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1 Introduction

Differences in aggregate productivity are a key factor in explaining cross-country
differences in income per capita. Following the seminal work of Hsieh and Klenow
(2009) and Restuccia and Rogerson (2008), a large literature has emphasized that the
misallocation of production inputs helps explain cross-country differences in aggregate
productivity. Empirically, the degree of misallocation is typically inferred from the dis-
persion in revenue productivity, or TFPR, among firms within the same industry.

This paper revisits the measurement of misallocation based on two observations.
First, to estimate misallocation, researchers must define a relevant group of firms, and
the industry is the standard unit for such analysis. Second, misallocation is inherently
a normative concept: removing distortions, the sources of misallocation, would raise
aggregate productivity and welfare. According to the NAICS 2022 Manual (NAICS
(2022)), industries are defined by the similarity of production processes:

Economic units that have similar production processes are classified in the same in-
dustry, and the lines drawn between industries demarcate, to the extent practicable,
differences in production processes.

Given that misallocation is a normative concept, is it necessarily appropriate to estimate
it across producers within the same industry, who merely share similar production pro-
cesses? Perhaps not, since firms in a single industry may sell their products to different
consumers, which makes the notion of misallocation somewhat ambiguous.

In this paper, I argue that markets, defined as groups of firms that sell to the same
consumers, rather than industries, should be the relevant unit for measuring misallo-
cation. I develop a simple heterogeneous-firm model with multiple markets within an
industry and show that dispersion in TFPR indicates misallocation within markets, but
dispersion in TFPR across markets, even among firms in the same industry, does not
necessarily do so. The intuition is that reallocating resources toward more distorted
firms within a market constitutes a Pareto improvement, whereas reallocating resources
toward firms in markets with higher TFPR merely moves the economy along the Pareto
frontier. Reallocating resources across markets simply makes one group of consumers
worse off to make another better off, and therefore is not a Pareto improvement.

Based on the theoretical results, I quantify how much the dispersion in TFPR and the
degree of misallocation differ between industry- and market-based measures. Defining
a market is typically challenging, as data linking producers and consumers are scarce.
To address this, I study the ready-mixed concrete industry in Korea, which provides an
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ideal case study: due to the product’s characteristics, the industry exhibits geographic
market segmentation (Syverson (2004)), making market boundaries relatively clear.

I first show that TFPR dispersion within an industry can be decomposed into within-
market and across-market components. The across-market component accounts for
42% of the total industry-wide dispersion, indicating that substantial TFPR dispersion
exists across markets. However, TFPR dispersion across markets could arise mechani-
cally because each market contains a finite number of firms. Thus, the average TFPR in
each market may differ across markets simply due to sampling noise, even if the popu-
lation average TFPR is identical across all markets. To address this concern, I randomly
permute the market identifiers of firms to test whether the large across-market com-
ponent is mechanically driven by finite-sample variation. Although sampling noise in-
deed accounts for part of the difference—the across-market component of TFPR disper-
sion in the permuted sample accounts for 24% of the total industry-based measure—an
additional 18% (= 42% – 24%) is explained by genuine wedges across markets. These
findings remain robust to alternative sample selections and market definitions.

Next, I quantify the difference in the degree of misallocation between the industry-
and market-based approaches. In the industry-based approach, the degree of misal-
location is 63%, meaning that the dispersion in TFPR reduces aggregate productivity
to 63% of its efficient level. In contrast, in the market-based approach, the degree of
misallocation is substantially lower, ranging from 27% to 36%, depending on how the
market-based measure is constructed. As before, I also compute the market-based mis-
allocation measure using the permuted sample, which ranges from 42% to 44%. Al-
though finite-sample noise indeed contributes to lowering the estimated degree of mis-
allocation, market-specific wedges play a quantitatively significant role as well. These
results are robust to alternative samples, market definitions, and assumptions about
the elasticity of substitution in demand. Overall, the industry-based approach appears
to substantially overestimate the degree of misallocation.

This paper contributes to two strands of the literature. The first is the macro lit-
erature on markups and misallocation. Peters (2020) and Edmond et al. (2023) show
that dispersion in markups is a source of misallocation and, hence, lowers aggregate
productivity. Dhingra and Morrow (2019) study optimal product variety and resource
allocation across heterogeneous firms, emphasizing the role of demand elasticities in
welfare analysis and the effects of market integration. Baqaee and Farhi (2020) show
that depending on the input–output structure, an economy can remain efficient even in
the presence of markup dispersion. Bornstein and Peter (2025) show that when firms
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can extract consumer surplus through nonlinear pricing, dispersion in markups is not
necessarily a sign of misallocation, even when consumers share identical preferences.
Gupta (2024) emphasizes demand-based markup dispersion: heterogeneity in con-
sumer demand elasticities and assortative matching generate size-dependent markups,
and he shows that incomplete pass-through from variable markups within firms re-
duces the productivity gains from reallocation policies. Relative to this literature, I
show that dispersion in TFPR, which includes markups as a component, can also arise
from market segmentation and is not necessarily a sign of misallocation. This mech-
anism is distinct from those emphasized in prior work, such as nonlinear pricing or
incomplete pass-through. I further quantify how interpreting TFPR dispersion across
markets as distortions leads to substantial overestimation of misallocation. To over-
come the lack of data linking consumers and firms, I study the ready-mixed concrete
industry, where producers and consumers are linked geographically, allowing markets
to be defined more precisely.

Second, this paper also contributes to the broader misallocation literature. Disper-
sion in TFPR is the standard measure used to quantify the degree of misallocation
(Hsieh and Klenow (2009)). However, several studies highlight why dispersion in TFPR
may not necessarily indicate misallocation. These explanations include overhead costs
(Bartelsman et al. (2013)), adjustment costs (Asker et al. (2014)), measurement error (Bils
et al. (2021)), and model misspecification (Haltiwanger et al. (2018)). This paper adds
to this literature by showing that market segmentation provides another reason why
dispersion in TFPR within an industry may not reflect the degree of misallocation.

The rest of the paper proceeds as follows. Section 2 develops a simple model of
heterogeneous firms operating in different markets to show why dispersion in revenue
productivity may arise even in the absence of misallocation. Section 3 then quantifies
how much revenue productivity dispersion and misallocation decline when using a
market-based measure rather than an industry-based one, drawing on data from the
ready-mixed concrete industry in Korea. Section 4 concludes.

2 Model

I introduce a simple model to illustrate that dispersion in revenue productivity
within an industry is not necessarily a sign of misallocation when it arises across mar-
kets. The model extends Hsieh and Klenow (2009) by allowing for multiple markets
within a single industry. The economy consists of one industry comprising M mar-
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kets, indexed by m ∈ {1, · · · ,M}. In each market m, there is a representative consumer
and a final-good producer, as well as many intermediate-good producers that supply
intermediate goods to the final-good producer. I denote the set of intermediate-good
producers in market m by Ωm, and the market in which a firm i operates by M(i). Thus,
for all firms in Ωm, M(i) = m. The total number of firms in the economy is denoted by
N . Production inputs, such as capital and labor, can move freely across markets, and
intermediate-good producers operate under monopolistic competition.

2.1 Consumer and final-good producer in each market

I first describe the problem of the final-good producer, followed by that of the con-
sumer. A representative final-good producer in market m has a standard constant
elasticity of substitution (CES) production aggregator with a market-specific elastic-
ity of substitution parameter σm, capturing potentially different degrees of competition
across markets:

Ym =

(∑
i∈Ωm

y
σm−1
σm

i

) σm
σm−1

, (1)

where yi denotes the output of firm i. Solving the standard profit-maximization prob-
lem of the representative final-good producer yields the following demand function for
each intermediate-good producer i:

pi
Pm

=

(
yi
Ym

)− 1
σm

, (2)

where pi is the price charged by firm i, and Pm =
(∑

i∈Ωm
p1−σm
i

) 1
1−σm is the market-level

price index.
A representative consumer in market m consumes final goods using income gen-

erated from the endowments of capital and labor, which are supplied to intermediate-
good producers, as well as dividends from ownership of those producers. I do not
describe the endowments and ownership structure in detail, since under the market-
clearing condition each household in market m consumes exactly Ym in equilibrium.
The detailed assumptions about endowments and ownership affect only the price Pm.
For this reason, a social planner would focus solely on Ym, as it represents the exact
amount consumed by each household. You can think of this representative consumer
as a local construction sector in the context of the ready-mixed concrete industry, which
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I use as a case study in the empirical analysis, though the interpretation is more general.

2.2 Intermediate-good produers

Intermediate-good producers operate a constant-returns-to-scale (CRS) production
technology that uses capital and labor as inputs. Firm i produces output yi according
to

yi = zik
α
i l

1−α
i , (3)

where zi denotes the productivity of firm i, and ki and li denote its capital and labor
inputs, respectively.

I assume that intermediate-good producers are subject to output distortions τ̃i. This
reduced-form term captures potential sources of misallocation arising from various mi-
croeconomic frictions or policy distortions—such as financial or informational frictions,
or distortionary taxes. I further assume that τ̃i consists of both market-specific and id-
iosyncratic components, such that

(1− τ̃i) = (1− τM(i))× (1− τi), (4)

where τM(i) represents a market-wide distortion common to all firms operating in the
same market (but potentially varying across markets), while τi captures purely idiosyn-
cratic distortions unrelated to market characteristics, i.e., τi is orthogonal to τM(i). For
example, differences in credit tightness or corporate income tax rates across markets
would give rise to τM(i).

Each intermediate-good producer maximizes profit subject to the demand system
in Eq. (2) and the production function in Eq. (3):

max
ki,li

; πi = (1− τ̃i)piyi − rki − wli

s.t. (2) and (3),

where r is the price of capital and w is the wage.
Profit maximization yields the standard first-order condition implying that a firm’s
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output price is a fixed markup over its marginal cost:

pi =
σM(i)

σM(i) − 1
× 1

1− τ̃i
× 1

zi

( r
α

)α( w

1− α

)1−α

. (5)

Revenue productivity, TFPR, is defined as revenue divided by the composite of cap-
ital and labor inputs, i.e., TFPRi = piyi/k

α
i l

1−α
i = pizi. Combining this definition with

Eqs. (4) and (5) gives

TFPRi =
σM(i)

σM(i) − 1
× 1

1− τ̃i
×
( r
α

)α( w

1− α

)1−α

=
σM(i)

σM(i) − 1
× 1

1− τM(i)︸ ︷︷ ︸
market-wide

× 1

1− τi︸ ︷︷ ︸
idiosyncratic

×
( r
α

)α( w

1− α

)1−α

. (6)

Intermediate-good producers in this industry can therefore exhibit different levels
of TFPR for two reasons. First, even though all firms operate within the same industry,
they sell their products in different markets and thus face different market-wide distor-
tions—either through heterogeneous markups σM(i)

σM(i)−1
or through market-specific dis-

tortions τM(i). Second, they may differ in their idiosyncratic distortions τi. According to
Hsieh and Klenow (2009), any within-industry dispersion in TFPR indicates misalloca-
tion. In the next section, I argue that when TFPR dispersion originates from differences
in distortions across markets, it may not necessarily reflect misallocation.

2.3 Planner’s problem

In this economy, I assume that a social planner seeks to attain a Pareto-efficient al-
location rather than to maximize aggregate output. This distinction is important when
differentiating between industries and markets, as opposed to the traditional industry-
based approach that focuses on maximizing industry-level output.

Consider a thought experiment in which an industry consists of two markets, A and
B. Suppose firms in market A face less competition and therefore have higher markups,
and thus higher TFPR, than firms in market B. Under the conventional industry-based
approach, a social planner would reallocate production inputs toward firms in market
A to maximize total industry output. As a result, the representative final-good producer
in market A becomes better off, while the one in market B becomes worse off. However,
due to market segmentation, the increased production in market A cannot be delivered
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to market B—a feature that is particularly evident in the ready-mixed concrete industry,
which I will examine in the empirical section. Such a reallocation therefore raises total
industry output but does not constitute a Pareto improvement.

I now formalize this argument and show that a social planner seeks to reduce
revenue-productivity dispersion within markets, but not necessarily across markets.

Following the standard Pareto problem formulation (see, e.g., Mas-Colell et al.
(1995)), the planner maximizes the aggregate output of a focal market (here, without
loss of generality, market 1), subject to the constraint that aggregate outputs in all other
markets do not fall below their reference levels and resource constraints.1

max
{ki,li}

Y1 =

(∑
i∈Ω1

yi
σ1−1
σ1

) σ1
σ1−1

s.t.

Ym =

(∑
i∈Ωm

yi
σm−1
σm

) σm
σm−1

≥ Ȳm, m ∈ {2, · · · ,M} (7)

yi = zik
α
i l

1−α
i

N∑
i=1

ki = K &
N∑
i=1

li = L, (8)

where Ȳm the reference levels for market m and K and L are the aggregate capital and
labor, which are fixed.

I denote the Lagrange multipliers associated with the constraints (7) as µm for each
market m ∈ {2, · · · ,M}, and λK and λL for the capital and labor market-clearing con-
ditions (8), respectively. Substituting the output expression yi = zik

α
i l

1−α
i , taking the

first-order conditions, and combining them with the demand equation (2) yield

α
piyi
ki

= λK
Pm

µm

(1− α)
piyi
li

= λL
Pm

µm

, m ∈ {1, · · · ,M}, (9)

where µ1 = 1 and µm =
λα
Kλ1−α

L

αα(1−α)1−α × 1

(
∑

i∈Ωm
zσm−1
i )

1
σm−1

, m ∈ {2, · · · ,M}. Here, µm

is determined by the supply-side characteristics of market m, such as the number of
firms and the productivity distribution of zi. In contrast, the market-level price in-
dex Pm depends on demand conditions as well, which are shaped by the endowments

1This is equivalent to the planner’s problem for the consumer, since the market-clearing condition
implies that consumption is exactly equal to Ym for the representative consumer in market m.
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of capital and labor and by the ownership structure of firms held by the representa-
tive consumer in each market. Because demand conditions can vary independently of
supply-side factors, Pm/µm may not be identical across markets. Hence, the marginal
revenue products of capital and labor, MRPKi = αpiyi/ki and MRPLi = (1 − α)piyi/li,
respectively, should be equalized within a market but not necessarily across markets.
Given that TFPRi = piyi/(k

α
i l

1−α
i ) ∝ MRPKα

i × MRPL1−α
i , the TFPRi should likewise be

equalized across firms within a market, but not necessarily across markets.

Proposition 1 In an economy with an industry that consists of multiple markets, a social plan-
ner seeks to equalize the marginal revenue products of capital and labor within each market, but
not necessarily across markets.

Figure 1: Within and across market misallocation

Y1

Y2

Pareto frontier

(a) Within market misallocation

Y1

Y2

Pareto frontier

(b) Between market reallocation

Figure 1 illustrates how removing the dispersion in revenue productivity affects the
economy in a two-market example. First, when a planner eliminates the dispersion
in revenue productivity within markets, the economy moves closer to the Pareto fron-
tier. However, when there is no dispersion in revenue productivity within markets but
potentially across markets, a planner’s attempt to reallocate resources from the mar-
ket with a lower revenue product (market 2) to the one with a higher revenue product
(market 1) merely shifts the allocation along the Pareto frontier. Hence, it does not
generate a Pareto improvement, even though it reduces the dispersion in revenue pro-
ductivity across markets. Thus, it is important to understand and quantify how much
of the industry-wide dispersion in TFPR originates from within- and across-market dif-
ferences, and hence how much we may overestimate the degree of misallocation.
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3 Empirical analysis

Motivated by the theoretical result, this section quantifies how much of the disper-
sion in revenue productivity can be attributed to the pure within-market component,
and hence how much misallocation is overestimated. Defining a market is generally
challenging due to the lack of data on firm–customer relationships. To address this, I
focus on the ready-mixed concrete industry, where markets can be more clearly defined
geographically, as concrete cannot be transported over long distances due to technolog-
ical constraints (Syverson (2004)).

3.1 Data and the definition of market

The main source of data is the publicly available version of Korean Mining and Man-
ufacturing Survey (KMMS) from 2011 to 2019.2 This is the Korean counterpart of the
Annual Survey of Manufactures in the U.S. The data cover all mining and manufactur-
ing establishments with at least ten employees.3 The empirical analysis centers on the
ready-mixed concrete industry, which is a leading example of an industry where mar-
kets are segmented locally. Since producers must deliver ready-mixed concrete before
it hardens, markets are necessarily localized (Syverson (2008)).

I estimate a model-consistent TFPR for each establishment i in year t as follows:

log(TFPRit) = log(pityit)− αt log(kit)− (1− αt) log(lit),

where pityit, kit, and lit denote deflated value-added, capital, and the number of work-
ers, respectively. αt is the average cost share of capital, defined as αt = 1

Nt

∑Nt

i=1 αit,
where the establishment-level cost share is αit =

rtkit
rtkit+witlit

, and Nt is the total number
of establishments in year t. Here, rt is the cost of capital, estimated as the ratio of gross
surplus to capital stock in the non-metal manufacturing industry, using data from the
Bank of Korea, and witlit is the total wage bill observed in the KMMS.

Note that the interpretation of TFPR depends on how the coefficients on capital and
labor are measured. Blackwood et al. (2021) show that when the elasticities of revenue
with respect to capital and labor are used, the resulting revenue productivity index cap-
tures an establishment’s demand or technology fundamentals. In contrast, when cost

2The year 2015 is excluded because information on capital is unavailable. In addition, the publicly
available version does not contain a longitudinal establishment identifier, so this is not a panel data.
However, this is not an issue as I estimate the dispersion of TFPR and misallocation for each year.

3I use the terms establishment and plant interchangeably.
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shares are used, the measure reflects distortions. Therefore, my TFPR measure captures
the degree of distortions rather than the establishment’s fundamental productivity.

One of the key tasks is defining markets. According to anecdotal evidence cited in
Syverson (2004), “stated maximum ideal delivery distances (for concrete) were between
30- and 45-minutes drive from the plant.” Under this principle, I define markets based
on the Si/Gun/Gu administrative classification in Korea. Collard-Wexler (2013) defines
a U.S. county as the relevant market in the ready-mixed concrete industry, and a Si,
Gun, or Gu is the Korean counterpart of a county in the U.S.4 However, in large cities
such as Seoul or Busan, there are multiple Gus, so the county-based market definition
can be too granular. As a robustness check, I alternatively define a market such that
large Special Cities, such as Seoul and Busan, are treated as a single market even if they
contain multiple Gus.

Table 1 reports the summary statistics. I collapse and tabulate the original data into
three levels of aggregation. The first panel shows the number of firms and markets for
each year. The second panel presents the number of firms and the average log(TFPR)
in each market and year. Finally, the third panel presents the original establishment-
year data, including real value added, capital, the number of workers, and log(TFPR).
On average, there are 770 establishments operating in 180 markets, corresponding to
roughly four establishments per market. For reference, Collard-Wexler (2013) report an
average of 1.86 plants per county in the U.S., indicating that Korean counties include
more plants. To minimize potential measurement error when estimating TFPR disper-
sion in markets with few establishments, I will also exclude all markets with fewer than
five firms as a robustness check and verify that the results hold under this restriction.

A notable fact concerns the standard deviation of log(TFPR) in Panels 2 and 3. In
Panel 3, the plant-year level, the standard deviation of log(TFPR) is 0.67, while in Panel
2, the market-year level, it is 0.48. This suggests that a substantial portion of the to-
tal dispersion in TFPR is driven by variation across markets. Under the theoretical
framework, this implies that a large part of the measured misallocation may reflect
cross-market differences rather than within-market distortions. In the next section, I
formally quantify how much of the overall TFPR dispersion is accounted for by within-
versus across-market components, and how this affects the estimated degree of misal-
location.

4For papers that use the Si/Gun/Gu classification as a county definition in Korea, see Chun et al.
(2023) and references therein.
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Table 1: Summary statistics

Variable Mean SD P10 P50 P90 N

Panel 1: year sample

# of firms 773 57 699 777 847 8
# of markets 179 2 174 179 181 8

Panel 2: (market,year) sample

# of firms per market 4.33 3.22 1.00 3.00 9.00 1428
log(TFPR) 3.62 0.48 3.07 3.59 4.20 1428

Panel 3: (plant,year) sample

Value added (2020 KRW Mn.) 4411.02 4307.58 1282.30 3072.51 8935.92 6187
Capital (2020 KRW Mn.) 4815.27 8651.42 374.42 2257.95 11741.30 6187
# of workers 24.38 19.83 11.00 18.00 45.00 6187
log(TFPR) 3.61 0.67 2.88 3.59 4.39 6187

Notes: The table presents summary statistics for the ready-mixed concrete industry from the Korean Mining and Manufacturing
Survey for 2011–2019, excluding 2015. The first panel shows the number of firms and markets for each year. The second panel
presents the number of firms and the average log(TFPR) in each market and year. Finally, the third panel presents the original
plant-year data, including real value added, capital, the number of workers, and log(TFPR). For your reference, 1 USD = 1,180.56
KRW was the average exchange rate in 2020.

3.2 TFPR decomposition: within vs. across markets

The sample variance of log(TFPR), denoted by s2t , in a given industry and year t can
be decomposed into within-market and across-market components as follows:

s2t =
1

Nt − 1

Nt∑
i=1

(τit − τ̄t)
2

=
1

Nt − 1

∑
m

∑
i∈Ωmt

(τit − τ̄mt)
2

︸ ︷︷ ︸
within-market

+
1

Nt − 1

∑
m

Nmt(τ̄mt − τ̄t)
2

︸ ︷︷ ︸
across-market

, (10)

where τit = log(TFPRit), Nmt is the number of plants in market m, τ̄t = 1
Nt

∑Nt

i=1 τit is
the industry-wide average of log(TFPR), and τ̄mt =

1
Nmt

∑
i∈Ωmt

τit is the market-specific
average.

The goal of this empirical exercise is to statistically quantify how much of the to-
tal variance in log(TFPR) is accounted for by the across-market component. However,
TFPR dispersion across markets could arise mechanically because each market contains
a finite number of firms. Thus, the average TFPR in each market may differ across mar-
kets simply due to sampling noise, even if the population average TFPR is identical
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across all markets. To establish a more meaningful case, I further conduct a counterfac-
tual exercise in which market identifiers are permuted—keeping the number of firms
per market fixed but randomly reassigning firms to different markets.5 Economically, if
the across-market dispersion in τit changes substantially after the permutation, it sug-
gests that there is a sizable place-based component in the wedges. Conversely, if the
difference is small, the across-market component likely reflects sampling noise due to
the finite number of firms within each market. Lastly, I perform this random permuta-
tion 100 times to construct a confidence band around the mean estimates.

Table 2 reports the total dispersion in log(TFPR), the across-market component, and
the across-market component based on permuted market identifiers. Panel 1 presents
the baseline results, Panel 2 restricts the sample to markets with more than five estab-
lishments, and Panel 3 adopts an alternative market definition that treats each Special
City (e.g., Seoul) as a single market, even when it spans multiple counties. For the base-
line sample, I show results for each year as well as the time average, while the latter
two panels report only averages for brevity. The patterns are similar when examined
year by year.

In the baseline sample, the across-market component accounts on average for 41.6
percent of the total industry-wide dispersion in log(TFPR), ranging from 36.3 to 45.9
percent across years. I compare these estimates with those from the counterfactual
exercise that randomly permutes market identifiers while keeping market sizes fixed.
Confidence bands at the 1 percent level are constructed from 100 random permutations.
Estimates of the across-market component from the original sample that fall outside
these bands are marked with *** to indicate statistical significance. On average, the
permuted across-market component represents 23.4 percent of total dispersion. Hence,
some portion of the observed across-market dispersion in TFPR reflects finite-sample
noise. Nevertheless, the original across-market estimates are both statistically and eco-
nomically distinct from the permuted ones: the original wedges across markets increase
dispersion by about 18 percentage points (41.6% – 23.4%).

This pattern persists under alternative sample definitions. When restricting to mar-
kets with more than five firms, the original across-market wedges increase dispersion
by 18 percentage points (31.3% – 13.1%). Under the coarser market definition aggregat-
ing Special Cities, the increase is similarly 18 percentage points (38.0% – 20.3%).

Overall, these results indicate that the across-market component accounts for a sub-
stantial portion of industry-wide dispersion in log(TFPR). This substantial share cannot

5I am grateful to a referee for suggesting this interesting exercise.

13



be attributed to sampling noise alone, implying the presence of meaningful market-
level wedges. Consequently, industry-level measures of misallocation may be over-
stated, a point I quantify formally in the next section.

Table 2: Productivity dispersion: industry vs. market

σ2(logTFPR) Relative to total

Year Total Across Across (permuted) Across Across (permuted)

Panel 1: Baseline
2011 0.442 0.161∗∗∗ 0.114 0.363∗∗∗ 0.257

[0.091, 0.148] [0.207, 0.334]
2012 0.336 0.145∗∗∗ 0.085 0.432∗∗∗ 0.253

[0.066, 0.106] [0.196, 0.314]
2013 0.407 0.149∗∗∗ 0.101 0.366∗∗∗ 0.248

[0.076, 0.123] [0.188, 0.303]
2014 0.348 0.159∗∗∗ 0.085 0.459∗∗∗ 0.244

[0.068, 0.102] [0.196, 0.294]
2016 0.336 0.151∗∗∗ 0.076 0.449∗∗∗ 0.225

[0.062, 0.095] [0.183, 0.283]
2017 0.312 0.138∗∗∗ 0.069 0.441∗∗∗ 0.223

[0.055, 0.086] [0.175, 0.276]
2018 0.287 0.119∗∗∗ 0.061 0.415∗∗∗ 0.212

[0.048, 0.079] [0.168, 0.277]
2019 0.267 0.107∗∗∗ 0.057 0.400∗∗∗ 0.212

[0.045, 0.072] [0.170, 0.270]
Avg. 0.342 0.141∗∗∗ 0.081 0.416∗∗∗ 0.234

[0.064, 0.101] [0.185, 0.294]

Panel 2: Markets more than 5 firms
Avg. 0.361 0.112∗∗∗ 0.048 0.313∗∗∗ 0.131

[0.032, 0.070] [0.088, 0.192]

Panel 3: Coarser market definition
Avg. 0.342 0.129∗∗∗ 0.070 0.380∗∗∗ 0.203

[0.054, 0.090] [0.157, 0.260]

Notes: This table presents the dispersion in log(TFPR) across all firms in the industry, along with the across-market component
based on both the original and the randomly permuted market identifiers. Panel 1 reports the baseline sample. Panel 2 includes
only markets with more than five plants. Panel 3 adopts a coarser market definition, treating each Special City (e.g., Seoul) as a
single market even when it contains multiple counties. The column “Total” reports the industry-wide dispersion in log(TFPR),
while “Across” corresponds to the across-market component defined in Eq. (10). Finally, “Across (permuted)” presents the across-
market component based on randomly permuted market identifiers, and “Relative to total” shows the ratio of the across-market
component to the total. The brackets below the “Across (permuted)” estimates indicate the 1 percent confidence bands, generated
from 100 random permutations of market identifiers. *** denotes that the across and across (permuted) estimates are statistically
different at the 1 percent level.
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3.3 Misallocation: industry- and market-based approach

First, I describe the industry-wide measure of misallocation, which follows Hsieh
and Klenow (2009). The industry-wide aggregate TFP is computed as the Solow resid-
ual:

Zt =
Yt

Kα
t L

1−α
t

,

where Yt =

(∑Nt

i=1 y
σt−1
σt

it

) σt
σt−1

, σt is the industry-wide elasticity of substitution, which

may vary over time, and Kt and Lt denote aggregate capital and labor, respectively.
In the absence of distortions, the efficient aggregate TFP is computed by

Ze
t =

(
Nt∑
i=1

zσt−1
it

) 1
σt−1

.

Since separate price and quantity data are not available, I follow Hsieh and Klenow
(2009) and infer physical productivity zit as

zit =
(pityit)

σt
σt−1

kα
itl

1−α
it

.

Finally, the degree of industry-wide misallocation, Lt, is defined as

Lt = 1− Zt

Ze
t

,

where a higher value of Lt indicates that aggregate productivity Zt deviates further
from the efficient benchmark Ze

t , implying a greater degree of misallocation within the
industry.

Turning to the market-based measure of misallocation, I follow a similar approach
but compute the degree of misallocation within each market by applying a separate
output aggregator for each market. The aggregate TFP in market m is given by

Zmt =
Ymt

Kα
mtL

1−α
mt

,

where Ymt =

(∑
i∈Ωmt

y
σmt−1
σmt

it

) σmt
σmt−1

, σmt is the market-specific elasticity of substitution,

which may vary across years, and Kmt and Lmt denote total capital and labor in market
m in year t. Similarly, in the absence of distortions, the efficient aggregate TFP in market
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m is

Ze
mt =

(∑
i∈Ωmt

(zmit )
σmt−1

) 1
σmt−1

,

where zmit = (pityit)
σmt

σmt−1

kαitl
1−α
it

.6

The degree of misallocation in market m, Lmt, is then defined as

Lmt = 1− Zmt

Ze
mt

.

To aggregate the market-level misallocation index Lmt into a single industry-level
measure comparable to Lt, one would ideally specify a social welfare function. How-
ever, there is no uniquely correct way to do so. To remain agnostic about welfare
weights, I instead compute weighted averages of Lmt using several alternative weight-
ing measures. Thus, the aggregated market-based misallocation index, LM

t , is given
by

LM
t =

Mt∑
m=1

ωmtLmt,

where ωmt is the weight satisfying
∑Mt

m=1 ωmt = 1. Specifically, I consider four weighting
schemes: (i) demand-weighted, measured by the operating cost of the local construc-
tion sector (ωm = Dm/

∑Mt

m=1 Dm); (ii) firm-count weighted (ωmt = Nmt/
∑Mt

m=1Nmt);
(iii) revenue-weighted (ωmt =

∑
i∈Ωmt

pityit/
∑Nt

i=1 pityit); and (iv) cost-weighted (ωmt =∑
i∈Ωmt

(rtkit +witlit)/
∑Nt

i=1(rtkit +witlit)).7 Note that this approach can be justified by a
social welfare function

Y =
∑
m

θmYm,

where θm denotes the welfare weight that the planner assigns to market m, for instance
due to high construction demand. Holding total capital and labor in each market m in
the planner’s allocation fixed at their decentralized equilibrium levels,

LM
t = 1− Y

Ye
=
∑
m

θmY
e
m∑

m θmY e
m

(
1− Ym

Y e
m

)
=
∑
m

ωmtLmt,

where Ye is social welfare under the planner’s allocation and Y e
m = Ze

mK
α
mL

1−α
m . Ac-

6When σt = σmt, zit = zmit , but they could be estimated differently when σt and σmt differ. Both the
case where σt equals σmt and the case where they do not will be explored.

7Operating cost data for the local construction sector are only available for 2015, so there is no time
subscript t.
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cordingly, the planner weights the degree of misallocation in market m by

ωmt =
θmY

e
m∑

m θmY e
m

.

When either construction demand θm or efficient productivity Ze
m is high, where Ze

m

fully describes Y e
m given fixed Km and Lm, the misallocation in market m receives a

greater weight. I assume that the combination of the demand component θm and the
supply-side factor Ze

m will be reflected in the various weighting measures I employ.
Lastly, in the baseline analysis, I set the elasticity of substitution to σt = σmt = 6,

following Foster et al. (2008), who estimate the price elasticity of demand—which cor-
responds to σ in Eq. (2)—in the ready-mixed concrete industry using U.S. Census data
to be approximately −5.93. Robustness checks that allow σmt to vary across markets are
presented below. Lastly, I also randomly permute the market identifiers, as in Section
3.2, to examine whether the decline in the degree of misallocation could be driven by
sampling noise arising from the finite number of plants within each market.

Figure 2 presents the baseline results. It plots the industry-wide misallocation mea-
sure Lt and the aggregated market-based misallocation measure LM

t , each computed
with four different weighting measures. Both measures are averaged across years. Each
market-based measure is shown alongside its counterpart based on samples with ran-
domly permuted market identifiers.

First, the industry-based misallocation measure shows that in an economy with dis-
tortions, aggregate TFP is roughly 60 percent lower than the efficient benchmark where
the marginal revenue products of capital and labor are equalized across all firms in
the ready-mixed concrete industry. In contrast, the market-based misallocation mea-
sures indicate substantially lower degrees of misallocation. Depending on the weight-
ing measure—from construction demand to total-cost-weighted—the degree of misal-
location ranges from 27 percent to 35 percent, considerably below the industry-based
estimate.

To assess how much of this reduction is mechanically driven by grouping firms
into smaller units, I also compute the market-based measure using randomly permuted
market identifiers. These results confirm that mechanical effects indeed contribute to
the lower misallocation estimates. However, the true market-specific wedges further
reduce the degree of misallocation beyond what can be explained by such mechanical
effects. The gap between the original and permuted estimates is both statistically and
economically significant: the true wedges reduce the degree of misallocation by 9 to 15
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percentage points, depending on the weighting measures—an economically substantial
effect.

Figure 2: Misallocation: industry vs. market

Notes: This figure presents the industry-wide misallocation measure Lt and the aggregated market-based misallocation measure
LM
t , each computed using four different weighting measures. The weighting measures—construction demand, number of firms,

revenue, and total cost—are used to aggregate Lmt. Both measures are averaged across years. Each market-based measure is
shown alongside its counterpart based on samples with randomly permuted market identifiers. “Original” refers to estimates from
the original sample, while “Permutation” refers to estimates based on samples where market identifiers are randomly permuted.
The confidence band corresponds to the top and bottom 1 percent of the distribution, generated from 100 random permutations of
market identifiers. Lastly, the analysis assumes σt = σmt = 6.

I conduct several robustness exercises to confirm the main findings. First, as in
Section 3.2, I exclude markets with fewer than five firms from the sample to examine
whether the results are driven by markets with a small number of plants. Second, I
adopt an alternative market definition by aggregating counties within Special Cities.
Third, instead of applying a uniform elasticity of substitution σt = σmt = 6, I allow for
heterogeneous elasticities across markets.

Because separate price and quantity data are unavailable, it is difficult to estimate
price elasticities directly for each market. Therefore, I take a simple reduced-form ap-
proach that remains economically meaningful. Specifically, I assume that plants are
more substitutable when there are more plants per square kilometer in a given market
(Syverson (2004)); thus, markets with a higher density of plants should exhibit a higher
elasticity of substitution σmt.

I set the minimum and maximum elasticities of substitution, σmin and σmax, by de-
noting that the market with the lowest plant density has σmin and the market with the
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highest density has σmax. For the remaining markets, I interpolate σmt by assuming a
simple linear relationship in the logarithm of plant density:

σmt =
σmax − σmin

log(nmax,t)− log(nmin,t)
× [log(nmt)− log(nmin,t)] + σmin, (11)

where nmt is the number of plants per square kilometer in market m. Using this re-
lationship, I also compute the industry-wide elasticity σt by substituting nt, the total
number of plants divided by the total industry area, for nmt in the above equation.

Lastly, I set σmin = 6, using the industry-level estimate from Foster et al. (2008) as
a lower bound. The underlying intuition is that substitutability among plants within
a market should be higher than across the entire industry, since firms within the same
market compete more directly. Hence, the industry-level estimate provides a conser-
vative lower bound for market-level elasticities. However, there is no clear empirical
basis for σmax, so I set it to 2 times σmin and also consider 3 times σmin as an additional
robustness check.

Table 3 reports the robustness results. The row labeled “Avg.” in Panel 1 corre-
sponds to the same value shown in Figure 2, while the remaining rows in Panel 1 report
yearly results.

First, when restricting the sample to markets with more than five plants, the market-
based misallocation index remains significantly lower than the industry-based one, al-
though the gap between the original and permuted measures narrows to between 7 and
10 percentage points. Second, using the coarser market definition yields results that are
broadly similar to the baseline.

With heterogeneous σ across markets, the industry-based misallocation becomes
larger than in the baseline, since the industry-wide elasticity of substitution estimated
from Eq. (11) exceeds the baseline value of 6. Also, in this case, both the gap be-
tween the industry-based and market-based measures and the gap between the orig-
inal and permuted market-based measures become more pronounced. For instance,
when σmax = 18, the market-based measure reduces the degree of misallocation by 42
percentage points (= 73.11%–30.81%), and the difference between the original and per-
muted measures ranges from 18 to 40 percentage points—substantially larger than in
the baseline.

Overall, these results suggest that failing to distinguish between industry and mar-
ket levels when estimating misallocation can lead to a substantial overestimation of the
true degree of misallocation.
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Table
3:M

isallocation:industry
vs.m

arket(robustness)
M

arket-based

C
onstruction

#
offirm

s
R

evenue
Totalcost

Year
Industry-based

O
riginal

Perm
uted

O
riginal

Perm
uted

O
riginal

Perm
uted

O
riginal

Perm
uted

Panel1:Baseline
2011

6
8
.9
9

2
9
.2
6
∗∗∗

4
3
.5
4

3
6
.0
9
∗∗∗

4
5
.5
2

3
8
.5
0
∗∗∗

4
6
.2
2

4
0
.0
4
∗∗∗

4
6
.6
7

[37.80,49.25]
[42.67,48.62]

[41.96,49.84]
[41.95,50.80]

2012
6
4
.5
7

3
0
.0
6
∗∗∗

4
1
.3
9

3
4
.8
3
∗∗∗

4
2
.9
6

3
5
.8
4
∗∗∗

4
3
.4
4

3
7
.2
8
∗∗∗

4
3
.7
2

[36.35,47.31]
[40.14,45.17]

[39.76,46.01]
[39.82,46.63]

2013
6
5
.8
1

2
9
.4
0
∗∗∗

4
4
.0
0

3
5
.0
8
∗∗∗

4
5
.7
9

3
7
.7
4
∗∗∗

4
6
.6
0

3
8
.1
5
∗∗∗

4
6
.7
9

[37.44,49.39]
[42.41,48.11]

[42.29,49.64]
[42.57,50.16]

2014
5
9
.5
3

2
8
.0
8
∗∗∗

4
1
.6
5

3
0
.5
8
∗∗∗

4
2
.4
3

3
2
.0
7
∗∗∗

4
3
.4
4

3
2
.4
0
∗∗∗

4
3
.7
6

[37.08,47.06]
[40.17,44.52]

[40.47,45.66]
[40.46,46.32]

2016
6
4
.9
3

2
6
.6
7
∗∗∗

4
4
.6
8

3
3
.4
2
∗∗∗

4
6
.0
5

3
5
.6
5
∗∗∗

4
6
.7
9

3
4
.7
2
∗∗∗

4
6
.7
1

[37.90,50.61]
[42.99,48.70]

[42.94,50.33]
[42.82,50.47]

2017
6
2
.0
2

2
4
.4
7
∗∗∗

4
2
.1
4

3
2
.6
2
∗∗∗

4
2
.9
6

3
4
.6
1
∗∗∗

4
3
.7
4

3
4
.7
0
∗∗∗

4
3
.6
9

[37.69,46.43]
[40.77,45.30]

[40.73,46.49]
[40.51,46.34]

2018
5
7
.2
1

2
4
.9
9
∗∗∗

3
8
.5
0

3
0
.5
2
∗∗∗

4
0
.6
6

3
2
.2
7
∗∗∗

4
0
.7
3

3
1
.7
0
∗∗∗

4
0
.8
3

[34.91,44.28]
[38.85,42.91]

[37.83,43.92]
[38.06,44.15]

2019
5
7
.5
2

2
3
.3
4
∗∗∗

3
7
.3
4

3
0
.6
6
∗∗∗

3
9
.8
7

3
2
.5
2
∗∗∗

4
0
.6
8

3
2
.5
3
∗∗∗

4
0
.5
9

[33.15,41.84]
[37.93,41.82]

[37.72,42.69]
[37.55,42.63]

A
vg.

6
2
.5
7

2
7
.0
3
∗∗∗

4
1
.6
5

3
2
.9
8
∗∗∗

4
3
.2
8

3
4
.9
0
∗∗∗

4
3
.9
5

3
5
.1
9
∗∗∗

4
4
.0
9

[36.54,47.02]
[40.74,45.64]

[40.46,46.82]
[40.47,47.19]

Panel2:M
arkets

m
ore

than
5

firm
s

A
vg.

6
4
.6
9

4
3
.0
6
∗∗∗

5
0
.7
2

4
0
.6
4
∗∗∗

5
0
.6
9

4
4
.0
4
∗∗∗

5
0
.6
9

4
4
.0
1
∗∗∗

5
0
.7
2

[48.03,53.67]
[48.10,53.29]

[47.86,53.49]
[47.80,53.62]

Panel3:C
oarser

m
arketdefinition

A
vg.

6
2
.5
7

3
5
.7
2
∗∗∗

4
5
.4
5

3
5
.2
2
∗∗∗

4
5
.6
4

3
8
.8
3
∗∗∗

4
6
.4
1

3
9
.0
5
∗∗∗

4
6
.5
3

[41.91,48.78]
[43.00,48.08]

[43.13,49.43]
[43.20,49.74]

Panel4:H
eterogenous

σ
m

:
σ
m

a
x
=

2
×

6
A

vg.
6
9
.4
1

2
9
.4
4
∗∗∗

6
1
.6
3

3
6
.7
0
∗∗∗

5
0
.1
5

3
8
.4
9
∗∗∗

5
2
.2
3

3
8
.7
0
∗∗∗

5
2
.4
2

[53.62,67.20]
[46.93,53.21]

[48.19,56.25]
[48.38,56.52]

Panel5:H
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σ
m

:
σ
m

a
x
=

3
×

6
A

vg.
7
3
.1
1

3
0
.8
1
∗∗∗

7
1
.1
3

3
8
.6
2
∗∗∗

5
7
.0
0

4
0
.5
2
∗∗∗

5
8
.9
5

4
0
.6
2
∗∗∗

5
9
.1
2

[61.63,75.64]
[54.09,60.20]

[54.55,62.95]
[54.95,63.19]

N
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m
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s
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w
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m
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m
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perm
uted

m
arketidentifiers.

The
m

arket-levelm
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m
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are
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eighting
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es:construction
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and,num
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offirm

s,revenue,and
totalcost.Panel1
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the
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ple.Panel2
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m

arkets
w

ith
m

ore
than

five
plants.
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a
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m
arket
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each
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(e.g.,Seoul)
as

a
single

m
arket

even
w

hen
it

contains
m

ultiple
counties.

Panels
4
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5
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m
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using
Eq.(11).

The
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n
“Industry-based”

reports
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industry-w
ide

m
isallocation

m
easure,w

hile
”M

arket-based”
corresponds

to
the

aggregated
m

arket-level
m

isallocation
m

easures.
“O

riginal”
refers

to
estim

ates
based

on
the

originalm
arketidentifiers,w

hereas
“‘Perm

uted”
refers

to
estim

ates
from

sam
ples

w
ith

random
ly

perm
uted

identifiers.The
brackets

below
the

“Perm
uted”

estim
ates

indicate
the

1
percentconfidence
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from

100
random

perm
utations
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arketidentifiers.***

denotes
thatthe

estim
ates

from
the

originaland
perm

uted
sam

ples
are

statistically
differentatthe

1
percentlevel.
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4 Conclusion

In this paper, I show that distinguishing between industries and markets is crucial
for estimating misallocation. Using a canonical model of heterogeneous firms operating
across multiple markets, I argue that reallocations toward more distorted firms con-
stitute Pareto improvements when they occur within markets, whereas reallocations
across markets move the economy along the Pareto frontier. Bringing this theoretical
insight to the ready-mixed concrete industry in Korea, where markets are defined in a
relatively straightforward manner, I show that the industry-based misallocation mea-
sure is substantially higher than the market-based measure. This difference does not
arise mechanically from sampling noise in finite samples but instead reflects genuine
wedges across markets.
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