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Abstract

We review the “production approach” to estimating markups, the ratio of price to
marginal cost. The approach is scalable. It requires no model of consumer demand
or market structure and applies broadly across firms, industries, and time. We orga-
nize our review around a simple insight: the production-based markup is a residual.
Like the Solow residual, it is clean in theory but potentially contaminated by mis-
specification and mismeasurement. This framing helps explain why small differences
in implementation can produce starkly different results from the same data. In some
cases, estimated markups have risen sharply. In others, they have not. We provide
conceptual rationales for these disagreements, offer practical guidance on data and es-
timation, and call for greater transparency about how much of the variation attributed
to markups may instead reflect technology.
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1 Introduction

We review the production approach to estimating markups. Intuitively, markups are defined
as prices relative to marginal costs, and marginal costs reflect the production constraints
facing firms. The increased availability of firm-level microdata and new econometric methods
make it easier to estimate production functions and infer markups. Our review focuses on this
recent firm-level literature, with a goal of bridging micro and macro perspectives. Questions
of market power matter for many fields, from industrial organization (IO) to international
trade to macroeconomics. We highlight the challenges in moving from firm-level analyses to

industry and economy-wide conclusions.

Hall (1986, 1988, 1990) introduced the production approach. He showed that cost mini-
mization implies the markup p can be written in a remarkably simple way as the ratio of a
flexible input’s output elasticity v to the cost of that input as a share of total revenue, s.
That is, u = 7/s. Markups can thus be inferred from producer behavior without specifying
the demand system or market structure. This makes it attractive compared to typical meth-
ods from IO that are tailored to narrow industries. The production approach scales across

firms, industries, and time.

Hall and a body of work that followed apply his insight to industry data, with output and all
inputs in growth rates. De Loecker and Warzynski (2012) highlight challenges in applying
Hall’s industry approach to firm-level data. They propose a variant of Hall’s method that

focuses on a single input and uses modern methods for estimating firm production functions.

In recent years, interest in market power has soared. The interest reflects both the possi-
bility that markups have risen sharply and the prospect that rising markups offer a unified
explanation for a range of macroeconomic puzzles (De Loecker et al., 2020). These include
declining labor shares, rising economic profits, slow productivity growth, weak investment,

and declining dynamism.*

More broadly, modern macroeconomics rests on a foundation of imperfect competition. In
endogenous growth models, firms charge markups to cover innovation costs (Romer, 1990).
In New Keynesian models, firms are monopolistically competitive price-setters, not perfectly
competitive price-takers (Rotemberg and Woodford, 1999). Firm-level markup estimates,
applied at scale, allow economists to incorporate rich heterogeneity, strengthening the mi-

crofoundations of macro analysis. 10 and trade increasingly need the same scalability. 10O is

IReferences to these puzzles include, respectively, Elsby et al. (2013), Karabarbounis and Neiman (2014);
Barkai (2020), Karabarbounis and Neiman (2019); Fernald et al. (2025); Gutiérrez and Philippon (2017),
Crouzet and Eberly (2019); and Davis et al. (2007). Syverson (2025) provides a complementary survey
covering both markups and markdowns.



moving from individual markets to cross-industry patterns (Dopper et al., 2025), and trade

needs markup estimates across countries and industries (Feenstra and Weinstein, 2017).

However, the empirical evidence for rising markups is far from settled. Some specifications,
including De Loecker et al. (2020), imply dramatic increases in recent decades. Others,
including Traina (2018), Foster et al. (2026), and Benkard et al. (2025b), do not.

To put the disagreements in context, our review emphasizes that production-based markups
are a residual. Using the equilibrium first-order condition for a flexible input, the markup
absorbs the entire gap between the output elasticity and the revenue share. Unlike a regres-
sion error or structural demand shock, this residual is itself the object of interest. Three
things can go wrong: wrong first-order condition, wrong output elasticity, or wrong revenue

share. All three deserve scrutiny.

The residual framing has parallels to Solow (1957). The Solow residual absorbs all output
growth not explained by input growth. Under standard conditions, it is a clean measure
of technical change. But a large literature shows that non-technological factors contam-
inate the Solow residual as a measure of technology.? Similarly, (mis)measurement and
(mis)specification can contaminate production-based markups as a measure of market power.
Differences across papers—even those using the same data—can therefore yield different
residuals. Contamination is the price of scalability. The approach avoids specifying demand

or market structure, but what it omits shows up in the markup.

Even if we resolve all the empirical disagreements, the implications of market power depend
on its cause. The production approach we introduce in Section 2 is a measurement tool; it
is silent on structural drivers. The first-order condition is an equilibrium relationship. It
holds regardless of what generates the markup, so demand and market structure need not be
specified. But for some questions, we need the structure. For example, are rising markups
“bad,” reflecting barriers to entry, or “good,” reflecting returns to innovation? Answering
that question requires structure that the production approach was never designed to provide.
The IO literature offers that structure for narrow markets. The production approach offers

breadth. Both perspectives are needed. We return to these issues at the end of the paper.

Unfortunately, the devil is in the implementation. Implementing the production approach
requires substantive choices, each of which layers on auxiliary assumptions. The “garden
of forking paths” (Borges, 1941; Gelman and Loken, 2014) in Section 3 documents the

2Non-technological factors in the Solow residual include markups (Hall, 1986, 1988, 1990), factor utiliza-
tion (Basu et al., 2006; Fernald, 2014), aggregation (Basu and Fernald, 1997; Baqaee and Farhi, 2020), and
mismeasurement (Corrado et al., 2009; Byrne et al., 2016; Syverson, 2017).



sensitivity across two such choices. One is which input to treat as flexible, usually labor or
materials. Another is how much variation to allow in output elasticities across firms and
over time. Several studies use the same data and estimation techniques to show these choices
matter. The results are stark. Some specifications imply sharply rising markups; others find

flat or even declining markups.

Section 4 asks whether the source of empirical disagreements is conceptual. The first-order
condition may omit wedges that contaminate the markup estimate, including adjustment
costs, monopsony power, or bargaining frictions that drive a gap between observed input
prices and the allocative costs to which firms actually respond. The production function
may also allow too little variation in output elasticities, forcing genuine technological het-
erogeneity into the markup residual instead. That is, assumptions that restrict elasticity
variation can misattribute that variation to markups. A related conceptual fork is the choice
between gross-output and value-added production functions. As Section 4.3 discusses, the
theoretical and empirical case for value-added production functions is weak (Basu and Fer-
nald, 1995; Gandhi et al., 2017; Ruzic, 2026).

Sections 5 and 6 show how data limitations and estimation choices jointly affect markup
estimates. Section 5 focuses on the data constraint: missing inputs, misclassification of
variable and fixed costs, and limited sample coverage can all distort revenue shares or bias
estimated elasticities. Section 6 examines the econometric challenge of recovering output
elasticities when inputs respond to unobserved productivity and prices. Estimation in this
setting is harder than often recognized because the standard toolkit was largely built for

perfect competition as well as better data than we typically have.

Despite these challenges, understanding and measuring market power remains important.
Markups shape resource allocation, welfare, and the propagation of shocks—and no other
method estimates them at comparable scale. The challenges are not reasons to set aside the

production approach. They are reasons to invest in improving it.

Section 7 closes with three calls to arms, all centered on the tension between market power
and technology. First, we call for transparency—systematic reporting of how much revenue-
share variation is attributed to markups versus output elasticities. Second, we call for test-
ing, such as comparing production-based markups against demand-based estimates from
10, quasi-experimental evidence, and simulations. Third, we call for more work mapping
firm-level markup and technological heterogeneity into macroeconomic models. Getting the

implementation right matters precisely because the approach is so broadly applicable.



2 The production approach to markup estimation

Production functions and markups are inextricably linked through input demand. Intuitively,
firms with market power raise prices and restrict output, and so require fewer inputs. Hall
(1986, 1988, 1990) showed how to use this insight to estimate markups assuming little other

than cost minimization. The rest of the firm’s profit maximization problem is not needed.

This section first derives the cost-minimizing first-order condition. It then reviews growth-
rate implementations, turns to the new microdata literature, and closes by previewing the

implementation choices that drive empirical disagreements.

2.1 The unifying first-order condition

Consider a production function for firm ¢ in period t:
}/;t = F(lewaXz];[aAlt)’ (1)

where Yj; is gross output, X7, ... X} are inputs, and A;; denotes productivity.

The firm minimizes the cost of producing a target level of gross output Yj;. An input is
fully flexible if it is chosen in the current period and affects only current-period costs. Let
) denote the set of fully flexible inputs. The firm takes input prices ng and non-flexible

inputs {X7};¢y as given. The cost-minimization problem is:
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The cost-minimizing first-order condition (FOC) for optimal input demand is:
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where the Lagrange multiplier \; is the firm’s marginal cost: the shadow value of relaxing
the production constraint by one unit. The same marginal cost \;; enters the FOC for any

input the firm can freely adjust. To interpret this condition, we define three terms:

o pix =3t is the firm’s markup of output price P;; over marginal cost,
j _ oF X},

o v, = oxXT Vi is the elasticity of output with respect to input Xijt7 and
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With these definitions, the FOC implies the key relationship at the heart of the production
approach:

%Jt = Hit Sgt' (3)

For any fully flexible input satisfying this FOC, market power (u; > 1) implies that the
output elasticity ’yft exceeds its revenue share s{t. The markup is a property of the firm, so
the same p;; enters the FOC for every input. Hence, any flexible input can, in principle, be

used to identify the markup.?

Throughout, we primarily work with a special case of eq. (1) that separates inputs into

capital Kj, labor L;, and intermediate inputs (materials) M;:
)/;t - F(Kita Lita Mit7 AZt) (4)

For a multi-product firm, Y}; is an index over outputs; each input is an index over hetero-
geneous types, and u;; is the markup for that aggregate rather than for a specific product.
A flexible input Xy € { Ky, Ly, My} satisfies FOC eq. (3). We next trace out how Hall and
others implemented this approach using data in growth rates. We then turn to its more
recent implementation in microdata, which focuses on a single input and, where necessary,

estimates production relationships in levels.

2.2 The production approach in growth rates

In a series of papers, Hall (1986, 1988, 1990) pioneered the production approach by applying
FOC eq. (3) to all inputs simultaneously. His motivation was that when output rises in a
boom for reasons beyond a firm’s own productivity, the gap between output growth and

input growth reveals the markup. As Hall (1986, p. 285) writes,

Macroeconomic fluctuations reveal a good deal about market structure. Students of in-
dustrial organization have not generally exploited cyclical movements in their research;
they have concentrated almost entirely on cross-sectional analysis.

In implementing this idea, Hall followed Solow (1957) and log-differentiated the production

function eq. (4). Using FOC eq. (3) to replace output elasticities with revenue shares and

3Section 4.1 discusses the case of inputs that face additional frictions, such as adjustment costs or input-
market power. As we describe there, in principle one can still estimate markups from such inputs by modeling
and measuring the additional frictions.



the markup yields the “Hall equation”:
Ay = Mz’t(sgAkit + shAL + S%Amit) + Aay = pig Avy + Aag, (5)

where lowercase letters denote logs, Azl, = Alog X/, and Az is revenue-share-weighted
input growth.* Appropriately estimated, the relationship between input and output growth
reveals the markup ;. Because the Hall equation applies FOC eq. (3) to all inputs, the
approach must grapple with inputs such as capital that may not be fully flexible. Basu and
Fernald (2001) and Basu et al. (2001) generalize the cost-minimization problem eq. (2) to
account for dynamic inputs and survey the literature that estimates variants of the Hall

equation with industry data. Estimation typically assumes a time-invariant markup.

Most estimates using industry data find gross-output markups on the order of 1.03 to 1.06
(for example, Basu and Fernald, 1997). Ahmad et al. (2024) update the growth-rate approach
with data from 1949 through 2016 and find markups remain modest. These results are at
odds with recent firm-level findings. Some differences could arise from using industry rather
than firm data. However, De Loecker and Warzynski (2012) use firm-level data and also find
relatively modest markups using the Hall growth-rate approach; they find larger ones using

their preferred implementation (discussed in Section 2.3 and the remainder of the paper).
The Hall literature provides three lessons for the more-recent literature.

First, one wants robustness to the functional form of the production function eq. (1) or
eq. (4). Because eq. (5) is derived by log-differentiating the production function, in principle
it provides a local approximation valid for any production function. There is no need to
choose a specific functional form. The functional-form robustness is slightly attenuated by
the econometric need to have a time-invariant markup parameter (though factor shares can

be allowed to change over time, so it is more flexible than just a first-order approximation.)

Second, markups are not the same as pure economic profits. For example, a firm with fixed
or overhead costs can charge a markup yet earn no economic profits, as we now formalize.
Following Varian (1984, p. 68) and Syverson (2025), the degree of returns to scale (RTS),
[, is the ratio of average cost to marginal cost: I';; = AC;/MC;;. Pure economic profits,
I1;;, are the difference between revenues (P;;Y;;) and costs (Costy; = > i I/VftXft) Let the rate

of pure economic profit in revenue be sii = II;;/(P;;Yi;). Basu and Fernald (1997) derive a

4Hall (1990), equation 5.29. Factor-specific technology growth is subsumed into Aa;; by normalizing the
elasticity of output with respect to technology, dlog F/0log A;t, to one. Section 4.2 discusses non-factor-
neutral technology. Classic growth accounting (Solow, 1957; Jorgenson and Griliches, 1967) imposes p;; = 1.
If pir > 1, the Solow residual equals (u;; — 1)Ax; + Aayy and varies systematically with input growth.



useful relationship between markups, returns to scale, and the profit rate:

I'; it — L
sh—1- 2= Mot — 2 it (6)
Hit it

Economic profits arise when the markup, p;, exceeds returns to scale, I';;.° For example,
fixed or overhead costs raise average but not marginal costs (so I';; > 1); a firm with p; = T'y
prices above marginal cost but just breaks even. Thus, high markups need not imply high

profits; and rising profit shares need not imply rising markups.

Third, because of eq. (6), the production-approach literature following Hall (1990) gave
equal weight to markups and returns to scale. Macro modeling that assumed imperfect
competition also typically assumed increasing returns in the form of fixed costs to keep
profit rates from being too large (Rotemberg and Woodford, 1999). The newer literature, by
contrast, typically estimates markups while treating returns to scale and output elasticities

as nuisance parameters.
All three lessons remain relevant as we interpret the new literature.

Most of the literature following the Hall growth-rate approach uses industry data. A few
papers, however, use firm microdata, such as Klette (1999) and Dobbelaere and Mairesse
(2013). Klette (1999) uses a panel of Norwegian establishments, and rather than taking
growth rates over time, takes a local approximation in the cross-section in order to flexibly

approximate any functional form.

2.3 The new literature on production-based markups

The production approach to markup estimation has expanded rapidly with the increasing
availability of firm microdata. Following De Loecker and Warzynski (2012), the new litera-
ture uses firm or establishment data, focuses on a single fully flexible input, and (typically)

estimates production functions in levels.

De Loecker (2011b) and De Loecker and Warzynski (2012) argue that the growth-rate ap-
proach is poorly suited to microdata. First-differencing exacerbates measurement error in
short panels (Griliches and Mairesse, 1998); and the aggregate-demand instruments used in

the growth-rate literature have little explanatory power in firm cross sections. (Of course,

SReturns to scale depend on the scale elasticity of the production function Fj; (which determines the
slope of marginal cost) as well as any fixed or overhead costs of production. Section 4.1 describes when the
relationship in eq. (6) survives adjustment costs. Monopsony power requires an extra term, since profits can
arise from input-price markdowns as well as from output-market markups.



as Section 6 discusses, not all econometric methods to address endogeneity concerns use

instrumental variables.)

De Loecker and Warzynski (2012) also aim to estimate markups firm-by-firm. In contrast,
the Hall approach assumes that markups are constant over time; the variants used by Klette
(1999) and Dobbelaere and Mairesse (2013) impose that the markups are the same for all

firms in an industry.

De Loecker and Warzynski (2012) outline how focusing on a single input—rather than a
weighted bundle of inputs as in the Hall approach—can help overcome these shortcomings.

The approach has three steps:

e correctly select a flexible input X7,

e measure its revenue share ,, and

e specify a production function and estimate the output elasticity 7y\ft
The estimated markup then follows directly from FOC eq. (3): [y = 77,/5).

The first two steps are linked. We need a fully flexible input so that the input’s revenue share
can potentially be observed in the data at the allocative market price. For quasi-fixed inputs
such as capital—chosen in a prior period or subject to adjustment costs—the revenue share
depends on an unobservable shadow price, making it more difficult to recover the allocative

cost the FOC requires.

For the third step, estimating the production function generally requires including all inputs
to avoid omitted-variable bias, even though only one input’s elasticity is needed for the
markup. Consider a Cobb-Douglas production function in capital, labor, and materials:

Yir =V ki + 7"l + M i + ag. (7)
For example, omitting capital—even if it is not the input used to measure the markup—

leads to omitted-variable bias. Firms that use more capital also tend to use more labor and

materials, so the omission will load on their coefficients.

An important question in the third step is how flexibly to model the production technology.
The choice of functional form determines how many degrees of freedom output elasticities
have to explain revenue shares. The Cobb-Douglas function eq. (7) is the simplest choice,
but it restricts output elasticities to be common across firms and time. We can relax this
by allowing elasticities to vary across time or industries, or by moving to a more flexible

functional form altogether. A translog production function adds squared and cross terms



in the inputs, giving it more flexibility. As a second-order approximation to any arbitrary

production technology, it lets elasticities vary with input intensity.5

We can also relax assumptions on productivity. One such generalization allows for input-
augmenting technical change, where productivity has both a Hicks-neutral component A
and, say, a labor-augmenting component A%. The production function then becomes Y;; =
AR F(Ky, AL Ly, My;), which in constant elasticity of substitution (CES) form is:

(8)

g
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With this technology, output elasticities depend on both input intensity and the input-

augmenting productivity. We return to this choice and its consequences in the next sections.

The production approach is broadly applicable precisely because it rests on cost minimization
rather than a specific model of demand or competition. Demand-side approaches, such
as Berry et al. (1995), require detailed product-level data, an explicit model of consumer
demand, and assumptions about strategic interaction and firm conduct. Such approaches can
be highly informative within a narrowly defined industry but require extensive customization
for each setting. Cost minimization, by contrast, is a more general principle. Regardless of
how complex or dynamic the profit-maximization problem may be, firms typically aim to
produce at the lowest possible cost. This breadth makes the production approach attractive

for cross-industry and aggregate analysis.

The breadth does come at a cost. The production-based markup is a residual. It takes what-
ever value makes FOC eq. (3) hold for the observed revenue share and estimated elasticity.
Any misspecification—of the FOC itself, of the production function, or of the economet-
ric method used to estimate it—gets absorbed into the estimated markup. So does any
mismeasurement of the revenue share. The markup is, in this sense, the residual claimant
of the production approach. This is both the approach’s strength—it requires minimal

assumptions—and its central vulnerability, which the rest of this review unpacks.

2.4 Key conceptual choices in implementation

In principle, implementing the production approach laid out in Section 2.3 is simple. Find
a flexible input, measure its revenue share, estimate its output elasticity, and compute the

ratio. In practice, each step involves choices that can markedly affect estimated markups.

SWith two inputs, the baseline translog with Hicks-neutral technology is vi = oo + axkis + arly +
%BKK(kit)Q + Brrkitli + %BLL(lit)z +a;;. The output elasticity for labor is then v5 = o, + Br kit + Brrlis,
which varies across firms with their input intensity.



We highlight three key conceptual choices below.

Which input to use. FOC (3) implies any flexible input should yield the same markup.
In practice, markups estimated from different inputs often diverge sharply—in both levels
and trends. Section 3 documents these divergences using direct comparisons across inputs

within the same datasets. Section 4.1 explains why they might arise.

How flexibly to model output elasticities. Having chosen an input, the researcher
must specify a production function and estimate its output elasticity. A Cobb-Douglas
function restricts elasticities to be common across firms; a translog or CES function allows
them to vary with input intensity. When the assumed functional form is too restrictive,
genuine variation in technology gets forced into the markup residual-—making measured
markups rise or fall even when true market power is unchanged. In contrast, an excessively
flexible specification, estimated on limited data, could let estimated output elasticities absorb
variation that truly reflects market power. Section 3 documents how sensitive markup trends
are to this choice. Section 4.2 discusses the resulting bias and argues that in current practice
the operative concern more often runs the other way: parametric restrictions leave output

elasticities too little room.

Value added versus gross output. Macroeconomists often want a “value-added markup”
because GDP aggregates value added across producers. But value-added and gross-output
markups are conceptually distinct and cannot be used interchangeably in calibrating macro
models. A separate issue is estimation. Basu and Fernald (1995) show that markups in-
validate value added as a production measure except under the Leontief assumption that
intermediates are used in fixed proportions to gross output—an assumption at odds with

the empirical evidence. Section 4.3 takes up both issues.

Despite these choices—and the sensitivity to them documented throughout this review—
the production approach remains the most broadly applicable tool available for measuring
firm-level markups across industries and countries. That is precisely why getting the choices

right, and being transparent about them, matters so much.

3 The garden of forking paths

Existing empirical evidence suggests that the main implementation choices have sharp im-
plications for the measurement of markups. What seems like a clean, mechanical implemen-

tation quickly gives way to a garden of forking paths.

This section highlights two important forks in that garden: (1) which input to use, and

10



(2) how flexibly to specify technology. These are not the only forks. But each has been
studied empirically within a fixed dataset, and each materially affects the estimated markups.
Later sections explore additional forks, including the specification of the first-order condition

(Section 4), data construction (Section 5), and econometric method (Section 6).

We present evidence from studies that compare choices within the same dataset. We defer
most interpretation to Section 4. A recurring finding is uncertainty about markup levels and

trends. Some specifications imply rising markups, but many plausible ones do not.

3.1 First fork: Which input to use?

Table la presents results from three papers that compare markup estimates across inputs
within a given dataset. Any fully flexible input that satisfies the conditions in the cost-
minimization problem (2) should yield the same markup. In practice, markup estimates
using different inputs often diverge in both levels and trends, and the divergences are too

large to dismiss as sampling error.

The input choice can reverse the sign of markup trends. Raval (2023) uses manufacturing
census data from five countries to show labor- and materials-based markup estimates diverge,
implying at least one set of identifying assumptions is wrong. In the United States, estimated
labor-based markups nearly double between 1970 and 2010, while estimated materials-based
markups fall by half. In Chile and Colombia, labor-based markups fall while materials-based
markups rise. Within all five countries, labor- and materials-based markup estimates are
negatively correlated across firms, in both levels and trends. These patterns persist across

specifications and estimation methods.

The input choice also shapes cross-sectional comparisons. Doraszelski and Jaumandreu
(2019) compare exporters and non-exporters in Spain and find the conclusion about which
group charges higher markups flips depending on the input used. Exporters appear to charge

higher markups when labor is used, but lower markups when materials are used instead.

Even within a single broad input category, the choice of subset matters. The second Raval
(2023) block in Table 1a compares energy and non-energy materials. In Colombia, estimated
markups based on energy fall 70 percent while markups based on non-energy materials rise 20
percent. In India and Indonesia, markup trends switch signs entirely. These patterns matter
because input flexibility is often assumed rather than demonstrated. Implementations of
the production approach frequently use materials on the grounds that they are likely more

flexible than labor; yet even within materials, markup estimates diverge.

11



Table 1a: Markup Estimates Can Reverse with the Input Used

First Fork: Which input to use for the production approach?

Production-Based Markups using Different Inputs
Raval (2023)

Labor Materials
U.S. (1970-2010) Increase of 90% Decrease of 50%
Chile (1979-1996) Decrease of 20% Increase of 15%
Colombia (1978-1991) Decrease of 30% Increase of 10%
India (1998-2014) Decrease of 40% No change
Indonesia (1991-2000) Decrease of 10% Increase of 5%
Doraszelski and Jaumandreu (2019): Export-status comparison, not trend

Labor Materials
Spain (1990-2012) Export-status effect: positive  Export-status effect: negative
Raval (2023)

Energy Non-Energy (Raw) Materials
Chile (1979-1996) Increase of 20% Increase of 15%
Colombia (1978-1991) Decrease of 70% Increase of 20%
India (1998-2014) Decrease of 25% Increase of 5%
Indonesia (1991-2000) Increase of 40% Decrease of 5%
Traina (2018)

Cost of Goods Sold Operating Expenses

Compustat, 1950-2016 Increase: 1.19 to 1.45 Roughly flat: 1.15 to 1.17

Sources and notes: Figures 2 and 5 from Raval (2023), Table 1 from Doraszelski and Jauman-
dreu (2019), and Figure 2 from Traina (2018). The Raval (2023) entries report approximate
percentage changes in average markups, rounded to the nearest 5 percent. The Doraszelski and
Jaumandreu (2019) row reports the sign of the Table 1 export-status coefficient, not a time
trend. The Traina (2018) entries report approximate markup levels.

12



Similar sensitivity appears in financial data. Compustat, a dataset of U.S. public firms, is
widely used for its broad sectoral coverage. Studies using financial statement data must
choose how to map accounting costs to flexible inputs. One option is Cost of Goods Sold
(COGS), which collects costs that accountants can trace to units of production, such as mate-
rials and direct labor. Another is Operating Expenses (OPEX), which adds Selling, General,
and Administrative expenses (SG&A), a residual category covering marketing, management,
and other business services. Which of these accounting categories should be interpreted as

representing a flexible input is the subject of some debate.

Traina (2018) finds the choice of accounting cost measure is decisive. Using COGS alone
implies markups rose from 1.19 to 1.45 between 1950 and 2016, a 26 percentage point increase.
Using OPEX, which includes SG&A, implies markups rose from 1.15 to 1.17, an increase of
just 2 percentage points. Including SG&A wipes out most of the rise. This sensitivity has
both a measurement and an econometric interpretation. From a measurement perspective,
SG&A may simply be a variable cost that belongs in the revenue share. From an econometric
perspective, even if SG&A is quasi-fixed, omitting it from the production function biases the
estimated elasticity of the included input upward, just as omitting capital does. We develop

these interpretations in Section 5.

Benkard et al. (2025b) document a related concern: De Loecker et al. (2020)’s replication
code drops observations with missing capital or SG&A data—27 percent of the sample—
even though SG&A is not used in their markup calculation. Firms with missing SG&A
systematically have higher COGS ratios and lower measured markups, creating selection
that biases the trend upward. Both findings implicate SG&A in the measured markup
increase, though through different mechanisms: input measurement in Traina (2018) and
sample construction in Benkard et al. (2025b). The interpretation remains contested. De
Loecker et al. (2025) reply and defend their original sample selection. Benkard et al. (2025a)

respond that the restrictions remain consequential.

The choice of input shapes substantive conclusions about markups. The logic of the produc-
tion approach implies that any flexible input should yield the same markup. But different
inputs—whether labor, materials, energy, or accounting aggregates—often imply divergent

and even contradictory trends.

3.2 Second fork: How flexibly to model output elasticities?

Having chosen an input that is arguably flexible, the researcher must decide how to estimate

its output elasticity. The choice involves a tradeoff. Restrictive functional forms, such as
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Cobb-Douglas with industry-level coefficients, leave little scope for elasticities to vary across
firms. Hence, genuine technological heterogeneity gets forced into the markup residual,
leading estimated markups to rise or fall even when true market power is unchanged. In
contrast, highly flexible forms—firm-and-time-specific elasticities, or richly parameterized
translog functions estimated on limited data—might instead capture variation in estimated
output elasticities that truly reflects market power. Where on this spectrum a researcher

lands shapes how much revenue-share variation is attributed to technology versus to markups.

Table 1b documents the consequences of different elasticity estimation strategies in three

studies that apply multiple approaches to the same data.

Table 1b: Markup Trends Can Reverse with the Elasticity Specification

Second Fork: How to estimate the output elasticity for a given input?

De Loecker et al. (2020)
Compustat, 1980-2016

Cost Share Cobb-Douglas Overhead (PF2)
Rises: 1.25-1.75 Rises: 1.21-1.61 Rises: 0.98-1.32

Foster et al. (2026)
U.S. Manuf., 1977-2012

Cost Share Cobb-Douglas Translog
2-digit industry Large increase Increase: +8% Increase: +23%
4-digit industry Moderate increase Decrease: —4% Decrease: —12%
Demirer (2025)

Cobb-Douglas Factor-augmenting

U.S. (1961-2018) Rises: about 26 pp Rises: 1.26-1.38
Chile (1979-1996) Flat: 1.35-1.37 Falls: 1.28-1.25
Colombia (1978-1991) Flat: 1.41-1.40 Falls: 1.30-1.26
India (1998-2014) Flat: 1.32-1.34 Rises: 1.18-1.28
Turkey (1983-2000) Rises: 1.25-1.33 Falls: 1.23-1.12

Sources and notes: Figures I, XII.A, and XIII.A from De Loecker et al. (2020); Figures 1, 2, and
3 and Table 2 from Foster et al. (2026); and Figures 6 and OA-5 from Demirer (2025). The De
Loecker et al. (2020) Cobb-Douglas entry is text-stated; their cost-share and overhead entries are
approximate read-offs from the cited figure panels. Most Demirer (2025) country entries report
approximate markup levels at the start and end of each sample period; the U.S. Cobb-Douglas
entry reports the text-stated increase. The Foster et al. (2026) Cobb-Douglas and translog
entries report text-stated changes over 1977-2012; their cost-share entries are qualitative read-
offs from Figure 3, which reports 1980-2014 log differences. De Loecker et al. (2020) use cost
of goods sold as the flexible input. Foster et al. (2026) use materials. Demirer (2025) uses
the combination of labor and materials; the factor-augmenting specification incorporates labor-
augmenting productivity in a CES production function as in eq. (8).
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One way to forgo more elaborate estimation and specification of technology is to proxy output
elasticities with cost shares, that is, the payments to each factor as a share of total costs. As
Section 4.2 discusses, with some additional assumptions including constant returns to scale,
these cost shares equal output elasticities. No additional estimation is required. De Loecker
et al. (2020) implement a version of this by fixing the output elasticity at its median cost
share across firms, applying the same value to every firm in a given industry and period. They
find this yields markup trends broadly similar to their Cobb-Douglas benchmark—markups
rising from around 1.25 to 1.75 under cost shares, compared to 1.21 to 1.61 under Cobb-
Douglas—suggesting the upward trend is not merely an artifact of the estimated elasticity
rising over time. Even when they extend the production function to include a fixed input,

the upward trend in markups remains.”

The similarity between De Loecker et al. (2020)’s cost-share and Cobb-Douglas estimates
shows that the estimated output elasticity is not doing much independent work across the two
specifications. But it also reflects that using a common cost share gives output elasticities
essentially no additional degrees of freedom to explain cross-firm variation in revenue shares
relative to Cobb-Douglas. An alternative, which we discuss in Section 4.2, is to estimate a
separate output elasticity for each firm and period. This alternative gives elasticities more
room to explain the data before the remaining variation is left to the markup term. Cost-
share proxies carry their own assumptions, however, and the choice between them and more

elaborate elasticity estimates is itself a fork in the garden.

Even within a single functional form, the level of industry aggregation at which elasticities
are estimated can reverse markup trends entirely. Foster et al. (2026) use U.S. Census of
Manufactures plant data from 1977 to 2012, with materials as the flexible input. Under
Cobb-Douglas, markups rise about 8 percent at the 2-digit industry level but fall about 4
percent at the 4-digit level.® The mechanism is simple: coarser industry groupings restrict

how much output elasticities can vary across firms.

Moving to a more flexible functional form changes the picture further, and its effect interacts
with the aggregation level. Under translog at the 4-digit level, Foster et al. (2026) find

markups decline about 12 percent—where Cobb-Douglas at the same level showed a slight

"This De Loecker et al. (2020) implementation includes SG&A as a separate input to COGS and identifies
markups from the output elasticity of COGS. Traina (2018)’s OPEX specification from Table la estimates
markups using an output elasticity of a combined OPEX input. These discordant results are at the heart of
the challenge of mapping accounting concepts into inputs appropriate for production-function estimation.

8Industry-level KLEMS data average over within-industry firm heterogeneity in output elasticities and
markups. But much of the production approach’s value is that it recovers firm- or plant-level markups. The
Foster et al. (2026) results underscore that 2-digit and 4-digit industry aggregation yield different markup
trends from the same plant-level data.
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decline and cost shares a moderate rise. At the 2-digit level, translog produces a rise of
about 23 percent, far larger than the 8 percent under Cobb-Douglas. The underlying plant-
level revenue shares are identical across all specifications. Hence, any divergence reflects
how different estimation choices assign variation between output elasticities and markups
through FOC (3), not differences in the data.

Assumptions about the nature of productivity also matter. Demirer (2025) finds that incor-
porating labor-augmenting rather than Hicks-neutral productivity can substantially change
estimated markup trends. In U.S. manufacturing, Cobb-Douglas with Hicks-neutral technol-
ogy implies markups rose by about 26 percentage points between 1961 and 2018; the factor-
augmenting specification implies a more modest increase from 1.26 to 1.38. In Turkey,
the trend reverses sign outright, rising under Cobb-Douglas but falling under the factor-
augmenting specification. The rationale, developed further in Section 4.2, is that labor-
augmenting productivity gives output elasticities additional freedom to explain changes in

relative factor costs, leaving less variation in revenue shares s, to load onto the markup.

In sum, the choice of technology specification shapes substantive conclusions about markups
just as the choice of input does. The logic of the production approach implies that output
elasticities should absorb genuine technological variation. But restrictive functional forms,
industry aggregation, or assumptions about the nature of technological progress can all limit
how much variation in revenue shares gets attributed to technology. The variation that

estimated elasticities cannot absorb instead gets misattributed to the markup.

4 Conceptual rationales for divergences in the garden

This section develops two potential explanations for the discrepancies above: the central
FOC could be missing non-markup frictions or the estimated production technology could
be insufficiently flexible (or, less often, too flexible). Both can generate the puzzles from the
garden, and both have support in the literature. They are not the only explanations—issues

with data (Section 5) and econometrics (Section 6) can also affect markup estimates.

4.1 Do we have the right first-order condition?

The key FOC eq. (3) assumes static cost minimization with input prices taken as given. When
these assumptions fail, the effective input price that governs the firm’s decisions differs from
the observed market price. The gap introduces an unobserved wedge Tii between the output

clasticity 77, and the revenue share s/, (Doraszelski and Jaumandreu, 2019):
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V= paesly (1477,) - (9)

Suppose we ignore the wedge. Even with correct values for 47, and s,, the production
approach recovers (1 + TZ%), not the true markup pu;. Suppose also that different inputs

face different wedges. They will then yield different markups, as in Table 1a.

A fundamental implication of eq. (9) is that a single FOC cannot separately identify two
unknowns. Observed revenue shares s, reflect both the true markup s and the wedge 73,
but the FOC alone cannot tell us how much revenue-share variation is due to one versus
the other. Since heterogeneous markups are themselves a form of distortion, they could in
principle be folded into the broader category of wedges. But not all wedges are markups,

and conflating them leads to misinterpretation.

Separate identification requires bringing in additional modeling assumptions and typically
additional data. The choice of what to assume determines what gets identified. In quan-
tifying misallocation, Restuccia and Rogerson (2008) and Hsieh and Klenow (2009) impose
structure on markups—assuming common output elasticities ’y{ within industries and a com-
mon demand elasticity that pins down the markup, so that all firm-specific variation in rev-
enue shares is absorbed by exogenous distortion wedges (1 —|—T$).9 De Loecker and Warzynski
(2012) take the opposite approach. They impose structure on the wedges (by effectively as-
suming they are common across firms), so all variation in revenue shares is attributed to
markups. Both approaches achieve identification, but by assumption rather than by data. A
third path is to render either markups or wedges, or both, a function of observables. Choi et
al. (2024), for instance, use a demand model to quantify markups and then use the residual

variation in revenue shares to identify input-market wedges.
These wedges can arise for three distinct reasons.

The first source of wedges arises when observed input prices are not the allocative prices
that govern firms’ optimization. Even in a static setting, government-induced frictions—
tariffs, taxes, quotas, or size-based regulations—can drive a gap between the price a firm
pays and the shadow cost it responds to. A specific form of this wedge is input-market
power (Robinson, 1933). Concretely, suppose the firm is a monopsonist in the labor market.

It faces upward-sloping labor supply, so it must pay a higher wage to hire more. The firm

9Restuccia and Rogerson (2017) survey the misallocation literature; see also Haltiwanger et al. (2018)
on measurement. Peters (2020); Edmond et al. (2023); Baqgaee and Farhi (2020); Baqaee et al. (2024)
discuss heterogeneous markups as a source of misallocation. That said, markup heterogeneity need not
imply misallocation. Bornstein and Peter (2025) show that under nonlinear pricing, markup heterogeneity
across firms can be an equilibrium feature that does not reflect inefficiency.
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then acts as if the wage were W (1 + €,), where €, is the elasticity of the input price with
respect to quantity hired, or equivalently the inverse input-supply elasticity. The result is
a “markdown” of the observed wage relative to the marginal revenue product. Production-

based markup estimates will conflate that markdown wedge with markup ;.

Following Dobbelaere and Mairesse (2013), several papers use the divergence of markup
estimates across inputs to quantify input-market power, treating the gap between % and
Y as informative about the markdown rather than as a nuisance.'® Recent work on labor-
market monopsony makes the same point from the labor side. Wage posting, bargaining,
efficiency wages, and other wage-setting institutions determine how labor-supply elasticities

map into markdowns and, therefore, which FOC applies (Caldwell et al., 2026).

The second source of wedges arises when the cost-minimization problem is inherently dy-
namic, yet the researcher imposes a static framework. Capital is the classic case. Today’s
investment affects future production costs, so the relevant shadow price of capital incorpo-
rates adjustment costs and expectations, not just today’s rental rate. As Basu and Fernald
(2002) and Doraszelski and Jaumandreu (2019) show, the resulting shadow price can still
be written as I/Vft(l + Té), where Ti{t depends on stocks, flows, and expectations, so the

input-demand equation retains the form of eq. (9).!!

Adjustment costs are not limited to capital, nor are they inherently inefficient (Asker et
al., 2014). Cooper et al. (2024) find labor adjustment costs are important and rising in
U.S. manufacturing. Their estimates imply that treating labor as fully flexible generates
substantial and rising dispersion in production-based markups, even when true markups do
not vary. Even materials and other intermediate inputs may face dynamic frictions through
supply-chain relationships and delivery lags (Liu and Tsyvinski, 2024; Dhyne et al., 2022;
Acemoglu and Tahbaz-Salehi, 2025).

A related concern is that observed wages may not equal the allocative shadow cost even
if the firm minimizes costs and there are no adjustment costs or input-market frictions.
Most employment relationships are long-term. Hall (1980) argues that observed wages are
installment payments on a firm’s long-term obligation to its workers, not spot prices that

reflect the current marginal value of labor. If so, the observed wage may differ substantially

10Studies of labor-market power have a long history, including Manning (2003). In addition to Dobbelaere
and Mairesse (2013), recent examples include Berger et al. (2022); Yeh et al. (2022); Jarosch et al. (2024);
Kirov and Traina (2022); Rubens (2023).

HBasu et al. (2001, p. 245) and Doraszelski and Jaumandreu (2019) consider adjustment costs in the
context of the production approach to markups. Basu et al. (2001) argue that, if adjustment-cost wedges
fluctuate around their steady-state value, longer-run markup trends may be more reliable even if period-by-
period estimates are not. See also Berndt and Fuss (1986) and Hulten (1986).
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from the shadow cost that governs the firm’s current input decision (Basu and House, 2016;
Kudlyak, 2024). Similar issues can arise in firm-to-firm transactions governed by relational
contracts, where observed transfer prices may reflect long-term relationship value rather than
current marginal cost.'?> In both cases, using observed prices in place of allocative shadow

costs introduces a time-varying wedge TZ{; into eq. (9).

The third source of wedges arises when the firm’s optimization problem does not take the
form of cost minimization at all. Wage bargaining is the leading example, as in search-and-
matching models.!'® The outcome of the bargaining problem can be interpreted as a wedge
Ti{f in eq. (9) (Doraszelski and Jaumandreu, 2019).1* For example, even if true markups are
constant, changes in bargaining power or workers’ outside options can change the implied

Ti{; and the estimated markup ji;.

In short, frictionless input markets are the exception. When measured markups diverge
across inputs, as in Table la, the gap is itself a diagnostic. It suggests a wedge Té—friction
or misspecification—rather than confirming market power. But a diagnostic cannot, on its
own, separate the wedge from the markup. As eq. (9) makes clear, a single FOC cannot
identify two unknowns. Disentangling the markup from the wedge requires bringing in either
additional data that pins down the allocative input price, or additional structure that models

the source of the wedge.

4.2 How (flexibly) should we model production?

A second conceptual hypothesis for the discrepancies in the garden is that the assumed
production function is too restrictive. Then variation in revenue shares that truly reflects
technological differences across firms instead loads onto the only other object allowed by FOC
eq. (3), the markup. Unlike the wedge problem in Section 4.1, the FOC may be correctly

specified but the estimated output elasticity differs from the true one.

How restrictive functional forms load variation onto markups. The ratio of FOCs
across two inputs shows how a restrictive functional form can generate divergences in mea-

sured markups. Suppose labor and materials are both fully flexible and satisfy FOC eq. (3).

12Rosen (1985) surveys implicit contracts in labor markets. Macchiavello and Morjaria (2023) survey
relational contracts between firms.

13Rogerson et al. (2005) survey search-and-matching models of the labor market, which are also inherently
dynamic. They discuss different specifications of the bargaining process.

4Here is a simple bargaining model where the outcome yields eq. (9). The wage is set to split the match
surplus; the worker’s outside option is U; and the worker’s bargaining share is ;. The match surplus is

the difference between the worker’s marginal product and outside option: WZJt =U; + @g(P i OFy Ut) .

Hit X7,
Rearranging yields an expression of the form eq. (9), where (1 + Tft) = [% _ 1{;& . vgt" }
” g it
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Let ﬂft denote the markup estimated using input X’. For each firm i, the ratio of the

estimated FOCs for labor to materials exactly satisfies:

sk 4
S B T8 (10)
it

s A
With Cobb-Douglas estimated at the industry level, the right-hand side is constant across
firms, so ik /i3 must account for all variation in s%/sM. If firms truly share the same Cobb-
Douglas function—so the true output elasticities v and ¥ are identical across firms—then
any cross-firm variation in g% /aM reflects sampling, measurement, or estimation error. If

not, the restriction forces technology differences into the markup ratio.

We can permit more variation in output elasticities in two ways: finer aggregation or a more
flexible functional form. Each gives elasticities more room to explain revenue-share variation.
One response is to estimate elasticities at finer industry levels. Even with Cobb-Douglas,
allowing coefficients to vary across four-digit rather than two-digit industries lets elasticities
explain more revenue-share variation. More-aggregated estimates risk conflating markup
and technology heterogeneity. Table 1b is consistent with this mechanism. At two digits
markups rise, whereas at four digits they do not, suggesting that less granular elasticities
can force technological variation into measured markups (Foster et al., 2026). In practice,
however, going much finer is difficult. Estimating separate production functions at the firm

or product level is practically impossible with the sample sizes available in most datasets.

Doraszelski and Jaumandreu (2019), Raval (2023), and Demirer (2025) go further, arguing
for flexible functional forms that relax Hicks-neutrality. Labor-augmenting technical progress
can explain the markup discrepancies in both Tables 1a and 1b even when inputs are fully
flexible and do not face non-markup wedges Tft Suppose the production function is CES

with labor-augmenting technical progress, as in eq. (8). Then the ratio in eq. (10) becomes:

o—1
si Mi_ (o) (La) T e
M =\, ) T\ it) 7

Relative output elasticities (v%/73) now depend on relative factor intensities (L;/M;) and
labor-augmenting productivity A%L. Even if AL is common within a period (so AL = AL)| this
extra degree of freedom can explain variation in relative factor costs. Demirer (2025) finds
allowing for labor-augmenting productivity reduces estimated markups and flattens their

upward trend compared with Cobb-Douglas or Hicks-neutral CES/translog specifications.

A more flexible production function can give 4% /93 more scope to fit the data. Three
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questions guide this choice:
e At what level of aggregation should industries be grouped for estimation?
e How flexible should the production function be?
e Is productivity Hicks-neutral, or input-biased (such as labor-augmenting)?
Each works through the same mechanism, letting output elasticities vary more across firms.

Flexibility, however, is not a free lunch. Pushed too far, flexibility reverses the danger: the
output elasticity, not the markup, might absorb variation that it should not. Without suffi-
cient structure—especially in small samples—it may be hard to estimate anything sensible.
As we disaggregate, we may end up fitting a flexible functional form to increasingly idiosyn-
cratic noise. This surfaces in two ways. First, the elasticity estimates can be unreliable or
even nonsensical: large standard errors, sensitivity to outliers, or negative output elasticities
for a sizeable chunk of firms (which then imply negative estimated markups). Foster et al.
(2026) discuss some of these challenges. Second and more subtly, even when the estimates
remain in a sensible range, estimation error may let the elasticity soak up variation that

properly belongs to the markup.

Thus, too little and too much flexibility are both concerns. The first forces genuine technol-
ogy variation onto the markup, the second loads genuine markup variation onto the output
elasticity. The general point is about getting closer to the truth, not merely allocating varia-
tion between markups and output elasticities. Whichever side of the FOC eq. (3) carries the
parametric structure risks compressing the true variation in that parameter, a choice that
production-approach papers rarely make explicit. An industry-level Cobb-Douglas produc-
tion function, for instance, fixes the output elasticity across firms, so every bit of cross-firm

variation in revenue shares is forced onto the markup.

Nothing in this discussion of flexibility is special to the production function. Indeed, the
same kind of concern would arise if the parametric structure sat on the demand side. To see
this, read the FOC in reverse. Rather than a “production approach to markup estimation,”

7

one could pursue a “markup approach to production estimation.” By estimating markups
with the standard IO toolkit, a researcher could then back out the output elasticity as the

residual that reconciles the markup with the observed revenue share.

Those markup estimates, however, do not follow from the data alone. They require both a
demand system and an assumption about firm conduct, the behavioral premise that mirrors
cost minimization in the production approach. Conduct fixes the mapping from demand

elasticities to markups (for example, the same demand elasticities imply different markups
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under Bertrand-Nash than under Cournot). Meanwhile, the functional form of the demand
system governs how much markups are allowed to vary across firms—just as the production
function governs how much output elasticities can vary. At one extreme, iso-elastic CES
demand with monopolistic competition (Dixit and Stiglitz, 1977) delivers a single common
markup, forcing all cross-firm variation in revenue shares onto output elasticities—the exact
mirror of the industry-level Cobb-Douglas case. In that limit, one would rightly worry that
imposing a common markup compresses genuine variation in market power. On either side
of the FOC, the operative question is the same: which parameter does the assumed structure

restrict too severely?

In our view, the operative concern points toward too little flexibility, not too much, in
estimating output elasticities. The empirical patterns in Section 3.2 suggest this choice has
bite: small relaxations of parametric restrictions reallocate substantial variation away from
markups and toward elasticities. The R? diagnostic we develop in Section 7 provides a way

to systematize and examine this concern about flexibility.

Constant returns to scale: A useful restriction with real costs. Constant returns is
the most common functional form restriction in the production approach, and it has a clear
upside. Under constant returns and assuming we can observe allocative input prices, output
elasticities equal cost shares directly. No estimation is needed. Recall from Section 2.2 that
the degree of returns to scale I';; equals the ratio of average to marginal cost, and the markup

equals price over marginal cost. Together these imply:

%jt =Ty Cfu

where ¢/, = W3 X7, /Costy, is input j’s share of total costs. With constant returns (I';; = 1),
the output elasticity equals the cost share directly: 'yft = CZt This is appealing because cost
shares vary across firms and over time, giving output elasticities firm-specific variation that
a single industry-level Cobb-Douglas coefficient cannot provide. That additional variation
means cost shares can potentially absorb more of the cross-firm heterogeneity in revenue

shares, leaving less to be loaded onto the markup.

Unfortunately, the cost-share approach replaces one set of difficult-to-test assumptions with
others. Rather than assuming a restrictive—yet hard to estimate (Section 6)—production
function, the researcher assumes constant returns and that allocative input prices (inclusive
of adjustment or other shadow costs) are observed. Neither assumption is easy to check
(though Foster et al. (2026) argue that both fail empirically). Just as a misspecified produc-

tion function loads true technology variation onto markups, incorrect assumptions regarding
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RTS and allocative input prices also lead to mismeasurement.

If returns to scale in fact vary across firms or over time—because of fixed costs, scale
economies, or technology differences—that variation would be interpreted as markup varia-
tion. The same is true of deviations from perfect competition in input markets. If monopsony
power varies across firms and over time, using cost shares will load that variation into the
markup. Section 4.1 engaged with deviations from perfect competition in input markets.
Deviations from constant RTS are equally plausible. Ruzic and Ho (2023) find that a secu-
lar decline in returns to scale—from increasing toward constant—helps rationalize long-run
trends in factor shares and improves the measurement of misallocation, suggesting that
time-varying RTS are empirically relevant. Basu et al. (2006) and Ahmad et al. (2024) find
evidence consistent with approximately constant RTS at the three-digit industry level, but
there may still be heterogeneity across industries and firms. McAdam et al. (2024) find in
a panel of European firms that the typical four-digit industry has close to constant returns

but that there is considerable heterogeneity.

4.3 Gross output versus value added

The choice of whether to use a gross-output or value-added production function is concep-
tually distinct from functional-form flexibility. Value added can be a useful concept. For
example, GDP is the sum of value added over all producers. In addition, for macro modeling,

it can be helpful to abstract from the complicated flows of intermediate inputs across firms.

We address three questions: the conceptual meaning of a value-added markup; its relation-
ship to the gross-output markup; and whether one should estimate the value-added markup
directly rather than converting from gross-output estimates. Our practical takeaway is to

estimate markups using gross output wherever possible.

What is a value-added markup? Value-added and gross-output markups are related but
conceptually distinct. The nominal accounting definition is uncontroversial. Nominal value
added is a firm’s revenue net of its spending on intermediate inputs, P;Y;; — WM M. A

markup, however, is a ratio of a price to a marginal cost, and nominal value added is neither.

To speak of a value-added markup, we need to decompose nominal value added P} Vj; into
a real quantity V;; and a price Pl‘t/ The real value added index Vj; is meant to capture what
the firm itself adds using capital and labor. Conceptually, it is “shoes lacking leather, made
without power” (Domar, 1961, p. 716). No market trades this object directly. Hence, Vj; is

conceptually slippery as a production measure.
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Still, assuming we can separate price from quantity, the value-added markup is a familiar
object applied to a less familiar index. Suppose the production function is separable between

intermediate inputs and value added:
}/’it = F(‘/’it7 M’L ) = F(G(Klt7 Lit7 Ait)a Mlt) (11)

With separability, we can write the cost-minimization problem in two stages. In Stage 1,
the firm minimizes the cost of primary inputs WX L; + WX K;; subject to producing the
value-added composite Vi; = G(Kj, Ly, Air). In Stage 2, the firm minimizes total cost over
V and M to produce gross output. The Stage-1 Lagrange multiplier, A}, is the marginal

cost of producing a unit of real value added. Definitionally, the value-added markup is

\%4
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If labor is a flexible input in Stage 1, its FOC (following the logic of Section 2.1) is

1%
VL,

Z‘.{ — V”t, (12)
SLit

where 7/ ;, = G L/ Vi is labor’s output elasticity in G and sy ;, = Wy Ly / P} Vi, is labor’s
share in nominal value added. The value-added markup is, once again, the ratio of a flexible
factor’s output elasticity to its revenue share—just applied to the value-added sub-production

function rather than to gross output.

How does the value-added markup relate to the gross-output markup? Both arise
from the same firm-level cost-minimization problem, so they are related—but the relationship
runs through the structure of the outer production function F(V,M). Applying the same
FOC logic to the Stage-2 problem for the value-added composite gives

sV

fip = i - — (13)
Tt

The value-added share of revenue is s}, = 1 —s}. The elasticity of gross output with respect
to Vi is yvie = 0log F//0log V. Thus, the value-added markup is the gross-output markup,
rescaled. Price is rescaled by sV, the share of revenue accruing to value added; marginal cost

is rescaled by 7y, how strongly V enters production.'®

Under the standard assumption that F'(V, M) is homogeneous of degree one in V and M,

15The rescaling also involves Y;;/Vj; in the numerator and denominator, which cancel.
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the value-added markup p); is (weakly) larger than its gross-output counterpart p;.'® Two
observations sign the gap. First, in the numerator, the price rescaling PY /P;; depends on
the importance of materials in revenue, per the accounting identity: s}, = 1—s}. Second, in
the denominator, Euler’s theorem for homogeneous functions yields v+ = 1 — yas. Using
the FOC for materials, the denominator becomes yy;; = 1 — wizsM. Hence, the rescaling of
marginal cost is driven by the markup as well as the importance of materials in production.

Substituting both relationships into (13) yields:

M
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With imperfect competition, the value-added markup p); rises above the markup for gross
output p; because the value-added share of revenue in the numerator, 1 — s}, exceeds the
elasticity of gross output with respect to value added in the denominator, 1 — ju;sM.1" For
value added to have any meaning, the gross-output markup cannot be too high. As ju;s¥
goes to one, material inputs alone explain all of gross output, leaving nothing for value added

to contribute.

The gap between value-added and gross-output markups can be large. Suppose the revenue
share of intermediate inputs is 50 percent. Then a gross-output markup of 1.2 corresponds
to a value-added markup of 1.5. More strikingly, the sales-weighted average gross-output

markup of 1.6 in De Loecker et al. (2020) would correspond to a value-added markup of 4.

Note that one cannot simply plug such a large average gross-output markup (after convert-
ing to value added) into a representative-firm macro model. Basu (2019) points out that
the sales-weighted average of u = 1.6 and the implied ;" = 4 would require implausibly
large pure profits and implausibly negative productivity growth. For profits, most estimates
suggest average returns to scale, I, are close to constant. Then eq. (6) implies pure economic
profits of 38 percent of revenue; the value-added counterpart is double that, or 75 percent of
GDP. For productivity growth, these markups imply output elasticities so high that, based
on eq. (5), the contribution of input growth would exceed output growth. The value-added

conversion simply makes the implausibility more obvious. In Section 7.3, we note there is

16Sato (1976) shows that an index of real value added is not uniquely identified and interpretable
without both separability (as in equation (11)) and F(V, M) being homogeneous of degree one. Note
that the sub-function V' = G(K, L, A) need not be homogeneous of degree one. For example, suppose
Y = AKY 17" M™Y. We can write this as Y = V17" MY with Vv = AV g " /=) /04"

17Tn representative-firm models & la Rotemberg and Woodford (1995) the same markup comparison appears
as a result of aggregation and double marginalization. If every firm in the supply chain charges a markup,
value-added markups cumulate along the supply chain and are higher than their gross-output counterparts.
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no model-free mapping from micro markup estimates to a representative-firm number.!®

Should one estimate the value-added markup directly? Our answer is a firm no. Es-
timating value-added markups directly requires very strong (and counterfactual) functional
form assumptions. The discussion of the two questions above assumed there is a separable
production function as in (11). But separability alone is not enough. Estimation using value
added is misspecified unless the production function (11) is Leontief between value added

and materials.

Basu and Fernald (1995) show that, under imperfect competition, empirical measures of
value added are generally contaminated by the gross-output markup ;. To see the intuition,
consider a standard empirical measure of value added that takes the difference between gross
output and intermediate inputs, both valued at base-year prices. Normalizing the base-year
output price, P, to one, this double-deflated value added is V" = Y;; — W;\{ M;; (where
W% is the relative price of intermediates in the base year). The fundamental problem is
that we are subtracting intermediates valued with their price, not their marginal product.
But with imperfect competition, u; > 1, the value of the marginal product of an input
exceeds its price. So some of the productive contribution of intermediates remains in value

added—and the missing contribution itself depends on the gross-output markup.'®

The one escape hatch is if the production function (11) is not only separable, but is Leontief
between V;; and M;;. Since materials are used in fixed proportion to output, there is no
substitution margin. Measured real value added tracks the true value-added function V;; =
G (K, Ly, Ay) because the firm uses a fixed amount of materials per unit of output regardless

of prices or markups.

Suppose the gross-output production function is not separable, let alone Leontief. What
happens when we nevertheless estimate a “production function” for VPP as a function of

K;; and Ly and apply the direct value-added markup formula (12)7 The problem is that

18De Loecker et al. (2020) do not argue for taking their sales-weighted average as a representative-firm
number. They emphasize that the entire distribution is important. For example, they show that, given
Jensen’s inequality, the economy-wide profit rate is much lower, and more plausible, than the one obtained
by plugging the sales-weighted average markup and scale elasticity into eq. (6).

Tf input prices drift far from their base-year values, VPP can deviate substantially from the “true”
V = G(K, L, A), since firms respond to current prices, not base-year prices. VPP can even be negative while
nominal value added is positive and V' is well behaved. Chained value added in modern national accounts
avoids these problems by continuously updating the base year. Basu and Fernald (1995) compare alternative
empirical measures of value added. Basu and Fernald (1997, 2002) point out that the national accounts
identity says that aggregate real GDP equals the aggregate of measured real industry value added. With
base-year prices, ), VPP = GDP, the sum of real final expenditure, regardless of whether VPP equals the
“productive” V;; from (11). The reason is that the “extra” productive contribution of intermediates is part
of output that can be used in the economy.
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the production relationship is misspecified. The share of labor payments in nominal value
added, sgit, is still defined as a nominal accounting measure. But empirical estimates of the
output elasticity ’y{;ﬁ are not structural objects because real V;; does not, in fact, exist. Even
if p1e = p1; = 1, the non-structural estimated 7{;;, need not equal the nominal revenue share.
And if different firms face different intermediate input prices or choose different materials
intensities, we will find spurious variation in estimated markups—even when no firm has

market power. The problems are even worse, of course, if p; > 1.

The available evidence is not supportive of the Leontief escape hatch. Jorgenson et al. (1987)

and Ruzic (2026) reject separability, let alone the Leontief restrictions.

Our recommendation is therefore to estimate the markup using a gross-output specification
and, when a macro-compatible object is needed, to obtain the value-added markup by con-
verting via equation (14) rather than estimating it directly. (This requires care since, as
noted above, a sales-weighted average gross-output markup cannot be run naively through
the conversion and treated as a representative-firm parameter.) The data requirements are
the same, since calculating double-deflated value added requires data on real and nominal
gross output and intermediates. But direct value-added estimates make sense only with

Leontief production, which is at odds with the evidence.

4.4 Takeaways from the garden of forking paths

The divergences in the garden point to important conceptual choices in implementing the

production approach to markups. How should researchers respond?

First, the choice of input should be grounded in a persuasive argument that the central FOC
holds. This requires arguing from institutional detail rather than default conventions. That
might mean focusing on a subset of materials—such as energy inputs in industries where they
are purchased on competitive spot markets; or on categories of labor, such as temporary-
contract workers, whose wages are likely to reflect contemporaneous market conditions, as
in van Heuvelen et al. (2021). Making the case for flexibility means convincing the reader

that the observed input price is the allocative one to which the firm responds.

Second, when plausible frictions—such as input market power, adjustment costs, or regula-
tory constraints—threaten the link between the first-order condition and markups, we may
need to add more structure to the estimation by modeling the source of the wedge.?’ We

can use two inputs to estimate two frictions (such as markups and markdowns); or incorpo-

20For example, Choi et al. (2024) model product-market power, input-market power, and input-specific
distortions inside the same FOC, identifying two with model structure and inferring one as a residual.
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rate dynamic optimization to account for capital or labor adjustment costs; or use auxiliary
data to calibrate or instrument for these frictions.?! Such structure can help avoid loading

non-markup distortions into the measured markup.

Third, researchers can choose a production technology that is sufficiently flexible to explain
variation in revenue shares without forcing it into the markup residual. This might involve
estimating elasticities at a more granular industry level, moving beyond Cobb-Douglas to
CES or translog specifications, or allowing for input-augmenting technical change. These
choices expand the scope for output elasticities to capture genuine technological heterogene-
ity. The tradeoff is that too much flexibility strains estimation. Flexible specifications might

be overparameterized and fit noise in small samples.

Ultimately, the production approach’s central vulnerability—that the markup absorbs all
misspecification—also guides best practice. If estimates across inputs or specifications agree,
that convergence is consistent with small wedges and a well-specified production function. If
they disagree, as they often do in Tables 1a and 1b, that divergence is informative. It signals
frictions or misspecification that should be investigated, not papered over. A complementary
approach is to focus on longer-run averages and trends. If the frictions that contaminate
markup estimates are roughly stationary over time, longer-run trends may still be informative

about market power even when cross-sectional comparisons are unreliable.

The conceptual challenges discussed in this section compound if the underlying data are
inadequate. Even a correctly specified model can then produce misleading markup estimates,

as Section 5 documents.

5 The data constraint

The production approach needs a revenue share sgt and an output elasticity fyft Data short-
comings can affect both. Mismeasured or misclassified costs, such as the COGS/SG&A
boundary discussed below, distort the revenue share directly. At the same time, missing or
noisy inputs contaminate the production-function regressions used to estimate output elas-

ticities. These difficulties might contribute to why markup estimates diverge across studies.

This section focuses on the data issues; Section 6 takes up some of the econometric challenges
they create. Microdata have long been known to fall short of theoretical ideals (Grunfeld and

Griliches, 1960; Griliches and Ringstad, 1971). We first discuss how measurement error biases

21Examples of each approach include Dobbelaere and Mairesse (2013); Doraszelski and Jaumandreu (2019);
Kirov and Traina (2022); Cooper et al. (2024).
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markups. We then discuss specific data shortcomings, assess sample representativeness, and

offer research recommendations based on historical parallels.

5.1 Why measurement error matters

The production markup ji;; is the ratio of an estimated output elasticity &ft to a measured
revenue share s7,. This ratio structure means that measurement errors can distort markups

in ways that are predictable in form but difficult to sign.

First, micro datasets often miss economically important inputs. For example, proprietary
software, informal labor arrangements, and other intangibles often do not appear in pro-
duction surveys. Similarly, data on the skill composition of the labor force or the extent of
factor utilization are typically missing. To see why missing inputs matter, suppose we know
a priori that returns to scale are constant. As discussed in Section 2.2, the markup then
equals revenue divided by total cost: fi;; = PyY;/Costy. If we miss inputs, we understate
economic costs and overstate the markup. The bias approximately equals the input’s cost

share times the measurement error.??

If we instead estimate output elasticities econometrically, then missing inputs lead to omitted
variable bias. Suppose materials are the fully flexible input and we estimate a Cobb-Douglas
production function. If we omit a portion of, say, intangible capital, then all regression
coefficients are potentially biased. The bias in the estimated output elasticity of materials,
AM  depends on the partial correlation between omitted capital and materials, conditional
on included variables. Because this is a conditional correlation, the bias can be positive or
negative even if the unconditional correlation is positive—so the direction is not obvious

without knowing the data.

Of course, output itself may also be mismeasured. We defer output mismeasurement to

Section 6, where unobserved firm-level output prices enter as the second layer of endogeneity.

Second, even when inputs are not systematically missing, they may be measured with noise.
Classical measurement error in a single input attenuates its own estimated elasticity. How-
ever, the effect on the coefficients for other (accurately measured) inputs is, in general,
ambiguous, depending on conditional correlations in the data. In practice, multiple inputs
might be mismeasured. The net effect on output elasticities and markups depends on which
inputs carry more noise and how correlated different inputs are; it cannot generally be signed
without dataset-specific knowledge. For instance, suppose materials are mismeasured. On

its own, that would lead to attenuation bias in 4. But measurement error in labor could

22Measuring input j as Xi = (14 €) X7 yields markup fi = p/(1+€c?) with an error of about —ec’/ percent.
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partially or totally offset the attenuation. When noise obscures labor’s true variation, ordi-
nary least squares (OLS) assigns some of labor’s productive contribution to materials, which

tends to push 4 back up.

Capital is especially likely to be measured with error. Book values, uncertain depreciation
schedules, and missing intangibles all add error. Collard-Wexler and De Loecker (2016)
suggest that Monte Carlo simulations can help assess the quantitative (and directional)
bias that arises. In their simulations, when the variance of capital’s measurement error is
40 percent of capital’s conditional variance, capital’s coefficients can be biased downward
by a factor of two. But, for estimating the output elasticity for materials, the sizeable
mismeasurement of capital has a more muted effect than does measurement error in labor.
Capital adjusts slowly—firms cannot instantly buy or sell machines in response to current
conditions; labor responds more quickly. Capital and materials therefore move together less
than do labor and materials. Hence, mismeasured capital is less able to push 4" upward. In
their simulations, the net bias in estimated markups from capital mismeasurement is smaller

than one might fear. But it is still present and its direction depends on data specifics.

Nonetheless, the practical stakes are high. Even in this simplified setup, plausible levels
of measurement error can shift markup estimates by 5-15 percent (Collard-Wexler and De
Loecker, 2016). The direction depends on conditional correlations among inputs, not just on
which input is mismeasured. If the variance of the measurement error is relatively constant,
the bias mainly affects the level of markups. If the variance of the measurement error is

changing over time, it could also influence estimated trends.

5.2 Specific measurement shortcomings in standard datasets

The previous subsection focused on the general mechanics of how missing inputs or classical
measurement error could affect results. This subsection discusses five common shortcomings,

roughly ordered by their practical difficulty.

Revenue vs. quantity data. Most micro datasets record revenues, not physical quantities
and prices separately. In U.S. microdata, both Compustat and individual Census surveys
offer predominantly revenue-based output measures. Separating price from quantity is possi-
ble only for a narrow slice of the economy—Foster et al. (2008) study just 11 manufacturing
products, including coffee, ready-mixed concrete, and motor gasoline. Such data are gen-
erally unavailable at the scale needed to study broad sectors or the whole economy. That
said, survey data from some other countries—Colombia and India, for instance—sometimes

separate output price from quantity. And many customs datasets used in international trade
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also contain unit values.

When Foster et al. (2008) do separate prices from quantities, they uncover a striking puzzle:
physical productivity is negatively correlated with price, whereas revenue productivity is
positively correlated with price. The resolution reveals why revenue data creates problems
for markup estimation. A physically productive firm has lower costs and can profitably
charge less—hence the negative price correlation. But revenue productivity mixes efficiency
with pricing power. High revenue productivity could reflect genuine efficiency or else high

markups.??

Without observing prices and quantities separately, we risk conflating technical efficiency
and market power. Indeed, using Colombian data that distinguish price from quantity, in
tandem with external instruments, de Roux et al. (2024) find that the level of measured
markups is some 30 percent lower than implied in more standard approaches. We return to

this challenge in Section 6.

Missing inputs and input quality create hard-to-detect biases. Microdata rarely
contain direct information on input quality, which can bias production function estimates as
well as productivity comparisons across firms (Griliches, 1957; Fox and Smeets, 2011; Grieco
et al., 2016). Sometimes inputs are not recorded at all. Autor et al. (2020) study labor shares
in U.S. Census microdata for six large sectors; only in manufacturing can they construct labor
shares of value added, because most sectoral Census microdata lack systematic information
on intermediate inputs. Even in manufacturing, inputs of business services are often missing.
As discussed in the previous section, these omissions are likely to bias estimated output

elasticities, whether estimated via cost shares or regression.

The mapping from COGS and SG&A to a flexible input is unclear. Compustat
reports total employees and book value of capital, but lacks the detailed input classifica-
tions available in Census surveys—and intermediate inputs are missing entirely.?* Instead,
firms classify costs under Generally Accepted Accounting Principles (GAAP) as either Cost
of Goods Sold (COGS) or Selling, General, and Administrative (SG&A) expenses. COGS

ZResearch from other countries reinforces these concerns. Garcia-Marin and Voigtlinder (2019) show
that using revenue productivity rather than physical productivity underestimates export efficiency gains
in Chilean plant data. Lenzu et al. (2026) combine firm-level output prices and quantities with quasi-
experimental variation in credit supply in Belgium and show that revenue-based measures underestimate the
long-run elasticity of physical productivity to credit supply by half.

24Compustat’s staff expense variable covers only 5-20 percent of firm-years depending on sample con-
struction, with non-random selection toward larger firms and specific industries. For example, Brynjolfsson
and Hitt (2003) use Compustat for production function estimation but impute labor costs for firms with
missing staff expense data. The headcount variable is more widely available but is unaudited and misses
labor quality, non-employee labor, and outsourced services.
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covers costs directly attributed to production: direct materials, direct labor, and manufac-
turing overhead. SG&A covers everything else: executive salaries, marketing, R&D, and

administrative overhead.

De Loecker et al. (2020) argue that this accounting structure offers an advantage over Census
surveys. Census data, for instance, lump production and overhead workers together, suggest-
ing that an amalgam of all workers might not be a suitable choice for a flexible input in the
production approach to markups. By contrast, they argue that in choosing what expenses to
report as COGS, firms themselves report on the relevant flexible inputs used in production.
In this view, expenses under SG&A should explicitly be excluded from the flexible-variable
categorization in the production approach. In their sample, the COGS share of revenue has
declined in recent decades, while their estimated output elasticity for COGS does not change

much. They therefore interpret the declining COGS revenue share as a rising markup.

But the mapping between accounting categories and economic inputs is not clear-cut. For
instance, a salesperson’s commission sits in SG&A yet scales directly with sales. Because
it is a selling expense, it is definitionally excluded from COGS; yet it can reasonably be
viewed as part of the flexible input required to produce and sell a unit of output. Indeed,
the smooth within-firm evolution of SG&A (Traina, 2018) suggests these costs behave more
like routine expenses that vary with output than like the lumpy adjustments characteristic of
fixed costs. This distinction is quantitatively important. As discussed in the garden section
(3), whether SG&A enters the flexible-input measure shapes the estimated markup trend.
With COGS alone, markups rise substantially after 1980, but once SG&A is folded into the
flexible input, Traina (2018) finds that most of this increase disappears.

Capital is hard to measure. Micro datasets typically provide book values of capital—
historical purchase prices adjusted by accounting depreciation rules—rather than economic
values reflecting productive capacity. Book values can differ sharply from true productive
input. A fully depreciated but still-productive machine carries zero book value, whereas a

recently purchased but obsolete asset still carries a high book value (Becker et al., 2006).

The problem deepens with intangible assets. A growing literature documents the importance
of intangible capital—brand equity, organizational capital, and other assets beyond software
and R&D (Corrado et al., 2009)—but these typically appear in accounting data as operating

25

expenses rather than capitalized assets.” Karabarbounis and Neiman (2019) document

substantial growth in “factorless income”—the apparent profits remaining after subtracting

25Koh et al. (2020) argue that the measured decline in the U.S. labor share is entirely accounted for by
the capitalization of intellectual property products in the national accounts—illustrating how changes in
accounting treatment, rather than changes in market power, can shift measured factor shares.
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measured payments to labor and capital from GDP. This could reflect true market-power

rents, an understated user cost of capital, or returns to unmeasured intangible capital.

Under the cost-share approach, any understatement of true costs translates directly into
inflated markup estimates. Econometric corrections can help: Lizal and Galusédk (2012),
Collard-Wexler and De Loecker (2016), and Kim et al. (2016) show that correcting for capital
mismeasurement can nearly double estimated capital elasticities. The cost-share approach
also requires a measure of the user cost of capital. Because most capital is owned rather than
rented, the user cost must be imputed from depreciation rates, expected capital gains, risk
premia, and tax adjustments (Hall and Jorgenson, 1967; Jorgenson et al., 1987). User-cost

estimation is itself a major measurement challenge.

Measuring the cost of inflexible inputs requires prices that are rarely observed.
For inputs that cannot be freely adjusted—capital and, in the short run, certain types of
labor—the relevant cost concept is the shadow price, not the market price. When a firm
cannot instantly hire or fire workers, or cannot costlessly buy or sell capital, the shadow
value of those inputs reflects adjustment costs and expectations, not just today’s market
wage or rental rate. Using observed market prices to measure the cost of inflexible inputs
therefore introduces systematic error into both the revenue share and the estimated elastic-
ity simultaneously, that is, into the two ingredients whose ratio defines the markup. This
problem cuts across all of the measurement challenges above, since capital and quasi-fixed
labor are precisely the inputs most likely to be mismeasured in other dimensions as well (Fox
and Smeets, 2011; Ornaghi, 2006; Kim and Traina, 2025).

5.3 Are the firms we observe representative?

The production approach can be applied at scale. Still, even perfect measurement at the
firm level would not resolve the challenge that the firms we observe most comprehensively

might not be representative of the economy we want to understand.

The U.S. Census of Manufactures is the gold standard for production function estimation:
broad coverage, detailed input data, and separation of plants from firms (Dunne et al., 1988;
Baily et al., 1992; Foster et al., 2008; Syverson, 2011). But manufacturing accounted for only
11 percent of U.S. private-industry value added in 2024 (BEA, 2026). If markups in ser-
vices or finance differ systematically from those in manufacturing, studies based on Census
manufacturing data are learning about a shrinking slice of the economy. In addition, manu-
facturing firms have relatively clear distinctions between production workers and overhead,

and between raw materials and administrative expenses. But boundaries blur for service
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firms. A software engineer at a technology firm: production labor or overhead? As the
economy shifts toward services, accounting categories designed for manufacturing become
less meaningful. Census microdata remain best-in-class in coverage and sample size, and
researchers are exploiting within-sector detail—for example, Dhyne et al. (2022) use Belgian
firm-to-firm transaction data that capture input linkages and directly record intermediate

input prices—but the representativeness problem does not go away.

Given manufacturing’s declining share, researchers increasingly turn to Compustat, which
offers broad sectoral coverage and is easy to access. Compustat covers only public firms,
which account for roughly half of industry sales (Davis et al., 2007), and some 40 percent of
those sales come from foreign operations, complicating the interpretation of domestic market
power. Several papers (Al et al., 2009; Keil, 2017; Decker and Williams, 2023) find that com-
mon concentration measures at the 4-digit NAICS level based on Compustat are only weakly
correlated with those from the more comprehensive economic census. Sample construction
choices also matter: Benkard et al. (2025b) show that unreported sample restrictions in De
Loecker et al. (2020) drop 27 percent of available Compustat observations. With the full
sample, they find that markup increases are more muted and concentrated in Finance and

Insurance, where cost measurement is especially problematic.

Whatever the dataset, a basic diagnostic is to check whether micro aggregates match pub-
lished national accounts totals. Fernald and Piga (2023) find that factor shares in the NBER-
CES manufacturing industry data are wildly different from those in the national accounts.
In 1997, for example, labor’s share of value added in manufacturing was only 31 percent,
compared to 58 percent in the BEA-BLS KLEMS dataset for the same sector. The main
difference is that industry and aggregate accounts seek to fill in known data shortcomings by
combining and integrating multiple data sources—tax records, banking surveys, innovation
surveys—that researchers rarely access; micro data should not be expected to aggregate to
published totals without understanding that integration. Since revenue shares directly map
to markups, what looks like a high markup might also be missing labor compensation or

business services.

5.4 Historical lessons and recommendations

Measurement challenges are not new and are, of course, pervasive. How economists con-

fronted earlier episodes offers lessons for the production approach to markups.

Both macroeconomics and 10 were confronted with residuals that potentially conflated true

economic phenomena with measurement artifacts. In macro, the puzzle was aggregate total
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factor productivity (TFP). Solow (1957) found that what we now call the Solow residual
explained 88 percent of growth in U.S. output per hour from 1909 to 1949. Jorgenson and
Griliches (1967) hypothesized that this residual reflected measurement error in output and
inputs. They issued a “manifesto” for improving measurement (Berman and Jaffe, 2024,
p. 579).26 They applied index-number theory to construct better measures: Divisia output
indexes, hedonic price adjustments, theory-based indexes of labor composition, and user-cost
weights for heterogeneous capital. More than half a century of research in national accounting
circles has refined these measures at an industry and aggregate level. Such data are not just
the sum over firm-level datasets, because they combine multiple data sources, including
statistically representative surveys. This is a reason why the growth-rate implementation of

production-approach markups has mostly used industry data (Section 2.2).

IO faced a parallel crisis. The “structure-conduct-performance” (SCP) paradigm (Bain,
1951; Bresnahan, 1989; Schmalensee, 1989) tried to infer market power from correlations
between industry concentration and accounting profit rates. It failed on two fronts. The
first is causal ambiguity. Even with perfect data, the correlation between concentration and
profits is uninterpretable without additional economic structure (Demsetz, 1973). The sec-
ond is measurement. Accounting profitability at best proxies a price—average-cost wedge,
not the markup of price over marginal cost (Fisher and McGowan, 1983). The same capital
measurement problems that bedevil the production approach—risk premia, inflation, depre-
ciation rules, missing intangibles—made accounting profitability an unreliable proxy for true
economic returns. The IO response was to abandon broad cross-industry regressions in favor
of deep, structurally disciplined studies of specific industries, using institutional knowledge

to pin down the assumptions that aggregate approaches cannot test (Berry et al., 2019).

The production approach to markups tries to be broad like the macro tradition and agnostic
about the structure of demand like early IO-—and in doing so it has to face the measurement
challenges of both. Like the SCP paradigm, it is sometimes forced to use accounting costs
and book values. Like early aggregate productivity accounting, it must take a stand on input
measurement without the cross-checking that comes from integrating multiple data sources.
Substantive progress may require both better data—the Jorgenson-Griliches response—and

more disciplined structural assumptions—the IO response.

Four practical recommendations follow from this history. First, the Jorgenson-Griliches

agenda of improving underlying data remains as relevant as in 1967. Better measurement of

26Measurement progress since the 1960s owes much to Jorgenson and Griliches, whose contributions extend
well beyond their joint work. Griliches emphasized microdata, while Jorgenson focused on macrodata and
industry aggregates (Berman and Jaffe, 2024; Fernald, 2024). Despite measurement advances, TFP still
accounted for roughly half of labor-productivity growth from 1948-2024 (Fernald, 2014).
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inputs—especially capital services, intangible investment, firm-level prices, and the boundary
between production and overhead labor—would strengthen the foundation for production-
based markup estimation (Griliches and Mairesse, 1998; Lev, 2001). Second, because the
direction of bias from classical measurement error is ambiguous (Section 5.1), simulation can
help assess its importance in a given application. Collard-Wexler and De Loecker (2016), for
example, use dataset-specific simulations to bound measurement bias for estimated markups.
Third, a simple check is to compare micro aggregates with published national accounts
totals—large discrepancies are a warning sign that something is being missed, as Fernald
and Piga (2023) illustrate for manufacturing. Fourth, when measurement problems cannot
be resolved, be explicit about the resulting biases and whether they can plausibly explain
patterns attributed to market power. These issues also feed directly into the econometric

challenges of estimating output elasticities, which Section 6 takes up next.

6 Practice and pitfalls in estimating output elasticities

Production-based markups are only as reliable as the output elasticities that underpin them.
The measurement challenges documented in Section 5, particularly unobserved output prices,
feed directly into this estimation problem. The challenge is that most tools for estimating
those elasticities were built for a world of perfect competition, and using them to measure
departures from perfect competition creates problems that run deeper than is commonly
appreciated. The applied economist has a rich toolbox, but its tools force tradeoffs. Some
are restrictive for an IO economist who wants to remain agnostic about the structure of
production and competition. Others are overly general for a macroeconomist who wants to

calibrate a specific model.

We organize the discussion in four parts. First, we show how moving from physical output
to revenue data adds unobserved prices to the regression residual and creates a new source
of bias. Second, we show what goes wrong if those extra terms are ignored—including a
striking result that naive estimation with revenue data can be entirely uninformative about
markups. Third, we evaluate the main econometric tools the literature has developed, asking
how each fares once we take the richer residual seriously. Fourth, we offer an assessment of

what the toolkit can and cannot deliver.

6.1 The problem: Two layers of endogeneity

The fundamental challenge in estimating output elasticities is endogeneity: firms choose

their inputs in response to forces the econometrician cannot observe, so input choices are
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correlated with the regression residual. This problem has two layers in realistic settings.

Layer 1: Physical productivity. The cleanest statement of the problem starts from the
physical production function. For concreteness, take the Cobb-Douglas production function
eq. (7) with three inputs and a firm-specific productivity term a;:

Yir = Yk + 7"l + 7 i + ag, (15)
where all variables are in logs and 4* denotes the output elasticity of input X. The residual
here is just productivity a;;. The endogeneity problem is the classic “transmission bias”
(Marschak and Andrews, 1944). That is, a firm that draws a high productivity shock may
want to use more materials, so m;; and a; move together. OLS attributes that comovement
to technology and overstates .27 Because the production approach calculates markups as

fie =AM /M overstating 4M directly overstates measured markups. This first layer is well

understood, and the econometric toolkit was largely built to address it.

Layer 2: Unobserved output prices. Few datasets contain firm-level output quantities.
Suppose we observe firm revenue r;; = py + yi, where p; is the firm’s (log) output price.
Adding p;; to both sides of eq. (15) gives the revenue production function that is estimated:
rie =7 ki + Y i+ Y ma + ag + i (16)

——

residual

The residual now contains the firm’s output price as well as its productivity. Output prices
are correlated with input choices for a different reason than productivity. Holding productiv-
ity and demand fixed, firms with more market power charge higher prices, restrict output,
and therefore use fewer inputs. Hence, output prices and input quantities are negatively
correlated (Klette and Griliches, 1996), biasing output elasticities downward—opposite from
Layer 1. The two biases need not cancel. The revenue-based residual a;; + p;; conflates
technology and demand-side forces in a way that standard tools, designed for eq. (15), were
not built to handle. De Loecker et al. (2016) confirm this is not a theoretical curiosity. In
Indian manufacturing data where firm-level prices are observed, revenue-based coefficients

are biased estimates of output elasticities.

An additional complication arises when input quantities are also unobserved. Many datasets

record only input expenditures e = w¥ + my;, so firm-specific input prices w}! enter the

2THenceforth, we assume the bias is positive. It need not be. Suppose firms have market power, prices are
sticky, and all firms receive the same productivity improvement. Marginal cost falls but firms do not adjust
prices. The rising markup dampens input demand, leaving the overall OLS bias ambiguous.
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residual as wel We focus primarily on the first two layers—productivity and output

prices—which have received the most attention in practice.

A unifying look at input demand. To see why all three components cause endogene-
ity, it helps to look at what determines a firm’s materials choice. Under Cobb-Douglas
production, the first-order condition for materials gives their conditional demand:
1

miy = m (ait + pir +log ™ — wh —log pui + 7" ki + 7Llit) . (17)
Every component of the composite residual—productivity a;, output price p;, and input
price wi—drives materials demand. Hence, the flexibility that makes materials a good
candidate for the key FOC ensures that materials respond to forces the econometrician

commonly cannot observe.

6.2 What goes wrong if you ignore the extra layers

Ignoring the richer residual has serious consequences, even for sophisticated estimation strate-
gies. Even setting aside output and input prices, OLS applied to eq. (15) overstates 4
because productive firms use more materials. Since markups are computed as ji; = 4 /s}
the overstatement flows directly into estimated markups. This “transmission bias” is the
reason the literature moved away from OLS toward more sophisticated approaches. But
moving to revenue data in eq. (16) adds a second source of bias that can partially offset or

further amplify the first, in ways that are difficult to sign ex ante.

The most striking consequence of ignoring Layer 2 is a result due to DeSouza (2009) and
Bond et al. (2021). Under their maintained assumptions, if output elasticities are estimated
from revenue data without correcting for omitted prices, the production-approach markup
formula is tautologically uninformative. With revenue data, OLS recovers not the output
elasticity v but a revenue elasticity that already embeds the markup, 4revereeM = M/,

Plugging this into the markup formula then gives:

2 revenue, M
~revenue __ g

_ ™M/
s M/

an estimated markup of one, regardless of the markup’s true value.

L,

One response to missing firm-level prices is to deflate revenues by an industry price index

28The composite residual becomes €;; = a; + pir — YV wf‘t/[ . If firms with market power in input markets
face lower prices and purchase more, input expenditures are correlated with the input-price term—a source
of endogeneity discussed further in Section 4.1.

38



pr. Hashemi et al. (2022) show that this “fix” resolves the problem only under perfect
competition—where markups equal one and the exercise is unnecessary. To see the logic,
the price deviation in the residual becomes p;; = p;z — p;. Under perfect competition, the
deflation works because firms charge the same quality-adjusted price, so p;; is zero and, thus,
uncorrelated with inputs. But under imperfect competition—the case of interest—firm-level
prices reflect market power and are correlated with input choices. Klette and Griliches (1996)
show this biases elasticity estimates downward, and De Loecker et al. (2016) show the bias
is empirically meaningful. Revenue productivity may still be a useful object in some settings

(Foster et al., 2008), but it is not physical productivity.

Both layers of the residual create a fundamental circularity: estimating output elasticities
requires controlling for markups (because markups affect input demand through eq. (17)),
but markups are what we are trying to measure using those elasticities. This means that
any estimation strategy that ignores markups is potentially misspecified. The circularity also
explains why firm-level price data are so valuable. These data allow researchers to separate
the productivity and price components of the residual directly, breaking the loop. Such
data are increasingly available in manufacturing and trade datasets for homogeneous goods,

though services and differentiated products remain challenging.

6.3 The toolkit: What each approach does and does not handle

The literature has developed a range of tools to address endogeneity. Each was designed

primarily for Layer 1—a world where the residual is just productivity.

Fixed effects remove time-invariant components of the residual, but leave the time-varying
components that matter most for markup estimation. Introduced by Mundlak (1961) for
agricultural production, where productivity largely reflects time-invariant characteristics like
soil fertility, firm fixed effects absorb the permanent part of productivity, output prices, and
input prices. But time-varying productivity shocks, demand fluctuations, and input-price

variation all remain in the residual and remain correlated with input choices.

Unfortunately, fixed effects exacerbate measurement error in capital. Because within-firm
variation in capital is dominated by investment and depreciation, both of which are measured
with error, demeaning amplifies that noise. Griliches and Mairesse (1998) document that
panel methods applied to micro data have produced disappointing results, with unreason-
ably low capital coefficients and implausible returns to scale. Becker et al. (2006) show in an
in-depth study of capital measurement that different ways of measuring capital which ought

to be equivalent—such as perpetual inventory methods or inferring capital from capital-
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producing sectors—lead to meaningfully different production function estimates. Measure-
ment concerns were the primary reason fixed effects were largely abandoned for production

function estimation (De Loecker and Warzynski, 2012).

Instrumental variables are the most conceptually transparent solution, but the bar for
a valid instrument is very high in the richer-residual world. A valid instrument z; must
be correlated with the input choice but uncorrelated with all components of the composite
residual—productivity and output prices at minimum, and input prices when expenditures

proxy for quantities. The input demand eq. (17) clarifies what could work in principle.

Any variable that shifts input demand without entering the production function could be a
valid instrument. Firm-level input prices w} are a natural candidate when available (Do-
raszelski and Jaumandreu, 2013). That said, if we observe input expenditures, not input
quantities, the same price enters the residual mechanically. In that case, input-price varia-
tion cannot adequately instrument expenditure unless we can recover quantities or impose
additional structure. Firm-level input prices are also often correlated with local demand
conditions that affect output prices, undermining validity (Gandhi et al., 2020).%° Aggregate
demand instruments—government spending, oil price shocks, monetary policy—have been
used in industry time-series approaches (Section 2.2). But they often have little explanatory
power at a firm level, and they raise validity concerns of their own. Demand shocks that
move output prices or induce entry and exit change the prices and markups embedded in
the revenue-based residual. Despite these limitations, instrument relevance is testable, and

IV deserves serious consideration when strong instruments are available.

Control functions are the current workhorse of the production function literature, largely
because they avoid the need for external instruments. However, their key assumptions are
individually questionable under imperfect competition and must hold simultaneously. The
approach, developed by Olley and Pakes (1996) and extended by Levinsohn and Petrin
(2003), uses observable firm decisions as proxy variables for unobserved productivity. Olley
and Pakes (1996) originally used investment as the proxy. But investment is often lumpy
and infrequent. Hence, Levinsohn and Petrin (2003) proposed intermediate inputs, which
adjust more smoothly and respond more directly to productivity shocks. The idea is that

if a firm’s investment or materials choice responds monotonically to productivity, we can

29Even if a firm takes input prices as given, general equilibrium effects can create problems. If all firms
in a market receive a positive productivity shock, the market price for their output may fall, creating a
correlation between the shock a;; and the output price p;; that contaminates the residual.
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invert that relationship to express unobserved productivity as a function of observables:
aie = h™ (Ka, L may).

Under these assumptions, substituting this into the production function controls for the

endogenous productivity term. In practice, the approach proceeds in three steps:

1. First stage: Regress output on inputs and the control variable (typically with a flexible
polynomial) to estimate the combined production and control function ¢ (K, lir, ms).
The residual from this regression is interpreted as measurement error. The fitted value
Uir provides output cleansed of classical measurement error. Individual production
function parameters are not yet identified, since the materials coefficient cannot be

separated from the part of h~!(-) that depends on materials.

2. Second stage: For candidate parameters (v%, %, vM), back out productivity as a;(y) =
it — 7 kie — "l — yMmy.

3. Third stage: Assume productivity is Markovian. Hence, we can regress a; on a;; i
to decompose it into a predictable component and an innovation &;. Because &; is
orthogonal to inputs chosen before the innovation is realized, lagged inputs form the
basis of moment conditions for generalized method of moments (GMM): E[&;(7) -
zi1—1] = 0. With revenue data, however, this step recovers revenue productivity a;:+pjt,
not physical productivity. The Markov assumption must hold for the composite—a

strong requirement when demand and technology respond to different forces.

Ackerberg et al. (2015) refine the approach by assuming labor is chosen before materials
and moving to a value-added specification. Labor then keeps variation of its own, and the
materials elasticity is not needed.®® But identification remains fragile. When materials
optimally adjust to productivity, they become collinear with it, leaving no independent
variation to identify how inputs transform into output. A second flexible input fares no
better, since it is pinned down by the same state variables. An input escapes only if chosen
before productivity is fully known, as labor is here. Gandhi et al. (2020) show the same
point nonparametrically for gross-output settings, where the flexible input’s elasticity is
exactly the object markup inference requires. Their remedy backs the elasticity out of the
input’s revenue share—which presumes perfect competition. Flynn et al. (2019) show that,

with markups, lagged flexible instruments can generate spurious skewness in the estimated

30The value-added specification requires that materials enter in fixed proportions so the flexible primary
input’s elasticity is identified. But as Section 4.3 shows, the Leontief fixed-proportions assumption is rejected
by the data, leaving measured real value added contaminated by the markup.
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markup distribution; imposing constant returns to scale resolves this identification failure.

Three assumptions are load-bearing—and each is strained by imperfect competition. First,
what is known as the scalar unobservable assumption requires productivity to be the only
unobserved driver of the proxy variable. But in the richer-residual world, input choices
also respond to output prices and markups, so the proxy can reflect multiple unobservables
and not be invertible. For instance, Ackerberg et al. (2007) show that when there are two
latent state variables—productivity and an unobserved markup determinant—two indepen-
dent controls are needed, not one. Second, monotonicity requires the proxy to be strictly
increasing in productivity, but when more productive firms charge lower prices (the Klette-
Griliches logic), revenue productivity a;;+p;; may not be monotonic in a;;. The monotonicity
assumption can also fail for macroeconomic reasons: with sticky prices or inelastic short-run
demand, firms may initially reduce flexible input use following a positive productivity shock
and only expand later, as documented by Gali (1999) and Basu et al. (2006). Doraszelski
and Li (2025) show that invertibility is testable and propose modifications when it fails.
Third, the Markov assumption on productivity must now hold for the composite residual
a;; + pit, which requires productivity and prices to evolve in lockstep—implausible when

demand responds to different forces than technology.

Proposed remedies tend to reintroduce the structural assumptions the production approach
was designed to avoid. Doraszelski and Jaumandreu (2019) show imperfect competition
renders the control function uninvertible when input choices depend on unobserved markup
determinants. De Loecker et al. (2020) and De Ridder et al. (2026) tackle this issue by
adding market shares as a second control variable. But this requires additional assumptions
about the competitive environment. Kirov et al. (2026) instead tackle the issue by including
observable price controls directly in the first-order conditions (see also Kasahara and Sugita,
2020; Ackerberg and De Loecker, 2024). These strategies capture price variation that drives
input choices, but their validity rests on assumptions about firm behavior—precisely the

structural detail the production approach aims to avoid.

These problems concern whether control functions succeed on their own terms. But there
is a more basic gap. Even when the proxy assumptions hold, the method addresses Layer 1
(unobserved productivity) without resolving Layer 2 (unobserved output prices). In our
view, that gap, not the proxy conditions, is the binding constraint on using control functions
for markup estimation. The DeSouza-Bond et al. uninformativeness problem remains unless
firm-level prices or an explicit demand model supplement the control function. A practical
recommendation is to report whether the proxy addresses output-price variation, input-price

variation, or both, and conduct sensitivity checks—such as the invertibility test of Doraszelski
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and Li (2025)—to assess whether the scalar unobservable assumption is plausible in their

setting.

Dynamic panel methods replace the scalar unobservable assumption with time-series as-
sumptions, but those assumptions must now hold for the full composite residual. These
methods difference the production function to remove fixed effects and use lagged inputs
as instruments for current input changes, relying on the assumption that lagged inputs are
uncorrelated with productivity innovations (Arellano and Bond, 1991; Blundell and Bond,
1998, 2000). System GMM combines differenced and level equations to improve efficiency.
With revenue data, however, the error term becomes Aa;; + Ap;;, so the moment conditions
require both productivity and prices to follow similar time-series processes—a demanding and
implausible requirement when demand and technology respond to different forces. Bond and
Soderbom (2005) also note that lagged instruments only have identifying power in the pres-
ence of frictions such as adjustment costs, but adjustment costs violate the static first-order
condition that underpins the markup calculation itself. Brand (2019) proposes treating ob-
served output as a noisy signal of productivity, allowing unobservables to evolve nonlinearly,
and using lagged output as an instrument when productivity is persistent and measurement
error is not. A valuable validation would use datasets that separate output prices from
quantities to test whether physical and revenue productivity have time-series properties con-
sistent with the approach—those assumptions underpin the estimated elasticities and hence
any markups inferred from them. These refinements are promising, but the fundamental

tension between the time-series assumptions and the composite residual remains.

Structural demand modeling is the most direct solution to the omitted-price problem,
but it sacrifices the production approach’s model-free appeal. If we are willing to specify
a demand system, we can derive estimating equations in terms of observed revenue rather
than unobserved quantities. For example, Klette and Griliches (1996) propose combining

the production function with an isoelastic CES demand curve:

Yit = Y — n(pit - pt>,

where 7 is the (absolute value of the) price elasticity of demand and y;, p; are industry
(not firm) quantity and price indexes. Substituting into the production function yields a
revenue-based estimating equation whose coefficients are combinations of output elasticities

and the demand elasticity:

n—1

—1 1
Tit — Pt = UT (VKk‘it + vl + '7Mmit) + Eyt + Q-
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Output elasticities can then be separated from demand elasticities and estimated using con-
trol function methods. De Loecker (2011a) extends this approach to multiproduct firms;
Ruzic and Ho (2023) and Choi et al. (2024) extend it to models with heterogeneous markups
and oligopolistic competition. The benefit is transparency. Structural assumptions are
explicit rather than buried in econometric corrections, and a fuller model supports richer
counterfactual analysis. The cost is that markups become functions of the assumed demand
and conduct model—returning, in effect, to traditional IO methods. If demand and com-
petition must be specified to estimate output elasticities, the production approach’s central

appeal—avoiding those specifications—is substantially weakened.

These methods face the same fundamental tension. The FOC that delivers p = /s assumes
a flexibly adjusted input, but identifying v often relies on frictions or auxiliary structure
that contradicts that FOC.

6.4 Recommendations for applied work

Stated plainly, no existing method fully resolves the endogeneity problem. The production
approach’s promise of estimating markups without specifying market structure remains, in

its most ambitious form, unfulfilled. What follows is practical guidance given that reality.

First, firm-level price data are the cleanest fix when available. Collecting firm-specific output
and input prices can eliminate the output-price bias directly, without overburdening the
econometrics. Manufacturing and trade datasets increasingly contain quantity information
for homogeneous goods, allowing researchers to construct firm-level prices. De Ridder et al.
(2026) provide the most systematic assessment using French manufacturing data, comparing
revenue-based and quantity-based markup estimates. Their simulations—calibrated to a
specific oligopoly model (Cournot competition)—yield a 0.94 correlation between revenue-
based and true log markups. The French data are less reassuring. For the level of the markup
the revenue- and quantity-based estimates correlate only about 0.3, and even for dispersion
and changes over time the correlation, at roughly 0.6 to 0.8, falls short of the simulation
benchmark. Where the level is the object of interest, revenue data are a poor proxy, and
firm-level quantity data should be used whenever available. We return to the gap between
the simulation and the data below. Services and differentiated products remain challenging,
but where quantity data exist, they should be used. For differentiated products, combining
product-level data with production records—as in De Ridder et al. (2026)—can approximate

firm-level prices even when true quantities are unavailable.

Second, instrumental variables deserve serious consideration when strong instruments are

44



available. IV is the most assumption-transparent method in the toolkit. The exclusion re-
striction is explicit, and overidentifying restrictions can be tested when multiple instruments
are available—unlike the scalar unobservable and monotonicity assumptions underlying con-
trol functions. When firm-level input prices are available, they provide a natural candidate
instrument that can address both layers of endogeneity simultaneously. The main caveat
is input-market power. If firms with monopsony power in labor or materials markets face
systematically lower input prices, input prices are correlated with the input-price term in

the residual, violating the exclusion restriction.

Third, control functions remain the workhorse, but research needs to be explicit about what
they leave unresolved. The approach is useful because it requires fewer external instru-
ments than IV, and its practical implementation is well-developed (Olley and Pakes, 1996;
Levinsohn and Petrin, 2003; Ackerberg et al., 2015). But in settings with meaningful price
dispersion or market power, the scalar unobservable assumption may be violated, the mono-
tonicity assumption may be strained, and the Markov assumption on the composite residual
becomes difficult to defend. Researchers using control functions should report sensitivity to

these assumptions and, where possible, test invertibility following Doraszelski and Li (2025).

Fourth, the applied economist should be honest about the gap between the toolkit and the
problem. Each method makes different compromises between identification strength and
the assumptions underlying markup inference. Fixed effects and deflation work only under
restrictive conditions. IV needs variation uncorrelated with all three residual components—a
high bar. Control functions assume productivity is the sole unobservable, failing when de-
mand affects input choices. Dynamic panels rely on implausible joint time-series assumptions
for the composite residual. Structural demand modeling addresses these issues by imposing

explicit structure, but sacrifices the model-free appeal of the production approach.

The right choice depends on the research question, the institutional setting, and the data
available. What should not vary is the obligation to be transparent: state clearly which
sources of bias the chosen method addresses, and which it does not. Acknowledging these
limits honestly is the foundation; Section 7 builds on it with concrete recommendations for

making production-based markup estimation more reliable and more transparent.

7 A call to arms

We began this review with a unifying FOC linking revenue shares, output elasticities, and
markups. We end by using that same FOC to launch three methodological calls to arms.

First, a transparency decomposition to quantify how much revenue-share variation reflects
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markups versus output elasticities. Second, stress-testing estimates of market power. Third,

more work mapping firm-level markup heterogeneity into macroeconomic models.

7.1 Transparency: An R-squared for revenue shares

A recurring theme in this review is how much of the observed variation in revenue shares,
across firms and over time, reflects demand-side forces like markups? How much instead

reflects technological differences in output elasticities?

Implementing the production approach frequently imposes strong parametric restrictions on
output elasticities. As a result, variation in revenue shares gets disproportionately loaded

onto markups. To see why, take logs of FOC eq. (3) for input X7:
Ing, = In?/, — In iy.

This identity says that every firm-level deviation in a revenue share must be accounted for by

either the output elasticity or the markup. The variance decomposition makes this explicit:
Var(Ing/,) = Var(In??,) + Var(In i) — 2 Cov(In7’,, In fiy).

When estimation restricts how much output elasticities can vary—compressing Var(In ﬁft)
relative to Var(Iln %jt)—the estimated markup inherits the leftover variation by construction.
That is, parametric restrictions on output elasticities mechanically raise the dispersion of

estimated markups and their explanatory power for revenue shares.

Consider this stark Cobb-Douglas example. Suppose we estimate a single output elasticity
77 shared by all firms in a given period. Then Var(In?7,) = 0 and Cov(In77,In/i;) = 0 by

construction, and the identity collapses to:
Var(In§/,) = Var(In i;;).

All revenue-share variation is left to the estimated markup by construction. Regressing In §ft
on In 7i;; yields an R? of exactly one because the parametric restriction on output elasticities
forces all variation into the estimated markup. With Cobb-Douglas, it is impossible to
distinguish a world where markups truly explain all variation from one where a restrictive

functional form simply leaves no room for output elasticities to explain any.

Rather than requiring a full variance decomposition, the R? from a simple regression offers
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a practical transparency check. Consider:
Ins, = a+ BIn7, + ey,

with « the constant, 3 the slope coefficient and ¢;; the error term. The R? of this regression
measures the share of revenue-share variation linearly explained by the estimated output
elasticity. The remaining 1 — R? is the fraction of revenue-share variation not linearly ex-
plained by the estimated output elasticity. Researchers can also run this within dimensions
of interest (year, industry, or industry-year) by including fixed effects; the within R? then

quantifies relative explanatory power conditional on those controls.

Table 2 applies this diagnostic to Compustat data using replication code from existing papers.
The Output Elasticity columns report the R? from the above regression; the residual columns
report 1—R%. All rows use a Compustat sample based on the De Loecker et al. (2020) protocol
and use COGS as the expenditure proxy for the flexible input.

Table 2: An R? Diagnostic for Revenue-Share Variation

Full Sample Industry-Year

Output  Unexplained  Output  Unexplained
Elasticity Residual Elasticity Residual

De Loecker et al. (2020)
Replication File

Cobb-Douglas, Industry-Year 0.04 0.96 0.00 1.00
Cost Shares under Constant RTS

Cost Share, 2-digit NAICS 0.00 1.00 0.00 1.00

Cost Share, 4-digit NAICS 0.01 0.99 0.00 1.00

De Ridder et al. (2026)
Markup Toolbox: Translog, 2nd order

No interactions of inputs, Firm-Year 0.01 0.99 0.01 0.99
Interactions of inputs, Firm-Year 0.11 0.89 0.07 0.93

Note: All rows use the same Compustat sample (N = 190,388, 1980-2016), cleaned
following the De Loecker et al. (2020) protocol with support restrictions from De Ridder
et al. (2026). Cost of Goods Sold (COGS) is the expenditure proxy for the flexible input
throughout; SG&A is excluded to match the De Loecker et al. (2020) specification. We
report the R? from regressions of form In sl, = a+ BIn7), + i in the Output Elasticity
columns: the share of revenue-share variation linearly explained by the estimated output
elasticity. The residual columns report 1 — R?, the share of revenue-share variation not
linearly explained by estimated output elasticities and therefore mechanically left to the
markup component in the FOC. Cost-share rows proxy output elasticities with median
industry-year COGS cost shares under constant RTS.
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Start with the Cobb-Douglas benchmark from De Loecker et al. (2020), which estimates
sector-year output elasticities. Adding industry-year fixed effects to the regression sets the
output elasticity’s explanatory power to exactly zero by construction: a single elasticity
applies to every firm in a given industry-year. Hence, all within-industry variation in revenue
shares is left to markups. More striking is how little changes in the full sample. Time-varying

elasticities can absorb some revenue-share variation, but only 4 percent of it.

Cost-share proxies under constant RTS (Section 4.2) tell a starker story. Because median
industry-year cost shares assign one elasticity per industry-year cell, they have zero within-
cell variation by construction. In the full sample, cost shares explain at most 1 percent of

revenue-share variation; the rest is left to the markup term by construction.

A natural response is to estimate elasticities more flexibly. Translog production functions
allow estimated coefficients to interact with firm-specific inputs, producing output elasticities
that vary across firms and time. The bottom panel of Table 2 reports results using the De
Ridder et al. (2026) toolbox. Even here, the pattern persists. A translog without cross-input
interactions explains about 1 percent of revenue-share variation with output elasticities,
whether in the full sample or within industry-year. Adding cross-input interactions raises
the elasticity share to 11 percent in the full sample and 7 percent within industry-year—the

highest of any specification, but most revenue-share variation is still left to markups.

At face value, the translog results seem consistent with output elasticities not varying much.
But identifying translog terms requires enough similar firms to estimate how input ratios
affect output. Compustat has few firms in narrow industries, and its inputs—Cost of Goods
Sold and book capital-—are coarse. Whether the low R? for elasticities reflects limited

elasticity variation or a data limitation is hard to say with these data alone.

The table illustrates a broader point. The more that estimation restricts output elasticities,
the more revenue-share variation is mechanically left to markups. The R? does not reveal
how much elasticity variation is truly in the data. It reveals only how a given specification
divides revenue-share variation between elasticities and markups. That division is what
readers need. It shows how much of the estimated markup variation is built in by the

specification. Reporting it should be routine. The R? makes doing so essentially free.?!

31Because Ins = Iny — Inp is an identity, the full variance decomposition includes a covariance term.
For the specifications in Table 2, this term is small enough that the simple regression R? closely tracks the
variance shares. The advantage of the regression is that it requires no additional computation beyond what
applied researchers already produce.
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7.2 Stress-testing market power

A useful step is to stress-test production-based markup estimates. Three strategies are
especially promising: comparing production-based markups against demand-based markups
common in industrial organization; using simulated data—where the truth is known—to
evaluate estimator performance; and exploiting natural experiments to test whether markup

estimates detect real shifts in competitive conditions.

First, the industrial organization literature has long estimated markups from the demand
side. In principle, both demand and production approaches measure the same object—
the ratio of price to marginal cost—but with different data, assumptions, and methods.
Comparing them in settings where both can be applied offers a useful check. When both
approaches agree, we gain confidence that the empirical signal is robust. When they diverge,
the comparison can pinpoint what each method is and is not capturing. Such cross-method

comparisons remain rare.

The demand approach derives markups from a model of consumer behavior and firm pricing,
typically applied to a narrowly defined industry; the classic example is Berry et al. (1995)’s
study of the automobile market. Researchers specify a structural demand system, recover
price elasticities from observed market shares and prices, and use a conduct model (such
as Bertrand competition) to back out markups. The approach enables detailed welfare
and counterfactual analysis but requires rich market-level data, functional-form assumptions

about preferences and competition, and can be sensitive to instrument selection.

Do demand and production approaches to markups agree in practice? Evidence is mixed.
Grieco et al. (2024) study the U.S. auto industry from 1980 to 2018. Demand-based estimates
show markups declining substantially, while production-based estimates from De Loecker et
al. (2020) show markups that are lower but rising. The authors trace much of the divergence
to demand-side improvements in product quality and variety that production-based meth-
ods may not fully capture, suggestive of what each approach actually measures. A more
encouraging comparison comes from De Loecker and Scott (2025)’s study of the U.S. beer
industry, where both methods deliver broadly similar average markups, at least for certain
years and specifications. Dépper et al. (2025) estimate demand-based markups for more
than 100 consumer product categories. They find evidence of rising markups for 2006-2019

that are consistent with De Loecker et al. (2020) in direction though not in magnitude.

Second, a complementary strategy is to use simulated data—where the true markups are
known—to evaluate how well production-based estimators perform. De Ridder et al. (2026)

conduct Monte Carlo simulations of this kind. Their results suggest that, in their spe-
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cific model environment, using revenue rather than quantity data leads to biased markup
estimates; they argue that trends and dispersion are better recovered than levels. As we
discussed in Section 6, their French data partly bear this out, with much higher revenue-
versus-quantity correlations for trends and dispersion than for levels. Two points temper
the conclusion, however. Their estimates hold the production-function parameters fixed
over the sample, so the trend result presumes the time-stable technology that Section 4.2
questions. And because the production-approach markup is an estimated output elasticity
divided by the observed revenue share, some of the trend correlation may reflect the revenue
share itself; the natural benchmark, the correlation the revenue share alone delivers, is not
reported. Controlled simulation exercises nonetheless help map out the conditions under

which production-based estimation can be trusted.

Third, natural experiments that generate plausibly independent shifts in competitive con-
ditions can help test whether markup estimates detect the expected response. Miller and
Weinberg (2017) use the MillerCoors joint venture as such a test, showing that demand-based
markup estimates correctly pick up the resulting price increases. Carrillo et al. (2026) take
a different approach. They examine quasi-random variation in public procurement contracts
for construction services in Ecuador, which allows them to identify features of the marginal
product distribution, test for misallocation, and estimate welfare losses. Hughes and Ma-
jerovitz (2025) go further, using a randomized experiment providing grants to Sri Lankan
microenterprises to estimate the dispersion of marginal products—and hence the costs of
misallocation—without imposing any production function assumptions. These settings not
only help assess production-based methods but, when combined with structural estimation,
can generate insights about firm behavior under imperfect competition that reduced-form

approaches alone cannot deliver.

Although stress testing should be standard, not every paper needs to do everything. The
production approach already demands expertise across multiple fields, and research benefits
from specialization. Some researchers will push the frontier of measurement; others will
assess robustness through demand modeling, experimental design, or simulation. What we
advocate is a collective effort. Studies with rich data should compare multiple approaches;
papers introducing new methods should perform extensive and realistic simulations; empir-
ical applications should seek quasi-experimental checks. Through this division of labor, the
literature can better measure market power and develop a clearer understanding of when

and why methods diverge.
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7.3 Macro implications of micro markups

Despite the conceptual and empirical challenges, firm-level markup estimates can inform our
understanding of productivity, welfare, and resilience to shocks. We suggest three research
questions to guide the agenda for bridging micro measurement and macro modeling: What
economic forces underlie measured markups? How much firm-level heterogeneity is needed
to explain macroeconomic outcomes? And how do markups interact with the economy’s

network of input-output linkages?

First, knowing that markups exist is not enough. For policy analysis, we also need to
know why firms charge them. Markups can arise from different sources, including consumer-
demand elasticities, strategic pricing in oligopoly markets, or search frictions (Menzio, 2026).
The production approach, by design, recovers equilibrium markups without taking a stand
on what generates them. This makes it a powerful tool for documenting patterns in the data,
but leaves us without guidance on how to embed markups into structural models where their

cause determines the welfare and growth implications.

Concretely, future research can help quantify the prevalence of “good” versus “bad” markups.
Markups that reflect pure economic profits invite antitrust scrutiny, whereas those that
merely cover fixed costs or reward innovation do not, so conflating the two can misdirect
policy. Bad markups reflect entry barriers or inefficient conduct that depresses output and
growth (Bresnahan, 1989; Berry et al., 2019; Covarrubias et al., 2020). Good markups
are the return to innovation in Schumpeterian models (Klette and Kortum, 2004; Peters,
2020). Consistent with markups balancing incentive effects against efficiency costs, Aghion
et al. (2005) find an inverted-U relationship between competition and innovation (see Gilbert
2006 for a review). The difficulty is that production-markup estimates alone cannot tell
the two apart, since the first-order condition recovers the equilibrium markup whatever its
source. Distinguishing them requires auxiliary evidence, such as entry and exit, R&D, or the
productivity of high-markup firms. The same facts admit both readings. Autor et al. (2020)
find evidence consistent with superstar firms whose high markups reflect efficient scale and
innovation. Aghion et al. (2023) argue that comparable markups can stem from process
inefficiencies and R&D misallocation, that is, “bad” rents. Quantifying how prevalent each

type is would help researchers model the source of markups in macroeconomic models.??

Second, how much heterogeneity matters for macro outcomes is a central open question. In
other words, do we need the full distribution of firm-level markups to draw reliable macro

conclusions, or does a representative firm get us close enough? On the household side,

32 Aghion et al. (2023) and De Ridder (2024) argue that good rents can morph into bad rents as technological
winners erect barriers to entry, ultimately reducing innovation and growth.
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macroeconomists debate whether simplified two-agent New Keynesian (TANK) models cap-
ture enough heterogeneity, or whether richer heterogeneous-agent New Keynesian (HANK)
models are required despite being harder to work with (Gali et al., 2007; Kaplan et al., 2018).
An analogous question arises for firms. Tractability pushes modelers toward parsimony; but

ignoring important dimensions of heterogeneity risks distorting key counterfactuals.

Economic theory has not yet resolved how to aggregate firm-level markups into representative
macro models. Rotemberg and Woodford (1995, 1999) assume there is a representative firm
that uses value added and intermediates in fixed proportion, which gives rise to a value-
added aggregate production function with a value-added markup as in equation (14). But as
discussed in Section 4.3, this is not the world we live in. Basu and Fernald (1997) argue that
the right way to aggregate firm-level elasticities and markups depends on model specifics; for
example, they provide a stylized example where the answer depends on whether marginal
inputs are allocated proportionally to average inputs over the business cycle. In the context
of profit shares, Hasenzagl and Pérez (2026) find that the same firm-level markup distribution

can imply different macro outcomes depending on model specifics.??

Empirically, many aspects of heterogeneity shape outcomes. Revenue shares vary widely
across firms but not randomly. Large, expanding firms tend to have low labor shares (Autor
et al., 2020; Kehrig and Vincent, 2021). Van Reenen (2018) documents growing disper-
sion across firms in sales, productivity, and wages; he finds that increases in the measured
aggregate markup reflect reallocation toward larger, more productive firms. Workhorse mod-
els feature firm heterogeneity in productivity (Ericson and Pakes, 1995; Hopenhayn, 1992;
Melitz, 2003) and demand elasticities (Atkeson and Burstein, 2008). In contrast to the
empirical evidence, however, they typically assume common production technologies within
industries. How one aggregates also matters. Edmond et al. (2023) show sales-weighted
markups rise much more steeply than cost-weighted ones, with the gap reflecting allocative

inefficiency from dispersion.

Third, research can help evaluate how the economy’s network structure shapes the welfare
consequences of markups. A long tradition of network analysis—from Leontief (1941) to work
reviewed by Carvalho and Tahbaz-Salehi (2019) and Bagaee and Rubbo (2023)—shows that
intermediate input flows can amplify or attenuate distortions, so the location and propagation

of markups through the network are as important as their average level.

All else equal, upstream markups are more costly to the economy than downstream ones

because they distort production directly rather than mainly redistributing income. A markup

33Growth accounting has long emphasized that microeconomic heterogeneity in markups and returns to
scale affects macro aggregates (e.g., Basu and Fernald (1997, 2002)).
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on goods sold to final consumers may redistribute income from consumers to firms, with
limited real effects, especially if labor is supplied inelastically. In contrast, a markup on
intermediate inputs sold to other producers acts as a tax on production, distorting input
choices and depressing aggregate productivity. It violates the Diamond and Mirrlees (1971)
production-efficiency theorem and pushes the economy inside its production-possibilities
frontier (Basu, 1995; Basu and Fernald, 2002; Bigio and La’O, 2020; Bagaee and Farhi,
2020).

Whether markups actually generate misallocation also depends on how firms contract with
one another. When firms transact on spot markets, markups compound along supply chains
through “double marginalization,” magnifying inefficiencies at each stage. But when up-
stream and downstream firms bargain directly, as in many long-term supplier relationships,
markups need not generate misallocation even when they appear large. The macro conse-
quences of markup heterogeneity therefore cannot be read off from markup estimates alone;
they depend on network position and the institutional arrangements through which firms
trade. Future research should clarify when markups primarily redistribute income, when they

distort production, and how to incorporate these distinctions into tractable macro models.

7.4 Takeaways for practice
The preceding discussion points to three research priorities.

First, researchers should report the R? diagnostic for revenue-share variation. If estimated
output elasticities explain little of that variation, that could mean the specification leaves

too little room for technology.

Second, if possible, production-based markups should be tested against outside evidence—
demand-based estimates, simulations with known truth, or quasi-experimental shifts in com-
petitive conditions. Such comparisons remain rare. Expanding them is the most promising

near-term path to putting the literature on firmer empirical footing.

Third, aggregating from firm to macro requires understanding when markup heterogeneity
reflects misallocation versus efficient dispersion, and how network position shapes the welfare
consequences of markups. This is the least resolved of the three and the most important for

macroeconomists who want to use markup estimates in general-equilibrium models.

Progress on all three—transparency, testing, and aggregation—requires confronting the fun-
damental theme of this review: production-based markups are residuals, and residuals are

only as informative as the models, data, and econometrics that generate them.

53



8 Conclusion

The production approach to markups is both powerful and fragile. Its power comes from its
minimal structure. With cost minimization and a flexible input, all we need is the input’s
share in revenue and its output elasticity to back out a markup. Its fragility comes from the
same source. Because markups are residuals, whatever the model, data, or econometrics fail

to capture loads onto the markup. Researchers make a series of choices, each with risks.

For markup estimation, Hall (1986, 1988, 1990) marked a shift from “craft to mass pro-
duction” (Basu, 2024). Craft methods in 1O focus on careful studies of narrow industries
with rich structural detail. But macroeconomists and trade economists need scale. Hall’s

production approach and the large subsequent literature allow such scale.

But mass production requires more than a factory blueprint. For a factory to produce, the
firm needs local institutional knowledge to acquire needed permits, reliably source inputs,
and much besides. Likewise, production-based markups require defensible input choices,
data that match the theoretical objects, and credible elasticity estimates. This review has
identified challenges that need to be addressed.

Production-based markup estimates should not be taken at face value. The disagreements
across studies are not minor. Using the same data, different inputs imply opposite trends, dif-
ferent production functions yield markedly different levels, and different estimation methods
produce divergent results. These disagreements reflect non-markup frictions, specification
choices, data limitations, and econometric pitfalls—and they signal that the production ap-
proach’s assumptions are difficult to satisfy in practice. More systematic attention to the
checks developed in the preceding sections would sharpen the evidence on market power
and reduce the risk that conclusions rest on artifacts of specification or measurement. That

requires transparency, testing, robustness, and better data.

What should economists do with the evidence? Despite uncertainties, we can press ahead
on both theory and measurement. On the theory side, there is no reason to wait. Markups
shape resource allocation and welfare. They interact with misallocation, innovation, network
structure, and cyclical dynamics. They also shape how shocks propagate across firms and
industries. But we also need evidence on the structures that actually drive markups to guide
theory. The way forward is to use the approach honestly: report what the residual absorbs,
test estimates against outside evidence, and treat specification choices as consequential rather
than interchangeable. Measurement leaves us with residuals. The challenge is to combine
institutional knowledge and economic theory to discipline what those residuals mean for

growth, welfare, and policy.
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