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Market Power and Innovation in the Intangible Economy’

By MAARTEN DE RIDDER

This paper offers a unified explanation for the slowdown of pro-
ductivity growth, the decline in business dynamism, and the rise
of market power. Using a quantitative framework, I show that the
rise of intangible inputs, such as software, can explain these trends.
Intangibles reduce marginal costs and raise fixed costs, which gives
firms with high-intangible adoption a competitive advantage, in turn
deterring other firms from entering. I structurally estimate the model
on French and US micro data. After initially boosting productiv-
ity, the rise of intangibles causes a decline in productivity growth,
consistent with the empirical trends observed since the mid-1990s.
(JEL D22,D24, E23,L11, 031, 047)

The decline of productivity growth has played a prominent role in recent aca-
demic and policy debates. Average productivity growth in the United States was less
than 0.5 percent between 2005 and 2018, well below the long-term average of 1.3
percent (Figure 1, panel A). A similar slowdown occurred across most of Europe,
causing productivity in countries such as France and the United Kingdom to flat-
line (Adler et al. 2017). The slowdown followed after a decade of above-average
growth, fueled by rapid improvements in information technologies (Fernald 2015).
Moreover, the slowdown occurred despite an increase in productivity-enhancing
investments: indeed, US corporate research and development (R&D) has increased
by 65 percent as a fraction of GDP over the last 30 years (Figure 1, panel B). Rather
than seeming to be driven by a lack of effort on the part of firms to become more
productive, the slowdown can therefore be attributed to a decline in the effect of
innovative investments on productivity growth (e.g., Bloom et al. 2020).
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FIGURE 1. TRENDS IN PRODUCTIVITY GROWTH AND RESEARCH AND DEVELOPMENT

Notes: Panel A plots annual productivity growth from the Fernald series (Fernald 2015). The plot is smoothed using
an HP filter with an annual smoothing parameter of 100. Panel B plots private R&D as a percentage of GDP. Data
from the Bureau of Economic Analysis (2019).

The initial surge and subsequent decline in productivity growth coincided with
two other trends: the slowdown of business dynamism and the rise of markups.
Signs that dynamism is weakening include the decline in the rate at which workers
reallocate to different firms (e.g., Decker et al. 2014), the decline in skewness of
the firm-growth distribution (e.g., Decker et al. 2016), and the decline of entry rates
(e.g., Pugsley and Sahin 2018). The rise of markups has recently attracted attention
and has been linked to the decline of the labor share (e.g., De Loecker, Eeckhout,
and Unger 2020). Despite the growing body of evidence detailing these trends, there
is thus far no consensus on what has caused them.

This paper claims that the trends in productivity growth, business dynamism,
and markups are reflections of a structural change in the way firms produce.
Specifically, I show that an increase in the use of intangible inputs can drive these
patterns. Intangible inputs are inputs that are used in production but are not physi-
cally embodied. Information technology and software are prominent examples. The
rise of intangible inputs has been dramatic over the last 30 years: software alone
is now responsible for 18 percent of US corporate investments, up from 3 percent
in 1980 (Bureau of Economic Analysis 2019). These intangible inputs, typically
customized for the firm that deploys them, are rarely patented, which limits positive
spillovers to competitors (e.g., Bessen 2020; Aghion et al. 2022). Intangible inputs
such as software are thus distinct from R&D, whose spillovers enable long-term
growth (Grossman and Helpman 1991; Aghion and Howitt 1992).

Intangible inputs alter the relationship between profitability, firm-level innova-
tion, and aggregate growth because intangibles have two features: they are scalable,
and firms differ in the efficiency with which they deploy them. Intangibles are scal-
able in the sense that they can be duplicated at close to zero marginal cost (e.g.,
Haskel and Westlake 2017; Hsieh and Rossi-Hansberg 2023). This causes the cost
structure to change when firms use intangible inputs in production. Firms invest in
the development and maintenance of intangible inputs but face minimal additional
costs when production is scaled up. Firms that sell products that include software
(e.g., the operating system of a phone, a car’s drive-by-wire system), for example,
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face minimal costs of reproducing software in additional units. The rise of intan-
gibles, therefore, shifts costs away from the marginal toward the fixed component.
As a consequence, firms take these costs as given when making decisions about
pricing and production. While intangible inputs are thus nonrival in the production
of a firm’s goods, the limited extent of their spillovers distinguishes them from the
nonrival technologies described in Romer (1990), which arise as a result of R&D.

Firms differ in the extent to which they adopt intangible inputs in order to reduce
marginal costs. A 2018 European Investment Bank survey finds that over 40 percent
of American and European manufacturing firms do not use state-of-the-art digi-
tal technologies, while less than 15 percent organize their entire operation around
digital technologies (Veugelers, Riickert, and Weiss 2020)./| A likely driver is the
fact that firms, even within narrowly defined industries, differ in the efficiency with
which they are able to use intangibles. A rich literature provides evidence on this.
Bloom, Sadun, and Van Reenen (2012), for example, show that American-owned
European establishments, achieve greater productivity improvements from infor-
mation technology (IT).? They find that IT productivity is a firm characteristic,
especially because the IT productivity of establishments increases when they are
acquired by an American firm. Schivardi and Schmitz (2019) furthermore show
that inefficient management practices can explain not only the low IT adoption by
Italian firms but also why the productivity gains that these firms obtain from using
IT are limited.”

I show that a rise in the use of intangibles that is unequal across firms alters both
the rate and the efficiency with which firms engage in research and development,
causing the trends depicted in Figure 1. I derive these results in an endogenous
growth model—in the spirit of Klette and Kortum (2004)—that is tractable yet suffi-
ciently rich to quantitatively analyze the effect of intangibles on growth, dynamism,
and market power. Firms produce one or multiple goods and invest in research and
development to obtain higher-quality patents for goods produced by other firms.
Successful innovation causes the innovator to become the new producer, while the
incumbent ceases to produce the good. Stepwise improvements to goods through
this process of creative destruction drive aggregate growth.

Firms in the model are able to reduce marginal costs by committing to the pur-
chase of fixed cost intangibles. As firms are heterogeneous in the efficiency with
which they deploy intangibles, some firms reduce marginal costs by a greater frac-
tion than others do. This introduces a trade-off between quality (which grows as
a result of R&D) and price (which depends on firms’ use of intangibles) to the
Klette and Kortum (2004) framework. In the standard model, firms that develop
a higher-quality version of a good become its sole producer. Other firms have the

U A full literature review on firm-level determinants of IT adoption is provided in Haller and Siedschlag (2011).

2Software and IT are used throughout this paper as examples of inputs that are both scalable and deployed at
heterogeneous efficiency, as investments in these inputs have increased rapidly over the last 30 years. Other inputs
that satisfy both requirements could be used to explain the trends in productivity growth, business dynamism, and
markups in the framework.

3Bloom et al. (2014) also find that structured management practices are closely related to IT adoption in
American firms. Evidence also suggests that workplace organization and organizational capital affect a firm’s IT
productivity (e.g., Crespi, Criscuolo, and Haskel 2007; Bartel, Ichniowski, and Shaw 2007). Changes to organiza-
tion design come at the price of high adjustment costs, which makes IT productivity a persistent firm characteristic
(e.g., Bresnahan, Brynjolfsson, and Hitt 2002).
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same costs but are unable to produce the same quality and hence cannot compete.
Intangibles change this result, as high-intangible firms are able to produce at lower
costs than others can, enabling them to sell at lower prices. When a firm with lower
intangible adoption develops a higher-quality version of a good sold by one of these
firms, the incumbent could undercut the innovator on price. Only if the quality dif-
ference is sufficiently large to offset the gap in marginal costs would the innovator
become the new producer. The presence of firms with a high take-up of intangibles,
therefore, deters other firms from entering new markets. Firms with high-intangible
productivity can therefore negatively affect productivity growth.

It follows that the effect of the rise of intangibles on growth critically depends on
how inclusive that rise is. A broad-based shift toward intangibles can raise growth
because their fixed cost nature enhances profitability and therefore incentivizes inno-
vation, thereby stimulating growth and raising welfare. An unequal rise of intangi-
bles, however, incentivizes innovation only for high-intangible firms, while making
it harder for other firms to enter new markets. This reduces growth and welfare.

To understand the degree to which intangibles explain the macroeconomic trends,
I introduce high-intangible entrants to an economy where firms initially use similar
levels of intangibles. Over the transition path, high-intangible firms initially cause
a boom in productivity growth. As these firms have a greater incentive to invest in
R&D, they serve to “disrupt” sectors, and economic activity concentrates dispropor-
tionately around these firms. Their entry raises productivity because high-intangible
firms produce at a lower cost. The increase in aggregate productivity is not matched
by wages, however, because high-intangible firms set proportionally higher mark-
ups. As the economy transitions to the new balanced growth path, there is a decline
in entry, as most start-ups are unable to compete with high-intangible incumbents.
Low-intangible incumbents similarly have weaker incentives to innovate. This
causes a gradual decline in productivity growth, which falls below the initial steady
state within 20 years after high-intangible firms first enter the market. Although over-
all R&D increases, it concentrates around a smaller group of incumbents. Because
returns are concave, the concentration of R&D lowers its effectiveness. Combined
with the fact that a fraction of innovations fail because high-intangible incumbents
undercut innovators on price, this explains why growth falls while R&D increases.

The model offers three main theoretical insights. First, it shows that the rela-
tionship between aggregate R&D and aggregate growth depends on how R&D is
distributed across firms. As firm-level innovation is concave in spending, concentra-
tion of R&D can negatively affect growth. As R&D concentration increases when
profitability diverges across firms, heterogeneous profits come at a dynamic cost."
Policies such as R&D subsidies should therefore be designed with heterogeneity
in firm-level incentives in mind. Second, the model introduces a trade-off between
quality and price to Schumpeterian growth models. High-intangible firms are able
to sell at lower prices, which can compensate for lower quality and therefore be
used to undercut innovators. Because long-term growth arises from improvements
in quality, differences in intangible productivity across firms reduce the effect of

#The dynamic costs form an additional inefficiency from profit heterogeneity, on top of the static costs of
heterogeneous profits and markups that arise through low production rates by high-profit firms (e.g., Edmond,
Midrigan, and Xu forthcoming; Peters 2020).
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R&D on growth. An increase in the variance of intangible productivity can therefore
negatively affect welfare even if the variance rises due to the entry of highly produc-
tive firms. Third, the model shows that it is important to distinguish between sources
of cross-sectional productivity differences that arise from productivity upon which
other firms can build (denoted as quality in the model) and those that arise from
technologies lacking such positive spillovers (intangible inputs). Improvements in
quality have higher public returns because future innovators stand on the shoul-
ders of today’s R&D.? Statically, both act as substitutes. Dynamically, substitution
toward intangible inputs can carry significant welfare costs.

I quantify the model using two structural estimations, one for the United States
and one for France. The French estimation relies on administrative data for the uni-
verse of firms, while its US counterpart relies on data for listed firms. While evi-
dence on the macroeconomic trends is stronger for the United States, I show that
the trends are largely visible for France as well. Using a new measure of fixed costs,
I show that the share of fixed over total costs gradually rose from 13 to 23 percent
in the United States between 1979 and 2015, and from 9 to 14 percent in France
between 1994 and 2016. I also use the micro data to confirm model-implied condi-
tional correlations between intangibles, fixed costs, markups, and innovation.

The quantitative model explains a significant part of the slowdown of productiv-
ity growth, the decline in business dynamism, and the rise of markups. The model
predicts a slowdown in steady-state growth of 0.3 percentage points in the United
States, after an initial boom in growth of 8 years. For France, the model’s predic-
tions are more modest, with a 0.1 percentage point slowdown. Markups increase
by 14.6 and 5.6 percentage points in the respective calibrations. Entry rates fall by
4.6 and 1.1 percentage points, respectively. If markups are held constant, the model
predicts a greater decline in productivity growth and business dynamism. The rise
of markups stimulates innovative investments by high-intangible firms and therefore
mitigates the decline in productivity growth in the baseline model.”

Related Literature.—This paper contributes a new mechanism to the literature
that links trends in productivity growth, business dynamism, and market power.
Closest to this paper is Aghion et al. (2023), who also point to technology as the
driver of the trends. In a model with creative destruction, they analyze the effect of
an increase in span of control, which enables firms with higher (ex ante) production
efficiency to expand. Their short-term predictions overlap with mine: the efficient
firms expand and cause a burst in growth, while aggregate markups rise because
economic activity reallocates to profitable firms. In the long run, Aghion et al.
(2023) predict that efficient firms face increasing competition from other efficient
firms. This diminishes their incentives to innovate, so that growth and investments in
R&D decline./| In my model, high-intangible firms invest persistently more in R&D,

SThis highlights an important difference between R&D, which is often referred to as intangible capital (e.g.,
Corrado, Hulten, and Sichel 2009; McGrattan and Prescott 2014; McGrattan 2020), and intangible inputs, such as
software.

©The analysis is therefore robust to concerns about the firm-level measurement of markup, on which Syverson
(2019); Basu (2019); and Bond et al. (2021) provide careful discussions.

7Profitability and the incentives to innovate fall over time because a greater fraction of producers (firms with
the highest-quality patent for a product) face second-best competitors that also have a high production efficiency.
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as they remain more profitable than their competitors. The additional investments
have low returns because innovation is concave in a firm’s R&D. As high-intangible
firms can undercut others, they lower both the level and the effectiveness of R&D by
other firms. Intangible inputs therefore help us to understand why the slowdown of
productivity growth occurred despite a continued rise in corporate R&D.

Alternative explanations of the macroeconomic trends focus on the long-term
decline in productivity growth rather than the initial burst and subsequent slow-
down. Akcigit and Ates (forthcoming, 2021) hypothesize that imitation rates
between leaders and followers have declined, and provide evidence that intellectual
property rights are increasingly used anticompetitively. Olmstead-Rumsey (2022)
documents that the innovation efficiency of laggard firms has fallen over time. This
causes a rise in markups and a decline in aggregate R&D in a quantitative growth
model. I contribute to their findings by offering an endogenous driver of the decline
in the innovation efficiency of laggards: as high-intangible firms become dominant,
low-intangible (laggard) firms are more likely to be undercut when they try to enter
a new market, thereby lowering the returns to their research activities.

I also view my paper as complementary to the growing body of work that explains
the long-term decline in productivity growth through demographics. Peters and
Walsh (2021) relate the decline of entry to the fall in labor force growth, which is
consistent with evidence in Hopenhayn, Neira, and Singhania (2022) and Karahan,
Pugsley, and Sahin (2019). The lack of entry stimulates expansion by incumbents,
which raises firm concentration and markups, and slows down productivity growth.?
Liu, Mian, and Sufi (2022) relate productivity and business dynamism to low inter-
est rates, which may itself be caused by aging (e.g., Eggertsson, Mehrotra, and
Robbins 2019). Low interest rates increase investment most strongly for the market
leader, which, through strategic interaction, dissuades followers from investing in
R&D. This in turn reduces optimal R&D by leaders and, therefore, slows productiv-
ity growth.”] I offer a complementary mechanism that combines these papers’ pre-
dictions of a long-term slowdown in growth with an increase in aggregate R&D. "

This paper also provides a theory of the trends in productivity growth, business
dynamism, and market power that is consistent with their micro properties. As
emphasized by Van Reenen (2018), there has been a substantial divergence in profit-
ability and productivity across firms over time. Andrews, Criscuolo, and Gal (2016)
show that productivity growth of the most productive firms has not declined. Decker
et al. (2020) find an increase in productivity dispersion within the United States.""

Under Bertrand competition, this reduces the limit-price markup for the producing firm, so that the incentive to
innovate falls.

8 Peters and Walsh (2021) note that, with an alternative calibration, their model can predict both a rise in R&D
and a decline in growth after a decline in population growth. Salgado (2020) notes that there has also been a decline
in the fraction of college graduates who become entrepreneurs. Bornstein (2018) relates the rise of markups to aging
and price sensitivity.

Liu, Mian, and Sufi (2022) predict that a shock to interest rates initially causes a burst of productivity growth,
but a slowdown follows immediately, and productivity growth falls below the initial steady-state level within a
quarter.

19Cavenaile, Celik, and Tian (2020) extend the Schumpeterian growth model with oligopolistic competition.
Brynjolfsson, Rock, and Syverson (2021) claim that adopting Al requires unmeasured investments, causing produc-
tivity to initially decline but eventually rise. Rachel (2021) notes that leisure-enhancing technologies can exacerbate
the understatement of utility in observed TFP.

"Kehrig and Vincent (2019) note that an increase in productivity dispersion at the establishment level may
reflect an improvement in factor allocation and a reduction of internal credit market frictions.
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The rise in markups in De Loecker, Eeckhout, and Unger (2020) is also strongest in
the highest deciles.'” I propose that intangible inputs are at the root of the growing
differences across firms, and I show that the negative externality that high-intangible
firms impose on others can drive aggregate trends in productivity growth, business
dynamism, and markups.

This paper is additionally consistent with Baqaee and Farhi’s (2020) find-
ing that aggregate markups have increased because output has reallocated toward
high-markup firms. Their finding, in turn, aligns with the finding of Autor et al.
(2020) and Kehrig and Vincent (2021) that the decline in the labor share is driven by
reallocation. Most other theories of rising profits and falling growth predict, instead,
a within-firm rise of markups.'? I predict that high-intangible, high-markup firms
endogenously expand through R&D. Even though firm-level markups are constant,
aggregate markups rise over time.

Other papers also relate the rise of intangible inputs to firm concentration. Hsieh
and Rossi-Hansberg (2023) suggest that intangibles explain the rise of concentration
in services across geographic markets, as software can be deployed across markets
after paying a fixed cost.'¥ Korinek and Ng (2019) and Weiss (2020) relate fixed
cost intangibles to the rise of firm concentration and markups. Lashkari, Bauer, and
Boussard (2022) share these predictions and provide evidence on the nonhomothetic
role of IT in production.'> Mariscal (2018) adds that IT complements the efficiency
of managers and may explain wage polarization. I view my paper as complemen-
tary, as I show that fixed cost intangibles can also explain the trends in productivity
growth: its initial burst and subsequent slowdown as well as the simultaneous rise
in R&D.

Related to this, the paper highlights that intangibles such as software are con-
ceptually different from product-enhancing R&D in terms of their contribution to
long-term growth. This relates to Levin et al.’s (1987) idea that process improve-
ments carry limited spillovers and are often not patented, a notion that has since
been frequently validated (see Aghion et al. 2022 for a review). While intangible
inputs and R&D are sometimes studied jointly (e.g., Corrado, Hulten, and Sichel
2009), their economic properties are thus distinct.

My theoretical predictions are in line with empirical work that relates productivity
growth, business dynamism, and market power to intangibles. Crouzet and Eberly
(2019) show that intangibles cause an increase in market power and productivity for
leading US public firms. Manvika et al. (2018) and Ayyagari, Demirguc-Kunt, and
Maksimovic (2018) show that firms with high profitability and growth invest more
in software and R&D. Bessen and Righi (2019) find that productivity of US firms
increases persistently after an increase in the stock of their IT staff. Farhi and Gourio
(2018) show that unmeasured intangibles can explain the rising wedge between
the measured marginal product of capital and risk-free rates. Bajgar, Criscuolo,

12 This result has been confirmed for several countries (Diez, Fan, and Villegas-Sénchez 2021; Calligaris,
Criscuolo, and Marcolin 2018). Altomonte et al. (2021) remark that credit frictions can cause dispersion in
intangibles and markups across firms.

13 Aghion et al. (2023) is a notable exception. Theories of rising profits through reallocation outside of
the endogenous growth literature include Helpman and Niswonger (2022); Hubmer and Restrepo (2021); and
De Loecker, Eeckhout, and Mongey (2021).

14Babina et al. (2020) find evidence that artificial intelligence has a similar effect on concentration.

15 Martinez (2019, 2021) relate automation to the labor share.
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and Timmis (2019) find that sectors with high intangible investments experienced
a greater increase in concentration. Bessen (2020) finds a positive sector-level
relationship between concentration and the use of IT systems and stresses that the
scalability of intangibles is advantageous to firms that are already large. Calligaris,
Criscuolo, and Marcolin (2018) find a positive correlation between the use of digi-
tal technologies and the rise of markups. Bijnens and Konings (2018) find that the
decline in Belgian business dynamism is strongest in high-IT industries."

The theoretical framework builds on Schumpeterian growth models of cre-
ative destruction in the tradition of Aghion and Howitt (1992) and Grossman and
Helpman (1991). It is part of the strand of models where firms produce multiple
products (Klette and Kortum 2004). The Klette and Kortum framework is attractive
because it is analytically tractable yet able to replicate many empirical features of
firm dynamics (Lentz and Mortensen 2008). The framework was recently used to
study the reallocation of innovative activity (Acemoglu et al. 2018), to discern the
effect of innovation policy (Atkeson and Burstein 2019), and to assess sources of
innovation (Akcigit and Kerr 2018; Garcia-Macia, Hsieh, and Klenow 2019). It has
also been used to analyze misallocation with endogenously heterogeneous markups
(Peters 2020).

Outline.—The paper proceeds as follows. Section I presents the growth model
and discusses the mechanism. Section II verifies the model’s main predictions
empirically. I structurally estimate the model in Section III and discuss results in
Section IV. Section V presents extensions, and Section VI concludes.

I. Intangibles, Firm Dynamics, and Growth

This section describes the endogenous growth framework with creative destruc-
tion and intangible inputs that I use to explain the trends in productivity growth,
business dynamism, and market power.

A. Preferences and Market Structure

There is a continuum of identical households with unit mass that choose the path
of consumption to maximize the following utility function:

(1) U = Lwexp(—pt)lncldt,

where C, is consumption and p is the discount rate. Time is continuous and indexed
by ¢, which is suppressed when convenient. The household is endowed with a single
unit of labor, which it supplies inelastically. The consumption good is composed of
a continuum of intermediate goods, indexed by j. Each good can be produced by the
set of firms /; that own the production technology, a patent, to produce good j at a
level of quality g;;. Quality determines the value that each unit of a good produced

16The paper also relates to the literature on rising profits (e.g., Gutiérrez and Philippon 2019; Barkai 2020;
Karabarbounis and Neiman 2019) and how measures of profits may relate to intangibles (e.g., Koh, Santaeulalia-
Llopis, and Zheng 2020).
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by afirmi € [; contributes to aggregate consumption. The intermediate goods are
competitively aggregated with the following Cobb-Douglas technology:

1 .
Y = expfo ln(z;quy,j>d],
1el;

where Y denotes aggregate output and y;; is the amount of good j that is produced by
firm i. As all output is consumed, ¥ = C. Firms that own the patent to produce good
j compete a la Bertrand. While multiple firms own such patents, consumers only
demand j from the firm that offers the highest combination of output and quality at
a given expenditure. In other words, goods are produced by the firm that offers the
lowest quality-adjusted price p;/q;;.

B. Firms and Intangibles

There is a continuum of firms, indexed by i. In the spirit of Klette and Kortum
(2004), firms potentially produce more than one good, as they can produce any good
for which they own a patent.

Firms produce each of their goods using two inputs, a tangible and an intangible
input. The intangible input is an input that allows firms to reduce a good’s marginal
cost by some desired fraction. To preserve tractability, the only tangible input is
production labor /;;, so that intangibles allow firms to cut the amount of production
labor required to produce an additional unit of output. Denoting by s; € (0,1] the
fraction of marginal costs that a firm incurs, the production function reads

(2) Yi = ly/si

so that the marginal cost for firm i of producing j equals mc; = s;w, where w is
the wage rate.

To lower s;; in order to reduce marginal costs, firms must raise spending on intan-
gible inputs. Intangibles differ from production labor in two ways. First, firms differ
in the efficiency with which they deploy intangibles. A firm-specific cost parameter,
¢;, determines by how much a firm’s marginal costs fall for a given expenditure on
intangibles. This causes some firms to produce more efficiently than others. Firms
draw their ¢; from a known discrete distribution G(d)) at birth and benefit from
their intangible efficiency on each good that they produce. Second, firms commit
to their spending on intangibles before they observe the marginal costs of competi-
tors and before they set prices. Their intangibles are sunk when firms make pricing
and production decisions; firms incur these costs regardless of how much they pro-
duce, which is why intangibles represent a fixed cost. Note that firms pay the fixed
costs at each ¢. This keeps the model’s trade-offs extremely tractable and limits the
difference between tangible and intangible inputs to the minimum needed for the
results.'’ Additionally, recurrent costs are in line with the high depreciation rate of

7Note that firms in the model also accumulate intangible capital in the spirit of Corrado, Hulten, and Sichel
(2009): they invest in research and development to expand the set of goods that they produce, which persistently
affects both firm size and GDP.
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software, which Li and Hall (2020) estimate at 30 to 40 percent. Firms must there-
fore constantly invest in order to maintain constant levels of software.'®

Total spending on intangible inputs to achieve a marginal cost of s;;w is given by
the function

(3) f(sip0i) = W¢i(si;9 - 1),

where 6 > 0. The function declines convexly in s;; € (O, 1], such that firms must
raise intangible spending to achieve lower marginal costs for the product. The func-
tion rises in ¢»; > 0, such that firms that are efficient at using intangibles spend less
to achieve a certain marginal cost. The function furthermore satisfies f (1, d)i) = 0,
so that firms do not pay for intangibles if they do not reduce marginal costs, and
limg_of (sij, gbi) = 00, which assures that all firms have positive marginal costs in
equilibrium.

The timing of production decisions is as follows. Firms first observe the intan-
gible costs and quality levels of their competitors for the products that they can
produce. For each product, they then separately choose whether to produce at the
baseline marginal costs w or to retain, by paying a vanishingly small sunk cost, the
option to reduce marginal costs by spending on intangibles.'” Firms then choose
their marginal costs and pay the associated fixed costs on intangibles. Finally, firms
observe their competitor’s marginal costs, set prices, and produce the quantity of
each product that is demanded from them.

C. Static Equilibrium

Before proceeding to how firms obtain new patents to produce additional goods,
consider the static equilibrium where the set of firms with a patent to produce each
good is taken as given. The equilibrium’s main novelty is the identity of a good’s
producer, which will be determined not only by the quality of the firms’ patents but
also by the efficiency with which they use intangibles inputs.

In the baseline Klette and Kortum (2004) model, the firm with the highest-qual-
ity patent is the sole producer. This is because firms have equal marginal costs, so
that the highest-quality producer can offer the lowest price per quality unit. In the
present model, marginal costs differ across firms through their choice of intangi-
bles, the fixed costs of which are determined by their intangible cost parameter
¢,. This means that firms can sell at different prices, which can compensate for lower
levels of quality. As I show formally below, the equilibrium producer is the firm
that, after adjusting for quality differences, has the lowest choke price. This choke
price is the price at which a firm breaks even, were it to optimize intangibles as the
sole producer selling at that price. Firms with a relatively low ¢, have a lower choke
price, which means that they can reduce marginal costs by a greater fraction than

'8 There has furthermore been an increase in the share of enterprise software that is sold as a service (SaaS),
where firms pay periodic fees instead of one-off fees for perpetual use. For example, 35 percent of Microsoft’s
enterprise sales in Q2 of 2019 came from Saa$, at an annual growth rate of 48 percent.

1“The small cost ¢ — 0 that enables firms to choose positive intangibles represents, e.g., the cost of setting
up an IT department. A similar assumption simplifies Nash equilibrium pricing in Akcigit and Kerr (2018) and
Acemoglu et al. (2018).
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other firms can while still covering their fixed costs. A firm with a lower-quality
patent may thus still be able to offer the best combination of prices and quality and,
therefore, to produce in equilibrium.

To derive this subgame-perfect Nash equilibrium, note that an equilibrium sat-
isfies two necessary conditions. First, there is only one firm i € I; that actively
produces good j in any subgame perfect equilibrium. If there were more than one
firm, ruinous Bertrand competition would imply that at least one firm ends up set-
ting prices equal to marginal costs in the pricing stage. As intangible inputs are sunk
costs at that stage, that firm would produce at a loss. Second, the unique active firm
in /; s the firm that can propose the lowest profitable yet entry-proof quality-adjusted
price. Formally, define firm i’s choke price as the lowest price at which it does not
incur a loss if it is the good’s sole producer:

p§ = inf{p > 0: max (p — ws,-j)Yp_1 — f(sip01) > O},
5;€(0,1]
which uses that demand for the producer is y; = Yp;; !. Because demand does
not depend on quality once a good’s producer is identified, a firm’s choke price is
independent of product characteristics and solely determined by the firm’s intangi-
ble cost parameter, in which the choke price monotonically increases (see online
Appendix A.1). We can therefore write p{ = pc(qﬁi). By construction, if for two
competing firms i and i, we have that i has a lower quality-adjusted choke price,
then firm i can price / out of the market at any price at which 7 is willing to be active.
Hence, firm i avoids incurring sunk costs on intangibles, thus, never setting sip < L
It follows that the single active firm, henceforth, firm i, satisfies

p“(¢4) . P(én)
(4) qij - ;rlnelz CIhjh'

Note that, while the level of quality does not affect how much of good j is demanded
from the producer for a given price, quality is key to determine the identity of the
equilibrium producer.

It remains for us to characterize the equilibrium price and marginal costs of the
producer. Because quality units by the potential producers of a good are perfect sub-
stitutes, the producer’s price is constrained by the marginal costs of its nearest com-
petitor. Anticipating that they will be undercut, the producer’s competitors do not
invest in intangibles. This means that, in line with the standard model, the equilib-
rium price is equal to the wage, adjusted for the quality of the closest firm’s patent.

Formally, the producer charges the following price in the final stage of the
interaction:

. _ 4ij
(5) Py = W X maxie gy

where [ ;= Ij\{z} are firm i’s competitors in the production of good j.
Anticipating that firms in /; do not purchase fixed cost intangibles, the minimum
price at which they are willing to sell is w. The firm in the most advantageous
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position to compete with firm i is therefore the firm with the highest level of quality,
irrespective of that firm’s choke price. The price (5) therefore deters any competitor
from undercutting i, which means that the producer engages in limit pricing. Note
that the ratio in (5) always exceeds one if firms have equal intangible efficiencies, as
the firm with the highest quality would inherently have the lowest quality-adjusted
choke price (as in Klette and Kortum 2004). If firms differ in their intangible effi-
ciency, the quality of producer i may be lower than the highest quality among its
competitors.

As demand for the producer’s output depends on the price it sets, the firm inter-
nalizes (5) when it backwardly induces optimal fixed costs in the intangibles-setting
stage. Minimizing the sum of variable costs ws;y;; and fixed costs (3) gives the
following product-specific first-order condition:

1
(6) s = min{ (pit0e)" "1 }

Firms with lower intangible cost parameters ¢, thus incur a smaller fraction of their
marginal costs, although their exact marginal costs differ per product, as prices pj;
depend on the firm’s relative quality.

Finally, the initial stage of the strategic interaction, in which firms pay a small
sunk cost to enable the use of intangibles, ensures that the equilibrium is unique.
While it is necessary for a Nash equilibrium to satisfy that (4) identifies the pro-
ducer, which sets prices and intangibles in line with (5) and (6), the initial stage
ensures that other firms do not use intangibles. In the absence of the small sunk
cost, competitors i € [ ;may find it profitable to set s;; < 1 in response to (6). The
initial stage rules out this indeterminacy, as competitors anticipate that they will not
produce and therefore avoid sunk costs.

Combined with the first-order conditions, it follows that optimal intangibles,
markups, and profits can be written in terms of the producer’s intangible efficiency
and the producer’s quality relative to its highest-quality competitor. Labeling the

latter \;, the optimal price reads pj; = w2, which in turn yields that (6) can be
written as

. L
(7) s = mm{ (Aij¥0¢i))e+1,l}.

The markup yz;; is then found by dividing the price p}; by firm i’s optimal marginal
cost wsj;:
ij

(8) Kij = Alj/szﬁj’

which means that markups increase in \;, as well as the producer’s use of intan-
gibles. For comparison, in the baseline Klette and Kortum (2004) model without
intangibles, the markup is solely determined by A;;. That would be the case here if
s; = 1. Note that profits 7; do not rise proportionally to markups when firms use
more intangibles, as firms also face higher fixed costs. As a result, profits are given
by

9) mi = (1= ng")Y = £} 6),
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where the first term represents variable operating profits, while the second term
represents fixed costs. As the firm’s s}; is pinned down by the combination of ¢, and
Ay profits can be written as 7(¢;, Ayj).

D. Innovation

Research and Development.—Firms expand their portfolio of patents by invest-
ing in research and development. When investing, firms choose the Poisson flow
rate x; > 0 with which a new patent is added to their portfolio. In exchange for
achieving x;, firms employ rd” researchers along

(10) rdx(x,-, n,-) = nxx?)xnf",

where ¥ > 1 and 0 < ¢ < 9" — 1. The number of researchers that the firm
employs is convex in the rate of innovation and declines in the number of goods
that the firm produces, n;. The former implies that the marginal return to R&D is
diminishing within each time . The latter is an assumption from Klette and Kortum
(2004) and reflects the idea that large firms have more in-house knowledge or orga-
nizational capital than small firms do. Practically, the presence of n; ° governs the
relationship between firm size and firm growth. Foro = ¢* — 1, the model satisfies
Gibrat’s law of constant firm growth in size, while for ¢ = 0, firm growth declines
rapidly in size. Following Akcigit and Kerr (2018), I allow for an intermediate case
o € [0,9* — 1] so that the relationship between size and growth matches the data.

A firm that innovates successfully becomes the owner of a state-of-the-art pat-
ent for a random good j. Innovation is not directed, in the sense that firms are
equally likely to innovate on all products. As in Aghion and Howitt (1992), the
state-of-the-art patent allows firm i to produce its new good at a quality level that is
amultiple A;; > 1 of the level of the current producer of the good:

where i denotes the incumbent of good j. The innovation step A;j 18 a continuous
random variable with counter-cumulative distribution function H()\). The common
notation with A; in Section IC is deliberate, as the next paragraph explains that the
innovation step will also equal the difference between the quality of the equilibrium
producer and the highest quality among the producer’s competitors.

Innovation in the model is different from the usual Klette and Kortum (2004)
setup because the innovator of a certain good will not necessarily become its new
producer.

Section IC shows that, here, the innovator only becomes the new producer of the
good if its quality improvement \;; is sufficiently large for the innovator to become
the firm with the lowest quality-adjusted choke price. It follows that when the inno-
vator is firm i and the incumbent is 7, the innovation is successful if

(12) \j >
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When this condition is satisfied, the innovator receives its patent and becomes the
firm with the lowest quality-adjusted choke price. This always happens if the inno-
vator has an equal or lower choke price than the incumbent does, as it can offer the
good at the same price but at a superior quality. If the incumbent has a lower choke
price (implying that it uses intangibles more efficiently), the innovator must have a
sufficiently large innovation step in order to take over. In case the innovator’s quality
improvement is also insufficiently large, the innovation fails; product j is not added
to the innovator’s portfolio J;, and the innovation is lost. As the innovator never pro-
duces good j, future innovators are unable to learn from the lost innovation and only
improve j’s quality over the level at which the incumbent produces.

It follows from (12) that a good’s producer is the firm that most recently imple-
mented an innovation. As innovators that fail to take over production lose their pat-
ent, the difference between the quality of the producing firm and that of the firm that
is closest on the quality ladder is A;;. Hence, the step size \;; is also the quality differ-
ence that determines the producer’s optimal intangibles in (7) and its markup in (8).

Innovation and Intangibles.—It is useful to highlight the difference between
quality and price in the model. In most models of growth through creative destruc-
tion, the two are isomorphic. Prices reflect the ability of firms to produce at low
marginal costs (that is, with high productivity). It may seem that this is equivalent to
quality, in the sense that a firm can increase its effective output g;;y;; using the same
quantity of tangible inputs by either selling at higher quality or by using a greater
amount of intangibles.

The difference between the two lies in their contribution to long-term growth.
Innovation raises the quality with which good j can be produced. If an innovat-
ing firm successfully takes over production, this offers a positive externality: all
future innovations on j are improvements over g;; the innovation by firm i allows
good j to be produced at a permanently higher level of quality. This makes quality
improvements the source of long-term economic growth. Intangibles do not come
with a similar externality. They improve production efficiency only for the current
producer. Intuitively, the fact that the incumbent is efficient at using software appli-
cations to reduce marginal costs does not benefit an innovating firm when it takes
over production.

E. Entry and Exit

There is a unit mass of entrepreneurs who invest in R&D to obtain patents to
produce goods that are currently owned by incumbents. The R&D cost function is
analogous to that of incumbents:

(13) rd*(e) = ne?,

where rd e(e) denotes the number of researchers employed by potential entrants to
achieve entry rate ¢ and where ° > 0, ¢ > 1. Entrants that draw an innovation
improve the quality of a random good that is currently produced by an incumbent. In
similar spirit to models where firms draw idiosyncratic productivities at birth (e.g.,
Hopenhayn 1992; Melitz 2003), entrants then draw their ¢, € ® from the known
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distribution G(gb) and learn about their incumbent’s intangible costs. The entrant
becomes the new producer if it has drawn a sufficiently large step to overcome any
difference in choke prices.

A firm exits the economy if it does not produce any good in its patent portfolio.
This happens when entrants or other incumbents develop higher-quality versions of
the sole good that a firm produces.

F. Creative Destruction

Firms cease to produce a good if a different incumbent or an entrant successfully
innovates on that product. The rate at which this happens is the rate of creative
destruction, T(qb,-). The rate of creative destruction is endogenous, as it is deter-
mined by the respective efforts that incumbents and entrants put into innovation.
It is a function of the firm’s intangible cost parameter ¢; because a firm with rela-
tively low intangible costs is more likely to be able to undercut an innovative chal-
lenger on price. The rate of creative destruction for a firm with intangible cost ¢; is
given by

(14) o) = ¥ Pr(Ah, > P9

ored pc<¢l)

> ’iMn(QSh)xn(QSh) + eG(¢y)],

where xn(qﬁh) and Mn(¢h) respectively denote optimal innovation rates and the mea-
sure of firms with intangible cost ¢, that produce n products. The outer summation
reflects that an incumbent with intangible cost ¢; faces innovative competitors from
each intangible-cost level ¢, € ®. Within the summation, there are two terms: the
probability that an innovation by a firm with cost ¢, is successful, multiplied by
innovation efforts by firms with that level of intangible costs. Under cumulative den-
sity function 1 — H(\), the probability that (12) is satisfied when i is the incumbent
and /4 innovates equals

(15) Pr<)\hj > p6<¢”)> = H(pfqb”)).
p (¢i) p ((151')

This probability is strictly lower when the incumbent is a low-¢ firm, as these
have a lower choke price. The term for innovation effort in (14) contains two parts.
The first captures innovation by incumbents of type ¢;,. As is shown below, a firm’s
innovation effort is a function of its intangible cost parameter and product count,
which explains the inclusion of the summation over n. The Poisson rate is multiplied
by measure Mn(th) to obtain the innovation rate. The second term measures inno-

vation by entrants. It is the product of the entry rate e and the probability G(¢,) that
the entrant is of type ¢y,.

G. Equilibrium

I now characterize the full stationary equilibrium where productivity, output, and
wages grow at rate g.
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Optimal Innovation Decisions.—Firms choose the level of spending on research
and development that maximizes firm value. The associated value function, where
notation is borrowed from Akcigit and Kerr (2018), reads as

(16) th<¢i’Ji> - Vt(¢i,fi)
= max{z [7@(@51” )‘ij) + T(¢i)(vt(¢i,1i\{)\ij}) - Vt(¢i"’i))]

JeJ;

+ xip(¢i)E¢i[Vt<¢iaJi Us Ain) — Vt(¢i"]i)]
- Wznx<xi>wx”70 — F(¢umn) },

where r is the interest rate and where V, denotes the change in V, with time. The top
right-hand line contains the sum of all good-specific items. It is the sum of profits
(9) and the change in firm value if the firm ceases production of good j due to cre-
ative destruction. V,(qﬁ,», Ji\{)\,-j}) denotes the value of producing the set of goods J;
except good j with innovation realization \;. The bottom two lines are not specific to
goods. The first of these gives the expected increase in firm value from innovation.
E,, V(qbi, Ji Uy )\ih) denotes the firm’s value if it successfully takes product 4, taking
conditional expectations over \;;, for firm type ¢;. The change in value is multiplied
by the innovation rate and the probability P(qﬁi) that the firm is able to offer a suf-
ficiently low quality-adjusted price.”" The final line gives the costs of R&D and a
fixed term F(¢;,n;). Firms must pay the latter in order to operate, and it is assumed
to equal the option value of R&D. This ad hoc restriction, borrowed from Akcigit
and Kerr (2018), ensures that the value function is linear in the number of goods
that firms produce, so that the model admits an analytical first-order condition. In
Section V, I remove this assumption and show that, though significantly reducing
tractability, the results are qualitatively and quantitatively robust.

PROPOSITION 1: The value function of a firm with intangible cost ¢, that produces
a portfolio of goods J; with cardinality n; grows at rate g along the balanced growth
path and is given by

V(¢i»’i> = Z;W(@s /\ij) [” -8+ T(¢i)]7 ,
JEJi
which is decreasing in ¢;. The optimal rate of innovation reads as

1

7Tt<¢i’)\ij) XX, ) —1 o ls‘i':il
m}(niﬁ@ } n .

(17 xl(d) = {7’(@)%

29Formally, this probability is given by

P = Zrom(E3)

where K(qb,r) is the fraction of products in the economy that is produced by firms with an intangible cost parameter
of ¢;. Once a firm has successfully innovated, its profits are determined solely by innovation step size \;, and hence,
the value of an additional product does not depend on the identity of the previous producer.
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The optimal entry rate is given by

_L

0,€P r—g-+ T(¢’e

PROOF:
Appendix A.

First-order condition (17) is intuitive. Firms engage in more innovation when the
expected increase in value is higher and invest less when the innovation cost param-
eters are high. Innovation increases in the firm-size n;: although, if o < ¥* — 1,
the firm’s expected growth rate will decline with size. Firms with a lower intangible
cost parameter ¢; choose a higher innovation rate because their ability to reduce
marginal costs increases profitability. They furthermore face a lower rate of cre-
ative destruction, which decreases the effective discount rate. Firms with a lower ¢;
also have a higher probability of successfully becoming the new producer of prod-
ucts upon which they innovate. Jointly, these effects cause a negative relationship
between ¢; and the rate of innovation.

Innovation by entrants (18) is such that the marginal cost of increasing the
entry rate e is equal to the expected value of producing a single good, adjusted
for the probability that the entrant is able to take over production from the incum-
bent by offering a sufficiently low quality-adjusted price. Because entrants only
learn about their type after they have drawn an innovation, the expectation of
the value of producing a good is taken over the distribution of firm types at

entry G(¢).

Dynamic Optimization by Households—Maximizing life-time utility with
respect to consumption and savings gives the usual Euler equation,

(19 C_r)p

combined with the transversality condition. Along the balanced growth path, con-
sumption grows at the same rate as output and productivity, so thatr — g = p.

Firm Measure and Size Distribution.—The optimal innovation rate in (17) is a
function of a firm’s intangible input costs ¢; and the number of goods #; it produces.
The rate of creative destruction (and hence the growth rate of output and productiv-
ity) therefore depends on the equilibrium distribution of n and ¢ across firms. Along
the balanced growth path, these distributions are stationary. To find the stationary
distributions, consider the law of motion for the measure of firms that produce more
than one product:

(20) M,(6) = [My1($)x,1(01) — Mo(1)x,(63)] P(0)
+ [My1(03)(n + 1) — My(¢3)n] (),
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where the first term captures entry into and exit out of measure Mn(gbi) through
innovation by firms of type ¢; with n — 1 products and n products, respectively. The
second term captures entry and exit of firms with n + 1 and n products that ceased
producing one of their products through creative destruction. For the measure of
single-product firms, the law of motion reads as

(21) M(¢;) = [eG(¢i) - X1(¢1)M1(¢i)]73(¢i) + [2M2(¢i) - M1(¢i)]T(¢i)-

The stationary firm-size distribution follows from setting both equations to zero for
each n.
The fraction of goods that is produced by firms with intangible cost ¢, is given by

_ Zrolil ”Mn(¢i)
Db Dme1 WM ()

Labor Market Equilibrium.—The solutions to the static and dynamic opti-
mization problems of firms allow the labor market equilibrium conditions to be
defined. Labor is supplied inelastically by households at a measure standardized to
1. Equilibrium on the labor market requires that

(22) K(¢;)

1 =LP+L +L%+Le

where L7 is the labor used to produce intermediate goods. Inserting the unit-elastic
demand function, markup (8), and intangible first-order condition (7) into L” =
Jo1{j € J;}1;didjyields

L= fiJ1ie Ji}%[l - (Ag%qb,-)‘)l'] A;ldidj,

where 1{j € J;} is the indicator function that equals one when firm i produces good
j. L is the labor used to fulfill the intangible fixed costs:

V= 1 n| (s 1| oaiar

L"is the labor involved with research and development carried out by existing firms:

L=y i M6 (o) n ).

Q"),‘G‘I) n=1

while L€ is the labor involved with research and development carried out by entrants
L¢ = n°e", where innovation rates xn(qﬁ,-) and e are dynamically optimized in line
with (17) and (18).

Aggregate Variables.—I can now characterize the economy’s aggregate variables.
The equilibrium wage is given by

(23)w = exp<f01f1{j c J,.}ln@)didj)exp(folfl{j e J,~}ln<§\i)didj>.
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The first term of (23) is the standard CES productivity term. The second term is the
inverse of the expected markup. Note that a rise in the intangibles has no effect on
the level of the wage because s;; cancels out. While a firm that deploys more intan-
gibles becomes productive, it is able to proportionally raise its markups. These have
offsetting effects on the level of the wage. Aggregate output is given by

exp ([ [1{j € Ji}np;'did))
R € Jip;'didj

Derivations are provided in online Appendix A.3. As in the model with heteroge-
neous markups and misallocation by Peters (2020), the last term captures the loss of
efficiency due to the dispersion of markups. If all markups are equalized, the term
is equal to 1, while it declines as the variance of markups increases. Total factor
productivity is the product of the second and the last term in (24).

Equation (24) reveals that a rise in intangibles has two counteractive effects on
the level of output. The spread of markups increases when the average s;; falls given
(8) because a lower s;; amplifies the heterogeneity in markups caused by the hetero-
geneous innovation steps (the second term in (24)). On the other hand, the decrease
in s5;; has a direct positive effect on productivity because it increases the CES pro-
ductivity index (the first term in (24)). As will be clear below, the second effect
dominates in feasible calibrations. That means that a rise in intangibles initially has
a positive effect on the level of output and on productivity. The next section shows,
however, that this may not be the case for growth.

(24) Y = L”exp(folfl{j € J,'}ln(cs]g)didj>

Growth.—The growth rate of total factor productivity and output is a function of
creative destruction.

PROPOSITION 2: The constant growth rate of productivity, consumption C, output
Y, and wages w is

(25) g = 2 KG)T(8)Eo [Ny — 1],

9P
where E_ [)\hj] is the expected realization of \y; when a firm with ¢; is the incum-
bent of a good before a different firm h becomes the new producer due to successful
innovation.

PROOF:
Appendix A.

The proposition shows that growth is the expected increase in quality multiplied
by the rate of creative destruction, weighted by the fraction of product lines that
firms of each intangible cost own.

Equation (25) shows the counteracting effects of an increase in ¢; at a subset
of firms. On the one hand, firms with a lower ¢; have a greater incentive to invest
in research and development, which raises the rate of creative destruction. On the
other hand, even at a constant innovation rate, the presence of low-¢; firms has
a negative effect on the rate of creative destruction because high-¢; firms have a
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lower probability of becoming the new producer. This has not only a direct effect
on growth at given innovation rates but also an indirect effect, as these firms reduce
their expenditure on R&D.

Equilibrium Definition

DEFINITION 1: The economy is in a balanced growth path equilibrium if for every
t and for every intangible productivity ¢; € @, the variables {r, e,LP, g} and func-
tions {x,,i(qbi), K (qﬁi) , Mni((/ﬁ,-), S5 7'(¢,-)} are constant, {Y, C, w} grow at a constant rate
g that satisfies (25), interest rates follow from (19), Y satisfies (24), innovation rates
xn,-(¢i) satisfy (17), the entry rate e satisfies (18), firm distribution K,, and measure
M, are constant and satisfy (20) and (21), markups p; satisfy (8), the fraction of
marginal costs reduced through intangibles s;; satisfies (7) for all \;, the rate of
creative destruction T(gbi) satisfies (14), and both goods and labor markets are in
equilibrium so thatY = CandLP = 1 — L — L' — ¢

II. Model Meets Data

This section empirically validates the main mechanisms of the model. Section ITA
introduces firm-level micro data for two countries, the United States and France.
Section IIB derives predictions that are tested with these data, using a new fixed costs
measure detailed in Section IIC. Evidence on the empirical relationship between
fixed costs, intangibles, innovation, and markups is presented in Section IID.

A. Data

To perform the empirical analysis for the United States, I use micro data from
financial statements on listed firms, while for France, I use administrative tax data
on the universe of firms. Online Appendix D, replicating the macroeconomic trends
that motivate this paper for France, confirms that the country has incurred a decline
in productivity growth and business dynamism and a modest rise in markups.

Data for US firms come from S&P’s Compustat (Standard and Poor’s 2019).
Compustat contains balance sheet and income statement data for all listed firms in
the United States. I restrict the sample to firms outside of finance, insurance, and real
estate between 1979 and 2015 and drop firms with missing or negative sales, (fixed)
assets, and operating expenses. The sample covers 11,750 firms across 788 six-digit
NAICS industries.

The French data come from two administrative datasets on the universe of firms
outside of finance and agriculture (FICUS, from 1994 to 2007, and FARE, from
2008 to 2016), both based on data from the tax office DGFiP (Insee 1994-2007,
2008-2016b). FICUS and FARE share an identifier (the siren code) that consistently
tracks firms over time. The data contain the full balance sheet and income statement,
with detailed breakdowns of revenues and costs. The sample covers 1,087,726 firms
across 651 NACE industries.”'

21'The FICUS-FARE panel was created for Burstein, Carvalho, and Grassi (2019), who kindly allowed me to
use their data in this paper.
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TABLE 1—DESCRIPTIVE STATISTICS

Mean SD Median 10th Pct.  90th Pct. Obs.
US Compustat firms (1979-2015)
Sales (revenue) 1,733,510 5,154,239 1,94,318.5 13,329.7 3,603,252 127,682
Operating expenses 1,466,022 4,326,827 169,248.4 12,957.5 3,074,281 127,682
Cost of goods sold 1,111,563 3,315,834 116,819.2 17,1339 2,351,005 127,682
Selling, general, and adm. expenses 335,829.9 1,046,907 39,864.5 3,918.3  650,1041 127,682
Capital stock 1,109,350 3,714,094 79,352.3 49100 2,131,897 127,682
French firms in FICUS-FARE (1994-2016)
Sales (revenue) 4,684 103,282 617 149 4996 9,913,058
Employment (head count) 19 356 5 1 28 9,913,058
Wage bill 622 10,753 144 37 831 9,913,058
Capital stock 1,738 131,183 92 12 895 9,913,058
Intermediate inputs and raw materials 2,235 58,700 136 0 1,924 9,913,058
Other operating expenses 1,211 35,656 124 33 1,168 9,913,058

Notes: Nominal figures in thousands of deflated US dollars and euros (France). Sales, operating costs, and materials
are deflated with KLEMS sector deflators; the wage bill and capital are deflated with the GDP deflator.

Details on variable definitions and data construction are provided in online
Appendix B. Summary statistics are provided in [Table 1. All variables are deflated
and are winsorized at their 1 percent tails.

B. Testable Predictions

These micro datasets enable a test of the model’s main predictions. Before deriv-
ing the predictions, I generalize production function (2) to facilitate a mapping to
the data. Assumptions on the remainder of the framework follow Section I. I gener-
alize (2) by assuming that firms produce with a first-degree homogeneous produc-
tion function Z(Zl’jt’],zl’jt’z, e ,zijt,k) with k tangible production factors or intermediate
inputs. Intangibles allow firms to reduce marginal costs, in exchange for higher fixed
costs. Denoting by s;;, the share of marginal costs that a firm keeps, the production
function reads

(26) Yijt = Si}tl Z<Zijt,l9zijt,2’ .- ’9Zijt,k)'

The first-degree homogeneity of z( - ) implies that firm i’s marginal cost is mey, =
s,-j,c(wl,, Wy, - .,wk,), where wy, denotes the factor price of tangible production fac-
tor k at time ¢.

The generalized model yields a number of empirical predictions. First, one of the
core assumptions of the model is that intangible inputs are fixed costs. It follows
directly that if one observes both (a subset of) a firm’s intangibles and its fixed costs,
these should correlate positively. Second, the model yields equilibrium relationships
between intangibles, research and development expenditures, and markups, as sum-
marized by the following proposition.

PROPOSITION 3: For equilibria where firms choose a positive level of spending on
intangibles, the model implies the following firm-level relationships between intan-
gibles, markups, and innovation:
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(a) The cost-minimizing fixed over total cost ratio decreases in a firm’s intangi-
ble cost parameter ¢;.

(b) Firms with lower intangible cost parameters ¢; have higher spending on
research and development and have higher markups across their products
than other firms do.

PROOF:
Appendix A.

Combined, parts (a) and (b) of the proposition invite regressions that relate firms’
ratios of fixed costs over total costs to research and development and markups, with
a positive predicted correlation.

C. Measuring Fixed Costs

Testing these predictions involves two main challenges. First, firms do not identify
whether costs are variable or fixed in financial statements. Second, the administra-
tive datasets provide data at the firm level, while production function (26) operates
at the product level. I address both issues below.

Measure.—1 derive a new time-varying measure of fixed costs from the differ-
ence between marginal cost markups and the profit rate, which equals operating
profits over revenue. Past work typically uses the sensitivity of a firm’s operating
costs or profits to sales shocks to measure fixed costs, under the assumption that all
variable costs are set freely.” This is problematic when firms face adjustment costs
for some variable inputs (e.g., when adjusting their labor force), and it does not
yield a time-varying measure of fixed costs at the firm level. As posts on the income
statement are broad, they too cannot be classified as fixed costs, even in the French
data. The new measure instead takes advantage of marginal costs being constant
within firm-product-years, implying that the accounting definition of the profit rate
is

Tije <pijt - mcijz))’ijz f (sijts <l5i)

DijtYiie DijtYije PijtYije °

which follows from dividing profits (9) by revenue. Isolating fixed costs on the
left, and defining the markup s, for the ratio of prices to marginal costs, yields a
model-consistent measure of fixed costs:

(27) M) 1y T
PijtYijt _< /th) PijtYijt

The equation shows that profits differ from markups because the latter measure
marginal profitability, while the profit rate measures average profitability. A firm

22 Online Appendix C shows that trends in alternative measures of fixed costs are similar to the trend in the new
measure.
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with positive fixed costs should have a profit rate below the markup. This implies
that rising markups do not necessarily reflect rising profitability.

It is straightforward to aggregate the product-level (27) to a model-consistent
measure of fixed costs at the firm level. A firm-level measure is needed because the
micro datasets contain firm-level revenues py;, = Zje 7, PijrYij and operating profits
T, = pYyi — tci, where fc;, denotes firms’ total costs and where J;, is a firm’s prod-
uct portfolio. Because firms may face fixed costs that are not related to intangible
spending on individual products (such as overhead), I write total costs 7c;, as follows:

ey = fit + ZJ [yijtsijtc(wlt’ Wop - ’Wkt) + f(sijt’ ¢z>] >
=

where f;, are the additional firm-level fixed costs that are unrelated to intangibles and
that apply at the firm level. The following proposition applies.

PROPOSITION 4: A firm’s total fixed costs f,, = fi + Zje 7,f <s,-j,, (bl-) are identified
by

fi _ ( 1 ) Tit
(28) pye = 1 = ) ~ pyie
where p;, is the harmonic average of the firm’s product-level markups .
PROOF:
Appendix A.

It follows that firm-level fixed costs can be identified from firm-level data on
operating profits and revenue (both observable on financial statements), as well as
markups. Markups are not observable because financial statements lack data on
marginal costs and prices. | therefore estimate markups using the method proposed
by Hall (1988). He shows that under cost minimization, a firm’s markup is given
by the product of the output elasticity of a variable input multiplied by the ratio of
a firm’s sales to its expenditure on that input. Online Appendix A.8 derives that, if
a firm’s products have equal output elasticities, Hall’s (1988) firm-level markup
estimates are the harmonic average of product-level markups.

The advantage of the Hall (1988) methodology to estimate markups is that it
does not assume a particular market structure or competition and that it is consis-
tent with the framework in Section I. The measure requires firm-level data on rev-
enue and spending on some variable input, which is assumed to be set flexibly and
without adjustment costs. Other inputs may be fixed, variable, or a combination of
both: as long as one freely set variable input is observed, markups can be estimated
consistently. For the French data, I use intermediate inputs as the variable input, while
for US data, I use markups from De Loecker, Eeckhout, and Unger (2020), which use
cost of goods sold. Revenue and expenditure on the input are observed on the income
statement, while I obtain the output elasticity by estimating a translog production
function using the procedure proposed by De Loecker and Warzynski (2012).7

23 Details are provided in online Appendix C.
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A final data issue is the mapping of Proposition 3 from the product to the firm
level in the presence of firm overhead costs f;. When firms produce additional
goods, the fixed cost ratio declines mechanically because firm-level f;, is now spread
across more products. As firm concentration has increased over time in the data, an
analysis of aggregate trends in fixed costs underestimates the rise in fixed costs that
is driven by fixed cost intangibles. In the regressions I address this by controlling
for (log) revenue, as revenue is proportional to firm size (py; o n;) in the model.
Revenue, therefore, controls for the mechanical decline in the ratio of f;, over total
costs in firm size.

Fixed Cost Estimates.—I use the data on operating expenses, revenue, and mark-
ups to measure firm-level fixed costs for France and the United States following
(28). On average, fixed costs comprise 23.7 percent of operating costs in the US
data and 19.4 percent in the French data, with respective standard deviations of 19.6
percent and 22.6 percent.

Figure 2 plots the revenue-weighted average ratio of fixed to total costs. I weigh
by revenue because revenue is proportional to the firm’s weight in aggregate fixed
costs in the model. The measure shows a persistent increase in both countries. Fixed
costs made up less than 13 percent (9.5 percent) of costs for US (French) firms at
the start of the sample and close to 23 percent (14 percent) at the end. Over the full
episode, the increase is greater for US firms, but this seems to be due to the differ-
ence in time samples. Between 1995 and 2015, the increase in the fixed costs share
is around 5 percentage points in both datasets.

Online Appendix C provides various robustness checks for the trend in fixed
costs. It shows that the results are robust to alternative estimates of markups as
well as to various approaches to the adjustment of profits for capital costs.”® The
online Appendix also confirms that alternative measures of fixed costs from the
literature yield similar levels and trends as those in Figure 2. Finally, the online
Appendix also contains an illustration of the sectoral composition of fixed costs
(Figure A4). It shows that fixed costs are especially high in the information sector,
while variable costs are relatively important in retail and wholesale. Nearly all broad
sectors have seen an increase in their share of fixed costs in total costs, and a for-
mal between-within decomposition in online Appendix Table A3 confirms that the
increase occurs largely within sectors.

A key assumption in the model is that intangible inputs are fixed costs. While
there is no exhaustive information on firm-level spending on intangible inputs,
external data on software investments are available. As software spending is a subset
of total intangible spending, we should see it positively correlate with fixed costs. To
assess whether this is the case in the data, I estimate

(29) ln<pf§”> = ﬂln(%) + "X + N

24The definition of operating profits for Figure 2 accounts for depreciation costs, but it does not adjust profits
for the rental costs of capital. The online Appendix derives multiple series of required rental costs rX from the esti-
mates of risk-free interest rates and capital risk premia in Caballero, Farhi, and Gourinchas (2017) and shows that
the trends in Figure 2 are robust to the adjustment.
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FIGURE 2. WEIGHTED-AVERAGE RATIO OF FIXED CosTs TO ToTAL COSTS

Notes: Sales-weighted average of fixed costs as a percentage of total costs, US listed firms (left) and universe of
French firms (right). Fixed costs are derived from the difference between markups and profit rates at the firm level
in line with (28).

where software spending is denoted by f3, so that 5 > 0 if 7}, is indeed part of the
firm’s fixed costs Zje 7, (sl-jt, qzﬁi). Both the dependent and the explanatory variable
are standardized by revenue because revenue is proportional to a firm’s product
count in the model. This controls for the mechanical correlation between fixed costs
and software spending that arises when firms produce more goods.*

To measure software for US firms, I use estimates of annual software budgets
in the Ci Technology Database (CiTDB), produced by the marketing company
(Harte-Hanks 2017). The CiTDB collects site-level IT data through phone sur-
veys, which are sold for the purpose of commercial acquisition. It contains consis-
tently defined estimates of software budgets for 2010 and for 2012-2015.7¢ Online
Appendix B details the data construction. The dataset contains 6,585 observations.

For France, data on software and IT come from the Enquéte Annuelle d’Entre-
prises (EAE) (Insee 1994-2007), which is an annual survey that (postweighting)
representatively samples around 12,000 firms between 1994 and 2007. The survey
provides a comprehensive panel of firms with more than 20 employees and samples
smaller firms in most sectors. I use this survey for data on software investments,
developed in-house or purchased externally. The matched data contain 106,865
firm-years across 31,005 firms.

Results are presented in Table 2. Column I presents univariate regressions, which
show a significantly positive relationship between software spending and fixed costs
in both countries. Column II adds log revenue to control for firm size n;. Adding
two-digit industry and year fixed effects in columns III and IV has limited effects on

25 Alternatively, the regression could be performed with controls for the log of revenue. This yields similar
results.

261 thank Nick Bloom and John Van Reenen for graciously providing an extract from the CiTDB to perform
this analysis. I additionally observe firm-level adoption of personal computers. While personal computers are not
directly a measure of intangible inputs, they are a common proxy for IT intensity at the firm level (see, e.g., Bloom,
Sadun, and Van Reenen 2012), and these data are available for a longer sample from 1997 to 2015. The dataset also
contains detailed data on the kind of IT systems that firms have installed, but it is not possible to distinguish between
missing entries and entries where a system was not installed.
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TABLE 2—RELATIONSHIP BETWEEN SOFTWARE SPENDING AND FIXED COST SHARE

Fixed cost share (log) I I 11 v \Y VI

United States (CiTDB, 2010 to 2015)

Software budget over revenue (10g) 0.093 0.067 0.054 0.055 0.022 0.019
(0.008)  (0.010)  (0.010)  (0.010) (0.007)  (0.007)

R? 0.054 0.063 0.170 0.172 0.015 0.038

France (EAE, 1994 to 2007)
Software investments over revenue (log) 0.130 0.117 0.0719  0.0678  0.0456  0.0324
(0.002)  (0.003) (0.003) (0.003) (0.002) (0.002)

R? 0.039 0.056 0.192 0.197 0.032 0.129
Year fixed effects No No No Yes No Yes
Firm fixed effects No No No No Yes Yes
Industry fixed effects No No Yes Yes No No
Revenue (product-count) control No Yes Yes Yes Yes Yes

Notes: Dependent variable is fixed costs over revenue (log). Explanatory variable is (log) software investments over
revenue. Revenue is deflated with the sector-specific gross output deflator, software with the input deflator from
EU-KLEMS. Variables are winsorized at 1 percent tails. Firm-clustered standard errors are given in parentheses.
Revenue in logs, as it is proportional to a firm’s product count in the model. Sector fixed effects are at the two-digit
level. US regressions have 6,635 observations; French regressions have 106,865 observations.

the estimated correlations, which are comparable in size for France and the United
States. The coefficients shrink substantially when adding firm fixed effects. This is
consistent with the model, as most of the variation in intangibles comes from ¢;,
which is fixed within the firm.

Results in Table 2 are robust to alternative specifications, such as controlling for
size through costs instead of revenue as a control, or to a broader measure of infor-
mation technology budgets to measure software spending in the US data. Online
Appendix Table A5 shows that there is also a positive correlation between fixed costs
and personal computer intensity. I also find a significantly positive relationship when
f3 is proxied with dummies for the adoption of specific technologies.?” I conclude
that there is a robustly positive relationship between observed intangible inputs and
fixed costs, in line with the model.

D. Correlations between Fixed Costs, Research and Development, and Markups

To further explore the empirical validity of the model’s mechanisms, I now
assess the firm-level conditional correlations implied by the model’s equilibrium
(Proposition 3) in the micro data.

Research and Development.—I first assess the relationship between fixed costs
and innovative investments, measured through R&D intensity. R&D intensity is
measured as the ratio of R&D over revenue, as is standard in the literature (e.g.,
Hall, Mairesse, and Mohnen 2010). In equation (A.8) of online Appendix A, I show

27Data on technology adoption are available for France. I use the Enquéte sur les Technologies de I Information
de la Communication (TIC) (Insee 2019), which details a firm’s installed IT systems from 2008 to 2016. It samples
around 10,000 firms annually. Online Appendix F’s Table A4 regresses (log) fixed costs over revenue on IT system
adoption and finds a strong relationship.
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that the firm’s R&D intensity is a function of three terms. The first term captures
the value of becoming the producer of an additional good, which is higher for firms
with low intangible costs ¢;. Along the balanced growth path, the term is entirely
captured by a firm fixed effect. The second term captures that innovation intensity
falls in firm size. The final term is a time fixed effect. The firm’s intangible costs ¢;
are unobservable, but Proposition 3 shows that high-intangible firms have higher
ratios of fixed costs over total costs. I therefore estimate

(30) ln(xrd,-,/py,-,) = ﬁln(fit/tcit> + ’Yln(P)’it) + & + €

where &, are time fixed effects and ¢, are residuals, while revenue is included to
control for firm size.

I measure xrd;; as R&D on the income statement in Compustat, which is feasible
because R&D is expensed under US accounting rules.*8 For France, I obtain R&D
from the Enquéte Communautaire sur L’Innovation (CIS). The CIS is an innova-
tion survey that was conducted in 1996 and 2000, and biannually since 2004. The
variable for xrd;, that I take from this dataset is expenditures on innovation activi-
ties, including externally purchased R&D and expenditures on external knowledge
or innovation-related capital expenditures. The dataset contains 20,666 firm-years
across 12,879 firms.

Table 3 presents the results. Estimates in column I come from a univariate regres-
sion, which shows that firms with relatively high fixed costs indeed have higher
R&D intensities than other firms. Controlling for firm size through revenue slightly
lowers the coefficient, in line with the prediction of the model that both R&D inten-
sity and fixed costs over total costs (through overhead f;,) decline in firm size. The
estimates imply that a 1 percent increase in fixed over total costs raises R&D inten-
sity by 0.3 to 0.6 percent, on average. This result is robust to industry and year fixed
effects.

The model predicts that, in the steady state, fixed costs are orthogonal to innova-
tion rates after conditioning on firm effects. Columns V and VI show that this is not
the case in the data, although the coefficients are significantly smaller than in the
columns with fewer controls. As Table 3 uses the full sample, it is unlikely that the
economy is in the steady state, explaining the positive estimates.*”

Markups.—I next relate fixed costs to markups. As shown in Proposition 3, fixed
costs should correlate positively with markups. In a regression, two counteracting
forces govern this relationship. To see this, note that product-level markups in the
model are Iny;, = In); — Insy, where \; denotes the innovation step size and
where time subscripts were added to s;;. Given Cobb-Douglas demand, this equals

Inp;; = —Insy + InY; — Iny; — Inw,.

28 Because R&D is expensed, it negatively affects profits. When calculating fixed costs, I do not include R&D
in the definition of costs, thereby preventing a mechanically positive relationship between fixed costs and R&D.

29Results in Table 3 are robust to various alternative specifications, including the use of fixed costs over revenue
as the explanatory variable. For the United States, it is also feasible to use software investments from the CiTDB
(online Appendix Table A6). For France, this is not feasible because the R&D and software data come from differ-
ent surveys with insufficient overlap.
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TABLE 3—RELATIONSHIP BETWEEN FIXED COST SHARE AND RESEARCH AND DEVELOPMENT

R&D intensity (log) I I I v v VI
United States
Fixed costs over total costs (1og) 0.693 0.623 0.566 0.536 0.179 0.163
(0.018) (0.018) (0.018) (0.018) (0.012) (0.012)
R? 0.175 0.231 0.306 0.320 0.028 0.043
France
Fixed costs over total costs (1og) 0.412 0.336 0.123 0.128 0.044 0.053
(0.017) (0.017) (0.015) (0.015) (0.024) (0.025)
R? 0.045 0.103 0.275 0.278 0.015 0.026
Year fixed effects No No No Yes No Yes
Firm fixed effects No No No No Yes Yes
Industry fixed effects No No Yes Yes No No
Revenue (product-count) control No Yes Yes Yes Yes Yes

Notes: Dependent variable is R&D intensity (log). Explanatory variable is fixed costs over total costs (log).
Variables are winsorized at 1 percent tails. Firm-clustered standard errors are given in parentheses. Revenue in logs,
as it is proportional to a firm’s product count in the model. Sector fixed effects are at the two-digit level. US regres-
sions have 58,246 observations; French regressions have 20,666 observations.

The first counteracting force is captured by the final term, as a higher s;; directly
translates to lower fixed costs. This creates the positive simple correlation between
markups and fixed costs. The second force operates through y;;, and \;;: a greater step
A;j raises markups and lowers fixed costs because higher markups reduce demand.
This creates a negative correlation between markups and fixed costs. Indeed, solving
for \;; in terms of s;;, using first-order condition (7), we can denote markups as

Inp; = Olnsy — Ing; + InY, — Inw, — In6.

ijt
It follows that the relation between fixed costs and markups should be positive in a
regression without fixed effects. Conversely, given that fixed costs are higher when
s;j¢ 18 low, the relationship could be negative when controlling for firm fixed effects.?®

To test these predictions, I run a firm-level regression of the (log) markup on the
(log) ratio of fixed costs over total costs. Compared to the other regressions, there is
an added complication: fixed costs are derived from markups, so that measurement
error in markups causes a positive correlation. I address this by instrumenting total
fixed costs with the observable subset of fixed costs: software spending.’'

Table 4 presents the results. As expected, OLS results in columns I and II show a
strong positive correlation between markups and fixed costs, regardless of controls.
When addressing bias through correlated measurement error in 2SLS results (col-
umns IIT and IV), we see that the correlation is strongest in the univariate regres-
sions. Those estimates are economically significant: a 1 percent increase in fixed
costs raises markups by 0.3 to 0.4 percent. Consistent with the model, fixed effects

30Firm fixed effects orthogonalize fixed costs from ¢; up to the first order. In the model, the relationship
between ¢; and s, is nonlinear, so that a linear regression of markups on fixed costs with firm effects may still yield
a positive coefficient. ~

f' The instrument also controls for measurement error in f;; caused by the firm-level overhead f;,. Controlling
for f;, by adding the log of revenue as an additional control, as in Table 3, does not affect the qualitative results in
Table 4.
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reduce the relationship (France) or even reverse its direction (United States). The
reduced-form regressions confirm that software-intensive firms have higher mark-
ups but not when account is taken of fixed effects.

In summary, the model implies positive correlations between fixed costs and
intangibles, markups, and innovation, especially when no account is taken of firm
fixed effects. The correlations in the micro data are broadly in line with these pat-
terns. I next use the data to quantify the model.

III. Quantification

This section outlines how the model is quantified. I first discuss the calibration
and structural estimation strategy and then discuss the extent to which the model is
able to replicate a set of targeted and untargeted moments along the original bal-
anced growth path.

A. Calibration

In the baseline calibration firms have equal intangible costs ¢, leaving nine param-
eters to be calibrated: discount rate p, the cost elasticity of intangibles 6, innovation
cost curvatures ¢ and v¢, innovation cost scalars " and 7°, the average innovation
step size )\, the parameter governing the firm-size and -growth relationship o, and ¢.
Five parameters are estimated; the others are taken from the literature. I separately
estimate the model for the United States and France, using Section II’s micro data.

Externally Calibrated Parameters.—The model is calibrated at an annual fre-
quency. I calibrate the curvature of R&D for entrants ()¢) and incumbents (1)*) to
2. This is a key parameter because it determines the concavity of the return to R&D.
If innovative activities concentrate among fewer firms, the fact that »* > 1 implies
that the average effect of these investments on growth is lower. The literature that
studies the elasticity of R&D with respect to the user costs (¢,,,) of such activities
finds elasticities around —1.0 for tax credit changes (see, e.g., Bloom, Griffith, and
Van Reenen 2002 for a review). The parameter ¢” is related to ¢, as follows:

€ — 1

P = _’gﬁ9
and is therefore set to 2. The same value is used in Akcigit and Kerr (2018) and
Acemoglu et al. (2018).

I calibrate the curvature parameter 6 of fixed cost function (3) to match empirical
estimates of the pass-through of marginal costs to markups. To see how these relate,
note that the first-order conditions for markups (8) and intangibles (7) imply an
equilibrium log markup

1 Wi

The elasticity of marginal costs with respect to wages is (0 + 2)/(6 + 1), so that the
elasticity of markups with respect to marginal costs ata given level of Yis —(6 + 2)~ L
I set 0 to 2, which achieves a pass-through of —25 percent. Empirical estimates of
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TABLE 4—RELATIONSHIP BETWEEN FIXED COST SHARE AND MARKUPS

OLS 2SLS Reduced Form
Markup (log) I 11 I v v i
United States (CiTDB, 2010 to 2015)
Fixed costs over total costs (1og) 0.271 0.061 0.439 -2.42 0.043 0.002
(0.009)  (0.007) (0.026)  (9.58) (0.003)  (0.002)
R? (First-stage F.) 0504 0073 (392)  (9.51) 0.074  0.002
France (EAE, 1994 to 2007)
Fixed costs over total costs (10g) 0.173 0.071 0.307 0.254 0.030 0.003
(001)  (0.001) (0.007)  (0.036) (0.001)  (0.000)
R? (First-stage F.) 0457 0.449 (1350)  (106.8) 0032 0051
Year fixed effects No Yes No Yes No Yes
Firm fixed effects No Yes No Yes No Yes

Notes: Dependent variable is the markup (log). Explanatory variable is fixed costs over revenue (log). Variables are
winsorized at 1 percent tails. Firm-clustered standard errors are given in parentheses. The instrument for the 2SLS
regressions is the ratio of software spending over sales. US regressions have 6,635 observations; French regressions
have 106,795 observations.

this elasticity vary. Amiti, Itskhoki, and Konings (2019) find a pass-through of —35
percent in their main results. In robustness checks on the full sample, they find val-
ues between —39 percent and —25 percent. For firms with fewer than 100 employ-
ees, they find coefficients of —3 percent. Table A13 in online Appendix F shows that
the results are robust to # = 0.86, yielding a —35 percent pass-through.

As a further robustness check, I calibrate 6 from the relationship between variable
costs vey; = w,s;; vy, and fixed costs. From the first-order condition for intangible
inputs, it follows that

Ve = Hf(s}“j,, qﬁ,-) + 0w, ;.

I run a firm-level regression of variable costs on fixed costs in Table A12 in online
Appendix F. Estimates of 6 range from 0.86 to 1.34, similar to the s derived from
markup pass-through. Online Appendix Table A13 shows that the main results are
robust to calibrating 6 using the relationship between fixed and variable costs. The
distribution of the innovation step size \;; is Pareto, so that

A

H()\) = A\,

where the shape parameter is a function of the average innovation step size A, which
I structurally estimate along with the other parameters in the next section. The Pareto
distribution ensures that the quality of innovations follows a power law, in line with
empirical evidence (e.g., Harhoff, Scherer, and Vopel 2003; Kogan et al. 2017). It
also delivers an exponential distribution for log markups, as in Peters (2020). The
discount rate p is set to 0.01, which gives rise to a 2.3 percent risk-free rate.

Structurally Estimated Parameters.—The remaining five parameters are esti-
mated using indirect inference by matching moments from either the US Compustat
data on listed firms or the French administrative data. The US calibration targets
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moments around 1980, which is the first year that firm variables from Compustat
can be complemented by administrative data on business dynamism. The French
calibration targets moments in the first year of the data (1994) or the first available
year for surveys.

The structural estimation chooses the set of parameters that satisfies the objective
function:

mini ‘modelk — datak‘

32
(2 i1 (|modely| + |datay)0.5

k>

where model; and data; respectively refer to the simulation and data for moment i
with weight €2;. I solve the model as a fixed point along the algorithm described in
online Appendix E. Using the equilibrium values for innovation and entry rates, the
firm-size distribution, rates of creative destruction, and aggregate quantities such as
the efficiency wedge, wages, and output, I simulate the economy for 32,768 firms
until the distribution of s; has converged, and simulate 10 more years to collect
moments.

The following moments are used for the US calibration. I calibrate the intangible
efficiency parameter ¢ to match the 1979 ratio of fixed to variable costs of 12.9
percent in Section II. Online Appendix A.9 derives that this ratio falls in ¢. The cost
scalar of R&D by entrants (1)) is estimated by targeting the entry rate of 13.8 per-
cent for 1980 in the Business Dynamics Statistics. The cost scalar of innovation by
existing firms (%) is estimated by targeting the average ratio of R&D over sales for
firms with positive expenditures in 1980, at 2.5 percent. Following Akcigit and Kerr
(2018), I calibrate the parameter that governs the extent to which R&D scales with
size (o) by targeting the following OLS regression of size on growth:

(33) Ai(ﬁ)’) = o + ﬁln(piyi> + &

where the left-hand side is the growth rate of sales using the measure of growth in
Davis et al. (2006), while «; is a sector fixed effect. Akcigit and Kerr (2018) esti-
mate (33) on census data and find 5 = —0.035, which implies that a firm with 1
percent greater sales is expected to grow 0.035 percent less. I estimate average inno-
vation step size A by targeting productivity growth along the balanced growth path
of 1.3 percent, which equals average growth of total factor productivity between
1969 and 1980 in the Fernald series. >

The calibration for France relies on French counterparts of the US moments.
Intangible cost parameter ¢ is calibrated to match the 1994 ratio of fixed to variable
costs of 9.5 percent in Section II. The cost scalar of research and development by
entrants (7)°) is estimated by targeting an entry rate of 10 percent. This is the fraction
of firms that enter the FARE-FICUS dataset for the first time in 1995, the second
year for which data are available and therefore, the first year that entry is observed.
The cost scalar of innovation by existing firms (n*) is estimated by targeting the

321 measure productivity growth with Fernald’s utilization-adjusted series. This series is closest to the model
because it adjusts for temporary fluctuations in the utilization of labor and capital, as such fluctuations do not occur
in the model.
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average ratio of R&D over sales in the CIS for 1996, which is 3.1 percent. I calibrate
o to match the (3 in (33) using the French micro data for 1994—1995. The estimated
(1is —0.035, coincidentally the same as for the United States. I target a productivity
growth rate of 1.3 percent, which is the average TFP growth rate between 1969 and
1994 in the Penn World Tables.

Table 5 presents an overview of the calibrated and estimated parameters. The
lower R&D intensity of US firms gives rise to a higher innovation-cost scalar
1", while the higher ratio of fixed to variable costs of US firms causes their baseline
estimated intangible costs ¢ to be lower than that of the French firms. The estimated
innovation-step size is similar for both countries.

B. Model Properties

A comparison of theoretical and empirical targeted moments is provided in
Table 6. The first column lists the parameter that corresponds most closely to the
moment, the second column describes the moment, and the third column summa-
rizes the moment’s weight in the structural estimation. All moments receive the
same weight except the share of fixed costs, which is assigned a weight of two.
The model is able to match moments on growth, fixed costs, and the relationship
between firm growth and firm size precisely for both countries. R&D intensity is
also precisely matched for the US calibration. Entry is precisely matched for France,
although the model underestimates French R&D intensity.

The firm-size distribution is untargeted. The Cobb-Douglas aggregator implies
that a firm’s revenue is determined by the number of goods that it produces, which is
plotted against data in Figure 3. I rely on the Compustat segments data for the US to
count the number of NAICS industries in which firms operate (Figure 3, panel A).?*
This is the orange-circled line. Results show that US listed firms operate in more
sectors than the model predicts. Note that the Compustat segments are an imperfect
measure of the number of products that firms produce because firms apply hetero-
geneous reporting standards on what a segment is. Further, a third of firms do not
report their segments at all. The green-squared line plots an alternative distribution
of the product count, setting the number of products to one for nonreporting firms.
This brings the distribution closer to what is predicted. The difference between the
fraction of firms with two and three (and three and four) products is also accurately
predicted. Figure 3, panel B plots the same for France. Data come from the Enquéte
Annuelle de Production dans L’Industrie (EAP) (Insee 2019). This dataset is avail-
able only for firms in manufacturing and contains identifiers for each product that
the firm sells.”® The figure shows that the distribution of the number of product
count is closely matched.

Markups are also untargeted. The model predicts average markups of 1.41 for
the US calibration and 1.29 for the French calibration. This overstates the actual

33The first year with NAICS segment codes is 1990, which is plotted here. Details are provided in online
Appendix B.
34 The first year of the survey is 2009, which is plotted here. Details are provided in online Appendix B.
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TABLE 5—OVERVIEW OF PARAMETERS

Parameter Description Method Value (US) Value (France)
p Discount rate External .010 010
0 Intangibles cost elasticity External 2.00 2.00
Pt Cost elasticity of innovation (incumbents) External 2.00 2.00
®¢ Cost elasticity of innovation (entrants) External 2.00 2.00
n" Cost scalar of innovation (incumbents) Indirect inference 3.36 1.73
n° Cost scalar of innovation (entrants) Indirect inference 2.44 2.29
A Average innovation step size Indirect inference .060 .061
o Relationship firm size and firm growth Indirect inference 521 .623
10) Intangible costs Indirect inference 215 279

TABLE 6—COMPARISON OF THEORY AND DATA FOR TARGETED MOMENTS

United States France
Parameter Moment Weight Q Model Target Model Target
p) Long-term growth rate of productivity 1 1.3% 1.3% 1.3% 1.3%
1) Fixed costs as a fraction of total costs 2 12.9% 12.9% 9.5% 9.5%
o Relation between firm growth and size 1 —.035 —.035 —.035 —.035
n° Entry rate (fraction of firms age 1 or less) 1 13.2% 13.8% 10% 10%
n* Ratio of research and development to sales 1 2.5% 2.5% 2.4% 3.2%

markups at the beginning of the sample, which average 1.27 and 1.17 in the United
States and French data, respectively.™

Table A7 in online Appendix F presents a set of additional untargeted moments.
The first panel analyzes the relationship between size and age. Size is measured as
sector-deflated sales, while age is measured as years since creation in France and
as years since entry into Compustat for the United States. Both are transformed to
within-year quartiles indexed from 1 to 4.

For the United States, the model accurately predicts that small firms are more
likely to exit and less likely to stop producing a product, but it cannot explain the
relationship between exit and age. This could be because US exits are calculated in
Compustat, which may be for other reasons than firm closure. The model correctly
predicts that young firms are smaller than older firms, as they have had less time to
accumulate patents. The model also matches for France that young and small firms
are more likely to exit and less likely to stop producing a product.

Online Appendix Tables A8 to A1l additionally compare regressions of simu-
lated data between the model and the data. Online Appendix Table A8 estimates
the elasticity of fixed-over-total costs with respect to fixed costs; online Appendix
Table A9 estimates the relationship between fixed costs and firm size. Both are well
matched. Online Appendix Tables A10 and A11 present estimations that relate fixed
costs to markups and R&D as in Section II. These are not well matched because all
firms have equal intangible efficiencies, but improve in the next section.

35Online Appendix G presents an alternative calibration that targets markups and shows that results are quali-
tatively robust.
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FIGURE 3. NUMBER OF PrRODUCTS BY FIRM: THEORY AND DATA

Notes: US data are taken from the Compustat segments file and count the number of primary NAICS codes that
firms report to operate in during 1990. Adjusted segments data assign a segment count of 1 for firms that are not
included in the segments file. French data are taken from the Enquéte Annuelle de Production dans L’Industrie
(manufacturing only, 2009).

IV. Quantitative Analysis

This section contains the main exercise: a quantitative analysis of the effect
of a rise of intangibles on productivity growth, business dynamism, and mark-
ups. Section IVA first outlines how high-intangible firms are introduced, while
Section IVB analyzes how they change the balanced growth path. The transition
path from the old to the new steady state is discussed in Sections IVC to IVE.

A. Introducing Heterogeneous Intangible Efficiency

To model the rise of intangibles, I introduce a group of firms with lower intangible
costs than the homogeneous intangible cost in the initial calibration of Section III.
Two parameters characterize the introduction of these firms: their cost parameter,
é, and the fraction of entrants that receive it, G(gﬁ) To calibrate G(&S), I target
the decline in entry. Entry depends on the share of firms with a higher intangible
efficiency because the latter determines what fraction of entrants benefit from the
rise of intangibles. For low levels of G((}), there is little chance that an entrant is
highly efficient at intangibles. Because high-intangible firms expand strongly, how-
ever, entrants are likely to face a high-intangible incumbent when they attempt to
enter. This raises effective entry costs and lowers the incentive to enter.’® I cal-
ibrate ¢ by targeting the rise in the average ratio of fixed costs over total costs
using the estimates from Section II. For the initial calibration, it is straightforward
to show that fixed costs over total costs rise when the homogeneous ¢ is calibrated
to a lower level. Showing that the relationship between fixed costs and ¢ is simi-
larly monotonic is not feasible analytically, as ¢ affects the new equilibrium’s entry

36For the United States, I target the decline in entry in the Business Dynamics Statistics between 1980 and 2016.
For France, I impute the decline in entry from the decline in the employment share by entrants in FICUS-FARE,
from 1994 to 2016.
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rates, research labor, and markup dispersion. A simple comparative static in online
Appendix Figure A10, which plots ¢ against average fixed costs over total costs,
confirms the existence of a monotonic relationship between fixed costs and ¢ in the
model’s calibration.?’

In the US calibration, 7.9 percent of all new firms benefit from a 26 percent reduc-
tion in intangible costs. In the French calibration, 4.4 percent of all new entrants
benefit from a 17 percent lower ¢.>8

I analyze two experiments on the introduction of these high-intangible firms. In
the main experiment, I start with an economy where the share of incumbents with
¢ is zero. That is, the rise of high-intangible firms is entirely driven by firms that
were not initially operative. This experiment aligns with the observation that the rise
of IT intensity in the 1990s was concentrated in young firms and that the decline
of dynamism occurred later for these firms (Haltiwanger, Hathaway, and Miranda
2014). In the alternative experiment, I smooth the introduction of high-intangible
firms by gradually raising G(q_ﬁ) from its initial value to its final value over the first
15 years of the transition. I further allow a fraction G(q_ﬁ) of incumbents in the ini-
tial balanced growth path to see the gradual improvement in their intangible costs
from the original, homogeneous, level of efficiency to the lower cost ¢. The latter
assumes that salient differences in intangible costs across firms always existed but
that changes in the availability of technology have made these differences relevant.
This experiment aligns with the finding in Klenow and Li (2020) that older firms
contributed to the speedup and slowdown in productivity growth since the 1990s.
Besides their difference in narrative, the main difference between both experiments
is that the path of entry is more consistent with the data if high-intangible entrants
and incumbents are gradually introduced.

B. Balanced Growth Path

The effect of introducing high-intangible firms is summarized in Table 7, which
presents the variables of interest in differences from the original balanced growth
path. Two balanced growth path changes are targeted: the increase in fixed costs as
a percentage of total costs and the decline in the entry rate. The rise of fixed costs
is well matched, while the decline in entry is underestimated in both calibrations.
The remainder of Table 7 presents results for untargeted objects. These include the
slowdown of productivity growth, the decline in business dynamism, and the rise
of markups. In the US calibration, the model is able to explain about one-half of
the rise of markups and one-third of the slowdown of productivity growth. In the
French calibration, the model is able to explain most of the decline in the reallo-
cation rate and just over one-half of the rise of markups. The model predicts a 0.1

37To structurally estimate the new parameters, I minimize a loss function similar to (32) with the rise of fixed
costs and the decline in entry as moments. To assure that the model does not overshoot the rise in fixed costs, an
additional penalty is applied to calibrations where the predicted rise of fixed costs exceeds the empirical rise in
fixed costs.

38 The tables with additional untargeted moments that relate fixed costs to R&D (A10) and markups (A11) show
a better match for the final steady state because there is heterogeneity in 6. Fixed effects regressions are still not
well matched, which may be because simulations rely on steady-state data. Online Appendix Tables A8 and A9 are
well matched across specifications.
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TABLE 7—BALANCED GROWTH PATH CHANGE DUE TO REDUCTION IN INTANGIBLE COSTS OF Top FIRMS

United States France

Targeted A Model A Data A Model A Data
Cost structure
Average fixed cost share Yes 10.6 pp 10.6 pp 4.5 pp 4.5 pp
Slowdown of productivity growth
Productivity growth rate No —0.3 pp —0.9 pp —0.1 pp —13pp
Aggregate R&D over value added No 34.5% 64.5% 20.1% 5.6%
Decline of business dynamism
Entry rate Yes —4.6 pp —5.8 pp —1.1pp —3.8pp
Reallocation rate No —36.3% —23% —17.6% —23%
Rise of market power
Average markup No 14.6 pt 27 pt 5.6 pt 11 pt
Model wedges
Labor wedge No 6.6 pt N.A. 3.2 pt N.A.
Efficiency wedge No .04 pt N.A. .04 pt N.A.

Notes: Data columns present the empirical moments, while model columns present the theoretical moments. The
change in productivity growth is the difference between growth from 1969 to 1979 (US) or 1969 to 1994 (France)
to growth post-2005. Other US moments equal the difference between 1980 and 2016. Other French moments equal
the difference between 1994 and 2016.

percentage point decline in productivity growth. It therefore seems that intangibles
are not responsible for most of the slowdown of growth in France.

The model overestimates the decline in the reallocation rate in the United States
because all growth in the model occurs through creative destruction.’”

The bottom of Table 7 presents the changes in the labor and efficiency wedges.
The labor wedge measures the difference between wages and marginal product and
grew by 6.6 and 3.2 in the United States and French calibrations, respectively, due
to the rise of markups. The efficiency wedge measures efficiency loss from markup
heterogeneity, which increases modestly because low-¢ firms have higher markups.

The model predicts a decline in productivity growth despite an increase in
aggregate research and development, in line with the data in France and the United
States.* In a model with homogeneous firms, this would be paradoxical because
there is a direct relationship between aggregate R&D and growth. Higher invest-
ments and lower growth coexist in this model because innovation activity is concen-
trated in a smaller group of high-intangible firms and because some innovations by
low-intangible entrants and incumbents fail to enter the market.

The increase in firm concentration is illustrated in Figure 4, which plots the dis-
tribution of firms over the number of products that they produce. This is the most
direct measure of concentration in the model. The original balanced growth path is

39 An empirically relevant additional source of innovation is the improvement of goods that firms already pro-
duce (e.g., Garcia-Macia, Hsieh, and Klenow 2019; Akcigit and Kerr 2018). In the context of the model, internal
innovation would be affected similarly by the rise of intangibles, as high-intangible firms have lower discount rates.
In a model like Peters (2020), however, internal innovation primarily raises a firm’s market power, hence exacerbat-
ing the rise of markups and the decline in wages.

40The French increase in Table 7 is measured over 1994-2016, while the US increase is over 1980-2016.
France experienced a 49.4 percent increase in R&D over national income between 1980 and 2016, which is closer
to what the model predicts.
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FIGURE 4. NUMBER OF PRODUCTS BEFORE AND AFTER A REDUCTION IN INTANGIBLE COSTS FOR ToP FIRMS

Notes: Lines plot the fraction of firms that produce the number of products on the horizontal axis. Solid lines are
from the original calibration. Circled lines present the counterpart for the balanced growth path after the introduc-
tion of high-intangible firms.

characterized by a lower concentration, featuring more firms that produce one or
two goods than is the case in the new balanced growth path. Conversely, the right tail
of the firm-size distribution is fatter, indicating that there are more large firms. Note
that the increase in concentration is endogenous: high-intangible firms have higher
markups and therefore have more incentives to invest in research and development.
This causes them to produce a disproportionate fraction of all goods and to grow
larger than other firms.

C. Transition Path

The analysis thus far has studied the effect of a rise in intangibles along the
balanced growth path. This section shows that short-term dynamics are substan-
tially different. To quantify the transition path, I numerically solve for the path
of productivity, markups, and wages.*! This section presents the results from the
experiment in which none of the incumbents are assigned a lower intangible cost
parameter. The alternative experiment, together with a comparison with the data, are
provided in Section IVE.

The path of productivity growth is presented in Figure 5. Figure 5, panel A pres-
ents results for the US calibration, Figure 5, panel B for the French calibration.™*2
The solid blue line plots the path of growth in total factor productivity as defined
in (24). The yellow dash-dotted line plots the increase in productivity due to the
stepwise improvement of quality, which is the source of long-term growth.

When low-¢ firms start entering the economy in year 0, there is initially a jump
in productivity growth compared to the original steady state (the black upper dashed
line). This is partly because of a rise in entry, driven by the fact that new firms
now have a positive probability of being the profitable low-¢ type, while the high-¢

I The computational algorithm is described in online Appendix E.
42 Figures in the remainder of this section only plot results for the US calibration because the results are qualita-
tively similar in both calibrations. Full French results are provided in online Appendix F’s Figure A11.
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Note: Black and red dashed lines (respectively) indicate the original and the new steady state.

entrants do not face low-¢ incumbents yet (Figure 6, panel A). Entry jumps above
its initial steady-state value as the figures plot the effect of an immediate, permanent
shock to G(¢).43

As the low-cost firms enter the economy, there is a further increase in productiv-
ity because they reduce the marginal costs of any good that they produce through
the use of intangibles. This causes productivity growth to exceed the growth rate of
quality. At peak growth, 8 years after the introduction of low-¢ entrants, this boosts
growth to a level of up to 1.6 percent. The transitional boom evolves more slowly in
France because a smaller fraction of start-ups benefit from the lower intangible costs
(4.4 percent for France versus 7.9 percent for the United States). The extraordi-
nary growth is predominantly driven by cost reductions from intangibles, consistent
with the finding that above-average productivity growth from the mid-1990s to the
mid-2000s was primarily caused by IT (Fernald 2015). A slowdown occurs from
year 8 onward in the US calibration. Entry declines because low-¢ incumbents pro-
duce an increasingly large share of all products. The probability that an entrant ben-
efits from drawing a low ¢ therefore falls below the probability that it faces a low-¢
incumbent, which increases the likelihood of a failed innovation.

The decline in productivity growth is mirrored by an increase in the average
ratio of R&D over sales, also known as R&D intensity (Figure 6, panel B). The
increase is large: average R&D intensity increases from 2.5 to 7.8 percent. This
is quantitatively very similar to the data. Among US public firms with positive
R&D, the average R&D intensity increased from 2.5 (the calibration target)
to 8.7 percent.** It aligns with the result that “ideas are getting harder to find”
in Bloom et al. (2020), who argue that the effect of innovative investments on

43This is an abstraction, as the true change in the composition of intangible costs was likely more gradual.
It may also be the case that some incumbents have seen a reduction in their intangible efficiency over time. In
Section IVE, I show that entry is in line with the data when entrants and incumbents with low intangible cost
parameters are gradually introduced.

44R&D intensity among all public firms increased from 2.0 to 6.7 percent, again similar to the increase in the
model. French R&D expenditure over sales increased from 3.1 percent among positive spenders (the calibration
target) to 4.0 percent.
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FIGURE 6. TRANSITION PATH FOR ENTRY, R&D, MARKUPS, WAGES

Notes: Black and red dashed lines (respectively) in panels A to C indicate the original and the new steady state.
Panel A presents the entry rate, panel B the average ratio of R&D to sales, panel C the average markup, and panel
D the path of wages (dashed yellow) and productivity (solid blue).

growth has diminished. The model offers a potential explanation for their result.
As high-intangible firms have higher markups, they have a greater incentive to
innovate. Because the returns to R&D are concave, these additional investments
have limited effects on growth but increase average R&D intensity considerably,
causing the decline in research effectiveness. The presence of low-¢ incumbents
further means that a fraction of the innovations fail to be introduced to the market,
again diminishing the effect of research on growth. Section IVF elaborates on these
inefficiencies.

The model also sheds light on why wages have not kept up with productiv-
ity growth in the past 20 years, which has caused a decline in the labor share
(Kehrig and Vincent 2021). While the reallocation of economic activity to lower-
¢ firms leads to a reduction of marginal costs and an increase in productivity,
there is no increase in wages because productivity is offset by higher markups
(Figure 6, panel C). Note that markups increase because activity reallocates toward
high-markup firms, in line with empirical evidence (e.g., Bagaee and Farhi 2020;
Autor et al. 2020). This leads to a decoupling of wages and productivity (Figure 6,
panel D). Wages continue to grow at the rate of quality improvements but do
not benefit from the transitory increase in productivity growth from intangible
adoption.
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D. Results: Welfare

To quantify the welfare effect of the rise of intangibles, I calculate the percentage
by which consumption along the original balanced growth path must change for the
household to be as well-off as in the new path of consumption. Two counteracting
effects are at play. The initial boom in growth raises the level of productivity, which
is positive for welfare. The subsequent slowdown of productivity growth lowers
output, which reduces welfare. The permanent rise of R&D worsens this negative
effect because a smaller fraction of the labor force is dedicated to the production of
consumption goods.

The overall decline in welfare is sizable: consumption-equivalent welfare falls
by 8.92 percent in the US calibration and by 0.94 percent in the French calibration
(Table 8, columns 1 and 5, row 1). The decline is much larger in the United States
because steady-state growth falls by more than 0.3 percentage points, versus 0.1
percentage points for France. The temporary increase in growth also lasts longer for
France.

The fact that the slowdown of growth is accompanied by a rise in R&D contrib-
utes significantly to the welfare loss. If L' is held constant and the new R&D work-
ers are assigned back to production, the model predicts a decline in US welfare by
3.2 percent, close to the welfare loss of 3.3 percent from the rise in span of control
in Aghion et al. (2023). For France, the change in welfare even becomes positive,
which means that the initial rise in productivity is sufficient to offset the long-term
decline in growth. It follows that the increase in R&D is an important contributor to
the welfare effects of the productivity growth slowdown.

The decline in welfare is largely governed by the fraction of firms that have access
to the lower intangible costs, G((f)) The effect of G(&) on growth and entry is illus-
trated in Figure 7. At G(;b) = 0, the economy is in the original steady state. As the
share of entrants with low-intangible costs becomes positive, there is a substantial
decline in growth and entry. This is because the smaller G(gg) > 0, the greater the
increase in variance and the smaller the reduction of the expected intangible costs.
If all firms see a decrease in ¢, then average markups would increase, as would the
incentive to innovate. A sufficiently homogeneous decrease in ¢ therefore raises
entry and growth above the old steady-state level. Conversely, a mean-preserving
spread of ¢ reduces growth because it reduces incentives to enter. Any change in
technology that improves the diffusion of intangibles therefore positively affects
entry, growth, and welfare. Changes in welfare under alternative calibrations for
G(a)) are summarized in the other columns of Table 8. In the main exercise, 7.9
percent (4.4 percent) of US (French) firms receive the low-intangible cost param-
eter. The greater the fraction of entrants that receive ¢, the higher the welfare. The
potential gain is large: if G(&) is increased to 50 percent, both calibrations display
an increase in welfare of over 20 percent.

E. Alternative Experiment: Smooth Introduction of Low Intangible Costs
The previous section plotted a transition where the fraction of entrants that receive

the low intangible cost parameter ¢ jumps overnight and where all incumbents retain
their original intangible costs. I now analyze the transition where, instead, the rise in
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TABLE 8—WELFARE CHANGE AT VARIOUS LEVELS OF INTANGIBLE ADOPTION

United States France
Fraction of low-intangible-cost firms (G(¢)): ~ 0.08 0.10 025 0.50 0.04 0.10 0.25 0.50
A Welfare (%) —8.92 746 2.03 20.1 —0.94 0.49 8.72 233
A Welfare—constant L™ (%) —-3.18 —148 8.16 25.9 0.54 2.36 11.00 25.5

Notes: Percentage change from original balanced growth path. G((E) = 0.079 for the United States, and
G(d)) = 0.044 for France in the main analysis.
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FIGURE 7. BALANCED GROWTH PATH EFFECTS OF AN INCREASE IN INTANGIBLE EFFICIENCY FOR ToP FIRMS

Notes: Balanced growth path growth and entry rates for various levels of G(q&)A Panel A plots the US calibration, in
which ¢ is below the ¢ of other firms by 26 percent. Panel B plots results for the French calibration, in which ¢ is
17 percent lower than the ¢ of other firms. Yellow-circled lines present G(qb) in the calibration of Table 7. The low-
est G(d)) > 0 plotted is 1 percent.

G((?ﬁ) is gradually introduced over 15 years, while the same fraction of incumbents
receive the lower ¢. The alternative experiment represents, for example, the case in
which heterogeneous intangible costs are a salient feature of firms, which becomes
relevant when gradual technological advancement enables the use of intangible
inputs to reduce marginal costs. This changes the transition path. The alternative
experiment has the same calibration for ¢ and G((?S) as the main experiment, such
that the balanced growth paths are identical.

Results for the US calibration are presented in the left-hand plots of Figure 8§,
which combine plots from the previous section (solid blue lines) and the alterna-
tive experiment (dashed yellow lines). Figure 8, panel A plots productivity growth.
When firms with low intangible costs are gradually introduced among entrants and
incumbents, the initial increase in growth is slightly smaller. This is primarily due
to the behavior of the entry rate, which no longer jumps in the first year (Figure 8,
panel C). Instead, entry increases by a modest 0.7 percentage points over the first
three years of the transition, consistent with occasional increases in entry in the data
(Figure 8, panel D). After ten years, the behavior of entry and productivity in both
transitions is similar. The rise of markups and R&D intensity are nearly identical
in both transitions. Overall, the transition is qualitatively similar with the gradual
introduction of low-intangible-cost firms. Because the initial boom in productivity
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is smaller, the alternative transition does raise the fall in welfare: welfare drops by
9.71 percent, compared to 8.92 percent in the baseline transition.

The figures on the right-hand side of Figure 8 plot empirical counterparts to the
transition path. The horizontal axes start in 1985, when business dynamism starts
trending, and span 45 years to match the theoretical plots. The model is largely
able to explain the qualitative features of the data. The model predicts that it takes
approximately 45 years for entry rates and markups to converge to the new steady
state, while convergence in the data takes 30 years. By that time, the model series
have approached levels that are close to their new steady states. The transition dura-
tion therefore matches the data.

Productivity growth in the data contains the initial boom and subsequent decline,
although its timing differs from the model. The boom occurs between 1995 and
2002, while the model predicts a boom right after high-intangible firms are intro-
duced. The paths of variables in the model also appear more muted than the data, in
line with the steady-state results. Note, however, that no part of the transition path
is targeted. The magnitude of the boom, with growth spiking at 1.6 percent in the
model and 1.7 percent in the smoothed data, is similar. The boom also lasts for eight
years in both series. The model is therefore capable of replicating most qualitative
features of the path of productivity growth. Its predictions for entry are closer to the
data when high-intangible firms are gradually introduced, though the paths of R&D
and markups are in line with the data in either transition.

Figure A11 in online Appendix F presents the French transition path, which is
qualitatively similar. An empirical comparison is complicated by the fact that data
on entry and business dynamism are available only from 1994, so that the effects of
intangibles are likely to predate the figures. The ability of the model to fit the time
path of growth is worse than for the United States, furthermore, because productiv-
ity growth in France was negative for most years after 2005. The model replicates
the duration of the transitions of entry and markups well, though it only explains a
modest fraction of the trends for France.

F. Innovation Inefficiencies and Policy

I now take a closer look at the drivers behind the slowdown of productivity
growth. The model simultaneously predicts lower productivity growth and higher
aggregate R&D expenditures in the final steady state. It is able to do so because the
efficiency of R&D declines endogenously. This section describes two new sources
of inefficiency that arise when firms have heterogeneous intangible costs and dis-
cusses implications for an innovation policy that seeks to remedy them.* I first
outline these sources and then measure their relative importance.

Sources of Inefficiency.—The first inefficiency is that a fraction of innovations
are not implemented because innovators may be undercut by a high-intangible

45 The model also features the common sources of innovation inefficiency of models with creative destruction:
firms discount the value of their innovations at higher rates than the social planner, causing underinvestment in
research. The new channels capture inefficiency in the performance of research rather than in the aggregate level
of research spending.
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incumbent. I refer to this as the lost innovation channel. The second is that firms
of different intangible efficiencies innovate at different rates. Because )* > 1, the
model features diminishing returns to innovation at the firm level. Differences in
innovation rates therefore reduce the average output of researchers. High-intangible
firms have higher profits, lower discount rates, and lower choke prices than
low-intangible firms and therefore invest more in R&D. As the heterogeneous inno-
vation rates are unrelated to a firm’s innovation efficiency, low-intangible firms inno-
vate inefficiently little compared to high-intangible firms. I refer to this as research
misallocation.

Measuring Inefficiency.—I quantify both inefficiency channels by calculating the
maximum amount of growth that the number of researchers in the final steady state
would generate if the inefficiencies were removed. I hold the firm-size distribution
constant at the distribution in the initial and final steady state of the main analysis,
such that this section quantifies the direct losses to growth from lost innovation and
misallocation.

I conduct three experiments. Experiment 1 quantifies the lost innovation chan-
nel. It assumes that each innovation successfully raises the quality of a good but
holds innovation rates across entrants and incumbents (of all sizes) constant. The
resulting growth rate is the product of the average innovation step size A\ and
the sum of innovation rates from incumbents and entrants. Experiment 2 addi-
tionally reallocates researchers in a way that maximizes their innovation output
for a given total number of researchers L™ who are employed by incumbents.
This quantifies the part of the research misallocation channel that is driven by
incumbents. I first calculate L'@and then allocate them efficiently across firms.
The efficient allocation is so that the marginal research output is equal across
researchers of differently sized firms. Note that a firm’s intangible efficiency does
not affect the number of researchers it should employ, as research productivity
does not depend on a firm’s ¢,. Experiment 3 extends experiment 2 by addition-
ally reallocating the researchers L¢ who are employed by potential entrants. It
thus measures the full extent of the research misallocation channel. The opti-
mal allocations of researchers and resulting growth rates are derived in online
Appendix H.

Results—The growth rate of productivity under each of the three experiments is
presented in [Table 9. The top panel presents growth rates for the initial calibration, in
which intangible cost parameters are homogeneous; the bottom panel reports results
for the final calibration, in which some entrants have higher intangible efficiency.
Columns “Max.” contain the growth rate g belonging to each of the experiments.
Columns “Actual” contain the equilibrium growth rate in that calibration. Columns
“Improve (%)” give the percentage by which productivity growth would improve
under the experiment’s allocation.

The upper panel confirms that the allocation of innovation resources is efficient
under homogeneous intangible costs. Firms have equal choke prices, so that all
innovations are successful. The marginal research product is also equalized across
entrants and incumbents of all sizes because firms have equal expected profits and
creative destruction rates.
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In contrast, the bottom panel shows that innovation is inefficient when firms
have heterogeneous intangible costs. In particular, experiment 3 in the bottom panel
shows that when researchers are efficiently allocated across firms and no innovation
is wasted, maximum growth would be 1.43 percent (1.37 percent) in the United
States’s (French) calibration, which is well above growth in the initial steady state.
In the actual equilibrium, growth falls from 1.3 percent to 1 percent (1.2 percent) in
the United States’s (French) calibration, despite a significant increase in L'". From
comparing the maximum growth in experiments 1 and 3, we learn that both the lost
innovation and the research misallocation channel contribute significantly to the
overall reduction in innovation efficiency. Experiment 1 shows that if researcher
allocations are held constant but the lost innovation is removed, growth would have
been 1.16 percent (1.29 percent) in the respective calibrations. This means that the
misallocation channel comprises 60 percent (53 percent) of the total research ineffi-
ciency, with the lost innovation channel accounting for the remainder.

Figure 9 offers a closer inspection of the misallocation drivers. It plots innova-
tion rates against the number of products that firms produce. The figure shows that,
compared to the efficient allocation in experiment 3, low-¢ (high-intangible) firms
innovate excessively. Their high innovation rates are driven by their profitability
and low choke price rather than by a talent for innovation. The figure furthermore
shows that the fraction of researchers that is dedicated to entry is insufficient, par-
ticularly in the United States: the efficient entry rate in experiment 3 is more than
twice as high as the actual entry rate in the final steady state. The inefficient entry
rate accounts for a large fraction of the misallocation costs to innovation. From
comparing experiments 2 and 3 in Table 9, it follows that allowing incumbents’
researchers to contribute to entrant innovation yields a much larger improvement
in the maximum growth rate than the improvement had from redistributing R&D
efficiently across incumbents.

Discussion and Policy Implications.—The analysis in this section shows that inef-
ficiency arising from both the lost innovation channel and the misallocation channel
causes a significant loss of potential productivity growth. Resolving the inefficiencies
is challenging, especially for lost innovation. The firm that produces a good in equi-
librium is the firm that, statically, is able to do so at the most favorable terms to con-
sumers. This means that traditional antitrust policy, for example, is unlikely to raise
welfare in this setting. The main way to overcome lost innovation is to stimulate the
diffusion of intangible technologies. This involves broadening the fraction of entrants
that has access to the lower ¢; or creating an efficient market for the innovations that
do not make it to production. This, however, falls outside standard policy tools.

Addressing inefficiency arising from the misallocation of researchers may, how-
ever, be more straightforward. The misallocation occurs because there is heteroge-
neity in the private returns to innovation that does not relate to the efficiency with
which researchers at the firm produce patents. Policy that alters the private incen-
tives for research can therefore promote a more efficient allocation.

It turns out, however, that the subsidy or tax that removes the misallocation ineffi-
ciency at a given level of aggregate research effort would have to be sizable. Online
Appendix H analytically derives the rate at which profits would have to be multi-
plied at entrants and high-¢ firms to equate their private research incentives. The
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TABLE 9—ALLOCATIVE EFFICIENCY OF RESEARCHERS: PRODUCTIVITY GROWTH BY ALLOCATION

United States France
Improve Improve

Max. Actual (%) Max. Actual (%)
Initial steady state
1. Keep unsuccessful innovations 1.29 1.29 0.0 1.30 1.30 0.0
2. Reallocate incumbent R&D 1.29 1.29 0.0 1.30 1.30 0.0
3. Reallocate incumbent and entrant R&D 1.29 1.29 0.0 1.30 1.30 0.0
Final steady state
1. Keep unsuccessful innovations 1.16 0.98 19.4 1.29 1.22 5.7
2. Reallocate incumbent R&D 1.22 0.98 24.5 1.34 1.22 9.8
3. Reallocate incumbent and entrant R&D 1.43 0.98 459 1.37 1.22 12.3

Notes: Columns headed “Max.” present maximum productivity growth from reallocating R&D as described in
the row. “Actual” presents actual steady-state growth. “Improve (%)” presents maximum growth as a percentage
improvement of actual growth, which measures the efficiency of the actual steady-state allocation of R&D. All
rows keep unsuccessful innovation; they assume that the probability that an innovation is successful is 1. Rows
“Reallocate incumbent R&D” calculate growth when researchers are reallocated across incumbents, holding the
firm-size distribution constant. Rows “Reallocate incumbent and entrant R&D” also reallocate researchers dedi-
cated to entry.
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Notes: The figure plots innovation rates x,,(gb,-). Blue-squared lines present the optimal innovation rate according to
experiment 3. Red-circled lines present equilibrium innovation rates in the final steady state for low-¢ firms, while
the yellow dashed lines present steady-state rates for high-¢ firms. The blue triangles are optimal entry according
to experiment 3; red triangles are entry in the final steady state.

differences between the required subsidies are substantial. For entrants, the policy
would have to multiply the equilibrium private value of innovation by a factor 3.65
(2.09) in the US (French) calibration to bring them in line with the low-¢ firms.
The moderate inequality in intangible efficiency, therefore, significantly alters the
private benefits of research.

V. Extensions

This section explores three extensions. I first show that the model’s predictions
for productivity growth and business dynamism also hold if markups are constant.
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I then show that the results in the previous section are robust when firms internalize
the diminishing option value of innovation. Finally, I show that the results also hold
if intangibles raise fixed costs at the firm level rather than at the product level.

A. Constant Markups

The analysis thus far has explained the decline in productivity growth and busi-
ness dynamism jointly with the rise of markups. Recent evidence shows that the
labor share in Europe is constant outside of the residential housing sector (Gutiérrez
and Piton 2020), while markups may be hard to measure accurately in the absence
of data on prices (e.g., Bond et al. 2021).

This section shows that the model predicts a larger decline in productivity growth
if markups are constant. To make that point, I impose that all firms charge a con-
stant markup & over their marginal costs. The markup is calibrated to match the
average endogenous markup of 1.29 in the French and 1.41 in the US calibration
of the model. The remainder of the model is left unchanged. In particular, I do
not alter the demand system to endogenously arrive at a fixed markup. This facil-
itates a direct comparison with the main results. The first-order condition for s;
reads s;; = (w Y '0¢; [ ) 1/9 which follows from inserting the new pricing rule into
first-order condition (7). Because markups are homogeneous, the expressions for
output and wages respectively simplify to

Yy — exp<f [14) € J}ln( )d:@)

and
w = exp(f fl{] € J}ln( )dld])

Online Appendix Table A15 compares the change in the steady-state values in
the model with variable markups (columns headed “Var. ””) and constant mark-
ups (columns headed “Fixed fz”). The rise of high-intangible firms causes produc-
tivity growth to fall significantly more when markups are constant: growth now
falls by 0.5 and 0.10 percentage points in the US and French calibrations, respec-
tively. When markups are endogenous, high-intangible firms are profitable and
invest strongly in R&D. This offsets a part of the decline in growth induced by the
fact that high-intangible firms undercut other firms on price. When markups are
exogenous, there is no motive for R&D by high-intangible firms, worsening the
decline in growth. Reallocation rates mirror the additional decline in productivity
growth when markups are constant and now fall well in excess of their empiri-
cal decline. In contrast to the data, the table displays a decline in research and
development. This is intuitive: constant markups mean that a shift from marginal
costs to fixed costs, induced by intangibles, reduces the profit rate. This limits the
incentive to expand by high-intangible firms. Combined with the lack of R&D
incentives for low-intangible firms due to the low success rate, this explains the
R&D decline.
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B. Value Function Specification

The preceding analysis relied on a simplified dynamic optimization problem
where firms did not internalize the change in their innovation capacity when they
added a new product to their portfolio. This assumption significantly improves
tractability, as it allows for a closed-form expression of the first-order conditions
for innovation. This section shows that the results are qualitatively and quantita-
tively robust to removing this assumption. The new value function is characterized
by

r Vt<¢i’-]i> - Vt(¢iv-]i)

- mxfilx{;_wf@i’ ) + T(¢i)[vt(¢i,‘,i\{)‘ij}) - Vr(¢i,fi>]
+ xip(¢i)E¢;[Vt(¢i’Ji Ut Ain) — Vt(¢iv’i)] — wn*(x;) Wni"}.

The solution of this function is considerably less tractable than the solution in
Section I because the function no longer scales linearly in firm size. As firms get
larger, the option value of investing in R&D increases, causing them to choose a
higher innovation rate. R&D does not fully scale with size, however, because the
parameter o is estimated so that the model matches the negative empirical relation-
ship between firm size and growth. Proposition A.1 in online Appendix A gives the
new value function’s solution.

I perform the same experiment as in Section IV. To ease the comparison with
the main analysis, I retain most of the previous calibration. I reestimate o so that
the model matches the empirical relationship between firm size and growth. Under
an unchanged calibration, the model would predict a strongly negative relationship
between firm-growth and firm-size. This is because firms now internalize that the
additional option value from producing a good diminishes in #;. Online Appendix
Table A14 details the new model’s calibration and main moments. Compared to the
original calibration, there is an increase in the value of ¢ for both France and the
United States. The higher parameter value ensures that the empirical deviation from
Gibrat’s Law is still matched by the model.

Online Appendix Table A16 compares the effect of introducing a calibrated
group of high-intangible firms in the model with the new value function spec-
ification to the effect in the main analysis. The alternative specification of the
model yields a slightly larger decline in productivity growth of 0.34 percentage
points in the United States. The predicted declines in entry are similar, as are the
changes in the reallocation rate. The rise of markups and the changes in the labor
and efficiency wedge are also nearly identical to the main results. These findings
are intuitive—conditional on the recalibration of o, the model displays a similar
relationship between firm size and firm growth. Because the value function speci-
fication in this section differs from the value function in the main analysis only in
this regard, the results are both qualitatively and quantitatively robust to the use of
the full value function.
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C. Firm-Level Intangibles

In a final extension, I explore a model where firms can use their intangibles across
each product they produce. Instead of facing a trade-off between fixed and marginal
costs for each product in their portfolio, firms can reduce their marginal costs an
equal fraction across all of their products, in exchange for higher fixed costs at the
level of the firm. This assumption creates strong increasing returns to scale at the
firm level, which are amplified when the efficiency with which firms use intangibles
rises.

The model is presented in online Appendix I. I show that the rise of high-intangible
firms causes a qualitatively similar slowdown of productivity growth, fall in busi-
ness dynamism, and rise in markups as the main model does. The effects are quan-
titatively larger than the results in the main analysis. The model with firm-level
intangibles predicts a strong decline of the rate of creative destruction in firm size,
so that the model is only solvable if innovation declines rapidly in firm size. I there-
fore conclude that, while robust to firm-level intangibles, the model in the main text
is preferred.

VI. Conclusion

This paper proposes a unified explanation for the decline of productivity growth,
the fall in business dynamism and the rise of markups. I hypothesize that the rise of
intangible inputs—in particular, information technology and software—can explain
these trends.

Central to the theory is that intangible inputs shift costs from variable to
fixed costs and that firms differ in the efficiency with which they deploy these
inputs. I embed intangibles in an endogenous growth model with heterogeneous
multiproduct firms, variable markups, and realistic entry and exit dynamics. The
model suggests that when a subset of new firms becomes more efficient at using
intangible inputs, the aggregate rise of intangibles is accompanied by a decline in
entry and long-term growth. I structurally estimate the model to match micro data
on US listed firms and the universe of French firms and find that intangibles cause
a decline of long-term productivity growth of 0.3 percentage points in the US cal-
ibration and 0.1 percentage points in the French calibration. Despite the decline of
growth, there is an increase in R&D expenditures, in line with empirical evidence.
R&D becomes less effective because it is concentrated among a small number
of firms and because a fraction of innovators are unable to beat high-intangible
incumbents.

While the rise of intangibles negatively affects growth in the long run, its
short-run effect is positive. By numerically solving the transition path between the
original and the new balanced growth path, I show that growth initially increases
for eight years. This is because high-intangible firms initially disrupt sectors by
producing goods at lower costs. The overall effect on consumption is negative,
although technologies that raise the diffusion of intangibles across firms yield
significant welfare gains.
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