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Abstract

This paper estimates plant-level and aggregate markdowns in the Colombian man-
ufacturing sector, 1977-2020, using the “production approach” with plant-level mi-
crodata. Employers exercise a certain degree of labor market power, which has in-
creased over time. Using large-scale trade liberalization and tariff reforms as quasi-
experiments, we show that the tariff reduction and increased import competition in-
creased plant-levelmarkdowns. Themarkdowns are systematically higher for skilled
workers than for unskilled workers, but the effect of trade liberalization on mark-
downs concentrate on unskilled production workers, widening the wage gaps after
the trade liberalization.
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1 Introduction

Economists are growingly interested in firms’ labor market power and markdowns (the
wedge between wages andmarginal products of labor). In the U.S., employers enjoy la-
bor market power to some extent1, (e.g., Bassier et al. (2022), Berger et al. (2022)) and
the aggregate labormarket power in the U.S. manufacturing sector has been sharply in-
creasing since the early 2000s (Yeh et al. (2022)). Yet, there is little explanation for the rise
inmarkdowns.

This paper proposes one potential hypothesis: the increased import competition is
the driver for the increasing aggregate markdowns. To do so, this paper estimates em-
ployermarket power in the Colombianmanufacturing sector using plant-level data and
analyzes how it has changed over time after large-scale trade liberalization episodes in
the 1980s and the year 2010 that plausibly offer a quasi-experimental setting. The fact
that increasing import competitiondue toChina’s accession toWTOin2001corresponds
to the period of increasing markdowns in the U.S. manufacturing sector motivates this
hypothesis. 2 Colombian trade liberalization and increased exposure to import compe-
tition are comparable to or more sizable than the case in the U.S. or in other developed
countries.

Wefirst estimateplant-levelmarkdownsby“productionapproach”basedonDeLoecker
and Warzynski (2012); Yeh et al. (2022). The ratio of output elasticity with respect to
labor inputs and the revenue share of labor compensation reflects the wedge between
marginal products of labor and wages. The output elasticity with respect to labor is ob-
tained using the estimation techniques from the IO literature.3

Evidence shows that Colombian manufacturers have labor market power, an aver-
age markdown of 1.175 and that larger plants enjoy larger markdowns on average. The
aggregate markdowns have increased over time from 1977 to 2020, but the trend is not

1When the elasticity of the labor supply is finite, the labor market power of employers exists. There are
many different mechanisms that lead to finite labor supply elasticity. Search frictions and job differentia-
tions are the twomainmechanisms widely studied in the literature.

2However, limited access to the U.S. administrative data prohibits the analysis in the U.S. for the time
being.

3See Ackerberg et al. (2015), and De Loecker and Syverson (2021) to overview the literature.
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uniform, anda rise inmarkdowns seems toconcentrateon theperiodswhere theColom-
bianmanufacturing sector experienced increasing import competition. In contrast, the
measure of labor market concentration has a decreasing trend over time, implying that
there is no clear connection between concentration andmarket power.

We then use the estimated plant-level markdowns to investigate the effect of trade
liberalizations on markdowns. Using the quasi-experimental nature of the trade policy
changes, ourbaseline results showthatonepercentagepoint reduction innominal tariffs
is associated with a 0.14% increase in plant-level markdowns in the trade liberalization
in the 1980s and a 0.2 to 0.4 % increase in plant-level markdowns in the tariff reforms in
2010. This increase in markdowns greatly impacts wages, given the large scale of trade
liberalization in Colombia. Contrary to the plant-level markdowns, labor market con-
centration is not associated with tariff reductions.

We also exploremarkdowns for different types of workers and the heterogeneous im-
pactsof trade liberalizationon theirmarkdowns. Plant-levelmarkdownsare consistently
higher for skilledand/or administrativeworkers thanunskilledand/orproductionwork-
ers. The average plant charges markdowns of more than 1.5 for the former type, while
the average plant-level markdowns for the latter are around 1.17, which is close to the
baseline. The effect of trade liberalization on markdowns is very different for the differ-
ent types of workers. The point estimate is almost zero and statistically insignificant for
effect on markdowns for skilled workers. However, the effect of tariff reduction for un-
skilled workers is twice as high as the baseline results with homogeneous workers. This
result has an important implication for the distributional consequence of large-scale
trade liberalization, widening the wage gap between skilled and unskilled workers.

This paper aims to contribute to the literature on the evolution of labormarket power
over time. Yeh et al. (2022) quantify the markdowns in the U.S. labor market using the
“production approach” andfind an increasing trend since the early 2000s. However, they
do not provide sufficient reasons for the rise in markdowns in the paper. Berger et al.
(2022) develop a quantitative model of labor market monopsony that links markdowns
and labormarket concentration and find that there is a largemarkdown. However, there
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is a tight connectionbetweenworkers’ taste fordifferentiated jobs and local labormarket
concentration in the model, and therefore, they find that the aggregate markdown has
not increased over time because local labormarket concentration has indeed decreased
over time. This paper offers trade liberalization as a possible explanation for the recent
rise in labor market power, which is not a priori linked to themeasure of concentration.

Furthermore, thispapercontributes to the literatureonestimating labormarketpower
indeveloping countries. Labormarket institutions in low- andmiddle-incomecountries
differ substantially from those in high-income countries. Different papers have used
different empirical specifications to estimate labor supply elasticities and found a wide
range of estimates, implying that labor markets might or might not be more favorable
to employers than to employees. For the case of Colombia, Tartarolo and Zárate (2020)
use intermediate inputs as instruments for wages to estimate labor supply elasticity and
find 11% lower wages than the marginal products of labor. Amodio and de Roux (2022)
use exchange rate fluctuations combined with pre-determined export destinations as
a source of exogenous variation and find labor supply elasticity of about 2.5 and mark-
downs of about 1.4. This paper provides newestimates of labormarket power for hetero-
geneous workers at the plant level in Colombia. The production approach circumvents
the estimation of labor supply elasticity and directly obtains the plant-level markdowns
for different types of workers, which allows us to investigate the plant-level response in
markdowns, too.

Finally, this paper relates to the literature on trade liberalization andwage inequality
in developing countries. Many developing countries have implemented trade liberal-
izations, and many researchers have investigated the impact of globalization on wage
inequality, employment, and poverty. (e.g. Goldberg and Pavcnik (2007), Goldberg and
Pavcnik (2016)) The literature so far focusedon job losses due to import competition and
wage changes due to reallocation, especially in a perfectly competitive labor market as
in the neoclassical trade model. It has paid less attention to employers’ labor market
power as a source of wage inequality and poverty, although it has very different policy
implications. One exception is Felix (2021) who uses the framework of job differentia-
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tion and oligopsony in Berger et al. (2022) to investigate the effect of trade liberalization
in Brazil. However, due to the model’s property, the only source of markdowns is work-
ers’ taste for differentiated jobs interacted with firms’ local labor market concentration.
Indeed, our analysis finds that the tariff reduction is not associated with the rise in labor
market concentration while it increased the plant-level markdowns. This paper’s use of
the production approach does not assume tight theoretical links between concentration
and market power.4 The findings in this paper call for theoretical explanations that do
not map labor market concentration tomarket power and wagemarkdowns.

This paper is organized as follows. Section 2 explains the data used in the empirical
analysis, and Section 3 describes the empirical framework to obtain plant-level mark-
downs in the “production approach”. We show the estimates of plant-level markdowns
and the aggregate trend in Section 4. Section 5 reports the main results on the effect of
trade liberalization on the plant-level markdown, and Section 6 describes the pattern in
markdowns for skilled and unskilled (administrative and production) workers and how
they respond to the tariff reform in Colombia. Section 7 concludes.

2 Data

Themain dataset comes from the census of Colombianmanufacturing plants -Encuesta
Annual Manufacturera (EAM) - conducted annually by the National Statistical Admin-
istrative Department - Departmento Administrativo Nacional Estadistico (DANE). EAM
covers the period 1977-2020 and the universe of manufacturing plants with ten or more
workers. It contains detailed information on plant characteristics, such as the value of
production, expenditureson inputsandrawmaterials, thenumberofemployment,wages,
investment, and capital stocks. It contains information for approximately 7,000 plants
per year with unique identifiers.

However, between the years 1991 and 1992, the identifiers were reshuffled so that it
is impossible to link the plants that appeared in 1991 and 1992. Therefore, we treat the

4But it is important to note that it makes a different assumption; the availability of one flexible input
for production.
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plants before and after the year 1991 as different plants.
The other major change between 1991 and 1992 is the information on the categories

ofworkers. Until theyear1991, the typesofworkers reported in the surveywere skilled la-
bor andunskilled labor,whereas the typesofworkers after the year 1992wereproduction
workers and administrative workers. Most unskilled workers before 1991 were produc-
tion workers who engaged in manual tasks and were therefore classified as production
workers after 1992. Skilledworkers aremostlywhite-collarworkersbut also include tech-
nicians and/or engineers for the production process. Similarly, some unskilled work-
ers who engage inmanual administrative jobs were classified as administrative workers,
whosemajority are skilled white-collar workers. Because of this inconsistency of worker
classification over time, the sample is completely split before and after this changewhen
we analyzemarkdowns across heterogeneous worker types.

To construct variables, we follow the literature on production function estimation.
Capital, materials, and output deflators are used to construct consistentmeasures of in-
puts and outputs over time. We drop any observations with zero or negative capital, la-
bor costs, materials, energy, or sales values. Capital variables are constructed using the
perpetual inventory method. I also drop observations in the bottom 1% and top 1% of
labor’s share of revenue and material’s share of the revenue. Raval (2022) and Demirer
(2022) have detailed explanations to construct each variable.

3 Empirical Framework

3.1 Markdown Estimation

Measuring market power has been a central topic in Industrial Organization literature.
The commonapproach relies on the specificationof ademand system that governsprice
elasticities of demand and a supply system regarding how firms compete. Markups are
obtained through the first-order condition for optimal price setting in the model. (e.g.,
Berry et al. (1995) Nevo (2001) )

Alternatively, De Loecker and Warzynski (2012) propose the “production approach”
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to estimatemarkups using a first-order condition of costminimization problemwith re-
spect to a variable input of production, which is free from frictions and statically chosen
in a given period. Using production and cost data, this approach computes the plant-
level markup µit as:

µit = θmit (α
m
it )

−1,

where θmit is the output elasticity of such an input (raw material is often used) and αm
it is

its revenue share for a plant i at time t. The main intuition is that the wedge between
marginal costs reflected in the output elasticity and the actual expenditure reflected in
the revenue share of the input can reflect the market power. (See De Loecker and Syver-
son (2021), De Loecker et al. (2020), De Loecker andWarzynski (2012) for further discus-
sion.)

The production approach to estimatemarkups has beenwidely used in fields outside
of IO, especially international trade, labor, and macroeconomics. This paper takes this
approach to estimate plant-level markdowns in Colombia. Notably, Yeh et al. (2022) ex-
tend the production approach ofmarkup estimation to estimate plant-levelmarkdowns
in the U.S. manufacturing sectors. Since there is friction in the labor market, the ratio
of output elasticity of labor and wage payment share in revenue contains both product
market power (markups µit) and labor market power (markdowns νit). Specifically, we
have

θℓit(α
ℓ
it)

−1 = νitµit ⇔ νit = θℓit(α
ℓ
it)

−1/µit (1)

, where markup µit is obtained by using output elasticity and revenue share of a flexi-
ble input (e.g., raw material). Similar to De Loecker and Warzynski (2012), the set of as-
sumptions needed to estimate markdowns is the existence of at least one flexible input
that is chosen statically with a given price and no adjustment costs, and this method-
ology inherits themeasurement and identification challenges innate to the “production
approach” (Syverson (2019)). 5 6

One may worry about the difference between revenue-based output elasticities and
5But Yeh et al. (2022) extensively address these problems in the paper.
6Azar et al. (2022) uses IO type approach to estimate labor market power in the U.S.
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quantity-based elasticities when we calculate markdowns in this approach, and it con-
cerns because the census of Colombian manufacturing plants, as well as typical plant-
level datasets in other countries, do not contain output quantity information. However,
this difference does not matter for themeasurement of markdowns.

First of all, wage markdown is defined as the ratio of wage to the MRL (marginal rev-
enue of labor),

νit ≡
wit

MRLit

.

Under the assumption that thematerial is a flexible choice with a given price and no ad-
justment cost, thefirst-order conditionof theplant’s costminimizationproblem implies,

PM
it =

∂Rit

∂Qit

∂Qit

∂Mit

.

Therefore,MRLit is written as,

MRLit ≡
∂Rit

∂Qit

∂Qit

∂Lit

= PM
it

(
∂Qit

∂Mit

)−1
∂Qit

∂Lit

.

Using this expression, markdowns νit can be rewritten as,

wit

MRLit

=

(
witLit

PM
it Mit

)(
∂Qit

∂Mit

Mit

Qit

)(
∂Qit

∂Lit

Lit

Qit

)−1

=

(
witLit

PM
it Mit

)(
∂Rit

∂Mit

Mit

Rit

)(
∂Rit

∂Lit

Lit

Rit

)−1

=

(
witLit/Rit

θℓit

)(
θMit

PM
it Mit/Rit

)
= θℓit(α

ℓ
it)

−1/µit

which corresponds to the estimation formula (1). The second equality implies that the
use of revenue-based elasticities and use of quantity-based elasticities lead to the same
measure of markdowns.
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3.2 Production function estimation

To estimate plant-level markdowns, we need to estimate plant-level output elasticities
of a production function. Following Ackerberg et al. (2015) andDe Loecker andWarzyn-
ski (2012), we have to estimate the following production function parameters β for each
manufacturing sector:

yit = f(xit; β) + ωit + εit,

where xit is a vector of logged input variables, ωit is unobserved hicks-neutral total fac-
tor productivity, and εit reflects measurement error. We use a translog production func-
tion with capital, labor, rawmaterials, and energy as inputs (i.e., xit = (kit, ℓit,mit, eit)). 7

Therefore, we have

f(xit; β) = βKkit + βLℓit + βMmit + βEeit

+ βKLkitℓit + βKMkitmit + βKEkiteit + βLMℓitmit + βLEℓiteit + βMEmiteit

+ βKKk
2
it + βLLℓ

2
it + βMMm2

it + βEEe
2
it.

To deal with the endogeneity problem of unobserved productivity in the estimation, we
use rawmaterialsmit as a proxy for productivity ωit: mit = mt(ωit; kit, ℓit, eit, dt). With the
assumption that a plant’s optimal demand formaterial inputs is increasing in its produc-
tivity conditional on the values of capital, labor, energy, and a year-fixed effect dt, there
exists some functionht(·; kit, ℓit, eit, dt) such thatωit = ht(mit; kit, ℓit, eit, dt). Consequently,

7We estimate gross production functions rather than value-added production functions. Ackerberg et
al. (2015) and Gandhi et al. (2020) point out the identification issues of gross production function. In par-
ticular, Gandhi et al. (2020) show that the time-series variation in the prices for material inputs is critical
for identification under the proxy variable methodology. The dataset in this paper spans more than 40
years, so it is plausible that there is sufficient variation inmaterials prices. Alternatively, Flynn et al. (2019)
show that point identification is achieved when the returns to scale of the production function are known
or pre-specified. On the other hand, relying on the input price variation can be problematic when there
are differences in the quality of purchased inputs. Therefore, we assume constant returns to scale for the
benchmark result.
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the production function can be written as

yit = f(xit; β) + ht(mit; kit, ℓit, eit, dt) + εit

= ϕt(xit, dt) + εit.

The estimation procedure consists of two stages. First, we estimate ϕit nonparametri-
cally with a third-degree polynomial in xit and obtain the fitted values ϕ̂it. Secondly, by
using the assumption that unobserved productivity ωit follows a Markov process, ωit =

gt(ωit−1)+ ξit, we construct a set ofmoment conditionswith a set of instruments to iden-
tify β:

E(ξitzit) = 0.

More specifically, given the candidate value of β, productivity is calculated as

ωit(β) = ϕ̂it − f(xit; β).

Then, the idiosyncratic productivity shock can be constructed as a function of β:

ξit(β) = ωit(β)− ĝ(ωit−1(β))

, where ĝ() is a third-order polynomial approximationof the function g(), that is obtained
simply by regressing ωit(β) on ωit−1(β), ωit−1(β)

2, ωit−1(β)
3, and a constant term. The set

of instruments zit is defined as the vector of one-period lagged values of every polyno-
mial term in the translog production function, except that the current value kit is used
for capital. That is,

zit = (kit, ℓit−1,mit−1, eit−1, kitℓit−1, kitmit−1, kiteit−1, ℓit−1mit−1, ℓit−1eit−1,mit−1eit−1, k
2
it, ℓ

2
it−1,m

2
it−1, e

2
it−1)

A standard GMMestimation is used to obtain β byminimizing a quadratic loss function
for the sample analog of the moment conditions E(ξit(β)zit) = 0. The production pa-
rameters β are estimated for each manufacturing sector, and the corresponding output

10

Electronic copy available at: https://ssrn.com/abstract=4466666



elasticities for labor andmaterials are obtained as:

θ̂Lit = β̂L + β̂KLkit + β̂LMmit + β̂LEeit + β̂LLℓit

θ̂Mit = β̂M + β̂KMkit + β̂LMℓit + β̂MEeit + β̂MMmit.

Note that the translog production function is a second-order log approximation of any
arbitrary production function, and its output elasticities differ across plants with differ-
ent levels of input usage. When we use the Cobb-Douglas production function, output
elasticities are all constant. This specification is nested within the translog production
function. As is shown later, the variance of output elasticities for labor inputs is substan-
tial, which implies that using flexible translog specification is empirically important to
capture the heterogeneity in production technology across plants.

Plant-levelmarkups are calculated by using the output elasticity formaterials θ̂Mit and
the revenue share of material inputs αM

it from the formula:

µ̂it ≡ θ̂Mit (α
M
it )

−1.

Then, plant-levelmarkdowns are obtained by using the output elasticity for labor θ̂Lit, the
revenue share of labor αL

it, and the estimatedmarkups as:

ν̂it = θ̂Lit(α
L
it)

−1/µ̂it.

4 Plant-level Markdowns and the Aggregate Trends

In this section, we present the results of the markdown estimation and the aggregate
trend of labor market power in Colombianmanufacturing sectors over time.

4.1 Plant-level markdowns

Table 1 summarizes the result of plant-level markdown estimation for each manufac-
turing sector. The average establishment charges a markdown of 1.175, and the median
establishment charges amarkdown of 1.075 throughout the sample period. This implies
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Table 1: Plant-Level Markdowns

Manufacturing Sector Median Mean IQR75−25 SD
Food, tobacco, and beverages 1.253 1.367 0.844 0.561
Textiles 1.031 1.024 0.395 0.255
Apparels 0.901 0.902 0.230 0.186
Wood products 0.947 0.931 0.151 0.141
Furniture 0.976 1.027 0.392 0.309
Paper 1.485 1.517 0.660 0.461
Printing 1.087 1.105 0.368 0.271
Chemicals 0.931 0.917 0.438 0.263
Petroleum 2.592 2.937 1.897 1.562
Rubber 1.008 1.032 0.406 0.309
Plastic 1.219 1.253 0.635 0.420
Nonmetal products 1.299 1.365 0.630 0.427
Iron and steel 1.046 1.061 0.446 0.322
Non-ferrousmetals 2.190 2.457 1.867 1.488
Metal products 1.199 1.232 0.465 0.333
Non-electrical machinery 1.047 1.062 0.385 0.261
Electrical equipment 1.199 1.223 0.402 0.306
Automobiles and transportation equipment 1.226 1.205 0.346 0.213
Other manufacturing products 1.248 1.386 0.780 0.658
Total 1.075 1.175 0.502 0.476

that the worker receives around 85 and 93 percent of the unit value they generate in the
average andmedian establishment, respectively.

Thesenumbersofmarkdownsare smaller than theestimates fromAmodioanddeRoux
(2022), who estimate labor market power in the Colombianmanufacturing sector. They
directly estimate labor supply elasticity by using a quasi-experiment and find an aver-
age plant-level labor supply elasticity of around 2.5 and a wage markdown of 1.4. How-
ever, they are larger than the estimates from Tartarolo and Zárate (2020), who show in a
different empirical specification that the average workers receive 89 percent of the unit
marginal value they generate. As for theU.S.manufacturing sectors, Yeh et al. (2022) find
a larger averagemarkdown of 1.53.

There is a large variation in markdowns across sectors and plants. For example, in
the petroleum sector, the median plant charges a markdown of 2.59, implying that only
about 40 percent of marginal products of labor are paid to workers as wage payments.
Within industry, the interquartile range and standard deviation of markdowns are 0.502
and 0.476. This suggests that there is heterogeneity in markdowns across plants. Id-
iosyncratic factors such as firm heterogeneity in productivity, worker heterogeneity in
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human capital, and job-match heterogeneity are likely to be related to this heterogene-
ity inmarkdowns.

Table 2: Estimates of markdowns on employment size

(1)
Employment size bin Markdowns
less than 10 0

(.)
10-49 0.0611

(0.0227)**
50-99 0.173

(0.0496)***
100-149 0.233

(0.0583)***
150-199 0.264

(0.0621)***
200-349 0.287

(0.0714)***
350-499 0.323

(0.110)***
500-649 0.287

(0.112)**
650-799 0.194

(0.0989)*
800- 0.285

(0.146)*
Constant 1.068

(0.0315)***
Observations 259762
The regression specification contains fixed
effects at the region, industry, and year level.
Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

To investigate markdown heterogeneity, we first regress plant-level markdowns on
plant-level employment size, controlling the region, industry, andyear-fixedeffects. Em-
ployment size is categorized into ten groups according to the EAM’s employment size
category. 8 Table 2 documents the regression results. Markdowns increase as employ-
ment increases up to plants with 500 workers. While establishments with less than 50
workers charge almost unitary markdowns, large establishments with more than 100

8Although it is important to control for age to examine size effects, the information on plant age is not
available consistently in the dataset. (Haltiwanger et al. (2013)) The correlation between size and age is
large, and they confoundoneanother. However, Yehet al. (2022) show that the relationshipbetweenmark-
downs and plant age is not robust while markdowns aremonotonically increasing in size.
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workers charge an average of 20 to 30 percent higher markdowns. In such establish-
ments, aworker receives only 77 percent of themarginal products of labor they produce.

Next, followingYeh et al. (2022), we conduct variancedecomposition analysis. In nat-
ural logs, markdowns are additively separable as

ln(vit) = ln(θℓit)− ln(αℓ
it)− ln(µit)

where θℓit is the plant-level elasticity of output with respect to labor, αℓ
it is a revenue share

of labor, and µit is the markup in the product market. Therefore, the variance of mark-
downs is decomposed as

V (ln(vit)) = V (ln(θℓit)) + V (ln(αℓ
it)) + V (ln(µit))

− 2[Cov(ln(θℓit), ln(α
ℓ
it))− Cov(ln(αℓ

it), ln(µit)) + Cov(ln(θℓit), ln(µit))]

Table 3 shows which term is important to account for the variance of markdowns. Het-
erogeneity in markdowns is largely explained by heterogeneity in output elasticity and
revenue share rather than heterogeneity in markups. The variances of output elasticity
and revenue share are more than twice as large as that of markdowns.

Table 3: Variance decomposition of markdowns

Variance
Markdown νit 0.134
Elasticity θℓit 0.231
Revenue share αℓ

it 0.437
Markups µit 0.092

Covariance
θℓit, αℓ

it 0.264
αℓ
it, µit -0.016

θℓit, µit 0.033

This finding highlights the importance of our translog production function specifica-
tion. Ifweuse theCobb-Douglas production function, the variance of output elasticity is
zero by construction, and as a result, onemaymiss themain determinants ofmarkdown
variation in analysis.
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4.2 Trends in Aggregate LaborMarket Power

In this subsection, we investigate time trends in aggregate markdowns to see whether
labor market power in the Colombian manufacturing sector has increased over time.
Following De Loecker et al. (2020) for the calculation of aggregate markups in the U.S.,
aggregate markdowns are obtained as weighted averages based on sales: 9

Vt =
∑
i∈Pt

ωitvit

where Pt denotes the set of active plants in year t and ωit is a sales-weight of plant i.

Figure 1: The Evolution of AggregateMarkdown

Note: The confidence interval for the aggregate markdown is calculated
by the nonparametric bootstrap procedure with 200 simulations.

Figure 1 illustrates the resulting time trendof aggregatemarkdownsVt. The aggregate
markdowns have increased over time from 1977 to 2020. There is a large increase in ag-
gregate markdowns in the 1980s and the early 2000s. From 1980 to 1990, the aggregate
markdownswent up from1.02 to 1.25. After the declining trend in the 1990s, it increased
again from 1.20 in 1999 to 1.32 in 2001. After this jump, the aggregate markdowns have
stayed constant, with a small dropduring thefinancial crisis followedby a slight increase

9Yehet al. (2022)use adifferent formula toobtainaggregatemarkdowns. Theyuseaweightedharmonic
average to obtain markdowns at the local labor market level. Then they take a weighted average of them.
We also calculated the aggregate markdowns using their formula and obtained the same trend over time.
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after the year 2010.
The stark increase in the aggregate markdown in the early 2000s is observed in the

U.S.manufacturing sector, too. In the baseline calculation of Yeh et al. (2022), they show
that the aggregate markdown went up around 20 % in the 2000s. Although they did not
provide explanations for possible mechanisms behind it, this period corresponds to the
sharp increase in import competition fromChina. Thismotivates analysis for the follow-
ing section. In the Colombian case, there were a large trade liberalization in the 1980s
and the tariff reform in 2010. During these periods, the aggregate markdowns have in-
creasing trends. We show that tariff reductions are associated with the rise of plant-level
markdowns and, thus, the aggregate markdowns in Section 5.

Measures ofmarket concentrations are widely used as proxies formarket power. The
Herfindahl-Hirshman index (HHI) is a canonicalmeasure to summarize the level of con-
centration either in the output or input market, and it has gained popularity in research
on labormarket power. Especially, Berger et al. (2022) construct themodel of labormar-
ket oligopsony, which is a labormarket counterpart to Atkeson and Burstein (2008), and
show that Herfindhal indices of payroll are sufficient statistics to measure aggregate la-
bor market power. Using their model, Felix (2021) shows that Brazilian trade liberaliza-
tion increased firms’ labormarket power because of higher labormarket concentration.
However, concentration is not necessarily a synonym for market power. To see this, we
compare these two by calculating the HHI for labor markets in a standard way:

HHImt =
∑
i∈Pmt

(
Lit

LPmt

)2

where LPmt =
∑
i∈Pmt

Lit,

, Pmt is a set of plants in a marketm at time t, and Lit is a plant-level employment. The
aggregate HHI is calculated as a weighted average of market-level HHI using market-
level employment as weight. Each market is defined as region-product (ISIC four-digit
level) for the main specification. Although each region might be bigger than the usual
notion of commuting zones, detailed plant location information is unavailable. When a
market is defined as a national industry as in Autor et al. (2020) or defined at ISIC three-
digit industry level, the qualitative results below do not change.
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Figure 2: AggregateMarkdowns and LaborMarket Concentration

Note: The levels in 1981 are normalized to one. The market concentra-
tion index is available from 1981 due to the availability of plant region
information.

Figure 2 plots the evolution of aggregate markdowns and the concentration index.
They are normalized to 1 in 1981. 10 There is a huge drop in labor market concentration
between the late 1980s and the early 1990s, and it has been stable afterward. For some
periods, the concentrationmeasure and aggregatemarkdowns have the same trend, es-
pecially in the 1990s and the 2010s, but there is a negative relationship in the late 1980s
and the 2000s. These patterns suggest that market concentration does not always cor-
respond to labormarket power and thus does not work as sufficient statistics for the ag-
gregate markdowns.

5 Trade liberalization

In this section, we analyze the effects of trade liberalization in Colombia on plant-level
markdowns. Colombia experienced two large-scale trade reforms in the 1980s and in
2010, and their tariff reforms are arguably quasi-experiments that enable us to study the
effects of tariff reductions on the labor market outcomes.

10The location information is available since 1981.
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5.1 Early trade liberalization in Columbia, 1984-1991

Between 1985 and 1991, Colombia reduced tariff and non-tariff barriers after decades
of import-substitution policies and increased protection during the early 1980s. While
manufacturing sectors enjoyed high levels of protection with an average tariff of 50 %, it
dropped from 50% to 13% from 1985 to 1991. There were large tariff variations over time
and across sectors, and tariff reductions in that period and initial pre-liberalization tariff
rateshavea strong relationship. This episodeof trade liberalizationhasbeenwidelyused
to evaluate the effects of trade liberalization in the context of developing countries. (For
example, Goldberg and Pavcnik (2005) and Attanasio et al. (2004) )

Figure 3: Tariff decline 1984-1991 and pre-liberalization tariffs in 1983

Note: Each dot represents one product from ISIC code at four-digit level.
Source: Departamento Nacional de Planeación

Figure 3 shows the strongnegative relationship between the 1984–1991 tariff changes
and the initial, pre-liberalization tariff rates. The most protected product categories in
1983 faced a tariff rate of more than 100%, but the change in tariffs for such sectors was
substantial and the rate dropped by almost 100 %. In contrast, for the least protected
product categories, there was little change in their tariff rates during the period.

The empirical approach relates the change in the plant-level markdowns before and
after the trade liberalization to changes in tariff rates in percentage points. In particular,
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Table 4: Plant-level markdowns and tariff reductions, 1984-1991

Change in (1) (2) (3) (4) (5) (6)
markdowns OLS OLS OLS IV IV IV

Tariff changes -0.00139 -0.00132 -0.00110 -0.00105 -0.00106 -0.000844
(0.000457)∗∗∗ (0.000446)∗∗∗ (0.000437)∗∗ (0.000399)∗∗∗ (0.000394)∗∗∗ (0.000386)∗∗

Industry FE YES YES YES YES YES YES
Size Control NO YES YES NO YES YES
Region FE NO NO YES NO NO YES

Observations 2519 2519 2519 2519 2519 2519
Standard errors are clustered at an industry level and reported in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

we estimate the following equation:

∆ ln(vi,84−91) = β0 + β1∆Ts(i),84−91 +Xγ + εi. (2)

where∆Ts(i),84−91 is a tariff change in a product category s to which a firm i belongs and
X is a vector of controls.

Table 4 reports the estimation results. Column (1) shows the effect of the tariff re-
duction on the change in the plant-level markdowns, which is negative and statistically
significant. A one percentage point more tariff reduction is associated with a 0.14 per-
cent increase in plant-level markdowns. The average tariffs in the wholemanufacturing
sector dropped from 50% to 13% between 1984-1991. Based on the estimation results, a
37 percentage points tariff reduction is associated with an increase in plant-level mark-
downs by 5.18 percent. Starting from the average plant-level markdown of 1.175, this
increase leads to a markdown of 1.236. As a result, the shares of marginal products of
labor that a worker receives fall from 0.851 to 0.809.

Column (2) controls plant size, and Column (3) controls region-fixed effects. The es-
timates do not change much, and the effects are both statistically significant. Column
(4) to (6) contains the 2SLS estimates using pre-liberalization tariff levels as an instru-
ment for the tariff changes. The estimated effects become smaller from 0.139 percent to
0.105 percent, comparing Column (1) and Column (4), but the effects are negative and
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Table 5: Labor market concentration and tariff reductions, 1984-1991

(1) (2) (3) (4) (5) (6)
Change in HHI National National Local Local Local Local

OLS IV OLS OLS IV IV
Tariff changes -0.000895 -0.000766 -0.000432 -0.000463 -0.000206 -0.000243

(0.000552) (0.000573) (0.000466) (0.000471) (0.000491) (0.000484)
Region FE - - NO YES NO YES
Observations 76 76 530 530 530 530
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

statistically significant.
To relate thechange inmarkdowns to thechange inmarket concentrations,we regress

the change in the HHI for labor markets on the tariff changes as in equation (2). Table
5 shows the results. Neither national labor market concentration nor local labor market
concentration is associated with the tariff change. The estimated coefficients are small
and not statistically significant for all specifications using pre-liberalization tariff levels
as instruments or with regional fixed effects for local labormarket concentration. These
findings indeedcontrastwith thefindings fromBrazilian trade liberalization. Felix (2021)
finds that tariff reductions inBrazil increasedfirms’monopsonypowerbecause the labor
market concentration increased. This implies that the findings in the Colombian man-
ufacturing sector contrast with a Cournot oligopsony model with job differentiations,
and themarket concentration index does not work as sufficient statistics for the change
in plant-level markdowns, as mentioned in Section 4.

5.2 Late trade liberalization episode: the tariff reforms in 2010-2011

There are only a few studies that used the tariff reform that took place in 2010. The pur-
pose of this reformwas to simplify customs administration by reducing tariff dispersion
and speeding up economic growth, generatingmore employment and reducing poverty,
according to the Ministry of Commerce, Industry, and Tourism. Import tariffs are set
to 15% for consumer goods, 10% for raw materials and capital for agriculture, or 5% for
raw materials and capital goods for industrial use. Such adjustments reduced the aver-
age nominal tariff from 12% to 8%, and the change in tariff schedules was highly cor-
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related with the levels before the reform and orthogonal to other sectoral shocks (see
Meleshchuk and Timmer (2020)). This implies that the reform was not to protect spe-
cific industries but to reduce the dispersion in tariffs for all goods simply.

Figure 4: Tariff decline due to the 2010 reform and tariff levels before the reform

Note: Each dot represents one product from ISIC code at four-digit level.
Source: Departamento Nacional de Planeación

Figure 4 plots the relationship between tariff levels in 2010 and the change in tariffs
between2010-2011due to the tariff reform. The good-specific reduction in tariffs in 2011
was highly correlated with the pre-reform level of the tariffs.

Unlike the early episode of trade liberalization in the 1980s, this reform took place
only within a year, and tariff levels after the reform have remained constant. There-
fore, we can identify the dynamic effects of tariff reductions by using the following cross-
sectional regressions:

ln(vit)− ln(vi,2010) = β0 + β1∆Ts(i),2010−2011 +Xγ + εi (3)

where t takes theyears2008, 2009, 2011, 2012, 2013, 2014, 2015, and2016, and∆Ts(i),2010−2011

is the changes in the tariffs between 2010 and 2011 for the product category towhich the
plant i belongs.

Figure 5 shows the coefficient for the change in plant-levelmarkdowns and 90% con-
fidence intervals from the regressions. The changes in markdowns between 2008-2010
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Figure 5: Dynamic response of plant-level markdowns to the 2010 tariff reform

Note: This figure plots the estimated coefficients of a regression equa-
tion with 90% confidence intervals. The left-hand side variable is the
log difference between markdowns in year t indicated on the horizon-
tal axis and markdowns in 2010. All the regressions include controls for
industry-fixed effects, plant employment size, and region-fixed effects.

andbetween 2009-2010 are not statistically significant and, thus, not associatedwith the
tariff reduction in 2010. This result can be interpreted as a placebo test. Although the
change inmarkdowns after the reformwas not immediate, the effect of the tariff reform
on plant-levelmarkdowns is statistically significant after 2012. One percentage point re-
duction of import tariffs is associated with a 0.2 percent increase in markdowns in 2012
and a 0.4 percent increase in 2016. The effect of tariff changes is larger than the effect
of the early trade liberalization in the 1980s, but the average tariff change due to this re-
form was from 12% to 8%. Therefore, the effects on plant-level markdowns are small on
average.

Similar to the case of the early trade liberalization, we estimate the effect of the tar-
iff reform on the labor market concentration by replacing the left-hand side of equation
(3) with national and local HHIs. Figure 6 plots the coefficient for the change in national
labor market concentration (Left) and local labor market concentration (Right). The es-
timated coefficients are small and not statistically significant. The dynamic response is
slightly increasing over time, which implies that the tariff reform reduced the concen-
tration, although the estimated coefficients are all statistically insignificant. This finding
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confirms the results of the early trade liberalization and that the increase inmarkdowns
is not associated withmarket concentration.

Figure 6: Dynamic response of labor market concentration to the 2010 tariff reform

Note: These figures plot the estimated coefficients of a regression equation with 90% confidence intervals. The left-hand side
variable is the difference between HHI in year t indicated on the horizontal axis and HHI in 2010.

In sum, the results fromboth the early and late trade liberalization suggest that plants
that have beenmore exposed to the decline in tariffs and increased import competition
increased theirmarkdownsmore than other plants, while labormarket concentration in
more affected sectors did not change much compared with less affected sectors before
and after the tariff reductions.

6 Heterogeneous Labor

6.1 Plant-level markdowns

This section investigates the heterogeneity in plant-level markdowns across two types
of labor. As mentioned in Section 2, the EAM changed the classification of workers in
1992. From 1977 to 1991, we have skilled and unskilled workers, whereas from 1992
to 2020, we have production and administrative workers. We split the sample before
and after 1992 and estimate the translog production function with five inputs(capital,
skilled(administrative) workers, unskilled(production) workers, raw materials, and en-
ergy). Plant-level markdowns for each worker type are obtained using the estimates of
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output elasticities and observed revenue shares of compensation for each worker cate-
gory.

Table 6: Plant-Level Markdowns (Heterogeneous labor): 1977-1991

MeanMarkdowns
Skilled UnSkilled

1977 1.423 1.011
1978 1.420 1.006
1979 1.464 1.033
1980 1.501 1.063
1981 1.603 1.123
1982 1.566 1.112
1983 1.571 1.128
1984 1.659 1.173
1985 1.661 1.206
1986 1.664 1.212
1987 1.674 1.219
1988 1.757 1.280
1989 1.767 1.306
1990 1.803 1.333
1991 1.801 1.347
Total 1.628 1.175

Table 6 shows mean estimated markdowns by year for skilled and unskilled workers
between 1977-1991. First and foremost, allowing for labor heterogeneity reveals the het-
erogeneity in markdowns for different skill groups. Markdowns for skilled workers are
much higher than the baseline in Table 1. During the sample period between 1977-1991,
the average plant charges amarkdown of 1.628, and a skilled worker receives 64 percent
of the marginal products of labor they produce. On the other hand, markdowns for un-
skilled workers correspond closely to the baseline.

Table 7 showsmean estimatedmarkdownsby year for administrative andproduction
workers between 1992-2020. Thepattern ofmarkdowns is similar to Table 6. Markdowns
for administrative workers are much higher than those for production workers.

It is noteworthy that there is no such difference in markdown estimates from Yeh et
al. (2022) for production and nonproduction labor in the U.S. manufacturing sectors.
They find little evidence of any systematic difference in markdowns between the two
groups and argue that production and nonproduction workers in the U.S. are not syn-
onyms for low- and high-skill workers, and the U.S. production workers include many
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Table 7: Plant-Level Markdowns (Heterogeneous labor): 1992-2020

MeanMarkdowns
Administrative Production

1992 1.990 1.159
1993 2.008 1.169
1994 1.907 1.161
1995 1.839 1.162
1996 1.814 1.175
1997 1.738 1.153
1998 1.728 1.171
1999 1.692 1.170
2000 1.830 1.189
2001 1.879 1.201
2002 1.871 1.202
2003 1.923 1.208
2004 2.007 1.214
2005 2.009 1.203
2006 2.034 1.202
2007 2.030 1.212
2008 1.966 1.202
2009 1.916 1.176
2010 1.928 1.176
2011 1.935 1.172
2012 1.966 1.184
2013 1.924 1.192
2014 1.910 1.196
2015 1.891 1.210
2016 1.911 1.214
2017 1.836 1.214
2018 1.846 1.217
2019 1.828 1.224
2020 1.742 1.220
Total 1.893 1.190

highly-skilled craftspersons, inspectors, and product developers. In addition, Azar et al.
(2022) find little difference in labormarket power between higher- and lower-paying oc-
cupations.

This does not seem to be the case in Colombia. Unskilled and/or production work-
ers are subject to much lower markdowns. It is plausible that markdowns are lower be-
cause low-skilled workers should have a much easier time finding outside employment
options. Some possible reasons for it are that their tasks are more general than skilled
and/or administrative workers and that there are many more alternative opportunities
for employment.
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Table 8: Plant-level markdowns and tariff reductions, 1984-1991

Change in (1) (2) (3) (4)
Markdowns Skilled Unskilled Skilled Unskilled

OLS OLS IV IV
Tariff Changes -0.000346 -0.00222 -0.0000431 -0.00228

(0.000618) (0.000821)∗∗∗ (0.000651) (0.000778)∗∗∗
Industry FE Yes Yes Yes Yes
Size Control Yes Yes Yes Yes
Region FE Yes Yes Yes Yes
Observations 2100 2100 2100 2100
Standard errors are clustered at an industry level and reported in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

6.2 The effect of tariff changes onmarkdowns

Tosee theheterogeneouseffectsof trade liberalizationonmarkdowns fordifferentworker
types, we run the same regressions in Section 5.

Table 8 summarizes the results for Equation (2). Columns (1) and (3) show the re-
sults for skilled labor and Columns (2) and (4) show the results for unskilled labor. Pre-
liberalization tariff level is used to instrument the tariff changes for Columns (3) and (4).

The effect of the tariff changes onmarkdowns for skilled labor is very small and statis-
tically insignificant. The point estimates are of smaller order than in Table4. In contrast,
the plant-level markdowns for unskilled workers increased after the trade liberalization.
The point estimates are negative and statistically significant. Comparing Column (2) (-
0.0022)withColumn (3) of Table4 (-0.0011), the effect is twice as large for unskilledwork-
ers as in the specification of homogeneous labor. Whenwepool heterogeneousworkers,
the the estimated effect of tariff reduction on unskilled workers is mitigated because of
smaller effects on skilled workers.

Figure7and8summarize theestimation resultsof (3), thedynamic responseofplant-
level markdowns for administrative workers and production workers to the 2010 tariff
reform.

Similar to the early trade liberalization in the 1980s, the response to the 2010 tariff re-
forms is substantially different for administrative and production workers. The change
in the plant-level markdowns for administrative workers is not significantly associated
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Figure 7: Dynamic response of plant-level markdowns (Administrative worker)

Note: This figure plots the estimated coefficients of a regression equa-
tion with 90% confidence intervals. The left-hand side variable is the
log difference between markdowns in year t indicated on the horizon-
tal axis and markdowns in 2010. All the regressions include controls for
industry-fixed effects, plant employment size, and region-fixed effects.

Figure 8: Dynamic response of plant-level markdowns (Production worker)

Note: This figure plots the estimated coefficients of a regression equa-
tion with 90% confidence intervals. The left-hand side variable is the
log difference between markdowns in year t indicated on the horizon-
tal axis and markdowns in 2010. All the regressions include controls for
industry-fixed effects, plant employment size, and region-fixed effects.

with the tariff reduction in 2010. The estimated coefficients are not statistically signifi-
cant except for the year 2008 and fluctuate around zero. On the other hand, the effects
on markdowns for production workers are statistically significant after the tariff reform
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in 2010, and the statistical insignificance of the coefficients for the years 2008 and 2009
work as the placebo tests.

The results suggest that trade liberalization and import competition affect only the
markdowns of unskilled and/or production workers, not those of skilled and/or admin-
istrative workers. This finding has an implication for the distributional consequences of
trade liberalization. Many researchers find that wage inequality widens after trade liber-
alization in developing countries. (See Goldberg and Pavcnik (2016) for the summary of
the literature.) This is the case for Colombia, too. Attanasio et al. (2004) find an increase
in the skill premium after the drastic tariff reduction of the 1980s. However, the previous
studiesmainly focus on the theoretical implications from the Hecksher-Ohlin type neo-
classicalmodel inwhich the sectoral reallocation and the change in the return to human
capital would be the main driver for the increase in the skill premium. The findings in
this paper address another mechanism behind the increasing wage inequality after the
trade liberalization. The increase in markdowns for unskilled workers combined with
no changes in markdowns for skilled workers implies that the wage inequality between
skilled and unskilled workers increases due to tariff reduction. 11 Wage inequalities in a
perfectly competitive labor market, as in the neoclassical trade model, and inequalities
due to markdowns from imperfect labor markets, also have very different policy impli-
cations. The first requires compensating workers who are forced to change or lose jobs,
whereas the latter also requires addressing the inefficiencies in the labor market and fa-
cilitating reducing search costs for workers and/or local labor market concentration.

7 Conclusion

This paper estimates plant-level and aggregate markdowns in the Colombianmanufac-
turing sector, 1977-2020, using the “production approach” with plant-level microdata.
Employers exercise a certain degree of labor market power, and it has increased over
time. Using large-scale trade liberalization and tariff reforms, we show that the tariff re-

11This increase in labormarket power is in line with the findings in Felix (2021) for Brazilian trade liber-
alization.
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duction and increased import competition increasedplant-levelmarkdowns. Themark-
downs are systematically higher for skilled workers than for unskilled workers, but the
effect of trade liberalization onmarkdowns concentrates on unskilled productionwork-
ers, widening the wage gaps after the trade liberalization.

The paper leaves several important works undone for future research. First and fore-
most, it is worth building a theoretical model to investigate the mechanism underlying
the empirical findings between trade liberalization and increased labor market powers.
Search frictions and job differentiation with the oligopsonistic competition are the two
main mechanisms widely studied in the macro labor literature. However, our empirical
findings of no connection between markdowns and labor market concentration during
the trade liberalization contradict with the theoretical model of job differentiation with
the oligopsonistic competition. It may explain the finding that markdowns for skilled
workers are consistently higher than those for nonskilled production workers because
skilled jobs are often more differentiated, and their tasks are less general than manual
production tasks. But, the change inmarkdowns is concentrated on productionworkers
and without a rise in labor market concentration.

On the other hand, in a search model, such as Burdett and Mortensen (1998), work-
ers accept low-wage job offers because they search for and move up to better jobs later.
In developing countries, manufacturing sectors tend to be popular among low-skilled
workers and thus at higher rungs of the job ladder for them. If manufacturing jobs are at
a low rung for skilled workers and at a high rung for nonskilled workers, themarkdowns
wouldbehigher for skilledworkers than forunskilledworkers. Trade liberalizationmight
have lowered the relatively high position of production workers’ job ladders in themost
affected sectors, but not the already low position of nonproduction workers’ job ladder,
keeping their markdowns unaffected. This is a possible explanation consistent with our
empirical findings. In the trade literature, there is little theoretical or quantitative work
on labor market power and the consequences of trade liberalization, especially for dif-
ferent skill groups. Extending a macro labor model of labor market monopsony power
with search frictions by incorporating international trade and different types of workers
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is a possible next step in this direction so that one can account for our empirical findings,
i.e., highermarkdowns for high-skilled workers, but higher effects of trade liberalization
onmarkdowns for unskilled workers.

Second, more robustness checks are needed for our empirical analysis. We estimate
theeffectsof tariff reductiononmarkdownsbutnotonwagesper se. Also,wehavenotyet
fully exploited the spatial nature of the local labor market, that is, the import exposure
of the local labor market and its effect on the local aggregate of markdowns, although
the information on plant-level location at the local labormarket level is required for this
purpose.

Third, the improvement on the “production approach” should be made to confirm
the robustness of the results. Although the translog production function allows output
elasticities to differ flexibly, it allows only Hicks-neutral technological differences across
plants and time. Thus, it cannot distinguish changes in the exercise of market power
from capital-biased or labor-augmenting productivity differences.12 Another problem is
the existence ofmulti-product plants and heterogeneous output and input qualities. Af-
ter trade liberalization, exporters produce higher quality products, and the quality of in-
puts from foreign countries improves, which affects the estimates of a production func-
tion (De Loecker et al. (2016)). With access to the output quantity measure at the plant
level, a framework that accounts for both output and input price variation can be used
to improve the estimation of plant-level markdowns.13
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