the bars 95% confidence intervals.

positive and, except for one, statistically significant at 5% level. Reallocation of market
shares is more pronounced in sectors with higher exposure to ICT. The right panel of Figure
10 plots negative coefficients and 5 of them are statistically significant at 5% level implying
that declines in size persistence are associated with stronger reallocation of market shares.
Reallocation of market shares and markups growth
Figure 11 shows the standardized correlation coefficients between the reallocation component and markup’s growth in CompNet. In 6 out of 7 countries, higher markups are
associated with stronger reallocation of the market shares. In 5 countries this relationship
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Figure 11: Reallocation of market shares and markups growth in CompNet

Notes: This figure shows results of panel regressions between the reallocation component and
markup’s growth. The coefficients are standardized. The dots indicate point estimates for individual
countries and the bars 95% confidence intervals.

is statistically significant.
In essence, both Compustat and CompNet data support the main mechanism in the
model and suggest that the differences in the degree of increase in market power across
sectors are linked to the degree of exposure to ICT over the last several decades.

7

Conclusions

In this paper, we argue that heterogeneity in market power dynamics across sectors can be
explained by differences in the exposure to ICT. We study the impact of new technology on
market power dynamics in an oligopolistic model economy, populated by a finite number
of firms. The firms differ by their productivity level and their markups increase in the
market share and productivity level.
The initial steady state is calibrated to reproduce key features of the U.S. industries
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pre-1980. We then simulate an economy that approximates a high-ICT sector which is
exposed to new technology and to a sharp increase in entry costs. We contrast the resulting
dynamics with the simulation of a low-ICT sector which only experiences an increase in
entry costs. Although both sectors display a decline in business dynamism and an increase
in market power, the magnitudes of these trends are very different.
New technology triggers reallocation of market shares towards more productive, larger
firms that charge higher markups. As a result, markups, market concentration and profits
increase in a high-ICT sector. In contrast, in a low-ICT sector, the increase in markup is
modest and mainly driven by the change in the composition of firms populating the sector.
In both sectors, a declining total number of firms translates into a growing Herfindahl
index (HHI) over the transition to the second steady state. The increase in high-ICT
sector is however twice as large as in low-ICT sector. This difference is driven by the
absence of a reallocation channel that also generates almost flat profits of firms in lowICT economy. In contrast, in high-ICT sector, profits display a clear upward trend for all
types of incumbents.
The results demonstrate the importance of reallocation mechanism for market power
dynamics because it amplifies the trends generated by the change in the composition of
firms populating the sector. The intuition of the model is strongly supported by the
U.S. (Compustat) and European (CompNet) data. The differences in the market power
dynamics across sectors are associated with their heterogeneous exposure to technologies.
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Appendix A: Risky Steady State
The equilibrium conditions for the Risky Steady State presented in the main text are:

Production


 −1 w
θ−1
1−θ
ρ(i) =
1 − ρ(i)
f or i = {1, 2, 3}
θ
x(i)




θ−1
1
1−θ
ρ(i)1−θ Y f or i = {1, 2, 3}
+
ρ(i)
d(i) =
θ
θ


Entry and Exit
N (i) =

3
X

qji [1 − δ(j)] [N (j) + N e (j)]

f or

i = {1, 2, 3}

j=1

N e = Ω0 M
N e (i) = Ωi N e

f or

i = {2, 3}

N e = N e (1) + N e (2) + N e (3)
fe w = (1 − Ω2 − Ω3 ) e(1) + Ω2 e(2) + Ω3 e(3)

Households
1

χL ϕ c = w
e(i) = β [1 − δ(i)]

3
X

[qij (d(j) + e(j))]

f or

i = {1, 2, 3}

j=1

Aggregation
Y =c
c + N e fe w = wL + N (1)d(1) + N (2)d(2) + N (3)d(3)
1 = N (1)ρ(1)1−θ + N (2)ρ(2)1−θ + N (3)ρ(3)1−θ
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Appendix B: Calibration of Markov process
Given that we will obtain a system of three equations, we start by restricting the probability to switch from productivity x(1) to x(3) to be equal to zero, i.e. q13 = 0. The Markov
process is then iterated for 20 periods while keeping the three unknown values:



x
1−x
0
q21
y
1 − y − q21 
q31 1 − z − q31
z
This means that, abstracting from exit shocks, the probability p(1|1)5 that a type 1 firm
keeps its own productivity level after a 5-year period (i.e. 20 periods in our model) is given
by the first element of the row vector resulting from:




20
1−x
0
 x


1 0 0 q21
y
1 − y − q21  = p(1|1)5 p(2|1)5 p(3|1)5
q31 1 − z − q31
z

The same can be computed for the probabilities of keeping productivity x(2) or x(3) after
5 years conditional on starting on that given productivity level. Given those highly nonlinear equations in terms of x, y and z, we restrict the solution for the three unknowns
to be in the interval [0, 1]. Our goal is to have p(1|1)5 = p(2|2)5 = p(3|3)5 = 0.78 preshock and p(1|1)5 = p(2|2)5 = p(3|3)5 = 0.7 post-shock. In this way, no matter the initial
condition, the ex-ante correlation between the productivity of a firm at time t and at time
t + 20 equals 0.78 before and 0.7 after the shift, values presented in Comin and Philippon
(2005). The resulting values are q11 = 0.9876, q22 = 0.9857 and q33 = 0.9857 pre-shock
and q11 = 0.9794, q22 = 0.9792 and q33 = 0.9820 post-shock.
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Online Appendix
Online Appendix 1: Derivation of the aggregate demand constraint
In this appendix, the aggregate demand constraint is derived. There are two ways in which
the constraint can be derived: the first assumes a continuum of final good producers
competing under perfect competition, which purchase the individual firms’ production.
The final good producers use the individual outputs as inputs to produce the aggregate
bundle Yt , which is sold to the households at a price Pt . The second method, which
exploits the fact that the aggregate production is entirely consumed by the households,
is based on the minimization of the total aggregate expenditure. In the following, we
present both methods, primarily because they complement each other and, together, they
provide a consistent definition of the aggregate price Pt as a function of the individual
prices pt (i). Note that the time index t is dropped in the following since firms maximize
their per-period profits (no frictions regarding re-optimization are present).
The first method implies aggregate/sectoral producers. Each individual good y(i)
is aggregated into a final output Y , purchased by the households at a price P . The
maximization of the final good producers is:
max P Y −
y(i)

N
X

p(i)y(i)

i=1

subject to:
"
Y =

N
X

θ
# θ−1

y(i)

θ−1
θ

i=1

The aggregator function through which the individual goods and the final good can be
linked follows a standard C.E.S. function, as presented in the constraint of the maximization (note that N is the number of firms in the economy). Note that θ > 1 represents the
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elasticity of substitution between intermediate goods. The F.O.C. with respect to y(i) is:

P

θ
θ−1

 "X
N

y(i)

θ
# θ−1
−1 

θ−1
θ

i=1

θ−1
θ


y(i)

θ−1
−1
θ

= p(i)

This can be rewritten as:
1

1

P Y θ y(i)− θ = p(i)
From this F.O.C., we obtain the demand for the individual output as:

y(i) =

p(i)
P

−θ
Y

Alternatively, given that the entire production is consumed by the households, i.e. c(i) =
y(i) and C = Y , we can obtain the same condition, and a definition for the aggregate
price P , from the minimization of the households’ consumption expenditure. Households
choose the optimal mixture of varieties c(i) to minimize the aggregate expenditure, given
an aggregate level of consumption C, by purchasing each good directly from the firms.
Formally:
min
c(i)

N
X

p(i)c(i)

i=1

subject to:
"
C=

N
X

θ
# θ−1

c(i)

θ−1
θ

i=1

The Lagrangian is:
L=

N
X


p(i)c(i) + λ C −

i=1

" N
X

θ 
# θ−1

c(i)

θ−1
θ



i=1

The F.O.C. with respect to c(i) is:

p(i) = λ

θ
θ−1

 "X
N

c(i)

θ−1
θ

θ
# θ−1
−1 

i=1

which is equal to:
1

1

λC θ c(i)− θ = p(i)
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θ−1
θ


c(i)

θ−1
−1
θ

By raising each side to the power of 1 − θ and summing from 1 to N , we can write:
λ1−θ C

1−θ
θ

N
X

c(i)

θ−1
θ

=

i=1

N
X

p(i)1−θ

i=1

Using the definition of aggregate consumption C provided above:
"
λ=

N
X

1
# 1−θ

p(i)1−θ

≡P

i=1

Finally, we can plug back the expression for the Lagrange multiplier λ in the F.O.C. and
write:

c(i) =

p(i)
P

−θ
C

which is consistent with the aggregate demand constraint presented above.

Online Appendix 2: Maximization of the intermediate
goods’ producers under Cournot and Bertrand
Cournot In this appendix we present the maximization for the intermediate goods producers. The notation follows the one introduced in the Online Appendix 1 and the time
index is dropped for convenience. Each variety y(i) is produced by employing one factor
of production only. In particular, production is linear in labor l(i) and depends on the
idiosyncratic productivity level x(i):
y(i) = x(i)l(i)
Inside the economy/industry, firms compete oligopolistically á la Cournot. In the next
appendix, we present an alternative market structure (Bertrand competition). The incumbents internalize that their optimal quantity affects the sectoral output Y . However,
firms cannot alter the total consumption expenditure EXP = P Y that is allocated to
the production side of the economy. Firms maximize their per-period nominal profits by
58

choosing the optimal quantity y(i):


W
max p(i)y(i) − W l(i) = y(i) p(i) −
y(i)
x(i)
subject to the following aggregate demand constraint:

y(i) =

p(i)
P

−θ
Y

where W is the nominal wage. Substituting the idiosyncratic price p(i) using the demand
constraint, we can write the Lagrangian as:
1

1

L = y(i)− θ +1 P Y θ − W

1
y(i)
= EXP y(i)− θ +1 Y
x(i)

1
−1
θ

−W

y(i)
x(i)

where the second equality comes from the definition of aggregate expenditure EXP provided above. The F.O.C. with respect to y(i) is:

EXP

θ−1
θ



− θ1

y(i)

Y

1
−1
θ


− EXP

θ−1
θ



− θ1 +1

y(i)

Y

1
−2
θ



y(i)
Y

− θ1
−

W
=0
x(i)

Plugging back the definition of total expenditure EXP , this can be written as:
"
 

1− θ1 #
1
1
θ−1
θ−1
y(i)
W
P Y θ y(i)− θ =
−
θ
θ
Y
x(i)
Note that the market share ω(i) can be defined as the ratio between the individual revenues
and the total revenues, i.e.

p(i)y(i)
.
PY

Hence, using the aggregate demand constraint for y(i):

p(i)y(i)
ω(i) =
=
PY



y(i)
Y

1− θ1


=

p(i)
P

1−θ

It is worth to mention that the market share reasonably reduces to 1/N if we assume
homogeneity across firms. This would provide the same markup function as the one
presented in Etro and Colciago (2010). Using the aggregate demand constraint again, we
can simplify the LHS of the F.O.C. and write:


θ−1
θ




W
(1 − ω(i)) p(i) =
x(i)
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In the main text, we directly present the implicit formula for the relative price ρ(i) =
p(i)/P , which can be easily computed from the previous equation:

ρ(i) =

θ−1
θ



1−θ

1 − ρ(i)


 −1 w
w
= µ(i)
x(i)
x(i)

where w = W/P is the real wage.

Bertrand Assume that intermediate goods producers compete oligopolistically on prices
under Bertrand competition. Production still is linear in labor l(i) and depends on the
idiosyncratic productivity level x(i):
y(i) = x(i)l(i)
Inside the economy/industry, firms compete oligopolistically á la Bertrand. Thus, the
incumbents internalize that their optimally chosen price affects the sectoral price P , defined
in Online Appendix 1. However, firms cannot alter the total consumption expenditure
EXP = P Y that is allocated to the production side of the economy. Firms maximize
their per-period nominal profits by choosing the optimal nominal price p(i):


W
max p(i)y(i) − W l(i) = y(i) p(i) −
p(i)
x(i)
subject to the aggregate demand constraint:

y(i) =

p(i)
P

−θ
Y

where W is the nominal wage. Substituting the individual quantity y(i) using the demand
constraint, we can write the Lagrangian as:
L = p(i)1−θ P θ Y −

W
W
p(i)−θ P θ Y = p(i)1−θ P θ−1 EXP −
p(i)−θ P θ−1 EXP
x(i)
x(i)

where the second equality comes from the definition of aggregate expenditure EXP , provided above.
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The F.O.C. with respect to p(i) is:
−θ
p(i)
(1 − θ) p(i) P EXP + (θ − 1) p(i) P EXP
+
P

−θ
W
p(i)
W
−θ−1 θ−1
−θ θ−2
p(i)
P EXP −
(θ − 1) p(i) P EXP
=0
+θ
x(i)
x(i)
P
−θ

Multiplying by

θ−1

1−θ



θ−2

p(i)1+θ
,
−θP θ−1 EXP

this can be written as:
"
"

1−θ #


1−θ #

p(i)
W
θ−1
p(i)
θ−1
1−
=
1−
p(i)
θ
P
x(i)
θ
P

As previously, the market share ω(i) can be defined as the ratio between the individual
revenues and the total revenues, i.e.

p(i)y(i)
.
PY

Hence, using the aggregate demand constraint

for y(i):
p(i)y(i)
ω(i) =
=
PY



p(i)
P

1−θ

The implicit formula for the relative price ρ(i) = p(i)/P , can be easily computed from the
previous equation:
θ−1
θ



ρ(i)1−θ w
w
= µ(i)
ρ(i) = θ−1 
1−θ
x(i)
(1 − ρ(i) ) x(i)
θ
1−

where w = W/P is the real wage.
It is possible to compare the markup under both market structures. The markup under
Bertrand competition µ(i)B is:
θ−1
θ



ρ(i)1−θ
µ(i)B = θ−1 
=
(1 − ρ(i)1−θ )
θ
1−

1

−
θ−1
(1 − ρ(i)1−θ )
θ

θ−1
θ
θ−1
(1
θ



ρ(i)1−θ
ω(i)
= µ(i)C −
1−θ
1 − ω(i)
− ρ(i) )

where µ(i)C is the markup under Cournot competition.
Whenever the market share goes to zero, the markups are the same as they both
converge to the monopolistic competition markup

θ
.
θ−1

If the market share is non-zero,

the markup is always lower under Bertrand competition. In particular as:
1
∂(µ(i)C − µ(i)B )
=
∂ω(i)
(1 − ω(i))2
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the difference in the markups is increasing in the market share. Given that high market
share firms charge higher markups, under Bertrand competition the markup dispersion is
lower.
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Online Appendix 3: Impact of reallocation of market
shares on markups.
Case of simple average markup The proof of the proposition follows.
Assume 3 types of active firms: S = 3. The average markup is:



θ
1
1
1
µ̄t =
γt (1)
+ γt (2)
+ γt (3)
θ−1
1 − ωt (1)
1 − ωt (2)
1 − ωt (3)
Given that 1 = Nt (1)ωt (1) + Nt (2)ωt (2) + Nt (3)ωt (3), this can be rewritten as:

"
θ
µ̄t =
γt (1)
θ−1
1−

1
1−Nt (2)ωt (2)−Nt (3)ωt (3)
Nt (1)

1
1
+ γt (3)
+ γt (2)
1 − ωt (2)
1 − ωt (3)

#

Note that an increase in ωt (3), while keeping Nt (i) and ωt (2) constant, decreases ωt (1).
The derivative with respect to ωt (3) is:



θ
1
∂ µ̄t
Nt (3)
=
+ γt (3)
−γt (1)Nt (1)
∂ωt (3)
θ−1
(Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3))2
(1 − ωt (3))2
Given that γt (i) =

Nt (i)
Nt (1)+Nt (2)+Nt (3)

we get:

Nt (3)
1
Nt (1)2
Nt (3)
>
2
Nt (1) + Nt (2) + Nt (3) (1 − ωt (3))
Nt (1) + Nt (2) + Nt (3) (Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3))2
Since Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3) = Nt (1)(1 − ωt (1)):

1
1
>
(1 − ωt (3))2
(1 − ωt (1))2
this simplifies to εt (3) > εt (1), which is always true.
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Case of revenue weighted markup The proof of the proposition follows.
Assume 3 types of active firms: S = 3. The revenue weighted average markup is:

µ̄R
t



θ
ωt (1)
ωt (2)
ωt (3)
=
Nt (1)
+ Nt (2)
+ Nt (3)
θ−1
1 − ωt (1)
1 − ωt (2)
1 − ωt (3)

Given that 1 = Nt (1)ωt (1) + Nt (2)ωt (2) + Nt (3)ωt (3), this can be rewritten as:

"
#
1−Nt (2)ωt (2)−Nt (3)ωt (3)
ω
(3)
θ
ω
(2)
Nt (1)
t
t
Nt (1)
+ Nt (3)
µ̄R
+ Nt (2)
t =
1−N
(2)ω
(2)−N
(3)ω
(3)
t
t
t
t
θ−1
1 − ωt (2)
1 − ωt (3)
1−
Nt (1)

Note that an increase in ωt (3), while keeping Nt (i) and ωt (2) constant, decreases ωt (1).
The derivative with respect to ωt (3) is:



∂ µ̄R
θ
1
Nt (3)Nt (1)
t
=
+ Nt (3)
−Nt (1)
∂ωt (3)
θ−1
(Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3))2
(1 − ωt (3))2

Nt (1)2
1
>
(1 − ωt (3))2
(Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3))2
Since Nt (1) − 1 + Nt (2)ωt (2) + Nt (3)ωt (3) = Nt (1)(1 − ωt (1)):

1
1
>
2
(1 − ωt (3))
(1 − ωt (1))2
this simplifies to ωt (3) > ωt (1), which is always true.
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Online Appendix 4: Algorithm and Theoretical Challenges.
In this appendix, we present the original algorithm developed to simulate the dynamic
behavior of the economy. For tractability reasons, some further assumptions have been
added with respect to the baseline theoretical model: the discussion about their impact
on the equilibrium outcomes is presented below.19
In order to introduce the algorithm and its main mechanisms, we describe here the
dynamics of the economy for a given period t. When the entry decisions are formed during
period t, the current number of incumbents and their types, i.e. Nt (1), Nt (2) and Nt (3),
is known. Indeed, note that they come from the realization of the stochastic processes
that regulate exit and productivity shocks, which have already occurred between period
t − 1 and period t and at the very beginning of period t. Given those three quantities, the
first step in our solution technique is to pin down the number of potential entrants, Mt ,
by using a sequential approach.
Starting from a given stock of zero entrants, namely from Mt = 0, we evaluate the free
entry condition for the first entrant, in formula:
(1 − Ω2 − Ω3 ) e1,t (1) + Ω2 e2,t (2) + Ω3 e3,t (3) − fe,t wt
Whenever the condition is positive, i.e. when the expected value for the new firm is higher
than the entry costs, the marginal entrant joins the market. If this happens, the algorithm
continues by re-evaluating the free entry condition. This time, however, the condition is
computed conditional on the number of potential entrants being one. The idea behind the
procedure is that the sector may present some unexploited profit possibilities. Whenever
19

The assumptions are imposed on how firms form their expectations. The constraints simplify the
computation of the stream of expected future profits, which is required to pin down the value of the
firms. This type of restriction is not new to the literature and it is often assumed in order to solve similar
dynamic problems. See, for instance, Krusell and Smith (1998).

65

those expected revenues are higher than the entry costs, the entrant joins the market.
However, its entry increases future competition and, thus, it lowers firms’ value, making
harder for new competitors to enter. The algorithm continues with this mechanism until
the free entry condition turns negative because entry is not profitable anymore.
Note that, in the computation of the competitive equilibrium, the number of successful
entrants Nte , and, hence, Nte (1), Nte (2) and Nte (3) as well, is not known with certainty
since it depends on the realization of stochastic processes, given the equilibrium Mt . The
same uncertainty holds for period t + 1 competitors Nt+1 (1), Nt+1 (2) and Nt+1 (3), since
they depend on the realization of idiosyncratic exit and productivity shocks. The households solve this uncertainty by considering the expected values of these quantities in their
maximization process.20 In formulas:
Nt+1 (i) =

3
X

[qji (1 − δ(j)) (Nte (j) + Nt (j))]

j=1

where
Nte = Ω0 Mt
Nte (3) = Ω3 Nte
Nte (2) = Ω2 Nte
Nte = Nte (1) + Nte (2) + Nte (3)
Furthermore, note that the equations above hold for the incumbents: from the perspective
of a potential entrant, the expected number of competitor is different since the latter
internalizes that, by entering the market with a productivity level x(i), the number of
20

One alternative solution is to consider separately every possible state of the world for Nte (i) and
Nt+1 (i) given Nt (i) and a specific Mt . In every state of the world it is possible to pin down the value for
the marginal entrant and, only after this, obtain ei,t (i) as the average of the values computed, weighted by
the probability that a given state occurs. In this way, every state of the world conserves a finite number
of firms. However, this solution method gets computationally unsolvable quite easily.
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type-i firms is Nt (i) + Nte (i) + 1. As explained in the modelling section, this means that
the entrants internalize the effects of their entry on the future price index, hence creating
the wedge between their value and the value of the incumbents. These dynamics are taken
into account in the algorithm.
In order to be able to compute the first part of the algorithm, i.e. to pin down Mt , some
simplifying assumptions have been included. The constraints regard how firms form their
expectations. First of all, potential entrants are imposed to expect that period t+1 output
Yt+1 , and, hence, consumption ct+1 , does not change between period t and period t + 1.
The assumption affects the computation of the expected profits for period t + 1, which
are necessary to pin down the value of the incumbents and of the (potential) entrants. In
other words, potential entrants do not consider the effect of their entry on the sectoral
production of the following periods and they assume that the economy is on a stable path.
This assumption is quite restrictive: in the per-period profits maximization, we assume
Cournot competition, which entails that the producers internalize that their optimally
chosen quantity has an impact on the contemporaneous aggregate output.
Nevertheless, the assumption may still be justified. When the number of active incumbents in the sector grows, the marginal effect of entry on output growth is negligible,
since the competition is already tight. This is true in our case, given that the steady state
present hundreds of incumbents, and the effect of entry on output is particularly irrelevant
if the entrant does not realizes as a superstar firm with productivity x(3). Furthermore,
the effect of entry on future competition and prices, i.e. the increase in the expected
number of competitors, is clear from the firm’s perspective (this is why we assumed that
the entrant can internalize these dynamics). On the other hand, the aggregate effects on
consumption and output are significantly harder to be predicted ex ante, given that they
rely also on households’ response. Thus, it is not unreasonable to assume that firms are
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partially myopic and that their period t expectation of Yt+1 is simply Yt .21 Finally, note
that this assumption affects also the stochastic discount factor, which reduces to β.
A second assumption regards the computation of the firms’ value itself, and it is in line
with the previous constraint. When firms evaluate their stream of conditional expected
profits, which pins down their own value, they anticipate correctly the number of competitors in period t + 1, required to estimate period t + 1 profits. However, it is imposed that
those profits are assumed to stay constant from period t + 2 onward, conditional of being
active in the market. Again, firms are myopic, since they consider that similar entry and
exit dynamics occur every period. Given these assumptions, the value of incumbents and
entrants can be easily defined as, respectively:
et (i) =

β (1 − δ(i))
dt+1 (i)
1 − β (1 − δ(i))

ei,t (i) =

β (1 − δ(i))
di,t+1 (i)
1 − β (1 − δ(i))

and

Note that an alternative approach to the above restrictions is to directly assume that firms
are myopic and render the entry choice static.22 Results do not vary significantly since the
value function takes a similar form. However, we think that it is worth to keep the entry
choice dynamic, even at the costs of some restrictive assumptions.
Once Mt is pinned down, the algorithm proceeds with the simulation of the stochastic
realization of Nte from the given Mt and of Nte (1), Nte (2) and Nte (3) from the realized
Nte . Conditional on those variables, and recalling that Nt (1), Nt (2) and Nt (3) are predetermined, we can compute the competitive equilibrium of the economy by solving the
household’s maximization problem, constrained by the previous assumptions. It is worth
21

Alternatively, one could say that firms are myopic simply because they perceive the economy as if it
was in the steady state. Hence, incumbents and entrants expect no variations in the aggregate quantities
over time, although they internalize idiosyncratic exit and entry dynamics.
22
Similar to the approach in De Loecker et al. (2019).
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to mention that, when clearing the market, Nte (1), Nte (2) and Nte (3) are now known by the
households, differently from the information set through which Mt is determined. Finally,
having solved for the market equilibrium, the stochastic realizations of the idiosyncratic
exit and productivity processes are computed. In this way, we can obtain the realized
Nt+1 (1), Nt+1 (2) and Nt+1 (3) from the previous quantities, which serve as a basis for the
algorithm in the following period.
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Figure 12: Persistence in the productivity distribution conditional on ICT in Europe

Notes: Each coefficient plotted in the graph is estimated in a panel across sectors and over time
using CompNet dataset. The dots indicate the point estimates and the bars 95% confidence intervals.

Online Appendix 5: Persistence in the productivity
distribution conditional on ICT exposure in CompNet.
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Online Appendix 6: Alternative formalization of productivity shocks
In this section, we present an alternative formalization of the productivity shocks for S = 3.
Given the number of survivors, the realization of binomial distributions determines the
fraction of survivors endowed with productivity x(i) that keeps their own productivity
i
i
level Nt+1
(i) versus the number of switchers Nt+1
(j, k). In formulas:

Pr



i
Nt+1
(i)



=x =




s
s
Nt+1
(i)
[qii ]x [qij + qik ]Nt+1 (i)−x
x

(28)

For i = {1, 2, 3} and j, k = {1, 2, 3}, j, k ̸= i.
Of course, note that the following holds after the realization of the productivity shocks:
s
i
i
Nt+1
(i) = Nt+1
(i) + Nt+1
(j, k)

(29)

For i = {1, 2, 3} and j, k = {1, 2, 3}, j, k ̸= i. Given the number of switcher for each type
i, a further realization of a binomial distribution determines the number of switcher with
type j versus the number of switcher with type k:
Pr



Pr



i
Nt+1
(j)



=x =



i

x 
Nt+1
(j,k)−x
i
qik
Nt+1
(j, k)
qij
qij + qik
qij + qik
x

(30)

i

x 
Nt+1
(j,k)−x
i
Nt+1
(j, k)
qij
qik
x
qij + qik
qij + qik

(31)

and
i
Nt+1
(k)



=x =



For i = {1, 2, 3} and j, k = {1, 2, 3}, j, k ̸= i. After the realizations of these processes, the
number of type 1, 2 and 3 firms in period t + 1 can be easily computed as:
j
i
k
Nt+1 (i) = Nt+1
(i) + Nt+1
(i) + Nt+1
(i)

For i = {1, 2, 3} and j, k = {1, 2, 3}, j, k ̸= i.
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(32)

Online Appendix 7: Step-increase in entry costs and
mobility
We assume that the increase in entry cost and firms’ mobility has been gradual instead of
a one-time structural shift, presented in the main text. We therefore implement a more
realistic exercise where both entry cost and firms’ mobility shifts are progressive. The
cumulative magnitude of entry cost shift is assumed to be the same as in initial simulation,
but it now accumulates in steps at constant intervals in a way to match empirical entry
rates in U.S. sectors. To obtain the final cumulative Markov chain probabilities, we increase
the diagonals in constant steps every 10 periods.
The results of this alternative exercise largely confirm initial findings and are plotted
in Figures 13 and 14. The number of incumbents decays over time and, again, the decline
is driven by the decreasing number of superstar firms while the relative number of small
incumbents is increasing.
Figure 14 shows that the response of the model economy to gradual changes in entry
cost and firms’ mobility is also very similar to the baseline scenario. In particular, the
increase in concentration and in the average price markup display a similar trend and magnitude. The main difference is the sluggish initial response of markups and concentration.
The initial increase in price markup is driven by the composition channel with the growing
relative number of type 2 and type 3 firms in the first 30 periods of the simulation (Figure
13). In the second part of the simulation, the surviving superstar firms capture the market
shares of the exiting and damaged firms leading to market shares’ reallocation. Finally,
idiosyncratic profits rise over time, similar to the baseline simulation and the trend in the
U.S. data.
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Figure 13: Firms’ dynamics in response to two gradual changes in entry cost and firms’
mobility, simulation over 100 periods.

Notes: The graph presents the response of the firms to two shifts: firms’ mobility and entry costs
increases. The increase is imposed in steps every period. The blue line describes the dynamics of
the variables over time, and the dotted blue line the confidence intervals, while the red and green
lines represent, respectively, the initial and the final steady state presented in the previous section.
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Figure 14: Evolution of economy in response to two gradual changes in entry cost and
firms’ mobility, simulation over 100 periods.

Notes: The graph presents the response of the economy to two permanent shocks: firms’ mobility
and entry costs. The increase in imposed in steps every period. The black solid lines describe the
dynamics of the variables over time, and the dotted grey lines the confidence intervals. The red and
green lines represent, respectively, the initial and the final steady state presented in the previous
section.
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Online Appendix 8: Simple average markup decomposition
Growth of the simple average markup between period t and t − 1, ∆µ̄t , can be decomposed
as:

∆µ̄t

3
X



1
Nt (i) Nt−1 (i)
θ
−
+
=
θ − 1 1 − ωt (i)
Nt
Nt−1
i=1


3
X
1
Nt−1 (i) θ
1
+
−
Nt−1 θ − 1 1 − ωt (i) 1 − ωt−1 (i)
i=1

(33)

where the composition is captured by the first line of (33) and reallocation of market shares
by the second line. Composition changes are driven by changes in the relative number of
each type of firms,

Nt (i)
,
Nt

while keeping their markups constant. The reallocation channel

describes the changes in the average markup driven by variations in the market shares
of the incumbents, ωt (i), while keeping the relative number of each type constant at the
previous period level. The reallocation has an impact on the simple average markup in our
model because the individual markups are a function of market weights, ωt (i). Intuitively,
changes in market shares directly translate into changes in individual markups and hence,
the simple average markup.
Figure 15 plots the contribution of the composition and reallocation channels to the
simple average markup’s cumulative growth in high-ICT sector (top panel) and in low-ICT
sector (bpttom panel). In the first one, the entire increase in markup is explained by the
reallocation of market shares towards superstar firms (red bar). Without the composition
effects, the changes in reallocation would predict an even higher average markup. This
potential growth is mitigated by the change in the composition of firms populating the
economy. The relative number of type 1 low markup firms increases over the transition,
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Figure 15: Decomposition of the cumulative increase in markups in high-ICT and low-ICT
sectors.

Notes: The figure presents the decomposition of the average markups in high-ICT (top panel) and
low-ICT sectors (bottom panel).

a result demonstrated in Figure 4. In fact, a shift in the composition of the firms in the
economy would, on its own, predict a modest decline in the average markup.
The bottom panel of Figure 15 shows that, in the low-ICT sector, the growth in markup
is of smaller magnitude. Importantly, this trend is principally driven by a change in the
composition of the firms (green bar) that we documented in Figure 4 of Section ??. An
increase in entry cost, on its own, drives small unproductive firms out of the market and
the relative number of superstars increases boosting the average markup.
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