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Abstract
Recent studies stipulate that large fraction of cross-country differences in
productivity could be accounted for by within-industry dispersion in productivity, and misallocation of inputs, across firms. The literature has focused
on the role of frictions in credit market in driving such misallocation. In
this paper, I explore the role of distortion in the output market, in particular
markups, in explaining cross-country difference in the extent of within-industry
misallocation. Using firm level data from over 50 countries, I show there large
cross-country difference in the the average level and dispersion of markups
across firms within an industry. Similarly, there is large cross-country difference
in the extent of productivity dispersion among firms within an industry, implying large cross-country differences in the extent of within industry resource
misallocation. I show that openness to import trade reduces the extent of
misallocation by reducing the average level and dispersion of markups as well
as dispersion of revenue productivity among plants within-industry.
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Introduction

A number of studies in the past decade have documented large productivity dispersion
among firms within narrowly defined industry.1 Such productivity dispersion is
considered as evidence of misallocation, and is believed to account for significant
fraction of aggregate productivity differences across countries (Restuccia and Rogerson
2017; Hsieh and Klenow 2009; Bartelsman et al. 2013). However, the extent to which
within-industry productivity dispersion varies across countries and factors that drive
it are still not well explored and remain open questions.
In this paper, I study how trade openness could explain cross-country variation
in the extent of within-industry dispersion in productivity. I use a key theoretical
insight in the context of variable-markup heterogeneous-firm trade models such
as (Melitz and Ottaviano 2008; Atkeson and Burstein 2008) that, if markups are
increasing in firm productivity, more productive firms would have higher prices and
lower output than they should have under monopolistic competition with constant
markup/perfect competition environments. That is, when markups are increasing
with firm productivity, output market is distorted, which leads to misallocation
of resources. By increasing the competitiveness of the industry and forcing least
productive firms exit, international trade decreases average markups and its dispersion
among firms within industry, thus decreasing misallocation.
I combine data from three main sources to test this theoretical result. The
first dataset is World Bank Enterprise Survey (WBES). WBES provides firm-level
data on revenue, employment, material input, capital, etc. from 149 countries.
The key advantage of this data is that standardized methodology is used to collect
data from all countries, which is crucial in minimizing discrepancies in definition
and measurement of variables. The second data source is UNIDO-INDSTAT data
which collects and distributes industry-level panel data on output, value-added,
employment, number of firms, etc for over 150 countries. The third main data source
is UN Commodity Trade data, which provides product-level bilateral trade data for
virtually all countries in the world.
This paper finds three main results. First, there is large difference in the extent
of within-industry dispersion in markups across countries. Second, there is similar
difference in the extent of within-industry dispersion in productivity across countries,
which implies variation in the extent of within industry resource misallocation across
countries. Using variation in openness to trade across industry-country-year cells, I
show that openness to import trade explains significant fraction of the variations
in the extent of misallocation across countries and industries, consistent with the
theoretical prediction.
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See Syverson 2011 and Restuccia and Rogerson 2017 for survey of literature.
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This paper is most closely related to Edmond et al. (2015) who use quantitative
trade model to explore how trade liberalization increases competition, reduces markup
and misallocation using Taiwanese data. They show that, when domestic and foreign
firms within a given sector are at similar level of productivity, opening to trade
increases the level of effective head-to-head competition between home and foreign
firms, which would lead to decrease in market power, markups and product market
distortion. However, if, say, home country firms are substantially less productive
than foreign firms, opening to trade would allow foreign firms to expand their
market share, which would increase the dispersion in markups and TFPR. In their
quantitative exercise Edmond et al. (2015) choose a cross-country correlation in
sectoral productivity of 0.94 to match trade elasticity, and find that opening to trade
reduces markup distortion by one-fifth and increases productivity by 12.4% compared
to autarky, in Taiwanese data. In their model, the magnitude of procompetitive
gain from trade critically depends on the size of the cross-country correlation in
sectoral productivity in that a choice of smaller correlation results in a smaller or
even negative procompetitive effects of trade.
The current paper builds on Edmond et al. (2015) and empirically explores how
much trade openness explains cross-country and cross-industry variation in the extent
of dispersion in markups, revenue productivity and misallocation. The advantage
of the approach in this paper is that the results do not depend on a particular
parameterization of the model or calibration of key parameters of the model to a
single country data. For instance, the high cross-country correlation in sectoral
productivity of 0.94 is is more to hold among industrialized countries than between
an advanced country and a developing country.
The current paper is also closely related to Epifani and Gancia (2011) who
emphasize on markup dispersion across sectors and how trade could potentially
reduce welfare by increasing markup dispersion among sectors that are asymmetrically
exposed to trade, particularly when entry is restricted. The current paper focuses
on markup dispersion and misallocation among firms within industry, rather than
misallocation between industries.
A more recent paper Peters (2020) studies how the distribution of markup is
endogenously determined by firms’ accumulation of market power by improving
their productivity and creative destruction. In imperfectly competitive environment
such as Bertrand competition, firms start with low markups because Bertrand
competition forces the firm charge a limit price. Over time, a firm improves their
productivity and increase their markups. Incumbent firm is replaced by a new firm
with exogenous probability, which resets the markup. The author applies the model
to firm-level data from Indonesia and shows that markups account for 15% of TFPR
dispersion/misallocation. The current paper studies the role of trade in shaping the
3

equilibrium distribution of markups among firms in an industry empirically in a
reduced-form regression. Using a reduced-form analysis has the advantage that one
need not take a stand on the specific channel through which trade openness affects
the the distribution of markup. In the context of the model in Peters (2020), trade
could affect the equilibrium distribution of markups by intensifying both the creative
destruction and firms’ investment on improving their productivity and accumulate
market power.
The seminal paper by (Hsieh and Klenow, 2009) documents larger productivity
dispersion among firms in India and China compared to their counter parts in the
U.S., and interprets these results as reflecting poorer business environments in India
and China.2 In particular, they attribute the larger productivity dispersion in these
countries to policies restricting firm size in India which limited the growth of more
productive firms, and to state ownership in China which kept lower productive
state-owned firms expand which otherwise may not have survived. The current
paper explores whether the result of larger productivity dispersion in in India and
China, compared to USA, could be generalized to larger set of less developed and
more developed countries, and investigates how much openness to trade explain
cross-country difference in the extent of misallocation.
A number of other studies have suggested why there could be larger productivity
dispersion/misallocation among plants in developing countries compared to those in
advanced economies, including: bad institutions and policies, such as corruption and
direct government involvement (Restuccia and Rogerson 2017; Alfaro et al. 2009;
Wu 2018); property rights and quality of legal system (Kalemli-Ozcan and Sørensen,
2014); credit market frictions (Gilchrist et al. 2013; Midrigan and Xu 2014); and
quality of road infrastructure which limit growth of firms in some locations (Ziebarth,
2013). A common feature of these studies is that they are based on plants in one
country or a hand-full of countries with poorly comparable data. Identifying causes of
different levels of productivity dispersion and misallocation across countries requires
comparable firm-level data from many countries. In this paper, I use World Bank
Enterprise Survey (WBES) data that covers plants in 149 countries and provides
comparable and consistent data across countries and over time.
This paper is also related to early studies that document the pro-competitive effects of trade including Levinsohn (1993) and Harrison (1994). Prominent theoretical
papers include Melitz and Ottaviano (2008) and Atkeson and Burstein (2008). Chen
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However, (Ziebarth, 2013) argues that higher productivity dispersion among Indian and Chinese
firms, compared to US firms, is probably not caused by the factors hypothesized by (Hsieh and
Klenow, 2009) by showing that showing that US firms had similar TFP dispersion during the 19th
century. Instead, he suggests that the underdevelopment of India and China is the likely reason for
higher TFP dispersion compared to modern US. He emphasizes the role road network in explaining
higher dispersion in TFP in modern India and China and 19th century US.
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et al. (2009) put the predictions in Melitz and Ottaviano (2008) to direct empirical
test using industry-level data from EU and document that trade openness exerts
competitive effect – industry prices and markup increase and productivity increases
in the short run following openness to trade.3 A more recent paper, De Loecker
et al. (2016), studies the pro-competitive effects of trade liberalization episode in
India during early 1990s. They study the effect of both output and input trade
liberalization and find that the net effect on markup is positive, i.e., though both
output and input prices fall following the trade liberalization episode, input prices
fall proportionately more, resulting in increase in markups. The current paper
complements these empirical studies by exploring the effect of trade openness on the
second moments of markups and productivity distributions among firms within an
industry, which has crucial implications for the effect of trade openness on resource
misallocation and aggregate productivity.
The rest of the paper is organized as follows. Section 2 describes construction
of dataset. Section 3 briefly describes the theoretical motivation while section 4
discusses measurement and estimation of key variables. Section 5 discusses the main
results and is followed by section 6 which reports a number of robustness exercises.
Section 7 concludes the paper.

2

Data and sources

The data used in this paper comes from several sources.
World Bank Enterprise Survey (WBES): The WBES use standard survey
instruments to collect firm-level data on revenue, labor, material and capital inputs,
and several other firm performance measures as well as the business environment
from business owners and top managers from about 150 countries.4 World Bank
offers the data in two formats: standardized and country survey. The standardized
dataset follow the global standardized methodology -country data are matched to a
standard set of questions. This format allows cross-country comparisons and analysis
but sacrifices those country-specific survey questions which cannot be matched. This
paper uses the standardized data. The standardized data includes over 90,000 firms
from 149 countries.
The sampling methodology for Enterprise Surveys is stratified random sampling.
The strata for Enterprise Surveys are firm size, business sector, and geographic
region within a country. Firm size levels are 5-19 (small), 20-99 (medium), and 100+
3

However, they find that the evidence on the pro-competitive effects of trade in the long run is
more ambiguous.
4
The surveys cover a broad range of topics including access to finance, corruption, infrastructure,
crime, competition, labor, obstacles to growth, and performance measures.

5

employees (large-sized firms). Sector breakdown is usually manufacturing, retail, and
other services. For larger economies, specific manufacturing sub-sectors are selected
as additional strata on the basis of employment, value-added, and total number of
establishments figures. Geographic regions within a country are selected based on
which cities/regions collectively contain the majority of economic activity. Detail
information about the survey methodology can be obtained following this link.5
The WBES is practically crossectional at country level. Some countries have
multiple rounds of survey. When conducting a new Enterprise Survey in a country
where data was previously collected, maximal effort is expended to re-interview as
many firms from the prior survey as possible.
The most important advantage of WBES is that it uses standardized survey
and methodology across countries, and is centrally administered by World Bank.
This minimizes the concern of measurement errors that systematically vary across
countries, due to say different methodologies or different definitions of variables
across countries’ statistics offices.
UNIDO-INDUSTAT: This dataset provides industry-level manufacturing data
for over 150 countries, including historical data. We use the dataset at two-digit
industrial classification (ISIC-3). For each two-digit industry classification, the data
reports output, value-added, number of establishments, labor employment, wages
and salaries, etc. 6 The latest data available if for the year 2018. The data goes back
to 1960s for some countries.
Trade data: Trade date comes from UN Commodity trade database. This dataset
provides product-level annual bilateral trade (both import and export) data for over
200 countries. We use this data in combination with UNIDO’s INDUSTAT data to
construct measures of trade openness at industry-country-year level as discussed in
section 4.

3

Theoretical framework

To motivate how trade may affect within industry dispersion in markups and Total
Factor Productivity (TFP), we start with a model of industry equilibrium with
productivity dispersion. The model outlined below is very similar to Syverson 2011,
Melitz 2003, and Melitz and Ottaviano 2008.
Suppose firms in an industry are indexed with i = 1, ..., I. The production
function of firm i is given as Yi = Ai F (Ki , Li ) where Ai is firm physical productivity
5
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https://www.enterprisesurveys.org/en/methodology
Detailed information about the data can be found here. https://stat.unido.org/
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(TFPQ), Ki and Li are capital and labor inputs, and Yi is output. Note that the
productivity level Ai varies across firms.
The firm’s variable profit is given by:
Πi = R(Ki , Li , Ai , Di ) − wLi − f

(1)

where w is market wage rate and f is fixed costs, both of which are assumed to be
the same across firms. R(.) is revenue function. Di captures the demand condition
facing the firm, and it summarizes information about industry competitiveness.
At the moment, we do not make a specific assumption about the production
function or the market structure of the industry. That is, the model allows both
firm specific productivity and markups. The only assumption we require to have
within industry dispersion in productivity in equilibrium is that the revenue function
G(.) is twice differentiable and concave in L. Specifically, we assume ∂R/L > 0,
∂ 2 R/∂L2 < 0, ∂R/∂A > 0, and ∂R/∂L∂A > 0. This, regardless of the form of
competition in the product market gives us unique equilibrium employment level
L∗i , which is increasing in firm productivity Ai . If we assume perfect competition,
where prices are equal across firms within an industry, increasing marginal costs and
constant marginal revenue pin down unique L∗i . In imperfectly competitive market
structures, increasing marginal costs paired with decreasing marginal revenues pin
down equilibrium employment.
We can rewrite a firm’s optimal profit as

Πi (Ki , L∗i , Ai , Di ) = R(Ki , L∗i , Ai , Di ) − wL∗i − f

(2)

which is increasing in Ai by the Envelope Theorem, given the assumptions about
the revenue function.
Dispersion in A (TFPQ): We assume that a large pool of potential producers
pay a sunk entry cost of fE to draw their productivity Ai from a distribution with
a density g(A) and distribution function G(A). Equation 2 implies that there is a
productivity cutoff A such that firms with a productivity draw above this cutoff
make a positive profit and continue to produce, and those with productivity draw
below this cutoff make negative profit and exit. The productivity cutoff A is pined
down by the free entry condition: the ex-ante expected profit from entry net of the
sunk entry cost should be zero.
Z Ā
A

Πi (Ki , L∗i , Ai , Di )g(A)dA − fE = 0
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(3)

where Ā is the upper limit if the productivity distribution. The productivity distribution for the firms that decide to continue producing in equilibrium is the truncation
of g(A) above A and is given by:


 g(A)

if A ≥ A
g̃(A) =  1−G(A)
0 otherwise
The productivity distribution of surviving firms g̃(A) is non-degenerate because
concavity of the revenue function ensures that more productive firms have a limited
capacity and cannot sell to the entire industry.
The average productivity level in the industry is positively related to the productivity cutoff A. The level of productivity cutoff A depends on w, f , and D (industry
demand conditions). In Melitz (2003), A is increasing in w and f , and decreasing
industry demand shifter (which is a function of industry expenditure and industry
price index). In closed economy equilibrium, the industry demand shifter is larger
compared to open economy due to larger industry price index in a closed economy
equilibrium, thus A is smaller in a closed economy than an open economy. That is,
some less productive firms which couldn’t survive in an open economy equilibrium
could still survive in closed economy equilibrium implying larger dispersion of A and
lower aggregate productivity in closed economy. In Melitz and Ottaviano (2008),
A is an inverse function of entry costs, and positively related to market size in a
closed economy, and decreasing in trade costs in open economy equilibrium. That is,
in larger and more open economy, A is larger implying lower dispersion and higher
aggregate productivity.
Dispersion in TFPR: Given the firm’s production function Yi = Ai F (Ki , Li ),
it’s revenue is given by Ri = Pi Ai F (Ki , Li ), and it’s TFPR is defines as TFPR ≡
Pi × Ai = F (KRii,Li ) . In logs we can write:
logTFPRi = logPi + logAi

(4)

Hsieh and Klenow (2009) present a special case where TFPR is constant across
firms. This occurs with a constant returns to scale (CRS) Cobb-Douglas technology
and isoelastic demand (constant markup across firms). In this particular case, high
TFPQ (≡ A) firms have an exactly offsetting lower price, so that there is no dispersion
in TFPR across firms, unless there are distortions in the input markets.
However, in the case of variable markup (e.g., Melitz and Ottaviano 2008; Atkeson
and Burstein 2008) higher TFPQ firms have higher markups, implying that firms
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do not pass on all their TFPQ advantage to consumers in the form of lower prices.7
Such distortion in product market implies there would be dispersion of TFPR across
firms. In other words, if higher TFPQ firms have higher markups (a condition that
can be tested empirically), this restricts their size, ultimately leading to misallocation
of inputs compared to allocation under competitive market or even imperfect competition with constant markup. The focus of this paper is this kind of misallocation in
output market. This misallocation is likely to be significantly smaller in countries
and industries that are more open to trade. This can be easily shown using the
model suggested in Melitz and Ottaviano (2008) – linear demand and Cobb-Douglas
technology (without scale restriction). In their model and using our notation, firm
price and markup are given by pi = w/A + w/Ai and µi = 1/2(w/A − w/Ai ), respectively. Thus firms with higher Ai have higher markups. This implies the following
elasticity of firm price with respect to productivity.8
w/Ai
dlog(pi )
=−
dlogAi
w/A + w/Ai
w/Ai
=−
2(µi + w/Ai )

(5)

Equation 5 shows that for higher markup (higher productive) firms, the correlation
dlogpi
−→ 0. This implies
between logpi and logAi is weaker. That is, as µi −→ ∞, dlogA
i
that the correlation between firm productivity and firm size becomes weaker. In
other words, more productive firms are undersized and are not employing as much
resources as they should under constant/zero markup case.
Trade liberalization reduces distortion/misallocation through two channels. First,
as low productive firms exit, market share and resources are reallocated towards
more productive firms (A increases). Second, as the competitiveness of market
increases (as reflected in increase in A), markup of surviving firms decreases and
hence distortion from high markups decreases.
Other potential channels: One of the hypothesis regarding larger TFP dispersion
among firms in a given industry in developing countries is slower technology/knowledge diffusion from frontier to laggard firms (Bahar 2018, Bessonova and Tsvetkova
2022). Opening to trade is also found to encourage technology adoption through
7

see Mary et al. 2019 for empirical evidences on how prices and markup vary with firm productivity
and size. They show that the elasticity of firm price with respect to change in its marginal costs
is 0.6 on average, and is declining in firm size. This implies that larger firms absorb significant
fraction of the cost shocks in their markup while the pass-through of the cost shock to prices is
almost complete for smaller firms.
8
For comparison, in Hsieh and Klenow (2009) case of isoelatic demand, price is given by
dlogpi
σ w
pi = σ−1
Ai , which implies dlogAi = −1. That is, the correlation between logpi and logAi is
perfectly negative.
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improving the return on adoption of new technology (Bustos 2011, Lileeva and Trefler
2010). Hence, trade could reduce dispersion in Ai , and hence dispersion in markups,
among firms within an industry via encouraging adoption of improved technology by
lower productive surviving firms. However, if adoption of improved technology by
laggard firms is the main operating channel of trade, we would also see that average
industry markup would increase following openness to trade and improvement in
productivity of firms. As we show below, this not the case – openness to trade
decrease both the average level and dispersion of markups within an industry.

4

Measuring misallocation

Following the theoretical results above and previous studies (Hsieh and Klenow 2009;
Foster et al. 2016; Foster et al. 2008), I use within industry-country-year average
markup as well as standard deviations of markup and TFPR as the main measure of
product market distortion and resource misallocation.
Dispersion in TFPR: There are two widely employed production function specifications in the literature: the value-added and gross production functions. Gandhi
et al. (2017) document that two approaches imply different level of dispersion in
TFP. To see whether the choice of specification for the production function has any
effect on the results in this paper, I estimate TFPR following both value-added and
gross production functions. I obtain firm-level TFPR from a residual in either of the
following regressions:
l
k
m
e
Gross: yisct = θsc
lisct + θsc
kisct + θsc
misct + θsc
eisct + ωisct + εisct
l
k
e
Value-added: ỹisct = θsc
lisct + θsc
kisct + θsc
eisct + ωisct + εisct

(6)
(7)

where y is log revenue, ỹ is log value-added i.e., log(revenue - material cost), l is log
number of workers, k is log value of capital (replacement value), m is log material
expenditure, e is log spending on electricity, ω is unobserved revenue productivity,
and ε is a mean-zero random error. i, s, c, and t index firm, industry(sector), country
and year, respectively. Note that the value-added specification is consistent with a
l
k
e
production function with the following structural specification: Y = Lθ K θ E θ eω+ε +
M , where Y is output or revenue, L is labor input, E electricity expenditure, and
M is material costs.
The revenue elasticity parameters (θs) are separately estimated for firms in each
industry-country cells. That is, the production technology is allowed to vary across
countries and industries (sectors). To have enough degree of freedom in estimation
of the production function parameters, I confine my estimation to industry-country
10

cells that include at least 50 firms.
There is a well know endogeneity concern in the estimation of the production
function parameters and TFPR in equation 6. Unfortunately, due to the crosssectional nature of our dataset, we cannot directly address this issue by employing
the popular approaches to consistently estimate the production function such as the
control-function approach of Olley and Pakes (1996) or Levinsohn and Petrin (2003).
Instead, I check whether my results are robust by estimating the production function
parameters and the TFPR non-parametrically using the index-method. However,
because we are interested in within industry summary statistics and second moments
of TFPR, the endogeneity problem in estimating production function and TFPR
might not matter as much as they usually do when one is interested in firm-level
measures of TFPR.
Markups: The theoretical discussion shows that dispersion in markup is a sign of
product market distortion and would cause misallocation of resources, and that trade
has a potential to reduce the within industry dispersion in markup across firms. To
test this hypothesis, we first estimate firm-level markups and construct a measure of
within industry dispersion in markup. We follow De Loecker and Warzynski (2012)
to estimate firm-level markup. Their method is derived from cost-minimization
problem of firms and does not assume a specific market structure in which the firm
is competing. They show that a firm’s markup µ can be estimated as follows:
µisct

X
θsc
= X
αisct

(8)

where θX is the elasticity of value-added output with respect to variable input X in
the case of value-added production function or the elasticity of revenue with respect
to variable input X in the case of gross production function specification.9 I use the
value-added production function specification and labor as a variable input in my
main specification. However, I show that the result is robust to markup estimates
X
obtained from revenue elasticities estimated from gross production function. αisct
is
the share of expenditure on input X in firm value-added or revenue. Again, I restrict
my estimation to industry-country cells that include at least 50 firms.
Measures of openness: We construct measures of openness for import and
export trades at industry-country-year level. We combine UNIDO-INDUSTAT
9

Although it is possible to have firm-level variation in this elasticity by using a translog
specification where interaction terms of the inputs are added in equation 6, this approach yields
markup estimates that are implausible (too large or negative markup estimates) for a significant
fraction of firms. So I stick to Cobb-Douglas specification of production function and estimate θ for
each industry-country cells separately.
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and the UN Commodity Trade datasets to construct these measures of openness.
UNIDO-INDUSTAT data provides industry level data on number of firms, output,
value-added, employment, etc., for over 100 countries and from 1960s to 2018.10
UN Commodity Trade dataset provides product-level bilateral trade flow between
countries. We convert this dataset to industry-level by using concordance table
provided by the Worldbank’s WITS database.
The import and export openness measures are constructed as follows:

Industry Import
× 100
Industry output
Industry Export
Export Openness =
× 100
Industry output
Import Openness =

(9)
(10)

While Import Openness measure can be any number greater or equal to zero, Export
Openness measure should, in principle, range from 0 to 100. However, due to
measurement error significant number of observations have Export openness measure
higher than 100. Thus, one should be cautious when interpreting the results about
the effect of Export Openness.

5

Main Results

This section presents the main results. I first test the crucial assumption behind
how markups could serve as product market distortion by testing monotonicity of
markups with firm productivity. I then present the results for the effect of openness
on within industry dispersion in TFPR. Next, I present the effect on within industry
dispersion and average markups.

5.1

Monotonicity of markups with productivity

The key assumption behind markups as source of product market distortion and
misallocation of inputs is that more productive firms have higher markups. As a
result, more productive firms have higher price and smaller size, and consequently
aggregate productivity will be lower, than the first-best allocation. This assumption
can easily be tested given firm-level estimates of markups and productivity. As
mentioned in the previous section, we estimate markups and productivity following
different alternative approaches.
Before presenting the regression results, we present the scatter plots of markups
against firm productivity in figure 1. I use markups estimated from gross production
10

Unfortunately, the dataset is not regularly updated for some countries and though more and
more countries are included over time.
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l

l
function and labor as variable input (i.e., µisct = αθlsc where θsc
is revenue elasticity
isct
with respect to labor obtained from gross production function) together with TFPR
estimated from gross production function to create this figure. The scatter plot and
the fitted regression line clearly show a positive relationship between firm markup
and productivity.
Table 1 presents the results. To check sensitivity of the results, we test monotonicity of markups with firm productivity using all the alternative markup estimations
and the alternative productivity estimations discussed above. In panel A, the regressor is TFPR estimated from value-added production function. All the four columns
show that the elasticity of markups with respect to TFP is positive and statistically
significant regardless of the methods used to estimate markups. Panel B uses TFPR
estimated from gross productions function as a regressor. Again, the results across
the four columns show a positive and statistically significant elasticity of markups
with respect to firm productivity.
Strictly speaking, the theoretical model in Melitz and Ottaviano (2008) predicts
positive correlation between markups and firm productivity as measured by TFPQ.
Because estimation of TFPQ requires data on product prices and quantities, it’s
difficult to estimate it using common firm level data. However, studies that estimate
both TFPQ and TFPR from firm-level data that include information on prices and
quantities have shown that the two measures of productivity are strongly positively
correlated (a correlation above 0.75) (see for instance Foster et al. (2008) and
Blackwood et al. (2021)). Thus, to test the assumption of monotonicity of markups
with firm productivity, TFPR is a reasonably good proxy for TFPQ.
As a robustness exercise, I estimate productivity using output elasticities estimated based on index/cost-share method. Productivity estimates obtained following
this approach are equivalent to TFPQ, assuming that firms’ objective is cost minimization and production technology is constant returns to scale (see Blackwood
et al. (2021) for more discussion). Table A.1 presents results using firm productivity
estimated based on this approach. The results is qualitatively similar to those in table
1– markups are positively and significantly related to firm productivity regardless
the methods used to estimate markups.

5.2

Dispersion in TFPR

Similar to Gandhi et al. (2017) the two approaches yield systematically different
level of within industry TFPR dispersion. Figure 2 shows the distribution of the
standard deviation of TFPR measures obtained from the two approaches. Clearly,
the standard deviation of the TFPR obtained from the value-added production
function is larger than those obtained from gross production function, consistent
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with the results obtained in Gandhi et al. (2017) for firms in Chile and Colombia.
Table 2 reports summary statistics of the TFPR dispersion and measures of
openness. Columns 1 and 2 report summary statistics for dispersion of TFPR
obtained from value-added production function. In both columns, we observe that
there is massive variation across countries and industries in the extent of within
industry-country-year TFPR dispersion across firms: TFPR dispersion in the highest
dispersion country is five times the dispersion level in the lowest dispersion level.
Columns 3 and 4 report similar summary statistics about dispersion in the TFPR
obtained from gross production function. While the level of within industry dispersion
in TFPR obtained from gross production function is smaller on average, compared
to those obtained from value-added production function (as shown in figure 2), this
dispersion shows similar degree of variation across countries and industries. Finally,
columns 5 and 6 report variation in the level of import and export openness across
countries and industries. Both columns show that there is massive level of variation
in the measures of openness across countries and industries.
Table 3 shows the result using dispersion in TFPR from value-added production
function. Hsieh and Klenow (2009) use value-added production function to obtain
TFPR. As measure of dispersion in TFPR, I construct both the standard deviation of
TFPR and the ratio of 90th to 10th percentile in TFPR, within country-industry-year
cells.11 The latter measure has the advantage that it is not sensitive to extreme
values of TFPR. To account for the fact that the dependent variable is estimated,
all the standard errors estimated using the method of bootstrapping and clustered
at country level to account for correlation among industries within a country. To
account for the possibility that dispersion in TFPR might be larger in industries in
poorer countries, I control for Log GDP per capita in all the regressions. Moreover,
all the regressions include country, industry, and year fixed effects. The results in
Table 3 clearly shows that there is significant negative relationship between within
industry dispersion in TFPR and openness (import penetration). This result is
robust regardless of measure of TFP dispersion used.
Panel A of Table 3 reports the results using standard deviation of TFPR among
firms with in industry-country-year as the dependent variable. The first column
import
regresses this dependent variable on Log import penetration, ( industry
× 100).
industry output
Moving from the least open to the most open industry-country results in 0.26 decrease
in the standard deviation of TFPR, which is about 28% of the the median of the
industry export
standard deviation of TFPR. On the contrary, export openness, ( industry
× 100),
output
has no significant effect on the dispersion of TFPR is shown in column 2. Column 3
includes both import penetration and export openness as regressors and we see that
both coefficients remain the same the estimates under columns 1 and 2.
11

There are 19 two-digit ISIC Revision 3 industries in the WBES data.
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Panel B of Table 3 reports the results using the ratio of 90th to 10th percentiles in
TFPR among firms within industry-country-year as the dependent variable. Again,
import penetration has statistically significant negative effect on dispersion of TFPR.
Moving from the least open to the most open industry-country leads to decrease in
TFPR dispersion by a magnitude of 26% of the median dispersion. Similar to the
result in panel A, export openness has no significant effect on dispersion of TFPR.
Table 4 shows similar result using TFPR obtained from estimation of gross
production function given in equation 6. Panel A uses the standard deviation of
TFPR among firm within industry-country-year as a measure of dispersion. The
results in columns 1 and 3 of panel A show that import openness is significantly
negatively related to dispersion in TFPR. The results in columns 2 and 4 show that
export openness is not significantly correlated with dispersion in TFPR. Panel B
of 4 uses the ratio of 90th to 10th percentiles of TFPR as measure of dispersion.
Import openness has a negative effect of this measure of dispersion, even though the
estimates are borderline statistically insignificant.
Overall, the estimates in table 4 are very similar to their counterparts in table 3
obtained from value-added production function, suggesting that our analysis is not
sensitive to specification of production function. The results in both tables clearly
shows that economies that are open foreign trade have less dispersion in TFPR
among plants within an industry, which suggests lower misallocation of resources
among plants and higher aggregate TFPR in these economies.

5.3

Markup level and dispersion

Similar to TFPR, I construct markup measure following different production function
specifications which yield different measures of output elasticity with respect to variable inputs. Most of my discussions will however be based on markups constructed
based on output elasticity with respect to labor derived from value-added production function and the labor share in value added. Table 5 presents the summary
statistics of within industry-country-year median markups constructed following
different methodologies. The first column reports the summary statistics for markup
constructed from the value-added production function. Columns 2 and 3 present
the summary statistics for markups constructed using revenue elasticities from gross
production function, and the last column presents revenue-cost markups (revenue per
cost). While all the markup measures are strongly correlated, the different measures
imply different levels of markup.
Table 6 shows how markup levels vary with openness measures. Column 1 shows
that average markup significantly decreases with import openness while Column
2 shows that export openness is not significantly correlated with average markup.
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Column 3 includes both import and export openness measures, and shows that
average markup is still significantly negatively related to import openness. Moving
from the least open to the most open industry-country-year cells decreases average
markup by 44% relative to average.
The central point of this paper is that markups cause distortion in output market
and may account for significant fraction of dispersion in TFPR. The larger the
level of markups and the higher its dispersion, the higher the extent of product
market distortion and TFPR dispersion. One would thus expect trade openness
would decrease not only markup levels but also its dispersion across firms within an
industry. Table 7 presents the effect of trade on dispersion in markups. Panel A
uses the within industry-country-year standard deviation (in logs) of markup as a
measure of dispersion. In column 1, we see that the standard deviation of markup is
significantly negatively related to import openness. Column 2 regresses the dispersion
in markup on export openness and shows that there is no statistically significant
relationship. Column 3 includes both import and export openness as regressors.
The result shows that import openness continues to have a strong negative effect
of markup dispersion. The point estimate implies that moving from the least open
to the most open observation decreases the standard deviation of markup by about
60% relative to the mean.
Panel B replicates the same analysis as panel A using the within industry-countryyear ratio of 90th percentile to 10th percentile markup as a measure of dispersion.
The results in columns 1 and 3 clearly show that import openness significantly
decreases the dispersion in markup.

6

Robustness exercises

In the main result, we estimate the production function parameters and TFP without
addressing the potential endogeneity in the choice of inputs, due to data limitation.
Our first robustness exercise is to see whether the main results are robust to estimating
production function parameters and TFPR using alternative approach, index-method.
According to this method revenue/value-added elaticities of factors are estimated
as the share of factor costs in the firm revenue/value-added, and by taking the
median or average across firms within industry-country. Because it is difficult to
calculate the cost of capital services, this approach is often combined with constant
returns-to-scale CRS assumption. Hsieh and Klenow (2009) employ this approach to
estimate TFP in their analysis.
Table A.2 presents the effect of openness on dispersion in TFPR estimated using
index method and value-added production function. Panel A uses the standard
deviation of TFPR as the dependent variable and the results clearly show that
16

import openness significantly decreases within industry dispersion in TFPR, but
there is no significant effect from export openness. Panel B conducts similar analysis
using the ratio of 90th to 10th percentiles of TFPR within industry. Again there is
significant negative relationship between this measure of dispersion in TFPR and
import openness. Moreover, note that the size of the point estimates in each panel
of table A.2 are almost identical to their counterparts reported in table 3 based on
regression based measure of TFPR.
Another concern in the main results reported in table 3 is that labor input is
measured as number of workers in the estimation of production function and TFPR.
This fails to take into account potentially significant difference in the quality/skill
of workers across countries.12 As a robustness check, we use labor cost, instead of
the number of workers, as a measure of labor input in estimating the production
function and TFPR.
Table A.3 reports the results based on labor cost as a measure of labor input
in production function estimation. In panel A the standard deviation of TFPR is
used as the measure of dispersion. The result shows that import openness has a
statistically significant negative effect on TFPR dispersion while export openness
has no significant effect. Panel B uses the ratio of 90th to 10th percentiles of TFPR
within industry as a measure of dispersion and shows that import openness has a
statistically significant negative effect on TFPR dispersion. Also, note that the point
estimates in table A.3 are almost identical to their counterparts in tables A.2 and 3.

7

Conclusions

In this paper, we build on existing theoretical models to argue that international
trade has a potential to increase aggregate productivity by affecting the second
moments of markup and productivity distributions across firms within an industry.
We empirically explore this hypothesis using firm level data from over 50 countries.
We show that trade openness reduces within industry resource misallocation across
firms by decreasing both the average level of markups as well as the second moments
of markups and TFPR within an industry. Lower within industry dispersion in
markups and TFPR imply lower misallocation of resources and higher aggregate
TFP.

12

Even though the production function parameters are estimated for each industry-country cells
separately, it is not certain that this would fully address the concern of difference in skill of workers
across countries.
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Table 1: Monotonicity of markups with productivity: firm-level regressions
Value-added PF

Gross PF
l
θisct
αlisct

l
θisct
αlisct

Revenue-cost approach

m
θisct
αm
isct

Revenue
Total costs

Panel A: Independent variable is TFPR VA
TFPR VA
N
R2
TFPR Gross
N
R2

0.196***
0.208*** 0.093***
0.147***
(0.017)
(0.018)
(0.014)
(0.014)
32332
32574
32483
30374
0.242
0.274
0.144
0.298
Panel B: Independent variable is TFPR Gross
0.183***
(0.021)
32696
0.200

0.304***
(0.021)
32696
0.304

0.177***
(0.037)
32855
0.171

0.183***
(0.024)
30704
0.286

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. All regressions also include three firm
size dummies: small (< 20 employees), medium (20-99 employees) and large (100 and
more employees). All the dependent variables are in log units so that the point estimates
can be interpreted as elasticity of markups with respect to TFP θX is revenue elasticity
with respect to variable input X. In the column 1 θX is estimated from a value-added
production function. In columns 2 and 3, it is estimated from Gross production function
X is the
as output elasticity with respect to labor and material inputs, respectively. αisct
share of expenditure on input X in firm revenue. In column 4, total cost is calculated as
the sum of material, labor, electricity and 0.1*replacement value of capital. There is slight
difference in the number of observations across columns due to missing values of some of
the variables needed to compute the dependent variable. * p < 0.10, ** p < 0.05, ***
p < 0.01

Table 2: Summary statistics of TFPR dispersion and openness measures
Value-added TFPR
SD
P1
0.389
P10
0.649
P25
0.782
P50
0.917
Mean 0.960
P75
1.102
P90
1.342
P99
1.966
SD
0.297

P90/P10
0.921
1.533
1.855
2.198
2.308
2.600
3.293
4.588
0.747

Gross TFPR
SD P90/P10
0.246
0.571
0.392
0.825
0.487
1.074
0.637
1.414
0.678
1.509
0.782
1.794
1.075
2.336
1.432
3.862
0.275
0.664

Log Openness
Import
1.110
2.684
3.337
4.244
4.193
5.053
5.588
8.380
1.298

Export
0.224
2.395
3.191
3.883
3.824
4.518
5.144
6.938
1.186

Notes: TFPR is in log values. P1, P10, P25, P50, P75, P90, and P99 represent the 1, 10,
25, 50, 75, 90, and 99 percentile values of the statistics. Import and Export openness are
import
industry export
measured as industry
industry output × 100 and industry output × 100, respectively.
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Table 3: Openness and dispersion in TFPR (VA PF) within country-industry-year
cells: The dependent variable is log standard deviation of TFPR (VA PF) and Panel
A and log (P90/P10) in Panel B.
Panel A: Dependent variable is Log (SD)
Log Import openness

-0.031**
(0.013)

Log Export openness

Log GDP-percapita
R2
Log Import openness

0.011
(0.016)

N
R2

0.011
(0.017)

-0.529
-0.557
(0.377) (0.388)
0.724
0.719
Panel B: Dependent variable

-0.539
(0.381)
0.724
is Log (P90/p10)

-0.069*
(0.039)

-0.069*
(0.039)

Log Export openness

Log GDP-percapita

-0.031**
(0.013)

-0.369
(1.180)
362
0.685

0.022
(0.032)

0.021
(0.033)

-0.428
(1.196)
362
0.680

-0.389
(1.188)
362
0.685

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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Table 4: Openness and dispersion in TFPR (Gross PF) within country-industry-year
cells: The dependent variable is log standard deviation of TFPR (Gross PF) and
Panel A and log (P90/P10) in Panel B.
Panel A: Dependent variable is SD
Log Import openness

-0.028**
(0.011)

Log Export openness

Log GDP-percapita
R2
Log Import openness

0.003
(0.015)

N
R2

0.003
(0.015)

-0.389
-0.407
-0.391
(0.344) (0.348)
(0.348)
0.731
0.725
0.731
Panel B: Dependent variable is P90/p10
-0.045
(0.030)

Log Export openness

Log GDP-percapita

-0.028**
(0.012)

-0.467
(0.869)
362
0.698

-0.046
(0.030)
-0.012
(0.032)

-0.013
(0.031)

-0.481
(0.867)
362
0.695

-0.455
(0.871)
362
0.698

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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Table 5: Summary statistics of median (within industry-country-year) markups
across countries and industries
Value-added PF

P1
P10
P25
P50
Mean
P75
P90
P99
SD

Gross PF

Revenue-cost approach

l
θisct
αlisct

l
θisct
αlisct

m
θisct
αm
isct

Revenue
Total costs

1.148
1.840
2.271
2.799
3.175
3.534
4.737
10.933
1.843

0.307
1.218
1.763
2.493
2.907
3.460
4.830
12.454
2.104

0.365
0.848
1.095
1.388
1.693
1.720
2.239
11.308
1.910

0.525
1.082
1.181
1.259
1.306
1.382
1.556
2.258
0.306

Notes: P1, P10, P25, P50, P75, P90, and P99 represent the 1, 10, 25, 50, 75, 90, and 99
percentile values of the statistics. θX is revenue elasticity with respect to variable input X.
In the column 1 θX is estimated from a value-added production function. In columns 2
and 3, it is estimated from Gross production function as output elasticity with respect to
X is the share of expenditure on input X in
labor and material inputs, respectively. αisct
firm revenue. In column 4, total cost is calculated as the sum of material, labor, electricity
and 0.1*replacement value of capital.

Table 6: Openness and average markup level: The dependent variable is log average
markup within country-industry-year cells

Log Import openness

(1)
-0.059*
(0.031)

Log Export openness

Log GDP-percapita
N
R2

0.358
(0.438)
370
0.726

(2)

(3)
-0.061**
(0.031)

-0.045
(0.028)

-0.047*
(0.029)

0.321
(0.439)
370
0.722

0.378
(0.427)
370
0.730

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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Table 7: Openness and dispersion in Markup within country-industry-year cells:
The dependent variable is log standard deviation of markup in panel A and log
(P90markup/P10 markup) in the Panel B.
Panel A: Dependent variable is Log (SD)
Log Import openness

-0.081**
(0.035)

-0.082**
(0.035)

Log Export openness

-0.017
(0.039)

Log GDP-per capita

0.095
0.027
(0.700) (0.705)
0.700
0.693
Panel B: Dependent variable

0.103
(0.694)
0.701
is Log (P90/p10)

-0.060**
(0.024)

-0.059**
(0.024)

R2
Log Import openness

Log Export openness

Log GDP-per capita
N
R2

-0.031
(0.448)
370
0.664

-0.020
(0.037)

0.014
(0.028)

0.012
(0.029)

-0.091
(0.464)
370
0.652

-0.036
(0.447)
370
0.664

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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Appendices
A

Using index/cost-share method to estimate production
function and TFP

Table A.1: Monotonicity of markups with productivity: TFP estimated using output
elasticities based on cost-share/index method.
Value-added PF
l
θisct
αlisct

Gross PF
l
θisct
αlisct

m
θisct
αm
isct

Revenue-cost approach
Revenue
Total costs

Panel A: Independent variable is TFP based on VA production function
TFP VA
N
R2
TFP Gross
N
R2

0.003**
0.293*** 0.071***
0.285***
(0.001)
(0.013)
(0.020)
(0.021)
33936
33936
33667
31526
0.759
0.300
0.128
0.465
Panel B: Independent variable is TFP based on Gross production function
0.003
(0.002)
33667
0.759

0.483***
(0.023)
33667
0.319

0.492***
(0.015)
33667
0.304

0.570***
(0.020)
31526
0.678

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard errors
clustered at country level in parenthesis. All regressions also include three firm size dummies:
small (< 20 employees), medium (20-99 employees) and large (100 and more employees). All the
dependent variables are in log units so that the point estimates can be interpreted as elasticity
of markups with respect to TFP θX is revenue elasticity with respect to variable input X. In
the column 1 θX is estimated from a value-added production function. In columns 2 and 3, it is
estimated from Gross production function as output elasticity with respect to labor and material
X is the share of expenditure on input X in firm revenue. In column 4, total
inputs, respectively. αisct
cost is calculated as the sum of material, labor, electricity and 0.1*replacement value of capital.
There is slight difference in the number of observations across columns due to missing values of
some of the variables needed to compute the dependent variable. * p < 0.10, ** p < 0.05, ***
p < 0.01

B

Using labor cost instead of number of workers
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Table A.2: Index Method: Openness and dispersion in TFPR (VA PF) within
country-industry-year cells: The dependent variable is log standard deviation of
TFPR (VA PF) and Panel A and log (P90/P10) in Panel B.
Panel A: Dependent variable is Log (SD)
Log Import openness

-0.032*
(0.018)

Log Export openness

Log GDP-per capita
N
R2
Log Import openness

-0.009
(0.022)
-0.230
(0.374)
362
0.700
Panel B:

N
R2

-0.155
(1.287)
362
0.625

-0.010
(0.022)

-0.475
-0.455
(0.592)
(0.583)
362
362
0.655
0.658
Dependent variable is Log (P90/p10)

-0.086*
(0.044)

Log Export openness

Log GDP-per capita

-0.036
(0.030)

-0.087*
(0.046)
-0.077
(0.056)

-0.078
(0.056)

-0.131
(1.302)
362
0.623

-0.081
(1.269)
362
0.627

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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Table A.3: Labor Cost approach: Openness and dispersion in TFPR (VA PF) within
country-industry-year cells: The dependent variable is log standard deviation of
TFPR (VA PF) and Panel A and log (P90/P10) in Panel B.
Panel A: Dependent variable is Log (SD)
Log Import openness

-0.030**
(0.013)

-0.030**
(0.013)

Log Export openness

0.007
(0.015)

Log GDP-per capita

-0.529
-0.552
(0.365) (0.374)
0.731
0.726
Panel B: Dependent variable

-0.535
(0.367)
0.731
is Log (P90/p10)

-0.072*
(0.039)

-0.071*
(0.040)

R2
Log Import openness

Log Export openness

Log GDP-per capita
N
R2

-0.334
(1.154)
362
0.688

0.007
(0.016)

0.007
(0.034)

0.006
(0.035)

-0.381
(1.165)
362
0.683

-0.340
(1.157)
362
0.688

Notes: All regressions include country, industry and year fixed effects. Bootstrap standard
errors clustered at country level in parenthesis. Openness measures are calculated at
ISIC-2digit level. Import openness is calculated as industry import divided by industry
output. Export openness is industry export divided by industry output. * p < 0.10, **
p < 0.05, *** p < 0.01
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