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The Macroeconomics of Structural Transformation

Abstract

This dissertation consists of three essays about the broad structural and technological

changes to the US economy over the past fifty years, and their macroeconomic implications.

Chapter 1 looks at the relationship between the rise of IT and the rise in industrial

concentration. Over the past four decades, most sectors of the US economy have become

significantly more concentrated: a small number of large firms now have a much larger

market share. Using administrative microdata on firms in every sector of the US economy,

including new administrative data on firm-level IT investments, I show that the IT Revolution

disproportionately benefited the largest firms - an instance of what we might call scale-biased

technological change (ScBTC). I document that the largest firms have invested more intensively

in IT than smaller firms have, particularly in the most advanced and proprietary kinds of

IT. I also document that larger firms are generally more capital intensive than smaller

firms, and operate at higher returns to scale, but that large firms invest an even greater

share of their capital expenditures on IT than small firms do. I discuss how production

function estimates and a model of firm heterogeneity and fixed costs might be used to

show how the decline in the price of IT ultimately led to the rise of US industrial concentration,

and how this can be distinguished from competing causal theories about a fall in competition

or a rise in competition. Simple calibration exercises can quantitatively generate large

increases in concentration from declines in the price of IT.
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Chapter 2, joint work with Jan De Loecker and Jan Eeckhout, looks at the relationship

between rising industrial concentration, and rising aggregate markups. We document the

evolution of markups based on firm-level data for the US economy since 1955. Initially,

markups are stable, even slightly decreasing. In 1980, average markups start to rise from

21% above marginal cost to 61% now. The increase is driven mainly by the upper tail of

the markup distribution: the upper percentiles have increased sharply, while the median

is unchanged. In addition to fattening upper tail of the unweighted markup distribution,

there is reallocation of market share from low to high markup firms. This rise occurs

mostly within industry for all industries. We also find an increase in profits. While there

is some increase in overhead costs, the markup increase is in excess of overhead. We then

discuss the macroeconomic implications of an increase in average market power, which

can account for a number of secular trends in the last four decades, most notably the

declining labor and capital shares as well as the decrease in labor market dynamism.

Chapter 3 presents a broad research agenda going forward for understanding the

macroeconomics of structural transformation, and specifically outlines some speculative

theories about our basic theories about economic growth, and the business cycle.
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1 Scale-Biased Technological Change

1.1 Introduction

Over the past forty years, industrial concentration in the US economy has dramatically

risen. In most sectors of the US economy - at any level of industrial disaggregation - the

very largest firms now command a much larger market share than they did in the early

1980s. This fact has attracted growing attention from policymakers and the general public.

It has also become increasingly central to recent macroeconomic research, which now

includes efforts to directly connect it to, among other things, the decline of labor’s share

of income, the rise of markups, jobless recoveries, the changing dynamics of inflation,

secular changes in corporate investment, and the US productivity slowdown.

There is, however, no consensus on what the deeper underlying causes of this rise

in industrial concentration are. Much of the debate so far has focused on two different

explanations. The first explanation, perhaps the most popular so far amongst both pundits

and researchers, is that there has been a decline in competition, perhaps caused by a

decline in US antirust enforcement over this period (Philippon Gutiérrez 2017). The

second explanation, paradoxically, is the opposite: that the main cause of the rise in

industrial concentration is an increase in competition, perhaps caused by the rise of the

Internet and the deepening of globalization, all of which pit more firms against more

competitors (Autor et al, 2020), and turns the economy into a kind of superstar tournament.

Here I advance a third explanation: that the IT Revolution (1980s - present) introduced

a series of production technologies that have been systematically better for large firms

than for small firms - an instance of what we might call “scale-biased technological change”

(or ‘ScBTC’ for short). Many of these new information technologies are associated with

large fixed costs, which only make sense for the largest and most productive firms (for
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reasons I discuss in greater detail below). Larger firms have invested more intensively in

these new forms of IT, and enjoyed greater productivity gains from them, which in turn

have enabled them to dramatically expand their market share.

Over the past couple of decades, an extremely important body of research from labor

economics has documented the ways in which the introduction of computers has been

systematically better for some kinds of workers than it has for others (much under the

headings of “skill-biased technological change” or “routine-biased technological change”).

But there is not yet a comparably rich body of research in macroeconomics on how these

new technologies might be better for some kinds of firms than for others.

I view this theory as deeply complimentary to the second explanation mentioned

above, of increased competition, and there is credible evidence that both are happening.

But the two explanations have some distinct theoretical and empirical implications, and I

argue below that the third explanation – the scale-bias of the IT Revolution – is ultimately

the more significant causal force behind the rise in US industrial concentration. The

increased competition theory (modeled, as in Autor et al 2020, as an increased elasticity of

substitution between goods) is about given differences in productivity (even very small

ones) between firms now having greater consequences to market share outcomes. By

contrast, the explanation presented here is about the very largest firms first becoming

even more productive than their counterparts, and then using these greater productivity

gains to win more market share. Put another way: the increased competition theory is,

in a sense, about a change to the underlying technology of the marketplace itself (like the

rise of e-commerce making it easier to substitute between goods and between competing

firms); the explanation presented here is about the technological changes taking place

within the largest firms.

The first explanation (of a decrease in competition) has been widely and erroneously

2



conflated with the finding in De Loecker Eeckhout Unger (2020) of the rise of markups in

the US economy. The core finding in De Loecker et al (2020) is that in the aggregate,

markups have risen, but that this has fundamentally been driven by the reallocation

of market share from small mark-up firms to large mark-up firms, not an increase in

mark-ups within a given firm (a finding also in Baqaee Farhi 2020). It is analogous to the

finding in Autor et al (2020) and Kehrig Vincent (2020) that the decline of labor’s share of

income in the US is not a within-firm phenomenon, but is instead primarily driven by the

reallocation of market share from smaller, more labor-intensive firms towards large, less

labor-intensive firms. In both cases, a significant aggregate change to the US economy is

driven by a large compositional change to the economy, in the form of rising industrial

concentration. The fundamental question now is how to understand the cause of this rise.

There are a number of specific sub-sectors of the US economy (say, health care, or

internet service provision), that appear to suffer from issues of low or even declining

competition, and correspondingly, a number of carefully done empirical studies of such

sub-sectors, convincingly documenting relationships between things like low competition,

intense merger activity, high markups, and so on. The claim here is certainly not that

such sub-sectors do not exist; it is that they are not representative of the relationship

between technological change, competition, and industrial concentration that prevails in

most sectors of the US economy.

Similarly, the rise of two-sided high tech platforms (Facebook, Uber, etc.) might pose

distinct and novel issues for competition and regulation. Again, the claim here is not that

such firms or such issues do not exist; it is that they are not representative of the broader

economy. The rise of industrial concentration appears in most sectors of the economy,

at every level of industrial aggregation: it appears in cardboard box manufacturing, in

architecture, in ice cream, in retail grocery stores. It is a far more general phenomenon

3



than the rise of platform-based tech firms. (The “high tech sector”, defined very broadly,

is about 5% of US GDP, and accounts for a much smaller percentage of total employment

or the total number of firms).

It should also be noted that the most common version of the “declining competition”

narrative centers on the role of US antitrust enforcement. Because the most relevant

channel of antitrust enforcement here is merger scrutiny (see Appendix A for an overview

of US antitrust law), I include some basic empirics on the role of mergers and acquisitions

in the rise of industrial concentration. The core finding here is that most of this rise has

happened through internal expansion (“organic growth”) and not through acquisitions.

This poses a serious problem for many causal theories that attempt to directly link a

decline in antitrust enforcement to the rise in concentration.

The idea that IT might have something to do with the rise in US industrial concentration

is, in a sense, not a particularly surprising or even original one (during the last major

scholarly debate over US industrial concentration, in the 1950s-1970s, explanations generally

fell into one of two categories: explanations about technology, or explanations about

regulation and competition policy). In the paper perhaps closest to this one, Bessen (2017)

similarly suggests a link between proprietary IT and the rise in US industrial concentration,

and presents some indirect cross-sector facts from public data potentially consistent with

this view (showing a correlation between sectors that employ a lot of IT-specialist workers,

and sectors that have experienced large rises in concentration).

The contribution of the present paper is threefold. First, I use administrative microdata

to directly empirically document the relationship between different kinds of IT and firm

size, drawing on new administrative data about IT in US firms . Second, I present a

fully-worked out model of firm heterogeneity and fixed costs, which formalizes the core

mechanism. Third, I show how this story is theoretically and empirically distinct from
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alternative stories about a fall in competition, or a rise in competition.

In the first section of this paper, I present the core empirical findings about the relationship

between IT and firm size. Second, I present a simple model with which to interpret

these findings. I then bring the two together with production function estimation, which

I then use to calibrate the model. Finally, I show how the model and the empirical

findings are distinct from the alternative theories. I conclude by discussing some of the

implications of scale-biased technological change for future research and for policy. A

series of appendices describe in greater detail (A) an extremely brief explanation of the

basic architecture of US antitrust law, and (B) the relationship of this paper to previous

literatures.

The debate over the correct economic interpretation of high or rising industrial concentration

is a historically recurrent one; it was last a major concern of researchers and policymakers

in the 1950s and 1960s. Now, as then, the technological interpretation is conventionally

associated with a benign attitude towards concentration, while the regulatory interpretation

is conventionally associated with an attitude of greater concern, pointing towards the

need for greater policy intervention. To be very explicit, the results here are not proof –

or even evidence – that the rise of industrial concentration is a benign phenomenon. In

ongoing and closely related work (Unger 2022), I show how the confinement of the most

advanced production technologies to a small number of large firms can create a slowdown

in aggregate productivity growth (a series of important papers from OECD economists,

including Andrews et al 2016, makes a similar point). To the extent that these results might

tentatively inform a policy discussion, they suggest that the focus should be redirected

away from antitrust enforcement and towards policies that encourage the diffusion of

advanced technologies from the leading firms to the rest of the economy, and that attempts

to use the former as consolation for the latter are likely to end in disappointment.
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1.2 Motivation: The IT Revolution

1.2.1 Narrative

Some brief narrative background is helpful in understanding the facts documented below,

and the theory suggested here.

Almost every sector of the economy is a combination of large and small firms. Large

firms often operate with a disproportionately greater number of product lines, customers,

and inputs. This creates, at the core of their business, a large matrix of information;

they are more informationally intensive. The IT Revolution gave businesses new tools for

managing information, like electronic scanners for UPCs, or RFID chips for managing

supply chain crates. The basic claim here is that the IT Revolution was disproportionately

then better for large firms, because large firms are disproportionately information intensive.

Many of the superstar firms of the past few decades have been very explicit about this

connection. Bezos decided to begin Amazon as a book store in the 1990s because he

wanted to start with the business that best leveraged the potential of the Internet; he

settled on books because he discovered that books had more distinct items than any other

product category – 3 millions different books in print at the time. Wal-Mart became the

largest private employer in the US on a business model that aggressively exploited IT to

manage logistics before any other major retailer did:

“Sam understood that to service these stores you’ve got to have timely

information: how much merchandise is in the store? What is it? What’s selling

and what’s not? What is to be ordered, marked down, replaced? And all this

involves getting the merchandise to the store at the right time, communicating

how it’s being priced and how it’s being marked down, whatever. And this

is a very important point: without the computer, Sam Walton could not have
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Figure 1: Secular Decline in IT Prices

done what’s he’s done.”

– Abe Marks, head of Wal-Mart IT in the 1960s (!)

The easiest way to directly measure and then model the impact of the IT Revolution

is to look at the price of IT inputs, which have declined sharply over the past 40 years,

in both absolute terms, and in relative terms to other production inputs (Fig 1, from the

work of Jorgenson et al, 2001). The continued decline of the price of IT inputs over this

period is a reminder that the IT Revolution is not a one-time event; each year, large firms

continue to invest in new forms of IT software, hardware, and personnel, and continue to

benefit from them. Over the same period, we see at the aggregate level a sharp increase

in IT investments (e.g. Fig 2, generated from the BEA Fixed Asset Tables).

It is important to note a few things about this narrative at the outset. First, it is, in

principle, possible to tell a story that runs in the opposite direction: one where the IT

Revolution was disproportionately better for small firms (perhaps by making transaction

costs less of a burden). There is an analogy to a debate in the 1980s and 1990s about
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Figure 2: Sector CapEx in IT Capital

whether the Internet would make big cities more or less important for workers: both sides

were argued. Ultimately, it is an empirical question, not a logic one: my claim here is that

empirically, the IT Revolution was better for large firms (just as empirically, it seems to

have increased, not decreased, the importance of large cities).

Second, it is important to note that this is not the common way we think about or

model technology in most firm heterogeneity models today, in macro and adjacent fields.

The standard approach is that all firms are basically operating the same production technology,

and the same factor intensities; they simply operate it in idiosyncratically better or worse

ways (i.e. they have different residual Ais attached to the same production function F (⇤),

where output is given by yi = AiF (⇤)). Departing from the standard approach may

involve some methodological awkwardness, and the full implications of departing from

it on various economic questions may be an important topic of future work.

Third, perhaps the easiest and most familiar way to formally think about this narrative

is to say that the IT Revolution offers a set of new production technologies with a higher

fixed cost, in exchange for a lower marginal cost. Firms with higher productivity draws

will be more willing to pay the higher fixed cost and opt in. While this certainly captures
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one dimension of IT technology, it is not obvious that it captures all of it, specifically

the contribution of IT to managing greater information intensity. The large scale firms of

the 2nd Industrial Revolution (in Big Oil, Big Steel, etc) had big fixed cost/low marginal

cost production technologies, but were also very informationally simple: one output, very

small number of inputs. This is different from a business like Amazon or Wal-Mart, which

have a very large number of inputs and outputs, and use IT to coordinate them. How far

we can go modeling the IT Revolution as the introduction of a higher fixed cost/lower

marginal cost technology, vs an alternative formal approach, is another important topic of

future work.

1.2.2 Case Study

Consider a brief case study, in an unexpected place: cardboard box manufacturing (NAICS

322211). It is a fairly homogenous product (often used in IO research as a special example

of one). One might imagine that production technology here is also fairly homogenous

across the firm size distribution. And yet: the largest firms in this industry are extremely

capital intensive, highly vertically integrated, and very IT intensive: Georgia-Pacific (40,000

employees, subsidiary of Koch Industry), International Paper (market cap $23 billion,

owns forests, pulp mills), Kapstone Market (owns lumber mills, distribution centers),

Mondi (operates in 30 countries), Westrock (42,000 workers across 30 countries). The

largest firms sell more distinct product lines (as measured at the NAICS 10-digit level)

and use more inputs. There is then a long tail of small, single-unit firms that use 1-2

inputs and produce 1-2 kinds of product.

Over the past few decades, industrial concentration in box manufacturing has risen

from less than 20% in the 1960s to over 50% today. CR(4) growth is driven in part by

acquisitions, but mainly by organic expansion, in the form of the largest firms building
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Figure 3: CR(4) in the Cardboard Box Industry

new plants around the country. Concentration over this period has also increased vertically:

large firms in this industry have also expanded into more new 6-digit industries, and

within this industry, have also expanded into more 10-digit NAICS product lines. The

largest firms have also invested much more intensively in IT (as a fraction of CapEx).

The claim here is that this IT investment has enabled the largest firms to become more

productive and grow to take more market share.

1.2.3 State of the Literature

A recent but large literature over the past decade has documented the rise in US industrial

concentration, and attempted to better understand it. Autor et al (2020) documents a

large rise in concentration in most US sectors, and shows how it compositionally creates a

decline in the aggregate labor share, as does Kehrig Vincent (2020); both remain agnostic

on its causes. Phillipon Gutiérrez (2017), Phillipon Gutiérrez (2022) (and other papers by
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these authors) take a stronger stand, arguing that the rise in industrial concentration is

the consequence of changes in antitrust policy. A large number of papers in macro-labor

also remain agnostic but explore the consequences of the rise in concentration on many

different macro variables and channels (monetary policy, the evolution of wages and

income inequality, etc).

A second set of related papers explore the hypothesis that the rise in concentration

may have something to do with a change in firm technology, but leave the precise nature

of the technology open to further investigation. De Ridder (2021) theoretically explores

the hypothesis that greater use of “intangible” in production might explain a documented

rise in firm market power, in the context of a Schumpeterian model, as do Olmstead-Rumsey

(2022) and Klenow et al (2022). Bessen (2017) uses cross-sectional data from Compustat

market shares and BLS IT personnel shares to suggest a correlation between the two.

In this context, the contribution of this paper is not suggesting a connection between

technological change and industrial concentration (clearly an obvious possibility, and a

view shared by many). Specifically, I believe this is the first paper in this literature to

use administrative US microdata on IT investments at the firm level, and to document the

precise nature of these investments. I draw on a number of different Census administrative

data sets, but especially the Annual Capital Expenditure Survey (ACES). The ACES is

used to produce BEA aggregate level time series data on capital expenditures across the

economy (used extensively), but historically the microdata from ACES has been unused

by researchers. Given all of the potential macro consequences of rising industrial concentration,

it is important to be extremely clear on what is driving it. More broadly, I attempt here

to take a stronger stand on the nature of the IT Revolution, why it disproportionately

benefited superstar firms, and how this fits in with a set of macro debates and literatures.

There is also an older literature in labor on the bias of the IT Revolution on different

11



kinds of workers (high vs low skill, routine vs non-routine), and on different kinds of

factors (labor vs capital) – see Autor Levy Murnane (2003), Goldin Katz (2007), and others.

Here we explore the analogous question, of a bias on different kinds of firms.
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1.3 Core Stylized Facts

1.3.1 Fact #1: Large firms are more capital intensive

The claim that within most industries, larger firms are generally more capital intensive

than smaller firms, may pass for conventional wisdom. Despite this, there exist curiously

few empirical studies to back it up (perhaps because the topic arose in debates in the

1960s and 1970s - in labor over the firm size/wage premium, in IO over the interpretation

of industrial concentration - that last took place before modern access to microdata; see

Sutton (1991) for the closest thing to a canonical reference). Much of the firm heterogeneity

literature today - both more structured modeling exercises, and less structured production

function estimation - is conducted under the assumption that all firms in a given industry

are basically operating the same production technology (in idiosyncratically better or

worse ways). Understanding the differences in total capital intensity across the firm size

distribution is important here at the outset for a number of reasons: it helps us understand

what the initial differences in production technology across the size distribution are, how

discontinuous they are, and how to place differences in IT investment in context (e.g. if

we saw large firms investing more in IT capital without seeing data on non-IT capital, we

would have no way of knowing whether this is trivially generated by the greater capital

intensity of large firms, or not).

‘Capital intensity’ can be reasonably defined in a couple of different and overlapping

ways: the ratio of capital expenditures to total cost, the ratio of total assets to number

of employees, the ratio of total assets to the total wage bill. I show here that across

these various definitions, larger firms are substantially more capital intensive than smaller

firms.(Measures of capital intensity based on stocks are probably better than measures

based on flows, but it works either way).

The core point is that larger firms are substantially more capital intensive than smaller
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firms, this seems robust to different ways of defining ”capital intensity,” it is true across

industries, and it seems like a fairly discontinuous relationship across the size distribution.

See Figures 4-7 below.

Figure 4: Total Assets/Employees by Firm Size

Figure 5: Total Assets/Employees by Firm Size, Sector Fixed Effects
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Figure 6: Total Assets/Employees by Firm Size, NAICS 311811

Figure 7: Total Assets/Wage Bill by Firm Size

1.3.2 Fact #2: Large firms invest more of their capital in IT

(Note that facts 1 and 2 in combination further magnify the total differences in IT between

large and small firms that either fact in isolation might already imply).

See Fig. 8 below.
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Figure 8: CapEx/Total Cost, by Firm Size

1.3.3 Fact #3: Large firms invest more of their IT in proprietary IT

The third fact: larger firms spend much more of their IT investment on the most advanced

and proprietary forms of IT. This fact is particularly significant for at least two reasons.

Substantively, it suggests the importance of the substantial fixed costs associated with

the development and maintenance of proprietary or very advanced IT infrastructures.

Methodologically, it suggests that researchers looking at these issues with data on only

the simplest kinds of IT (off-the-shelf computers or off-the-shelf software) not only might

miss the strongly positive IT-firm size relationship; in fact they might spuriously see the

opposite, because the largest firms spend a lower share of their total capital expenditures

on the simplest forms of IT than their smaller counterparts.

See Figures 9, 10, and 11.
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Figure 9: Total IT Investment by Firm Size, 2016

Figure 10: Prepackaged Software Investment by Firm Size, 2016

1.3.4 Fact #4: Differences in factor shares x firm size are all increasing over time

The fourth fact: each one of the factor shares described above (general capital intensity, IT

out of capital, advanced IT out of total IT) has evolved over this time period. The largest

firms have become (slightly) even more capital intensive, even more IT intensive with

respect to capital, and even more ‘advanced IT’ intensive with respect to IT.

See Figures 12, 13, 14, and 15.
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Figure 11: Customized Software Investment by Firm Size, 2016

Note that these changes in factor shares over this period, much like the differences in

factor intensity at this period, are heavily concentrated in the largest firms. This points to

towards the relatively discontinuous nature of these differences in production technology

across the size distribution, which in turn points towards some kind of story about fixed

costs.

Figure 12: Proprietary Software Investment by Firm Size, 2016
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Figure 13: Increase in Total IT Investment

Figure 14: Increase in Prepackaged Software/CapEx

Figure 15: Increase in Customized Software/CapEx
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Figure 16: Increase in Proprietary Software/CapEx
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1.4 Model Framework

1.4.1 Production Functions

A very basic, if ad-hoc, way to think about the relationship between factors, factor prices,

and market shares here, is to imagine dividing each industry into two different kinds of

production functions, for large and small firms:

YB = AK�k,BM�m,BL�L,BIT �IT,B

YS = AK�k,SM�m,SL�L,SIT �IT,S

A reduced-form way to think about the causal force of IT in rising concentration is

simply that if:

IT �IT,B > IT �IT,S

I.e. if large firms have a larger production output elasticity with respect to IT inputs

than small firms do, as the price of IT drops, they will have a larger output growth

response. While this may seem trivially ad-hoc, it is worth noting that almost all of

our firm heterogeneity models today take it as given that different firms are basically

operating the same production technology and the same factor intensities; the only thing

that differs is that they do so in idiosyncratically better or worse ways (i.e. the residual Ai

is the main thing that varies between different firms). This framework may also be useful

in directly calibrating the impact of observed declines in the relative price of IT capital

goods.
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1.4.2 Simple Calibration

Consider a simple back of the envelope accounting exercise, to illustrate the quantitative

power of this mechanism (see Appendix D for details).

Suppose one divided a sector into two groups - very large firms vs all other firms -

and wrote down two production functions, circa 1980.

YB,1980 = AK�k,BL�L,BIT �IT,B

YS,1980 = AK�k,SL�L,SIT �IT,S

And then defined, for the metric of industrial concentration,

CR =
YB

YB + YS

Assign reasonable parameter values for the output elasticities (I use the NBER CES

Manufacturing Database as a point of departure), and keep them constant, then shock the

price of IT, on a comparable order of magnitude to the observed empirical decline in the

price of IT from 1980 to 2020. Given the extreme decline in the price of IT, with even a

slight difference in IT �IT,B and IT �IT,S , the IT price decline can quantitatively generate

50% to 90% of the observed increase in the metric of industrial concentration.

A more realistic and systematic empirical exercise to determine the exact quantitative

power of this mechanism would involve much more structure, and many more methodological

issues, and I leave it to future work. There are three particularly important methodological

issues, and to my knowledge, nothing in this literature has yet attempted to address

them all in a systematic way; papers that conjecture a relationship between changes in

22



innovation parameters, and changes in industrial concentration, are so far very model-based.

First, there is the issue of production function estimation in the presence of production

technology heterogeneity. I use two different production functions here as a heuristic; but

it is not obvious if the correct approach is, say, 2 different production functions in each

sector, or 10, or some continuous gradient of different production functions. There is also

a tension between a potentially more accurate division of more production functions in a

given sector, vs. having more data points to correctly estimate a given production function

on (easier to do on a smaller number of production functions).

Second, there is the issue of how to correctly aggregate the production functions within

a sector. To do this you then need elasticities of substitution between e.g. the big firms

and small firms, or between subsectors and a broader sector, in addition to the output

elasticities of each production function (see Oberfield and Raval 2021 for the heroic attempt

to do this just in the US manufacturing sector; it becomes even harder outside of the

manufacturing sector, where micro level data on capital and other non-labor inputs becomes

more scare).

Third, one needs to decide what appropriate factor prices are, in general, and then

for different firms on the size gradient. The appropriate empirical measure of e.g. the

rental price of capital is already controversial in the literature, and would become even

more difficult if you attempt to assign different rental prices to larger vs smaller firms

(presumably larger firms face lower rental prices).

1.4.3 Motivating Toy Model

Underneath this ad hoc framework, it is instructive to imagine what the initial microfoundations

are - how different firms end up operating at these different factor-intensity and technology

bundles, instead of simply assuming it (see also Appendix A for the framework of a full
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model of firm heterogeneity). Consider the basic technology menu set-up as presented in

Bustos (2008). Suppose a firm at the start of its life can choose between two technologies,

l and h. The latter technology offers a lower marginal cost in exchange for a higher fixed

cost. This then gives two different total cost functions:

TCl = f +
q(�)

�

TCh = f⌘ +
q(�)

��

Where ⌘ > 1 and � > 1. After paying a fixed entry cost, a firm gets a productivity draw

from a known cdf G(�) = 1� ��k. The key result here is that only higher draw firms will

find it profitable to operate the higher fixed cost, lower marginal cost technology.

Future work here can build out a full model of heterogeneity based around this menu-of-technology

microfoundation, then map it directly onto production function estimation work, to directly

study the relationship between the large relative decline in the price of IT capital, and the

rise of market share in the superstar firms that intensively use it.
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1.5 Discussion of Alternative Theories

The two main alternative theories about the rise of superstar firms and the observed

increase in industrial concentration in the US are that (1) there is a decline of competition,

which allowed large firms to exploit lax antitrust enforcement, and paradoxically (2) that

there has been an increase in competition (from the Internet, or globalization, etc) that

has made the economy more of a Sherwin Rosen style tournament, where even small

differences in productivity between firms now have much larger consequences on the

reallocation of market share. These theories are often formalized as an increase or decrease

in the elasticity of substitution of goods.

Ultimately one of these theories may be complimentary to the one presented here.

But the empirical findings here suggest that technological changes taking place within the

superstar firms, and not simply changes taking places to the marketplace itself. The first

story – of a decline in competition – is probably the most popular story in the academic

literature today, and perhaps also in public discourse more broadly. As such, I contrast it

with the story presented here in a little more detail, and explain why I find it unconvincing.

1.5.1 Can a Decline in Competition Explain the Rise in Industrial Concentration?

The ‘declining competition ) rising concentration’ story comes in two forms, which we

might call the strong form, and the weak form. The strong form argues that competition

has been declining in the US economy for the past 50 years, perhaps because of a decline

in antitrust enforcement. The weak form argues that, holding the regulatory environment

constant, new technologies may have initially enabled large firms to expand on the strength

of productivity gains, but ex post created uncompetitive industries, when the distance

between leaders and laggards grew too great. The result is a small set of oligopolies and

a fringe of everyone else, where the oligopolies do not really compete with each other or
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with the fringe.

The weak form predicts that ex post, superstar firms in concentrated industries stop

innovating, and that ex ante, small firms had a greater incentive to innovate. In contrast,

we see in the data that even in concentrated industries, superstar firms continue to invest

heavily in IT (also note that especially outside of manufacturing, process innovation more

often takes the more of IT investment, not investments in conventional R&D and patents).

The strong form predicts little incentive for superstar firms to innovate throughout

the past 40-50 years, which stands in even sharper contrast to the microdata on firm-level

innovation and productivity. The focus on antitrust enforcement also probably implies

that for the strong form to be true, most of the rise in industrial concentration should

have happened through M&A, since this is the main channel of US antitrust enforcement.

Yet most of the rise in concentration has been through organic growth, and the rise in

concentration is also seen in many other countries with very different policy environments,

including countries in the EU where antitrust law has arguably become more stringent

over the past few decades (for more detailed comments about the mechanics of antitrust

law, see Appendix A).

1.5.2 The Role of Markups and the Definition of Competition

A large literature on the rise of markups is often taken as proof of the declining competition

view. Some words of clarification are important.

First, the rise in aggregate markups is largely a compositional effect: as industrial

concentration rises, market share is transferred from smaller firms (with smaller markups)

to the largest firms, which have historically always generally had higher markups. The

aggregate markup then mechanically rises. Most estimates in the literature now put the

compositional effect at around 2
3 of the total aggregate change, and within-firm markup
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changes at around 1
3 . Big firms getting more market share is in theory consistent with

higher competition, lower competition, or no change in competition at all. Similarly,

changes to markups within large firms maybe be the consequences of less competition,

but they may also be the consequence of different production technologies, or greater

firm level productivity, which then allows the firm to charge a higher markup on top of a

lower cost of production, holding the final price of the good constant. The basic markup

results at the center of this literature do not speak for themselves: they are consistent

with both stories about declining competition and stories about superstar firms making

productivity gains.

Second, there is a surprisingly large amount of semantic ambiguity around the word

“competition”. Competition is not the same thing has industrial concentration, or the

same thing as high markups. Imagine an economy where every day, there is an open

tournament, and the winner is awarded 90% of the market share, and twice the markup

of all other firms. Then tomorrow the tournament begins again, and a different firm wins.

This would be a very concentrated sector with high markups but still competitive. In this

setting, a more natural empirical mapping of “competition” might be (1) the frequency

of rank changes in market share, or (2) the sensitivity of rank changes to changes in firm

productivity (#2 is probably ideal but harder to measure empirically than #1). These

measures may also side-step the many methodological problems that come with perfectly

measuring markups. Consulting studies using Compustat data show a modest secular

increase in rank changes over the past 50 years (consultants call this ‘the topple rate’: the

frequency in rank changes at the top of an industry, as measured by sales share - see

Fig 17, produced by the consultants at Deloitte from Compustat data), which suggests a

modest increase in competition in the US economy over this period. And an increase in

competition is what one might expect from globalization, the rise of e-commerce, etc.
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Figure 17: Topple Rate

1.6 Conclusion

Over the past four decades, large firms in most subsectors of the US economy have dramatically

increased their market share, creating a widely documented increase in measures of US

industrial concentration, and a debate over its causes. I document here that these large

superstar firms are investing heavily in IT, particularly advanced forms of IT. They are

operating different technologies and different capital intensities than smaller firms within

the same industry. This suggests their market expansion may have more to do with

technological superiority, and less to do with loose regulatory oversight or insufficient

competition. Further work is needed
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2 The Rise of Market Power1

Thriving competition between firms is a central tenet of a well functioning economy. The

pressure of competitors and new entrants leads firms to set prices that reflect costs, which

is to the benefit of the customer. In the absence of competition, firms gain market power

and command high prices. This has implications for welfare and resource allocation. In

addition to lowering consumer well-being, market power decreases the demand for labor

and dampens investment in capital, it distorts the distribution of economic rents, and it

discourages business dynamics and innovation. This in turn has ramifications for policy,

from antitrust to monetary policy and income redistribution.

Despite the vital importance of market power in economics, surprisingly little is known

about its systematic patterns for the aggregate economy and over time. In this paper, our

main goal is to document the evolution of market power for the US economy since the

1950s. Based on firm-level data, we find that while market power was more or less stable

between 1955 and 1980, there has been a steady rise in market power since 1980, from 21%

above cost to 61% above cost in 2016. Over a 36 year period, that is an average increase in

the price level relative to marginal cost of nearly 1% per year.

Once we have robustly established the fact, we discuss the macroeconomic implications

of this rise in market power and the general equilibrium effects it has. We argue that the

rise in market power is consistent with several secular trends in the last four decades,

most notably the decline in the labor share and the decrease in the capital share. We also

discuss how market power affects business dynamism and labor reallocation.

The evidence on market power we have to date comes from case studies of specific

industries,2 for which researchers have access to detailed data. In this approach championed,
1Joint work with Jan De Loecker and Jan Eeckhout
2For example cars, breakfast cereal, or beer
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the estimation of markups traditionally relies on assumptions on consumer behavior coupled

with profit maximization, and an imposed model of how firms compete, e.g., Bertrand-Nash

in prices or Cournot quantity competition. The fundamental challenge that this approach

confronts is the notion that marginal costs of production are fundamentally not observed,

requiring more structure to uncover it from the data. The firm’s optimal pricing decision

relates observed price data to estimates of substitution elasticities in order to uncover the

marginal cost of production, and consequently the markup. This approach thus requires a

combination of data on consumer demand (containing prices, quantities, characteristics,

consumer attributes, etc.) as well as the need for specifying a model of conduct. All

these requirements have limited the use of the so-called demand approach to particular

markets.

In this paper we follow a radically different approach to estimate markups, the so-called

production approach. Recent advances in the literature on markup estimation relies on

individual firm output and input data, and in contrast to the demand approach described

above, posits cost minimization by producers. A measure of the markup is obtained for

each producer at a given point in time as the wedge between a variable input’s expenditure

share in revenue (directly observed in the data) and that input’s output elasticity. The

latter is obtained by estimating the associated production function. The advantage of this

approach is twofold. First, the production approach does not require to model demand

and/or specify conduct for many markets over a long period of time. Second, we can rely

on publicly available production data. In particular, most of the information we need is

available in the financial statements of firms. While there still exist many measurement

issues and associated econometric challenges, to our knowledge there is no viable alternative

to make progress. This is the only method that allows us to uncover the basic pattern of
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market power over a long period of time and across the entire economy.3

This paper starts by documenting the main patterns of markups in the US economy

over the last six decades, and in doing so we provide new stylized facts on the cross-section

and time-series of markups. This analysis is interesting and important in its own right as

increasingly economic models allow for meaningful markup variation across producers

and time; and allowing for this firm/time variation has substantially different implications

for a variety of questions.4 The main analysis focuses on data from the financial statements

of all publicly traded firms covering all sectors of the US economy over the period 1955-2016.5

And while publicly traded firms are relatively few compared to the total number of firms,

they tend to be large. As of 2000, they account for 29% of total US private sector employees,

excluding the self-employed and farm workers).

Our main finding is that while average markups were fairly constant between the

1950s and 1980 at around 1.2-1.3 (initially increasing and then slightly decreasing), there

was a sharp increase starting in 1980 with average markups reaching 1.61 in 2016. In 2016,

on average a firm charges prices 61% over marginal cost compared to only 21% in 1980.6

The increase was steep in the 1980s and 1990s, followed by a period of stable markups in

the 2000s. At the end of the Great Recession of 2008, there has again been a sharp increase

in market power. Second, there are marked changes in the distribution of markups over
3While the approaches – the demand approach and the production approach – differ, the obtained

estimates should be similar. Others have applied both methods to estimate markups in the US beer industry,
and find that they yield very similar markup estimates. In Appendix ?? we compare estimates from the
literature using the demand approach to our estimates for the corresponding sector.

4For example, markup variability is found important in quantifying the gains from trade, where trade
reforms are best thought of as (exogenous) changes to competition and cost structures of firms.

5The data is from Compustat who extract the information from the Security and Exchange Commission
(SEC) required public filing of financial statements. A handful of private firms are also included that have
filing requirements.

6The only other attempts at measuring markups economy-wide that we have found in the literature are
based on industry level aggregate data, and for the period up to the 1980s. Research has found little evidence
of market power (nor of returns to scale or externalities), which is consistent with our finding that market
power only picks up after 1980.
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time. The increase occurs mainly in the top of the markup distribution. Markups in

the top percentiles of the sales-weighted distribution go up most (from 1.5 in 1980 to

2.3 in 2016 for the 90th percentile), whereas markups at or below the median are flat or

even decreasing. Third, there is no strong compositional pattern across industries and the

increase occurs mainly within industry. The increase can therefore not be attributed to one

particular industry such as technology. That of course does not exclude the possibility

that technological change is driving the increase, only that the technology is affecting

traditional sectors such as textiles for example as much as more modern sectors. Finally,

the rise in average weighted markups is due to an increase in the upper tail of the unweighted

markups (roughly one third), combined with the reallocation of market share from low to

high markup firms (about two thirds).

We then analyze market power. Markups measure how much higher prices are relative

to marginal costs. However, markups larger than one do not necessarily imply firms are

inefficiently exerting market power. If firms have high overhead costs, then a competitive

firm will charge price over marginal cost exactly to offset the overhead. One major concern

with the measured increase in markups is that this is due to a commensurate increase in

overhead costs. Technological change may be one reason why overhead costs have grown

as a share of total costs. Tech firms for example, invest a large amount in developing

software that can then be reproduced at a very low marginal cost. We address this issue

in two ways.

First, we introduce an alternative production technology where overhead is a factor of

production, like capital. In this new technology we now have three factors of production:

a bundle of variable inputs, and two fixed inputs, capital and overhead. While overhead

as a factor of production still is not variable, in the long run it does adjust. In the traditional

technology, overhead is a fixed cost that is incurred once at startup. In their financial
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statements, firms report overhead costs as Selling, General and Administrative Expenses

(SG&A). These expenses are not directly related to production, and include sales, advertising,

marketing, executive compensation,... and can in part be interpreted as expenses on

intangible capital. We find indeed that overhead as a share of costs have increased, from

15% to 21% of total cost, and that increase comes mainly from large firms. When we

estimate output elasticities for the technology with overhead as a factor of production, we

find that there is a role for technological change. In this new technology, the elasticity of

variable inputs decreases over time. As a result of this technological change, the estimated

average markup rises from just under 1 to around 1.32 (the levels are lower because costs

to compensate for factors of production now include overhead). Instead of an increase by

40 points, there is an increase by about 30 points. Technological change thus accounts for

roughly one quarter. We also find that there are increasing returns to scale and that the

returns to scale (measured as the sum of the Cobb-Douglas coefficients) increase by about

5-10 percentage points between 1980 and 2016.

The second way to address the role of overhead is to calculate the profit rate, which

is total sales minus all cost (including overhead and the user cost of capital) as a share of

sales. We find that the average profit rate has risen from close to 1% in 1980 to around

8% in 2016. While overhead costs have increased, markups have increased even more

and firms charge an excess markup that more than compensates for overhead. In fact, it

is the firms with the highest overhead costs that charge the highest excess markup and

that therefore have the highest profits. The increase in the average profit rate is thus also

driven by the right upper tail. We also find that the stock market valuation as a share

of sales has risen over the same period. These facts confirm that firms increasingly exert

market power: they charge higher prices not merely to compensate for higher overhead

costs, they also obtain higher profits. One important caveat here is that we assume that all
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expenses and overhead costs are properly accounted for. Firms may have incurred huge

costs at startup and are now reaping the benefits from it.7

We perform a number of robustness exercises. The main one is to use data from the

US Censuses to perform the same analysis for the full universe of firms. This addresses

the major concern that our data on publicly traded firms is not representative of the whole

economy. We focus on the Census of Manufacturing, the Census of Retail and the Census

of Wholesale. The results we find mirror those we find in each of the sectors for the

publicly traded firms. In Manufacturing and Retail, markups trend upwards since the

1980s, and down in Wholesale. And as with the publicly traded firms, the rise in average

markups is driven by the increase in the upper percentiles. The important conclusion is

that these results establish that the rise of market power is not restricted to the publicly

traded firms and extends to universe of all firms in these sectors. We also find that this

is mainly driven by some firms, for most firms markups do not change. This is even

more pronounced in the Census data where the very upper tail of the distribution shows

a sharp increase. It should be noted that while the Censuses are comprehensive for their

coverage, the amount of data for each firm is substantially worse than that of the publicly

traded firms. Most importantly, there is no information on overhead so we cannot analyze

market power or calculate firm profits.

After we establish the main facts, we discuss the implications of the rise in market

power for recent debates in the macro/labor literature. In particular, we analyze how

the rise in markups naturally implies a decrease in the labor share. It follows immediately

from the firm’s optimization decision that high markups necessarily lead to lower expenditure

on inputs such as labor. Hence the negative relation between markups and the labor share.
7What the increase in market power as we measure it tells us is that firms now would have incurred a

much bigger cost up front than they did four decades ago, when it was close to zero. Also, the magnitude of
this difference is around 7% of firm sales, extrapolating to the economy would imply roughly 14% of GDP.
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We further discuss the role rising markups play in the decrease in the capital share, the

decrease in low skilled wages, the decrease in labor market participation, and the decrease

in labor reallocation and in interstate migration.

The analysis of markups and market power plays a central role in many literatures in

economics, most notably in Industrial Organization, Macroeconomics and Labor Economics.

As a result, it has always received due attention. Currently, there are several papers that

touch on the aggregate dimension of market power that we stress here.They find that the

increase in concentration is mainly driven by a decrease in domestic competition. This

in turn leads to a decrease in firm-level investment, particularly in intangible assets by

industry leaders. Our findings are consistent with theirs. Methodologically, our approach

has the advantage that it derives firm-level markups, which circumvents the limitations

of the HHI measure.8 Autor et al focus on the role of large firms. Kehrig and Vincent

document that the firm-level capital share has decreased on average, even though the

aggregate capital share for U.S. firms has increased. They explain the divergence with the

fact that large firms now produce a larger output share even if the labor compensation

has not increased proportionately. Autor et al document that the growing importance of

large firms that dominate the market. They show that this leads to higher concentration

and that it decreases the labor share. Like ours, their results are based on firm-level data,

not macroeconomic aggregates. Our analysis explicitly derives markups as a measure of

market power and we show that markups are directly related to the labor share at the firm

level.

Since our first results came out, Traina and others have criticized our findings arguing

that the increase in markups is entirely offset by the increase in overhead as measured
8Most notably, concentration is not necessarily related to market power when products are differentiated,

and an adequate concentration measure requires precise knowledge of what constitutes a market with
information on all firms in that market.
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by SG&A. We disagree. In part, because their method does not use the correct notion of

markups, instead bundling variable and fixed factors of production. But more importantly,

we disagree because their conclusion is ill-founded. We show that there is indeed an

increase in overhead, but that the increase in markups more than offsets this increase. We

thus find that there are excess markups, which is consistent with the increase in profits

that we document. Finally, also the macroeconomic implications of market power have

recently received attention.

The paper is organized as follows. In Section 2.1 we present the empirical framework

to recover markups. In Section 2.2, we document the evolution of markups under different

specifications of the technology. We show in Section 2.3 the extent to which the increase

in markups also implies an increase in market power. We analyze the robustness of our

findings in Section 2.4, and we discuss the macroeconomic implication in Section 2.5. We

conclude in Section 2.6.

2.1 Empirical Framework

2.1 Empirical Framework

We start out by discussing the empirical framework that we build on to describe the

patterns of markups in the US economy. In particular, we show that firm-level output and

input data for firms across the US economy is sufficient to measure firm-level markups. To

that end, we use minimal assumptions on producer behavior, yet without assumptions on

product market competition and consumer demand. Once we have laid out the fundamentals

of the production approach, we discuss how to implement it, with a particular focus on

backing out output elasticities either from production function estimation or from cost

shares.
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2.1.1 Obtaining Markups from Producer Behavior

Measuring markups is notoriously hard as marginal cost data is not readily available,

let alone prices, for a large representative sample of firms. The standard approach in

modern Industrial Organization is to specify a particular demand system that delivers

price-elasticities of demand which, combined with assumptions on how firms compete,

delivers measures of markups through the first order condition associated with optimal

pricing. This approach, while powerful in other settings, is not useful here for two distinct

reasons. First, we do not want to impose a specific model of how firms compete across a

large dataset of firms active in very different industries, or commit to a particular demand

system for all the products under consideration. Second, even if we wanted to make all

these assumptions, there is simply no information on prices and quantities at the product

level for a large set of sectors of the economy over a long period of time to successfully

estimate price elasticities of demand, and specify particular models of price competition

for all sectors.

We rely on a recently proposed framework by De Loecker et al, based on the insight of

Hall (1988) to estimate firm-level markups. The method uses information from the firm’s

financial statements, and does not require any assumptions on demand and how firms

compete. Instead, markups are obtained by exploiting cost minimization of a variable

input of production. This approach requires an explicit treatment of the production function.

Consider an economy with N firms, indexed by i = 1, ..., N . Firms are heterogeneous

in their productivity and otherwise have access to a production technology Qit(.).9 In each

period t, firm i minimizes the contemporaneous cost of production given the production

function that transforms inputs into the quantity of output Qit produced by the technology
9We derive the expression to compute markups in the most general case of firm-specific technologies, as

longs at the production function is twice differentiable. We subject our main empirical findings to various
robustness check precisely related to this production technology heterogeneity.
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Qit(·):

Qit = Qit(⌦it,Vit,Kit), (1)

where V = (V 1, ..., V J) is the vector of variable inputs of production (including labor,

intermediate inputs, materials,...), Kit is the capital stock and ⌦it is the Hicks-neutral

productivity term that is firm-specific. The key assumption is that within one period

(a year in our data), variable inputs frictionlessly adjust, whereas capital is subject to

adjustment costs and other frictions. Because in the implementation we will use information

on a bundle of variable inputs, and not the individual inputs, in the exposition we treat

the vector V as a scalar V . We consider the Lagrangian objective function associated with

the firm’s cost minimization:

L(Vit,Kit,�it) = P V
it Vit + ritKit + Fit � �it(Q(·)�Qit), (2)

where P V is the price of the variable input, r is the user cost of capital,10 Fit is the fixed

cost, Q(·) is the technology specified in equation (1), Q is a scalar and � is the Lagrange

multiplier. We assume that these input prices are given to the firm. It is important to

note that this does not preclude that the input provider charges a markup over marginal

cost, potentially leading to double-marginalization. The method for computing markups

allows for arbitrary markups along the input-output table of the economy.11 We consider

the first order condition with respect to the variable input V , and this is given by:

@Lit

@Vit
= P V

it � �it
@Q(·)
@Vit

= 0. (3)

10Below, we will use lower case letters to denote logs, for example, log(PV ) = pV . For capital we use r
because of general convention, but we assume PK = r so that we can denote log(r) = pK .

11We do maintain the assumption that the input price is not a function of the input quantity demanded,
either through bargaining, bulk discounting or long-term contracts.
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Multiplying all terms by Vit/Qit, and rearranging terms yields an expression for the output

elasticity of input V :

✓vit ⌘
@Q(·)
@Vit

Vit

Qit
=

1

�it

P V
it Vit

Qit
. (4)

The Lagrange multiplier � is a direct measure of marginal cost – i.e. it is the value of

the objective function as we relax the output constraints. We define the markup as µ = P
� ,

where P is the price for the output good, which depends on the extent of market power.

Substituting marginal cost for the markup to price ratio, we obtain a simple expression

for the markup:

µit = ✓vit
PitQit

P V
it Vit

. (5)

The expression of the markup is derived without specifying conduct and/or a particular

demand system. Note that with this approach to markup estimation, there are in principle

multiple first order conditions (of each variable input in production) that yield an expression

for the markup. Regardless of which variable input of production is used, there are two

key ingredients needed in order to measure the markup: the revenue share of the variable

input, PV
it Vit

PitQit
, and the output elasticity of the variable input, ✓vit. While this approach

does not restrict the output elasticity, when implementing this procedure it depends on a

specific production function, and assumptions of underlying producer behavior in order

to consistently estimate this elasticity in the data.

A crucial component to measure markups is to obtain an estimate of the output elasticity

of a variable input of production (✓Vit ). We use two distinct methods to estimate the

output elasticity of the production function. First, we estimate a parametric production

function for each sector using recent techniques that take into account the well-known

potential biases discussed in the literature. This method accounts for the fact that the

variable factor of production V adjusts in response to a productivity shock, while the
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fixed factor K does not. This requires us to restrict the production function to a particular

functional form to guarantee that the coefficients of interest – which determines the output

elasticity – are identified. Second, we non-parametrically estimate the output elasticity

using (constructed) cost shares. Both approaches have their advantages and disadvantages,

which we discuss below. The focus of this paper is to provide a robust description and

analysis of markups across producers covering the entire economy, over more than six

decades, rather than proposing one particular estimation routine to obtain output elasticities.

2.1.2 Output Elasticities: Production Function Estimation

We rely on what have become standard methods in production function estimation. However,

we do depart from the literature by considering time-varying production function parameters.

In particular, in the baseline model we estimate production functions with both time-varying

and sector-specific coefficients, for each of the 22 sectors (i.e. 2 digit NAICS).12 There are

good reasons to believe that technology varies across sectors of the economy, from retail

with giants like Walmart and Amazon, to highly specialized medical devices companies.

Equally or more important for the evolution of markup is that the technology is time-varying.

Over a period of seven decades, technology is likely to change. This is important for the

estimation of markups since systematic technological change will imply a time-varying

output elasticity ✓Vit . From inspection of equation (5), imposing a constant technology and

hence a constant ✓V will therefore yield an overestimate of the markup if ✓V is decreasing

and an underestimate if ✓V is increasing.13

We follow standard practice and rely on a panel of firms, for which we estimate
12In principle we can consider industries at a lower level of aggregation, e.g. 3 digit NAICS, at the cost of

pooling over longer periods of time, hereby keeping output elasticities constant over that same period.
13Because of data scarcity, we use a five year rolling window around the year where we estimate the

technology. In Section 2.4 as well as in the Appendix, we discuss the estimation routine in further detail, and
show the robustness of our findings with the baseline technology to different technological specifications.
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production functions by industry. For the benchmark specification, we consider a sector-year-specific

Cobb-Douglas production function, with a variable input bundle and capital as inputs.14

For a given industry s we consider the production function:

qit = ✓Vstvit + ✓Kstkit + !it + "it, (6)

where lower cases denote logs and !it = ln⌦it, where qit is a measure of realized firm’s

output, and "it is the unanticipated shock to output, or simply classical measurement

error in output – i.e., qit = ln(Qit exp("it)).

The challenges in estimating production functions, using any dataset, be it the Compustat

data or plant-level manufacturing census data, can be grouped into two main categories:

1. dealing with unobserved productivity shocks (!it); and 2. extracting units of output and

inputs from expenditure data. Both these issues are of course not independent, and we

rely on methods that aim to deliver consistently estimated output elasticities, dealing with

both adequately.

2.1.3 Unobserved productivity

We follow the literature and control for the simultaneity and selection bias, inherently

present in the estimation of equation (6), and rely on a control function approach, paired

with a law of motion for productivity, to estimate the output elasticity of the variable

input.15. However, the source of the attrition in the Compustat data is likely to be different

than in traditional plant-level manufacturing datasets – i.e., firms drop out of the data due

to both exit, and mergers and acquisitions, and as such the sign of the bias induced by the
14We consider various specifications of the production function, both at the level of the economy and the

industry. In particular, below we also consider the more flexible translog production functions.
15We estimate the production function, by industry, over an unbalanced panel to deal with the non-random

exit of firms, as found important in Olley Pakes
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selection is ambiguous. We are, however, primarily interested in estimates of the variable

output elasticity, while the selection bias is expected to impact the capital coefficient more

directly. In what follows, we work under the assumption that output and inputs are

expressed in comparable units of quantity, either directly through deflating or indirectly,

by imposing additional structure. We turn to the latter in the next subsection.

The attractive feature of the control function approach in our context is that it rests

on an optimal input demand equation, which is immediate in the cost minimization

framework used to recover an expression for the markup. In particular, the insight from

Olley Pakes is that the (unobserved) productivity term !it is given by a function of the

firm’s inputs and a control variable, dit, such that !it = hst(dit, kit). The literature has

suggested two types of control variables: static (e.g. intermediate inputs, see the LP

approach) and dynamic (investment, see Olley Pakes).

Regardless of which control variable is used, this method relies on a so-called two-stage

approach. In the first stage, the measurement error and unanticipated shocks to output

are purged using a non-parametric projection of output on the inputs and the control

variable:16

qit = �t(vit, kit, dit) + "it, (7)

where � = ✓Vstvit+✓
K
stkit+hst(dit, kit). The productivity process is given by !it = g(!it�1)+

⇠it, and this gives rise to the following moment condition to obtain the industry-year-specific

output elasticity:

E(⇠it(✓Vst)vit�1) = 0. (8)

In the second stage, ⇠it(✓Vst) is obtained, given ✓Vst, by projecting productivity !it(✓Vst)

on its lag !it�1(✓Vst), where productivity is in turn obtained from �it � ✓Vstvit � ✓Kstkit,
16In the case of the static control, dit = vit, and the function � collapses to �t(vit, kit)
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using the estimate �it from the first-stage regression. This approach identifies the output

elasticity of a variable input under the assumption that the variable input use responds to

productivity shocks, but that the lagged values do not, and more importantly, that lagged

variable input use is correlated with current variable input use, and this is guaranteed

through the persistence in productivity.

2.1.4 Units

A well known challenge when estimating production functions is that output and inputs

are not measured in quantities.17 In almost any dataset, we fail to observe physical output

and input (q, v, k).18 Instead we observe sales and expenditures on the various inputs. It is

best practice to deflate these variables with the relevant industry-specific deflator. Denote

the deflated input price (in logs) of input j, for j = {V,K} by pjit, and the (deflated) output

price (in logs) by pit. This yields the following specification that we, in general, take to the

data:

qit + pit = ✓Vstṽit + ✓Kst k̃it + !it + pit �
X

j

✓jstp
j
it + "it, (9)

where j̃ denotes (the log of) deflated expenditure on input j, e.g. ṽ = v + pj . This might

seem an obvious problem, but the literature on production function estimation has only

recently started to pay close attention to the implications of these unobserved price and

quality components. Given our focus on markups, it is important to distinguish the bias

of the output elasticities (✓) from the bias of the productivity residual (! + p�
P

h ✓
j
stp

j
it).

Given that we are only interested in estimating the output elasticity of the variable input

✓V for a given industry and time period, under certain modeling restrictions we can obtain
17The presence of unobserved price heterogeneity, in both output and inputs, generates various biases. In

addition, even when prices are readily observed in the data, there is still a potential bias due to unobserved
quality differences among products or inputs.

18The exception being the US Census of Manufacturing, which for a handful of products consistently has
comparable output quantities.
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consistent estimates of the production function without relying on separate price and

quantity data.19 We now consider some specific cases of interest in estimating equation

(9).

1. TIME AGGREGATION. If we consider the standard Cobb-Douglas specification adopted

in the literature where the production function coefficients do not change over time, the

bias induced by the price terms would only affect the level of the markup, but not the

variation across producers in a given year, or over time.20 This immediately suggests an

interesting observation: if we stick to the time-invariant output elasticity specification,

then the time-series findings in this paper, which are at the core of our investigation,

are not affected by unobserved output and input prices. Nor are the results about the

within-sector changes affected by the inability to observe relevant physical output and

input data. We do, however, potentially bias the findings across industries where the bias

could depend on the level of price heterogeneity in a given industry.

2. PASS-THROUGH. In the most general case, given the production structure assumed

throughout, we are left with (deflated) revenue and (deflated) expenditures, as specified

in equation (9). Conditional on productivity shocks, the error terms cancels out if variation

in input prices (scaled by their relevant output elasticity) are perfectly absorbed by the

variation in output prices. This is the case if pass-through is complete, i.e., changes to

input prices are fully passed on to prices, scaled by the relevant cost share of that input

(i.e. the output elasticity). This can be thought of as operating both within a producer

over time, or across producers in any given year. 21

19As we will show below, perhaps somewhat counterintuitively, observing neither output or input prices,
and therefore relating sales to expenditures can under certain conditions generate consistent estimates of the
output elasticities. We subject our markup analysis to a variety of specifications and robustness checks to
confront the inability to observe producer-level output and input prices.

20This is the approach others have used to study the markup dynamics in the Chinese economy during the
WTO accession.

21Prior work form De Loecker considers the case where the only source of price heterogeneity comes from
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In the case of incomplete pass-through, the variable markup creates a wedge between

the output price and the input price bundle. This implies that the output elasticity is in

general biased. However, an alternative strategy presents itself by recognizing how the

total error term in (9) relates to marginal cost. Under a constant returns to scale production

function:

ln�it =
X

h

✓jp
j
it � !it. (10)

Using the fact that pit = lnµit + ln�it, and plugging in the expression for the price in

equation (9) yields

qit + pit = ✓cṽit + ✓kk̃it + lnµit + "it. (11)

This expression highlights that output elasticities can be consistently estimated using

data on sales and expenditures as long as one can control for markups. If in fact the

variation in markups is uniquely determined by cost-side heterogeneity, say productivity,

then the approach discussed in the previous subsection applies.22 More generally, the

variation in markups can be controlled for by a function, M(·), that contains relevant

determinants of markups.23 As expected, there is no one-size-fits-all control function

specification, but rather we have to subject our results to a variety of robustness checks

regarding which variables to include in M(·). Empirically we consider equation (11) for

the output side. This is of course an assumption, but it is motivated by the standard common input price
model adopted in the productivity literature. This implies that we are left with only an output price bias.
De Loecker introduces a demand system to separate the demand from the production patterns. The main
insight is that observable demand shifters allow the identification of the elasticity of demand, and thus we
can control for unobserved prices. This approach is less attractive in our case since we do not have plausible
instruments shifting the demand for all relevant sectors and time periods.

22Under arbitrary returns to scale the relationship between sales and the input bundle expenditure depends
on the scale of production, say �. This yields qit + pit = ✓v ṽit + ✓kk̃it + lnµit + �qit + "it.

23For example, in a standard Cournot homogeneous good model, the markup is only a function of the
firm market share mit. A related, and recently adopted approach by others, considers a nested-CES demand
structure with Cournot competition, and this gives rise to a control function in a firm’s market share, and the
market share of the industry in the economy. Finally, in full-fledged models of oligopoly with consumer taste
for characteristics (e.g. BLP), this control function in addition contains the vector of product characteristics.
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each sector and year and we approximate M(·) by a year-industry specific linear function,

and include a firm’s market share (in the reported 4 digit industry and productivity as

determinants of markups). We treat the unobserved productivity shock !it like before.

The output elasticities are identified and estimated using the same moment conditions as

before, except that additional parameters are estimated – i.e., the parameters associated

with the markup control function M(·):

E(⇠̃it(✓vst)ṽit�1) = 0, (12)

where ⇠̃it(·) is obtained from projecting !it(·) on !it�1(·), and where now !it(·) = qit +

pit � ✓cṽit � ✓kk̃it � µ(mit), and where mit is the market share. The additional parameters

to be estimated capture the relationship between a firm’s market share and its markup.

2.1.5 Cost Shares

An alternative to estimating production functions to obtain output elasticities is to rely on

the cost shares, in particular that of the variable input V . This cost share is the share of

expenditures on the variable input bundle in total cost. The cost-share-approach has the

major advantage that it does not require to estimate the production and it consequently

bypasses the thorny identification issues (unobserved productivity and prices).

However, this advantage does not come for free. First of all, this approach relies

on each input of production to be variable and for production to occur under constant

returns to scale. Only then will the cost share be equal to the output elasticity. This

is the reason why prominent users of this approach, most notably Foster Haltiwanger

Syverson, compute the average cost share across the sample period to try and eliminate

the cross-sectional deviations due to adjustment costs. Of course, given that we require
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time-varying technology coefficients, that approach is less attractive. Second, in order to

compute the total cost of production, a user cost of capital is required (r in our framework).

This is not required for the estimation of production functions (where we use k, not rk)

and it poses an empirical challenge to measure this user cost of capital accurately, due

to the heterogeneity across firms and time. In addition, measurement error in the capital

stock will directly affect the output elasticity, whereas in the production function (at least

in the Cobb-Douglas production function we consider) the measurement error in capital

is expected to mainly impact the capital coefficient.

While averaging the cost shares across producers and time has the potential benefit of

eliminating the deviations due to adjustment costs of factors, it still requires time-invariant

technology parameters and constant returns to scale in production. These are assumptions

we do not wish to maintain in the context of our analysis. Time-varying technology

parameters and returns to scale are fundamentally potential confounders of interpreting

rising wedges of sales to variable input expenditures as rising markups, and consequently

market power.24 and estimate the scale elasticity, subject to the other potential biases

when estimating production functions, using qit = � lnZit + !it + "it, where lnZit =

↵V vit + ↵Kkit and ↵ denotes the relevant cost share, when we consider the traditional

production function. For these reasons, the cost shares approach offers a robustness

check but should be interpreted with caution. At the same time we acknowledge that

this approach yields a powerful, and transparent method to measure the output elasticities

directly in the data, provided we impose a common user cost of capital.

We therefore resort to calculating year-specific cost shares, by industry or firm. We

consider two levels of aggregation. First, we consider firm-time specific cost shares, which

incidentally imply that our measure of the markup is simply the ratio of sales-to-total
24Below, we follow Syverson

47



costs, a popular measure of markups in the literature. This highlights that this approach

is subject to the caveats discussed above. In order to partly deal with the variation in

adjustment cost across producers in a given period, in addition we consider the median

cost share by industry-year.

2.2 The Evolution of Markups

2.2 The Evolution of Markups

With the empirical framework laid out, we now document the evolution of markups for

different estimation methods. We first describe the data in greater detail. Then we start

by considering the traditional production function with fixed costs.

2.2.1 Data

The choice of data is driven entirely by the ability to cover the longest possible period

of time, and to have a wide coverage of economic activity. This for example rules out

exclusively using the US Census of manufacturing establishments, given the decreasing

share of manufacturing in the overall employment of US economy, from about 25% in

1960 to 9% in 2014). The Census also does not include information on overhead at the firm

level. To our knowledge, Compustat25 is the only data source that provides substantial

coverage of firms in the private sector over a substantial period of time, spanning the

period 1950 to 2015. While publicly traded firms are few relative to the total number of

firms, because the public firms tend to be the largest firms in the economy, they account

for 29% of private US employment).

There is a serious concern though that the sample of publicly traded firms is not
25The data covers all firms that are traded on US stock exchanges and that have as a result the obligation to

file with the Securities and Exchange Commission (SEC), as well as some private firms that have SEC filing
requirements.
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representative of the distribution of the universe of firms. Listed firms are bigger, older,

more capital intensive, and more skill intensive. They also involve a bigger role for

multinationals. And the industry mix of Compustat firms differs from that of the private

sector as a whole.26 We deal with the selection from the publicly traded firms in two ways.

In Section 2.2.6 we repeat our analysis on the US Censuses. For a number of sectors, there

we have the universe of firms. Second, we use the population weights of each sector

to adjust the weights in the Compustat sample (see Section 2.4). While we still only use

publicly traded firms to calculate the markups, we account for any bias due to the sectoral

composition.

The Compustat data contains information of firm-level financial statements, which

allows us to rely on the so-called production approach for measuring markups. In particular,

we observe measures of sales, input expenditure, capital stock information, as well as

detailed industry activity classifications.27, but also for questions of productivity and

multinational ownership, e.g., Keller Yeaple. The item from the financial statement of

the firm that we will use to measure the variable input is “Cost of Goods Sold” (COGS). It

bundles all expenses directly attributable to the production of the goods sold by the firm

and includes materials and intermediate inputs, labor cost, energy,...28. However, that

requires additional assumptions by deriving a measure of intermediate input use from

operating income before depreciations, and the total wage bill, where the latter is imputed

from multiplying the reported total number of employees with industry-wide wage data.
26There are also pronounced trends in the number and character of listed firms in recent decades. These

developments are well documented in the literature. To summarize briefly, there was a huge influx of riskier,
younger firms in the 1980s and 1990s.) And, in something of a reversal, there has been a huge net decline in
the number of U.S. listed firms since the early 2000s .

27The Compustat data has been used extensively in the literature related to issues of corporate finance,
such as CEO pay, e.g., Gabaix Landier

28The sample does not directly report a breakdown of the expenditure on variable inputs, such as labor,
intermediate inputs, electricity, and others, and therefore we prefer to rely on the reported total variable cost
of production. Alternatively, we could rely on imputed intermediate inputs as in Keller Yeaple
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In addition, we observe relevant, and direct accounting information of profitability and

stock market performance. The latter information is useful to verify whether our measures

of markups, as discussed below, also relate to the overall evaluation of the market. Table

B.1 in the Appendix provides basic summary statistics of the firm-level panel data used

throughout the empirical analysis.

From our data we construct a measure of the user cost of capital. We follow the

standard procedure in the literature and use rt = (it � ⇡t) + �, where it,⇡t, � are the

nominal interest rate, the inflation rate and a depreciation rate. We use Gross Capital

(PPEGT) that we adjust for the industry-level input price deflator (PIRIC from FRED), for

the federal funds rate and for an exogenous depreciation rate and risk premium jointly

that we set at 12%.29

Our data also has a measure of Overhead, booked under “Selling, General and Administrative

Expenses” (SG&A). This item includes selling expenses (salaries of sales personnel, advertising,

rent,...), general operating expenses, and administration (executive salaries, general support

related to the overall administration). We use SG&A to calculate total costs – not just the

cost of factors of production – in order to measure the profits of the firms. In addition,

below we will consider a production technology, different from the conventional technology,

where we treat overhead as a factor of production.

CENSUSES. As a robustness exercise and to verify the extent of selection bias in our sample

of publicly traded firms, we repeat exercise for the Economic Census. The Economic

Census is administered every five years (in years ending in “2” and “7,” e.g. in 2012).

It is composed of Censuses of different sectors: a Census of Manufactures, a Census of
29Below, when we investigate the capital share (the user cost of capital divided by sales) we find, not

surprisingly, that this measure is quite volatile. Gross Capital is a long term measure that adjusts at a lower
frequency and that therefore is more subject to aggregate fluctuations. Also, in the 1970s there was a sudden
drop in capital investment. Those were tumultuous financial times: inflation was high and financial frictions
were considered higher.
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Retail Trade, a Census of Wholesale Trade, and so on. Within each sector, it covers the

universe of employer establishments (establishments which hire workers, and are not

just one-person sole proprietorships); compliance is legally required. “Establishment”

denotes a discrete physical unit, but an establishment is also required to identify its firm if

it is part of a multi-establishment firm. The microdata for the oldest Census (manufacturing)

begins in the 1960s; coverage of most sectors begins in the 1970s or 1980s, and the most

recently added Census, covering the financial service industries, begins in 1992. Together

they now cover virtually the entire US private sector, with the exception of non-employer

establishments, and of agriculture (the US Census of Agriculture is now administered

separately by the USDA, instead of the US Census Bureau). Our data for all Economic

Censuses ends in 2012.

The Census of Manufactures contains establishment-level data on sales, in addition

to very comprehensive data on inputs (the total labor wage bill, capital, materials, and

so on). However, most of the other sector censuses (retail, wholesale, etc.) only contain

data on establishment-level sales and wage bill, and not other non-labor inputs. In section

2.2.6 we will analyze markups for Manufacturing, Retail and Wholesale. A more detailed

description of the Census data is in the Appendix.

2.2.2 Traditional Production Function with Fixed Costs

The traditional production function (in equation (1), henceforth denoted by PF1) takes

factors of production V (variable) and K (fixed) as inputs. The fixed cost F from overhead

is not a factor of production and therefore does not matter for output, even though it

matters for profits.

We use the production function estimation technique described above to derive the

average markup. The estimation method for the production technology allows for flexibility
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in how disaggregated the data is. For the baseline measure of our markup, we estimate the

technology with an elasticity that is time-varying and specific to each sector. We denote

sectors by s. Then the output elasticity for all firms i in sector s is ✓Vst, and the markup

(equation (5)) of a firm i in sector s is given by:

µit = ✓Vst
PitQit

P V
it Vit

. (13)

This generates a markup estimate for each firm i. From the distribution of markups across

all firms, we first derive the average markup, weighted by the share of sales of the firm i

in the entire sample:

µt =
X

i

mitµit, (14)

where mit =
Sit
St

is the market share of sales in the sample with St =
P

i Sit.

1.2

1.3

1.4

1.5

1.6

1960 1970 1980 1990 2000 2010

Figure 18: Average Markups for Conventional Production Function. Output elasticities
✓st from estimated PF1 are time-varying and sector-specific (2 digit). Average is sales
weighted. Evolution 1955-2016.

Figure 18 reports the evolution of our baseline measure of average markups across
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the economy over time. In the beginning of the sample period markups were relatively

stable, initially slightly increasing to 1.34 in the 1960s and then decreasing to 1.21 in 1980.

Since 1980 there has been a steady increase to 1.61. In 2016, the average markup charged

is 61% over marginal cost, compared to 21% in 1980. In Online Appendix ?? we report a

few examples of individual firms’ markups.

To establish the robustness of the markup measure in the baseline, in Section 2.4 and

the Appendix we report the average markup measure for different specifications of the

production technology to estimate the output elasticity. We estimate the output elasticity

that is: 1. time-invariant and sector-specific ✓s; 2. time-varying and not sector-specific

✓t; 3. time invariant and not sector-specific ✓t; 4. We also estimate a technology that is

translog and we report the input-weighted average markup from the baseline model.

We now repeat the analysis where we obtain the output elasticity from cost shares. For

each firm we have an observation for the cost share ↵V
it =

pVt Vt

pVI Vit+rtKit
. Within an industry,

we use the median of the distribution as the measure for the output elasticity:

✓st = mediani2s{↵V
it}. (15)

Figure 19 reports the sales-weighted average of the markups with the output elasticity

derived from the cost-share for the traditional production technology where overhead is

a fixed cost and denoted by CS. The pattern is very similar to that in Figure 18. There is a

moderate decrease from the 1960s and then an increase from 1980 up to 2016. The level is

slightly higher and the increase by 50 points is somewhat more pronounced.

From inspection of the definition of markup in equation (5), the rise in the markup

could potentially be attributed to two sources: 1. an increase in the ratio of sales to

expenditure on variable inputs; or 2. technological change, an increase in the output

elasticity ✓V over time. In Figure 20a we plot the average cost share of the factors of
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Figure 19: Average Markups for the Conventional Production Function using Cost Shares:
CS1. Output elasticities ✓st are time-varying and sector-specific (2 digit, median). Average
is sales weighted. Evolution 1955-2016.

production V and K as well as the average output elasticity estimated from PF1. There

is some volatility in the cost shares, and the estimated output elasticity is decreasing over

the time period, but the magnitude of the changes are fairly small. This indicates that the

steep increase in markups is driven by the increase of sales over expenditure on inputs.

Firms are selling their goods at higher margins. This is also evident from inspection of

Figure B.1 in the Appendix where we report the markup for a constant ✓V . The pattern

there is virtually identical to the one in the baseline model in Figure 18. This tells us that

the evolution of the average markup is mainly driven by the ratio of sales to expenditure

on variable inputs and not by changes in the output elasticity.

Because there is a fixed cost, the increase in markups does not mean that there has been

an increase in the profits. It may be that firms sell their goods a higher margin because

they are incurring higher fixed costs. Figure 20b plots the cost share of variable factors

in the total cost (consisting of variable factors, capital and overhead), as well as the cost

54



.82

.84

.86

.88

.9

.92

1960 1970 1980 1990 2000 2010

Elasticity V
Cost Share V

(a) Output elasticity PF1 and Cost Shares: V

0

.2

.4

.6

.8

1960 1970 1980 1990 2000 2010

Elasticity V Elasticity X
Cost Share V Cost Share X

(b) Output elasticity PF2 and Cost Shares: V and
X

Figure 20: Average Cost Shares and Average Output Elasticity (sales weighted average).

share of overhead. We see that there is a slight decrease in the cost share of the variable

factor of production from 80% in the beginning of the sample to 70% in 2016. The share

of the fixed cost has increased from 18% at the beginning to 24% towards the end. This

is indicative of the fact that the overhead cost, and thus the technology, has changed. We

further investigate this technological change in the next section.

Following the initial circulation of our results, some have argued that the increase

in SG&A has fully offset the increase in the markup. However, they mix the notion

of variable and non-variable factors of production. By summing the variable factors of

production (COGS) with the non-variable factors (SG&A), they do not measure the price

to marginal cost ratio, or the markup, because they assume SG&A varies in the firm’s

optimization decision, which we show below is counterfactual. Instead, we treat SG&A

either as a one-off fixed overhead cost, or a non-variable factor of production (in Section

2.2.3 below). In addition, by summing SG&A and COGS, these two factors of production

are assumed to be perfect substitutes, which is not a realistic assumption. This affects the

markups as well as the estimated output elasticities needed to calculate the markup.
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2.2.3 Production Function with Overhead as a Factor of Production

The conventional production function uses as factors of production the variable input

V and capital K. All other expenditures accounted for as not directly related to the

production of the goods sold are overhead. They are considered fixed costs, a cost incurred

that is independent of the output produced. This is the standard approach in the Industrial

Organization literature on markup estimation.

In contrast to the conventional interpretation of the production technology, we propose

an alternative interpretation where a portion of the overhead is a factor of production.

Higher expenditure on getting more and better logistics managers will lead to an increase

in the units produced. More sales people increases the units sold. Not all of this factor

of production necessarily leads to more production, it may also mean just more sales. In

order to be able to interpret overhead as a factor of production, we denote its expenditure

by pXX , where the quantity that enters the production technology is X and the unit price

is pX .

We now take this non-conventional interpretation of overhead as a factor of production

seriously, and assume that all of it is a factor. The production function can then be written

as Q(V,K,X) and firm profits are PQ(V,K,X) � P V V � rK � PXX . We can apply the

same cost-based method for the derivation of markups as laid out in section 2.1. We now

treat X as a factor of production that enters the production function, but it is non-variable,

just like capital K. The treatment of the variable input V remains as before. The difference

relevant for the measurement of markups therefore stems from the production function

estimation and the resulting estimate for ✓V . To differentiate we denote the estimates from

this production function by PF2. When we calculate elasticities based on cost shares that

take into account overhead as a factor of production, we refer to it as CS2. To further

differentiate the graphical representation, PF1 and CS1 are in plotted red, and PF2 and
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CS2 are in blue.
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Figure 21: Average Markups for Production Function with Overhead as a factor. Output
elasticities from estimated PF2 and from CS2: time-varying, sector-specific (2 digit) output
elasticity ✓st (sales weighted average).

In Figure 21a, we report the evolution of the average markup with this new production

technology. Qualitatively, we see a similar pattern for the increase in the average markup

starting in 1980. Initially slightly below one, it increases by around 30 points in 2016. The

increase for this technology is some 10 percentage points lower than for the traditional

production function (Figure 18). This difference is driven by the fact that the cost share

of overhead (and the estimated output elasticity ✓X ) is increasing over time (see Figure

20b). What matters for the markup estimate however is the elasticity ✓V . We know

that it is roughly constant for the conventional production function (Figure 20a). For the

production technology with overhead as a factor of production, ✓V is slightly decreasing

(Figure 20b). Therefore the estimated markup shows a more moderate increase (30 points)

than under the conventional production technology (40 points).

In Figure 21b we plot the average markup where we use the cost shares as a measure

for the output elasticity (CS2). The evolution of the average markup is markedly different.

There is still a steady increase from 1980 onwards, but that increase is now by about 20
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points only (instead of 40 points for PF1 and CS1, and 30 points for PF2). In addition,

markups before 1980 are high relative to those after 1980. The reason for the discrepancy

between the markup using PF2 and CS2 stems from the implicit assumptions underlying

the technology that uses cost shares. While often hailed as non-parametric, using cost

shares implicitly assumes a technology that imposes constant returns to scale. Only under

constant returns (and Cobb-Douglas) is the cost share equal to the output elasticity. It

turns out that ruling out returns to scale is an important factor in explaining why the

average markup calculated with the cost shares increases less. We turn to returns to scale

next.

2.2.4 Returns to Scale

With the estimated technologies (PF1 and PF2), we can evaluate any technological change

that affects the returns to scale. Because the technology is Cobb-Douglas, the returns

to scale are measured by the sum of the output elasticities: ✓V + ✓K for PF1 and ✓V +

✓K + ✓X for PF2. We find that the estimated technology shows a rise in the degree of

increasing returns over time. In Figure 22a we report the sum of the output elasticities

for both technologies PF1 and PF2. For the conventional technology (PF1), from the start

of the sample, the estimated returns to scale go from around 1 to 1.05 in 2016. Instead,

the returns to scale of the technology with overhead as a factor of production, there is

an increase up to 1.15, reaching 1.2 in 2010. The fact that the production function with

overhead as an input has higher returns to scale confirms that overhead X is in part a

fixed cost that generates increasing returns. Moreover, since those returns to scale are

increasing more over time as overhead increases, establishes that the role of overhead as

a source of returns to scale is growing.

The increase in the returns to scale also explains why the markup estimate based
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Figure 22: Returns to Scale

on cost shares only shows an increase of 20 percentage points (Figure 21b), whereas

under the elasticity estimated from the production function the increase since 1980 is 30

percentage points (Figure 21a). By construction, cost shares add up to one and therefore

the implied elasticities are derived under the assumption of constant returns. As a result,

the increase in the elasticity ✓X due to an increase in the expenditure share of overhead

must necessarily lead to a decrease in ✓V .30 With ✓V decreasing, from equation (5), the

increase in the markup must necessarily be dampened. This illustrates that directly using

the cost shares can by construction not account for any change in the returns to scale in

the technology.

However, we can rely on the method first used in Syverson to derive the returns to

scale based on cost shares. He assumes the following functional form for the technology

based on cost shares but without constant returns:

q = � [↵V v + ↵Kk + ↵Xx] + !, (16)
30In principle, it could also lead to a decrease in ✓K , but ✓K is so small it cannot offset all of the increase in

✓X . We consistently find that the estimated ✓K is constant across all specifications.
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with all variables in logs, where ↵V = pV V
PV V+rK+PXX

is the cost share of the variable input,

and likewise for ↵K and ↵X . While each cost share determines the output elasticity, the

technology need not be constant returns and the curvature is captured by �. In Figure

22b we plot two measures of the estimated �, one for the average firm-level � and one

where we impose a common � at the 2-digit industry level, both for the technology with

overhead as a factor of production.31 Both reveal that also with this method, returns to

scale have increased throughout the sample. There were DRTS before 1980 and since 1980

returns to scale have been increasing, up to 1.05 at the end of the sample.32
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Figure 23: Average Markup: Benchmark (PF2) and Cost Shares with Returns to Scale
(Syverson)

The evolution of returns to scale helps us understand the difference between Figures

21a and 21b. In the latter, we ignore the change in the returns to scale because Cost

Shares are implicitly assuming Constant Returns to Scale. If instead we use the elasticities

obtained for the Syverson technology in equation which is equal to �↵v, we obtain an
31An important caveat here is that we estimate this technology by means of a simple regression, without

accounting for endogeneity.
32In a recent paper (based on the original method proposed by Hall that works with aggregate data), Hall

(2018) uses the expenditure shares (rather than the cost shares) to estimate markup.
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average markup (see Figure 23) that is very similar to the one using the elasticity estimated

with the production function (PF2). The increase in � in Figure 22b implies that the

elasticity ↵V used in Figure 21b is multiplied by �.

2.2.5 The Distribution of Markups

So far, we have only provided evidence of the average markup. A key finding is that

the increase in markups is driven by a few firms, without any increase for most. The

advantage of our method is that we obtain a markup for each firm, so we have a distribution

of markups. In this section, we investigate how the higher moments of this distribution

have evolved. We do all exercises for both production functions, with overhead as fixed

cost (PF1, panels a.) and overhead as a factor of production (PF2, panels b.).

THE DISPERSION OF MARKUPS. To get an idea of the evolution of the entire distribution

of markups, we plot the kernel density of the unweighted markups for 1980 and 2016

(Figure 24). For both markup measures, we find that the variance has increased and that

in particular, the upper tail has considerably fattened and become longer. It is the upper

tail that drives the increase in the average markup.

Because the kernel density does not take into account the weights, we next plot the

different moments of the distribution of sales-weighted markups over time (Figure 25). We

rank the firms by markup, and to obtain the percentiles we weigh each firm by its market

share in the entire sample. This makes the percentiles directly comparable to our share

weighted average. The ranking is updated each year, so the firms at the top may be

different each year (below, we investigate the persistence in the markup process).

The increase in the average markup comes entirely from the firms with markups in

the top half of the markup distribution. The percentiles below the median are largely

invariant over time. For percentiles above the median, markups increase. For the 90th
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Figure 24: Distribution of Markups µit: Kernel Density Plots (unweighted)
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Figure 25: Percentiles of the Markup Distribution. (The percentiles of the Markup
distribution are weighted by marketshare of sales in the sample.)

percentile in particular, the increase is sharpest. Between 1980 and 2016, it increases

from 1.8 to 2.8 for the conventional production function (Figure 25a), and from 1.5 to

2.5 for the production function with overhead as an input (Figure 25b). This indicates

that the change in average markup is largely driven by a few firms that currently have

much higher markups than decades ago.33 We now turn to summarizing the evolution of
33This is consistent with the evidence in Kehrig. He studies the cyclicality of productivity and finds that

the dispersion in TFPR is increasing, especially in the upper tail.
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markups in a simple stochastic process.

THE PROCESS OF MARKUPS. To capture some properties of the process that governs the

evolution of markups, we assume the following autoregressive process for our measure

of markups (with the conventional production function) as well as for the data on sales

and employment:

zit = ⇢xit�1 + "it, z 2 {logµ, logS, logL}. (17)

Figure 26 shows the evolution of the cross-sectional standard deviation of the shocks in

the markup, sales and employment processes. Starting in 1980, there is clearly a sharp rise

in the standard deviation of the markup µ and a more moderate increase in that of sales S.

Interestingly, there is much less of an increase in the standard deviation of employment

L. If anything, there is a decline from 2000 onwards. This is because the increase in the

standard deviation of markups is precisely driven by the increase in the wedge between

the volatility of sales (increasing) and inputs, in this case labor (fairly constant and then

decreasing).34

This increasing wedge is consistent with the evidence in Decker et al that the shock

process itself has not changed much but that the transmission of the shocks to inputs

(labor) has.

DECOMPOSITION WITHIN VERSUS BETWEEN SECTORS. We now decompose the change

over time in the markup by firm size. Is the increase in markup over time due to a change

of markup at the industry level (� within), due to a change in the composition of the firms

– there are more firms with a high markup – (� between), or due to the joint change in

markup and the firm composition (� cross term). This can be expressed in the following
34As robustness checks, we have also included higher order terms of the persistence and find that those are

not important.
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Figure 26: The Evolution of the Standard Deviation of Markups, Sales and Employment
(1960 - 2016). (AR(1) in logs on their lag with year and industry fixed effects; The
estimated persistence is 0.84).

formula:

�µt =
X

s

ms,t�1�µst

| {z }
� within

+
X

s

µs,t�1�ms,t

| {z }
� between

+
X

s

�µs,t�ms,t

| {z }
� cross term

. (18)

We consider the change over 10 year periods starting in 1956.35 As we already observed

in Figure 18, our baseline measure of markup has slightly decreased in the run up to

the 1980s, and has since then increased at an increasing rate. The decomposition shows

that the change in markup is mainly driven by the change within industry. Most of the

� Markup is driven by � Within. There is some change in the composition between

industries, but that is relatively minor compared to the within industry change. The

change due to reallocation, the joint effect, is mostly small.

The fact that most of the increase in markups is driven by the increase within sectors

and not for particular sectors is an important unexpected discovery. Intuitively, we would
35The decomposition for the 3 and 4-digit industry classification is reported in Table 1 in the Appendix.
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Production Function PF1

Markup � Markup � Within � Between � Cross
1966 1.337 0.083 0.057 -0.017 0.041
1976 1.270 -0.067 -0.055 0.002 -0.014
1986 1.312 0.042 0.035 0.010 -0.003
1996 1.406 0.094 0.098 0.004 -0.008
2006 1.455 0.049 0.046 0.007 -0.005
2016 1.610 0.154 0.133 0.014 0.007

Production Function PF2

Markup � Markup � Within � Between � Cross
1966 1.051 0.061 0.044 -0.012 0.028
1976 1.014 -0.037 -0.030 -0.004 -0.003
1986 1.048 0.035 0.028 0.008 -0.001
1996 1.141 0.093 0.096 0.002 -0.006
2006 1.211 0.070 0.068 0.004 -0.002
2016 1.329 0.118 0.106 0.004 0.008

Table 1: Decomposition of 10 year change in Markup.

expect that certain sectors such as Tech would see a much bigger increase in the markup.

But as the sector specific markups in Figure ?? in the Online Appendix illustrate, there are

no sectors that systematically have higher market power. This confirms that the increase

in market power occurs in all sectors and industries.

DECOMPOSITION AT THE FIRM LEVEL. We now address to what extent the rise in aggregate

markups is driven by an increase in the firm level markups, or by an increase in the sales

share of firms with high markups. Though not in all, in most theories of market power,

firms that have higher market power also increase their market share (in the Cournot

model in particular, the market share is a sufficient statistic of market power).

Our objective here is to decompose the change in the aggregate markup. We know

from inspection of Figure 24a that the distribution of markups has changed, with a slight
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increase in the mean and a substantial increase in the variance. Now even if the markup

distribution remained unchanged, we could observe an increase in the average weighted

markup if high markup firms saw an increase in their market shares. Because reality is

most likely a combination of both, we decompose the average markup at the firm level as

follows:

�µt =
X

i

mi,t�1�µit

| {z }
� within

+
X

i

µ̃i,t�1�mi,t

| {z }
� market share

+
X

i

�µi,t�mi,t

| {z }
� cross term| {z }

� reallocation

+
X

i2Entry

µ̃i,tmi,t �
X

i2Exit

µ̃i,t�1mi,t�1

| {z }
net entry

,

(19)

where µ̃it�1 = µit � µt�1.36

We apply the insights from the productivity-decomposition literature, and while this

decomposition appears very similar to that in (18), it is different, first because it has

one additional term, and second because its interpretation is very different. There is

an additional term here because there is entry and exit of firms, whereas in the sectoral

decomposition the number of sectors is fixed. But also the interpretation differs. Following

Haltiwanger (1997), we consider a theoretical counterfactual where the ’� within’ term

measures the average change that is due merely to a change in the markup, while keeping

the market shares unchanged from last period. Instead, the ’� market share’ term measures

the change due to an increase in market share while keeping the markup fixed. If this

term is increasing, it captures the fact that firms with higher markups now have a higher

market share and hence there is increase in the weight of the high markup firms. This

in turn raises the average markup without raising the markup itself. The ‘� cross term’
36We demean the (lagged) markups by the appropriate aggregate (share-weighted) level, in order to

correctly identify the role of the reallocation term. With a slight abuse of notation the markup for entrants is
given by µ̃it � µt�1. See Haltiwanger (1997) for more discussion.
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measures the joint change in markups and market share. We denote by 0� reallocation’

the joint effect of ’� market share + � cross term’.37 Finally, the new last term measures

the effect of entry and exit on markups. This captures the change in the composition of

firms in the market. If the entering firms have higher markups than the exiting firms for

example, then this term will be positive.

We first perform this decomposition across firms in the entire economy. This implies

that the reallocation component captures movements of firms across all sectors. This

is in contrast to the sectoral analysis presented in Table 1, where sector-level aggregate

markups were calculated before exploring the within and between dimensions. We then

perform the same decomposition for each of the broad sectors of the economy.

In Figure 27 we plot the average markup (in red), as well as three counterfactual

experiments based on the decomposition starting in 1980. We set the initial level to 1980

and then cumulatively add the changes of each of the component terms in equation (19).38

The first experiment (plot in blue) shows the evolution of the average markup as if

there was only component ‘� within’ and all other components were zero. This shows

that the rise in average markups in the 1980s and 1990s from 1.21 to 1.3 in 2000 is about

one third of the total increase from 1.21 to 1.47. From 2000 onwards, this term decreases

and picks up again after the great recession. The change in the average markup is also

evident from Figure 24, where we see an increase in the upper right tail.

The second experiment (plot in black) show the path of the markup if the only change

had been due to ‘� reallocation’. All markups remain unchanged from last period, and

we apply only the change in the market shares. The plot shows that accumulated over

the whole time period, reallocation accounts for about two thirds of the change in the
37The ‘� cross term’ is virtually zero in the experiments we perform.
38In the Online Appendix section ?? we tabulate the measured yearly changes of each of the four

components for all years between 1955 and 2016. The cumulative representation in Figure 27 shows
decomposition of the change in markups in a more concise way.
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Figure 27: Decomposition of markup growth at the firm level.

weighted markup. The main takeaway here is that there are two forces at work. On the

one hand, the markup (the within term) increases, which is an indication of the change in

pricing power of firms. In ongoing work, we show that this can be due to a change in the

market structure (less competition) or due to technological change (bigger spread in firm

productivity). On the other hand, there is also a reallocation of sales activity away from

low markup firms towards high markup firms (the reallocation term). This is entirely

consistent with a model of imperfect competition where firms with higher markups also

attract a higher market share. This reallocation effect is in accordance with the findings in

Autor et al, who establish that large firms have grown in size relative to small firms, and

those firms tend to operate in more concentrated markets. While we find that reallocation

term is important, it is not the only force at work. Unweighted markups have gone up

(measured by the ’� within’ term and visualized by the density of markups in Figure 24,

especially in the upper tail), which is an important force behind the rise in market power.

The third experiment (plot in green) shows the evolution of markups if the only change

was net entry of firms. The net entry component rises early on and is more or less constant

afterwards, indicating that the rise in markup is not is not exclusively driven by the
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changing composition of firms in the sample. The net entry component can simply be

driven by the fact that the panel of firms is not balanced and more firms enter than exit. In

part, it can also be driven by mergers and acquisitions. Consider two firms that merge. If

their joint market share is unchanged but they now charge higher markups, then the net

entry term will be positive. Or it could be driven by the fact that the net entry accounts

for a higher market share than the sum of the individual pre-merger shares.

In summary, the rise in aggregate markups is driven in part by a change in the markup

distribution itself, by a reallocation from low markup firms to high markup firms, and by

some net entry. The first decade of the 1980s, all three forces are equally at work. But the

end of the period, reallocation dominates.

In Figure 28 we repeat the decomposition exercise with the counterfactuals for a few

leading (broad) sectors separately – i.e., Manufacturing, Wholesale, Retail and Services.

In the manufacturing sector both the within and the reallocation component contributed

positively to the sharp rise in the sector’s aggregate markup. Had market shares been kept

at their initial level (here at their lagged levels, in each period we consider), the aggregate

markup would only have increased by about 12 percentage points, leaving a role for the

reallocation of market share towards high markup firms.
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Figure 28: Firm Level Decomposition by Sectors

The Wholesale sector looks markedly different, where the aggregate markup is almost

uniquely driven by the pattern of within markup growth.39 The other sectors, FIRE,

Agriculture, Mining and Utilities all broadly follow the same trend – i.e. the markup

growth component tracks the observed aggregate markup closely.40

The Retail sector’s aggregate markup, on the other hand, is uniquely driven by overall

markup growth leading up to the late nineties. From there onward, the negative reallocation
39The net-entry term contribution is harder to interpret given the inherent selection in and out of

Compustat.
40We present the decompositions for the remaining sectors (Finance, insurance and real estate; Agriculture,

Mining and Utilities) in Figure B.6.
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term offsets a strong growth in markups. The latter suggests that high markup firms saw

their market share decline in this last period of the sample period. The Services sector,

arguably the most heterogeneous group, stands out in that markups consistently decline,

at initial market shares. Had it not been for the reallocation of market share towards high

markup firms, the sector’s aggregate markup would have declined from about 1.6 in 1980

to about 1.2 in 2016.

The sectoral analysis indicated that the increase in the aggregate markup was largely

due to the rise of markups within sectors, and not the reallocation across sectors. Once

we consider the micro-data, however, we find that there is, in addition to markup growth,

a substantial role for reallocation of economic activity. In almost all sectors and periods

this takes the form of a reallocation of market share towards the high markup firms; with

the exceptions of the Retail sector in the period 2000-2016, where market shares moved

towards relatively lower markup firms. The latter is consistent with the increasing share

of online sales.

2.2.6 Results from the US Censuses

The data on publicly traded firms suffers from selection. So far, what we have analyzed

cannot be generalized to the entire US economy. The publicly traded firms tend to be

large, and the number of firms (less than ten thousand) is small relative to the approximately

six million firms in the economy. Moreover, entry and exit in the sample of publicly

traded firms is non-random. Even though the shares of GDP and of employment are large

(because the firms are large), we want to find out whether our results are representative

for the entire economy.

To that end, we repeat the exercise we have done above for the different Censuses in

different industries. The advantage of the Censuses is that they represent the universe
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of firms within a sector and are therefore representative of the whole economy in that

sector. We focus on three Censuses: Manufacturing (NAICS codes 31-32-33), Wholesale

(NAICS code 42) and Retail (NAICS codes 44-45). We provide more detail on the sample

construction and measurement of the key variables in Appendix B.1.

The measurement of markups in the census data relies on the framework outlined in

section 2.1. The implementation, however, differs because we do not observe the same

detailed information as in Compustat regarding a firm’s balance sheet and income and

loss statement, with the exception of the census of manufacturing for which we do observe

most of the traditional production and cost variables. The analysis of the manufacturing

sector will therefore closely track the analysis applied to the universe of Compustat firm.

There remains one big difference: there is to our knowledge no analogue to the reporting

of SG&A (or overhead cost) in the census data.41 We therefore restrict our attention to

the analysis of the conventional production function (PF1) without overhead as a factor

of production, and the associated interpretation of the markups.

With the exception of the census of manufacturing data, we only observe the wage bill

and sales consistently across plants and time. This implies that output elasticities cannot

be measured or estimated due to the limited information on costs. For Manufacturing,

where there is more detailed reporting of costs, we use the industry-time specific cost

shares as measures for output elasticities. For Retail and Wholesale, we cannot impute

the cost shares. Instead, we use the sector and time-specific output elasticities that we

estimated from the publicly traded firms.

In the Census of Manufacturing we use the cost shares to construct the output elasticity

of any variable input (labor and materials) at the 4 digit NAICS industry level (denoted
41Some components such as marketing and advertising costs are in principle recorded, but not items such

as brand value, research and development, executive compensation packages, etc.
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by n, by census year.42 This leads to the standard recovery of the output elasticity for the

variable input:

✓Vnt = N�1
nt

X

j2n

P V
jtVjt

P V
jtVjt + rntKjt

, (20)

where j denotes a plant active in industry n; in this case a unique 4 digit NAICS code.43

For Manufacturing we can use information on materials as well as on the wage bill for

the variable input V . This allows us to check the robustness of our findings. For the other

Censuses, we only observe the wage bill. In the absence on information on cost shares,

we infer the output elasticities of labor using the cost-share approach in Compustat. In

particular for each 2-digit NAICS sector (s), we compute the median labor cost share, by

year, for the sample of active firms, as in equation (15).

Finally, we aggregate the plant-level markups to obtain firm-level markups, the ultimate

object of interest in this analysis. This also makes our results consistent with the analysis

performed for the Compustat sample.44 More specifically, we compute markups at the

plant-level and aggregate to the firm level using plant-level revenue shares. The sector-specific

aggregate markup is computed as before, using a firm’s share in total sectoral sales.

Figure 29 reports the weighted average (left panels) for each of the three Censuses, as

well as the percentiles of the markup distribution (right panels), weighted by sales (the

equivalent of Figure 25a). With data only in five-year intervals, the patterns are obviously

less detailed.

42These are made available by Foster Haltiwanger Syvverson and are accessed through the census file.
Alternatively the output elasticities can be obtained by estimating the 86 distinct production functions using
an approach as outlined in section 2.1. We opted to rely on the cost-share approach to minimize the impact
of measurement error, and imputed data in obtaining reliable estimates of the output elasticity. See Syverson
for a discussion of these issues.

43We remind the reader that there are four distinct levels of aggregation in our analysis: plants (j), firms
(i), industries (n – i.e., 4 digit NAICS) and sectors (s – i.e., 2 digit NAICS).

44In the case of the Wholesale and Retail sectors, the output elasticity is measured at the level of the 2 digit
NAICS code – i.e., NAICS 42 and 44-45 combined, respectively.
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Figure 29: Markups in the US Censuses: Manufacturing, Retail and Wholesale.
The variable input is employment. Averages and percentiles are sales weighted.
Manufacturing firm-level markups rely on the industry-specific cost shares. Retail trade
relies on the output elasticities computed in the Compustat sample. Wholesale relies on a
calibrated output elasticity.
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Starting with Manufacturing (Figures 29a and 29b), we see average markups that start

to increase from 1977 onwards, from around 1.55 up to around 1.8. This pattern mirrors

what we find in the whole sample of publicly traded firms as well as in the publicly traded

firms in manufacturing in Figure 28(a) (the red line).

We also calculate the markup using manufacturing as the variable input, instead of

employment, and we find a very similar pattern. In the Compustat sample we cannot

separate the labor and material expenditures, instead we have to rely on the bundle

COGS. The results indicate that all three series (Compustat COGS-based, Census labor-based

and Census materials-based) indicate the same pattern of rising aggregate markups.45

Like for the publicly traded firms, the pattern in Retail (Figures 29c and 29d) until 2002

is flat or only slightly increasing. This is the case also for the percentiles. There is instead

a sharp increase of the weighted average in 2012 that we do not observe in the publicly

traded firms.

The figures for the wholesale are again in line with the series obtained from our

analysis in the Compustat sample. We observe a continuous decline in the aggregate

markup until the year 2002, after which we see an increase of about 15 percentage point

in the markup over the course of ten years. The percentiles highlight again that the rise is

concentrated at the top of the (weighted) markup distribution. In contrast to the results

for the manufacturing and retail census, we could not rely on reliable labor cost shares to

approximate the time-specific output elasticity. We describe the procedure, and compare

the results to reported (aggregate) profit margins in the Online Appendix section ??, but

the same message as before still holds: the time-series markup pattern is dominated by the

dynamics in the sales-to-expenditure (here the wage bill) ratio, and the output elasticity

mostly affects the level.
45For more details on the use of multiple variable inputs in the manufacturing sector, see the Online

Appendix section ??.
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RETURNS TO SCALE. In all three sectors, we rely on the cost share of labor (also materials

in the case of the manufacturing sector) to measure the output elasticity of labor (or

materials). This implies that the the aggregate markups for the various Censuses (manufacturing,

wholesale and retail trade) are obtained assuming constant returns to scale in production.

From our analysis on the Compustat sample (see section 2.2.4), we know that this assumption

fails to hold, at least in that sample, and more importantly we documented increasing

returns during the period of an increase in aggregate markup in the Compustat sample.

Outside of manufacturing, we do not observe reliable measures of capital and other

variable inputs across a wide range of producers and time to reliably estimate the returns

to scale parameters. In order to facilitate comparison across the three Census sectors,

and ultimately aggregate across all three of them, we apply the following correction: We

impose the time-varying returns to scale parameter estimated on the Compustat sample

(see equation (16)). This parameter �t was estimated applying the approach of Syverson,

which directly relies on the cost shares for each input of production. This approach is

a natural aggregate version of the approach taken to compute plant, and subsequently

firm-level markups.
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Figure 30: Markups in the US Censuses adjusted for Returns To Scale.

While this correction is applied to the observed labor (and materials) cost shares, as

reported in the census data, for the manufacturing sector, for the two other sectors the
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correction is performed using uniquely Compustat information. First of all, labor cost

shares are not reported, or cannot be computed due to the inability to observe the cost of

the other inputs of production (capital, and intermediate inputs). Therefore we have to

rely on (share-weighted) labor cost shares of the respective firms (in wholesale or retail

trade) in the Compustat sample. The returns to scale correction is applied as in the case

of manufacturing, by multiplying the aggregate markup by the term �t.

The results are reported in Figure 30. Applying the returns to scale correction yields a

pattern of markups that is similar to that with constant returns, though with a somewhat

more pronounced increase, especially in the later years. This is the case for all three

Censuses.

2.2.7 Collecting evidence

We find agreement between the analysis from Compustat and the micro-census data. This

is perhaps not surprising given the fact that in the census data the patterns are driven by

the top firms capturing a large share of sectoral total sales (i.e. the upper percentiles), and

these are more often than not captured by the Compustat data. However, we also find

that, while covering in principle the population of plants and firms in the US, the census

data outside of manufacturing substantially limits the ability to estimate markups in a

flexible way (relative to the Compustat sample).

The biggest restriction is that one has to rely on labor as a variable input in production.

While we were able to formally check materials as a variable input for the manufacturing

sector, and found very similar markup patterns, this is not expected to hold outside

manufacturing; especially not for the wholesale sector. The latter is well-known to be a

high capital intensive sector where employment is mostly overhead, serving headquarter

tasks.
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In the absence of any other cost data (on either materials or capital) we cannot estimate

the rich production structures with overhead costs as performed here on the Compustat

firms, and importantly we cannot entertain the possibility of changing returns to scale

(again as we found to matter in the Compustat data).

With those caveats in mind, we do, however find a robust set of facts: aggregate

markups increase, and this increase is mostly due to the rise of margins at the top of

the weighted markup distribution. There are, however, sectoral differences, and the rise

of markups happens at different points in time across the sectors of the economy.
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2.3 Market Power

2.3 Market Power

The rise in markups that we have documented does not necessarily imply that firms have

higher profits. Whatever the reason for the increase in markups (a decrease in marginal

costs, an increase in demand or in its elasticity, a change in the market structure,...),

that does not necessarily imply an inefficiency or a decline in welfare. If at the same

time technology has changed to increase fixed overhead costs, then the higher prices

are needed to avoid making losses. Consider for example high tech firms that produce

software products that need one big up front investment and can be scaled nearly without

any additional cost. Such technological change will lead to higher markups (due to lower

marginal costs), but prices will not drop because firms need to generate revenue to cover

fixed costs. As a result, profits will continue to be low and higher markups do not

imply higher market power. From Figure 20b we have learned that indeed, the share of

overhead in total expenditure has increased. So the question is whether higher markups

simultaneously lead to higher profits.46

In part, the objective of analyzing the technology with overhead as a factor of production

above (PF2) was to incorporate the change in the fixed cost. In this section, we analyze the

implied net economic profits under the two technologies, with overhead as a fixed cost or

with overhead as a factor of production. To calculate profits, we use the markup measure

and properly account for all costs, including the fixed costs. We then interpret this profit

rate as a measure of market power.

Let ⇧i = Sit�P V
t Vit�rtKit�PX

t Xit denote net profits, then the net profit rate ⇡it = ⇧it
Sit

46Profits do not necessarily derive exclusively from market power. There could be capital market
imperfections that constrain investment and lead to higher profits. However, in a model with both market
power and financial frictions, Cooper and Ejarque find that profitability is explained entirely by market power
and none by financial frictions.
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can be written as:

⇡it = 1� ✓st
µit

� rtKit

Sit
� PX

t Xit

Sit
, (21)

where we have substituted the expenditure on variable inputs as a share of sales with

the output elasticity over the markup, from equation (5). This measure of the profit

share is different from the accounting profits because it uses a measure of capital that

is obtained from the balance sheet, not the income statement. Given adjustment frictions,

the accounting measure does not adequately reflect the expenditure on capital. Note also

that our measure of profits incorporates the output elasticity of the production technology,

which takes into account that the variable factor of production V adjust while the fixed

factors K (and X in the production specification where overhead is a factor) do not.
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Figure 31: Average Profit Rate and Profit Rate Distribution.

Figure 31a plots the average sales weighted profit rate for the data in our sample. We

find that profits have gone up by about 7 percentage points between 1980 and 2016.47

47This increase may not appear remarkable given the high profits in the 1970s. However, that dramatic
spike in profits in the mid 1970s is entirely driven by the drop in capital expenditure during a period of high
inflation. The role of the drop in the user cost of capital due to inflation can also be seen in Figure ?? in the
Online Appendix.
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Underlying the rise in profits is the increase in the upper tail of the profit distribution. In

Figure 31b we plot the kernel density of the unweighted profit rate distribution in 1980

and 2016. The rise in average profit rate is nearly exclusively driven by the increase in the

upper percentiles of the profit distribution. More firms have extremely high profit rates

of 15% and higher.

Our measure of the profit rate is the firm profits as a share of sales, which effectively

scales those profits by the firm size as measured by its revenue. From an investment

viewpoint, we may want to measure the return on assets. The return on assets is calculated

as the firm profits divided by its assets. We define profits by sales minus all costs, COGS,

SG&A and the user cost of capital. Because the user cost of capital is included, our

measure of return on assets is the return over and above r, which includes the inflation

adjusted risk free rate, as well as an adjustment for depreciation and risk. Therefore, it

is the excess return on assets. We plot this in Figure ?? in the Online Appendix together

with our baseline profit rate. The return on assets is remarkably similar to the profit rate,

with an increase starting in 1980 and rising from around 1% to around 8% in 2016. This

average return on assets is weighted by the capital of each firm. When we weigh it by the

sales of each firm (Figure ??), then the average return on assets is higher and also rising

faster. Firms with high sales have higher returns on assets, and the large firms have seen

bigger rise in their returns.

All this seems to suggest that at least based on the flows reported in the accounting

data, starting in 1980 there is an increase in the profitability of firms, and therefore an

increase in market power. Note that the profit rate we have reported accounts for the

increase in contemporaneous overhead costs as measured by SG&A. Of course, some

costs may have been incurred earlier. Still, it is not clear what those startup costs may

be as they are not booked in the firms’ accounts, and firms have incentives to book as
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many costs as possible to reduce corporate taxes on profits. The only possibility is that

those startup costs were incurred before the firms were in our data. As a result, profits

based on contemporaneous costs may therefore be overstated. What the data is indicating

however, is that if such costs are incurred earlier, then there must be an increase in those

startup costs as a share of the sales of a firm since 1980. With free entry and hence zero ex

ante expected profits, what we expect is that over the last four decades, the unmeasured

startup cost as a share of future sales has gone up from 1% of sales to 8% of sales (roughly

from 2% of value added to 16%). Some of those costs could be R&D cost that were incurred

before the firms were in our data. We turn to the impact of recorded R&D costs below.

The flow of profits may not be the best measure of profitability of the firm, because

it mixes up the firm’s result with investment decisions. To that effect, we consider as a

measure of profitability based on what firms generate as a return to their shareholders.

For that we have two measures: 1. the market value (or market capitalization); and 2.

dividends. Our second measure, dividends, is the return an investor receives on holding

equity in the firm. Of course, dividends may vary for reasons that have nothing to do

with the actual flow of profits. In particular, they will be closely related to the investment

opportunities that the firm has. Still, over a long enough horizon and averaging out over

a large number of firms, we would expect that dividends are a good indicator of profits.

Our first measure, market value, is essentially the discounted sum of dividends, since a

shareholder who sells shares in a firm gives up the opportunity value of receiving the

indefinite stream of dividend payments. In contrast to the actual dividends, the market

price is more a measure of future expected profits, not just contemporaneous profits, since

it takes into account the flow of all expected future dividends.
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Figure 32: Market Value and Dividends.

Figure 32a shows the evolution of the market value as a share of sales, averaged by

the sales share in the entire economy:
P

i
SiP
i Si

MktV ali
Si

=
P

i MktV aliP
i Si

. Unlike standard

composite indices of stock market values like the S&P 500, this measure is a “rate” that

can be interpreted in conjunction with the profit rate ⇡ (profits as a share of sales) from

our model. As such, first, it is not affected by inflation48 and second, this measure is

independent of the size of firms or the composition of firms since it is normalized by

sales. For example, even if there are 500 firms in the index, the index will artificially grow

when firms become larger, e.g., due to mergers.49

If the flow profits and dividends as a share of sales were constant, then the market

value that reflects the discounted stream of dividends would be constant as a share of

sales. This is clearly not the case. Market value as a share of sales rises from less than 50%
48The increase of the Dow Jones in the 1970s for example is misleading because during that period of high

inflation, once adjusted for inflation the real index is actually decreasing.
49Interpreting the market valuation of a firm as the discounted stream of profits obviously imposes a set

of assumptions. The most important one is the fact that the discount rate has remained constant over the
period. We know that the risk free rate has deceased, especially since the 1990s. While the interest rate is
not the discount rate, a preference parameter, it is quite feasible that the risk free rate affects the valuation of
stocks.
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to over 150%. A similar pattern arises for dividends, where dividends as a share of sales

increases from 1.5% to 3.5% (Figure 32b).50

(1) (2) (3) (4) (5) (6) (7) (8)

ln
⇣

Market Value
Sales

⌘
ln(Market Value)

ln(Markup PF1) 0.71 0.64 0.56 0.17 0.71 0.65 0.58 0.27
(0.03) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02)

ln(Sales) 0.81 0.81 0.83 0.68
(0.00) (0.00) (0.00) (0.01)

Year Fixed Effects Y Y Y Y Y Y
Sector Fixed Effects Y Y
Firm Fixed Effects Y Y
R2 0.05 0.13 0.21 0.68 0.68 0.71 0.73 0.89

ln
⇣

Dividends
Sales

⌘
ln(Dividends)

ln(Markup PF1) 1.05 0.97 0.80 0.26 1.03 0.93 0.78 0.26
(0.04) (0.03) (0.04) (0.05) (0.04) (0.04) (0.04) (0.05)

ln(Sales) 0.94 0.92 0.93 0.76
(0.01) (0.01) (0.01) (0.02)

Year Fixed Effects Y Y Y Y Y Y
Sector Fixed Effects Y Y
Firm Fixed Effects Y Y
R2 0.06 0.11 0.17 0.70 0.66 0.68 0.70 0.89

Table 2: Firm-level Regressions: market values and dividends on markups (clustered
standard errors by firm in brackets).

This is not just an artifact of the aggregate data. At the individual firm level, firms

with higher markups also have higher market values and dividends. In Table 2 we

report the regression results.51 Not surprisingly, contemporaneous firm-level markups
50Note that the reason for the decline in dividends the 1990s and sudden increase until the early 2000s is

due to tax incentives for firms to issue dividends. Until the 2003 tax reform, dividends were taxed at the
individual’s income tax rate, and at 15% thereafter.

51In Table ?? in the Appendix we report the same regressions for our markups estimated with the
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are correlated with both market value and dividends. For all specification, the coefficient

is a highly significant (even in the presence of firm fixed effects, see columns (4) and (8)).

At the firm level, this is consistent with the fact that higher markups reflect higher profits

and therefore higher dividends and market values.

Based on the evidence from the firm’s fixed overhead as measured by SG&A and the

resulting profits as well as by market value and dividends, we find evidence that the rise

in markups is associated with the rise in market power.

In addition to technological change that gives rise to an increase in the fixed overhead

cost, technological change can also lead to higher returns to scale. As we have established

above (Figure 22), we find evidence of an increase in the returns to scale of the technology.

This does of course not necessarily imply that the technological change is socially optimal.

To complete this Section, we investigate the relation between profits, markups and

overhead costs (SG&A). In Figure 33a we plot the relation between the share of sales of

SG&A and the markup for different percentiles in the (unweighted) markup distribution.

This shows that the firms with a higher SG&A share of sales have higher markups. For

a given year, the higher percentiles in the distribution of markups have higher overhead

shares. This is as expected in a competitive economy: higher prices relative to marginal

cost are required in order to offset the overhead and avoid making losses. In addition,

over time, the overhead share is increasing which automatically implies that the markup

increases, even in a competitive economy. Note that if we plot the markup against the

share of COGS in Sales, then by construction this relation is downward sloping, indicating

that unlike SG&A, COGS is a variable input.

Now we want to evaluate whether the increase in markups that we observe is merely

to offset the rise in overhead. To that effect, we calculate a fictitious markup, denote it by

technology that includes overhead as factor of production, PF2. The coefficients are very similar.
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(b) Excess Markup µit � µ?
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Figure 33: Markup, Excess Markup and SG&A Share (Markup PF2).

µ?, that corresponds to zero profits. We obtain that markup from setting profits ⇡it to zero

in equation (21) and solving for µ:

µ?
it =

✓st

1� rtKit
Sit

� PX
t Xit

Sit

. (22)

This zero profit markup is a weak upper bound, however, and the true zero profit markup

is weakly lower (provided there are no costs in addition to COGS, SG&A and capital).

This is because we do not know what sales Sit would be under competition. To predict

sales under perfect competition, we need to know the properties of demand. Only in

the case of unit elasticity demand will sales be invariant for different markups. In all

other cases, however, sales under perfect competition will be lower than when there is

market power. This is due to the fact that firms are charging higher prices only if the

marginal revenue is positive, which by definition necessarily implies higher sales for

higher markups. Therefore, sales under perfect competition (S?
it) will be weakly lower

than than under market power. Since under our assumption that in the short run, Kit

and Xit are not variable, the expression in equation (22) where we use Sit instead of S?
it is
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weakly higher than the true zero profit markup.

In Figure 33b we also plot µit�µ?
it for different percentiles in the markup distribution.

Because µ?
it is the upper bound of the zero profit markup, the gap between the actual

markup and µ?
it indicates the extent of the excess markup, over and above the markup

that arises under perfect competition. We see that the excess markup is highest for the

highest percentiles of the markup distribution, where incidentally the SG&A share is the

highest as well. High overhead firms have high markups, but also high excess markups;

and this became stronger over time (excess markup from about 0.2 in 1980 to about 0.6 in

2016).

Markup (log) Profit Rate (log)
(1) (2) (3) (4) (5)

SG&A (log) 0.56 0.15
(0.01) (0.03)

R&D Exp. (log) 0.16 0.10
(0.01) (0.01)

Advertising Exp. (log) 0.05 0.03
(0.00) (0.01)

R&D dummy 0.06
(0.01)

Advertising dummy -0.00
(0.03)

R2 0.61 0.07 0.43 0.04 0.05
N 26,743 247,615 26,743

Table 3: Regressions: effect of SG&A, R&D Expenditure and Advertising Expenditure on
markups and Profit Rate; Extensive margin effect of R&D and Advertising.

When we analyze the relation between markups (and profits) and overhead at the

individual firm level, we find a strong positive relation, as expected. As we have pointed

out all along, one of the reasons for raising prices and markups is that overhead has

increased. The elasticity is 0.56 (see Table 3): only over half of the SG&A increases are

passed on to markups. In a competitive economy this should be 1. Interestingly, firms
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with higher SG&A also have higher profits. In a competitive market, this coefficient

should be zero. We can decompose the change in SG&A into R&D expenditure and

Advertising expenditure. These are often signaled as the components of SG&A that are

important for intangible capital. Indeed, R&D expenditure has risen from 5% in 1980 to

20% of SG&A, and advertising from 4% to 10%. Even in 2016, these remain relatively

minor shares of SG&A. The majority is still sales related and administrative expenditure.

We find that the elasticity of R&D Expenditure on markups is 16% and 5% for Advertising

Expenditure. Interestingly, most of that effect remains when the dependent variable is

the profit rate. This elasticity should be zero under competition. Most of R&D and

Advertising Expenditures translate in profits as much as they do in higher markups.

These are all at the intensive margin. When we evaluate the extensive margin – whether

a firm does or does not have expenditures on R&D or Advertising – we find an elasticity

of 6% from R&D and no significant effect from Advertising (since nearly all firms have

Advertising expenditure, there is not enough variation; only about 10% of the firms report

R&D expenditure).

2.4 Discussion and Robustness

2.4 Discussion and Robustness

We now report a number of robustness exercises. One of the problems with the Compustat

sample is that it is not representative of the US population of firms. We already established

that relying on the micro-Census data confirms the results. Still, the US Censuses we

analyze do not encompass all sectors in the economy and there is no data on overhead

or capital allowing the estimation of production functions. We therefore also perform

robustness exercises using the data for the publicly traded firms. In particular we consider

the following checks: 1) Reweigh the Compustat sample according to the actual economy-wide
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weights; 2) Exploit the Compustat segment data is used to distinguish consolidated and

unconsolidated accounts; 3) Consider different production technologies (translog); 4) Apply

different aggregation weights; 5) Compute markups using the sub-sample of firms reporting

the wage bill and 6) Contrast variable and fixed factors of production and the implications

for markup estimation.

USING ECONOMY-WIDE WEIGHTS TO ADJUST THE SAMPLE. Because the Compustat

sample is not representative of the US population of firms, we perform the analysis on the

Compustat sample while correcting for the aggregate economy firm distribution across

sectors. We use data from the Bureau of Economic Analysis (BEA) on the economy-wide

firm population weights.52 While the information on individual markups in a sector

is still only based on the publicly traded firms, the weight we give to each sector is

the exact population weight of that sector in the economy-wide distribution. This has

two advantages. First, the average we calculate accurately represents the sectors in the

economy, so we do not overweigh those sectors that are overrepresented in the Compustat

sample. Second, and possibly most importantly, the evolution of the average markup

is now not marred by an evolution in our sample that is different from the evolution

economy-wide. For example, suppose markups in each sector remain unchanged and

sectors in the economy are stable, but a high markup sector becomes more prevalent over

time in the Compustat sample. Then measured average markups go up simply because

of this bias in the composition. Using the economy-wide sector weights adjusts for this.

We use the Bureau of Economic Analysis 2-digit economy-wide sales distribution

to construct the sample weights (we use both the BEA value added and gross output

weights).53 Once we adjust for the economy-wide sample weights, we obtain a measure
52We are grateful to Eric Hurst and two referees who suggested using the BEA weights.
53In Figure ?? in the Online Appendix, we plot the scatter plot of the Compustat weights against the

BEA sample weights. The samples are not identical: ‘Manufacturing’ in particular is overrepresented in
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Figure 34: Markup of Compustat firms with economy-wide sample weights for 2-digit
sector (from BEA).

for markups (both for PF1 in Figure 34a and PF2 in Figure 34b) that is more noisy but close

to the one obtained with the weights from our data of publicly traded firms. This indicates

that the sectoral composition selection of the publicly traded firms does not engender a

systematic and substantial bias in the estimated markups. There is no level difference that

would indicate that the Compustat composition tends to favor sectors with higher/lower

markups. Nor is there a systematic difference in the evolution of the adjusted market,

which would indicate that the composition of sectors in Compustat is changing relative

to the economy (say from low markup sectors to high markup sectors, which would imply

that the BEA-weights adjusted measure would be flatter). This is consistent with the

findings above that most of the increase in markups is driven by an increase within sector,

not between sectors. Of course, the markups within sector are still calculated for publicly

traded firms only, even if we adjust the sectoral weights, but this was addressed using the

US Censuses data.

CONSOLIDATED ACCOUNTS: GEOGRAPHICAL DECOMPOSITION. One of the concerns in

the publicly traded firms, and so are ‘Information’ and ‘Mining, Quarrying, and Oil and Gas Extraction’. All
the others are underrepresented.

90



using the publicly traded firms is that the data is for consolidated accounts. Especially for

large firms active in many different markets, this has implications for the aggregation. In

the consolidated accounts, a firm is classified to belong to the sector where it has its main

activity, even if this firm is active in other sectors. Likewise, the activities of firms that have

foreign subsidiaries are all bundled together with the domestic activities (sales and cost of

goods sold). Since 2009, the Compustat data provides segment data that reports both the

geographical as well as the sectoral decomposition of the firm’s activities. Unfortunately,

the segments data is sparsely populated, so we can only consider the unconsolidated

accounts for a small subset of firms.

To that effect, we analyze the markup of those firms that report foreign activity and

focus only on those sales and costs that are reported to be domestic. To calculate the

markup we use the output elasticity estimated in the benchmark model. We thus obtain a

measure for the firm’s individual markup based on its domestic activity only, denoted by

µD
it .

Figure ?? in the Online Appendix reports the scatter plot of this measure of the domestic

markup and our benchmark measure of the markup, with one observation for each firm in

this subsample and for each year. The scatter points are weighted by the firm’s sales share

in the full sample for that year. All observations line up along the 45 degree line, indicating

that there is little systematic difference between the markup based on the consolidated

accounts and the markup based on the domestic accounts only.

To get an idea how the average markup compares, we calculate the average markup

for the subset of firms for which we have geographically disaggregated information.

Denote that subset by G. We measure the ratio between the two measures of markup,

one weighed by the sales shares of the entire sample of firms, the other weighted only by
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the share of firms in the subsample G.54 Both measures give very similar ratios, that are

very close to one (Figure ??). Again, this confirms that at least in the subset of firms for

which we have geographically disaggregated data, there is little reason to suspect that the

consolidated accounts lead to a bias in the markup estimates. The average markup based

on the domestic activities is within half a percentage point of the average markup based

on the consolidated accounts, except for the first year where the data is available (2009).

Finally, we restrict the sample to those firms that are incorporated in the United States.

Figure ?? in the Online Appendix. We find that the pattern of the average markup is

very similar to that for the full sample. The country of incorporation of course does not

preclude a firm from having foreign sales, but the notion is that firms incorporated abroad

may have a higher share of their sales outside the United States. Note that this sample

excludes firms incorporated in tax havens (especially the Cayman Islands) even if they

could be considered American firms. Since the tax incentives to incorporate in a tax haven

are largest for those firms with the highest profits, this sample restriction tends to bias the

sample towards low profit firms.

TRANSLOG PRODUCTION FUNCTION. The translog production function is a common

technology specification that includes higher order terms. While the estimated parameters

of the technology are constant, the implied elasticities are time varying because the output

elasticity is a function of those constant parameters as well as the level of the input (see

Appendix B.2.2). The technology allows for returns to scale and those can be varying over

time. This is a parsimonious way to estimate time-varying technologies with returns to

scale while using the full sample. There are of course strong structural assumptions, so it
54Formally, these ratio are obtained as:

P
i2G

Sit
St

µit
P

i2G
Sit
St

µD
it

and

P
i2G
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St(G)µit

P
i2G

Sit
St(G)µ

D
it

. (23)
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is not necessarily the case that the estimated translog technology will generate the same

patterns for average markups as our baseline model.
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Figure 35: Average Markup with the Translog Production Technology.

In Figure 35a we report the average markup for the conventional translog production

function with overhead as a fixed cost and in Figure 35b for the translog production

function with overhead as a factor. In both figures, the level of the markup is 10 to

15 percentage points higher than in the baseline (Figures 18 and 21a), which is due to

the estimated output elasticity being systematically higher under translog. But what is

remarkable is that the evolution for both technologies (with overhead as a fixed cost and

overhead as a factor) is very similar to that in the baseline model. There is a hump-shaped

pattern with minor variation before, and a steady increase it the average markup after

1980. The increase for the traditional translog production function with overhead as

fixed cost is 40 percentage points and for the translog production with overhead as a

factor it is 30 percentage points. In both cases, these increases are very similar to those

estimated in the baseline model. Recall that the baseline specification is considerably more

flexible because we estimate an output elasticity for each year and for each 2-digit sector.

Nonetheless, the translog production function generates remarkably similar elasticity estimates
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and therefore similar average markup estimates as our baseline specification.

INPUT WEIGHTS AND JOINT DISTRIBUTIONS (CONTOUR PLOTS). The pattern of aggregate

markups depends on the aggregation weight used. Each firm is given a weight that

reflects the importance of that firm. So far, we have used the share of Sales. This is the most

common, it is used for example to construct the HHI. So far we made no assumption on

demand and hence there is no welfare measure that guides us which aggregation weight

to use. In Appendix B.3 we report the joint distribution (by means of a contour plot) of

the individual level markups together with sales. We also include the contour plot of

markups with employment and the variable input (COGS). In addition, we report the the

average markup using the input or employment weights. From the contour plots and

the weighted average markups calculated with the employment and the input (COGS)

weight. There are differences in the magnitudes, which is not surprising since we have

found that markups increase both due to the increase of markups themselves (especially

in the upper tail) and the reallocation of sales towards high markup firms. Overall however,

we find that the pattern of the increase in markups starting in 1980 is robust across the

weighting measures used: COGS, Capital, Total Cost, Employment and the Harmonic

Sales weighted Mean.55

An important conclusion to take away from these alternative measures for average

markups is that they are different moments of a much richer distribution of markups.

We have documented that the distribution has a fairly constant median, that the upper

tail has become a lot fatter, and that within a market, larger firms tend to have higher

markups. For example, input weighted markups that sales weighted markups are lower

because as market power rises, firms raise prices and sales, but they reduce employment

and materials.
55It can be shown analytically that for the Cobb-Douglas production function, the input (COGS) weighted

mean is identical to the Harmonic Sales weighted mean.
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MARKUPS BASED ON WAGE BILL. We have chosen to do our analysis on a bundle of

variable inputs, Cost of Goods Sold. This is imperfect because it assumes that everything

in the bundle is variable, they are assumed to be perfectly substitutable, and there is one

output elasticity. Instead, if we had a vector of variable inputs (say materials M and labor

L), we could allow for imperfect substitutability between these two inputs.
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Figure 36: Average Markup derived from Wage Bill: PF1 (full sample); PF1 (report XLR);

Unfortunately, Compustat data is highly sketchy to decompose the bundle of variable

inputs in materials and labor. While most firms report the number of employees, less

than 10% of the firms report the wage bill.56 In addition, a portion of employment such

as salaries of management, sales personnel,... is booked under overhead (SG&A) and not

under Cost of Goods Sold. Nonetheless, as a robustness exercise, we attempt to construct

a sales weighted average markup based on employment rather than COGS. In Figure 36

we report the markup estimate for different specifications.

VARIABLE VERSUS FIXED INPUTS: IMPLICATIONS FOR MARKUP MEASUREMENT. As discussed

above, our methodology indicates that in principle we can rely on multiple first order
56Reporting the wage bill is not an SEC requirement.
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conditions and thus multiple variable inputs to compute markups. If we were to observe

multiple such variable inputs, and they satisfy the conditions (no adjustment costs or no

frictions), then the implied aggregate markups would be identical.

Throughout, we have assumed that our variable input V , cost of goods sold (in Compustat)

or labor and intermediate inputs (in Census), adjusts instantaneously, while Capital and

Overhead do not.57 We have not a specified a model for how Capital and Overhead

adjust, whether there are frictions, adjustment costs, delays,... Instead, let us investigate

the premise whether Capital and Overhead can be treated as variable inputs. If they can,

then applying the first order condition (5) to K and X instead of to V would give us an

expression for the markup µK
it and µX

it :

µK
it = ✓Kit

PitQit

PK
it Kit

and µX
it = ✓Xit

PitQit

PX
it Xit

. (24)

If K and X are variable inputs that adjust within one period, then the markups in (24) are

identical and equal to the markup µit that we obtained for V (provided V is variable and

fully adjusts within one period). This offers an over-identifying restriction of the model,

and a simple way to evaluate whether K and X are variable. In Figure 37a we report the

markups µK
it and µX

it , if these inputs were indeed variable and statically optimized. 58

We draw three conclusions. First, the level of these markups is a lot higher than that

of our baseline measure. This tells us that K and X do not adjust as flexibly as V . Second,

the increase over the period is a lot steeper, from 2 to up to 8 for K and reaching 6 in
57It is only due to the data restriction in Compustat that we do not further break up cost of goods sold

into materials, wages and energy expenditures. In the Online Appendix section ?? we consider the census of
manufacturing plants and consider material inputs separately.

58The output elasticities are obtained from estimating PF2 for each sector as discussed before. We thus
abstract from the modeling decision whether the fixed factors even belong in the production to begin with.
We allow for the most extreme scenario, and of course if SG&A is not included in the production function,
the entire discussion on what the correct markup pattern is becomes mute. The cost-share approach is of
course by construction not useful, as each markup measures collapses to the sales-total cost ratio, due to the
imposition of constant returns to scale and all factors of production to be variable.
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Figure 37: Fixed Factors and Markup Measurement

2010 for X . While we are agnostic about the model, this indicates that in the long run

these measures of markups are increasing, and if anything, more steeply than the baseline

measure. Third, there is a delay. The increase for µK
it and µX

it does not really take off until

the end of the 1990s, nearly two decades after the benchmark measure started to increase.

Incidentally, the 2000s is the decade when the increase in the benchmark measure µV
it

slows down. The delay appears to indicates that there are indeed adjustment frictions of

Capital and Overhead.

The different levels and time profile is easily understood if we go back to the underlying

cost minimization framework. For any factor of production that is fixed in nature, or faces

any friction or adjustment cost, the first order conditions is invalid. In particular, even in a

perfectly competitive environment, there would be a wedge between this input’s revenue

share and the output elasticity. This seems highly plausible for the items listed under

SG&A; such as managerial compensation, advertising, marketing, R&D, sales expenses,

etc.

In our framework we can identify the reduced-form net-wedge, net of the markup

wedge. To see this consider the reduced-form first-order condition for the fixed factors
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(K and X) which generates an expression for the net-wedge ( ) in terms of data and the

(estimated) markup:

 it =
µ̂it

µit
=
✓KPK

it Kit

✓V P V
it Vit

, (25)

where  it denotes the firm-level net-wedge, which can be interpreted as adjustment costs

and any other friction preventing the static optimization of the factor of production. In

Figure 37b we plot the share-weighted average over time, for both SG&A and capital. A

wedge equal to one implies that the factor K or X is as variable as the variable factor V .

Both wedges are substantially larger than one and have been increasing since 1990. The

wedge for SG&A (X) is substantially higher than that for K, reaching levels higher than

5 around 2010.

We believe this conclusion is important in the light of the approach that Traina takes.

They derive markups under the assumption that K and X are variable, in addition to

the assumptions that they are perfect substitutes and that they satisfy constant returns

to scale. We reject all three assumptions, and this is important to correctly measure the

pattern of markups, across firms and time, and how it relates to salient secular trends in

the aggregate economy. While summing a variable and a fixed factor of production in any

given year, is invalid, it does not invalidate inspecting the long term trend of the fixed

factor’s wedge between the revenue share and the output elasticity.

2.5 The Macroeconomic Implications

2.5 The Macroeconomic Implications

The focus of our analysis so far has been on documenting in detail the time series and

cross section evolution of market power. We now turn to discuss the macroeconomic

implications of the rise in market power in the last decades.
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THE SECULAR DECLINE IN THE LABOR SHARE. In the national accounts, the labor share

of income measures the expenditure on labor (the wage bill) divided by the total income

generated (value added). While there are business cycle fluctuations, the labor share has

been remarkably constant since the second world war up to the 1980s, at around 62%.

Since 1980, there has been a secular decline all the way down to 56% (Bureau of Labor

Statistics Headline measure).59 The decline since the 1980s occurs in the large majority of

industries and across countries.

Economists have not found conclusive evidence for the mechanism behind the decline

in the labor share. There are several candidate explanations. Kehrig Neiman hypothesize

that the decrease in the relative price of investment goods, due to information technology,

can explain half of the decline. Antras finds evidence that the technology is not Cobb-Douglas,

which when estimated under competition, is consistent with what we observe when there

is a change in the markup. An alternative explanation is the composition of manufacturing

and services. Manufacturing tends to use a higher labor share than services, so it seems

natural that with a change in the composition of industry shifting from manufacturing to

services, the labor share will decrease. However, this transition does not coincide with the

timing of the decrease in the labor share. In fact, most of the transition of manufacturing

to services happened before the 1980s (between 1950 and 1987, the share of manufacturing

in output dropped from 26.8% to 18.1%, while the share of services doubled, from 21 to

40%, and that transition has slowed down since 1987.

Others offer yet another (and appealing) explanation, which is based on the increasing

importance of intangible capital and its incomplete measurement as part of capital in

aggregate data. Firms now invest substantially more in intellectual property products
59There are issues of measurement, e.g. on the role of how labor income of the self-employed is imputed.

Even after adjusting for measurement issues, the labor share still exhibits a secular decline.
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and this leads to a lower expenditure on labor.60 However, in their world with perfect

competition, this measurement issue should not lead to an increase in the total profit

share. As we have documented above, there is a substantial increase in the profit rate.

If intangibles play a role, it must allow firms to exert more market power, which is the

central thesis of our paper. We do find evidence that expenditure on overhead has increased

(see Figure 20b), which could certainly include intangibles, but we also find that economic

profits increase even if we interpret overhead (and hence intangibles) as a factor of production

(see Figure 31a).

In the context of our setup, the change in the markup has an immediate implication

for the labor share. While we have calculated the markup from all variable inputs, we

could do so as well for labor alone. Then rewriting the First Order Condition (5) where

V = L,P V = w and ✓V = ✓L, the output elasticity of labor, we obtain that at the firm level

the labor share satisfies
wtLit

PtQit
=
✓it
µit

. (26)

Observe that if there are multiple inputs that are fully variable, the estimated markup

should be the same. So even if the markup is calculated for the bundle V , it should hold

for L as well as long as both V and L are variable. Profit maximization by individual

firms thus implies the labor share is inversely proportional to the markup. As markup

increases, we expect to see an decrease in the labor share.

Unfortunately Compustat does not have good data for the wage bill. Because reporting

compensation to the SEC is not compulsory, the variable XLR for total compensation is

heavily underreported.61 Because of selection in the sample of those firms that do report

total compensation, we need to be to be cautious interpreting the aggregate labor share
60Intangible assets are non-physical assets including patents, trademarks, copyrights, franchises,... that

grant rights and privileges, and have value for the owner.
61Less than 10% of the year-firm observations include XLR.
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Figure 38: Labor and Capital Shares.

outcomes. In Figure 38a we report the sales weighted average labor share for those firms

that report it in our sample. Observe that the level is a lot lower than the labor share

reported in the macro literature, because conventionally it is calculated as the share of

labor expenditure in value added, not gross output or sales as we do here.

The magnitude would roughly be double, though ratio of value added to gross output

in the aggregate has grown from 0.5 in 1980 to 0.58 in 2016. Moreover, the variable XLR for

staff costs is less inclusive than the BEA measure for labor cost (in the aggregate, the BEA

includes self employed or proprietor’s labor compensation (corporations, partnerships

and sole proprietorships), and some firms in our sample do not include commissions,

bonuses or incentive compensation). We observe a decline over the duration of the whole

sample. Again, we do not know whether this is driven by the composition of firms. Many

more firms report employment. In the same Figure we also report employment as a share

of sales, where we normalize its value to 0.2 in 1980. Effectively this assumes a constant

real wage. Observe that the pattern between 1980 and 2016 is remarkably similar. The

decrease in the labor share between 1980 and 2016 is about 4 percentage points (from 20%
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to 16%).

Labor Share (log)
(1) (2) (3) (4) (5) (6)

Markup (log) -0.24 -0.23 -0.20 -0.24 -0.68 - 0.73
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

Cost Share (log) 0.91 0.96
(0.01) (0.01)

Year F.E. X X X X X
Industry F. E. X X
Firm F.E. X X
R2 0.02 0.08 0.21 0.88 0.93 0.99
N 24,838

Table 4: Regressions: log (Labor Share) on log(Markup). F.E. = Fixed Effects; 4-digit Industries;
Standard Errors (in parentheses) clustered at the firm level.

Despite the shortcomings of our data, we can nonetheless verify the firm’s optimization

condition (26) at the firm level. In Table 4 we report the regression coefficients of the log

of the labor share on the log of the firm’s markup. The first four specifications only differ

in the fixed effects that are included. We consistently find a negative coefficient of around

-0.20–0.24. As a firm’s markup increases by say 10%, its labor share decreases by 2-2.4%.

To extrapolate these firm-level results to the aggregate economy, we need to use caution

because there is no such a thing as a representative firm in this context. The rise of average

markups is distributed unequally, and increasingly so. If we were to envisage an increase

of the markup between 1980 and 2016 of 33% (from 1.21 to 1.61) for a representative firm,

our regression would predict a decrease in the aggregate labor share of -7–8%. Compare

this to the decrease of the economy’s aggregate labor share by around -9% (from 62%

to 56%), and the firm level relation appears to be in accordance with the decline in the

labor share in the aggregate. This calculation has no validity however because it is based

on a representative firm hypothesis. Most importantly, this calculation abstracts from the

reallocation of market share away from low markup firms towards high markup firms. As
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a result, the decline in the aggregate labor share is a combination of the rise in markups

within the firm and the reallocation of market share towards firms with high markups.

Our findings for the firm level markups are thus consistent with those in Autor et al for

the Census of Manufacturing. In sum, we find firm level evidence of the direct inverse

relation between markups and the labor share that we obtain from the first order condition

(26).

In the table we also analyze whether we can reject any evidence that there is perfect

competition. Rows (5) and (6) report the same regression where we now include the log

of the cost share (labor over total cost) as a covariate. Under perfect competition, the

coefficient is one. Here we find a coefficient significantly smaller than one, indicating

there is a wedge between sales and costs. Equally important, any other covariate (in this

case markup) should be insignificant. We find instead that the coefficient on the markup

is highly significant and negative. This indicates that there is evidence of non-competitive

price setting.

THE SECULAR DECLINE IN THE CAPITAL SHARE. The same logic for the decline in the

labor share also applies to materials M , i.e. variable inputs that are used in production.

Those are included in our variable cost measure COGS. Now if we consider the evolution

of capital investment, which is not included in our measure of variable cost and which

adjusts at a lower and more long run frequency, then the increase in markup has implications

for the capital share.62 In the long run and once the adjustment frictions are taken into

account, higher output prices and lower output quantities eventually will lead to a decrease

in the capital share. While the decline in the labor share is widely discussed, the decline
62This is independent of the frequency at which capital adjusts. Implicit in our assumptions is the fact that

variable inputs, which consist of labor L and material inputs M , fully adjust within a year, our unit of time.
This assumption allows us to calculate the markup. Capital may or may not adjust. From Figure 37a we have
inferred that capital is not equally flexible as the variable inputs.
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in the capital share has received much less attention.63. He uses aggregate data: value

added and compensation from the National Income and Productivity Accounts (NIPA),

and capital from the Bureau of Economic Analysis Fixed Asset Table. Instead, we use

firm-level data.

Assuming a static environment, the following equality has to hold:

P V V

PQ
+

rK

PQ
= 1� PXX

PQ
� ⇧

PQ
, (27)

The labor share and the capital share sum up to the one minus the profit share minus the

overhead share. We have established above that both the profit share and the overhead

share increase, so the right hand side decreases. With Capital and Variable inputs complementary,

and over a long enough time horizon for capital to adjust, the user cost of capital rK as a

share of output will be decreasing over time. In fact, if capital were fully flexible, it would

adjust according to the equivalent of first order condition (5) rK
PQ = ✓K

µ which relates the

capital share to the inverse of the markup.

In Figure 38b we document the evolution of the capital share for the firms in our

data. Not surprisingly this measure is quite volatile because it is a long term measure that

adjusts at a lower frequency and that therefore is more subject to aggregate fluctuations.

Also, before the 1980s, capital investment was particularly low because of tumultuous

financial times: inflation was high and financial frictions were considered higher. What

we learn from the figure is that since 1980, there is a decrease in the capital share from

around 11% to 9%. In the aggregate, the capital share is correlated with the inverse of

our markup measure. With a long enough horizon, capital investment adjusts and hence

there will be a reduction in capital investment as markups increase.

As with the labor share, we can also investigate the firm-level relation between the
63A notable exception is Barkai
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Capital Share (log)
(1) (2) (3) (4) (5) (6)

Markup (log) 0.03 0.03 -0.02 -0.14 -0.90 -0.86
(0.02) (0.02) (0.01) (0.02) (0.00) (0.00)

Cost Share (log) 1.13 1.11
(0.00) (0.00)

Year F.E. X X X X X
Industry F. E. X X
Firm F.E. X X
R2 0.00 0.02 0.31 0.83 0.98 1.00
N 242,692

Table 5: Regressions: log (Capital Share) on log(Markup). F.E. = Fixed Effects; 4-digit Industries;
Standard Errors (in parentheses) clustered at the firm level.

capital share an markups. In Table 5 we report the regression coefficients for different

specifications. We find that without firm fixed effects, there is no significant relation

between markups and the capital share. This may be indicative of the adjustment costs

that firms face when investing in capital. Instead, with firm fixed effects, there is a

significant negative effect, with an elasticity of -0.14. When we include the cost share,

the coefficient on the cost share is larger than one. Under variable adjustment of capital,

perfect competition would impose this to be equal to one, and less than one with market

power (see for example Table 4 for the labor share). The fact that the coefficients for on

the cost share here are larger than one indicates that capital does not adjust frictionlessly.

THE SECULAR DECLINE IN LOW SKILL WAGES AND LABOR FORCE PARTICIPATION. An

increase in market power and the corresponding increase in prices of goods sold implies

a decrease in aggregate output produced, whenever demand is not perfectly inelastic.

Lower output produced then implies lower demand for labor. This results in both lower

labor force participation and lower wages. Even if supply is perfectly elastic, real wages

decrease with market power because the price of the output goods has increased.
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There is ample evidence of the stagnation of wages in the lower half of the distribution.

The median weekly wage in constant prices has changed barely since 1980, from $330 to

$345 (1982 prices, source Current Population Survey (CPS)). But there has been technological

progress, and the share of median wages out of GDP has nearly halved, because over three

and a half decades, GDP has nearly doubled. In the last few decades, also labor force

participation has been decreasing from 67% in the 1990s to 63% now. Most strikingly,

while the gender gap has continued to close, in the last two decades also female labor

force participation is decreasing.

The quantitatively investigation of the effect of market power on low skill wages and

labor force participation is beyond the scope of the current paper. In ongoing work, we

construct an oligopolistic framework for firm dynamics that quantitatively accounts for

these general equilibrium implications of the rise in market power.

THE SECULAR DECLINE IN LABOR REALLOCATION AND MIGRATION RATES. It is well-known

that in an environment with market power, shocks to productivity and costs are not

translated one for one into prices. In a competitive market, firms face a perfectly elastic

demand and any decrease in costs is passed on to the consumer, where prices decrease by

the same amount as the decrease in costs. With market power however, the passthrough

of cost shocks to prices is generally incomplete.64 Crucial for our finding is that the higher

the degree of market power by firms, the lower the passthrough.

Now consider an environment were firms have market power and face shocks to their

productivity. With positive shocks, firms face lower costs and adjust their inputs (say

labor) upwards. With negative costs, they adjust inputs downwards. Because passthrough

is lower in the presence of higher market power, the rise in market power will give rise

to lower degree of adjustment of the variable inputs, including labor, for the same shock
64Most of the evidence comes from studies that measure the impact of changes in the exchange rate or

reductions in tariffs. More recently, incomplete pass-through has been documented in a domestic setting.
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process.

This is precisely what Decker et al find for the US economy over the last three decades.

The volatility of shocks has not decreased, but rather the responsiveness of firm’s output

and labor force decisions to the existing shocks.65 The rise in market power thus can

rationalize the decrease in labor reallocation across firms, even if the observed shocks to

firm productivity has remained constant.

The decrease in labor market dynamism is evident in the decrease of labor reallocation

as well as in the decrease of job to job transitions, non-employment to employment transitions

and employment to non-employment transition.66), a more skilled workforce, lower population

growth, decreased labor supply, technological change), changed volatility of production,

and government policy (such as employment protection legislation, licensing,...). Others

show that demographic changes can explain at most one third of the decline in job flows.

The decrease in market power and the resulting decrease in labor reallocation can also

rationalize the fact that migration rates across US States and metropolitan areas has decreased

to nearly half from around 3% in 1980 to 1.5% in 2016. If firms are based in different local

labor markets and a fraction of all job relocation decisions are between local labor markets,

then lower job flow rates will automatically give rise to lower migration rates. We assess

the quantitative significance of the impact of the rise of market power on labor reallocation

and migration in companion work (De Loecker Eeckhout Mongey).67

2.6 Concluding Remarks
65Independent evidence at business cycle frequency establishes that the volatility of prices is due to firms’

time-varying responsiveness to shocks rather than to the time-varying nature of the shocks themselves. Their
identification strategy is derived from the exchange rate passthrough of volatility on prices.

66There are several potential alternative explanations for the decline in job flows: demographic change
(aging workforce, see Engbom

67Recent work also draws attention to the fact that firm-level productivity shocks can give rise to a
nonlinear impact on macroeconomic outcomes. For example, models with network linkages such as Gabaix
give rise to such non-linearities. The framework in De Loecker Eeckhout Mongey establishes that also market
power in the presence of incomplete passthrough gives rise to non-linearities.
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2.6 Concluding Remarks

Using firm level data on the accounts of all publicly traded firms and of the census of

private firms (in manufacturing, retail and wholesale trade) in the US, we estimate markups

for each firm and we document the properties of the distribution of markups. We find that

average markups have been relatively constant between 1955 and 1980 at around 20% to

30% above marginal cost. From 1980 onwards, there has been marked change in this

pattern with markups steadily rising from 21% to nearly 61% in 2014, an increase of 40

points. There was a sharp increase in the 1980s and 1990s, a period of stagnation in the

2000s, and again a steep increase following the Great Recession.

We attribute this rise in the average markup nearly exclusively to the increase of the

markup of the firms with the highest markups already. The distribution of markups has

become more skewed with a fat upper tail while the median of the distribution remains

unchanged. Because of this increasingly more skewed distribution, we must be cautious

not to use the average markup as that of a representative firm to draw any conclusion

about the aggregate economy. When markets are non-competitive, aggregation is generally

non-linear. In particular, the rise in sales weighted markups is due in part to the rise of

the markups themselves, and in part to the reallocation of sales shares from low to high

markup firms. Across industries, we do not find a strong compositional pattern and the

increase occurs mainly within industry.

We further establish that the rise in markups is not merely to offset a rise in overhead

costs. While overhead costs have risen, the rise in markups exceeds that of overhead.

We thus find that there are excess markups, and the excess markups are highest for those

firms with high overhead costs. This is consistent with the increase in our measure of

profits. The profit rate has risen from 1% of sales in 1980 to 7-8% recently. We also find

substantial increases in the market value as a share of sales. All this indicates that the rise
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in markups is evidence of a rise in market power.

We use our evidence to investigate the macroeconomic implications of the rise of

markups. We focus our attention on the decrease in the labor share. From the first order

condition of the firm optimization problem, there is a negative relation between the labor

share and the markup. We establish that this negative relation exists at the firm level.

This provides a compelling justification for the secular decline in the labor share that

the aggregate US economy has experienced. We further discuss the impact of the rise in

market power on the decrease in the capital share, on the decrease in low skill wages and

labor force participation, and on the decrease in labor market dynamism and migration

rates.

Markups of some firms are reaching heights multiple times higher than ever seen, at

least since the second world war when our data start. It is open to speculation whether

this trend will continue, but for now there are no signs that markups will decrease substantially

any time soon.
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3 The Macroeconomics of Structural Change

3.1 Introduction

Macro is in many respects the central field of economics. It is where we attempt to offer

our unified theory of how the economy works. And at the center of macro, historically,

are two questions. In the short term: how does the business cycle work? In the long term:

how does economic growth work?

Both of our basic frameworks for answering these two questions today are profoundly

unsatisfactory – far more so than is often acknowledged in the daily life of seminars,

papers, normal science, etc. I offer here some brief comments on why I think that is, and

sketch in their place some alternative ideas. While these ideas are certainly speculative,

and presented here in this very short note without formalism or empirical evidence, they

are still to my mind serious causal conjectures; they present a substantive set of claims –

constructive, not simply critical – and in turn they point towards a broader program of

research.

3.2 Where We Are Now

3.2.1 The Theory of Growth

The very cutting edge of academic growth papers today are models of firm heterogeneity

where aggregate growth is decomposed into various contributions of within-firm growth

and between-firm reallocations of market share. This is potentially useful, but no broader

and coherent vision about growth emerges; instead you get hundreds of different papers

about firm heterogeneity, with hundreds of different stories for what drive the reallocation

dynamics in each one.

The closest thing to a vision here is the Endogenous Growth Theory vision of the 1980s
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and 1990s: growth comes from R&D and the production of patents (growth papers today

are typically just firm heterogeneity versions of the 1980s papers). Innovation/growth

policy in these papers then typically focuses around R&D subsidies, as it did in the

original papers in the 1980s. This demonstrates both a superficial problem and a deeper

one.

The superficial problem is that taken literally, formal R&D and the production of

patents are almost entirely confined to the manufacturing sector, which in turn is a tiny

and continually shrinking part of the US economy. The modal US firm – imagine your

local grocery store – does no formal R&D, and produces no patents. This is not a good

way to think about how productivity changes at the micro level for most firms.

The deeper problem is that it is still not much of a causal or actionable theory of

economic growth. Solow discovers in 1957 that empirically most of US economic growth

comes from changes to aggregate productivity, not the accumulation of labor or capital.

Technological change is important. 60+ years later, it is not clear how much we have

added to this insight by backing it up with the additional assertion that R&D is also

important. At a broader level, stepping back from the cutting edge of the literature,

the normal attitude of the discipline towards the question of economic growth oscillates

schizophrenically between ‘economic growth is a total mystery, and perhaps too big and

too mysterious to be productively worked on’, and ‘economic growth is a solved problem:

good schools, accumulate capital, encourage higher education, adopt Western laws and

institutions.’

All of this takes places in the shadow of a slowdown in aggregate productivity growth

that is very plausibly the most important problem in all of economics today. The US

economy enjoyed strong aggregate productivity growth from the end of WWII until 1973.

Outside of a brief aberration in the late 1990s, aggregate productivity growth has been
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radically lower in the US. This slowdown is mirrored throughout the advanced economies

of the world, and increasingly even in the developed ones. The global demographic trends

– many countries with growing shares of retired workers living longer, who will need to

be supported by the smaller share of active workers – only makes the contribution of

productivity growth to economic growth even more important. The global productivity

slowdown dwarfs any other economic problem one could propose in terms of its output

and welfare implications. At a high level, the papers attempting to answer it within the

discipline so far could be divided into two groups: (1) what we might call the “cosmic

theory” of the slowdown – technological progress, or the productivity of R&D investment,

are exogenously slowing down, for reasons we can’t understand, or (2) faddish appeals

to a particular set of often US-based policies (antitrust regulations; occupational licensing

and other forms of regulation, etc.). The second set are not promising given the clearly

global nature of the problem. The first seems like less of a theory and more of an appeal

to a black box.

Growth theory today should be intensely focused on a real answer to the problem of

the productivity slowdown, and of producing an actionable theory of growth that goes

beyond “more R&D”.

Most of our firm heterogeneity models make a crucial assumption that I suggest below

is especially problematic: that all firms are basically operating the same technology, in

idiosyncratically better or worse ways (concretely: models where firms have the same

production function, and only vary along TFP). A first-order feature of the real economy,

I suggest below, is that firms within sectors operate different production technologies, and

that over the past few decades, these differences have been dramatically increasing.
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3.2.2 The Theory of the Business Cycle

The situation of business cycle macro is in many ways even more strange. In 1936, Keynes

writes a book (and in 1937, Hicks writes a paper). What prevails for most of the next

80 years in macro theory and policy is a very specific way of thinking about recession:

the aggregate demand shock comes, respond with lower interest rates and blank-check

fiscal stimulus. Before the Covid inflation, the modal paper here at the cutting edge of

the academic literature was a New Keynesian model with some twist, where the policy

solution was an analysis of optimal monetary policy (which almost always concluded

with a solution of lower interest rates, to fix whatever the problem was – you grease the

wheels to overcome the friction).

Again, this is strange on two levels. On a superficial level, the extreme homogeneity

of these papers – always the solution of lower interest rates, and the obsessive focus on

conventional monetary policy – in a period of very low real interest rates, when conventional

monetary policy seemed rather impotent. But on a deeper level – setting aside other

structural problems with the NK framework that many prominent economists pointed out

along the way (like the unconvincingly strong role given to expectations, or the frequent

absence of capital/real investment, or the approach to the yield curve, etc.) – there is an

even more basic problem.

The first-order problem for an economic theory of crisis should be: why is there a crisis

at all? Instead of centering this, NK models invariably take the initial negative shock as

given (a negative monetary policy shock, or a negative productivity shock), and focus the

analysis on the transmission of the shock. There typically is not much of a theory of where

the shock comes from, and there is typically not much said about the structural backdrop

of the economy during the shock, and where we find ourselves at a particular moment in

economic history.
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The shock/transmission framework also represents an important, and suspect, methodological

decision: that we can meaningfully separate secular trend growth from short-term fluctuations.

The latter form a distinct and stable “cycle”. Recessions – the bad part of the cycle – can be

thought of as having two distinct parts: (i) a shock, and (ii) the transmission of this shock

throughout the economy. The balance of research effort was then on (ii): how does a

negative productivity shock, or a negative monetary policy shock, work its way through

the economy? The latter became the main question of “business cycle” research. The

modal paper in macro today starts with some version of one of these two shocks.

While different lines of research alternatively emphasized one shock or the other,

it is striking how much implicit agreement there was that the business cycle could be

meaningfully studied in isolation from the secular process of growth. This was most

obvious in the New Keynesian version. But even the RBC models, which ostensibly made

a half-step towards growth with the concept of a “productivity shock”, still closely adhered

to the trend-cycle distinction, and did little to further develop the concept of a negative

productivity shock, even in the face of intense skepticism. The Solow growth model was

brought in (a decisive conceptual advance beyond the IS–LM world) but then growth itself

was filtered away. Even the leading growth theorists of the time agreed with this sharp

division (Bob Solow: “In my picture of the usable common core of macroeconomics, those

fluctuations are predominately driven by aggregate demand impulses. . . ” etc.).

In the real world, many fundamental things about the US business cycle have changed

since the 1980s. The post-WWII US business cycle was reasonably defined by a series

of empirical regularities famously documented in Hodrick-Prescott 1981 (”Post-War US

Business Cycles: An Empirical Investigation” - the paper that produces the stylized facts

the NK and RBC models of the 1980s were keyed to). Productivity was pro-cyclical,

employment and output typically recovered together, recessions were frequent and the
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time series for most macro variables was volatile, and there seemed to be a strong Phillips

Curve relationship. Recession itself most typically seemed to come from intentional monetary

policy shocks, responding to unintentional secular increases in inflation (e.g. the Volcker

recession); less commonly, a pure supply-side shock (oil prices in the 1970s) or the transition

from war-to-peace and the drawdown in government spending.

In the mid-1980s, all of this changes. The empirical regularities all change (TFP is

acyclical, labor productivity is counter-cyclical, jobless recoveries, decline of the Phillips

Curve, decline in inflation and real interest rates, the Great Moderation, big decline in

macro volatility and decrease in number of recessions). But the underlying source of

crisis also changes: between 1985 and 2020, the three national recessions all appeared to

be started by the bursting of asset bubbles (1991: commercial real estate, 2001: tech, 2007:

housing and MBS).

A more useful theory of economic crisis and recession would (1) ask why the underlying

form of crisis seems to change in different historical eras, and (2) ask how this is related to

broader structural changes in the economy. Presumably a successful research program in

this direction would then allow us to come up with new and sharper forms of counter-cyclical

policy – moving beyond the standard Keynesian prescription of undirected fiscal stimulus

and monetary easing, to something more interesting – or perhaps even better understand

how to avoid recession in the first place. It would presumably also more closely relate

the question of recession to the question of economic growth (one as the inverse of the

other, both concerned with structure and structural changes), instead of thinking of them

as totally unrelated.

This does not seem to be the direction the discipline is moving towards. Instead, as

with the evolution in growth theory, we get HANK: same basic vision, but now with

heterogenous agents. And as with growth theory, part of the impetus for feeling deep
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discomfort with the state of things is the sense of real world policy irrelevance: you ask

people (as I have, in fact, asked people!) who have served on the Fed Board of Governors,

and they quietly tell you they find nothing in NK helpful in their decision process, and

feel bad for the hundreds of PhD economists who work in their basement. This augurs

poorly for the scientific merit of these frameworks.

3.3 Alternative Way of Thinking About the Two Questions

It is easy to tear down, and hard to build up. But I offer here some thoughts towards what

I consider a serious, positive agenda for researching these questions.

3.3.1 The Theory of Growth

The IT Revolution, which has defined the global direction of technological progress since

the 1980s, is very different from the paradigm of Fordist mass production which preceded

it in many respects, but above all: it enables a very small number of firms, and a relatively

smaller number of workers, to operate at larger scale and be extremely productive. It also

leaves behind a long tail of less productive firms and less productive workers, which still

occupy a large share of the aggregate economy. This basic pattern increasingly describes

most major economies in the world today: we see in the micro data growing divergence

of firm-level productivity, and of specific production technologies we can identify and

measure, and then in the macro data, slow aggregate productivity growth. It is a kind

of supply-side inequality, and it is very difficult to have a sustained period of aggregate

productivity growth if only a small share of firms and workers are directly benefiting from

and participating in the cutting edge of production technologies.

It is instructive to compare this to the basic view of development economics in the

1950s-1960s. In the “High Development Theory” of Arthur Lewis, Walter Rostow, etc.
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(also shared by the policy establishment of the time), developing economies had a bad

sector (agriculture) and a good sector (manufacturing), and the main problem of development

was to figure out how to move workers and capital from the bad sector into the good one.

Two points are of particular interest.

First, it suggests that maybe the problem of the IT Revolution and firm inequality is a

special case of any even deeper and more permanent problem at the center of economic

growth: maybe technological progress always shows up in certain parts of the economy

but not others, and a large part of the main problem of aggregate growth is to figure out

how to respond to this.

Second, it reveals that we have a much easier time thinking about taking the distribution

of productivity and technology as given, and then shifting workers around. We have

a much harder time thinking about how to change the distribution of productivity and

technology: the development economists of the 1960s did not instead ask: how can we

make the agricultural sector more productive?

When the new forms of technology are very capital and skill intensive, simply moving

labor into the productive firms becomes much more difficult. The mass production manufacturing

in the middle of the 20th century may have been capital intensive but could easily absorb

low skill labor. But if this is not possible for the leading parts of the economy in the 21st

century – the most advanced firms don’t absorb all the unskilled labor as easily – then we

are forced to deal with more difficult questions about how we change the distribution of

productivity across firms (and maybe the distribution of skills across workers).

Concretely: we should have a theory of growth that can explain the current productivity

slowdown – perhaps along the narrative I describe here, of the imbalanced distribution of

technology and productivity between firms – and then perhaps sees how far this framework

is useful in understanding economic growth more broadly.
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3.3.2 The US Productivity Slowdown: A Conjecture

The conventional narrative about strong US productivity growth in the late 1990s is that

all firms were broadly and finally benefiting from the IT Revolution: computers, software,

the Internet, and so on. As the IT Revolution continued, and the price of IT investment

goods continued its rapid decline, all firms would continue to benefit. Under this theory,

the leading productivity experts projected a sustained period of high growth rates: “I view

future productivity growth over the next two decades as more likely to fall in the range

of 2.2 to 2.8% a year...” (Gordon 2003); “We project labor productivity growth of 2.6%

per year for the next decade...the continued strength of technological progress and the

importance of investment in IT equipment and software suggest higher trend productivity

growth.” (Jorgenson et al, 2004). In 2004, the slowdown began.

Consider a reinterpretation of the strong US productivity growth of the 1990s, and a

different explanation of weak US productivity growth today, both building on prior work

about the scale-bias of the IT Revolution. Under this view, the IT Revolution did not

benefit all kinds of firms equally, and cannot be understood only with reference to the

representative firm; it systematically benefited larger firms more, did very little for many

small firms, and led to the widely documented rise in industrial concentration: more

market share captured by a small number of very large firms. What has not been widely

noticed is that this secular increase in industrial concentration was most active during the

late 1990s, and has subsequently slowed down in many sectors.

Under a regime of scale-biased technological change (ScBTC), aggregate productivity

growth can be understood as a function of three different forces: (1) the productivity

growth within large firms, holding their market shares constant (2) the productivity-enhancing

reallocation of market share towards large firms away from small firms, and (3) the productivity

growth within small firms, holding their market share constant. In a regime where productivity
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growth for the largest firms becomes higher, while productivity growth for small firms

becomes lower, the first two effects will be positive, and the third effect will be negligible.

Using administrative microdata that covers basically every employer firm in the US economy,

in ongoing work I show that strong productivity growth in the 1990s was principally

driven by the second term: the sharp rise in industrial concentration was effectively a

huge reallocation of market share towards more productive firms, which in turn drove

high aggregate productivity growth. This reallocation moved the US economy to a permanently

higher level of output, and in the process, created a temporarily higher growth rate; as

Jones (2017) points out, changes to reallocation generally should be understood as “level

effects” and not “growth effects”.

In the past decade, this increase in industrial concentration has slowed down, leaving

the US economy with a small number of very large, very productive firms that continue to

experience strong productivity growth within their market shares, a large number of small

firms that experience very little productivity growth, and fewer changes in the respective

market shares of these two groups. The current slowdown in US productivity growth

rates relative to the late 1990s is mainly caused by this slowing down of rising industrial

concentration, which appears here as the declining contribution of the second term above.

The economy is then left with the contribution of productivity growth from large firms

within their market shares, but little contribution from either market reallocation towards

the largest firms, or from productivity growth within smaller firms, and thus low aggregate

productivity growth. The sharp increase in industrial concentration in the 1990s effectively

temporarily masked the difficulty of aggregate productivity growth under these circumstances.

The relationship between the rise of industrial concentration and the US productivity

slowdown has generally been cast so far as: a small number of large monopolies are

somehow strangling competition and slowing down productivity growth. The basic message
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of this paper is the opposite: the fundamental problem is that the most advanced technologies

are increasingly being confined to a very small number of large firms, while the rest of

the economy drags down aggregate productivity growth. It is difficult to sustain a high

level of aggregate productivity growth if only a small number of firms have access to

the most advanced production technologies. At an even more basic level, it is difficult to

understand productivity growth without understanding firm heterogeneity; the economic

meaning of any technological progress – electricity, computers, software, AI, whatever –

depends on whether it reshapes the production process of an isolated group of firms, or

instead the majority of them.

3.3.3 The Theory of the Business Cycle

Why was the post-war US economy primarily vulnerable to inflation crises, while the

economy of 1980-2020 was characterized by low inflation and asset bubble crises? I briefly

offer here a speculative set of causal claims. I then add some substantive observations

about the recent inflation of the Covid economy, and some methodological points.

This approach stands somewhere in between assuming every business cycle is exactly

the same, and assuming that each business cycle is totally different.

Surprisingly, the second and third positions are far more common. In one of the

founding manifestos of modern business cycle theory, Lucas (1977) announced: “Though

there is absolutely no theoretical reason to anticipate it, one is led by the facts to conclude

that...business cycles are all alike.” This is clearly not the case: all the Hodrick Prescott

facts mentioned above have changed since the mid 1980s. When confronted with this,

many macroeconomists today then swing to the opposite extreme: “of course, we know

each business cycle is different, and we can find different models to explain each one.”

This position is equally unsatisfactory, both epistemologically (how then is anything falsifiable?)
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and substantively (the business cycle in fact appears to assume these different historical

regimes; the task of science here is to understand them).

The post-War economy and the post-IT Revolution economy were each vulnerable

to crisis, but for different reasons. Below I sketch out the basic reason for each kind of

crisis. The Post-War economy – relatively egalitarian, strong labor, strong middle class,

prone to uneven or slow productivity growth – was one in which the strong position

of labor created strong inflationary pressure, through a number of different mechanisms.

This was true even when productivity growth was relatively good, but when productivity

growth slowed down, the asymmetry between the strong position of labor and the weak

growth of productivity produced even more dramatic inflation. Low levels of industrial

concentration may also have contributed to higher inflationary pressure, for reasons I

describe below. The crisis of inflation then forced the Federal Reserve to crack down,

and the recession began. In the Post-IT Revolution economy – far more inequality, both

amongst workers and amongst firms; labor is weak, as are most firms – both the worker

inequality and the firm inequality contribute to a large savings glut, which inevitably

ends up in an asset bubble, which causes a recession when it bursts. Below I describe the

mechanisms of each crisis in greater detail.

3.3.4 Crisis in the Post-War Economy: 1945-1985

The US economy from the end of World War II through the mid 1980s was characterized

by broad equality on both the demand side (between workers) and the supply side (between

firms), compared to both the start and the end of the 20th century. Income inequality was

low; industrial concentration was low. Both of these features put strong upward pressure

on the price level.
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3.3.5 From the Demand Side

Low income inequality caused higher inflation through two distinct channels:

1. The “Cost Push” channel: Labor was in a strong position, both for institutional

reasons, and for technological reasons. This led to a sustained secular rise in wages,

which in turn pushed up prices.

2. The “Demand Pull” channel: A middle class with strong purchasing power created

sustained, high demand for consumer goods, which also pulled up prices

Each channel is the mirror image of the other, in the sense that they both come from the

same place: an economy where the production function had a high demand for low skilled

labor. Low skilled workers in this economy experienced strong demand for their labor,

which simultaneously drove both the cost–push channel and the demand–pull channel.

(Note that this is prior to and distinct from any ‘wage-price spiral’).

3.3.6 From the Supply Side

The low level of industrial concentration also put upward pressure on prices, in the

following way:

Aggregate supply was met by a large number of firms. Suppose each firm is operating

a CRS production function technology. Together, all of these firms created a strong aggregate

demand for capital, labor, materials, etc.

If these firms were all replaced by a single giant firm operating a production technology

with increasing returns to scale – one that could satisfy the same level of output with

fewer inputs – there would be less upward pressure on prices, capital, labor, etc, in the

market for input goods. But because instead there were a large number of smaller firms
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operating CRS technologies, there was more upward pressure, and a stronger aggregate

demand from firms for capital, and for intermediary goods.

3.3.7 Putting Supply and Demand Together

The relative equality on both the supply side and the demand side produced sustained

upward pressure on prices. This could contribute to inflation even with reasonable productivity

growth; but when productivity growth slowed, as it did in 1973, the asymmetry between

the strong upward pressure on prices, and the low growth of real output, becomes particularly

large, and inflation becomes substantially higher. The Fed then reacts to rising inflation

with interest rate hikes that cause recession.

Note that the conventional wisdom for high inflation in the post-war period, relative

to today, claims that it was a combination of inferior, looser monetary policy (the basic

Milton Friedman monetarism explanation) and commodity shocks (especially oil). But

despite the popularity of this story, the most systematic econometric studies we have

today (e.g. Stock and Watson 2003) show that neither one can empirically account for

a large part of the high inflation of the time. In any event, the claim here is not that

monetarism or commodity shocks do not matter (they do), it is that neither one is really

the most fundamental cause of the kind of crisis the post-war economy was so often

vulnerable to (9 recessions in less than 40 years, vs. the 3 recessions in the following

period).

3.3.8 Crisis in the Post-IT Revolution Economy: 1985-Present

The US economy from the 1980s forward was characterized by increasing inequality on

both the demand side and supply side. On the supply side, there was a rise in industrial

concentration, in most sectors of the economy: a small number of large firms captured
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a larger market share. On the demand size, there was a sharp rise in income inequality.

Both changes were directly related to the IT Revolution and the specific path that this

technological progress took. IT had a strong complementarity with skills, and increased

the income differences between the college-educated part of the workforce and everyone

else. IT also disproportionately benefited the largest firms in many sectors, relative to

mid-size and smaller firms.

The result was a kind of dual economy: a relatively small number of prosperous

workers and successful firms, and a long tail of workers with stagnant wages, and of

firms with little productivity growth or advanced technology. Although less educated

workers could be found in more productive firms (e.g. a warehouse worker for Amazon)

and vice-versa, it was also the case that overall there was increased sorting of higher

educated workers to higher productivity firms, and even an increased sorting of the

personal consumption of these higher educated workers towards the products of higher

productivity firms. But for the purpose of this story, this kind of increased sorting across

the higher and lower end of demand and supply are not essential: only that there was an

increase in inequality on both sides. (The implication of this sorting, into an even more

extreme version of a dual economy, is an interesting area for future work).

Both trends increased the supply of capital. On the demand side, for the familiar

Keynesian reason: rich people have lower MPCs than poorer people; all else equal, shifting

income into the right tail of the distribution increases aggregate savings and decreased

immediate consumption. On the supply side: (1) many of the largest firms also had an

excess of cash – this period saw the rise of unprecedented amounts of corporate cash,

and (2) the long tail of small firms were not participating intensely in the IT Revolution,

decreasing their demand for capital.

This savings glut, looking for somewhere to go, would inevitably end up in an asset
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bubble somewhere. The bubble then bursts, and the financial crisis brings a recession to

the real economy.

3.3.9 The Covid Inflation

The experience of very high inflation during the Covid economy over the past couple of

years ostensibly poses a direct challenge to the view of the business cycle here (that there

are different, locally stable historical regimes of the business cycle). My conjecture here is

that an economy that structurally looks like the US economy circa 2020 (high industrial

concentration, high income inequality, etc) probably responds very differently even to

a pure Covid-style supply shock than e.g. the US economy circa 1960 would respond.

Presumably a well-worked out theory of the business cycle under different background

economic structures would be able to generate sharp and distinct predictions for how

things like a major supply shock (or a major fiscal stimulus) would respond in these two

different historical eras. This remains an important task for future work, and potentially

a good test of the project itself.

3.4 Research Program Going Forward

Somewhere in his book “The Trouble with Physics: The Rise of String Theory, the Fall of

Science, and What Comes Next,” physicist Lee Smolin makes the Kuhn-like observation

that progress in science typically goes through three phases. First, the volcano erupts:

some visionary comes along with a totally new way of thinking about a problem (maybe

a third-class patent clerk has some ideas about special relativity). Second, a group of

sympathetic, deeply intelligent technicians figure out how to assimilate the vision into

some recognizable formal framework (a Richard Feynman or someone), and build it out

more. Third, a cooling down period: there is an excess of technicians, deeply professional,
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without much in the way of a new project, who now menacingly guard the fortress.

Macro seems in many ways to be in a cooling down period. This is especially regrettable

given that the stakes to the questions of long-run growth and economic crisis are so large

for humanity. The way out of it should not have to depend on waiting for the volcano

to erupt again; it could be a more collective and very intentional enterprise, one that the

discipline itself could organize itself to better accommodate and encourage.

Concretely, I intended to pursue the two questions above with a combination of careful

microdata-based empirical work, and formal frameworks. The formal frameworks are

important in providing structure, but they become much more difficult and lengthy enterprises

the more you attempt to depart from the off-the-shelf models we have now.

The unifying feature of this agenda is that the changes to the deep structure of the

economy over the past 50 years - of technology, production, industrial structure - should

directly impact the way we think about our most fundamental macro theories. We want

frameworks for thinking about growth and crisis that can accommodate and explain these

developments, and that in turn can generate new empirical surprises and predictions.
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Appendix A

A.1 Atkeson Burstein Style Model

I provide here a simple model that can formally replicate three of these four facts (the

rise in concentration, the role of reallocation, rising firm-level dispersion in productivity).

In the following section, I present some conjectures for modeling extensions that may

be able to successfully formally capture these three facts and the aggregate productivity

slowdown. So far most of the papers in this ongoing literature that do formally account

for the productivity slowdown do so with a story about a new low-level oligopolistic

equilibrium. It is much more difficult to come up with a formal framework that captures

all of these facts, and the slowdown, but makes no references to such an oligopolistic

equilibrium – this would be, in a sense, a more neoclassical framework.

A useful framework to formalize and explore the story sketched above builds on the

workhorse GE models of firm heterogeneity (Hopenhayn 1992, Melitz 2003, etc). In that

spirit, I consider here a version of the model in Atkeson Burstein (2010) - a useful model

of firm heterogeneity - which I modify here by removing the dimension of international

trade. The setting is CES, and features product innovation and process innovation. I think

of process innovation here as the firm-wide investment in the IT input, and of product

innovation as expansion into a new product line. The basic comparative static of interest

is a shock to the parameters of the process innovation function, which will represent an

exogenous shock to the price of IT capital goods. The goal is to use this shock, in the

context of the model, to reproduce and further study the patterns of market reallocation

and aggregate growth that motivate this project.
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A.1.1 The Baseline CES Model

Consider a model in discrete time; one country in autarky. There is a continuum of

intermediate goods, and a special intermediate good called the research good. There is

a final good that can be consumed or spent on innovation. Final goods production is

given by:

Yt =

Z
at(z)

1� 1
⇢dMt(z)

� ⇢
⇢�1

Where prices are given by:

Pt =

"
X

n

Z
pat(z, n)

1�⇢Mt(z, n)d(z)

# 1
1�⇢

The final good is produced by competitive firms for price Pt, and these firms use for

inputs some measure M(z) of intermediate good firms with productivity z. Consumer

preferences take the standard form of a representative household:
P
�t log(Ct)

Cost minimization is also standard, and imposes:

�

1� �

Yrt
Lrt

=
Wt

Pt

Where Yrt denotes output of the research good.

Intermediate good production is given by:

yt(z) = exp(z)
1

⇢�1 lt(z)

Where firms pay a per-period operating cost nf , and a one-time entry cost ne. Firms

are monopolistically competitive with each other.

Each firm’s productivity evolves and is a function of both random shocks and also

131



investments in process and product innovation.

Each firm conducts process innovation. Firm productivity in the next period is:

• With probability q: exp(z +�z)
1

⇢�1

• With probability 1� q: exp(z ��z)
1

⇢�1

Firms can spend to increase their q, according to some cost function c(q) = h ⇤ exp(bq);

greater process investments mean a higher chance of higher productivity in the next

period.

Each firm’s NPV of profits gives a standard Bellman Equation:

Vt(z, nx) = max[0, Vt(z, nx)]

(Which can be expanded). Let qt(s) denote the optimal process innovation sequence;

firms maximize their Bellman equation subject to the constraint of the process innovation

function. All firms below some productivity threshold will exit.

Product innovation is pinned down by free entry:

ne =
1

Rt

Z
Vt+1(z)dG

Where G(z) is some fixed distribution of productivity draws.

Note that household assets must equal the total value of all firms:

W =
XZ

V0(z, nx)M0(z, nx)dz

Aggregate output in the economy is given by: Y = Z(L� Lr)

So aggregate productivity is given by:
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Z =

Z
(1� x(z)) exp(z)dM(z)

Which can later be structurally decomposed into distinct forces of reallocation, innovation,

etc.

A.1.2 Basic Experiment #1

Now consider an extremely basic experiment: shock b, increasing the curvature of process

innovation cost function, essentially making it more elastic, relative to a baseline of a very

inelastic process innovation function. At a high level, this can be thought of as isomorphic

to the IT Revolution making the price of IT much cheaper – an improvement in process

innovation.

(Following this, I consider as a Experiment #2 a sequence of repeated shocks to b,

instead of a one-time shock to b, but the qualitative results of the experiment, and the

fundamental intuition, remain the same).

Recall that process investment takes the form c(q) = h ⇤ exp(bq), where c00(q)/c0(q) =

b. A higher b denotes more inelastic process innovation, and a lower b denotes more

elastic process innovation (following Atkeson Burstein 2010 and rest of the literature, we

consider an initial range ob b from a high of b = 1200 to a low of b = 10).

We take here a baseline of b = 1200, and then consider two permanent shocks (one to

a medium value of b = 30 , and one to a low value of b = 10).

A.1.3 Experiment #1 Results

(See Table 1 of Appendix for complete results of the experiment across each variable)

Shocking the process innovation function makes the economy more concentrated, and

more productive. Note that this shock alone, without any further modifications to the
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model, gives the economy a temporarily higher rate of productivity growth (in this simple

experiment, aggregate productivity increases by 0.037 in the high-to-medium shock, and

by 0.159 in the high-to-low shock). Notice also that technically, product innovation goes

down (here, by -0.282 and -6.747 respectively), which is a simple function of firms reallocation

labor from product to process innovation). This is however probably an unrealistic description

of the complimentarities between process innovation and the expansion across product

lines in superstar firms like Wal-Mart or Amazon.

The basic result of making process innovation more elastic happens along two channels:

First, there is a within-firm effect: large productive firms become even larger and more

productive

Second: there is a reallocation effect: market share shifts towards the largest and most

productive firms.

The reallocation effect is the quantitatively dominant one, and creates a one-time

boost in aggregate productivity growth. After the period of large reallocation is over,

the aggregate growth rate mechanically goes down (imagine productivity growth for the

period following this shock), even though the aggregate economy is now more concentrated

and large productive firms have a higher weight.

If the largest firms are operating at higher returns to scale (see model extension), and

require proportionately fewer labor inputs, the aggregate growth rate may be even lower,

because the input weight on the smaller, less productive firms is disproportionately larger.

Compare the results of this simple experiment to the four facts discussed in section 2;

three of the four facts are successfully replicated.
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A.2 Note on Antitrust Law

The claim that some kind of decline in US antitrust enforcement is the main cause of

the rise in US industrial concentration has become extremely common amongst both

economists and pundits, despite no direct evidence in its favor empirically connecting

antitrust enforcement to industrial concentration. Antitrust law is passed off as both the

main explanation of the economic developments of the past four decades, and also as

the chief repository of policy solutions for the future. These claims risk dramatically

over-representing what US antitrust law actually is and how it works. Some very brief

words of clarification here.

US antitrust law is chiefly enforced by two separate federal agencies: the Department

of Justice, and the Federal Trade Commission. It is not the functional equivalent of a tax

on ‘bigness’, nor is it directly targeted at the variables that most economic models use to

define ‘competition,’ like markups, elasticities of demand, etc. It is instead the regulation

of very specific mechanisms, like:

1. Horizontal mergers in highly concentrated markets

2. Price fixing

3. Illegal “tying” of unrelated goods and services, and other exclusionary practices by

dominant firms

When one of these agencies determines that there has been an infraction of one of

these rules, they file a lawsuit, asking a court to compel the firm to stop the infraction, and

possibly also pay some kind of fine. Antitrust suits can also be pursued by the Attorney

Generals of individual US States, or by affected private parties, or by some combination

of the above. The legally mandated breaking up of a massive US corporation simply
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because it has become too big is extraordinary rare - perhaps once every several decades -

and still needs to be ostensibly tied to some more specific infraction (the most famous and

most recent instance of this is the mandated divestiture of AT&T in 1982, and even then

this was tied to a very specific claim about the illegal cross-subsidization of a regulated

line of business by an unregulated line of business within AT&T, and the divestiture

itself was actually proposed by AT&T during the settlement process). In general, the

day-to-day life of US antitrust enforcement centers around the regulation of horizontal

M&A; this is the single most significant and active channel of antitrust enforcement.

Regulators might prevent a particular merger if they feel like the resulting company will

have too much market share. But in principle there are no legal grounds to stop a highly

productive company from internally growing as large as it can, provided it avoids specific

infractions like those described above (price fixing, illegal bundling, etc.). Moreover, legal

remedies for antitrust violations are specifically targeted at correcting the violations, not

at hindering the company’s future growth.

This implies that for the:

Declining Antitrust Enforcement ) Rising Concentration

narrative to work, it almost certainly has to take the form of:

Declining Antitrust Enforcement ) More Horizontal M&A ) Rising Concentration

Even if the rise in industrial concentration took place mostly through large firms

increasing market share by acquiring other firms, this would still not be proof of the

antitrust-rising concentration theory, because mergers are endogenous, and a rise in merger

activity could simply follow from the rise of economies of scale. But there is an asymmetry

here: if the rise in industrial concentration happens through internal, ‘organic’ growth and

not through M&A, it seriously discredits the main channel through which the declining
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antitrust-rising concentration story would have to run through. And it can be shown in

the microdata that most of the rise in industrial concentration comes, in fact, from internal

firm growth.

To be clear, there is heterogeneity across different industries on this dimension, and

there are specific industries where a high level of recent merger activity has been plausibly

linked to higher industrial concentration and adverse economic outcomes (for instance,

Hospitals, and also Health Insurance). But when the US economy is taken as a whole

and every industry is included, the data clearly shows that industrial concentration is a

phenomenon that has chiefly been driven by internal growth, and not through mergers.

Also note that the precise level of scrutiny for merger oversight by federal regulators

is difficult to quantify empirically and track over time. One might construct data on

something like the number of merger suits filed by regulators over time. But this is

not particularly informative, because after the Hart-Scott-Rodino Antitrust Improvement

Act of 1976, firms are required to send filings to both the DoJ and the FTC ahead of any

merger describing their plans, to receive feedback from regulators. The rise of this kind of

back-and-forth between firms and regulators, where firms are told ex ante which mergers

are unlikely to be approved, means that any decrease in formal DoJ or FTC merger lawsuit

activity could still be consistent with the same threshold of merger scrutiny, now simply

partially shifted ex ante.

Two other observations:

1. A small handful of prominent high-tech firms (like Amazon or Facebook) function

as networks/platforms/two-sided markets, and pose a distinct set of regulatory issues. It

may (or may not) be the case that conventional antitrust law now needs to be creatively

modified to accommodate these firms (see e.g. Lina Khan, Glen Weyl, Tirole), and that

after such a modification, the expansion of such firms might slow down. But it is important
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to remember that such firms form a small subset of the economy (most estimates of

the ‘High Tech’ sector, broadly defined and including firms like Amazon, Google, and

Facebook, put it at about 5% of GDP, and much less as a percentage of employment or

of the number of total firms), and that the rise of industrial concentration is a far more

general phenomenon, that stretches across industries from architecture to retail grocery

stores. As intellectually curious a topic as platform regulation may be, it does not appear

to very directly bear on the future of most firms or most industries, or of the rise in

industrial concentration.

2. The ‘declining antitrust - rising concentration’ story is further disfavored by a

comparative perspective. US antitrust law has probably become modestly less stringent

on a number of dimensions over the past forty years (in large part because of the ‘law and

economics’ revolution in the 1970s: Robert Bork and others forcefully argued that antitrust

law should be designed to maximize consumer welfare, instead of e.g. the welfare of

small business owners). But if US antitrust law has moved in one direction over the past

several decades, antitrust law in virtually every other major economy has moved in the

other direction, towards a position of greater scrutiny and tougher sanctions (as in the

EU today). And yet, it appears that the rise in industrial concentration is not a purely US

phenomenon.

For a more detailed account of the current state of US antitrust law and what the

‘declining antitrust’ narrative gets wrong, see Hovenkamp (2018).
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A.3 Note on Literatures

The topics touched on above – scale, concentration, monopoly, etc. – form enormous

literatures in the history of economics. Discussing the relation of this project to all of them

would be neither feasible nor profitable. But it is modestly instructive to consider a few

additional points about a small subset of these literatures, from the perspective of this

project.

A.3.1 Chandler

Alfred Chandler was the preeminent business historian of the 20th century; the overriding

thesis of much of his work - culminating in “Scale and Scope: The Dynamics of Industrial

Capitalism” (1990) - was that the the Second Industrial Revolution (1880-1920) and its

attendant technologies (the telegraph, the railway, etc.) were systematically better for

large firms than small firms, and that this led to an intense period of industrial concentration.

(This was the same period that produced as a response the very first pieces of US antitrust

legislation, the 1890 Sherman Act and the 1914 Clayton Antitrust Act). Chandler was

frequently criticized by other historians and economists (see e.g. Lamoreaux 1991) for

using anecdotes instead of more systematic empirical evidence, for not formalizing precisely

what he meant by ‘economies of scale’ in any kind of actual model, and for not confronting

his story about technological superiority with the alternative narrative of these large business

trusts abusing their power and influence (concerns that obviously reappear in this debate

today).

1. It is striking how similar, at a high level, Chandler’s claim about the scale-bias

of the technological revolution of the 1880s and the consequent rise in industrial

concentration is to the claim I make here about the technological revolution of the

1980s. A general theory of when and why technological changes might be biased in
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favor of large firms, small firms, or scale-neutral, is outside of the scope of this paper.

But to the extent that Chandler’s thesis is true, it suggests that this is a recurrent

phenomenon in economic history.

2. That said, there is a fundamental difference between my story and Chandler?s story.

The large firms of Chandler’s world - Big Steel, Big Oil, etc. - were generally characterized

by very homogenous goods, produced with large upfront costs (the steel factory, the

oil rig). But the large firms at the center of the story of the IT Revolution - firms like

Walmart or Amazon - are characterized by an extreme heterogeneity of goods and

services, an extremely informationally intensive form of production that leads to

the greater imperative for information technology at these firms. To put it another

way: although the title of the Chandler book is “Scale and Scope,” the emphasis in

Chandler is more purely scale; after the IT Revolution, the leading firms really are

bringing together scale and scope.

3. Another difference. Chandler looked at the rise of industrial concentration in the

1900s with equanimity: it was good that these more productive firms occupied a

greater share of the economy - they were the main engine of American economic

growth. He came to this conclusion too easily: even if his original thesis were

correct, it could still be the case that (a) after the rise of industrial concentration,

the new dynamics of competition could then adversely effect innovation, and (b) the

economy is left with a long tail of smaller firms that are not experiencing productivity

growth, but remain in the market, dragging down aggregate productivity growth .

More analysis is needed to understand the impact of rising industrial concentration

on aggregate productivity growth and welfare; pending that, ‘rising industrial concentration

is good’ is emphatically not a conclusion that can be drawn here. It also bears

mentioning that rising industrial concentration has social and political implications,
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which are not for economists alone to debate.

A.3.2 IO: 1950s -1970s

The question of how to interpret high levels of industrial concentration - specifically,

how to distinguish stories about economies of scale and technological efficiency from

stories about the abuse of monopoly power by powerful incumbents - was one of the

central questions of Industrial Organization from the 1950s through the 1970s. A research

program emerged under the title of “Structure-Conduct-Performance,” which attempted

to study the impact of industrial concentration on a number of market outcomes, like

profit margins, prices, output, and so on, by running a series of cross-sector regressions

(see e.g. Bain 1951). The correlation of high industrial concentration with a ‘bad’ outcome

like high profit rates was taken as proof of the monopoly power view of the world, while

the correlation of high concentration with a ‘good’ outcome like high output growth was

taken as evidence of the economies of scale view.

This research program became discredited within IO when it became clear that virtually

all of these correlations (e.g. high concentration with high profit rates) could be equally

consistent with either view - that it was possible to write down a model where something

like high concentration/high profits was either the outcome of an extremely competitive

process, or of an extremely uncompetitive process - that concentration itself was an endogenous

object, and that these cross-sector regressions did little to help us distinguish between

the two (a criticism forcefully made in Demsetz 1973 and elsewhere). Other methods

from this period outside of the cross-sector regressions (see e.g. the ‘Survivorship Test’ in

Stigler 1958) were vulnerable to the same critique. Eventually IO abandoned not only the

SCP paradigm but also the idea of operating at the macro level, and radically narrowed

its focus to very specific industries (e.g. ‘breakfast cereal’).
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This is not a luxury the macroeconomist possesses, but the old IO criticisms of SCP

remain valid today. As such, I take the cross-industry regressions presented above to be a

useful part of the picture, but not dispositive of anything.

A.3.3 Firm Heterogeneity

The dominant way of thinking about firm heterogeneity today is that firms in a given

industry are all operating the same production technology, in idiosyncratically better or

worse ways (see e.g. Lucas 1978, Hopenhayn 1992, but virtually every paper written

today using firm heterogeneity): firm-level production function are modeled to have

almost all of the same parameters, and differ mainly along some idiosyncratic residual,

which might be taken as a proxy for something like better or worse management.

In certain instances, this way of thinking makes it hard to approach the question of

differences in production technologies between firms, both conceptually and empirically.

For attempts to formalize alternative ways of thinking about firm heterogeneity that make

these potential differences in firm technology more explicit, see Holmes Stevens (2014)

and the discussion in Acemoglu (2015) of Atkinson Sitglitz (1969). But in general this is a

largely absent theme, which is particularly puzzling not only in light of recent empirical

phenomena like that discussed in this paper, but also in view of much more long-standing

regularities, like the fact that very large firms in many industries are more capital-intensive

than smaller firms. This is a fact that many economists seem to instinctively know and

even take as obvious, and is potentially first-order for any number of issues, but to my

knowledge does not have a single canonical reference, or is systematically explored and

theorized in any significant way.
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Appendix B

B.1 Data: Summary Statistics

B.1.1 Compustat

We obtain firm-level financial variables of all US-incorporated publicly listed companies

active at any point during the 1950-2016. We access the Compustat North America –

Fundamentals Annual (through WRDS), and download the annual accounts for all companies.

The results in this paper are obtained with a download on March 25 2018. We keep unique

records for each firm, and assign a firm to a unique 2 digit industry, as reported. When

a firm reports both an Industry Format and a Financial Format, we keep the Industry

Format; and we exclude firms that do not report an industry code. All financial variables

are deflated with the appropriate deflators. The main results, unless reported otherwise,

rely on the sample of firms over the period 1950-2016, where we eliminate firms with

reported cost-of-goods to sales, and SG&A to sales ratio’s in the top and bottom 1 percent,

where the percentiles are computed for each year separately. Our results are invariant to

trimming up to the 5 percent (bottom and top).68 As such a firm-year observation requires

information on both sales and cost-of-goods sold, two essential ingredients to measure

markups. The Table below presents a few basic summary statistics for a few leading

variables used in our analysis (sales, cost-of-good sold, capital, wage bill, employment

and SG&A), for two samples. Sample A, observations with information on sales, cost-of-goods

sold and SG&A; and Sample B, observations with information the wage bill.
68Rather than winsorizing the tails of the distribution, we find similar results when doing structural

error correction to purge the measurement error from sales using the specification of the control function
in equation (7).
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Table B.1: Summary Statistics (1955-2016)

Sample A Sample B
Acronym, var. Mean Median Nr Obs Mean Median Nr Obs

Sales SALE, PQ 1,922,074 147,806 247,644 5,894,779 578,912 28,116
Cost of Good Sold COGS, V 1,016,550 55,384 247,644 2,970,693 195,087 28,116
Capital Stock PPEGT, K 1,454,210 57,532 247,644 5,193,319 345,592 28,116
SG&A XSG&A, X 342,805 29,682 247,644 926,542 78,487 28,116
Wage Bill XLR, WL 1,093,406 130,486 28,116 1,093,406 130,486 28,116
Employment EMP, L 8,363 863 221,121 24,861 4,522 25,527

Notes: Million USD deflated using the GDP Deflator with base year 2010. For each
variable we list: the Compustat acronym, the associated notation (in levels) used
throughout the manuscript.

B.1.2 Economic Censuses

The focus of our analysis of the Census data is on Manufacturing (NAICS codes 31, 32,

33), Retail (NAICS codes 44, 45) and Wholesale (NAICS code 42). In 2012, Manufacturing

consists of about 297,000 establishments, Retail of about 1,060,000 establishments, and

Wholesale of about 420,000 establishments. These establishments aggregate into about

650,000 retail firms, about 314,00 wholesale firms, and about 250,000 manufacturing firms.

Together these three sectors make up a little over 20% of US GDP. In principle, each

Economic Census spans the universe of every single employer establishment in its sector,

across the size distribution; only non-employer establishments (sole proprietorships with

no employees) are omitted.

The other Censuses that we do not use are Census of Services, the Census of Construction

Services, the Census of Mining, the Census of Transportation, Communications, and Utilities,

the Census of Finance, Insurance, and Real Estate, and the Census of Auxiliary Establishments.69

The data is organized around the most discrete unit of production in the microdata, an

“establishment”, which is a single physical plant. Establishments can be aggregated to the
69Note that the Census of Auxiliary Establishments includes many corporate support units that do not

directly face customers or take in revenue.
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EIN-level (“Employer Identification Number”: the most discrete legal unit of production

– an EIN is a unique tax ID associated with a distinct legal entity), and higher up, to

the firm level (major corporations are usually collections of EINs, which in turn are each

collections of multiple establishments). The microdata associates each establishment both

with an EIN and a “firm ID”: the EIN is considered part of the firm if the firm has complete

or majority ownership of the EIN.

Perhaps the most common way of defining “firm” in the recent firm heterogeneity

literature is to say that all of a firm’s establishments in a given 4-digit SIC industry (roughly

equivalent to a 6-digit NAICS industry) are a distinct firm (this is the approach taken by

Autor et al, and others). Under this definition, Walmart’s establishments listed as e.g. SIC

5411 (Retail - Grocery Stores) are one firm, and Walmart’s establishments listed in SIC

5412 (Retail - Convenience Stores) are a separate firm. Our preferred default approach is

to define “firm” as all of the firm’s establishments in a single sector Census (e.g. all of

Walmart’s firms in all of retail, NAICS codes 44-45, are a single firm).

B.2 Production Technology

We present alternative specifications for the underlying technology – i.e., the production

function, which directly impacts the measurement of markups through the choice of the

variable input, and the associated output elasticity. We first show the aggregate markup

using a calibrated scalar for the output elasticity (0.85), to highlight the time-series pattern

of the market-share-weighted average sales-to-cost-of-good-sold ratio. Second, we consider

a sector-specific translog production function, yielding firm- and time-specific output

elasticities. Finally, we consider a Leontief production function, and rely on labor as the

variable input of production (for the sub-sample reporting employment).
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B.2.1 Markup with Time-invariant and Sector-invariant Output Elasticity

Figure B.1 plots the average markup with a constant elasticity. By construction (equation

(5)), all of the change is due to the evolution of the expenditure on variable inputs to sales.
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Figure B.1: Average Markup with a time-invariant and sector-invariant elasticity
(calibrated to ✓Vts = 0.85 for each year t and every sector s.

B.2.2 Translog production function

We explore the sensitivity of our results and consider an industry-specific translog production

function. As discussed, this functional form permits time-varying output elasticities while

preserving the identification results, and it constitutes a parsimonious way to generate

firm/time-specific output elasticity differences, which ultimately impact the estimate of

markups. The moment conditions are as before and exploit the static optimization of the

variable inputs:

E
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3

75

1

CA = 0, (B.1)

where now the vector � contains two additional parameters.

In particular, variation in output elasticity over time (or firms), will no longer be

attributed to markup variation. We consider the following translog production function
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for each industry s :

qit = �v1vit + �k1kit + �v2v
2
it + �k2k

2
it + !it + "it (B.2)

This yields and estimate for the output elasticity of the composite variable input: ✓Vit =

�v1 + 2�v2vit, and we calculate the markup as before. We do not consider the interaction

term between v and k to minimize the potential impact of measurement error in capital

to contaminate the parameter of most interest – i.e. the output elasticity. The results

are, however, not sensitive to this omission. Figure B.2 plots the evolution of the output

elasticities estimated from the Translog production technology. It shows that the evolution

in both cases is very similar to the time-varying Cobb-Douglas specification.

.8

.85

.9

.95

1960 1970 1980 1990 2000 2010

PF1
PF2

Figure B.2: Evolution of the Average Output Elasticities over Time (Translog Production
Technology: PF1 and PF2).

In the main text, we plot the share-weighted aggregate markup obtained with the

translog model alongside the one obtained with time invariant production functions (by

industry). The time-series pattern is very similar, and especially the increase of the overall

markup starting in 1980 is identical. The only difference is in the actual level of the

markup, which is not direct interest, while the change over time is again very similar.
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B.2.3 An Alternative Production Function: Unbundling COGS

We have used a bundle of inputs (COGS) as well as the Wage Bill only, which is included

in COGS, to estimate markups. We now unbundle COGS into the Wage Bill and Materials,

which we calculate as the residual of COGS minus the Wage Bill, denoted by M̃ . In doing

so, we face the well-known limitation in the Compustat sample that the wage bill is not

reported only by a small number of firms.

In order to compute the markup using the FOC on labor we require an output elasticity

of labor. This elasticity is obtained as before by estimating the production function. However,

now we have to distinguish between labor and intermediate inputs, taken together the

variable input bundle V , and this requires a modeling choice as to how intermediate

inputs enter the production function. There are two distinct technologies to consider in

our setting: a fixed-proportion (Leontief) technology in the intermediate variable, and a

Cobb-Douglas gross-output specification.

LEONTIEF TECHNOLOGY. This avoids the potential identification issues surrounding intermediate

inputs in the classical setting. Consider:

Qit = min{✓MMit, L
✓L
it K

K
it ⌦it} (B.3)

We estimate this production function by sector, for each year with sector fixed effects.

There are not enough observations to reliably estimate the production function by sector/year.

The main insight is that we do not require to observe intermediate inputs to estimate

the production function, but instead we project gross output on labor and capital. To

compute the markup, however, we do have to include intermediates as the marginal cost

of production requires the appropriate increase in intermediate inputs when increasing

labor. We derive the markup from the first order condition accounting for the fact that the
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non-differentiable technology (B.3) requires input choices in fixed proportions:

µit(L) =
1

µ�1
it + Mit

Qit

(B.4)

where µit is obtained with the standard formula, and where the output elasticity is the

estimated labor coefficient – i.e., µit = ✓L Sit
wLit

.

We report the Average Markup: green Leontief technology (s: sector specific; t: time

varying); C: Cobb-Douglas (time-varying); Red: baseline markup (PF1) for the selected

sample with data on wage bill.
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Figure B.3: Industry Specific Average Markups

B.3 Alternative Aggregation Weights

As is standard in the literature, we have calculated the average markup using the sales

share of the firm in the entire sample. Different aggregation weights will affect the average.

Here we consider alternative variables to sales to calculate the weights.

First in Figure B.4 we plot the contour plot of the kernel density of the joint distribution

of the firm’s markup and the aggregation weight for the three weights and for two years
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(b) Employment.
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Figure B.4: Joint Distribution of the firm-level Markup and the Share of Sales PQ,
Employment L and the value of the variable input P V V . The year 1980 is on the first
row, and the year 2014 on the second row.
1980 and 2016. This allows us to inspect the raw data. We do this for Sales, COGS and

Employment. The three variables confirm the same pattern: markups have increased

in the top half of the distribution and are more or less invariant in the bottom half; the

increase in the upper half of the distribution leads to the large dispersion of markups;

across all sectors of the economy, markups are negatively correlated with size of sales,

employment and COGS, which is evident from the fact that the ridge of the contour is

negatively downward sloping.

Based on these alternative weights, in Figure B.5 we calculate the aggregate markup

for different input weights and for the two production function specifications: COGS,

Capital, Employment, Total Cost and the Harmonic Mean of Sales. Which one is the

most relevant depends on the question at hand, and for the purpose of welfare analysis,

the appropriate measure depends on the model specification of demand and technology.

For that reason we include the harmonic mean of sales because in the Atkeson Burstein
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model of imperfect competition, the appropriate aggregation is to use the harmonic mean

of sales. We include the Harmonic Mean of as an alternative for our benchmark measure

in Figure 18. The evolution of the average markup under these different weights follows

our benchmark closely with an initial hump shape between 1950 and 1980 and a steady

rise from 1980 to 2014. The level of the employment weighted markup is very similar,

while the level of the value-of-input weighted markup is lower. This is as expected since

the gap between sales and input value widens as the markup increases. After all, this is

how markup is defined. Therefore less weight is put on high markups with input value

than in with sales. Because we have seen a shift towards extreme markups, this explains

the lower average with input weights.
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Figure B.5: Arithmetic Mean Markup (PF1 and PF2), weighted by expenditure share on
variable inputs (COGS), Capital, Employment, Total Cost as well as the Harmonic Mean
of Sales. It can be shown analytically that the Harmonic Mean of Sales and the COGS
weighted measures are identical.
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B.4 Results by sector

We present additional sector-level results on the time-series of markups, and the underlying

components using the decomposition introduced in the main text. We present the aggregate

markup by sector (2 digit) for the last year in our data (2016), alongside the change

between 1980 and 2016, and the sector’s share in total sales.

Table B.2: Markups by Sector, 1980-2016: PF1.

NAICS Sector Markup Sales Share
Change

2016 1980-2016 2016
11 Agriculture, Forestry, Fishing and Hunting 1.81 0.00 0.00
21 Mining, Quarrying, and Oil and Gas Extraction 1.49 0.34 0.03
22 Utilities 1.41 0.07 0.00
23 Construction 1.16 0.03 0.01
31 Manufacturing (1) 1.81 0.05 0.06
32 Manufacturing (2) 1.94 0.10 0.23
33 Manufacturing (3) 1.38 0.04 0.24
42 Wholesale Trade 1.12 -0.01 0.04
44 Retail Trade (1) 1.01 -0.05 0.07
45 Retail Trade (2) 1.27 0.01 0.03
48 Transportation and Warehousing (1) 1.28 0.03 0.04
49 Transportation and Warehousing (2) 0.93 -0.20 0.00
51 Information 2.14 0.06 0.11
52 Finance and Insurance 1.77 -0.06 0.05
53 Real Estate and Rental and Leasing 2.64 0.21 0.01
54 Professional, Scientific, and Technical Services 1.66 0.11 0.02
56 Admin. & Support & Waste Mgt & Remediation Serv. 1.76 0.06 0.01
61 Educational Services 1.67 -0.04 0.00
62 Health Care and Social Assistance 1.11 0.01 0.02
71 Arts, Entertainment, and Recreation 1.27 0.01 0.00
72 Accommodation and Food Services 1.12 -0.01 0.01
81 Other Services (except Public Administration) 1.25 0.02 0.00
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We also report the decomposition of sector-specific aggregate markup, into the various

components, for the four remaining sectors not presented in the main text (Finance, real

estate and insurance; Agriculture; Mining; and Utilities).
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(a) FIRE: Finance, Insurance, Real Estate (52-53)
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Figure B.6: Firm Level Decomposition by Sectors
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