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Abstract

Large firms exhibit systematically higher capital intensity relative to peers, a fact
at odds with standard models where firms technological differences are factor-
neutral. This paper develops a general equilibrium framework in which firms
expand by adapting their technology in order to adopt capital goods when they
become cheaper. Firms can pay a firm-specific switching cost to change their
production technology for a more capital-intensive one. As the cost of capital
falls due to capital-embodied technical change, the firms that face the smallest
switching costs become relatively more capital intensive and gain a competitive
edge. This allows them to build market shares and markups. Markups endo-
geneity generates strategic interactions which widens further the dispersion in
capital intensity and market shares. The model provides a unified explanation
for rising dispersion in markups, a falling aggregate labor share despite a rising
median labor share, investment weakness, and the divergence between sales and
employment concentration. JEL Codes: D21, D24, E22, E25, L11, L16.
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1 Introduction
Capital intensity is at the center of longstanding economic debates. It can shape the

distribution of income between workers and capitalists, as argued by Marx (1867, Vol. I,
Ch. 25), and has recently been scrutinized in the context of the U.S. labor-share decline
(Karabarbounis and Neiman, 2014; Oberfield and Raval, 2021). It also bears on growth
according to Schumpeter’s definition of development (Schumpeter, 1911, Ch. II) and to more
recent studies of capital-embodied technological change (Jones and Liu, 2024). Traditionally,
capital intensity is also associated with employment: from Keynes’ predictions of rising
"technological unemployment" due to mechanization (Keynes, 1930) to the revival of this
concept in the face of AI (Acemoglu, Autor, Hazell, and Restrepo, 2022; Eloundou, Manning,
Mishkin, and Rock, 2024).

This paper brings a new perspective to these debates and to the role of capital intensity
by documenting three stylized facts: (i) across- and within-sector dispersion in firms’ capital
intensity has widened; (ii) capital-intensive firms are larger; and (iii) capital-intensive firms
are associated with higher markups. These three stylized facts motivate two questions: why
are firms heterogeneously capital-intensive, and what is the link between a firm’s capital
intensity and its size? What are the implications for aggregate trends?

I answer these questions by proposing that firms differ in their ability to adopt increas-
ingly productive capital goods. I model this by allowing firms to update the output elasticity
to capital of their production technology as a reaction to capital goods becoming more pro-
ductive, or equivalently, cheaper. I then embed this mechanism in a general-equilibrium
model with oligopolistic competition, where heterogeneity in updating arises both from un-
even adoption capability among firms and from strategic interactions. I use the model to
derive the macroeconomic implications of this heterogeneity. Calibrated to U.S. public firms
(1980-2019), the model accounts for four aggregate trends: the aggregate markup rises by
6.7%; the aggregate labor share falls by 5.6 percentage points (pp); the aggregate investment
gap—i.e., the distance between the aggregate marginal product of capital and the marginal
cost of capital—increases by 18%; and large firms’ sales shares outpace their employment
shares, yielding a 15pp difference in 2019.

The paper proceeds in three steps. First, I document dispersion in capital intensity and
its link with size and markups using public firm data and Bureau of Economic Analysis
(BEA) data. I show that this heterogeneity can be represented by firm-specific output
elasticity to capital. A firm’s output elasticity to capital in turn determines the sensitivity
of its marginal cost to changes in the cost of capital goods. When capital goods become
more productive—equivalently, cheaper in efficiency units—capital-intensive firms see their
marginal costs decline compared to those of their labor-intensive competitors. In other
words, because they adopt the cheaper input more intensively, capital-intensive firms are
more efficient and therefore capture higher market shares. Under some general conditions, I
show that a firm’s output elasticity to capital nests its level of automation and its capital-
biased productivity.

If capital-intensive technologies are more efficient than labor-intensive technologies, why
don’t all firms converge to a capital-intensive production function? I answer this question in
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the second step of the paper by building a general equilibrium model in which firms choose
their output elasticity to capital and compete in oligopolistic markets. In the model, a
capital-goods producer sees its productivity increase, resulting in a declining cost of capital
goods relative to labor. Firms respond by updating their output elasticity to capital, but
differ in their capacity to do so for two reasons: differing exogenous capabilities of updating
their technology, and endogenous strategic interactions.

I model adoption capability with a switching cost: to update its technology, a firm pays
a cost that increases with the distance between its current and target output elasticity to
capital. I assume that firms differ in the steepness of their switching cost function to capture,
in a stylized manner, drivers of differing capabilities such as entrepreneurial/managerial
differences, organizational features or information asymmetries. Strategic interactions also
shape heterogeneity in firms’ technological updating because in oligopolistic models, a firm’s
markup is increasing and convex in its market share.1 As a result, large capital-intensive
firms stand in the steeper region of the markup curve while small labor-intensive firms stand
in its flatter part implying heterogeneous marginal returns to firms’ technological updating.

To understand the relative role of these two channels, I present the mechanism through
comparative statics. At the beginning of the model, firms share the same technology and
differ only in their switching cost, i.e, their capability to update their production function.
When the relative cost of capital (RCK) declines as the capital-goods producer becomes more
productive, all firms adopt the cheaper input, raising their capital-to-labor ratio. Firms also
decide to update their technology—specifically, their output elasticity to capital—to make
their output more elastic to the cheaper input. Firms with lower switching costs update
more and see their capital-to-labor ratio rise faster than the aggregate. Capital-intensive
firms now display a marginal cost that is more sensitive to the decline of the RCK than
their labor-intensive competition. Their marginal cost is therefore lower, allowing them to
set lower prices and attract demand. With only switching-cost heterogeneity, firm dynamics
materialize and dispersion in capital intensity and market shares emerges.

With endogenous markups, the mechanism is similar to the one just detailed up to one
extra sub-mechanism: strategic interactions. Now that firms have dispersed market shares,
they stand at different points on the markup curve, which is increasing and convex in market
share. As such, the marginal return to increasing one’s market share is higher for firms that
are already capital-intensive as they are on a steeper tangent to the markup curve. The
difference in the amplitude of the update of firms’ technologies is hence magnified and capital
intensity, market shares and markups disperse at a faster rate. As the model unfolds, and
the RCK declines secularly, the fanning-out of the distribution of firms’ capital intensity,
market shares and markups accelerates and is driven almost solely by strategic interactions.

In the third step of the paper, I derive the macroeconomic implications of this dimension
of firm heterogeneity and compare some model-implied moments to their data counterpart.
To do so, I calibrate my model on American public firms between 1980 and 2019, targeting
firms’ capital intensity and the fall in the RCK. The model provides a unified quantitative

1This assumption is common to other models of endogenous markups such as duopoly with limit pricing
as in Aghion and Howitt (1992) or in monopolistic competition models with a Kimball (1995) aggregator.
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account for four key aggregate trends that have characterized the American economy over
the past decades.

First, the model reproduces a rise in firm-level markup dispersion together with a higher
aggregate markup (de Loecker, Eeckhout, and Unger, 2020; de Ridder, Grassi, and Morzenti,
2022). In the model, when the RCK falls and firms update heterogeneously their output
elasticity to capital, firms that end up more capital intensive capture higher market shares.
The lower the RCK, the higher the competitive edge for capital-intensive firms and hence the
dispersion in market shares. Because markups are increasing and convex in market shares,
this translates in an even wider dispersion in markups. Overall, the model predicts that
between 1980 and 2019, the variance of firms’ markups is multiplied by four, which, together
with reallocation towards high-markup firms, results in an increase of 6.7% in the aggregate
markup (half of the increase estimated by de Loecker et al. (2020)).

The model also generates a 5.6 percentage point (pp) decline in the aggregate labor
share and a 16.9pp decline in the manufacturing labor share (respectively 70% and 84% of
their empirical counterpart) while micro-founding the empirical regularities documented by
Autor, Dorn, Katz, Patterson, and Van Reenen (2020) and Kehrig and Vincent (2021). In
the baseline model, following Antras (2004) and Oberfield and Raval (2021), I assume that
firms’ production technologies exhibit complementarity between capital and labor. Initially,
a decline in the RCK therefore raises all firms’ labor share. This is dampened by the
fact that all firms raise their capital share when they increase their output elasticity to
capital following a fall in the RCK. Crucially, heterogeneity in technological updating yields
dispersion in market shares and labor shares. Capital-intensive firms (which update the
most) see their capital share rise the most and attract more demand, boosting their markup
and hence their profit share. This results in capital-intensive firms growing in size while
their labor share plunges. On the contrary, labor-intensive firms lose market shares as their
labor share grows (because their profit share plummets as they lose market shares and hence
markups). Overall, reallocation from increasing labor share firms (labor-intensive) towards
decreasing labor share firms (capital-intensive) generates an aggregate decline in the labor
share through a mild increase in the capital share (+0.4pp) and a sharp rise in the profit
share (+5.2pp). Importantly, the model implies that capital-labor substitution and markup
dynamics are complementary drivers of the labor share decline, operating jointly rather than
as competing explanations.

While firms grow through capital, capital misallocation and the investment gap increase.
Capital misallocation is measured as dispersion in firms’ marginal productivity to capital
following Restuccia and Rogerson (2008) and Hsieh and Klenow (2009). As large capital-
intensive firms charge higher markups, they step further away from their efficient frontier
because markups increase the distance between the marginal productivity and the marginal
cost of capital, as in Baqaee and Farhi (2020) and Edmond, Midrigan, and Xu (2023). Given
capital-intensive firms’ disproportionately large share of capital, this deviation translates into
pulling the entire economy’s capital investment away from the aggregate efficient frontier, in
line with what Gutiérrez and Philippon (2016) call a rising aggregate investment gap. Over-
all, the model accounts for roughly one-third of the investment gap estimated by Gomme,
Ravikumar, and Rupert (2011) or Gutiérrez and Philippon (2016).
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Finally, in the model, large firms concentrate different portions of sales and employment,
consistently with Autor et al. (2020), Kwon, Ma, and Zimmermann (2024) and Ma, Zhang,
and Zimmermann (2024). Specifically, as large firms grow by becoming more capital in-
tensive, their demand for workers per unit of output declines. While in 1980 the sales and
employment share of large firms were comparable, in 2019, the sales share of the largest firms
is close to 15pp higher than their employment share.

Literature. This paper maps microeconomic heterogeneity into macroeconomic trends
and contributes to the literature by documenting a novel dimension of firm heterogeneity
and proposing a new mechanism of reallocation across heterogeneous firms. Closest to my
mechanism is Hubmer and Restrepo (2025) who build on Acemoglu and Restrepo (2018,
2022) and Hubmer (2023) to propose a model of firm-specific automation. In their model,
automation comes at a fixed cost but only firms that are ex-ante large (due to high TFP)
can afford such a cost and automate when the RCK falls. On the contrary, in my paper,
firms are ex-ante of the same size and differing capabilities to update their technology is
the cause for heterogeneous market share dynamics. While we share the same implications
regarding the labor share, Hubmer and Restrepo (2025) introduce an extra change to match
the empirical regularities of Kehrig and Vincent (2021): rising competition intensity. This
implies that the dispersion of markups compresses while reallocation towards efficient firms
increases, yielding a stable aggregate markup. This yields two implications that are opposite
to mine. First, in their model, the fall of the aggregate labor share is carried by a rise in
the capital share while the profit share is stable. Second, increasing competition intensity
diminishes misallocation and stabilizes the aggregate markup, implying that the investment
gap does not increase. Despite those differences, both our papers point at the importance of
capital-biased technological heterogeneity among firms to explain structural changes in the
American economy.

My paper is also related to Oberfield and Raval (2021) who show that complementarity
between capital and labor implies that the RCK and the labor share are negatively correlated.
I build on their result and show that introducing endogenous updating of output elasticity to
capital allows to match the evolution of firms’ capital-to-labor ratio. This addition and the
presence of endogenous markups yields a positive relationship between RCK and the labor
share. While my model focuses on trends and hence ignores nominal frictions, Martinez
(2021) proposes a model of putty-clay automation where firms adjust their capital stock
episodically and irreversibly. This also generates dispersion in the output elasticity to capital
and offers rich short- vs. long- terms insights. Finally, my paper also builds on the results
of: Grazzini and Rossi (2023) who show that entrant cohorts become more capital-intensive
as the RCK falls; Guntin and Kochen (2025) who document that firms destined to become
large start more capital-intensive than their peers; Lashkari, Bauer, and Boussard (2024)
who show, using French administrative data, that demand for tangible and intangible IT
capital increases when its relative cost falls; Cho, Manaresi, and Martin (2025) who link the
fall in the aggregate labor share to capital-intensive superstar firms for 26 OECD countries.2

2Papers that focus on the role of heterogeneous adoption of intangible capital are also related. Closest is
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Naturally, this paper relates to alternative models that aim at understanding the same
structural changes. Rising markups can be demand-driven markups (see Gourio and Rudanko
(2014) for customer capital), the result of common ownership (Azar, Schmalz, and Tecu,
2018) or of decreased competition intensity (de Loecker, Eeckhout, and Mongey, 2021), or
supply-driven and resulting from heterogeneous TFP (Aghion and Howitt, 1992; Atkeson
and Burstein, 2008; Grassi, 2017; Burstein, Carvalho, and Grassi, 2020; Edmond, Midrigan,
and Xu, 2015). Different causes for the falling aggregate labor share have been put forward:
Kaymak and Schott (2023) propose a mechanism related to mine as they show that declining
corporate tax rates favor capital-intensive firms whose labor shares are lower, Elsby, Hobijn,
and Şahin (2013) propose offshoring, Koh, Santaeulàlia-Llopis, and Zheng (2020) look at
changes in accounting methods, Garibaldi and Turri (2024) focus on monopsony. Some fo-
cus on the profit share: de Loecker et al. (2020), Barkai (2020), Hartman-Glaser, Lustig, and
Xiaolan (2019), David, Ranciere, and Zeke (2024) while others focus on the capital share:
Karabarbounis and Neiman (2014), Acemoglu and Restrepo (2023), or Berlingieri, Boeri,
Lashkari, and Vogel (2024). The rising investment gap, first documented by Abel, Mankiw,
Summers, and Zeckhauser (1989), is attributed to mismeasurement of the intangible capital
stock (Crouzet and Eberly, 2021), rising markups (Gutiérrez and Philippon, 2016), frictions
that prevent productive firms from entering new markets (Peters, 2020), or rising risk premia
(Farhi and Gourio, 2018; David, Schmid, and Zeke, 2022). David and Venkateswaran (2019)
propose to test empirically the relative importance of those possible drivers of misallocation
and find that technology and markups are important drivers. Finally, diverging sales and
employment concentration has been freshly documented by Autor et al. (2020), Kwon et al.
(2024) and Ma et al. (2024) and to the best of my knowledge, no model exists that explains
this pattern.

The rest of the paper is organized as follows. Section 2 first documents rising dispersion in
the capital-to-labor ratio of firms and lays out the capital-intensity modeling at the firm-level.
Second, I show that capital-intensive firms have seen their market shares rise. In Section
3, I build the general-equilibrium model, following the directions established in Section 2, I
define the equilibrium and describe the calibration technique. Section 4 derives the aggregate

de Ridder (2024), who attributes the slowdown in productivity growth, lower dynamism, and higher markups
to the rise of intangibles that lower marginal but raise fixed costs, giving adopters a cost advantage that
deters entry. Aghion, Bergeaud, Boppart, Klenow, and Li (2023) likewise connect rising concentration with
falling growth and rising rents through the expansion of the most efficient firms across product lines due
to a fall in the overhead cost of spanning multiple product lines. Finally, Crouzet, Eberly, Eisfeldt, and
Papanikolaou (2024) formalize replicability of intangibles, showing that easier replication scales firm scope
and raises concentration, valuation ratios, and the profit share while lowering long-run growth. All these
results speak to specificities of intangible capital vs. tangible capital. I show that heterogeneity in tangible
capital intensity is at least as wide as heterogeneity in intangible capital. Because, as shown by Gourio and
Rognlie (2020), software are among the capital goods who have seen their cost decline the most, I include
intangibles in my baseline measure of capital intensity. My results are hence complementary to those of papers
focusing on intangible capital. Alternative driving forces of reallocation across heterogeneous firms comprise,
among others, falling imitation rates (Akcigit and Ates, 2023), falling demographic dynamism (Peters and
Walsh, 2022), falling interest rates (Liu, Mian, and Sufi, 2022), or rising returns-to-scale (Hubmer, Chan,
Ozkan, Salgado, and Hong, 2024)
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implications of the model and presents the results obtained from the simulated baseline model
in terms of firm, markups, income shares, investment, and concentration dynamics. Section
5 presents counterfactual exercises and extensions and Section 6 concludes.

2 Stylized Facts and Firms’ Technologies
In this section, I start by presenting the data I use in section 2.1. I then document the stylized
facts that motivate this paper and show how these can be modeled in firms’ production
technologies.

2.1 Data
This section presents data sources and measure constructions. Further information is detailed
in Empirical Appendix A.1.

Compustat North American Fundamentals (Annual). To build firm- and year-
specific measures I use the publicly available Annual North American Fundamentals cut
of the Compustat database. It provides the financial statements (balance sheets, income
statements and cash flow statements) of publicly traded firms in the United States. The
dataset is retrieved from the Wharton Research Data Services. The sample starts in 1980,
because data prior to that date is sparse. The sample ends in 2019 to ignore the COVID
episode specificity. I focus mainly on firms’ sales, physical and intangible capital and em-
ployment. I exclude observations with missing or negative sales, capital and employees. I
exclude observations not nested within a sector (no information or "Other"). The sample
counts 162,282 unique firm-year observations, covers 17,708 firms across 19 2-digit NAICS
industries3.

Bureau of Economic Analysis (BEA). I build three sets of sector-specific measures
using data from the BEA: real gross output, deflators for output and capital and the constant-
quality relative cost of capital.

Real gross output by sector is retrieved from the "GDP-by-industry" tables of the BEA
which provides a series for real gross output (in 2017 billions of dollars) per 3-digit NAICS
sector. Because some 3D sectors don’t have data prior to 1997 (every 3D sectors in the 2D
sector "Retail trade" for example), I focus on 2D sectors.

To deflate firms’ output, I compute a deflator for each 2D sector by dividing real gross
output by nominal gross output from the "GDP-by-industry" tables of the BEA. Similarly, for
capital goods I use data from the "Fixed Asset Tables" of the BEA. I divide the Current-Cost
Stock of Capital (Table 2.1) with the Historical-Cost Stock of Capital (Table 2.3) which gives
me 3 separate deflators for "Structures", "Equipment" and "Intellectual Property Products"

3Public administration is not considered. Manufacturing codes 31, 32 and 33 are consolidated. Same for
Retail Trade (44 and 45) and Transportation and Warehousing (48, 49)
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for each 2D sector. I then use a weighted sum (by relative stock) of the deflator for Structures
and Equipment as the deflator for physical capital and the deflator for Intellectual Property
Products as the deflator for intangible capital.

Finally, I use data from the BEA to construct the relative cost of constant-quality capital
(RCK) following Gourio and Rognlie (2020). To build sector-specific cost of constant-quality
capital, I take the ratio between current-cost investment in fixed assets (Table 2.7) and the
quantity index for investment in fixed assets (Table 2.8). The quantity index is built in
two steps. First, the historical-cost investment in fixed asset measure is deflated for each
sector. Second, using hedonic methods pioneered by Gordon (1990) and Cummins and
Violante (2002) the measure is adjusted for changes in the quality of capital goods.4. The
cost of consumption is the price index for non-durable goods obtained from Table 1.2.4 from
National Income and Product Accounts (NIPA) tables. The cost of labor per industry is
"Wages and Salaries Per Full-Time Equivalent Employee by Industry" (Tables 6.6 B, C and
D). In the baseline, I do not consider the fall in the interest rate as an additional driver for the
decline in the relative cost of capital (in the form of a rental rate) because, as shown by Farhi
and Gourio (2018) for example, risk and liquidity differences between the required return
to capital and the risk-free interest rate make their correlation uncertain. Furthermore, as
documented by Barkai and Benzell (2024), considering the Feds Fund rate as a measure for
the required return makes the capital and profit shares over-sensitive to the rental rate of
capital (the profit share collapses from 15% to 0% in the Volcker years and then reverts back
to 15%). For completeness, in the Appendix, I repeat my estimations and results including
the fall of the interest rate.

2.2 Rising Heterogeneity in Firms’ Capital Intensity

2.2.1 Heterogeneous Capital Intensity in the Aggregate

There has been a substantial divergence in firms’ capital intensity across time. To show
this, I build a firm-year measure of capital intensity in the following way: capital is the
sum of (i) physical capital (Property, Plant and Equipment in Compustat) deflated by the
stock-weighted sum of the cost of structures and equipment from the BEA at the 2D-sector
level and (ii) intangible capital (Intangible Assets in Compustat) deflated by the stock-
weighted deflator from the BEA for intangible capital (Intellectual Property Products in the
BEA) estimated at the 2D-sector level as well. I include tangible and intangible capital due
to the rising importance of the latter documented in Corrado, Hulten, and Sichel (2009),
McGrattan and Prescott (2010), Crouzet and Eberly (2019), Koh et al. (2020), Crouzet,
Eberly, Eisfeldt, and Papanikolaou (2022), and Crouzet and Eberly (2023), and visible in
Appendix A.2, Figure A.1.5. Labor is simply the count of employees of each firm at each

4Importantly, as noted by Greenwood, Hercowitz, and Krusell (1997), the cost of capital goods and the
deflator for capital goods don’t coincide because the capital stock and the investment flow don’t have the
same weights in terms of capital goods types and vintages.

5Note, however, that none of the two types of capital drives exclusively any of the trends presented in
this section. Exercises carried in the empirical section are revamped in appendix A.4.5 separating tangible
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period. In Figure 1, I plot unweighted percentiles of the distribution of firms’ capital intensity
over time. It reveals three main facts. First, all firms seem to have increased their capital
intensity. Second, the variance of the cross-sectional distribution of firms’ capital intensity
has increased. Third, the increase in the variance is driven by the upper decile: the 10%
most capital-intensive firms in 2019 have a capital intensity five times higher than in 1980
while the median firm has seen its capital intensity be multiplied by a little less than 2.5.6

1980 1990 2000 2010 2020
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2.5

5.0

7.5

10.0
K/

L

P90
P75
P50
P10

Figure 1: Percentiles of the distribution of firms’ capital intensity.
Note: Source is Compustat. Sample is 1980-2019. Measure is (PPE+INT)/L. PPE stands for "Property, Plant and Capital
(Gross)" and measures physical capital while INT stands for "Intangible Assets" and measures intangible capital. EMP is
"Employees" and is the count of employees. P90 is the 90th percentile, P10, the 10th. Units are 100’000s of 2000 dollars per
employee.

The common growth in firms’ capital intensity is well understood. Over the same period,
the cost of capital goods has increased at a lower pace than that of labor, yielding a decline
in the relative cost of capital (RCK) and a rise in aggregate capital intensity7. However, a
falling RCK does not imply dispersion if firms face the same costs of inputs. To see this,
consider a production function of firm i in time t: Yi,t = Fi,t(Ki,t, Li,t) where Ki,t is capital,

and intangible capital.
6In Appendix A.4, Figure A.13, I plot moments of the distribution of capital intensity changing the

denominator of my measure to cost of goods sold (COGS). COGS capture labor costs as well as other
intermediate costs. This measure also suggests a fanning out although with a smaller takeoff of the top
decile. Among the intermediate inputs captured by COGS figures outsourcing. In principle, firms that
outsource labor would feature lower capital per employee but similar capital per COGS than firms who don’t.
While outsourcing has been affecting firms unequally, as documented by Boehm, Flaaen, and Pandalai-Nayar
(2020) or Bergeaud, Malgouyres, Mazet-Sonilhac, and Signorelli (2025), the fact that the same fanning out
appears in capital per employee and capital per COGS implies that outsourcing is not the main driver of
capital-intensity dispersion.

7See for example: Gordon (1990), Greenwood et al. (1997), Greenwood, Hercowitz, and Krusell (2000),
Cummins and Violante (2002), Fisher (2006), Primiceri (2006), Gourio and Kashyap (2007), Gourio and
Klier (2015), Karabarbounis and Neiman (2014), Jones and Liu (2024), Dechezleprêtre, Hémous, Olsen,
and Zanella (2025), Hartley, Hassett, and Rauh (2025). See also Kaymak and Schott (2023) for the role of
corporate tax changes.
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and Li,t is labor. At time t, for a given pair of costs {wt, rKt } of labor and capital respectively,
supposing that firms minimize their costs yields the following identity for a firm’s capital
intensity:

Ki,t

Li,t
=
ζKi,t
ζLi,t

wt
rKt

(1)

Where ζI
it = ∂ ln(Yit)

∂ ln(Iit) is the output elasticity to input I ∈ {K,L}. Clearly, if a firm is
price-taker on input markets, only differences in its output elasticities to inputs can drive
heterogeneity in capital intensity.8

2.2.2 Heterogeneity Across and Within Sectors

If rising dispersion in capital intensity comes from input-biased technological differences, it
can come from two levels of granularity. The first one is sectoral and is well established
(Acemoglu and Guerrieri, 2008). Sectors with high structural capital intensity (agricul-
ture, manufacturing, information) have been subject to automation and robotization (see
Acemoglu and Restrepo (2020, 2022) among others) or offshoring of labour-intensive tech-
nologies (see for example Elsby et al. (2013)) while lowly capital-intensive sectors, such as
services, haven’t. Diverging capital intensity can also materialize within sector. It would
imply that firms use differently capital-intensive technologies within sector. For example, the
use of satellites by Walmart to centralize real-time inventory management makes its tech-
nology more capital-intensive than its competitors.9 I find that this within-sector dispersion
is of the same order of magnitude than cross-sector dispersion. In Appendix A.2.1, Figure
A.2, I plot percentiles of the distribution of firms’ capital intensity for manufacturing, trade
and services; pictures similar to Figure 1 obtain. I also show this in a more systematic way
by comparing dispersion measures of capital intensity within and across sectors in Table A.1
in the same Appendix.

Another useful way to see this is by looking at firm-level output elasticities to capital. To
do so, notice that inverting equation (1) allows to estimate the ratio of output elasticities
at the firm-year level. Indeed, supposing constant returns to scale allows, by Sheppard’s
lemma, to estimate output elasticities as cost shares:

ζKi,t = rKt Ki,t

TCi,t

and ζLi,t = wtLi,t
TCi,t

where TCi,t stands for total costs of firm i in time t10. To perform this
estimation, I use the same measures for Ki,t and Li,t as for capital intensity. For the relative

8In Appendix B.1, I show that capital intensity is orthogonal to TFP, demand shifters and returns to
scale in the case of a CES production function.

9See this article: Satellites for details.
10I suppose constant returns to scale because, as shown in Appendix B.1, heterogeneity in returns to

scale cannot account for heterogeneity in capital intensity under a CES technology. It could still be that
firms’ technology share a common homogeneity of degree γ. In such a case, the distribution of their output
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cost of capital, rKt /wt, I measure the rental rate of capital as the opportunity cost of capital
times the cost of investment at the 2D sector level from the BEA following Gourio and Rognlie
(2020). The opportunity cost of capital is r+ δ where r is the real interest rate and δ is the
depreciation rate of capital. In the baseline, the real interest rate is 0.05 and the depreciation
rate is 0.1.11 The wage is defined at the 2D level of granularity and taken from the BEA (see
the Data section above for details about these measures).12 Total cost is then the sum of the
cost of capital and the cost of labor. Some moments of the resulting distribution of output
elasticity to capital are plotted in Figure 2 for the Aggregate, Manufacturing (NAICS codes
31, 32 and 33), Trade (NAICS codes 42, 44 and 45) and Services (NAICS codes 54, 55, 61,
62 and 71).13

Aggregate and Manufacturing feature different patterns than Trade and Services. For the
last two, the distribution of output elasticity to capital is dispersed but close to stationary
across time. This is enough to generate the widening dispersion in capital intensity in these
two sectors (displayed in Figure A.2 in Appendix A.2) as the relative cost of capital falls. For
Manufacturing, the output elasticity to capital of the median firm is rising. However, within
this sector, the rise in the output elasticity to capital is unequal as rising dispersion in firms’
capital intensity is too large to be explained only by the initial heterogeneity in firms’ output
elasticity to capital. The observed rising dispersion in the distribution of output elasticity
to capital in the aggregate is therefore the result of the patterns across and within sectors.

Heterogeneity in firms’ capital intensity, even within sectors, relates to the literature on
absorptive capacity that puts forward heterogeneous capacity to assimilate external knowl-
edge (see Cohen and Levinthal (1990) for the seminal paper). This is also consistent with
some recent empirical findings; Baley and Veldkamp (2025) document that firms utilization
of data is widely dispersed, Acemoglu, Anderson, Beede, Buffington, Childress, Dinlersoz,
Foster, Goldschlag, Haltiwanger, Kroff, et al. (2022) show that firms differ in their adoption
rates of robots, AI, cloud computing, specialized equipment and specialized software, even
within narrowly defined sectors. Atkin, Chaudhry, Chaudry, Khandelwal, and Verhoogen
(2017) show that when firms that produce soccer balls in Pakistan are proposed to adopt a
technology that reduces material waste, only a handful of those adopt the technology.

elasticity to capital is the same up to a constant, that is, we would have: ζKi,t
γ = rKt Ki,t

TCi,t
. It could also be that

rising output elasticity to capital increases a firms’ return to scale, as is the case for intermediate inputs in
Hubmer et al. (2024). This possibility does not affect the four key results of the paper and is therefore left
for further research.

11In Appendix A.4, I repeat this estimation with a falling real interest rate that follows the path of the
policy rate. As is visible in Figure A.16, while this slightly dampens the growth rate of firms’ ζKit , those
remain significantly heterogeneous.

12To account for potential differences in firms’ wages, in Figure A.15 in Appendix A.4, I repeat the
estimation of ζKi,t using Cost of Goods Sold as a proxy for wtLi,t although this measure is polluted by other
intermediate goods. The conclusion of such exercises is that the distribution of ζKi,t is unaffected by the
choice of measure for wtLi,t.

13In Appendix A.4, I look into the possibility that firms face different opportunity costs of capital. That
is, I redefine rt + δ into ri,t + δ to allow for larger firms to have lower risk premia for example. I show that,
supposing homogeneous ζ across firms, the implied increase in the dispersion of firms’ opportunity costs of
capital is counterfactually high.
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Figure 2: Percentiles of the distribution of firms’ output elasticity to capital per sector.
Note: Source is Compustat. Sample is 1980-2019. ζKi,t = (rKt Ki,t)/TCi,t is the output elasticity to capital, or equivalently,
the cost share of capital of firm i at time t. Kit is the sum of physical capital (PPE in Compustat) and intangible capital
(INT in Compustat). TCi,t is total cost and is the sum of cost of capital and cost of labor defined as the wage bil. P90 is the
90th percentile, P10, the 10th. Manufacturing gathers 2-digit NAICS sectors 31, 32 and 33. Trade is Wholesale (code 42) and
Retail (code 44-45). Services gathers Professional, Scientific and Technical services (code 54), Management of Companies and
Enterprises (code 55), Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts, Entertainment
and Recreation (code 71).

For completeness, in Appendix A.2, I plot in Figure A.3 the evolution of the output
elasticity to capital for other 2-digit sectors. In Figure A.4, I plot the percentiles of the
distribution of firms’ output elasticity to capital within the 9 largest 4-digit sectors in Man-
ufacturing to show that rising dispersion carries across all sectors of Manufacturing and at
thinner levels of granularity.

Before moving to the next fact, note that there are three concerns with using Compustat
data that might affect the robustness of these facts. First, the universe of publicly listed
firms is not representative of the universe of all firms in the US along many dimensions.
Second, capital might be mismeasured. Third, listing and de-listing patterns do no track
entry and exit rates both in the aggregate and within sectors.14 To make sure that my

14See Fama and French (2001), Grullon and Michaely (2002), Fama and French (2004), Davis, Halti-
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measures aren’t biased by these defects, in Figure A.17 of Appendix A.4, I compute the
aggregate output elasticity to capital for the American economy and for the manufacturing
sector using BEA data. To do so, I use the same measure for the relative cost of capital as
in my baseline exercise. For capital, I use the "quantity index for net stock of private fixed
assets by industry" (Fixed Asset table 3.2), for labor I use "full-time equivalent employees
by industry" (National Income and Product Accounts table 6.5). The output elasticity to
capital of both the whole economy and manufacturing rise between 1980 and 2019 with an
amplitude in line with that of the median or the mean of Compustat firms displayed in
Figure 2.

We have seen that rising heterogeneity in firms’ capital intensity is a pervasive phe-
nomenon, across and within sectors. This heterogeneity can be expressed as differing output
elasticity to inputs across firms. While for most sectors the distribution of firms’ output
elasticity to capital is stationary, it has been fanning out for manufacturing. I now turn to
investigating the relationship between firms’ size and capital intensity, focusing on manufac-
turing (results for the aggregate and other sectors in Appendix A.2).

2.3 Capital Intensity Correlates with Size
In Figure 3, I plot the correspondence between capital intensity deciles and their relative size
within manufacturing for the beginning of my sample (1980) and its end (2019). Relative size
is defined as the sales of the firms present in a decile to the total sales in the sector. It suggests
a permanent positive correlation between capital intensity and size in manufacturing. While
the relationship seems close to linear in 1980, in 2019 the 10% most capital-intensive firms
seem to concentrate a higher share of sales. Rising concentration is even more visible for
top percentiles: in Figure A.9 of Appendix A.2, I plot the time series of the relative size of
the 90th, 95th, and 99th percentiles of the distribution of capital intensity in manufacturing
over my whole sample. Concentration seems to have accelerated between 2000 and 2010
before cooling down and to be concentrated at the top of the distribution: in 2019, the 1%
most capital-intensive firms are responsible for 14% of the sales of all public manufacturing
firms and for 40% of the 10% most capital intensive firms, those numbers were respectively
3% and 12% in 1980. Capital-intensive firms also appear to be persistent. In Figure A.10
of Appendix A.2, I plot the persistence rate of firms in the top 10%, 5% and 1% of the
distribution of capital intensity within manufacturing. The persistence rate is the frequency
with which a firm stays in its percentile over a 5 year window, conditional on it being listed
in the two years. For the top decile, the persistence rate is centered around 70% consistently
over the whole sample. The pattern is similar for the 95th percentile, despite a sharp decline
below 60% around the financial crisis. The top percentile is more volatile around a mean of
57%.

The correspondence between capital intensity and size for the aggregate, trade and services
are reported in Figure A.8 of Appendix A.2. In the aggregate, the correlation is positive but

wanger, Jarmin, Miranda, Foote, and Nagypal (2006), Ali, Klasa, and Yeung (2008), Keil (2017), Kahle and
Stulz (2020) or Decker and Williams (2023) for a thorough documentation of these shortcomings.
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Figure 3: Relative size per capital intensity deciles in manufacturing.
Note: Source is Compustat. Sample is 1980-2019. Manufacturing is composed of 2D NAICS sectors 31, 32 and 33. Measure of
Capital intensity is (PPE + INT)/EMP. PPE stands for "Property Plant and Equipment", EMP for "Employees" and INT for
"Intangible Assets - Total". EMP is expressed in number of Employees, PPE and INT are expressed in 100’000s of 2000 dollars.
P90 relates to the top decile of the distribution of capital intensity. Relative size is the sales of a decile over total sales of the
sector.

seems to not change with time. For trade, the correlation is also positive but smaller and
the correspondence is s-shaped. For services, the correlation is null.

To understand the correlation visible in Figure 3, consider that output elasticities impact
the marginal cost which in turn determines prices and hence demand. To see this, sup-
pose that a firm produces using the following constant elasticity of substitution production
technology:15

Yi,t = zi,t

(
αi,tK

ψ−1
ψ

i,t + (1 − αi,t)L
ψ−1
ψ

i,t

) ψ
ψ−1

(2)

where αi,t is the share of capital in production and ψ is the elasticity of substitution
between capital and labor. In such a case, capital intensity is: Ki,t

Li,t
=
(

αi,t
1−αi,t

wt
rKt

)ψ
and the

output elasticity to capital writes: ζKi,t = αi,t
(
Yi,t
Ki,t

) 1
ψ so that αit captures heterogeneity in

15In Appendix B.2, I allow for technology to feature heterogeneous labor-augmenting productivity instead
of alpha, as advocated by Demirer (2020) for example. If workers are paid at their marginal productivity,
this yields no heterogeneity in marginal costs and hence no correlation between capital intensity and size. In
Appendix B.3, I show that if large firms have monopsonic power, my estimates for αi,t are downward biased
for the most capital-intensive firms, suggesting that dispersion might be even higher. Furthermore, Kehrig
and Vincent (2021) show, using Census Data where firms’ wages are observable (unlike in Compustat), that
there is no significant difference between the wage paid by high- and low- labor share firms. In Appendix
A.3.1, I show that firms’ labor share and capital intensity correlate negatively, implying that differently
capital-intensive firms don’t charge differentiated wages.
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ζKit .16 I plot estimates of percentiles of the distribution of αi,t for the baseline ψ = 0.5 and
alternative ψ in Appendix A.2.2, Figure A.5. Supposing that firms are cost-minimizing, one
obtains the following identity for the marginal cost:

mci,t = 1
zi,t

(
αi,t

ψrKt
(1−ψ) + (1 − αi,t)ψwt(1−ψ)

) 1
1−ψ

(3)

From equation (3), a fall in the rental rate of capital diminishes the marginal cost of
production and therefore prices and boosts demand. If firms feature heterogeneous α, the
elasticity of their marginal cost to a fall in rk is in turn heterogeneous; high-alpha firms
(capital intensive) will see their marginal cost fall by more than low-alpha firms (labor
intensive). In other words, in an environment where the RCK falls, heterogeneity in α
implies heterogeneity in efficiency. Intuitively and anticipating on the fully-fledged model, if
firms’ marginal costs determine their prices which in turn affects their demand, most capital-
intensive firms (higher α) are able to post lower prices than their labor-intensive competitors
and hence to steal demand from them.

In order to understand what can microfound this heterogeneity, notice that α can be
interpreted in two manners. First, α can be interpreted as normalized capital-biased pro-
ductivity. It is capital-biased in that a rise in α increases the relative marginal product
of K to L (Acemoglu, 2002; Jones, 2005; Peretto and Seater, 2013) and normalized in that
capital-biased and labor-biased productivity are supposed to sum up to one.17 Heterogene-
ity in capital intensity can then be interpreted as heterogeneous directed technical change
(towards capital). Another way to interpret a firm’s α comes from looking at task-based
production functions pioneered by Zeira (1998). In such a case, αi,t is the share of tasks
that are performed by capital, as opposed to labor. It can rise if tasks are automated, as in
Acemoglu and Restrepo (2022) or Hubmer and Restrepo (2025) or if new tasks performed
by capital are added, as in Hémous and Olsen (2022).18 In both cases (automation/new task

16Note that the Cobb-Douglas case (equation (2) with ψ → 1) is sufficient to capture heterogeneity in
output elasticity to inputs. However, as shown in Karabarbounis and Neiman (2014) and Oberfield and
Raval (2021), ψ plays a crucial role in the relationship between the dynamics of the RCK and the labor
share. I therefore chose to root heterogeneity of ζK into α to be able to test my results under different values
of ψ. In the baseline, I use the estimate of ψ = 0.5 from Oberfield and Raval (2021).

17Too see this, suppose that a firm produces with the following technology: Yi,t =

Ai,t

(
AKi,tK

ψ−1
ψ

i,t +ALi,tL
ψ−1
ψ

i,t

) ψ
ψ−1

. One can rewrite this equation as equation (2) by defining αi,t = AKi,t
AK
i,t

+AL
i,t

and factorizing out the non-homothetic terms: zi,t = Ai,t
(
AKi,t +ALi,t

) ψ
ψ−1 .

18Consider for example the following production technology: Yi,t = ai,t

(∫ τ
0 yi,t(x)

ψ−1
ψ dx

) ψ
ψ−1 where

yi,t(x) is a task necessary to production. Each task can be produced using labor Li,t or capital Ki,t such
that a number aKi,t ∈ [0, τ ] of tasks is performed by capital and a number aLi,t = τ − aKi,t is produced by

labor. This allows to rewrite: Yi,t = ai,t

(
aKi,tK

ψ−1
ψ

i,t + aLi,tL
ψ−1
ψ

i,t

) ψ
ψ−1

Defining αi,t = aKi,t/τ yields: Yi,t =

zi,t

(
αi,tK

ψ−1
ψ

i,t + (1 − αi,t)L
ψ−1
ψ

i,t

) ψ
ψ−1

where zi,t = τ
ψ
ψ−1 ai,t. In such a case, automation appears if τ remains
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and capital-biased productivity), α is a choice of the firm.
By equation (3) and Figure 3, it is advantageous for firms to increase the capital intensity

of their technology (i.e, their alpha) as the relative cost of capital falls. The observed
heterogeneity in α therefore suggests that firms differ in their capacity to become more
capital intensive. To understand why, in the next section, I build a general equilibrium
model where α is a choice of the firm.

To discipline the necessary "ingredients" of the model, in Appendix A.5.2, I document
an extra stylized fact: capital-intensive firms also charge a significantly higher markup than
their labor-intensive competitors. To the trained eye, this flows directly from the fact that
capital-intensive firms are larger as the positive correlation between a firm’s size and its
markup is an already established relationship (see de Loecker et al. (2020) or de Ridder
et al. (2022)).

3 General Equilibrium Model
Building on these empirical findings, I construct a General Equilibrium model to understand
what drives the heterogeneity in firms’ capital intensity and to derive the aggregate impli-
cations of firm-specific capital intensity. In this section, I focus on laying out the model,
presenting the equilibrium, and detailing the calibration. In the result section 4, I present
the aggregate implications of the model and compare simulated moments of the model to
actual moments from the data.

3.1 Environment
Time is discrete. The supply side of the model has three layers. Final good producers
aggregate from sectoral good producers who, in turn, aggregate intermediate goods from
intermediate firms who compete in oligopolistic industries. Intermediate firms chose the
capital intensity of their technology on top of their usual control variables (capital, labor,
output, price). The household is representative and standard, he supplies labor, consumes
and saves using both a bond and the capital good.

3.1.1 Final Good Producers

There are two final goods: one for consumption and one for investment in the capital stock.
Each of the two goods is sold to the representative household and produced by two producers
(one for each type of final good) representative of a continuum of perfectly competitive final
good producers. Both producers aggregate sectoral goods using a Constant Elasticity of
Substitution (CES) function and take sectoral goods’ prices as given.

fixed but aK increases, and the addition of more tasks performed by capital corresponds to an equal scalar
increment in τ and in aK .
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The final consumption good is produced using the technology:

Ct =
(∫ 1

0
Cj,t

σ−1
σ dj

) σ
σ−1

(4)

While the final investment good is produced using the technology:

Xt = 1
ξt

(∫ 1

0
Xj,t

σ−1
σ dj

) σ
σ−1

(5)

Where σ is the elasticity of substitution of demand across sectoral goods. Cj,t and Xj,t de-
note, respectively, the quantity of inputs the final consumption-goods producer and the final
investment-goods producer purchase to sector j. The scalar ξ denotes the relative produc-
tivity of the consumption producer with respect to the investment producer. If it decreases,
the relative productivity of the investment good technology increases. It is supposed to vary
with time and will capture capital good producers becoming more productive.

Both final good producers minimize their total cost and maximize their profits subject
to their production function to choose their optimal input mix and output. This yields the
following pricing function:

pXt = ξt

(∫ 1

0
pj,t

1−σ
) 1

1−σ
= ξtpt (6)

Where pXt is the price of the final investment good, pt is the price of the final consumption
good and pj,t is the price of the good produced by sector j. Final good producers take
aggregate demand from households as given: Yt := Ct + ξtXt and Yj,t = Cj,t + Xj,t, so the
inverse demand functions for the good of individual sectors is given by:

pj,t =
(
Yj,t
Yt

)− 1
σ

pt (7)

3.1.2 Sectoral Good Producers

Sectoral good producers aggregate from intermediate firms and sell to final good producers.
They are perfectly competitive and the variety they supply is lowly substitutable (low σ).
The intermediate firms to which they buy their inputs are not atomistic. Output in each
sector j writes:

Yj,t =
(

N∑
i=1

Yi,j,t
ϵ−1
ϵ

) ϵ
ϵ−1

(8)

Where Yi,j,t is output of firm i in sector j, N is the number of firms present in sector j
and ϵ is the elasticity of substitution of demand across different varieties within the sectors.
I suppose that varieties within a sector are more substitutable than across: ϵ > σ. This
yields the price aggregator for sector j in time t, pj,t:
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pj,t =
(

N∑
i=1

pi,j,t
1−ϵ
) 1

1−ϵ

(9)

And the inverse demand functions for varieties within sectors:

pi,j,t =
(
Yi,j,t
Yj,t

)− 1
ϵ

pj,t (10)

3.1.3 Intermediate Good Producers

In each sector, an integer number of oligopolistic firms use labor and capital to produce
output using a CES production function. They compete in a static differentiated Bertrand
or Cournot game to set their prices and quantities. Firms also chose their technology. They
start with common capital intensity, α, but can increase it by paying a sunk switching cost.
I first present the quantities and price problems of the firm, conditional on its technology,
and then move to its technology choice.

Quantities and price. Consistently with the equation that guided the empirical exercise,
firms use a CES production function with heterogeneous and time-dependent capital-share
in production, α. Namely:

Yi,j,t =
(
αi,j,tKi,j,t

ψ−1
ψ + (1 − αi,j,t)Li,j,t

ψ−1
ψ

) ψ
ψ−1

(11)

Where ψ is the elasticity of substitution between capital (K) and labor (L). Conditional
on technology (11), and supposing that firms are price-taker on input markets where rKt is
the rental rate of capital and wt is the rental rate of labor, cost minimization yields the
following marginal cost and implicit input demand functions:

mci,j,t =
(
αi,j,t

ψrKt
(1−ψ) + (1 − αi,j,t)ψwt(1−ψ)

) 1
1−ψ

(12)

rKt = αi,j,tmci,j,t

(
Yi,j,t
Ki,j,t

) 1
ψ

(13)

wt = (1 − αi,j,t)mci,j,t
(
Yi,j,t
Li,j,t

) 1
ψ

(14)

Taking the ratio of Equations (13) and (14) yields the capital intensity identity already
seen in equation (1):
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Ki,j,t

Li,j,t
=
(

αi,j,t
1 − αi,j,t

wt
rKt

)ψ
capital intensity is increasing in αi,j,t and decreasing in the cost of capital relative to that

of labor rKt
wt

, i.e, in the inverse of the Relative Cost of Capital (RCK).
On top of quantities, firms also have freedom in setting their prices because they sell

differentiated products and are non-atomistic. Specifically, the oligopolistic structure of
Atkeson and Burstein (2008) implies that profit maximization of intermediate firms subject
to their individual inverse demand curve (equation (10)) yields:

pi,j,t = ε(si,j,t)
ε(si,j,t) − 1

mci,j,t = µ(si,j,t)mci,j,t (15)

Where si,j,t = pi,j,tYi,j,t
pj,tYj,t

is the sales share of a firm in its sector (or, loosely speaking, its
market share).19 ε(si,j,t) is the elasticity of demand to the price posted by firm i in sector
j at time t. Importantly, ε(si,j,t) = −∂ ln(Yi,j,t)

∂ ln(pi,j,t) ̸= ϵ because, in an oligopolistic organization,
a firm internalizes the impact of its individual pricing on the aggregate price and hence on
the distribution of demand. Intuitively, an efficient firm faces a smaller limit price (equal to
its marginal cost) than its competitors. It can chose to charge a markup over its marginal
cost while still posting a lower price and hence attracting the highest chunk of demand. The
key difference with a classic monopolistic competition setting à la Dixit and Stiglitz (1977)
is that, as firms are non-atomistic, they recognize this possibility. This game can be solved
as a Bertrand or Cournot static differentiated game yielding the following formulae for the
elasticities of demand to prices:

ε(si,j,t) =

ϵ− (ϵ− σ)si,j,t under Bertrand competition(
1
ϵ

− (1
ϵ

− 1
σ
)si,j,t

)−1
under Cournot competition

(16)

In both cases, a firm’s markup is increasing and convex in its market share and depends
on the elasticity of substitution of demand across varieties (ϵ and σ). Finally, individual
accounting profits can be written:

πi,j,t =
(

1 − 1
µ(si,j,t)

)
pi,j,tYi,j,t (17)

Technology. There will be two drivers to firms’ heterogeneous choice of αi,j,t: an exogenous
component that will reflect a firm’s "capability" to update its technology and an endogenous
component that will come from the strategic interactions induced by oligopolistic competi-
tion.

For the exogenous component, suppose that firms can pay a cost to update their produc-

19I also define si,t = si,j,tsj,t for si,t = pi,j,tYi,j,t
ptYt

and sj,t = pj,tYj,t
ptYt

.
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tion technology. This cost increases in the distance between the technology with which a
firm starts the period (summarized by αi,j,t−1) and its targeted technology (αi,j,t). I hence
refer to it as a switching cost. I also suppose that once a firm has paid to obtain a certain
αi,j,t, it becomes available in subsequent periods. The switching cost is hence a sunk cost.
Suppose further that firms differ in the slope of their switching cost function, i.e, that some
firms need to pay a higher cost than others for a same change of α.20 I denote this slope
as φi,j,t.21 The switching cost function faced by a firm i in sector j and at time t is hence
defined:

sci,j,t(∆αi,j,t) = φi,j,t (αi,j,t − αi,j,t−1) ptYt (18)

Where ∆αi,j,t = αi,j,t − αi,j,t−1, and ptYt scales the cost with nominal GDP to avoid
making the switching cost negligible as the economy grows.22 This exogenous heterogeneity
could represent a variety of realities. Possible micro-foundations include: differing capacities
to re-organize production when firms change their technology, in the spirit of Aghion and
Tirole (1997), heterogeneous entrepreneurial or managerial capabilities, as in Bresnahan,
Brynjolfsson, and Hitt (2002) or Bloom, Sadun, and Van Reenen (2012), mismatches between
the skills necessary to implement new vintages of capital and those available to the firm, as
in Chari and Hopenhayn (1991) or from informational or financial frictions. In this model, I
do not distinguish between these possibilities but rather use φi,j,t as a way to capture them in
a stylized manner in order to distinguish them from the second determinant of firms’ choice
of α: strategic interactions.

To understand how this second determinant of firms’ choice of α appears, consider that
an intermediate firm decides on its αi,j,t at the beginning of a period, after observing the
productivity of the capital good producer, ξt, and given its αi,j,t−1 as well as the α−i,j,t−1 of
its competitors. A firm chooses its optimal α by maximizing the present value of its current
and future pure economic profits defined as its accounting profit minus the sunk cost of
updating its technology.23:

max
αi,j,t

+∞∑
τ=0

βτ (πi,j,t+τ − sci,j,t(∆αi,j,t))

This problem is subject to the implied marginal cost (equation (12)), the demand curve
(equation (10)), the optimal pricing rule (equations (15) and (16)), the profit identity (equa-
tion (17)) as well as a the functional form of the switching cot function (equation (18)).

20Alternatively, one could suppose that firms face the same cost but heterogeneous returns in terms of α.
21For now, I suppose that the slope of the switching cost function can be time-specific and hence index

it with t. This is not strictly necessary as I discuss in the calibration section.
22Importantly, ptYt is considered as given by the firm (unlike pj,tYj,t) because sectors are atomistic while

firms aren’t. This is essential to avoid the firm facing an Euler equation and the oligopolistic problem to
become dynamic and hence impossible to solve without extra limiting assumptions (Mongey, 2022; Wang
and Werning, 2022).

23There is no entry, the number of firms is finite and goods are differentiated so pure economic profits >
0 are feasible.
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To account for sectoral differences in the distribution of capital intensity, it is also useful
to constrain the sectoral support of α by supposing a sector-specific technological frontier:
αi,j,t ≤ αj,t. The impact on permanent profits of a change in α flows through the marginal
cost first ∂mci,j,t

∂αi,j,t
, which affects the market share ∂si,j,t

∂mci,j,t
which in turn affects the markup

∂µ(si,j,t)
∂si,j,t

. Solving for this problem yields the following implicit optimality condition for α
(complete algebra is refereed in Appendix B.6):

1
1 − β

∂si,t
∂αi,j,t


Volume effect︷ ︸︸ ︷

1 − 1
µ(si,j,t)

+

Markup effect︷ ︸︸ ︷
∂µ(si,j,t)
∂si,j,t

si,j,t
µ(si,j,t)2


︸ ︷︷ ︸

Ξi,j,t

= φi,j,t (19)

Where the right-hand side is the exogenous determinant of a firm’s optimal α while
the left-hand side contains the endogenous determinant of a firm’s α. The left-hand side
of equation (19) is the marginal return to increasing α, that I will refer to as Ξi,j,t. This
component can be broken down in different components. 1

1−β comes from the fact that firms’
new alpha is available for all subsequent periods. ∂si,t

∂αi,j,t
refers to how a firm’s update of α

impacts its market share. A change in a firms’ market share has in turn two effects. First,
a volume effect: absent a change in markups, higher market shares imply higher profits.
Second, a markup effect, which is central: as a firm becomes larger, its markup increases.
Because markups are increasing and convex in market shares, the size of the markup effect
depends on the original market share of a firm.

This means that, already capital-intensive firms are large (because they are more efficient)
and hence stand on the steeper tangent line to the markup function than a small/labor-
intensive firm. This implies that for a same ∆α, a larger firm secures a higher marginal
return than a smaller firm, driven by a higher markup increase. This markup effect, or
strategic interaction effect, also drives firms’ updating of α. Already capital-intensive firms
are large and hence update their α more due to the implied high markup effect. On the
contrary, labor-intensive firms are small and so is the marginal gain from increasing their
α, leading to a more modest updating. Furthermore, small firms are discouraged to chose
a large ∆α to catch-up with capital-intensive firms because this would decrease the market
share, and hence the markup, associated to high capital intensity. This can create inertia
for the firms endowed with a high switching cost as they are discouraged to increase their
capital intensity due to a marginal return too low to cover the sunk cost.

In the result section dedicated to firm dynamics, I show the relative quantitative role
of these two drivers of firms’ choice of α by performing a numerical comparative exercise.
In the counterfactual section, I propose to relax the hypothesis of markup endogeneity to
understand how differences in firms capabilities to update their technologies, alone, affect
the predictions of the model.
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3.1.4 The Household

An infinitely-lived representative household enjoys consumption and dislikes labor. He buys
the final goods and rents out his stock of labor and capital to intermediate firms that he
owns. He has access to a bond that pays out 1 + rt in the next period. He discounts the
future at a constant rate β. His life-time utility reads:

+∞∑
t=0

βtU(Ct, Lt)

Where U(Ct, Lt) is the utility function of the household that is increasing and concave in
consumption and decreasing and concave in labor. He maximizes it subject to an initial stock
of capitalK0 and bonds B0, a capital accumulation equation that readsKt+1 = (1−δ)Kt+Xt,
where δ is the depreciation rate of capital, and a budget constraint that reads:

pt(Ct + ξtXt) +Bt+1 = (1 + rt)Bt + wtLt + rKt Kt + πt (20)

Where Kt =
1∫
0

N∑
i=0

Ki,j,tdj, Lt =
1∫
0

N∑
i=0

Li,j,tdj and πt =
1∫
0

N∑
i=0

πi,j,tdj. His intra-temporal
optimality condition is:

−ULt(Ct, Lt)
UCt(Ct, Lt)

= wt
pt

(21)

Where ULt(Ct, Lt) = ∂U(Ct,Lt)
∂Lt

and UCt(Ct, Lt) = ∂U(Ct,Lt)
∂Ct

. His Euler equation is:

UCt(Ct, Lt)
UCt+1(Ct, Lt)

= β(1 + rt+1)
pt
pCt+1

(22)

And a Hall and Jorgenson (1967) no-arbitrage condition that reads:

rKt+1 = pXt (1 + rt+1) − pXt+1(1 − δ) (23)

That is, the return on renting capital must be equal to that of buying a bond corrected
by the rate of depreciation of the capital stock.

3.2 Equilibrium
An equilibrium in time t, is a steady-state that is defined, given the parameters β, δ, ϵ, σ,
ξt, the wage (normalized to 1), a per-sector distribution of αi,j,t−1 and of frontiers αj, αj, a
distribution of the switching cost parameter φi,j,t per sector and time and a functional form
for the utility function, by the solved system of equations (4) to (23) for which every variable
is constant (conditional on ξt). Equations (4) to (23) imply that the household maximizes his
utility, final and sectoral producers minimize their costs, intermediate producers maximize
their pure economic profits, all markets clear and every constraint is satisfied.
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As is well known, the non-linearity of the sub-system composed of equations (10), (15),
(16) and (19) implies that the model must be solved numerically.

Computations and numerical implementations to solve for the equilibrium are provided
in Appendix B.4 and B.5.

3.3 Calibration
There are two manners to calibrate the model: I can either target the distribution of firms’
capital intensity for every period, or only for the first period and let the model determine
the following ones. In the main text, I focus on the one with the highest degree of freedom,
i.e, where I target the distribution of capital intensity for every period. In Appendix B.8.1,
I detail the calibration where only the distribution of capital intensity at the beginning of
the sample is targeted and comment on the differences in terms of results.

The model is solved at the annual frequency. There are two exercises to be undertaken.
First, calibrating parameters necessary to solve equations (4) to (23) without the technolog-
ical choice of the firm -equations (18) and (19). Once this is done, I solve numerically and
simulate the model without the endogenous updating of alpha but rather feeding the model
with the actual distribution of α estimated in Appendix section A.2.2. The results are then
used to estimate the cost of updating α that prevails at each period to retrieve a distribution
of φi,j,t for each sector j and time t. The model can then be simulated again with equations
(18) and (19) joining the system of equations to be solved numerically.

I choose the Greenwood, Hercowitz, and Huffman (1988) utility function to wash away
wealth effects on labor supply:

U(Ct, Lt) =

(
Ct − L1+η

t

1+η

)1−γ

1 − γ

Where γ is the coefficient of relative risk aversion and η the inverse Frisch elasticity. Then,
the following parameters need to be set: the discount rate β, the depreciation rate of capital
δ, the sequence of relative productivity of the final investment good producer to the final
consumption good producer for every period: {ξt,∀t}, the micro elasticity of substitution
between capital and labor ψ, the elasticity of substitution between goods within markets, ϵ
and across markets, σ, and the distribution of firm-specific cost parameter for the updating
of α for each sector and time: {φi,j,t,∀i, j, t} as well as sector specific technological frontiers:
αj,t .

Parameters to be calibrated are listed in Table 1 together with their value and the cor-
responding moment or source. I set β = 0.95 to obtain a steady-state interest rate of 0.05,
similarly to the one assumed in the empirical section. I set δ to 0.1, its yearly average ac-
cording to the estimation of Gutiérrez and Philippon (2016). I don’t consider its variations
over time because they are minimal and would only add noise to the model. The dynamics of
ξt traces that of the relative cost of capital documented in Figure A.12 of Appendix section
A.2. Its initial value is set so that the aggregate estimated ζK in section 2 is equal to the one
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found if one uses an Olley and Pakes (1996) or Ackerberg, Caves, and Frazer (2015) method
to estimate it: 0.12. The micro elasticity of substitution between labor and capital, ψ, is set
to 0.5, as suggested by Oberfield and Raval (2021).

Symbol Name Value Source/Moment

β Discount rate 0.95

η Inverse Frisch elas. 2 Chetty, Guren, Manoli, and Weber (2011)

γ Coeff. relative risk aversion 0.5

ξt
Relative productivity

of K producer [1:0.4] Figure A.12

δ Depreciation rate 0.1 Gutiérrez and Philippon (2016)

ψ
Elas. of substitution

between K and L 0.5 Oberfield and Raval (2021)

φi,j,t
Firm-specific

switching-cost slope Ki,j,t/Li,j,t (Eq. (32))

αj, αj
Technological

frontier min(Ki,j,t/Li,j,t),max(Ki,j,t/Li,j,t),∀i, t

ϵ
Elas. of substitution

of demand within sectors 10 θ = 0.86

σ
Elas. of substitution

of demand across sectors 1.01 Atkeson and Burstein (2008)

N
Number of firms
within sectors 10 M1980

Table 1: Model Calibration.

I set σ = 1.01 to make sectors nor complements nor substitutes and avoid composition
effects across sectors to influence the results (Like Atkeson and Burstein (2008), I deviate
from σ = 1 because the model is not well behaved in this case). I set ϵ = 10 to match the
fact described in Antras (2004) or Oberfield and Raval (2021) that the aggregate elasticity
of substitution is also below one but close to Cobb-Douglas. To do so, I build an aggregate
CES-CRS production function that reads:

Yt =
(
αK

θ−1
θ

t + (1 − α)Lt
θ−1
θ

) θ
θ−1

Which yields the aggregate capital intensity equation in logarithm:
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ln
(Kt

Lt

)
= θ

(
ln
( α

(1 − α)
)

+ ln
(wt
rKt

))

I simulate my model for different levels of ϵ over a fixed distribution (the one of 1980) of
α to obtain a change in the log of aggregate capital intensity purified of changes in α, i.e:
∆ ln(Kt

Lt
) = θ∆ ln( wt

rKt
). An ϵ = 10 yields an aggregate elasticity of substitution of 0.86.24

To build the sectors of the nested CES, I follow the standard procedure (see Burstein et al.
(2020) or de Loecker et al. (2021)). I suppose 100 sectors with 10 firms each. The number 10
is chosen to match the aggregate markup in 1980 estimated as the harmonic sales-weighted
average of firm-level markups in Appendix section A.5.2.25 Each sector j is endowed with a
technological frontier: αi,j,t ∈ [αj, αj] where the boundaries are respectively the ones implied
by the minimum and maximum capital intensity achieved within a sector along the whole
sample. In the baseline model, every firm has TFP Z = 1. In the counterfactual and
extensions (section 5), I’ll include heterogeneous TFP to analyse the relative impact of TFP
and structural capital intensity on my results.

To calibrate φi,j,t, each firm in each sector draws an αi,j,t from a sector-year specific distri-
bution. Those distributions are built to match the distributions of α in the 2D NAICS sector
from the data that count more than 10 firms using Kernel density estimators. Typically,
"Construction" (code 23) counts 21 firms out of 1095 in 1980. 2 of the 100 sectors will hence
have their firms draw their α from the Kernel density of sector 23.

Once firms’ α are calibrated, the model can be simulated. From the result of the simu-
lation, firms’ switching cost functions can be estimated. To estimate φi,j,t, the firm-specific
slope of the switching cost, I simply rely on the optimality condition for αi,j,t; equation (19).
That is, I compute Ξi,j,t and use it to calibrate each firms’ φi,j,t.

With firms’ switching cost functions calibrated, the model can be simulated again with
the parameters φi,j,t as ex-ante parameters. Now, αi,j,t is a control of the firm. Supposing
Cournot competition, this boils down to solving numerically for si,j,t, µ(si,j,t) and αi,j,t the
system: 

µi,j,t = ε(si,jt )
ε(si,jt )−1

ε(sit) =
(

1
ϵ

− (1
ϵ

− 1
σ
)
(
µi,j,tmci,j,t

pjt

)1−ϵ)−1

Ξi,j,t = φi,j,t

While in the previous step, only the two first equations where solved for, as αi,j,t was
a state variable to the firm. This modeling is useful for counterfactual analysis that will
be undertaken in section 5. In the alternative calibration presented in Appendix B.8.1, I

24Any ϵ ∈ [6, 12] satisfies this condition but ϵ = 10 is common in the literature: Atkeson and Burstein
(2008), Grassi (2017), de Loecker et al. (2021), Atkeson, Heathcote, and Perri (2022).

25I prove that this is the correct equation for aggregation in equation (37) in Section 4.2. I take the
freedom of using this equation without having defined it yet as it is already a well established result (Grassi,
2017; Edmond et al., 2023)
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suppose that the distribution of φ is stationary across time and is calibrated on the first
two years of my sample (1980 and 1981). In such a case, the results are remarkably similar,
implying, as we shall see in the result section, that a change in the exogenous capabilities of
firms to update their technology isn’t the main driver of the fanning out of capital intensity.

4 Aggregation and Quantitative Results
This section displays the results of the model in terms of aggregation and quantification. I
first show how firm dynamics materialize in section 4.1. Then, I present results regarding
markups in terms of dispersion and aggregate. Third, I display the results for income shares.
Fourth, I discuss capital misallocation and the aggregate investment gap. Fifth and lastly,
I report results regarding differences in sales and employment concentration dynamics. In
Appendix B.7, I detail the algebraic steps to reach the formulae displayed in this section.

4.1 Firm Dynamics
There are three drivers of firm dynamics when simulating the model between 1980 and
2019. First, dynamics are introduced in the model by the fall in the RCK driven by a rise
in the productivity of the capital good producer. Second, firm heterogeneity originates in
their differing cost function to changing their α. Finally, firm heterogeneity also resides in
markup endogeneity to market shares which feed-backs to firms’ choice of ∆α. In this section,
I perform a numerical comparative statics exercise to decompose the relative strength of each
of those components. To do so, I simulate my model alternatively shutting down the different
channels of the model but keeping the same calibration for each of the variables. Then, I
look at the evolution of the market shares associated to each decile of the distribution of
firms’ capital intensity between 1980 and 2019 for those different simulations. The resulting
changes are reported in Figure 4.

The first exercise consists in calibrating the model on firms’ heterogeneity in capital
intensity in 1980 and calibrating the fall in the RCK to the baseline fall between 1980 and
2019. I shut down the other two channels: I suppose that firms cannot update their alpha
and that markups are constant. In Figure 4, this corresponds to the "Falling RCK" bars
(the dark-most one). In this case, as the RCK falls, all firms increase their capital intensity
given their α. Because firms are endowed with different α, their marginal cost is differently
elastic to a fall in the RCK (as per equation (12)). Namely, capital-intensive firms (high
α) see their marginal cost decrease more than labor-intensive firms (low α) which allows
capital-intensive firms to post lower prices and to steal demand from their labor-intensive
competition. This translates into reallocation of market shares from labor-intensive towards
capital-intensive firms with the latter gaining around 2pp of market shares.

The second exercise consists in allowing firms to update their α and introducing the
heterogeneity in firms’ switching costs without allowing for markup endogeneity.26 As the

26Recall that this is a comparative statics exercise and not a counterfactual. The calibration of the
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Figure 4: Market share dynamics per capital intensity decile: comparative statics.
Notes: This graph plots the change in market shares between 1980 and 2019 associated with each decile of the distribution of
firms’ capital intensity from the simulated model. I include three specifications of the model. (i) "Falling RCK" is the model
with a stationary distribution of firms’ α calibrated on the distribution of capital intensity in 1980 and the baseline fall in the
RCK. The endogenous updating of α channel and the endogenous markup channel are shut down. (ii) "+ Cost Heterogeneity"
is the same model with the addition of firms being able to update their α but without the endogenous markup channel. The
calibration of distribution of firms’ switching cost is the baseline one. (iii) "+ Endogenous Markups" is the fully fledged model:
the RCK falls, firms are endowed with different switching costs and markups are endogenous to sales shares.

RCK falls, all firms adopt the cheaper capital good, pushing up their capital-to-labor ratio.
Now, firms also decide to update their technology (their α) in order to make their output
more elastic to the cheaper input. Firms with lower switching costs update their technology
more and see their capital-to-labor ratio rise faster than the aggregate. The dispersion of the
elasticity of firms’ marginal costs to the fall in the RCK is therefore amplified. This results
into wider dispersion in firms’ marginal costs, prices and hence market shares. This exercise
corresponds to the "+ Cost Heterogeneity" in Figure 4. Qualitatively, the pattern is similar
to when the distribution of α is stationary but the amplitudes are larger. This time, the
most capital-intensive firms see their average market shares increase by 5pp.

The third exercise is the fully-fledged model. The mechanism is similar to the one in
the previous exercise up to one extra sub-mechanism: strategic interactions. When firms
have dispersed market shares, they stand at different points on their markup curves, which
is increasing and convex in market shares. As such, the marginal return to increasing ones’
market share by increasing α is higher for firms that are already capital-intensive as they are
on a steeper segment of their markup curve. The difference in the intensity of the update
of firms’ technologies is hence magnified and α, market shares and markups disperse at a
faster rate. As the model unveils and the RCK declines secularly, the fanning-out of the
distribution of firms’ α, market shares and markups accelerates. In such a case, represented
by the "+ Endogenous Markups" (light-most bars) in Figure 4, the same qualitative pattern

distribution of the switching costs is the baseline one. A counterfactual exercise without markup endogeneity
and where only the distribution of switching costs generates the full dispersion in capital intensity will be
explored in the counterfactual section 5.
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materializes compared to the two other exercises but amplitudes are magnified further. This
time, the most capital-intensive firms see their market shares increase by an average of 15pp.

4.2 Markups
As firms’ market shares disperse in the model, so do markups. Here I show that this translates
into a rising aggregate markup by deriving three aggregation identities from the model, one
of which differs from the literature. The results are in line with the empirical estimates of
Appendix section A.5.2 that build on de Loecker et al. (2020).

Firms’ markups. Figure 5 plots the correspondence between the model-implied distri-
bution of firms’ capital intensity and firms’ markups at the beginning of the calibration, in
1980, and the end of the calibration, in 2019. These moments are generated from the fully-
fledged model on its baseline calibration. The change in the distribution of markups follows
that of market shares seen in the previous section: highly capital-intensive firms witness the
highest rise in markups while all firms strictly below the eighth decile see their markup fall.
Overall, between 1980 and 2019, the variance of firms’ markups increases by a factor of more
than 4.
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Figure 5: Markups dynamics per capital intensity decile.
Notes: This graph plots the change in markups between 1980 and 2019 associated with each decile of the distribution of firms’
capital intensity from the simulated baseline model. The "1980-baseline" distribution of firms’ markups corresponds to the
beginning of the model where the distribution of firms’ α is calibrated on the observed distribution of firms capital intensity
in 1980 and the RCK is set to its 1980 level. The "2019-baseline" distribution of firms’ markups corresponds to the end of the
model where the distribution of firms’ α is calibrated on the observed distribution of firms capital intensity in 2019 and the
RCK is set to its 2019 level.

Aggregate markup. The model implies three aggregation identities for the markup that
I derive in Appendix B.7.2. In this section, I focus on two: one that is the most widely used
in the literature and one that is new and corrects one sometimes used in the literature.
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If aggregate returns to scale are constant (which I prove in Appendix B.7.1), then one can
define an aggregate markup, Mt, over the aggregate marginal cost mct, s.t: pt = Mtmct.
This implies that aggregate profits can be written: πt = (1 − 1

Mt
)ptYt. From the market-

clearing condition on profits: πt =
1∫
0

N∑
i=0

πi,j,tdj, we get an aggregation formula common to
monopolistic (see Edmond et al. (2015)) and oligopolistic economies (see Grassi (2017)):

1
Mt

=
1∫

0

sj,t
N∑
i=0

si,j,t
µ(si,j,t)

dj (24)

The aggregate markup is the sales-share-weighted harmonic average of firm-level markups.
Notice that concentration of sales depresses the ratio of si,j to µ(si,j) due to the convexity
of µ in s, translating into a rising aggregate M (see Grassi (2017) for an analytical formula
linking the aggregate markup to the HHI index).

One can also derive an aggregation identity for markups using input weights that spells:

Mt =
∫ 1

0

N∑
i=0

Ii,j,t
It

ζI
t

ζI
i,j,t

µi,j,tdj (25)

For I ∈ {K,L} and where ζI denotes the cost share of input I.27 Here, the aggregate
markup is a weighted arithmetic average of firms’ markups where the weight is the product
of a firm’s input share times the inverse of the ratio of the firm’s cost share of input I to
the aggregate cost share of the same input. In models where firms’ heterogeneity has a
factor-neutral source, the aggregate markup can be written: Mt =

∫ 1
0

N∑
i=0

Ii,j,t
It µi,j,tdj where

I is any input. Intuitively, this does not hold in my framework since the choice of input
implies different weights, i.e: Ki,j,t

Kt
̸= Li,j,t

Lt
under heterogeneous α.28

These aggregation identities deliver an increase in the aggregate markup of 6.71 % between
1980 and 2019; from 1.26 to 1.35 which corresponds to half of the increase in the aggregate
markup implied by de Loecker et al. (2020).29

27For example, considering L, ζLi,j,t = (1 − αi,j,t)
(
Yi,j,t
Li,j,t

) 1−ψ
ψ

= wtLi,j,t
TCi,j,t

. At the firm level, the cost share

of input I and the output elasticity to input I coincide.
28In Desazars (2025), I show that supposing Mt =

∫ 1
0

N∑
i=0

Ii,j,t
It µi,j,tdj yields different results empirically

depending on the input under consideration.
29Note that had capital-intensive firms been smaller in 1980, their rising market share at the expense of

labor-intensive (bigger) firms would have depressed the markup. The minimum would have been reached
when the distribution of firms’ market shares converged to the uniform distribution, before picking up again.
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4.3 Micro and Aggregate Income Shares
In this section, I present the results of the model in terms of income shares and show that
they match the empirical regularities documented by Autor et al. (2020) and Kehrig and
Vincent (2021). The fall in the aggregate labor share is due to a reallocation from firms with
increasing labor shares towards firms with decreasing labor shares due to heterogeneous
updating of alpha. This fall in the labor share is mostly due to a rise in the profit share.

4.3.1 The Labor Share

While aggregate income shares can be directly retrieved from the simulated model, it is
useful to derive the analytics of their aggregation to decipher the different mechanisms at
play.

Firms’ labor share To do so, consider the spelling of a firm’s labor share. For a firm i
in sector j, the micro labor share in time t, λLi,j,t, writes:

λLi,j,t = wtLi,j,t
pi,j,tYi,j,t

= 1 − αi,j,t
µ(si,j,t)

(Yi,j,t
Li,j,t

) 1−ψ
ψ

(26)

The firm-level labor share depends on three components that are all control variables
of the firm.30 Because those three components react differently to a fall in the RCK, the
direction of firms’ labor share dynamics is ex-ante ambiguous. The different effects are the
following:

(i) A complementarity effect encapsulated in the component (Yi,j,t/Li,j,t)
1−ψ
ψ . Because

capital and labor are gross complements (ψ < 1), this component increases following a fall
in the RCK for every firm. I.e, the capital-to-labor ratio does not increase enough to offset
the decline in the RCK pushing firms’ labor share up.

(ii) A markup effect represented by µ(si,j,t). Capital-intensive firms see their markup
increase while labor-intensive firms see their markup decrease. The increase in the micro
labor share inherited from the complementarity effect is hence dampened (or reversed) for
capital-intensive firms while it is reinforced for labor-intensive firms.

(iii) A technology updating effect that changes αi,j,t. When the RCK declines, firms seek
to adjust their capital-biased productivity to be more exposed to the more abundant/cheaper
input. Capital-intensive firms increase their α more because the net return for such an invest-
ment is higher for them due to both advantageous switching costs and strategic interactions.
Because every firm chooses to increase its alpha, this puts downward pressure on the labor
share at the benefit of the capital share of every firm.

30In the Cobb-Douglas case, the firm level labor share boils down to: λLi,j,t−→
ψ→1

1−αi,j,t
µ(si,j,t) . This case can be

found in Kehrig and Vincent (2021) for example. In such a case, the level of α is different and coincides with
the variable ζK defined in empirical section 2, as it captures on its own the elasticity of output to capital,
that is, all the ex-RCK determining forces of capital intensity.
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Overall, consistently with Autor et al. (2020) and Kehrig and Vincent (2021), micro labor
share dynamics are heterogeneous across firms. To show this, I stick to the breakdown of
my distribution of firms in terms of deciles of capital intensity and plot the average labor
share change for all of these deciles in Figure 6.

2 4 6 8 10
Capital Intensity Decile

0.15

0.10

0.05

0.00

0.05

0.10

0.15
Av

er
ag

e 
 la

bo
r s

ha
re

Figure 6: Labor share dynamics per capital intensity decile.
Notes: This graph plots the average change in firms’ labor share between 1980 and 2019 given their decile of capital intensity
from the simulated baseline model. To obtain this result, firms are clustered into capital intensity deciles within their sectors.
The change corresponds to within-sector deciles’ labor shares in 2019 minus their labor shares in 1980. These changes are then
averaged within deciles.

Top capital-intensive firms see their labor share fall while labor-intensive firms witness a
rising labor share. This is because, for capital-intensive firms, the markup and technology
updating effects dominate, leading to a rise in profit and capital income shares and a decline
in the labor share. For labor-intensive firms, the complementarity and markup-loss effects
dominate, resulting in an increase in their labor share. Because labor-intensive firms are
more numerous than capital-intensive firms, when looking at the distribution of labor share
changes across the whole economy, the median labor share appears to increase by 2.11pp
while the unweighted arithmetic average labor share declines by 0.05pp.

Aggregate labor share. Defining λLt as the aggregate labor share, firms’ labor shares can
be aggregated as such:

λLt = wtLt
ptYt

=
1∫

0

sj,t
N∑
i=1

si,j,tλ
L
i,j,tdj (27)

The finite sum aggregates the firm-level labor shares into sectoral labor shares and is
the sales-weighted arithmetic average of firm-level labor shares. The integral proceeds from
the same logic as it computes the sales-weighted arithmetic mean of sectoral labor-shares.31

31Equations (26) and (27) are standard results detailed in Appendix B.7.
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Overall, in the baseline model, a change in the aggregate labor share results either from a
change in firm-level labor shares, from composition effects within or across sectors or from
the interaction between these separate phenomena.32

In the model, the aggregate labor share declines by 5.59pp, which corresponds to slightly
less than 70% of the actual decline of 8pp reported by the BLS. This aggregate fall is due to
the cross-dynamics of firms market shares, plotted in Figure 4, and firms labor shares, plotted
in Figure 6. To quantify how these cross-dynamics affect aggregate labor share dynamics, I
follow Kehrig and Vincent (2021) and turn to a shift-share decomposition with interaction
on equation (27). Denoting ∆X the difference X2019 −X1980 for any variable X, and X the
1980 value of variable X, one can decompose changes in the aggregate labor income share as
follows:

∆λ =
∫
sj
∑

si,j∆λi,j dj︸ ︷︷ ︸
Shift

+
∫
sj
∑

∆si,jλi,j dj︸ ︷︷ ︸
Share-firms

+
∫

∆sj
∑

si,jλi,j dj︸ ︷︷ ︸
Share-sectors

+
∫

∆sj
∑

∆si,jλi,j dj︸ ︷︷ ︸
Share-interaction

+
∫
sj
∑

∆si,j∆λi,j dj︸ ︷︷ ︸
Interaction-firms

+
∫

∆sj
∑

si,j∆λi,j dj︸ ︷︷ ︸
Interaction-sector&firm

+
∫

∆sj
∑

∆si,j∆λi,j dj︸ ︷︷ ︸
Triple interaction

(28)

Typically, the "Share-firms" component designates the effect of the change in firms’ market
share ceteris paribus. Instead, the "Interaction-firms" term represents how firms’ simultane-
ous changes in market share and in labor share affect the aggregate labor share. Finally,
the last term captures the composition of every change. Equation (28) can be directly used
on the data simulated by my model, which is balanced since there is no entry and exit in
the model.33 The result of the shift-share decomposition is displayed in Table 2. In the first
two columns, I report the decomposition of the change in the aggregate labor share implied
by my model for the aggregate economy and for manufacturing. I include manufacturing in
order to compare the model-implied moments to those of Kehrig and Vincent (2021) who
perform the same decomposition on the manufacturing firms of the Census.

Because the fall in the aggregate labor share is, both in the data and in the model, mostly
carried by the fall in the manufacturing labor share, the decomposition for manufacturing and
the aggregate are qualitatively similar. In the model, the total decline in the aggregate and
manufacturing labor shares are driven solely by one component and dampened by two others.
The leading component of the decline is the one outlined empirically by Kehrig and Vincent
(2021): the joint dynamics of firms’ market and labor shares. In other words, the decline of
the aggregate labor share is mainly driven by the reallocation of market shares from firms who
saw their labor share increase towards firms who saw their labor share decrease. In the model,

32Here, I have supposed only one sectoral nest, because, as we shall see, cross-sector reallocation is
negligible, but equation (27) can be generalized to as many sectoral layers as wanted.

33I don’t model entry and exit because, as shown by Autor et al. (2020), entry and exit play a negligible
role in the decline of the aggregate labor share.
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Model Kehrig and Vincent (2021)

Aggregate Manufacturing Manufacturing

Shift

Total Shift +1.24pp +2.35pp +3.5pp

Share
Share-firms +0.52pp +1.67pp
Share-sectors −0.05pp 0pp
Share-interaction +0.04pp 0pp

Total Share +0.51pp +1.67pp +2.9pp

Interaction
Interaction-firms −7.2pp −20.62pp
Interaction-sector&firm −0.04pp −0.13pp
Triple interaction −0.1pp −0.14pp

Total Interaction −7.34pp −20.89pp −26.4pp

Total −5.59pp −16.87pp −20pp

Table 2: Decomposition of the decline of the aggregate labor share: Model and Data.
Note: This table contains the results of the shift-share decomposition of the decline in the aggregate labor income share
presented in equation (28). The Model column corresponds to the data simulated from my model for the universe of all firms or
only manufacturing firms. The column Kehrig and Vincent (2021) contains the empirical decomposition made by these authors
on the manufacturing firms contained in the establishment-level CMF database of the US Census Bureau. Changes are changes
between 2019 values and 1980 values for the Model and 1982 and 2012 for Kehrig and Vincent (2021).

as shown in Figure 6, falling-labor-share firms are the most capital-intensive firms in their
sector for whom the markup and technology updating effects dominate the complementarity
effect. Crucially, and as outlined by Kehrig and Vincent (2021), reallocation alone actually
drives the labor share up when controlling for interaction (the share component). Similarly,
the sole changes in firm-level labor shares (the shift component) also takes the labor share
up. Note that in the model, there is negligible cross sectoral reallocation because sectoral
composition effects are impeached by a low elasticity of substitution of demand across sectors
(σ = 1.01).

4.3.2 Capital and Profit Shares

Because market shares, markups and technology are drivers of firms’ labor shares and are
endogenous to the RCK, whether the decline in the labor-share is driven by an increase in
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the aggregate capital or profit share is ex-ante ambiguous.34 Overall, in aggregate, a 5.59pp
decline in the labor share is passed to a 0.39pp increase in the capital share and a 5.20pp
increase in the profit share as shown in the first row of Table 3. For manufacturing, a fall of
16.87pp in the sectoral labor share is explained by a rise of 4.32pp in the capital share and
of 12.55pp in the profit share, as shown in the second row of Table 3.

Sector ∆ Labor share ∆ Capital share ∆ Profit share

Aggregate −5.59pp +0.39pp +5.20pp
Manufacturing −16.87pp +4.32pp +12.55pp

Table 3: Changes in aggregate income shares: Aggregate and Manufacturing.
Note: These results correspond to the data simulated from my model for the universe of all firms or only manufacturing firms.

The rise in the aggregate capital share is small, because it is affected by two counterfeiting
forces. On the downward pressure side; first, capital and labor are complementary, therefore
a decline in the RCK takes the firm-level capital share down. Second, capital-intensive firms
have structurally the highest capital shares but see their profit shares rise, taking down their
capital shares. On the upward pressure side; First, reallocation towards capital-intensive
firms implies reallocation towards high capital-share firms. Second, endogenous choice of
alpha leads every firm to become more capital intensive yielding a generalized rise in capital
shares. The two main drivers for the capital share are the complementarity effect and the
endogenous alpha updating effects which results in the relative stability of the capital share.35

For manufacturing, the updating of α is more aggressive for top-firms, consistently with the
stylized fact presented in Figure 2, and reallocation is stronger, consistently with the stylized
fact presented in Figure 3. This yields a more pronounced increase in the capital share.

For both the aggregate and manufacturing, the fall in the labor share is therefore mostly
due to a rise in the profit share. Firms that update their technology the most gain market
shares and build markups, pushing up the aggregate markup and down the aggregate labor
share.36 Heterogeneous ability of firms to update their α therefore allows to account for

34Note that this is not true if the driver of the decline in the labor share is factor-neutral, i.e if it does
not affect capital intensity. This is typically the case in a model that would study the effect of heterogeneous
TFP growth or changing competition intensity on the labor share. In such a case, only a rise in the profit
share can generate a fall in the labor share. Conversely, a model of automation without endogenous markups
would only let changes in the capital share explain changes in the labor share.

35To see this, in a counterfactual exercise in Appendix B.9.3, I simulate a model where the distribution of
α is the same for every period (I calibrate it to the one prevailing in 1980). In this case, the domination of the
complementarity effect is clear as the labor share increases while the capital share plunges. The increase in the
capital share in the baseline model with technological updating hence results from introducing endogenous
α adjustments. This is consistent with Oberfield and Raval (2021) who show that aggregate elasticity of
substitution between capital and labor is a convex combination of firm-level elasticity of substitution between
capital and labor and reallocation. They estimate that firm-level elasticity of substitution between capital
and labor is below 1 and confirm the finding of Antras (2004) that reallocation is not big enough to make
capital and labor substitutes in the aggregate. In my baseline model, this is overcome by the fact that firms
can update their α.

36Note that the profit share is the accounting profit share, that gathers both pure economic profits and
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an important potion of the fall in the aggregate labor share while respecting the empirical
regularities detailed by Autor et al. (2020) and Kehrig and Vincent (2021). Similarly to
Rognlie (2015) and unlike Barkai (2020), the model predicts a stable capital share. The
difference between this calibration and Barkai’s is that the model does not include the fall
in the interest rate. I discuss this case as an extension in the last section of the paper.

The predictions of the baseline model can be interpreted as a basic synthesis of the debate
regarding the labor share. Among the many possible drivers of the decline in the aggregate
labor share, two main arguments have been traditionally opposed: capital-deepening, which
implies a rising capital share, or rising markups, which posit a rising profit share. My model
implies that both channels play together as capital intensity microfounds markups. This
joint mechanism matters quantitatively for the aggregate capital-to-labor ratio: a capital-
only account requires an unrealistically large surge in the aggregate capital-to-labor ratio,
whereas a profits-only account implies a mild rise in the aggregate capital-to-labor ratio. I
discuss this comparison in Appendix B.8.2.

4.4 Capital misallocation and the Investment gap
The model implies that firms have dispersed marginal returns to the productivity of capital
(MRPK), that is, in the words of Restuccia and Rogerson (2008) and Hsieh and Klenow
(2009) that capital is "misallocated". Given its technology (i.e its α), a firm’s marginal return
to the productivity of capital can be written:

MRPKi,j,t = µ(si,j,t)rKt
Since input prices are supposed homogeneous in the model, the implied distribution of

MRPKi,j,t coincides exactly with that of markups reported in Figure 5, as in Baqaee and
Farhi (2020) or Edmond et al. (2023). As markups disperse along time, so do MRPKs,
implying higher capital misallocation, in line with David and Venkateswaran (2019) and
Andrei, Mann, and Moyen (2019).

Rising dispersion in firms’ MRPKs in turn affect the aggregate efficiency of the economy.
In appendix B.7.4, I show that, even if firms have heterogeneous output elasticity to capital,
one can obtain an aggregate MRPK that reads:

MRPKt =

 1∫
0

sj,t
N∑
i=1

si,j,t
MRPKi,j,t

dj

−1

(29)

That is, the aggregate marginal return to the productivity of capital is the inverse
of the sales-weighted harmonic average of firms’ MRPKi,j,t. This result implies that:

sunk costs. In Appendix B.8, Figure B.4, I plot the evolution of the share of sunk costs in accounting profits
per capital intensity deciles. For top and bottom firms, the share of sunk costs decreases. For top firms
this comes from comparative growth between accounting profits that are taken up by convex markups while
the sunk cost is linear. For the bottom firms, it results from the fact that they increase their alpha less as
market shares disperse because the marginal return to updating falls.
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MRPKt/r
K
t = Mt. In other words, as the aggregate markup rises, the aggregate econ-

omy is pushed away from its efficient frontier defined by: MRPKt = rKt .
This aggregation result relates to the empirical finding documented in Abel et al. (1989),

Gomme et al. (2011) Gutiérrez and Philippon (2016), and Philippon (2019) who show that
the Net Operating Return to Capital (NORK), that is defined as the ratio between net
operating profits and capital expenditures, has been rising with time. This fact is often
referred to as a growing "investment gap" as a rising NORK proxies a rising marginal
Tobin’s q. In the model, this ratio is simply the ratio between accounting profits and capital
expenditures and relates to firm-level NORK in the following manner:

NORKt =
1∫

0

N∑
i=1

NORKi,j,t
Ki,j,t

Kt

dj (30)

The aggregate Net Operating Return to Capital is the capital-stock-weighted arithmetic
mean of firms’ NORK. In the model, it rises for two reasons. First, larger firms charge
higher markups, implying a rise in large firms’ NORKi,j,t. Second, larger firms are also
more capital-intensive, implying a high capital weight Ki,j,t/Kt. The covariance between the
rise of NORKi,j,t and Ki,j,t/Kt for large firms is what drives the aggregate NORKt in the
model to increase by 17.9% between 1980 and 2019, roughly a third of the total rise of 50%
documented by Gutiérrez and Philippon (2016).

Importantly, in the absence of markups, the model would imply no capital misallocation
and no growing investment gap as firms and the aggregate economy would persistently be
on their efficient frontier.

4.5 Sales and Employment Shares
In the model, large firms grow through capital, leading their output, capital, and employment
to grow at different rates. This connects to the stylized fact documented by Autor et al.
(2020), Kwon et al. (2024) and Ma et al. (2024): in the aggregate, the sales share of the largest
firms has outgrown their employment share (employment of large firms to total employment).
Precisely, Autor et al. (2020) focus on firms within 4D sectors in the US between 1982 and
2012 using Census data. Kwon et al. (2024) document rising assets, receipts, net income
and equity concentration for corporations in the US across various granularity levels using
SOI data between 1918 and 2018. Ma et al. (2024) expand to scope of their analysis to
developed economies and add employment as a measure of concentration.37 In the model,
the relationship between the employment share λEMP

i,j,t = Li,j,t/Lj,t and the sales share si,j,t
of a firm i in sector j at time t can be written (see Appendix B.7.5 for derivations):

37Kwon et al. (2024) also includes employment concentration for the US in the Appendix. Ma et al.
(2024) also include the US in the employment concentration section of their paper.
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si,j,t = µ(si,j,t)
Mj,t

ζLj,t
ζLi,j,t︸ ︷︷ ︸

ϱi,j,t

λEMP
i,j,t (31)

Where ζLi,j,t is the output elasticity to labor of firm i equal to its cost share of labor
and Mj,t is the aggregate markup of sector j. The sales share of a firm is proportional to
its employment share with a proportion coefficient: ϱi,j,t. For the ratio of sales share to
employment share to rise, it must be that ϱi,j,t increases for the largest firms.

In the baseline model an increase in si,j,t is due to a firm increasing its output elasticity
to capital (1 − ζLi,j,t) more than its competitors, or than the sectoral aggregate (1 − ζLj,t), that
is, precisely, to an increase in the ratio: ζLj,t/ζLi,j,t. Furthermore, as si,j,t increases, a firm’s
markup increases as well compared to the aggregate markup, that is the ratio µ(si,j,t)/Mj,t

increases. The co-variance of the two ratios is what drives the sharp rise in ϱi,j,t between
1980 and 2019 in the model for the largest firms. Intuitively, as firms increase their output
elasticity to capital, their demand for workers per unit of output decreases. In Figure 7, I
plot the evolution ϱi, the ratio of the sales and employment share, for the 1% largest firms
implied by the model and obtained from the Compustat data.

1980 1990 2000 2010 2020

1.00

1.05

1.10

1.15

1.20

P9
9

Model
Data

Figure 7: Ratio of sales to employment concentration for top 1% firms: Model vs. Data.
Note: This figure plots the ratio between the sales share and the employment share of the 1% largest firms each year in the
model and in Compustat. In both case, the measure of a firm’s size is its total sales consistently. In the model, the series is
obtained by looking at the 1% firms with largest sales across the whole economy and computing the ratio of their total sales
and total employment share. In Compustat, the series is obtained in the same manner: by dividing the total sales share of the
1% biggest sellers with their employment share. Both series are normalized so that their starting value in 1980 is 1.

In the aggregate, the model seems to represent well the divergence in sales and employment
concentration despite a final value slightly higher for the model (1.16) than for the data
(1.13). Note, however, that the model is off in terms of levels. Indeed, for comparison, I
have normalized the series to one in 1980. Without this normalization, the initial level in
the model is 1.17 while it is 1.09 in the data. In Appendix B.8, I look at different measures
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of sales and employment concentration in the model and compare them to the empirical
findings of Autor et al. (2020), Kwon et al. (2024), and Ma et al. (2024).

5 Counterfactual and Extension
In this section, I look at 4 counterfactual exercises and 2 extensions and compare their im-
plied moments to my baseline’s. For the counterfactual, I first look at a case where firms are
atomistic and hence markups are exogenous. Second, I suppose that firms share the same
switching cost of technology. Third, I calibrate the model so as to have a stationary distribu-
tion of α along time. Fourth, I compare my baseline model to a model where heterogeneity
is factor-neutral and located in TFP. For the extensions, I first build a model where firms
are heterogeneous in both capital intensity and TFP and finally augment my model with a
fall in the interest rate. Details of those models are located in Appendix B.9 and B.10.

5.1 Counterfactual
Monopolistic competition. In section B.9.1, I compare my baseline model to a version
of the model without markup endogeneity. That is, I suppose that a continuum of atomistic
firms compete monopolistically within sectors. In such a case, heterogeneity in firms’ switch-
ing cost is the only driver of the heterogeneity in α. This model results is a milder decline of
the labor share: −1.15pp explained fully by a symmetric rise in the aggregate capital share.
The small amplitude of this decline is a simple corollary to the result of Appendix section
B.8.2 where I showed that the necessary increase in capital intensity to reach a fall of 5.59pp
in the labor share in a case where markups are fixed is counterfactually high. Because the
profit share is flat while the capital share rises, the investment gap tightens. In this counter-
factual economy, the rise in the sales-to-employment share of top firms is qualitatively in line
with the data as top firms’ output elasticity to labor drops below the economy’s aggregate.

Homogeneous switching cost. In this counterfactual exercise, I compare the predicted
moments of my baseline model to a version where all firms face the same cost of adapting
their production function. To do so, I only change my baseline calibration by supposing
that all firms face the same φ; implying that the supply-side of the model collapses to a
representative firm. I do two sub-exercises: in the first one, I set φ to the average of the one
estimated for the calibration in section 3.3, in the second one, I calibrate φ such that the
representative firm’s α grows by 99.16%, the growth rate of the average firm’s α. Results
from these two exercises are reported in Table B.3 and B.4. The key difference with the
baseline model is that since firms are symmetric and can be aggregated to a representative
firm, there is no dispersion in market shares and markups. As such, the aggregate labor
share follows the median labor share and rises as the complementarity effect dominates and
the profit share is stable. I also discuss the growth decomposition of the baseline and of this
counterfactual in this section.
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Stationary distribution of α. In section B.9.3, I simulate my model on a stationary
distribution of α to show that its updating is key to match some critical moments. Results
are visible in Table B.5. Shutting-down endogenous updating of α prevents the widening
of the distribution of α, and hence of market shares and markups. This tames almost all
results quantitatively and reverses a few qualitatively. Markups’ dispersion still increase but
by a third of the baseline amplitude, leading to a 1.6% increase in the aggregate markup.
This pushes the profit share up by 1.28pp, leaving the labor share on an upward trajectory
and the capital share on a downward one. This increases the NORK and makes the ratio
between sales to employment concentration negligibly different from one.

Heterogeneous α vs. Heterogeneous TFP. Here, I compare my model to a "classic"
Atkeson and Burstein (2008) where firm dynamics are driven by TFP. α is homogeneous and
set to 0.12 (the average α in 1980), but firms feature heterogeneous Total Factor Productivity.
I calibrate firms’ TFP with estimates of TFPR calculated with equation (35) in Appendix
A.5.1. This measure is the Solow residual of firms’ production function when ψ and α are
supposed fixed across firms and time38. The rest of the calibration is unchanged. I simulate
the model under this calibration and report the resulting changes in the main moments in
Table B.6 of section B.9 together with the baseline.

With heterogeneous TFP, the key predictions of the model are a huge surge in the markup
and an almost equally huge fall in the capital share. Because α is homogeneous and exoge-
nous, the capital share of every firm drops due to complementarity between capital and labor.
The surge in the profit share hence only eats up 1.17pp of the labor share, implying that
only an unrealistic rise in markups can deliver the full decline in the labor share. Equally
unrealistic is the surge in the Net Operating Return to Capital that is multiplied by almost
five. This extreme increase is driven by the amplified rise in profits together with the sharp
fall of the capital share (recall that NORKi,j,t = λπi,j,t/λ

K
i,j,t). Finally the change in the ratio

between the sales and the employment share of the biggest firms is compressed because,
as discussed in section 4.5, the proportionality coefficient between sales and employment is
much less dampened when firms have homogeneous output elasticity to labor.

5.2 Extensions
Heterogeneous α and Heterogeneous TFP. In this extension, I add to the baseline
model a factor-neutral layer of heterogeneity at the firm level in the form of total factor
productivity (TFP). Intuitively, this matters because some highly labor-intensive firms might
display high and growing TFP, countering the reallocation effects resulting from my baseline
model. It might also be that capital-intensive firms display high TFP, potentially amplifying
the baseline results. To do so, I stick to the calibration of the baseline model with the

38This measure isn’t Total Factor Productivity for two reasons. First, I do not possess quantity data and
hence output is proxied by sales. Second, I have factorized all source of non-homotheticity in the log-linear
term of the production function. I abuse language by calling it TFP for the rest of this section for coherence
with the related literature.
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addition of firm-specific TFP this time estimated using the Solow residual equation (35) in
section A.5.1 but under the heterogeneous α case. For each sector, I construct a bivariate
kernel density estimate of the joint distribution of firm-level TFP and α per sector from
which each 10 firm in each 100 sector draws a pair. The resulting changes in our moments
of interest are reported in Table B.7 in Appendix B.10.

Adding the heterogeneous TFP dimension has three principal effects. First it introduces
dispersion in sectors that have little relative variance in capital intensity (Trade and Service-
related sectors in particular). Second, it amplifies the dominant position of some firms who
have both high TFP and high capital intensity. Because TFP is calibrated with TFPR, which
captures non-homothetic terms, this could suggest possibly no scale invariance, consistently
with a "scaling without mass" phenomenon. Third, it restores the greatness of some firms
that are big despite being labor-intensive. The net effect of integrating heterogeneous TFP
is hence ex-ante ambiguous for almost all our variables. The aggregate markup happens to
grow more than twice as fast as in the baseline. This leads to a decline of the aggregate labor
share of 7.22pp, close to its entire actual decline. The capital share also suffers from the jump
in the profit share and declines as well. The Net Operating Return to Capital increases by
56.92%, close to the total estimate reported by Gutiérrez and Philippon (2016). Finally the
sales to employment share of the biggest firms rises by 4.66% in average (compared to 10%
in the baseline) because non-capital-intensive sectors feature concentration as well without
large growth through capital. For this exercise, I also look at the evolution of market and
employment shares for different degrees of granularity and report my results in Table B.8
of Appendix B.10. Unlike for the baseline model, the model now undershoots empirical
estimates but does much better at replicating concentration measures for other sectors than
manufacturing.

Falling interest rates. In the baseline model, I have followed a part of the literature
and supposed that the interest rate paid by firms is fixed (Fisher, 2015; Campbell, Fisher,
Justiniano, and Melosi, 2017; Farhi and Gourio, 2018). Yet, a fall in the required return
to capital would further amplify the fall in the RCK and hence matter for my results. In
Appendix B.10.2, I extend my model to include a fall in the interest rate calibrated on the
estimates of Barkai (2020) by supposing that households become increasingly patient (rising
β) following Laubach and Williams (2003), Mian, Straub, and Sufi (2021) or Favero, Krgović,
Melone, and Tamoni (2021). Practically, this implies adding a moment to my calibration
as well as re-estimating the distribution of firms’ α. From the estimation, the average α
rises less, because the fall in the RCK is steeper. Firms’ estimated switching costs are hence
shifted upwards. Yet, all results are similar qualitatively and in magnitude, except for the
capital share which, consistently with Barkai (2020), declines.
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6 Conclusion
This paper suggests that firm outcomes hinge on how effectively they adopt increasingly

productive capital goods. This translates into firms using technologies with different capital
intensities and into capital intensity to be a determinant of firms’ market shares. I formalize
this in a general-equilibrium model with oligopolistic competition in which firms update
their output elasticity to capital; heterogeneity arises from differences in adoption capability
and is amplified by strategic interactions. Calibrated to U.S. public firms, the framework
jointly accounts for four trends: rising dispersion in markups resulting in a rising aggregate
markup; a decline in the aggregate labor share driven by reallocation toward capital-intensive
firms; greater capital misallocation and a wider aggregate investment gap; and a divergence
between large firms’ sales and employment shares.

However, the model is mute about the feedback from firms’ capacity to adopt innovative
capital goods towards capital-embodied technical change. Firms’ adoption capacity might
incentivize capital-goods producers to invest in innovation and hence explain the direction of
technical change towards capital goods (Gordon, 1990; Cummins and Violante, 2002; Jones
and Liu, 2024). Such a reality could make policies targeted at encouraging adoption an
efficient tool to foster growth.

A necessary condition to design such policies would be to understand what restrains
firms from adoption. In this paper, I show that there are two possible causes: imperfect
competition and firms’ intrinsic capabilities. The role of imperfect competition is ambivalent
as markups act as an incentive for pioneer adopters (as in Aghion and Howitt (1992) for
pioneer innovators) but also confer market power to the biggest players who might use
it to build "defensive positions" (as suggested by Eeckhout (2022)). On the other hand,
firms’ intrinsic differences in their capacity to adopt efficient capital goods might stem from
managerial qualities (Bresnahan et al., 2002; Bloom et al., 2012), difficulties to reorganize
production (Chari and Hopenhayn, 1991; Aghion and Tirole, 1997) or simply a lack of
information or understanding about the availability of efficient capital goods.

The model could also speak to puzzling international differences such as the diverging
growth rate between Europe and the U.S. that coincides with a divergence in the growth
rate of their respective capital intensity. Are Americans only better at producing innovation
or are they also better at integrating and adopting it? Similarly, the puzzling reallocation of
savings from high-MPK to low-MPK countries (Lucas, 1990; Caselli and Feyrer, 2007) might
be biased by omitting that an economy’s MPK scales with the capital intensity of its firms.

Finally, I also hope that this paper can modestly participate to reflections about the
implications of ongoing technological transformations. If the advent of AI and Data magnifies
heterogeneous capital intensity, the aggregate labor share ought to keep on declining. In such
a case, what will happen to the vast majority of people who rely mostly on labor income
to live? Will retail investing expose their income to capital and profit shares or should we
encourage, as hypothesized by Karabarbounis (2024), universal dividends?
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Appendix

A Empirics

A.1 Data
Compustat Firm-level variables are obtained from Compustat, which includes balance
sheet and income statement data for all publicly listed firms in the U.S. The sample period
is 1980 to 2019. My empirical variables are constructed as follows:

Sales (pY ) measured as "Sales/Turnover - Total" in Compustat.
Capital (K) is the total capital stock. It is measured by summing the stocks of tangible

capital ("Property, Plant and Equipment - Total (Gross)") and intangible capital ("Intangible
Assets - Total").

Labor (L) is measured with "Employees" . In robustness tests "Cost of Goods Sold"
(COGS) and "Selling, General and Administrative expenses" (SGA) are used as alternatives.

A.2 Additional evidence
In this section I provide additional evidence to which I refer to in the main text.

A.2.1 Capital intensity: aggregate and distribution

Aggregate. Figure A.1 shows four measures of aggregate capital intensity: with and with-
out intangibles. With employees or COGS as a denominator.

Dispersion. Figure A.2 displays percentiles of the distribution of firms’ capital intensity
(capital-to-labor ratio) for 3 2D NAICS sectors.

I build two measures of dispersion of capital intensity; one across sectors and one within
sectors. I report these measures in Table A.1. To estimate dispersion of capital intensity
across sectors, I calculate the average capital intensity of each sector and take the standard
deviation across those sectoral averages. This measure is reported in the third row of Table
A.1. In column 1, I report the measure for a 2D NAICS sector granularity for 1980. In
column 2, I report results for 2019. Columns 3 and 4 proceed of the same logic at the 4D
NAICS sector granularity. In row 4, I reverse my moments, that is I compute the average
across sectors of the standard deviations of firms’ capital-to-labor ratio within their sectors.
This measure captures dispersion in K/L within sectors. Comparing line 3 with line 4
shows that within sector heterogeneity in capital intensity is big no matter the granularity
degree. Mechanically, because 4D sectors are more numerous than 2D sectors, the cross-
sector standard deviation is higher for 4D sectors than for 2D while the inverse is true for
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Figure A.1: Measures of Aggregate capital intensity.
Note: Source is Compustat. Sample is 1980-2019. PPE stands for "Property Plant and Equipment", L for "Employees", INT
for "Intangible Assets - Total" and COGS for "Cost of Goods Sold". EMP is expressed in number of Employees, PPE, INT and
COGS are expressed in 100’000s of 2000 dollars.
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Figure A.2: Percentiles of the Distribution of firms’ capital intensity for 3 biggest 2D sectors
Note: Source is Compustat. Sample is 1980-2019. Measure of Capital intensity is (PPE + INT)/EMP. PPE stands for
"Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total". EMP is expressed in number
of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top decile of the distribution of capital
intensity. Manufacturing gathers 2-digit NAICS sectors 31, 32 and 33. Trade is Wholesale (code 42) and Retail (code 44-45).
Services gathers Professional, Scientific and Technical services (code 54), Management of Companies and Enterprises (code 55),
Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts, Entertainment and Recreation (code
71).

the within-sector std. In lines 5 and 6 I switch standard deviation for inter-quartile range
to show that heterogeneity is not carried solely by a handful of firms but that, as suggested
by Figure 1, firms located in the upper tail of the distribution seem to be heavy drivers of
the rise in the aggregate capital-to-labor ratio. In the earlier years, only a small fraction
of 4D sectors count more than 10 observations. This, together with the fact that my cost
data for inputs is observed at the 2D level of granularity, makes me focus on the 2D level
for the rest of the main text while measures at thinner levels of granularity are reported in
the Appendix.
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K/L 2D Sectors 4D Sectors

Year 1980 2019 1980 2019

Average 1.27 11.05 1.1 11.21

Std across sectors 1.4 17.7 1.8 30.9

Std within sector 1.3 31.5 1.0 18.5

Inter-quartile range across sectors 0.6 2.7 0.3 3.6

Inter-quartile range within sector 1 5.5 0.7 8.3

Number of Sectors 16 16 27 76

Table A.1: Descriptive statistics of the distribution of capital intensity
Note: Source is Compustat. Measure of capital intensity is (PPE + INT)/L. PPE stands for "Property, Plant and Capital
(Gross)" and measures physical capital while INT stands for "Intangible Assets" and measures intangible capital. EMP is
"Employees" and is the count of employees. Sectors are NAICS. Units are 100’000s of 2000 dollars per employee. Sectors with
less than 10 observations are dropped.

A.2.2 Output elasticity to capital and share of capital in production: ζ and α

Figure A.3 displays percentiles of the distribution of firms’ output elasticity to capital of 2D
sectors not displayed in the main text.

Figure A.4 displays percentiles of the distribution of firms’ output elasticity to capital
within the 9 biggest 4D sectors within Manufacturing.

Figure A.5 plots some moments of the distribution of firms’ α for the aggregate (pub-
lic) economy. Panel (a) refers to the case where capital and labor are complements while
panel (b) is the case where they are substitutes (in the Cobb-Douglas case, α and ζ coincide).

Figure A.6 plots some moments of the distribution of firms’ α for manufacturing, trade
and services for the baseline case where capital and labor are complements.
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Figure A.3: Percentiles of the Distribution of firms’ output elasticity to capital by 2-digit
NAICS sector
Note: Source is Compustat. Sample is 1980-2019. Measure of Capital intensity is (PPE + INT)/EMP. PPE stands for
"Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total". EMP is expressed in number
of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top decile of the distribution of
capital intensity. Agriculture is 2-digit NAICS sectors 11. Mining, Quarrying, Oil and Gas Extraction is code 21. Utilities &
Transportation is codes 22, 48 and 49. Construction is code 23. Information is code 51. Finance and Insurance is code 52.

Estimating α. Suppose that firms produce using the CES production function (2), the
identity for capital intensity (1) becomes:

Ki,t

Li,t
=
(

αi,t
1 − αi,t

wt
rKt

)ψ
Isolating for alpha, this gives:

αi,t =
rKt K

1
ψ

i,t

wtL
1
ψ

i,t + rKt K
1
ψ

i,t

(32)

Which in the Cobb-Douglas limit converges to the cost share of capital ζKi,t. In Figure A.5,
I display some percentiles of the distribution of firms’ α across years obtained using equation
(32). In panel (a), I plot my baseline where ψ is set to a usual value in the literature: 0.5. In
panel (b) I plot a case where capital and labor are substitutes with ψ = 1.5 (for an estimate
of ψ for the aggregate economy, see Antras (2004). For an estimation at the firm-level for
manufacturing and a proposed aggregation method, see Oberfield and Raval (2021). For a
more complete review on studies that estimate ψ, see Rognlie (2015)).

54



1980 1990 2000 2010 2020
0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(a) Motor Vehicle
1980 1990 2000 2010 2020

0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(b) Computer
1980 1990 2000 2010 2020

0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(c) Pharmaceutical

1980 1990 2000 2010 2020
0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(d) Navigation & Control
1980 1990 2000 2010 2020

0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(e) General Machinery
1980 1990 2000 2010 2020

0.0

0.1

0.2

0.3

0.4

0.5

K

P90
P75
Median
P10

(f) Electrical Equipment

Figure A.4: Percentiles of the Distribution of firms’ output elasticity to capital by 4-digit
NAICS sectors within Manufacturing
Note: Source is Compustat. Sample is 1980-2019. Measure of Capital intensity is (PPE + INT)/EMP. PPE stands for
"Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total". EMP is expressed in number
of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top decile of the distribution of capital
intensity. Motor Vehicle is 4-digit NAICS sectors 3361. Computers is code 3341. Pharmaceutical is codes 3254. Navigation is
code 3345. General Purpose Machinery is code 3339. Electrical Equipment is 3359.

In the baseline case where ψ = 0.5, similarly to the distribution of firms’ capital-to-labor
ratio depicted in Figure 1, the distribution of firms’ alpha is non-stationary; both the mean
and the variance increase with time. The magnitude of these increase is higher than that
of the output elasticity to capital depicted in 2 because heterogeneity in capital intensity is
augmented by the geometric weight 1

ψ
= 2. Conversely, in the substitutes case, heterogeneity

in capital intensity is dampened and the average and variance of α increase less. In Figure
A.6, I plot some percentiles of the distribution of firms’ α across years obtained using equation
(32) for manufacturing, trade and services when ψ = 0.5.
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Figure A.5: Moments of the distribution of alpha conditional on ψ
Note: Source is Compustat. Sample is 1980-2019. Moments from the distribution implied by the estimation using equation
(32) on Compustat firms. Measure of Capital is (PPE + INT). PPE stands for "Property Plant and Equipment", EMP for
"Employees" and INT for "Intangible Assets - Total". Measure of Labor is EMP: number of Employees, PPE and INT are
expressed in 100’000s of 2000 dollars. P90 is the 90th percentile.
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Figure A.6: Percentiles of the Distribution of firms’ α for 3 biggest 2D sectors
Note: Source is Compustat. Sample is 1980-2019. α is measured using equation (32) for ψ = 0.5. Measure of Capital is
(PPE + INT). PPE stands for "Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total".
Measure of Labor is EMP: number of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top
decile of the distribution of capital intensity. Manufacturing gathers 2-digit NAICS sectors 31, 32 and 33. Trade is Wholesale
(code 42) and Retail (code 44-45). Services gathers Professional, Scientific and Technical services (code 54), Management of
Companies and Enterprises (code 55), Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts,
Entertainment and Recreation (code 71).

A.2.3 Capital intensity and market shares

Figure A.7 shows the capital intensity of the 5% biggest firms by sales and compares it to
the capital intensity of the whole economy and of the median firm.

Figure A.8 shows the market share of each decile of the distribution of capital intensity
within the aggregate, trade and services.

Figure A.9 "zooms-in" Figure 3 and plots the evolution of the market share of percentiles:
P90, P95 and P99 of the distribution of capital intensity within manufacturing.
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Figure A.10 plots the 5-year persistence rate of firms located in the 90th, 95th and 99th
percentile of the capital intensity distribution within manufacturing. The persistence rate is
conditional on the number of firms present in both year Y and year Y-5.

1980 1990 2000 2010 2020

1

2

3

4

K/
L

P95 by sales
Aggregate
P50 by sales

Figure A.7: Capital intensity: biggest firms, aggregate, median firm.
Note: Source is Compustat. Sample is 1980-2019. PPE stands for "Property Plant and Equipment", L for "Employees" and
INT for "Intangible Assets - Total". EMP is expressed in number of Employees, PPE and INT are expressed in 100’000s of
2000 dollars. Biggest firms are 5% highest sales.

2 4 6 8 10
Capital Intensity Decile

0.025

0.050

0.075

0.100

0.125

0.150

0.175

Re
la

tiv
e 

Si
ze

1980
2019

(a) Aggregate

2 4 6 8 10
Capital Intensity Decile

0.05

0.10

0.15

0.20

Re
la

tiv
e 

Si
ze

1980
2019

(b) Trade

2 4 6 8 10
Capital Intensity Decile

0.0

0.2

0.4

0.6

Re
la

tiv
e 

Si
ze

1980
2019

(c) Services

Figure A.8: Correspondence between capital intensity decile and market shares.
Note: Source is Compustat. Sample is 1980-2019. Measure of Capital intensity is (PPE + INT)/EMP. PPE stands for
"Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total". EMP is expressed in number
of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top decile of the distribution of capital
intensity. Relative size is sales of the decile nest over total sales of the sectoral aggregate. For example, the denominator of
relative size in the aggregate is total sales across all sectors while for Trade it is sales in the Trade sector only. Trade is Wholesale
(code 42) and Retail (code 44-45). Services gathers Professional, Scientific and Technical services (code 54), Management of
Companies and Enterprises (code 55), Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts,
Entertainment and Recreation (code 71).
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Figure A.9: Evolution of relative size of top percentiles of the capital intensity distribution
of manufacturing.
Note: Source is Compustat. Sample is 1980-2019. Manufacturing is 2D NAICS sectors 31, 32 and 33. Measure of Capital
intensity is (PPE + INT)/EMP. PPE stands for "Property Plant and Equipment", EMP for "Employees" and INT for "Intangible
Assets - Total". EMP is expressed in number of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates
to the top decile of the distribution of capital intensity. Relative size are sales over total sales.
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Figure A.10: Persistence rate of top percentiles of the distribution capital intensity in man-
ufacturing.
Note: Source is Compustat. Sample is 1980-2019. Manufacturing is 2D NAICS sectors 31, 32 and 33. Measure of Capital
intensity is (PPE + INT)/EMP. PPE stands for "Property Plant and Equipment", EMP for "Employees" and INT for "Intangible
Assets - Total". EMP is expressed in number of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates
to the top decile of the distribution of capital intensity. Persistence rate is defined as the number of firms that belong to PX in
year Y which also belonged to PX is year Y-5 divided by the total number of firms listed in both year Y and Y-5 that belong
in PX is year Y.
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A.3 Other stylized facts
In this section, I present additional stylized facts mentioned in the paper.

A.3.1 Capital intensity and firms’ labor shares

In this section, I look into the joint distribution of labor shares and capital intensity in the
cross section. The measure for a firm’s labor share is cost of goods sold divided by sales.
Figure A.11 plots the average of the distribution of firms’ labor share within each decile of
capital intensity for the beginning (1980) and end (2019) of my sample.
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Figure A.11: Average labor share per capital intensity decile: 1980 and 2019
Note: Source is Compustat. Sample is 1980-2019. Measure of Capital intensity is (PPE + INT)/EMP. PPE stands for
"Property Plant and Equipment", EMP for "Employees" and INT for "Intangible Assets - Total". EMP is expressed in number
of Employees, PPE and INT are expressed in 100’000s of 2000 dollars. P90 relates to the top decile of the distribution of capital
intensity. A firm’s labor share is its cost of goods sold over its sales. Average is taken within each yearly decile of capital
intensity.

A.3.2 The fall in the Relative Cost of Capital

The rise in aggregate capital intensity has been shown to be due to the decline in the relative
cost of capital (RCK)39. The relative cost of capital is most often defined as the ratio between
the cost of capital goods to the cost of consumption goods or the cost of labor. It has declined
for two reasons. First, capital good producers have seen their productivity increase more
than that of consumption good producers. Second, when adjusting for quality, the decline
is even more salient as the quality of capital goods has been increasing faster than that of
consumption goods. The decline in the RCK is hence the result of capital good producers

39See for example: Greenwood et al. (1997), Greenwood et al. (2000), Fisher (2006), Primiceri (2006),
Gourio and Kashyap (2007), Gourio and Klier (2015), Karabarbounis and Neiman (2014), Jones and Liu
(2024),Dechezleprêtre et al. (2025), Hartley et al. (2025).
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producing more efficiently goods of higher quality. The path of the RCK is plotted in Figure
A.12, the construction of the measure is reported in the Data section 2.1. In previous
models, where firms are homogeneous, this translates into all firms adopting equally those
new vintages of capital goods hence pushing up their capital intensity symmetrically.
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Figure A.12: Declining relative cost of capital
Note: Source is BEA. Sample is 1980-2019. Constant-quality cost of capital is current-cost investment in fixed assets divided by
quantity index investment in fixed assets from Fixed Asset tables. Cost of labor is wages and salaries per full-time equivalent
employee by industry from NIPA tables.

A.4 Robustness
In this section, I report the robustness exercises related to the empirical section of the main
text.

A.4.1 Alternative measure of firms’ capital intensity

Figure A.13 plots percentiles of the distribution of firms’ capital intensity where the denom-
inator of the measure of capital intensity is cost of goods sold instead of employees in the
main text.
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Figure A.13: Percentiles of the distribution of firms’ capital intensity: robustness with
COGS.
Note: Source is Compustat. Sample is 1980-2019. Measure is (PPE+INT)/COGS. PPE stands for "Property, Plant and Capital
(Gross)" and measures physical capital while INT stands for "Intangible Assets" and measures intangible capital. COGS is "Cost
of Goods Sold" that is the sum of labor and other intermediate inputs costs. P90 is the 90th percentile, P10, the 10th. Units
are 100’000s of 2000 dollars.

A.4.2 Heterogeneous rental rate of capital

Suppose that firms face heterogeneous rental rates of capital due, for example, to differing
risk premia, instead of heterogeneous output elasticity to capital. In such as case the capital
intensity identity writes:

Ki,t

Li,t
= ζK

ζL
wt

(ri,t + δ)pXt
(33)

Where pXt is the cost of investment goods and ri,t the firm- and time-specific interest rate
faced by firms to finance their investment. Inverting equation (33) allows to estimate ri,t
for each pair {i, t}. In Figure A.14, I plot the difference, in percentage point, between the
interest rate faced by different firms under such a case. In dark blue, I plot the difference
between the interest rate paid by the 10% least capital-intensive firms and the 10% most
capital-intensive firms. In light blue, I plot the difference between the interest rate of the
10% least capital-intensive firms and the median firm. If heterogeneous risk premia were to
drive the difference in firms’ capital intensity, the premium paid by the least capital-intensive
firms would be multiplied by 6 over our sample for both measures (from 1.65 to 10 for the
least-to-most capital-intensive premium and from 1.06 to 6.35 for least-to-median capital-
intensive premium) and by 3 between 1997 and 2019. In comparison, the spread between
BBB and AAA corporate Bond Yields from Bank of America (obtained from FRED) was
multiplied by 1.1 between 1997 (the earliest date available on FRED) and 2019: from 0.48
to 0.53. Similarly, the spread between CCC and AAA bonds was multiplied by 1.43: from
6.31 to 7.59. This suggests that riskiness is not enough to explain differing capital intensities
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Figure A.14: Implied risk premium across differently capital intensive firms.
Note: Source is Compustat. Sample is 1980-2019. Measures of risk-premia are obtained from equation (33). It is calculated
as the difference between the interest rate paid by two types of firms if interest rates differences were the only explanation for
heterogeneous capital intensity, i.e, supposing that firms have homogeneous output elasticity to inputs. In the case "Least to
most capital intensive firms", the premium is the difference between the interest rate of the 10% least capital-intensive firms and
10% most capital intensive firms. In the case "Least to median capital intensive firms", the premium is the difference between
the interest rate of the 10% least capital-intensive firms and the median firm.

across firms.

A.4.3 Alternative measures of output elasticity to capital

Figure A.15 replicates Figure 2 but with Cost of Goods Sold as a measure of labor costs.

Figure A.16 replicates Figure 2 but includes falling interest rates in the measure of the
rental rate of capital following Barkai (2020).
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Figure A.15: Percentiles of the distribution of firms’ output elasticity to capital per sector:
COGS for labor cost.
Note: Source is Compustat. Sample is 1980-2019. ζKit = (rKt Kit)/TCit is the output elasticity to capital, or equivalently, the
cost share of capital of firm i at time t. Kit is the sum of physical capital (PPE in Compustat) and intangible capital (INT in
Compustat). TCit is total cost and is the sum of cost of capital and cost of labor defined as Cost of Goods Sold. P90 is the
90th percentile, P10, the 10th. Manufacturing gathers 2-digit NAICS sectors 31, 32 and 33. Trade is Wholesale (code 42) and
Retail (code 44-45). Services gathers Professional, Scientific and Technical services (code 54), Management of Companies and
Enterprises (code 55), Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts, Entertainment
and Recreation (code 71).
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Figure A.16: Percentiles of the distribution of firms’ output elasticity to capital per sector:
including falling interest rates.
Note: Source is Compustat. Sample is 1980-2019. ζKit = (rKt Kit)/TCit is the output elasticity to capital, or equivalently, the
cost share of capital of firm i at time t. Kit is the sum of physical capital (PPE in Compustat) and intangible capital (INT
in Compustat). TCit is total cost and is the sum of cost of capital and cost of labor defined as the wage bill. rKt is rt + δ
times the cost of investment good from the BEA. rt is the interest rate for BBB companies following Barkai (2020). P90 is the
90th percentile, P10, the 10th. Manufacturing gathers 2-digit NAICS sectors 31, 32 and 33. Trade is Wholesale (code 42) and
Retail (code 44-45). Services gathers Professional, Scientific and Technical services (code 54), Management of Companies and
Enterprises (code 55), Educational Services (code 61), Health Care and Social Assistance (code 62) and Arts, Entertainment
and Recreation (code 71).
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A.4.4 Aggregate output elasticity to capital from BEA.

Figure A.17 calculates the aggregate output elasticity to capital for manufacturing and the
aggregate American economy using BEA data.
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Figure A.17: Output elasticity to capital for Aggregate and Manufacturing using BEA data.
Note: Source is BEA. Sample is 1980-2020. ζKit = (rKt Kit)/TCit is the output elasticity to capital, or equivalently, the cost
share of capital of nest i at time t. Kit is Private Fixed Asset from the BEA. TCit is total cost and is the sum of cost of capital
and cost of labor defined as the wage bill from the BEA. rKt is rt + δ times the cost of investment good from the BEA. rt is set
to 0.05 and δ to 0.1. Output elasticity in 1980 is normalized to 0.1 for both measures.

A.4.5 Tangible and Intangible

In this section, I repeat the exercises of section ?? but report stylized facts for physical and
intangible capital separately. In Figure A.18, I plot the evolution of some percentiles of the
distribution of capital intensity where capital is either physical capital only -Panel (a)- or
intangible capital only -Panel (b)-. For both measures the patterns are the same as when
the two types of capital are aggregated, as in Figure 1 of section ?? and no specific type of
capital drives the fanning out. Naturally, Intangibles become more significant post-2000.

I then test weather intangible- and tangible- intensity correlate. To do so, I simply regress
physical intensity on intangible intensity across the panel of my firms along the 1980-2019
sample. I find a coefficient of correlation of 6.227. I then include year fixed effects because
my original correlation may be biased by common aggregate trends, the coefficient stays the
same. Finally I include firm fixed effects to account for their specificity and find a coefficient
of 6.105, significant at the 1% confidence threshold. These results are reported in table A.2.

I then move to estimating separately the output elasticity to tangible and intangible
capital. To do so, suppose that a firm i in time t produces using the following nested
prodution function: Yi,t = Fi,t(G⟩,⊔

(
KP
i,t, K

I
i,t

)
, Li,t) where KP

i,t is physical capital, KI
i,t is

intangible capital and Li,t is labor. Suppose further that there exists a technology Gi,t that
transforms physical and intangible capital into productive capital. At time t, for a given
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Figure A.18: Moments of the distribution of capital intensity per type of capital.
Note: Source is Compustat. Sample is 1980-2019. Measure is PPE/L for left figure (a) and INT/L for right figure (b). PPE
stands for "Property, Plant and Capital (Gross)" and measures physical capital while INT stands for "Intangible Assets" and
measures intangible capital. EMP is "Employees" and is the count of employees. P90 is the 90th percentile, P10, the 10th.
Units are 100’000s of 2000 dollars per employee.

Physical intensity
(1) (2) (3)

Intercept -1.270**
(0.452)

Intangible intensity 6.227*** 6.228*** 6.105***
(0.025) (0.025) (0.027)

Fixed Effects Year Year & Date

N 107,369 107,369 105,854
R2 0.368 0.368 0.609

Table A.2: Firm level regressions: Physical on Intangible intensities.
Note: Source is Compustat. Sample is 1980-2019. Table displays estimators of OLS regression of physical intensity on intangible
intensity. Physical intensity is PPE/L where PPE stands for "Property, Plant and Equipment" and L is "Employees". Intangible
intensity is "INT/L" where INT stands for "Intangible Assets". Note that N is smaller when fixed effects are included because
some firms exist only for one year in Compustat. *** indicate the the coefficient is significant at the 1% threshold.

triplet of costs {wt, rPt , rIt } of labor physical capital and intangible capital respectively, cost-
minimization yields the following identity for a firm’s tangible-to-intangible ratio:

KP
i,t

KI
i,t

=
ζPi,t
ζIi,t

rIt
rPt

(34)

Where ζPi,t = ∂ ln(Fi,t(.))
∂ ln(KP

i,t)
is the elasticity of output to physical capital (and conversely for

ζIi,t and intangible). Using the separate measure of the cost of physical capital and intangible
capital at the 2D sectoral granularity furnished by the BEA (see Data section 2.1) as well as
the stock of physical capital and intangible capital from firms’ yearly financial statements,
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Figure A.19: Moments of the distributions of output elasticity to physical vs. intangible
capital.
Note: Source is Compustat. Sample is 1980-2019. Measure is PPE for physical capital and INT for intangible capital. PPE
stands for "Property, Plant and Capital (Gross)" and measures physical capital while INT stands for "Intangible Assets" and
measures intangible capital. Output elasticities are estimated according to equation (34). EMP is "Employees" and is the count
of employees. P90 is the 90th percentile, P10, the 10th. Units are 100’000s of 2000 dollars per employee.

I estimate firm- and year-specific ζPi,t as the cost share of physical capital to total costs:
ζPi,t = rPt K

P
i,t

rItK
I
i,t+r

P
t K

P
i,t+wtLi,t

and similarly for intangible capital. Moments of the distribution of
ζPi,t and ζIi,t are plotted in Figure 34.

Finally, I look at the evolution of the market share of the most tangible- and intangible-
intensive firms among public manufacturing firms and compare it with the results of Figure
3. I repeat the exact same exercise: the market share of each decile of the distribution of
capital intensity is computed for each type of capital. The result is reported in Figure A.20.
The picture for Physical Capital is very similar to Figure A.20, in line with the fact, unveiled
in Figure A.18, that physical capital is a bigger portion of total capital (a fact also unveiled
by Lashkari et al. (2024) for the case of ICT in France). The Figure for intangible reveals
an expected change; in 1980, when intangible is of negligible volume, intangible intensity is
uncorrelated to capital intensity. In 2019 however a correlation appears, although less strong
than for physical capital.

Those differences are however difficult to interpret as the classification between physical
and intangible capital is left to the firm (Crouzet and Eberly, 2023). As such, a purchased
software can be classified as "Property" if it is considered a long-lived asset and hence enter
"Property, Plant and Equipment", our measure of physical capital. In the main body of the
paper, I therefore don’t focus on differences between tangible and intangible capital, but
rather on their sum as total capital.
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Figure A.20: Market share of capital-intensive firms per type of capital within manufacturing.
Note: Source is Compustat. Sample is 1980-2019. Measure is PPE/L for left figure (a) and INT/L for right figure (b). PPE
stands for "Property, Plant and Capital (Gross)" and measures physical capital while INT stands for "Intangible Assets" and
measures intangible capital. EMP is "Employees" and is the count of employees. Measure of market share is the ratio of
individual sales to total sales of the sector. Manufacturing is 2D NAICS codes 31, 32 and 33.

A.5 Empirical Implications
In this section, I show how accounting for heterogeneity in firms’ output elasticity to capital
and share of capital in production affects the estimation of firms’ Total Factor Productivity
of Revenue (TFPR) and markups of prices over marginal costs. Specifically, I show that
when one accounts for heterogeneity in structural capital intensity: firms’ Solow residuals
are much less dispersed and the aggregate and average markup are dampened. Nonetheless,
I find that capital-intensive firms charge a significantly higher and faster-growing markup
than their labor-intensive competition.

A.5.1 Estimating TFPR with firm-specific α

When firms are supposed to have homogeneous production technology except for their TFP,
differences in α are typically ingrained in differences in TFP when the latter is estimated as
a Solow residual. A natural question is therefore to ask what proportion of heterogeneous
TFP can be attributed to heterogeneous structural capital intensity? Or in other words, in
the face of output, how important is capital intensity to explain firm-level differences?

I cannot answer these questions strictly because I do not observe firms’ prices (nor quality
differences) and the log-linear term captures TFPQ but also potentially non-homotheticity
and non-homogeneity of degree one. However, I can estimate the Solow residual of a "revenue"
production function and compare the result when α is allowed to vary across firms and time
to when it isn’t. The Solow residual of the revenue production function takes the form:

ln(pi,tZi,t) = ln(pi,tYi,t) − ψ

ψ − 1
ln
(
αi,tKi,t

ψ−1
ψ + (1 − αi,t)L

ψ−1
ψ

i,t

)
(35)

In order to assess how much of the Solow residual is "eaten-up" by heterogeneous capital
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intensity, I perform two estimations and compare the key moments of the resulting distri-
butions. The first estimation procedure is equation (35) with the firm-year alpha estimated
following equation (32). The second one is the counterfactual and is hence also equation
(35) at the firm-year level but with homogeneous α as an input. In that second case, I set
α to the unweighted arithmetic average of the firm-level alphas used in the first estimation:
0.12. For both equations, ψ is set to 0.5. Moments of the distribution of pZ in 1980 and
2019 under homogeneous structural capital intensity (Hom. α) and heterogeneous structural
capital intensity (Het. α) are reported in Table A.3.

Year Specification Mean Median Variance

1980
Hom. α 2.43 1.93 7.34

Het. α 1.62 1.33 3.65
(-33%) (-31%) (-50%)

2019
Hom. α 3.78 2.01 123.42

Het. α 2.11 1.43 20.81
(-44%) (-28%) (-83%)

Table A.3: Moments of the distribution of the Solow residual per specification.
Note: Source is Compustat. Sample is 1980-2019. Solow residuals are estimated according to equation (35). pY is
"Sales/Turnover (Net)". K is the sum of "Property, Plant and Equipment (Gross)" and "Intangible Assets" and L is "Em-
ployees". Het. alpha stands for heterogeneous α that is the firm-year estimation obtained in equation (32) while Hom. alpha
stands for homogeneous α and is set to 0.12. ψ is set to 0.5. The parenthesis below the value in lines Het. alpha is the
percentage difference between the Hom. alpha moment and its Het. alpha corresponding value.

Naturally, since we allow for an extra degree of heterogeneity, all moments appear to be
depressed; in 1980, average firm-level Solow residual is 33 % lower with heterogeneous α than
without. In 2019, that number climbs to 44 %. The increasing importance of heterogeneous
structural capital intensity seems to be concentrated at the tails however, since the percentage
difference declines slightly for the median (31 % to 28%). More importantly, the variance of
firms’ Solow residual, the key moment to generate reallocative effects in heterogeneous firm
models, is drastically reduced. It is halved at the beginning of the sample and collapses to
17 % of its homogeneous alpha value when heterogeneous alphas are introduced at the end
of the sample. In the baseline quantitative model, firms will have no TFP and rather α will
be a control variable of the firm, allowing us to assess how far variation in alpha can go in
explaining various trends. In an extension exercise, I’ll compare the moments produced by a
model with heterogeneity in α to one with heterogeneity in TFP to one with both dimensions
of heterogeneity. For completeness, the Kernel densities estimation of the distribution of the
Solow residuals under the two specifications are reported in Figure A.21.
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Figure A.21: Solow residual: homogeneous vs. heterogeneous α.
Note: Source is Compustat. Sample is 1980-2019. Solow residual is estimated according to equation (35). Heterogeneous
corresponds to firm-year-specific α. Homogeneous corresponds to α set to 0.12 for all firms and all years.

A.5.2 Markup Estimation

Output elasticity to inputs is a critical variable to estimate markups following the production-
function approach pioneered by Hall (1988). With this method, if at least one input is set
statically and if firms are price takers for the said input, then the first-order condition that
determines demand for the input can be inverted to isolate (and estimate) the markup.
Considering labor as the variable input yields the expression: µi,t = ζLi,t

pi,tYi,t
wtLi,t

where µ is the
markup, the first component on the right-hand side, ζLi,t = ∂ ln(Yi,t)

∂ ln(Li,t) , is the elasticity of output
to labor and the second component is the inverse labor share. Under my CES specification
detailed in equation (11) this translates into:

µi,t =
ζLi,t
λLi,t

(36)

Where I denoted the labor share λL. Supposing that λL is observable this leaves only ζ
to be estimated. Like de Loecker and Warzynski (2012), they propose to rely on the two-
stage GMM method of Ackerberg et al. (2015). It consists in estimating the parameters of
a production function by first purging it from unobserved productivity shocks and second
to retrieve an estimator for ζ using an instrumental-variable general method of moments40.

40This method has encountered a few critiques. First, Klette and Griliches (1996) show that when the two-
stage GMM method is applied using revenue data rather than quantity the estimators of output elasticities to
inputs are biased downwards. Bond, Hashemi, Kaplan, and Zoch (2021) claim that this bias is large enough
to render any estimation of markups uninformative. However, de Ridder et al. (2022) show theoretically
and using quantity measures from French administrative data that markups estimated using revenue data
correlate positively with true markups. Second, the two-stage GMM retrieves a weighted average of firms’
true ζ as an estimator, mechanically biasing upwards the markups of firms with high true ζ and downwards
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This method allows to retrieve a sector-specific measure of ζ. Instead, I show that firms’
output elasticity to capital differ. I therefore propose to estimate firms’ markups using the
identity of equation (36) with the firm- and year-specific ζ estimated in section ?? and to
compare my resulting measure for µi,t with the baseline measure of de Loecker et al. (2020).

In Figure A.22 I report the evolution of the top decile, the top quartile and the median
of the distribution of firms’ markups under the specification of de Loecker et al. (2020)
(homogeneous ζ - red lines) and under mine (heterogeneous ζ - blue lines). The conclusion of
rising dispersion in firms’ markups resists remarkably. However, the three moments reported
are shifted downwards when firm-specific ζ are accounted for and their growth rates are
slightly diminished. The sharpest dampening (in level and growth rate) is for the firms
located at the upper tail of the distribution. This mechanically translates into a dampening
of the sales-weighted average markup as pictured in Figure A.23.
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Figure A.22: Distribution of firms’ markups: Homogeneous vs. Heterogeneous ζ.
Note: Source is Compustat. Sample is 1980-2019. Markups are estimated following equation (36). Hom. ζ stands for the case
where ζ in equation (36) is set to the median ζ. Het. ζ stands for the case where ζL in equation (36) is estimated at the
firm-level as the cost share of labor. P90 stands for 90th percentile.

Perhaps a more interesting variable to look at is the aggregate markup as it is the variable
that impacts misallocation and potential inefficiencies in the aggregate. The aggregation
of markups will be studied in detail when we turn to the model (in section 4.2). Note
already that under the heterogeneous ζ specification, the aggregation identity derived in
Atkeson and Burstein (2008), Grassi (2017) or Edmond et al. (2015) that stipulates that the
inverse of the aggregate markup is equal to the domar-weighted harmonic average of firm-
level markups holds true. However, the alternative identity sometimes put forward does
not. This alternative stipulates that the aggregate markup is equal to the sum of firms’
markups weighted by their input share (capital or labor indifferently). Intuitively, this latter
aggregation identity does not hold because when ζ is heterogeneous across firms, input shares

the markups of firms with low true ζ (Foster, Haltiwanger, and Tuttle, 2022).
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Figure A.23: Sales-weighted average markup: Homogeneous vs. Heterogeneous ζ.
Note: Source is Compustat. Sample is 1980-2019. Markups are estimated following equation (36). Hom. ζ stands for the case
where ζ in equation (36) is set to the median ζ. Het. ζ stands for the case where ζL in equation (36) is estimated at the
firm-level as the cost share of labor.

aren’t the same depending on the input in question.41 The aggregation identity that I use
here is hence the first one. Denoting the aggregate markup as Mt and supposing a CES
demand structure it reads:

1
Mt

=
∫ 1

0

si,t
µi,t

di (37)

Where si,t = pitYit
ptYt

is the sales share of firm i to the aggregate. I plot the resulting
aggregate markup under the homogeneous ζ specification of de Loecker et al. (2020) (in red)
and under my specification (in blue) in Figure A.24. Again, my measure of the aggregate
markup is a downward shifted version of that of de Loecker et al. (2020) but both happen
to display similar positive growth rate.

A priori, accounting for firm-level ζ could modify the relationship between market shares
and markups. Indeed, allowing for firm-specific ζ mechanically makes my measure of markups
for highly capital-intensive firms lower compared to a measure where all firms are supposed
to share a common (lower) ζ (see equation (36)). Yet we have seen that capital-intensive
firms have seen their market share rise since the 1980s. This matters because market shares
are the standard microfoundation for endogenous markups (in models that build on Atkeson
and Burstein (2008), Kimball (1995) or Klenow and Willis (2016)).

I test this possibility by regressing, in logarithm, firm-level markups estimated using
equation (36) on firm-level capital intensity. The regression equation takes the form:

ln(µi,t) = β ln(Ki,t/Li,t) + θ ln(Xi,t) + FEi,t + νi,t (38)
41I discuss further this issue in the results section 4.2 where I provide aggregation identities and prove

this claim in Appendix B.7
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Figure A.24: Aggregate Markup: Homogeneous vs. Heterogeneous ζ.
Note: Source is Compustat. Sample is 1980-2019. Markups are estimated following equation (36). Hom. ζ stands for the case
where ζ in equation (36) is set to the median ζ. Het. ζ stands for the case where ζL in equation (36) is estimated at the
firm-level as the cost share of labor. Aggregate markup is obtained from equation (37).

Where FE denotes fixed effects and ν is the residual. β is the regression coefficient and
Xi,t are controls. Regressions are conducted over the panel of Compustat firms clustered by
years. Results are presented in Table A.4.

Markup
(firm-specific technology)

Markup
(sector-specific technology)

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

Intercept 0.566*** 1.005***
(0.005) (0.005)

K/L 0.108*** 0.122*** 0.154*** 0.271*** 0.288*** 0.319***
(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)

Market share 0.215*** 0.210***
(0.002) (0.002)

Fixed Effects Year&Firm Year&Firm Year&Firm Year&Firm

N 105,185 105,185 105,185 105,185 105,185 105,185
R2 0.027 0.754 0.796 0.146 0.778 0.812

Table A.4: Firm-level regressions: markups and capital intensity.
Note: Source is Compustat. Sample is 1980-2019. Table displays estimators of equation (38). Dependent variable is the
firm-level markup measured according to equation (36). K/L is a firms stock of capital per employee measured as the ratio
between the sum of "Property, Plant, and Equipment" and "Intangible Assets" per "Employees". Market share is a firms sales
to total sales within a year. *** indicate the the coefficient is significant at the 1% threshold.
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In the first three columns, µi,t is measured with firm-specific technologies, i.e firm-specific
output elasticities to inputs. The last three are the baseline measures of de Loecker et al.
(2020) and de Ridder et al. (2022) for which the output elasticity to output is 2D-NAICS
sector-specific.

Column (1) of Table A.4 presents the result from a univariate OLS regression admitting
a constant term and without fixed effects. It indicates a significantly positive correlation
between firm-level log-markups and log-capital intensity. Column (2) adds firm and year
fixed-effects, slightly increasing the correlation coefficient but maintaining strong significance.
Industry level fixed effects are not displayed because they are subsumed by firm fixed effects.
Column (3) includes market share as a control, which as shown in section 2.3, is endogenous
to capital intensity. Interestingly, market-share and capital intensity are both significantly
and positively related to firm-level markups. In the last 3 columns, the results of the same
regressions are reported but with markups estimated with sector-specific output elasticities
to inputs. In such a case, the correlation between capital intensity and markups is larger as
the bias on firms’ output elasticity implies a higher markup for capital-intensive firms and
lower for labor-intensive firms (see Desazars (2025) for proof and discussion).

Importantly, a cross firm regression of markups on capital intensity carried only on the
year 1980 also results in a strong positive correlation. This flows from the fact detailed
in section 2.3, in 1980 capital-intensive firms are already bigger than labor-intensive firms.
Intuitively, this means that the increase in the markup of capital-intensive firms takes the
aggregate markup up. If the situation had been reversed, i.e labor-intensive firms were
bigger in 1980, the rise in the markup of capital-intensive firms (and concomitant decline
in that of the labor-intensive firms) would have resulted into a decrease of the aggregate
markup possibly followed by an increase. The inflection point of the aggregate markup
dynamic being the moment when capital-intensive and labor-intensive firms have the exact
same market shares.
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B Theory

B.1 Capital intensity under factor-neutral heterogeneity: TFP,
demand and returns to scale

Suppose that a firm produces using the following standard production function: Yi,t =

zit

(
αKi,t

ψ−1
ψ + (1 − α)Li,t

ψ−1
ψ

)γit ψ
ψ−1

where Yit is the firm’s output, Kit its capital, Lit its
labor, α is the share of capital in production, ψ is the elasticity of substitution between
capital and labor and γit are firm and time specific returns to scale. Suppose further that
the firm faces the demand curve: Yit

Yt
= Dit(pitpt )−ϵ where Yt and pt are aggregate output and

price, pit is a firm’s price, Dit a demand-shifter, and ϵ the elasticity of substitution of demand
across varieties. This firm maximizes its profits by solving the following program:

max
pit,Yit,Kit,Lit

pitYit − rKt Kit − wtLit

s.t: Yi,t = zit

(
αKi,t

ψ−1
ψ + (1 − α)Li,t

ψ−1
ψ

)γit ψ
ψ−1

Yit
Yt

= Dit(
pit
pt

)−ϵ

The input first-order conditions spell:
rKt = γi,tαmci,t

Y
1
γit
i,t

Ki,t

 1
ψ

Y
γit−1
γit

it

wt = γi,t(1 − α)mci,t

Y
1
γit
i,t

Li,t

 1
ψ

Y
γit−1
γit

it

Where mcit is the marginal cost of firm i in time t and is the multiplier of the Lagrangian
of the cost-minimization problem. In this case, the output elasticity to capital is: ζKit =

γi,tα

Y
1
γit
i,t

Ki,t


1−ψ
ψ

Y
γit−1
γit

it . When taking the ratio of these two conditions, Yit and γit simplify

and the capital intensity identity reads:

Ki,t

Li,t
=
(

α

(1 − α)
wt
rKt

)ψ
Clearly, capital intensity is orthogonal to demand shifters, TFP and returns to scale as

Yi,t and γit have simplified.
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B.2 Heterogeneous labor-augmenting productivity
In this section I show that if capital and labor are complementary, heterogeneous labor-
augmenting productivity can yield heterogeneous capital intensity but cannot satisfy the
correlation between capital intensity and size.

Suppose that firms operate the same technology: Yi,t =
(
αKi,t

ψ−1
ψ + (1 − α)Li,t

ψ−1
ψ

) ψ
ψ−1

,
but can satisfy their labor demand using two types of workers. The first type is the numeraire,
has labor augmenting productivity of one so that he supplies Li,t = Nt for a wage wt.
The second type is endowed with labor-augmenting productivity Bt so that he supplies:
Li,t = BtN

B
t at wage wBt . The choice of worker of firm i affects the firm’s capital intensity:

Ki,t
Li,t

= Ki,t
Nt

=
(

α
(1−α)

wt
rKt

)ψ
Ki,t
Li,t

= Ki,t
BtNB

t
=
(

α
(1−α)

wBt /Bt
rKt

)ψ
Recall that observed capital intensity is capital per worker, that is Ki,t

Nt
and Ki,t

NB
t

. As
demonstrated by Acemoglu (2002), under complementarity of inputs (ψ < 1), if Bt > 1,
then NB

t < Nt and so firms that hire more productive workers feature a higher capital
intensity. However, for the two equalities above to hold, the incentive compatibility condition
wBt = Btwt must hold, that is the productive worker is paid a skill premium equal to its
productivity relative to the numeraire. And, denoting as mcBi,t the marginal cost of a firm
that hires the worker endowed with productivity Bt we have:

mcBi,t =
(
αψrKt

(1−ψ) + (1 − α)ψ
(
wBt /Bt

)(1−ψ)
) 1

1−ψ

=
(
αψrKt

(1−ψ) + (1 − α)ψwt(1−ψ)
) 1

1−ψ

= mci,t

So firms share the same marginal cost, irrespective of the type of worker that they hire:
mcBi,t = mci,t and heterogeneity in market shares therefore cannot result from heterogeneous
labor-augmenting productivity.

B.3 Monopsony
Suppose that firm i has monopsonistic power so that it pays a wage θwt < wt. Then, its
true α̂i,t is given by:

α̂i,t
1 − α̂i,t

= rKt
θwt

(
Ki,t

Li,t

) 1
ψ

And the estimation bias is:
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b̂i,t =
α̂i,t

1−α̂i,t
αi,t

1−αi,t
= 1
θ
> 1

If large firms have monopsonistic power, as per empirical evidence (see for example Benm-
elech, Bergman, and Kim (2022) or Yeh, Macaluso, and Hershbein (2022)), then my estimate
of α is biased downwards and dispersion is even higher. Note though that in Figure A.15
in Appendix A.4, I use a measure of firm-specific wages to compute the output elasticity
to capital and find a distribution very close to the one where wages are sector-specific. On
the other hand, small and labor-intensive firms having monopsonitic power would contradict
empirical evidence.

B.4 Equilibrium equations
1. The Household.

Supposing a Greenwood et al. (1988) utility function, the household solves.

max
{Ct,Lt,Xt,Bt+1,Kt+1}t∈[0:+∞[

+∞∑
t=0

(
Ct − L1+η

t

1+η

)1−γ

1 − γ

s.t: pt(Ct + ξtXt) +Bt+1 = (1 + rt)Bt + wtLt + rKt Kt + πt

Kt+1 = (1 − δ)Kt +Xt

K0, B0

Solving for FOCs, yields 6 equations for the equilibrium:

BC: pt(Ct + ξtXt) +Bt+1 = (1 + rt)Bt + wtLt + rKt Kt + πt (H.1)

Accumulation: Kt+1 = (1 − δ)Kt +Xt (H.2)

Euler: β(1 + rt+1)
pt
pCt+1

(
Ct+1 − L1+η

t+1

1 + η

)−γ

=
(
Ct − L1+η

t

1 + η

)γ
(H.3)

Intra: Lηt = wt
pt

(H.4)

NA: rKt+1 = (1 + rt+1)ξtpt + (1 − δ)ξt+1p
C
t+1 (H.5)

2. Market structure and market clearing.
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The economy aggregates from atomistic sectors:

Ct =
(∫ 1

0
cj,t

σ−1
σ dj

) σ
σ−1

(MS.1)

Xt = 1
ξt

(∫ 1

0
xj,t

σ−1
σ dj

) σ
σ−1

(MS.2)

pXt = ξt

(∫ 1

0
pj,t

1−σ
) 1

1−σ

= ξtpt (MS.3)

Defining:

Yt = Ct + ξtXt and Yj,t = cj,t + xj,t (MS.4)

Yields:

pj,t
pt

=
(
Yj,t
Yt

)− 1
σ

(MS.5)

Sectors aggregate from non-atomistic intermediate firms:

Yj,t =
(

N∑
i=1

Yi,j,t
ϵ−1
ϵ

) ϵ
ϵ−1

(MS.6)

pj,t =
(

N∑
i=1

pi,j,t
1−ϵ
) 1

1−ϵ

(MS.7)

pi,j,t
pj,t

=
(
Yi,j,t
Yj,t

)− 1
ϵ

(MS.8)

Market clears for labor, capital, profits, bonds:

∫ 1

0

N∑
i=0

Ki,j,tdj = Kt (MS.9)

∫ 1

0

N∑
i=0

Li,j,tdj = Lt (MS.10)

πt =
∫ 1

0

∑
i

πi,j,tdj (MS.11)

And zero-net supply of bonds:
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Bt = 0,∀t (MS.12)

3. Firms.

Tech : Yi,j,t =
(
αi,j,tKi,j,t

ψ−1
ψ + (1 − αi,j,t)Li,j,t

ψ−1
ψ

) ψ
ψ−1

(F.1)

mci,j,t =
(
αi,j,t

ψrKt
(1−ψ) + (1 − αi,j,t)ψwt(1−ψ)

) 1
1−ψ

(F.2)

K-dem : rKt = αi,j,tmci,j,t

(
Yi,j,t
Ki,j,t

) 1
ψ

(F.3)

L-dem : wt = (1 − αi,j,t)mci,j,t
(
Yi,j,t
Li,j,t

) 1
ψ

(F.4)

pricing : pi,j,t = ε(si,j,t)
ε(si,j,t) − 1

mci,j,t = µ(si,j,t)mci,j,t (F.5)

markup : ε(si,j,t) =
(1
ϵ

− (1
ϵ

− 1
σ

)si,j,t
)−1

(F.6)

profits : πi,j,t =
(

1 − 1
µ(si,j,t)

)
pi,j,tyi,j,t (F.7)

And value-added shares are defined as:

si,j,t := pi,j,tYi,j,t
pj,tYj,t

(F.8)

B.5 Solving the model

First, given a normalized value wt = 1,∀t, calibrate rKt for rKt
wt

to follow the path of the RCK
in the data with one point as the reference point (for example rK1980 = 0.1). Then deduce the
distribution of alpha from Compustat using the K/L equation of the model.

Second, with rK , wt and the exact distribution of α in hand, build Kernel densities of
α per sector and build the oligopolistic structure as detailed in the calibration; 100 sectors
with 10 firms each drawing from the Kernel density of α attached to its sector. The marginal
cost of each firm can be deduced and the intermediate firm block can be solved numerically.
Using equations (F.5), (F.6), (F.8) and (MS.8) and The system of equation boils down to:
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µi,j,t = ε(si,j,t)
ε(si,j,t) − 1

si,j,t =
(µi,j,tmci,j,t

pj,t

)1−ϵ

pj,t has to be guessed prior to solving and is then updated using (MS.7) until convergence.
This allows to have a solution for: si,j,t, pi,j,t, pj,t, µ(si,j,t), pt, pXt , sj,t (and deduce the im-

plied ξt to be compared to the RCK with cost of consumption series).

Third, isolating Li,j,t in (F.4), integrating and summing and merging it with (H.4) yields:

(
wt
pt

) 1
η

=
∫ 1

0

∑
i

(
(1 − αi,j,t)mci,j,t

wt

)−ψ

Yi,j,tdj

Replacing Yi,j,t using the demand functions (MS.5) and (MS.8) gives a value for aggregate
Y:

Yt = w
1
η

+ 1
ψ

t

pt
1
η

+σ ∫ 1
0
∑
i

((1 − αi,j,t)mci,j,t)−ψ p−ϵ
i,j,tp

(σ−ϵ)
j,t dj

Fourth, aggregate K can be deduced from the BC of the household. To get there, use
(F.7), (F.8), (MS.4), (MS.11), (MS.12), (H.1), (H.4):

rKt Kt = pt
Mt

Yt − wtLt

From there, Xt is given by (H.2) and every firm- or sector- level quantity can be retrieved
using (F.3) or (F.4) coupled with (MS.5), (MS.8) and aggregate Y. Alternatively, we could
have passed ξt first to the model and then verified rKt . The first way is more convenient in
that the link to the empirical exercise is more straightforward.

B.6 The choice of αi,j,t
The fully-fledged problem of the firms when choosing αi,j,t in time t writes:
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max
αi,j,t

+∞∑
τ=0

βτ (πi,j,t+τ − sci,j(∆αi,j,t))

s.t: πi,j,t =
(

1 − 1
µ(si,j,t)

)
pi,j,tYi,j,t

µ(si,j,t) = ε(si,j,t)
ε(si,j,t) − 1

ε(si,j,t) =

ϵ− (ϵ− σ)si,j,t under Bertrand competition(
1
ϵ

− (1
ϵ

− 1
σ
)si,j,t

)−1
under Cournot competition

si,j,t =
(
pi,j,t
pj,t

)1−ϵ

pi,j,t = µ(si,j,t)mci,j,t

pj,t =
(

N∑
i=1

pi,j,t
1−ϵ
) 1

1−ϵ

mci,j,t =
(
αi,j,t

ψrKt
(1−ψ) + (1 − αi,j,t)ψwt(1−ψ)

) 1
1−ψ

Yi,j,t =
(
pi,j,t
pj,t

)−ϵ

Yj,t

Yj,t =
(

N∑
i=1

Yi,j,t
ϵ−1
ϵ

) ϵ
ϵ−1

αi,j,0, αi,j,t ∈ [αj, αj]

Which can be rewritten as:

max
αi,j,t

+∞∑
τ=0

βτ
(
pi,j,tD(pi,j,t)
ε(si,j,t)

− φi,jdt(∆αi,j,t)
)

For D(pi,j,t) =
(
pi,j,t
pj,t

)−ϵ

Yj,t and a pick of ε(si,j,t). This yields the FOC:

−∂ε(si,j,t)
∂αi,j,t

1
ε2
i,j,t

pi,j,tD(pi,j,t) + 1
ε(si,j,t)

∂pi,j,t
∂αi,j,t

D(pi,j,t) + 1
ε(si,j,t)

pi,j,t
∂D(pi,j,t)
∂αi,j,t

= φi,j(dt −βdt+1)
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Leaving us with three derivatives to determine: ∂ε(si,j,t)
∂αi,j,t

, ∂pi,j,t
∂αi,j,t

, ∂D(pi,j,t)
∂αi,j,t

. I rewrite every-
thing in terms of definitions and ∂pi,j,t

∂αi,j,t
which I characterize first:

∂pi,j,t
∂αi,j,t

= ∂µ(si,j,t)
∂αi,j,t

mci,j,t + µ(si,j,t)
∂mci,j,t
∂αi,j,t

Where ∂mci,j,t
∂αi,j,t

can be computed. For ∂µ(si,j,t)
∂αi,j,t

:

∂µ(si,j,t)
∂αi,j,t

= ∂µ(si,j,t)
∂si,j,t

∂si,j,t
∂pi,j,t

∂pi,j,t
∂αi,j,t

So that:

∂pi,j,t
∂αi,j,t

=
µ(si,j,t)∂mci,j,t∂αi,j,t

1 − ∂µ(si,j,t)
∂si,j,t

∂si,j,t
∂pi,j,t

mci,j,t

Where every derivative can be computed from the definitions. Turning to: ∂ε(si,j,t)
∂αi,j,t

:

∂ε(si,j,t)
∂αi,j,t

= ∂ε(si,j,t)
∂si,j,t

∂si,j,t
∂pi,j,t

∂pi,j,t
∂αi,j,t

Which can all be solved for from the definitions. Finally:

∂D(pi,j,t)
∂αi,j,t

= ∂D(pi,j,t)
∂pi,j,t

∂pi,j,t
∂αi,j,t

= ∂D(pi,j,t)
∂pi,j,t

∂ ln(pi,j,t)
∂ ln(pi,j,t)

∂ ln(D(pi,j,t))
∂ ln(D(pi,j,t))

∂pi,j,t
∂αi,j,t

= ∂ ln(D(pi,j,t))
∂ ln(pi,j,t)︸ ︷︷ ︸

−ε(si,j,t)

∂ ln(pi,j,t)
∂pi,j,t︸ ︷︷ ︸

1
pi,j,t

∂D(pi,j,t)
∂ ln(D(pi,j,t))︸ ︷︷ ︸

D(pi,j,t)

∂pi,j,t
∂αi,j,t

The marginal return to changing α can hence be rewritten:

µ(si,j,t)∂mci,j,t∂αi,j,t

1 − ∂µ(si,j,t)
∂si,j,t

∂si,j,t
∂pi,j,t

mci,j,t︸ ︷︷ ︸
∂µ(si,j,t)
∂αi,j,t

(
∂ε(si,j,t)
∂si,j,t

∂si,j,t
∂pi,j,t

pi,j,tD(pi,j,t)
ε2
i,j,t

+ D(pi,j,t)
ε(si,j,t)

+ pi,j,t
ε(si,j,t)

∂D(pi,j,t)
∂pi,j,t

)

There are hence 4 derivatives to calculate from the definitions listed in the constraint of
the fully-fledged problem: ∂µ(si,j,t)

∂ε(si,j,t) , ∂ε(si,j,t)
∂si,j,t

, ∂si,j,t
∂pi,j,t

, ∂mci,j,t
∂αi,j,t

:
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∂µ(si,j,t)
∂ε(si,j,t)

= − 1
(ε(si,j,t) − 1)2

∂ε(si,j,t)
∂si,j,t

=

−(ϵ− σ) Under Bertrand competition
−( 1

σ
− 1

ϵ
)ε(si,j,t)2 Under Cournot competition

dsi,j,t
dpi,j,t

= (1 − ϵ)si,j,t
pi,j,t

(
1 − si,j,t

)

dmci,j,t
dαi,j,t

= ψ

1 − ψ
mcψi,j,t

(
αψ−1
i,j,t r

K
t

(1−ψ) − (1 − αi,j,t)ψ−1w
(1−ψ)
t

)

The final expression for the marginal return to α can be written, under Cournot compe-
tition:

Yi,j,t
µ(si,j,t)

ψ

1 − ψ
mcψi,j,t

(
αψ−1
i,j,t r

K
t

(1−ψ)−(1−αi,j,t)ψ−1w
(1−ψ)
t

)
( 1
σ

− 1
ϵ
)(ϵ− 1)si,j,t(1 − si,j,t)µ(si,j,t) − 1

( 1
σ

− 1
ϵ
)(ϵ− 1)si,j,t(1 − si,j,t)µ(si,j,t) + 1

Note that in a case where markups aren’t endogenous and fixed to µ, the FOC boils down
to:

(1 − ϵ)Yi,j,tµ
∂mci,j,t
∂αi,j,t

= φi,j(dt − βdt+1)

Which yields:

(1 − ϵ)Yi,j,tµ
ψ

1 − ψ
mcψi,j,t

(
αψ−1
i,j,t r

K
t

(1−ψ) − (1 − αi,j,t)ψ−1w
(1−ψ)
t

)
= φi,j(dt − βdt+1)

B.7 Aggregation
In this section, I derive some aggregation properties of the model. First, I show that while
one cannot derive an aggregate production function, it is possible to show that aggregate
output features constant returns to scale with respect to aggregate capital and labor. This
is a necessary condition to derive the aggregate markup. I then derive the aggregate labor
and capital shares and present three different methods to aggregate markups.

B.7.1 Constant aggregate returns to scale

Because firms don’t share the same output elasticities to inputs, an aggregate production
function cannot be derived analytically. However, some characteristics can. In particular,
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one can show that the relationship between aggregate output and aggregate capital and
labor is homogeneous of degree one. To see this suppose that Kt and Lt are both scaled by
a factor of λ. Then, by market clearing, we have:


λKt =

∫ 1
0

N∑
i=0

λKi,j,tdj

λLt =
∫ 1

0
N∑
i=0

λLi,j,tdj

Because every firm’s production technology is supposed to feature constant returns to
scale, this implies that every Yi,j,t is scaled by the scalar λ. Because the CES aggregators
are homogeneous of degree 1, we obtain aggregate output as:

(∫ 1

0

N∑
i=0

(λYi,j,t)
ϵ−1
ϵ dj

) ϵ
ϵ−1

= λ

(∫ 1

0

N∑
i=0

Y
ϵ−1
ϵ

i,j,t dj

) ϵ
ϵ−1

= λ (Ct + ξtXt) = λYt

That is, there exists a function Ft such that: Yt = Ft(Kt, Lt) where Ft is homogeneous of
degree one. This implies that mct = ACt and hence that aggregate profits can be written:
πt =

(
1 − 1

Mt

)
pctYt where Mt is the aggregate markup.

B.7.2 Aggregate markup.

There are three ways to express the aggregate markup: sales-weighted, cost-weighted and
input-weighted. I show that the first two identities in this model are consistent with the
ones already derived in the literature (Grassi, 2017; Edmond et al., 2015; Baqaee and Farhi,
2020; Edmond et al., 2023). However, the third one differs as it is a generalization of the
one sometimes used in the literature.

In the preceding section, I have shown that there exists an aggregate markup Mt, defined
implicitly as πt = (1 − 1

Mt
)ptYt. Where πt are aggregate profits, pt aggregate price and Yt

aggregate output.

Aggregate markup using sales weights. By market-clearing we have: πt =
∫ 1

0
N∑
i=0

πi,j,tdj,
then:

(
1 − 1

Mt

)
ptYt =

∫ 1

0

N∑
i=0

(
1 − 1

µi,j,t

)
pi,j,tYi,j,t

⇔ 1 − 1
Mt

= 1 −
∫ 1

0
sj,t

N∑
i=0

si,j,t
µi,j,t

⇔ 1
Mt

=
∫ 1

0
sj,t

N∑
i=0

si,j,t
µ(si,j,t)

dj

84



The aggregate markup is the inverse of the sales-weighted harmonic average of individual
markups. This aggregation result can already be found in Grassi (2017), Edmond et al.
(2015) or Edmond et al. (2023) and holds under oligopolistic competition or monopolistic
competition with endogenous markups (with a Kimball (1995) aggregator for example).

Aggregate markup using cost weights. Market clearing on output, inputs and profits
implies that:

ptYt =
∫ 1

0

N∑
i=0

pi,j,tYi,j,tdj =
∫ 1

0

N∑
i=0

rKt Ki,j,t +
∫ 1

0

N∑
i=0

wtLi,j,t +
∫ 1

0

N∑
i=0

πi,j,t

= rKt Kt + wtLt +
(

1 − 1
Mt

)
ptYt

⇔ Mt = TCt
ptYt

But notice that pi,j,tYi,j,t = µ(si,j,t)mci,j,tYi,j,t = µ(si,j,t)TCi,j,t, hence we get:

Mt =

∫ 1
0

N∑
i=0

pi,j,tYi,j,tdj

TCt
=
∫ 1

0

N∑
i=0

µ(si,j,t)
TCi,j,t
TCt

dj

The aggregate markup is the total-cost-share arithmetic average of individual markups.

Aggregate markup using input weights. A firm’s individual labor share is defined as:
λLi,j,t = wtLi,j,t

pi,j,tYi,j,t
. This can be rewritten: λLi,j,t = ζLi,j,t

µ(si,j,t) , where ζLi,j,t is both the cost share of
labor (wtLi,j,t

TCi,j,t
) and the output elasticity to labor ( ∂ ln(Yi,j,t)

∂ ln(Li,j,t)). Similarly, the aggregate labor

share can be written: λLt = wtLt
ptYt

= ζLt
Mt

where ζLt is the aggregate cost share of labor: wtLt
ptYt

.
Taking the ratio of the aggregate and firm-level labor share and summing over the firms and
sectors yields:

Mt =
∫ 1

0

N∑
i=0

ζLt
ζLi,j,t

Li,j,t
Lt

µ(si,j,t)dj

That is, the aggregate markup is the weighted arithmetic average of firms’ markups where
the weights are the product of the relative cost share of labor and the employment share.
The symmetric holds for capital because

∫ 1
0

N∑
i=0

ζLt
ζLi,j,t

Li,j,t
Lt

µ(si,j,t)dj =
∫ 1

0
N∑
i=0

ζKt
ζKi,j,t

Ki,j,t
Kt

µ(si,j,t)dj.

Notice that if firms have homogeneous ζLi,j,t then ζLi,j,t = ζLt ,∀i, j, t and the aggregation

identity collapses to: Mt =
∫ 1

0
N∑
i=0

Li,j,t
Lt

µ(si,j,t)dj. Here, this critically does not hold because:
∫ 1

0
N∑
i=0

Li,j,t
Lt

µ(si,j,t)dj ̸=
∫ 1

0
N∑
i=0

Ki,j,t
Kt

µ(si,j,t)dj. In the data, these two aggregation identities
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indeed don’t coincide (see Desazars (2025)).

B.7.3 The micro and aggregate labor shares.

A firm’s labor share is defined by: λLi,j,t = wtLi,j,t
pi,j,tYi,j,t

. Using (F.4), and plugging the ratio of
(F.3) to (F.4) in (F.1) we obtain:

λLi,j,t = (1 − αi,j)
µ(si,j,t)

(
Yi,j,t
Li,j,t

) 1−ψ
ψ

Which can be simplified using equation (11) and the capital intensity identity to:

λLi,j,t = 1

µ(si,j,t)
(

1 +
(

αi,j,t
1−αi,j,t

)ψ
RCK(1−ψ)

) (F.9)

Where, in the baseline Zi,j,t = 1,∀{i, j, t}. To find the aggregate labor share, use (MS.10)

λLt = wtLt
ptYt

=

∫ 1
0

N∑
i=0

wtLi,jt
pi,j,tYi,j,t

pi,j,tYi,j,tdj

ptYt

=
∫ 1

0
sj,t

N∑
i=0

si,j,tλ
L
i,j,tdj

As shown in the previous subsection, the aggregate labor share can also be written:
λLt = ζLt

Mt
where ζLt = wtLt

TCt
is the aggregate cost share of labor. This allows to aggregate as:

λLt =
∫ 1

0
N∑
i=0

ζLi,j,t
TCi,j,t
TCt

dj.

B.7.4 Aggregate marginal productivities

I have shown in Section B.7.1 that aggregate production has constant returns to scale. This
means that the aggregate marginal cost is equal to the aggregate average cost which allows
to define the aggregate markup, Mt as πt =

(
1 − 1

Mt

)
ptYt. From market-clearing we have:
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ptYt =
∫ 1

0

N∑
i=0

pi,j,tYi,j,tdj =
∫ 1

0

N∑
i=0

rKt Ki,j,t +
∫ 1

0

N∑
i=0

wtLi,j,t +
∫ 1

0

N∑
i=0

πi,j,t

= rKt Kt + wtLt +
(

1 − 1
Mt

)
ptYt

⇔ ptYt = Mt

(
rKt Kt + wtLt

)
Defining MPKt = ∂Yt

∂Kt
and MPKt = ∂Yt

∂Kt
, this yields:ptMPKt = Mtr

K
t

ptMPLt = Mtwt

From the aggregation of Mt, we have:

ptMPKt =
(∫ 1

0

N∑
i=0

si,j,t
µi,j,trKt

dj

)−1

=
(∫ 1

0

N∑
i=0

si,j,t
pi,j,tMPKi,j,t

dj

)−1

Defining, similarly to Hsieh and Klenow (2009), the marginal return to the productivity
of capital as: MRPKt = ptMPKt, this means that the aggregate marginal return to the
productivity of capital is the the inverse of the sales-share-weighted harmonic average of
firms’ MRPK. Alternatively, to get an expression for the marginal productivities purified of
prices, one can write: MPKt = 1

mct
rKt

MPLt = 1
mct

wt

But, since we have seen that aggregate returns to scale are constant, we have: TCt =
mctYt =

∫ 1
0

N∑
i=0

TCi,j,t =
∫ 1

0
N∑
i=0

mci,j,tYi,j,t. Therefore:

MPKt = rKt
N∑
i=0

mci,j,t
Yi,j,t
Yt

=
(

N∑
i=0

1
MPKi,j,t

Yi,j,t
Yt

)−1

The aggregate marginal productivity of capital is the inverse of the output-share-weighted
harmonic average of firms’ MPK.

B.7.5 Sales and employment share

From the definition: λEMP
i,j,t = Li,j,t

Lj,t
we have:
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λEMP
i,j,t = wtLi,j,t

wtLj,t

=
λLi,j,t
λLj,t

si,j,t

= Mj,t

µ(si,j,t)
ζLi,j,t
ζLj,t

si,j,t

Then:

∂λEMP
i,j,t

∂si,j,t
= ϱi,j,t +

∂
(

Mj,t

µ(si,j,t)

)
∂si,j,t

(
ζLi,j,t
ζLt

)
+
∂
(
ζLi,j,t
ζLt

)
∂si,j,t

(
Mt

µ(si,j,t)

) si,j,t
Where:

∂
(

Mj,t

µ(si,j,t)

)
∂si,j,t

= −
(

Mj,t

µ(si,j,t)

)2 (
1 + ∂µ(si,j,t)

∂si,j,t

(
1

Mj,t

− si,j,t
µ(si,j,t)

))

=

−
(

Mj,t

µ(si,j,t)

)2 (
1 + (ϵ− σ)µ(si,j,t)2

ε(si,j,t)2

(
1

Mj,t
− si,j,t

µ(si,j,t)

))
under Bertrand.

−
(

Mj,t

µ(si,j,t)

)2 (
1 +

(
1
σ

− 1
ϵ

)
µ(si,j,t)2

(
1

Mj,t
− si,j,t

µ(si,j,t)

))
under Cournot.

In both case,
∂

(
Mj,t

µ(si,j,t)

)
∂si,j,t

< 0 because 1
Mj,t

− si,j,t
µ(si,j,t) > 0. To see this consider:

1
Mj,t

− si,j,t
µ(si,j,t)

=
∑
i

si,j,t
µ(si,j,t)

− si,j,t
µ(si,j,t)

=
∑
k ̸=i

sk,j,t
µ(sk,j,t)

≥ 0

Where the last inequality is strict if the distribution of firms is non-degenerate.

B.8 Extra results

B.8.1 Alternative calibration

In this alternative calibration, I modify the second step of the baseline calibration (section
3.3), when the slope of firms’ switching cost function is estimated. Instead of supposing that
φ is firm-year specific, I now suppose that it is fixed across time, that is, that the distribution
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of φi,j is stationary. To calibrate this stationary distribution, I focus on the first two years
of my sample. Similarly to the baseline calibration, I rely on the optimal alpha identity
(equation (19)) for the years 1980 and 1981 to retrieve Ξi,j,t and calibrate firms’ φi,j.

With this calibration in hand, the model can be simulated for the subsequent years with
the parameters φi,j as ex-ante parameters. Now, αi,j,t is a control of the firm. Supposing
Cournot competition, this boils down to solving numerically for si,j,t, µ(si,j,t) and αi,j,t the
system: 

µi,j,t = ε(si,jt )
ε(si,jt )−1

ε(sit) =
(

1
ϵ

− (1
ϵ

− 1
σ
)
(
µi,j,tmci,j,t

pjt

)1−ϵ)−1

Ξi,j,t = φi,j

In Figure B.1, I compare the distribution of α, the primitive distribution of the model, at
the end of the sample (in 2019) for the baseline calibration and for this alternative calibration.
The key difference being that in the baseline calibration such distribution is targeted while
in this alternative calibration, it is an endogenous result. Qualitatively, the Kernel densities
are similar. Two key differences stand out: the two modes of the distribution are heavier
in the alternative calibration. This is because, if φi,j is stationary, small firms don’t update
their α at all and stay at the initial α. Instead, more of the large firms converge to the upper
bound (α = 0.9). These differences matter little for the aggregate results because, all else
equal, a firm with an α of 0.1 of 0.2 is small compared to a firm with an α of 0.8 or 0.9.
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Figure B.1: Distribution of firms’ α: baseline vs. alternative calibration.
Note: This graph plots the Kernel density estimation of the distribution of firms’ α for the baseline and the alternative
calibration. The procedure to calibrate α in the baseline calibration is reported in section 3.3.

To see this, in Figure B.2, I plot the market share and markup change of firms ordered
in capital-intensity deciles, mirroring Figures 4 and 5 from the main text. The numbers are
very close. For example, in both the baseline and the alternative calibration, the 10% most
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capital-intensive firms see their market share rise by almost 17% while their markup moves
from 1.28 to 1.72 for the baseline and from 1.28 to 1.71 in the alternative. Since these three
distributions (α, s and µ) are sufficient to deduce all the other results, they are also close to
the ones obtained in the baseline calibration.
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Figure B.2: Market shares’ (left) and Markups’ (right) dynamics per capital intensity decile
with alternative calibration.
Note: The left-hand-side graph plots the change in market shares between 1980 and 2019 associated with each decile of the
distribution of firms capital intensity from the simulated model under the alternative calibration. The right-hand-side graph
plots the change in markups between 1980 and 2019 associated with each decile of the distribution of firms capital intensity
from the simulated baseline model. The "1980" distribution of firms markups corresponds to the beginning of the model where
the distribution of firms α is calibrated on the observed distribution of firms capital intensity in 1980 and the RCK is set to its
1980 level. The "2019-alternative" distribution of firms markups corresponds to the end of the model where the distribution of
firms is an endogenous result of the model and the RCK is set to its 2019 level.

The fact that the capabilities of firms to update their α is critical initially but needs not
to change along time is reminiscent of the fact documented recently by Guntin and Kochen
(2025): superstar firms are more capital-intensive at birth compared to their cohort and
stay persistently more capital-intensive over their life-cycle. As such, it seems that the key
difference across firms lies at their birth and their comparative advantage in using capital
goods materializes when the RCK falls.

B.8.2 Taking Stock

In this section, I compare the aggregate capital-to-labor ratio in: (i) the Data, (ii) the baseline
model, (iii) a model with changes in capital intensity only, (iv) a model with markups increase
only. For (iii) and (iv), I start from the following spelling of the aggregate labor share:

λLt = ζLt
Mt

(F.10)

Where ζLt is the aggregate cost share of labor. In an environment with no markup change
and only increasing capital intensity, a decline of λLt must be explained solely by a decline
in ζLt . Given the path of λLt implied by the model (a 5.59pp decline), I retrieve the implied
ζLt from equation (F.10) and derive the implied increase in the aggregate capital-to-labor
ration using the capital-to-labor ratio identity (equation (1)). On the contrary, supposing
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no input-biased technological change implies that only a rise in Mt can explain the fall of λLt
in equation (F.10). In such a case, ζLt is fixed in time and only the falling RCK drives up the
aggregate capital-to-labor ratio. In Figure B.3, I plot the aggregate capital-to-labor ratio
implied by these two scenarii together with my baseline model and the data and clearly, an
only-markup and an only-capital account of the decline of the aggregate labor share yield
counterfactual paths for the aggregate capital-to-labor ratio.
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Figure B.3: Aggregate capital-to-labor ratio: data vs. model specifications.
Note: This figure compares four measures of the aggregate capital-to-labor ratio. The "Data" series plots the aggregate capital-
to-labor ratio from Compustat data defined as the ratio between the sum of total "Property, Plant and Equipment" and total
"Intangible Assets" divided by total "Employees". The "Baseline Model" series plots the evolution of the aggregate capital stock
to aggregate labor implied by the model defined in section 3. "capital intensity-only" refers to the aggregate capital-to-labor
ratio implied by a scenario where a 5.59pp decline in the aggregate labor share is explained solely by a fall in the cost share
of labor in equation (F.10). The implied ζLt is then used in equation (1) together with the baseline decline in the RCK to
deduce the implied aggregate capital-to-labor ratio. The series "Markups-only" draws the capital-to-labor ratio for a fixed ζLt
(calibrated to the 1980 one) given the baseline decline in the RCK from equation (1).

B.8.3 Sunk cost share of profits
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Figure B.4: Change in share of sunk costs in profits.
Note: This figure plots the percentage point change in the share of sunk costs in total accounting profits of firms per capital
intensity deciles. One minus that change is the change in the share of pure economic profits out of accounting profits.

B.8.4 Granular results about sales and employment concentration

In Table B.1, I report the percent change in the ratio ϱi,j,t (or si,j,t/λEMP
i,j,t ) along my sample for

different degrees of granularity in my model and compare these results to the corresponding
empirical estimates from Autor et al. (2020), Kwon et al. (2024) and Ma et al. (2024).

Model Data

Top 1% Aggregate Market Share
Aggregate +16.21% +6.25%†

Average of Top Firm within Sector
Aggregate +10.66%
Manufacturing +18.02% +10.81%§

Table B.1: Change in sales to employment share of biggest firms.
Note: This table contains the evolution of the ratio between sales and employment share (1/ϱi,j,t) of largest firms for different
measures. The top panel looks at the Top 1% Aggregate Market Share, that is the 1% firms with the highest aggregate market
share: si,t = pi,j,tYi,j,t

ptYt
. External results labeled with † are taken from Kwon et al. (2024) and Ma et al. (2024). Specifically,

the number 6.25% is obtained by taking the ratio between the Receipts time series of Figure 1 in Kwon et al. (2024) and the US
(BDS) time series from Figure 11 Panel A of Ma et al. (2024). The bottom panel looks at the average sales and employment
share of the top firm within each 4D sectors in the model. External results labeled with § are taken from Figure IV in Autor
et al. (2020) focusing on CR4.

The top line of Table B.1 contains the evolution of the ratio of the sales to employment
share of the 1% biggest firms in the economy. The next two lines look at the change in
the ratio of the average market share to average employment share of the top firm within
each 4D sector. Overall, the model generates a faster rise in sales share than in employment
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shares for large firms, consistently with empirical evidence. However, quantitatively, the
model systematically overshoots empirical estimates. This can be due to a few factors. First
selection effects between Compustat and SOI or Census data. The model is calibrated in
Compustat data and matches the dynamics of Compustat firms pretty well as per Figure 7
in the main text. On the other hand the estimates of Autor et al. (2020), Kwon et al. (2024)
and Ma et al. (2024) seem to point at differing magnitudes when using Census and SOI
data. A second possibility is the fact that, in the baseline calibration, capital intensity is the
only dimension of firm heterogeneity while, in reality, factor-neutral dimensions such as TFP
or demand shifters also matter. Because factor-neutral drivers of heterogeneity don’t affect
the ratio ζLi,j,t/ζ

L
j,t, they increase much less the ratio between sales share and employment

share. This can also explain why the model does poorly to explain concentration of sectors
where the distribution of output elasticity is stationary, such as trade (as seen in Figure 2
in the stylized fact section 2). Indeed, as documented by Autor et al. (2020) and Ma et al.
(2024), contrarily to the aggregate and to manufacturing, trade has seen the sales share
and employment share of its biggest firms rise almost one-to-one, instead the baseline model
predicts a 6.62% increase in the ratio of the two. For this reason, in the extension section
5 to come, I calibrate my model on two dimensions of heterogeneity: capital intensity and
TFPR. This allows to get a better picture for concentration among all sectors. For trade for
example, the increase in the ratio of sales to employment shares of the biggest firms drops
to 1.67%.

B.9 Counterfactual

B.9.1 Monopolistic competition

What if markups are homogeneous and fixed? In this section, I answer this question by
replacing the oligopolistic industrial organization of the baseline model with monopolistic
competition with exogenous markups. That is, there is now continuum of atomistic firms
within sectors. The the sectoral-aggregator (equation (10)) now spells:

Yj,t =
(∫ 1

0
(Yi,j,t)

ϵ−1
ϵ di

) ϵ
ϵ−1

And a firms price is given by:

pi,j,t = µmci,j,t

Where µ = ϵ/(ϵ − 1). In such a case, the only source of heterogeneity in firms’ choice of
α is the slope of their switching cost function. The results for the main moments implied
by such a model are reported in Table B.2 together with the baseline results. In such a
case, the capital share si flat since markups are fixed. The labor share displays a small
decline captured by an increase in the capital share. The NORK declines as the capital
share increases while the profit share is fixed and the sales-to-employment share of largest
firms increases by roughly half of the baseline.
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Symbol Variable Baseline Monopolistic
competition

mean(αi,j)
Average firm α

(% change) 99.16% 99.16%

Y
Growth rate of output

(annualized) 1.25% 0.71%

M Aggregate markup
(% change) 6.71% 0

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 0

λL
Aggregate labor share

(pp change) -5.59pp -1.15pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 4.72pp

λK
Aggregate capital share

(pp change) 0.39pp 1.15pp

λπ
Aggregate profit share

(pp change) 5.20pp 0

NORK
Net Operating Return
to Capital (% change) 17.9% -8.96%

sP99

eP99
Sales share to

employment share (% change) 10.66% 5.61%

Table B.2: Change in main moments for baseline vs. monopolistic competition
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Monopolistic
competition corresponds to firms having a fixed and homogeneous markup fixed to 1.26 (the aggregate markup in 1980 in the
baseline model). This implies that switching costs alone capture heterogeneity in α. The rest of the calibration is the same
as for the baseline. Sales share to employment share is the ratio between the average sales share and the average employment
share of the biggest firm in each sector.

B.9.2 Homogeneous switching cost

In Table B.3, I report the results of the baseline model and of the counterfactual model
where all firms share the same switching cost calibrated to the average of firms’ switching
cost in the baseline model. Table B.4 contains the results of the same exercise where the
switching cost is calibrated so as to deliver a rise in the representative α equal to the rise of
the average α in the baseline model.

The baseline economy grows by a 1.25% per anum average which corresponds to slightly
less than a fifth of the actual growth of gross output in the US over 1980 to 2019. In the
model, growth is the result of the increase in the productivity of capital good producers,
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Symbol Variable Baseline Homogeneous
switching cost

mean(αi,j)
Average firm α

(% change) 99.16% 70%

Y
Growth rate of output

(annualized) 1.25% 0.71%

M Aggregate markup
(% change) 6.71% 0

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 0

λL
Aggregate labor share

(pp change) -5.59pp 3.92pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 3.92pp

λK
Aggregate capital share

(pp change) 0.39pp -3.92pp

λπ
Aggregate profit share

(pp change) 5.20pp 0

NORK
Net Operating Return
to Capital (% change) 17.9% 73.2%

sP99

eP99
Sales share to

employment share (% change) 10.66% 0

Table B.3: Change in main moments for baseline vs. homogeneous switching cost
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Homogeneous
switching cost corresponds to the same model where all firms share the same shape for the graph of their switching cost function.
Sales share to employment share is the ratio between the average sales share and the average employment share of the biggest
firm in each sector.

which increases at an average of 6.5% per year between 1980 and 201942 as well as firms
updating their α, almost doubling it in average between 1980 and 2019. For comparison,
the Bureau of Labor Statistics (BLS), in their report "Total Factor Productivity - Major
Industry Contributions to Output"43 undertake a decomposition of input contribution to
output growth using a classic growth accounting methodology. They find that capital is
responsible for an average of 1.17% annual growth in gross output between 1990 and 2019.

In the counterfactual economy, where every firm faces the same updating cost function,
the annualized growth rate can theoretically be higher or lower than the baseline one. Higher

42TFP growth for capital good producers translates non linearly into aggregate growth due to the con-
cavity of firms’ production functions.

43https://www.bls.gov/productivity/highlights/contributions-of-total-factor-productivity-major-
industry-to-output.htm
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because with homogeneous firms, the distribution of market share and markups is uniform
and hence the aggregate markup is minimized, involving lower distortion of aggregate output.
Lower because firms’ α increases less and because the most efficient firms that participate
the most to output in the baseline model are absent in the counterfactual. Overall, the
second effect dominates. To disentangle the relative weight of the two downward drivers
on output growth compared to the baseline model, I repeat this exercise by calibrating the
switching cost so that the increase in the average/aggregate α is also 99.16%, purifying out
the difference in the growth of α and leaving only the absence of big-efficient firms as the
sole downward driver of output growth compared to the baseline. The moments implied by
such an economy are reported in Table B.4. I find that still output growth is lower (0.98%
per year). As such, in line with Edmond et al. (2015), Edmond et al. (2023) or Aghion et al.
(2023) the net effect on output of large firms is positive, even if they charge higher markups,
if their size is micro-founded by productivity (in my case, efficiency in adopting external
innovation). Because there is no reallocation across firms, the aggregate labor share follows
the path of the median labor share and hence rises due to complementarity between labor
and capital in production at the micro level.44 Interestingly, aggregate net operating return
to capital surges in the counterfactual economy because, while markups don’t change, profits
increase 1-to-1 with output (profit share is stable) due to a volume effect while the capital
share plunges. Finally, the sales share to employment shares of the biggest firm trivially
does not change. Indeed, all firms have the same production technology at every period and
hence the same sales and employment share. So any 10% firms will be responsible for 10%
of both sales and employment.

44Note that since firms’ production function are homogeneous, they can be aggregated into an aggregate
production function that shares the same parameters. As such, the aggregate elasticity of substitution is the
same as the micro one: 0.5.
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Symbol Variable Baseline Homogeneous switching cost

mean(αi,j)
Average firm α

(% change) 99.16% 99.16%

Y
Growth rate of output

(annualized) 1.25% 0.98%

M Aggregate markup
(% change) 6.71% 0

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 0

λL
Aggregate labor share

(pp change) -5.59pp 2.84pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 2.84pp

λK
Aggregate capital share

(pp change) 0.39pp -2.84pp

λπ
Aggregate profit share

(pp change) 5.20pp 0

NORK
Net Operating Return
to Capital (% change) 17.9% 44.15%

sP99

eP99
Sales share to

employment share (% change) 10.66% 0

Table B.4: Change in main momentss for baseline vs. low homogeneous switching cost
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Homogeneous
switching cost corresponds to the same model where all firms share the same shape for the graph of their switching cost function.
Sales share to employment share is the ratio between the average sales share and the average employment share of the biggest
firm in each sector.

B.9.3 Stationary distribution of α

In this section, I simulate my model over a stationary distribution of α. That is, I suppose
that every year, the distribution of α is the same as the one in 1980. This preserves the
heterogeneity in capital intensity but kills the endogenous updating margin. Changes in key
moments are reported in Table B.5.
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Symbol Variable Baseline Stationary
distribution of α

mean(αi,j)
Average firm α

(% change) 99.16% 0

Y
Growth rate of output

(annualized) 1.15% 0.31%

M Aggregate markup
(% change) 6.71% 1.60%

V AR(µi,j)
Variance of firms’ markups

(% change) 335% +169%

λL
Aggregate labor share

(pp change) -5.59pp +1.89pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 2.21pp

λK
Aggregate capital share

(pp change) 0.39pp -3.17pp

λπ
Aggregate profit share

(pp change) 5.20pp 1.28pp

NORK
Net Operating Return
to Capital (% change) 17.9% +142.88%

sP99

eP99
Sales share to

employment share (% change) 10.66% 0.95%

Table B.5: Change of main moments for baseline vs. stationary distribution of α
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Stationary
distribution refers to the model simulated on the distribution of α of 1980 for every year, i.e shutting down the endogeneous
updating of alpha component.

B.9.4 Heterogeneous α vs. Heterogeneous TFP

Here, I compare my model to a "classic" Atkeson and Burstein (2008) where firm dynamics
are driven by TFP. The "classic" Atkeson and Burstein (2008) model is calibrated with homo-
geneous α, set to 0.12 (the average α over my full sample), but firms feature heterogeneous
Total Factor Productivity, that is Yi,j,t becomes:45

Yi,j,t = Zi,j,t

(
αKi,j,t

ψ−1
ψ + (1 − α)Li,j,t

ψ−1
ψ

) ψ
ψ−1

I then calibrate firms’ TFP with my estimate of TFPR calculated with equation (35) in
Appendix A.5.1. I use the estimation made under the assumption of homogeneous α. This

45I do not report all the implied identities as they are standard.
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measure is the Solow residual of firms’ production function when ψ and α are supposed fixed
across firms and time.46 I keep the same market structure (100 sectors each populated by 10
firms) although the simulated aggregate markup in 1980 is 1.30, higher than that estimated
in section A.5.2 under the hypothesis of homogeneous α: 1.27. I do this to make comparison
to the baseline more direct and leave out market structure changes. I simulate the model
under this calibration and report the resulting changes in the main moments in Table B.6
together with the baseline.

In such a case, the key predictions are a huge surge in the markup and an almost equally
huge fall in the capital share. Note that despite a sharper rise in the aggregate markup,
the variance of markups increases less under heterogeneous TFPR than under heterogeneous
α. This is because the original variance is higher under TFPR micro-foundation of firm
dynamics and hence large firms are already on the steeper segment of their markup curves.
Any increase in the variance of markups therefore implies a bigger rise in the aggregate
markup: all the way to 1.47 compared to the 1.34 estimated in section A.5.2. Because α is
homogeneous and exogenous, the capital share of every firm drops due to complementarity
between capital and labor. The surge in the profit share hence only eats up 1.17pp of the
labor share, implying that only an unrealistic rise in markups can deliver the full decline in
the labor share. Equally unrealistic is the surge in the Net Operating Return to Capital that
is multiplied by almost five. This extreme increase is driven by the amplified rise in profits
together with the sharp fall of the capital share. Finally the change in the ratio between
the sales and the employment share of the biggest firms is compressed because, as discussed
in section 4.5, the proportionality coefficient between sales and employment is much less
dampened when firms have fixed output elasticity to labor.

46Remember that this measure isn’t Total Factor Productivity for two reasons. First, I do not possess
quantity data and hence output is proxied by sales. Second, I have factorized all source of non-homotheticity
in the log-linear term of the production function (see section ??). I abuse language by calling it TFP for the
rest of this section for coherence with the related literature.
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Symbol Variable Baseline Heterogeneous TFP

mean(TFP ) Average firm TFP
(% change) 0 55.6%

mean(αi,j)
Average firm α

(% change) 99.16% 0

Y
Growth rate of output

(annualized) 1.25% 0.98%

M Aggregate markup
(% change) 6.71% 12.00%

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 232%

λL
Aggregate labor share

(pp change) -5.59 pp -1.17pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 7.04pp

λK
Aggregate capital share

(pp change) 0.39pp -7.48pp

λπ
Aggregate profit share

(pp change) 5.20pp 8.65pp

NORK
Net Operating Return
to Capital (% change) 17.90% 378.15%

sP99

eP99
Sales share to

employment share (% change) 10.66% 1.34%

Table B.6: Change in main moments for baseline vs. heterogeneous TFPR
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Hetero-
geneous TFPR corresponds to the same model where all firms share the same same α but different Solow residuals estimated
using equation (35) of section A.5.1. Sales share to employment share is the ratio between the average sales share and the
average employment share of the biggest firm in each sector.
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B.10 Extensions

B.10.1 Heterogeneous α and Heterogeneous TFP

I now propose to turn to an exercise where firms’ heterogeneity is bi-dimensional: in TFP
and in α. In such a case, the calibration of the model is the one of the baseline (1) with
the addition of firm-specific TFP 47 this time estimated using equation (35) in section A.5.1
but under the heterogeneous α case. For each sector, I construct a bivariate kernel density
estimate of the joint distribution of firm-level TFP and α per sector from which each 10 firms
in the sector draw a pair. The resulting changes in our moments of interest are reported in
Table B.7.

Adding the heterogeneous TFP dimension has three principal effects. First it allows to
amplify dispersion in sectors that have little relative variance in capital intensity (Service-
related sectors in particular). Second, it amplifies the dominant position of some firms who
have both high TFP and high capital intensity. Because TFP is calibrated with TFPR,
which as shown in section A.5.1 captures non-homotheticity, this could suggest possibly no
scale invariance, consistently with a "scaling without mass" phenomenon. Third, it restores
the greatness of some firms that are big despite being labor-intensive. The net effect of
integrating heterogeneous TFP is hence ex-ante ambiguous for almost all our variables.
One variable for which there is no ambiguity is growth. On top of the TFP of the capital
good producer and firms’ adapting their production function, the model now includes TFP
growth for firms. Average yearly gross output growth climbs to 2.36%. For comparison,
the Bureau of Labor Statistics (BLS), in their report "Total Factor Productivity - Major
Industry Contributions to Output" 48 find that the average output growth due to both TFP
and Capital is 2.04% between 1990 and 2019. The aggregate markup happens to grow more
than twice as fast as in the baseline while the variance of firms’ markups rises only modestly.
This is again due to the fact that the variance of markups is higher in 1980 when accounting
for heterogeneous TFP. Any percent increase in the variance of markups therefore translates
into a higher aggregate markup in the extension economy than in the baseline. This leads
to a decline of the aggregate labor share of 7.22pp, close to its entire decline. The capital
share also suffers from the jump in the profit share and declines as well. The Net Operating
Return to Capital increases by 56.92%, close to the total estimate reported by Gutiérrez and
Philippon (2016). Finally the sales to employment share of the biggest firms rises by 4.66%.

47The production function becomes: Yi,j,t = Zi,j,t

(
αi,j,tKi,j,t

ψ−1
ψ + (1 − αi,j,t)Li,j,t

ψ−1
ψ

) ψ
ψ−1

48https://www.bls.gov/productivity/highlights/contributions-of-total-factor-productivity-major-
industry-to-output.htm
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Symbol Variable Baseline Baseline ⊕
Heterogeneous TFP

mean(TFP ) Average firm TFP
(% change) 0 30.2%

mean(αi,j)
Average firm α

(% change) 99.16% 99.16%

Y
Growth rate of output

(annualized) 1.25% 2.36%

M Aggregate markup
(% change) 6.71% 14.36%

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 403%

λL
Aggregate labor share

(pp change) -5.59 pp -7.22pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 2.06pp

λK
Aggregate capital share

(pp change) 0.39pp -1.28pp

λπ
Aggregate profit share

(pp change) 5.20pp 8.50pp

NORK
Net Operating Return
to Capital (% change) 17.90% 56.92%

sP99

eP99
Sales share to

employment share (% change) 10.66% 4.66%

Table B.7: Change in main moments for baseline vs. baseline + heterogeneous TFPR
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Baseline
+ Heterogeneous TFP corresponds to the same model where all firms share the same same α but different Solow residuals
estimated using equation (35) of section A.5.1. Sales share to employment share is the ratio between the average sales share
and the average employment share of the biggest firm in each sector.
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Model Data

Top 1% Aggregate Market Share
Aggregate +4.91% +6.25%†

Average of Top Firm within Sector
Aggregate +4.66%
Manufacturing +6.26% +10.81%§

Table B.8: Change in sales to employment share of biggest firms including α and TFP.
Note: This table contains the evolution of the ratio between sales and employment share (1/ϱi,j,t) of largest firms for different
measures. The top panel looks at the Top 1% Aggregate Market Share, that is the 1% firms with the highest aggregate market
share: si,t = pi,j,tYi,j,t

ptYt
. External results labeled with † are taken from Kwon et al. (2024) and Ma et al. (2024). Specifically,

the number 6.25% is obtained by taking the ratio between the Receipts time series of Figure 1 in Kwon et al. (2024) and the US
(BDS) time series from Figure 11 Panel A of Ma et al. (2024). The bottom panel looks at the average sales and employment
share of the top firm within each 4D sectors in the model. External results are taken from Figure IV in Autor et al. (2020)
focusing on CR4.

B.10.2 Falling interest rates

A key determinant of the capital share is the required return to capital (Barkai (2020), ?,
Karabarbounis and Neiman (2019), Karabarbounis (2024)). I have followed the literature
in not including the fall in the risk-free interest rate in my measure of the RCK because
of differences in risk and liquidity attributes (Fisher (2015), Campbell et al. (2017), Farhi
and Gourio (2018)). In this section, I look at the outcome of the model if interest rates
decline on top of the relative cost of capital goods, amplifying the fall in the rental rate
of capital. I model the decline in the interest rate following Laubach and Williams (2003),
Mian et al. (2021), Favero et al. (2021) and many others, supposing that agents have become
increasingly patient (rising β). This corresponds to adding the moments reported in Table
B.9 to the baseline calibration displayed in Table 1 as well as to re-estimating the distribution
of firms’ α. I report these in Figures B.5 (complementary capital and labor, ψ = 0.5), B.6
(alternatives: Cobb-Douglas ψ → 1 and substitutable capital and labor, ψ = 1.5).

Symbol Parameter Value Moment

r Interest rate [0.16:0.02] Federal Feds fund rate
β Discount factor 1

1+r

Table B.9: Model Calibration with falling interest rates.

Results under this new calibration are displayed in Table B.10. The rise in average α is
lower because a steeper fall in the RCK (now including the fall in the interest rate) translates
into a lower necessary increase in α to match firms’ rising capital intensity pattern. This
dampening effect is stronger for the most capital-intensive firms. This is only partly offset
by the steeper fall in the RCK, yielding a compression of the distribution in capital intensity
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Figure B.5: Moments of the distribution of alpha with falling interest rates
Note: Source is Compustat. Sample is 1980-2019. Moments from the distribution implied by the estimation made using
equation (32) on Compustat firms. P90 is the 9th decile.
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(a) Cobb-Douglas (ψ → 1)
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(b) Substitutes (ψ = 1.5)

Figure B.6: Moments of the distribution of alpha with falling interest rates for different
elasticity of substitution between capital and labor
Note: Source is Compustat. Sample is 1980-2019. Moments from the distribution implied by the estimation made using
equation (32) on Compustat firms. P90 is the 9th decile.

which in turn affects the distribution of market shares and markups. This results in a
lower annual growth rate and aggregate markup. While all the other results hold in a
same magnitude, the capital share is notably different. The aggregate capital share is now
declining, consistently with the differing results of Rognlie (2015) and Barkai (2020). This
is because the upward driver of the capital share, rising α, is now lower, while one of its
downward driver, falling RCK, is now steeper. Finally, the fall in the Net Operating Return
to Capital is amplified by the fall in the capital share.
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Symbol Variable Baseline Falling interest rate

mean(αi,j)
Average firm α

(% change) 99.16% 83.01%

Y
Growth rate of output

(annualized) 1.25% 1.16%

M Aggregate markup
(% change) 6.71% 5.81%

V AR(µi,j)
Variance of firms’ markups

(% change) 335% 298%

λL
Aggregate labor share

(pp change) -5.59pp -3.74pp

median(λLi,j)
Median firm labor share

(pp change) 2.11pp 2.58pp

λK
Aggregate capital share

(pp change) 0.39pp -0.99pp

λπ
Aggregate profit share

(pp change) 5.20pp 4.73pp

NORK
Net Operating Return
to Capital (% change) 17.9% 57.65%

sP99

eP99
Sales share to

employment share (% change) 10.66% 13.43%

Table B.10: Change of main moments for baseline vs. stationary distribution of α
Note: Change is 2019 compared to 1980. Baseline refers to the baseline model and calibration referred in section 3. Stationary
distribution refers to the model simulated on the distribution of α of 1980 for every year and every other parameter is the same
as the baseline.
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