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Abstract

This paper studies the evolution of allocative efficiency (AE) in Costa Rica’s manufacturing sector
between 2005 and 2022, using comprehensive administrative firm-level data. Building on the struc-
tural framework of Blackwood et al. (2021), we estimate productivity and AE under both constant
and non-constant returns to scale, explicitly accounting for the role of markups, demand elasticity,
and firm-level fundamentals. Our results show that while AE in manufacturing remains relatively low,
it exhibits an upward trend over time. Nonetheless, the potential gains from eliminating misallocation
are large: moving to an efficient allocation of resources would raise manufacturing productivity by
an estimated 61% – 89%.
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1 Introduction

There has been a growing consensus among economists and policymakers regarding the im-

portance of productivity as a critical driver of economic growth. This importance is reflected in

the fact that nearly half of the differences in per capita income among countries are explained

by differences in total factor productivity (TFP) (Hall and Jones, 1999). This raises a funda-

mental question: What accounts for these differences in TFP across countries or sectors? One

possible explanation is misallocation, which refers to the inefficient distribution of productive

inputs (e.g., capital and labor) across firms or sectors, such that resources are not employed

where they are most productive.

Recent literature suggests that misallocation of resources across firms can affect aggregate

TFP (Restuccia and Rogerson, 2008; Hsieh and Klenow, 2009, 2014; Foster et al., 2016a;

Alfaro-Ureña and Garita-Garita, 2018; Blackwood et al., 2021). For instance, in environments

where more productive firms face constraints that prevent them from expanding, while less

productive firms continue operating inefficiently, aggregate TFP is lower than it would be un-

der an efficient allocation benchmark (Hsieh and Klenow, 2009; Restuccia and Rogerson,

2013; Bartelsman et al., 2013). In particular, in the presence of distortions, such as credit

market imperfections or regulatory barriers, resources may be misallocated. This line of re-

search highlights that even in the absence of technological change, reallocating inputs from

less productive to more productive firms can lead to substantial gains in terms of aggregate

productivity (Hsieh and Klenow, 2009; Foster et al., 2016a).

Thus, analyzing the extent of resource misallocation within industries, particularly in key sec-

tors such as manufacturing1, provides insights into the microeconomic frictions that shape

macroeconomic outcomes (Bartelsman et al., 2013; Blackwood et al., 2021). Moreover, un-

derstanding the interplay between firm-level productivity and allocative efficiency (AE) be-

comes particularly relevant in developing countries, where distortions in factor markets are

more prevalent and institutional frameworks are less developed (Restuccia and Rogerson,

2008).

1Manufacturing accounted for 14.1% of value added in 2024, making it the main economic activity in Costa Rica, followed by
professional, scientific and technical service activities.
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The link between firm-level productivity and AE is closely related to how aggregate productivity

is defined. In theory, aggregate productivity measures can be interpreted as a weighted aver-

age of firm-level productivities (Melitz and Polanec, 2015). From this perspective, aggregate

productivity can increase through two different mechanisms. The first is within-firm productiv-

ity growth, which reflects improvements in technology, management, or production processes

while holding the resource allocation fixed. The second is the reallocation of factors toward

more productive firms. Although both channels contribute to aggregate productivity, the misal-

location literature typically reserves the term AE for the between-firm reallocation channel.

Early work on AE shows that when demand is characterized by a constant elasticity of substitu-

tion (CES) and production exhibits constant returns to scale (CRS), differences in revenue per

composite input, commonly labeled TFPR, reflect frictions and distortions impeding the equal-

ization of marginal revenue products across firms (Hsieh and Klenow (2009)). More recently,

Blackwood et al. (2021) derived a generalized measure of AE under non-constant returns to

scale (NCRS). They showed that under NCRS, measurement of AE from revenue and input

data requires decomposing revenue elasticities into output and demand components (or more

broadly into returns to scale and markup components), and provides methods to do so.

Empirically, the literature quantifying AE and TFP typically relies on manufacturing surveys,

as they provide the plant-level panel data necessary for this type of analysis. For example,

the Annual Survey of Manufacturers and the Longitudinal Business Database are frequently

used when calculating AE for the US (Blackwood et al., 2021; Hsieh and Klenow, 2009). The

Colombian Annual Manufacturing Survey, the Mexican Monthly Industrial Survey, the Annual

Industrial Survey, and the Chilean Annual National Industrial Survey have been used as panel-

data sources for other countries (Eslava et al., 2013; Garcia-Marin and Voigtländer, 2019).

Unfortunately, plant-level observations from panel manufacturing surveys are often unavailable

in many countries. In the case of Costa Rica, the analyzes are based on administrative data.

Although administrative data often lack detailed information on production processes, prices,

and firm organization, limiting the type of analysis that can be conducted, they offer important

advantages: cover the universe of formal firms, allow for longitudinal analysis, reduce reporting

bias compared to surveys, and enable the study of sectors at a more granular level.
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In this paper, we discuss key considerations for calculating AE using administrative data. Fol-

lowing Blackwood et al. (2021), we employ both constant and non-constant returns to scale

frameworks, to estimate productivity, as well as sectoral and aggregate AE in Costa Rica’s

manufacturing sector from 2005 to 2022. We choose the framework of Blackwood et al. (2021)

because it explicitly derives the relationship between firm-level distortions and fundamentals

within a structural framework that allows for the explicit treatment of NCRS, allowing firm-level

distortions and fundamentals to be identified without imposing CRS. This approach is particu-

larly useful for our analysis, as it emphasizes the importance of understanding how distortions

interact with fundamentals in order to accurately measure their effects on productivity and the

allocation of resources across firms.

Thus, to quantify AE, we rely on alternative measures of TFPR that capture underlying fric-

tions, distortions, and firm-level fundamentals. Following the existing literature, we construct

two measures. First, we use input cost shares of total costs, as weights to estimate a mea-

sure of revenue per composite input, resulting in a indicator we denote as TFPRcs. As shown

by Blackwood et al. (2021), TFPRcs reflects frictions and distortions, even when the CRS

assumption is relaxed. Second, to better capture firm-level fundamentals while addressing

endogeneity concerns, we apply control function methods. The revenue productivity measure

derived from this approach is denoted as TFPRrr, where "rr" stands for "revenue function

residual." According to Blackwood et al. (2021), TFPRrr is proportional to fundamentals.

Finally, estimating AE also requires estimates of returns to scale and markups. To this end,

we adopt two complementary approaches. First, we implement the approach of DeLoecker

and Warzynski (2012) to estimate markups at the industry level, assuming CRS. Second,

we extend our control function approach by combining it with the relationship between firm-

level and industry-level variation, as in Klette and Griliches (1996), to decompose revenue

elasticities into its returns to scale and markup components. An advantage of this approach is

that it does not impose CRS.

By doing so, we contribute to the literature in several ways. First, recent papers examining sec-

toral and aggregate productivity in Costa Rica do not quantify the degree to which resources

are efficiently allocated across firms and sectors (Ivankovich-Escoto and Martínez-Castillo,
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2020; Monge-González, 2019; Monge-González et al., 2020; Robles, 2021; Vega-Monge and

Jiménez-Montero, 2025). On the other hand, the most recent study on AE in Costa Rica was

conducted by Alfaro-Ureña and Garita-Garita (2018). The authors assess the extent of re-

source misallocation and the potential productivity gains from removing distortions, estimating

theoretical gains of approximately 50%-60%. While their study provides valuable insights into

the relationship between productivity and distortions in Costa Rica, the empirical approach

chosen by them present some limitations, including the fact that some key parameters, such

as the elasticity of substitution, are borrowed from the literature. Moreover, it is important to

note that the study relies on data from 2005 to 2015, which may not fully capture the current

dynamics and changes of Costa Rican economy.

Thus, replicating the framework of Blackwood et al. (2021) and Hsieh and Klenow (2009) in a

different economic context, such as Costa Rica, contributes to the broader literature by testing

the robustness and applicability of their methodology in a small open economy with sustained

productivity growth over the past decade. This comparison deepens our understanding of

the mechanisms behind productivity growth and clarifies the role of AE in shaping economic

performance.

Four main findings emerge from this study. First, our analysis shows that, despite differences

across estimation methods, productivity measures are highly correlated, reinforcing their ro-

bustness for studying productivity and misallocation. Second, firm-level patterns, such as

the positive relationship between productivity, growth, and survival, are consistent across ap-

proaches. Third, the analysis highlights the importance of accounting for sectoral heterogene-

ity in both demand and production structures when estimating AE. In particular, changes in

demand elasticity estimates and returns to scale assumptions affect AE levels. Fourth, while

the overall level of AE remains relatively low, the evidence points to an upward trend over time.

However, the potential productivity gains from improving resource allocation remain substan-

tial. We find that moving to the efficient allocation would increase productivity by 61% - 89%

in the manufacturing sector.

The remainder of the paper is organized as follows. Section 2 presents the theoretical frame-

work, Section 3 describes the data, Section 4 discusses the empirical results, and Section 5
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concludes.

2 Methodology

2.1 Revenue Productivity Measures

This section closely follows the methodology and notation of Blackwood et al. (2021), which

develop a generalized measure of AE under both CRS and NCRS. The model assumes a

Cobb-Douglas production function and a CES demand structure, which are common assump-

tions in the literature (Hsieh and Klenow, 2009; Bartelsman et al., 2013; Foster et al., 2016b;

Bils et al., 2021; Blackwood et al., 2021). Industry output is a CES aggregate of intermediate

goods producers given by Q =
(

∑i(ξiQi)
σ−1

σ

) σ
σ−1

, where σ is the elasticity of substitution,

ξi denotes an idiosyncratic demand shifter for plant i, Qi denotes plant-level quantity, and Q

industry level quantity. The inverse demand function is given by Pi = PQ1/σQ−1/σ
i ξ

σ−1
σ

i for

plant i in an industry where Pi denotes plant-level prices and P industry level prices. We write

Pi as Pi = PQ1−ρQρ−1
i ξ

ρ
i , where ρ = σ−1

σ with 0 < ρ < 1. Note that 1/ρ represents the

markup over marginal costs 2.

The plant-level production function is given by Qi = Ai ∏j X
αj
ij , where Ai is technical effi-

ciency, Xij are plant-level factor inputs (e.g., capital, labor, and intermediate inputs), and αj is

the output elasticity with respect to the jth input Xij. We denote returns to scale as γi = ∑ij αj,

where CRS corresponds to γi = 1. The log of the revenue function is given by:

log Pi + log Qi = ∑
j

β j log Xij + ρ logAi + ρ log ξi + (1 − ρ) log Q + log P, (1)

where the revenue elasticities satisfy β j = ραj. Various revenue productivity measures have

been used in the theoretical and empirical literature. One typical measure is logTFPR, given

by (Foster et al., 2008):

log TFPRi = log Pi + log Qi − ∑
j

αj log Xij = log Pi + logAi, (2)

As in Blackwood et al. (2021) and much of the related literature, we face data limitations

that prevent decomposing TFPRi into its price and technical efficiency components, since the

available micro-level data contain information on revenues and costs, but not on plant-level

2Time and industry subscripts are omitted to simplify the presentation and focus on the core mechanisms of the model.
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prices. This common constraint motivates our dependence on revenue-based productivity

measures. However, note that under the additional assumptions that plants minimize total

costs and operate under CRS, the share of the jth input expenditure in total costs equals αj.

Formally:

log TFPRcs
i = log Pi + log Qi − ∑

j
csj log Xij = log TFPRi + ∑

j
(αj − csj) log Xij, (3)

where csj denotes the cost share of the jth input. Note the equivalence between log TFPRi

from equation (2) and log TFPRcs
i does not hold without CRS. Blackwood et al. (2021) show

that log TFPRcs
i is of interest in and of itself, even without CRS, since it is indicative of distor-

tions under certain assumptions.

Following Blackwood et al. (2021), the revenue productivity measures discussed above differ

from the revenue function residual, defined as:

log TFPRrr
i = log Pi + log Qi − ∑

j
β j log Xij = ρ logAi + ρ log ξi + (1 − ρ) log Q + log P

(4)

This expression highlights that the revenue function residual captures firm-level technical effi-

ciency and idiosyncratic demand shocks, while also reflecting common aggregate components

such as prices and quantities. This distinction between equations (3) and (4) is central for sep-

arating the role of fundamentals and distortions.

Following Hsieh and Klenow (2009) and subsequent literature, in the absence of idiosyncratic

frictions or distortions, marginal revenue products would be equalized across production units,

implying no within-industry dispersion in log TFPRcs
j . Because such equalization is not ob-

served in the data, this counterfactual benchmark motivates the introduction of firm-level dis-

tortions to explain the empirically observed dispersion in revenue productivity.

A key finding from Blackwood et al. (2021) is that TFPRcs
i is proportional to idiosyncratic dis-

tortions τi while TFPRrr
i is proportional to fundamentals Aiξi. They show that the decision
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problem of firms that maximize static profits with input distortions implies3:

TFPRcs
i ∝ τi (5)

where τi = ∏j
(
1 + τij

)αj/γ denotes a plant-specific weighted geometric average of input

distortions and the weights are given by cost shares.

In addition, Blackwood et al. (2021) shows that TFPRrr
i is proportional to plant technical effi-

ciency and demand shocks under the same assumptions, while abstracting from industry-level

shifters that can be captured by industry-year effects:4

TFPRrr
i ∝ (Aiξi)

ρ . (6)

Thus, this conceptual difference is what motivates Blackwood et al. (2021) analysis.

Under the core assumptions, there is no systematic relationship between logTFPRcs
i and

logTFPRrr
i . However, in practice, a variety of mechanisms, such as financial constraints, and

variable markups, may covary with firm fundamentals5. Thus, a key contribution of Blackwood

et al. (2021) is to study the systematic relationship between these conceptually distinct mea-

sures of productivity, while recognizing that a limitation of this approach is that the underlying

sources cannot be separately identified, as the wedges identified in this framework capture in

reduced form all forces that impede the equalization of marginal revenue products.

2.2 Allocative Efficiency

Under the core assumptions made in the prior section and assuming that all production factor

supplies are exogenous (which is the case we explore in this paper), Blackwood et al. (2021)

show that sectoral AE can be expressed as a function of sectoral fundamentals and distortions

3Following Hsieh and Klenow (2009) and Blackwood et al. (2021), the profit function in this case is given by PiQi − ∑j w(1 +
τij)Xij where wj denotes the jth input price. To obtain equation (5), notice that TFPRi = PiAi. It can be shown that, under
the core assumptions, TFPRi = (1/ρ)∏j(MRPXij/αj)

αj where MRPXij = ρPiQiαj/Xij is the marginal revenue product
of input Xij. This means that TFPRi is proportional to the marginal revenue products of the inputs. Profit maximization
implies that MRPXij = wj(1 + τij), where τi are idiosyncratic input distortions–without such distortions, marginal revenue
products are equalized across production units and there would be no within-industry dispersion in TFPRi. Substituting

yields that TFPRi = (1/ρ)∏j

(
w(1 + τij)/αj

)αj
, so TFPRi ∝ ∏j(1 + τij)

αj = τi.
4By definition, the revenue function residual is given by log TFPRrr

i = log Pi + log Qi − ∑j β j log Xij = ρ logAi + ρ log ξi +

(1 − ρ) log Q + log P, which implies that TFPRrr
i ∝ (Aiξi)

ρ. Where β j are the revenue elasticities.
5As noted by Blackwood et al. (2021), dispersion in markups across producers generates idiosyncratic wedges. Allowing
markups to vary systematically with producer scale is a standard approach in the productivity and misallocation literature.
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(see Appendix A):

AECOV
s =

(
1

Ns
∑

i

(
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρsγs
1−ρsγs

) 1−ρsγs
ρs

. (7)

where Ais = Aisξis collapses the combined effect of demand shifts and technical efficiency for

notation convenience, Ns is the number of firms in the sector, the power mean of Ais is given

by Ãs =
(

N−1
s ∑i Aρs/(1−ρsγs)

is

)(1−ρsγs)/ρs
, and τ̃s is the harmonic revenue weighted mean of

distortions.6 The equation above assumes that ρsγs < 1, which is economically intuitive, since

an equilibrium with increasing returns in the revenue function would imply market dominance

by a single firm.

The prior literature has labeled this term as AECOV
s to emphasize that it resembles a covari-

ance term. This expression fully accounts for the effects of NCRS. Blackwood et al. (2021)

formalize this result by expressing AEs as a function of the covariance between transforma-

tions of τis and Ais:

logAECOV
s = γslog

(
τ̃s

τ̄s

)
+

1 − ρsγs

ρs
log
[

cov
((

Ais

Ãs

) ρs
1−ρsγs

,
(

τis

τ̄s

) −ρsγs
1−ρsγs

)
+ 1

]
(8)

where τ̄s =
(

N−1
s ∑i τ

ρsγs/(ρsγs−1)
is

)(ρsγs−1)/ρsγs
is the power mean of sectoral distortions

(Appendix A describes the derivation of this equation).

Equation (8) shows that AECOV
s is shaped by two terms. The first term reflects the average

level of distortions within the sector, while the second term captures how distortions interact

with fundamentals through the covariance between exponentiated relative technical efficien-

cies and distortions (term 2). This second component depends on both the dispersion of these

two variables, and by the sign and strength of their correlation. Studies of AE tend to focus

on the dynamics of this second component, as it reflects how changes in the dispersion of

fundamentals and distortions, as well as their correlation, shape AE over time. For example,

if distortions are positively correlated with fundamentals, then this component of AE increases

as dispersion in either Ais or τis declines.

6τ̃s = S1/S2 where S1 = ∑i
(

Ais/τ
γs
is
)ρs/(1−ρsγs) and S2 = ∑i

(
Aρs

is /τis

)1/(1−ρsγs)
.
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Equation (8) shows that AE depends asymmetrically on ρs and γs, for example, through their

effects on the covariance between the empirical counterparts of Ais and τis. This motivates

using alternative estimates of ρs and γs in the empirical analysis.

The crucial connection between log AECOV
s , log TFPRcs

is , and log TFPRrr
is is that τis ∝ TFPRcs

is
and log Ais =

1
ρs

log TFPRrr
is . Hence, the empirical equivalent of equation (8) can be re-written

as:

log AECOV
s = γs log

T̃FPR
cs
s

TFPRcs
s

+
1 − ρsγs

ρs
log

cov

(TFPRrr
is

T̃FPR
rr
s

) 1
1−ρs γs

,

(
TFPRcs

is

TFPRcs
s

) −ρs γs
1−ρsγs

+ 1

 . (9)

Thus, measured AECOV
s can be expressed as a function of the two revenue productivities

measures discussed above, as well as the demand elasticity and the returns to the scale pa-

rameters (ρs, γs). Our empirical analysis below is grounded in this equation, and the next

section describes how we obtain empirical estimates of each of the parameters and the corre-

sponding TFPR measures.

Throughout the paper, we treat the supply of all production factors fixed and exogenous, and

assume a Cobb-Douglas CRS aggregator for output across sectors into a final good. This

method additionally assumes a perfectly competitive representative firm that produces this

final output. Under these assumptions, sectoral AE simplifies to AECOV
s , and overall AE is

given by:

AE =
S

∏
s

AEθs
s =

S

∏
s
(AECOV

s )θs (10)

where θs denotes the revenue share of industry s.

2.3 Estimation Methods

To quantify productivity and AE, our empirical strategy requires estimating three sets of mea-

sures: firm-level revenue productivity measures (TFPRcs
is and TFPRrr

is ), industry-level demand

elasticity parameter and industry-level returns to scale parameter. Moreover, under certain as-

sumptions, we can also recover output elasticities. This section describes how we obtain these

ingredients. We first outline how we estimate cost-share based elasticities used to construct

TFPRcs
is . We then describe our control-function approach to estimating revenue elasticities

and TFPRrr
is . Finally, we explain how we recover the demand elasiticity parameter (ρs) using

two complementary methods, and the returns to scale parameter (γs). Together, these steps
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provide the full set of inputs needed to implement the AE measure derived in the previous

section.

We first describe the cost-share (CS) method used to construct TFPRcs
is . This method relies

on the first-order conditions of firm’s cost minimization problem, which under CRS imply that

input cost shares identify output elasticities. Input cost shares are defined as the share of input

expenditures to total cost, and total costs are defined as the sum of expenditures on intermedi-

ate inputs, labor, and capital. We follow the literature and compute cost shares by aggregating

expenditures across firms within industries and over time (Syverson, 2011; Blackwood et al.,

2021), implicitly assuming homogeneous elasticities7.

To estimate the revenue elasticities (β j) and TFPRrr
is , we use a control function approach. But

contrary to Blackwood et al. (2021) and without data on firm-level investment in Costa Rica, we

use the method proposed by Levinsohn and Petrin (2003) to address the endogeneity of unob-

served productivity and inputs (hereafter LP approach). LP define conditions and assumptions

under which the optimal demand for intermediate inputs (e.g., materials, electricity, fuel) can

be inverted to make (unobserved) productivity a function of observable variables. From an

empirical perspective, the main advantage of this method is that intermediate input data are

usually available in more databases than information on firms’ investments. Following LP, we

use a nonparametric representation of the inverse of optimal demand to perform the estima-

tion. We estimate industry-specific elasticities for intermediate inputs, labor, and capital using

the control function approach. Our measure of intermediate inputs is an aggregate variable of

input costs, as a proxy for materials.

Identifying the demand parameter ρs is particularly challenging, and arguably one of the most

difficult components of the empirical framework to pin down. Following Blackwood et al. (2021),

and recognizing that AE measures are sensitive to this parameter, our goal is not to rely on a

single estimate of ρs. Instead, we assess the robustness of our results by using two alternative

approaches to estimating ρs.

7Specifically, we add input expenditures and total costs of all firms within an industry and for all time periods, then calculate
the share of each input expenditure to total costs.
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The first approach follows DeLoecker and Warzynski (2012). Under the assumption of CRS,

the first-order condition for a variable factor, such as intermediate inputs, implies that the

markup (1/ρs) is equal to the ratio of the output elasticity to the cost share of the revenue

of the variable factor. To estimate the output elasticity, we use the CS methodology and inter-

mediate inputs at the industry level as a variable factor. We refer to this specification as DW.

This method yields estimates of markups (and thus ρs) that vary across industries but requires

the strong assumptions, including CRS.8

The second approach combines the control-function framework of Levinsohn and Petrin (2003)

with the method of Klette and Griliches (1996), and is labeled LP–KG. In addition to estimating

revenue elasticities, this approach identifies ρs using variation in industry-level real output, as

shown in equation 4. The LP–KG specification allows demand and revenue elasticities to be

recovered simultaneously within a unified framework without imposing CRS.

Both approaches involve trade-offs. The DW method is simple to implement but relies on

strong assumptions, including CRS. The LP–KG approach relaxes these assumptions and

jointly estimates demand and revenue elasticities, but requires additional variation at the indus-

try level. We therefore use both methods to assess the sensitivity of our results to alternative

estimates of ρs.

Finally, under the NCRS framework, returns to scale (γs) and output elasticities (αs) are ob-

tained by scaling the estimated revenue elasticities by the demand parameter ρs. Thus, returns

to scale are then computed as the sum of these output elasticities across inputs at the industry

level, as shown in equation 1.

3 Data

3.1 Data Sources

We use the Economic Variables Registry (i.e., Revec) compiled by the Central Bank of Costa

Rica for the period 2005–2022. The dataset contains information on the production units in

8Under CRS and the CS methodology, the output elasticity of an input X is equal to the share of input X expenditures to total
costs. Under DeLoecker and Warzynski (2012) methodology, the markup is equal to the output elasticity of input X divided
by the share of expenditures on input X in total sales. Hence, if we use the CS output elasticity, then the markup is simply
the rate of total sales to total costs.
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Costa Rica and is used as a key input for the construction of economic indicators and for

empirical research. It consists of firm-level data, which incorporate annual corporate income

tax returns and employer-employee records (see also, Alfaro-Ureña et al. (2022)), offering a

comprehensive view of firm activity. Since part of the data are derived from administrative tax

records, the unit of observation corresponds to the firm level rather than the plant level.

Specifically, we use an anonymized panel that contains annual information on sales, input

costs, assets, wages, employment, and economic activity (classified according to ISIC-4). The

panel covers nearly the entire population of formal firms in Costa Rica. The final dataset is

consolidated at the firm-group level,9 and all values are expressed in nominal terms.

Estimating revenue productivity (specifically, identifying revenue elasticities) requires data on

revenue, capital, labor, and intermediate inputs at the firm level. Revenue is measured by total

annual sales, labor is proxied by the wage bill, and capital is approximated by net assets. Input

costs are used as a proxy for intermediate inputs. To express values in real terms, total sales

and input costs are deflated using the implicit GDP price deflator for the manufacturing sector,

while capital is adjusted using the implicit price deflator for gross capital formation.10

In addition, we use the dataset to construct measures of input expenditures for the estimation

of cost shares. Following Alfaro-Ureña and Garita-Garita (2018), we assume a 10% cost of

capital, with capital defined as previously described. Labor costs are approximated by the

firm’s total wage bill, which is adjusted to account for additional labor-related costs.11 The

wage bill is deflated using the Consumer Price Index (CPI). Input costs refers to changes in

inventories and purchases of raw materials.

As noted earlier, a fundamental challenge in this literature is the limited availability of data, es-

pecially for multi-product firms, due to the need for detailed product-level prices and physical

quantities produced. Given this limitation, and under the methodological framework proposed

9A single firm may report under multiple identification numbers (e.g., assigning employees to one ID and sales to another).
When these IDs share ownership and operate as a single decision-making unit, they are aggregated into firm groups.
Throughout the analysis, we refer to these entities simply as firms.

10We use the CPI from 2020 and proportionally adjust it to reflect an index where 2017 = 100.
11In the Costa Rican context, there is a statutory bonus equivalent to one-twelfth of the employee’s annual earnings, paid

each December. Along with employer contributions to the social security system, it constitutes an important component of
total labor compensation. The adjustment includes both components.
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by this paper, sales data provide a practical alternative that enables us to recover produc-

tivity and AE measures, thereby facilitating the analysis of firm-level productivity, despite the

absence of direct quantity data.

3.2 Sample

We restrict our analysis to formal, for-profit private firms operating within the manufacturing

sector. The initial sample includes approximately 51,752 firm-year observations between 2005

and 2022 in the manufacturing sector.12

For the empirical analysis, we restrict the sample to firms with strictly positive values for all

variables needed to estimate the production function and at least two workers reported each

year. Following previous work using administrative data (Banco Central de Chile, 2017; Aguirre

et al., 2021), firms with extreme values, those above the 99th percentile, in the growth of

net assets or revenue, the net assets-to-revenue ratio, and the workers-to-revenue ratio are

excluded.

We restrict attention to industries defined at a sufficiently narrow level to reasonably assume

that production elasticities are homogeneous across firms within each industry. This restric-

tion is important for the validity of both the CS and control-function approaches, which rely on

common elasticities within industries to identify productivity and AE. By working with narrowly

defined industries, we reduce heterogeneity in production technologies and demand condi-

tions that could otherwise bias the estimation. Hence, we choose a 4-digit ISIC grid (UNDP,

2008). Moreover, the number of firm-year observations within each industry should be large

enough that elasticities can be estimated by LP.13 We use all industries with more than 100

observations in it and where no single firm represents more than 60% of the sales.

According to ISIC rev 4, there are 112 such manufacturing industries of which we work with

37, which represents about 62% of total sales in the manufacturing sector between 2005 and

2022. Revec already includes an ISIC Rev. 4 classification that standardizes previous industry

classification systems over time. Firms with multiple CIIU4 codes are classified under the

12Given the size of the Costa Rican economy, this represents approximately 2% of the sample size in Blackwood et al. (2021).
13LP uses high-order polynomials making estimates sensitive to small samples.
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industry contributing the most to their value added.

4 Results

4.1 Elasticity Distributions

Figure 1 shows the distribution of the estimated elasticity of output (CS) and revenue (LP, LP-

KG) for our three inputs: capital, labor, and intermediate inputs. The results reveal notable

differences in both their location and shape. For intermediate inputs (Figure 1, Panel A), the

CS-based output elasticities are generally higher than the revenue elasticities obtained through

LP and LP-KG.

Panels B and C of Figure 1 show that CS-based capital and labor elasticities tend to be smaller

than LP-based estimates (LP, LP-KG). Output and revenue elasticities for labor are slightly

larger than those for capital, which is similar to Blackwood et al. (2021). As shown in Table

1, the average output elasticities are 0.73, 0.10, and 0.17 under CS, respectively, and the

average revenue elasticities for intermediate inputs, capital, and labor are 0.54, 0.14, and 0.23

under LP, and 0.54, 0.14, and 0.23 under LP-KG. On average, the capital-to-labor ratio remains

approximately 1:2, indicating that these industries are labor-intensive.

Overall, revenue elasticities under LP and LP-KG are very similar. Furthermore, these es-

timates are relatively consistent with those reported by Vega-Monge and Jiménez-Montero

(2023) for Costa Rica between 2005 and 2021. The authors estimated a production function

using the LP methodology, employing the same inputs as our study. Although not entirely

comparable, since their estimation includes all sectors of the economy, they also find revenue

elasticities for intermediate inputs that are of a similar magnitude to ours (0.51), but slightly

larger for capital and labor (0.19 and 0.32, respectively).

Figure 2 presents the estimated values of the revenue function curvature, demand elasticity,

and the corresponding implied returns to scale. At the industry level, the curvature of the rev-

enue function quantifies how responsive revenue is to variations in output, jointly determined

by the demand elasticity and the returns to scale. The similarity in revenue elasticities derived

from the LP and LP-KG methods leads to closely aligned distributions of revenue curvature.

14



Panel A of Figure 2 illustrates the distribution of revenue curvature under both LP and LP-KG,

with sample means of 0.91 and 0.90, and standard deviations of 0.07 and 0.08, respectively.

These findings are consistent with existing literature, where the average industry-level revenue

curvature is typically estimated to be close to one (Olley and Pakes, 1996; Klette and Griliches,

1996; Levinsohn and Petrin, 2003; Blackwood et al., 2021).

To characterize the curvature of the revenue function, we decompose it into demand elasticity

(ρs) and returns to scale (γs), considering two alternative distributions for ρs. One distribution,

based on DeLoecker and Warzynski (2012) and denoted DW, calibrates ρs using industry-level

data under the maintained assumption of CRS (γs = 1). Because this restriction is not im-

posed in the LP-KG framework, we depart from it in this exercise and instead condition on

ρs as exogenous (Blackwood et al., 2021). This approach allows us to recover the implied

γs from ∑j β js.The second ρs distribution, denoted by LP-KG, ρs is estimated jointly with β js

following Klette and Griliches (1996). Panel B of Figure 2 shows the two distributions. Overall,

both methods exhibit substantial cross-industry variation while displaying similar distributional

patterns. The average demand elasticity estimate based on DW is 0.87, compared with 0.89

under LP-KG. These values are broadly consistent with estimates reported for the U.S. manu-

facturing sector by Blackwood et al. (2021), which fall within a range of 0.80 to 0.94.

Panel C reports the returns to scale, denoted by γs, implied by the estimated demand elastici-

ties.14 The average returns to scale are 1.04 under LP and 1.03 under KG. However, substan-

tial heterogeneity emerges across industries, underscoring the importance of accounting for

industry-specific production characteristics when evaluating firm behavior and market struc-

ture.

To help preserve well-behaved optimization problems, it is typical to assume that ρsγs ≤ 1.

We find that across methodologies, 93% of the industries meet such criteria.

14Note that the sum of LP-based revenue elasticities can be expressed as ∑j β js = ρs ∑j αjs = ρsγs, where ρs is the elasticity
of demand and αjs are the output elasticities.
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4.2 What Are the Implications of Alternative Elasticity Distributions?

In this subsection, we explore how differences in elasticity distributions shape key empirical

outcomes. Specifically, we analyze dispersion of productivity across firms, the correlation

patterns between alternative productivity measures, and the relationship between productivity,

firm growth, and survival. By doing so, we assess the extent to which measurement choices

influence conclusions about productivity dynamics.

4.2.1 Implications in Productivity Dispersion and Correlations

A natural starting point is to assess whether the choice between output elasticities and revenue

elasticities materially affects the measurement of productivity dispersion. The first column

of Table 2 reports the interquartile range (IQR), indicating that the average productivity gap

between firms at the 75th and 25th percentiles within the typical industry lies between 0.32

and 0.44. These magnitudes are similar across methods, suggesting that dispersion patterns

are broadly stable to the elasticity specification.

This conclusion is reinforced when dispersion is measured using the standard deviation, re-

ported in the second column of the Table 2. The qualitative results remain unchanged, further

supporting the robustness of productivity dispersion to alternative elasticity measures.15

Taken together, these findings suggest that differences in estimated elasticities have limited

implications for aggregate measures of productivity dispersion and, by extension, limited ef-

fect on broad measures of misallocation. Nevertheless, while dispersion appears stable at the

aggregate level, the choice of elasticity measure may still affect the interpretation of misallo-

cation at a more granular level.

We next investigate whether different estimation methods generate similar underlying perfor-

mance by examining the correlation between alternative measures of productivity. The Pear-

son and Spearman correlations in Table 3 indicate that the association between logTFPRrr
is

and logTFPRcs
is is about 70%, which means that both measures exhibit similar dispersion

15We construct confidence intervals for both dispersion measures using bootstrapped standard errors (1,000 replications).
Although not reported here, the results indicate that differences in dispersion are not statistically significant when using the
standard deviation. For the interquartile range (IQR), however, dispersion under the CS method is lower than under both
LP and LP-KG.
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and are strongly correlated. As pointed by Blackwood et al. (2021), under the assumption

of isoleastic (CES) demand, TFPRrr
is is a measure of fundamentals. Our results imply that

TFPRcs
is is positively correlated with, and similarly dispersed as, fundamentals.

4.2.2 Implications in Growth and Survival

We next assess whether alternative productivity measures yield predictions consistent with

standard models of firm dynamics. Following Blackwood et al. (2021), in a model with em-

ployment as the single production factor subject to adjustment frictions, incumbent firms face

two key state variables each period: their lagged employment level and the contemporane-

ous realization of productivity. These models imply a clear selection mechanism: conditional

on prior employment, firms that draw low productivity shocks are more likely to exit, whereas

those experiencing higher productivity realizations tend to expand.

To evaluate whether the empirical relationship between productivity, firm growth, and exit aligns

with these theoretical predictions, and whether it is sensitive to the choice of productivity mea-

sure, we estimate the following specification:

yit+1 = b1ωit + b2θsizeit + x′itδx′itδx′itδ + εit+1 (11)

where yit+1 denotes an outcome of firm i (growth between periods t and t + 1 or exit), ω is

firm-level productivity in logs, θsizeit is the control for initial size (log employment) in the period,

and xitxitxit is a vector of additional controls: firm age and full interactions of industry and year

effects.

Panel A of Table 4 reports the estimated coefficient b̂1 for each productivity measure. A one

percent increase in productivity leads to a 0.05 percentage point increase in growth under the

CS, and a 0.10 percentage point increase under both LP and LP-KG; all of these effects are

statistically significant at the 1% level. Regarding exit, the CS yields a statistically insignificant

reduction in the probability of exit (-0.01), whereas LP and LP-KG show a significant reduction

of -0.02. Conditional growth follows a similar pattern: positive and significant productivity

effects across all methods, with CS at 0.05 and LP/LP-KG at 0.10.
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Panel B of Table 4 shows the effects of initial firm size. Larger firms are less likely to exit

across all especifications, with a consistent and statistically significant effect of -0.02. However,

conditional on survival, larger firms grow more slowly: log size is associated with a -0.01

reduction in growth under CS, and -0.03 under LP and LP-KG. All size effects are statistically

significant at the 1% level.

Overall, the findings in Sections 4.2.1 and 4.2.2 confirm that either estimator can be informative

for understanding firm dynamics in terms of dispersion, growth, and exit behavior. Importantly,

while the magnitudes of coefficients differ somewhat across estimators, especially between

CS and LP/LP-KG, the overall directional implications remain stable.

We now turn to an analysis of AE, a dimension where methodological choices, both in terms

of estimation approach and underlying assumption, may have significant implications.

4.3 Empirical Results on AE

This section presents the results of AE estimation under CRS (CS method) and NCRS (LP

method), while also exploring the sensitivity of AE to a range of revenue curvature estimates

(ρsγs). To assess this sensitivity, we examine AE using our CS, LP, and LP-KG produc-

tivity estimates across a range of demand elasticity values ρs. Specifically, we use ρs =

(0.75, 0.85, 0.88, ρDW
s , ρKG

s ). The value ρs = 0.75 corresponds to the calibration used in Hsieh

and Klenow (2009) and more recently adopted by Bils et al. (2021). The values ρs = 0.85

and ρs = 0.88 represent the average demand elasticity across industries estimated using the

DW and KG methods, respectively. Finally, ρDW
s and ρKG

s refer to the distributions of demand

elasticities derived from the DW and KG approaches. The purpose of this exercise is to sys-

tematically assess how the choice of demand elasticities affects AE. This allows us to evaluate

the robustness of AE conclusions to plausible variation in this critical parameter.

Importantly, CS and LP methods differ in their underlying assumptions regarding the estimation

of the revenue curvature, which results in different implications. Under CS, γs = 1 is posited

and, therefore, the revenue curvature is fully determined by changing the value of the demand

elasticity ρs. Thus, the implications of different ρs values under CS provide guidance about the

effect of changes in curvature on AE when returns to scale are fixed.

18



In constrast, under LP method, we can evaluate the impact of decomposing the revenue cur-

vature into its components. In this case, revenue curvature is based on the sum of estimated

revenue elasticities as described above. For example, for a given set of revenue elasticities,

an increase in ρs implies an equivalent decline in γs.

In line with Blackwood et al. (2021), we perform a sensitivity analysis of AE with respect to

various plausible combinations of markups and returns to scale. These combinations are

drawn from the range of estimates produced by different empirical methods. In doing so, our

objective is to assess the robustness of our findings and to better understand how variations

in key parameters influence the measurement of AE.

Moreover, given that our analysis is based on a relatively small sample compared to other

studies in the literature (Hsieh and Klenow, 2009; Blackwood et al., 2021), evaluating the

robustness of our results is crucial. Exploring how AE responds to alternative parameter values

allows us to assess the stability of our conclusions and to better understand the extent to which

our findings may be influenced by sample-specific characteristics or methodological choices.

Figure 3 shows the cross-industry weighted average of AECOV
s where the weights reflect each

industry’s share of total revenue. The estimates are calculated using the range of demand

elasticity estimates listed above. To mitigate the influence of short-term volatility in our empiri-

cal results, we calculate time series averages of AE for three periods (2006-2010, 2011-2015,

2016-2022). The most recent period (2016–2022) is especially significant, as previous studies

have documented a gradual increase in productivity in the manufacturing sector since 2015

(Vega-Monge and Jiménez-Montero, 2023).

Several observations arise from the results. First, focusing on the CS estimates under the

assumption of CRS, we find that higher values of ρs are associated with lower AE when com-

paring the same time periods across different ρs. Moreover, a higher ρs is associated to a

lower increase of average AE over time. For example, average AE increased by 18.6% from

2005 to 2022 if ρs is 0.75, but 14.6% if ρs is 0.88. Blackwood et al. (2021) and Bils et al. (2021)

also find that under CRS, less curvature yields lower AE. On average, across the three CRS-

related cases (ρs = 0.75, 0.85, ρDW
s ), AE increased by approximately 19.4% between 2005
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and 2022, and the average AE for the period 2016-2022 was 0.62. This result suggests that

there is a 61% potential gain in aggregate productivity in manufacturing that could be achieved

by improving resource allocation.

We now turn to the results based on the LP-KG approach. When focusing on cases in which

ρs is estimated internally from the data (i.e., all cases except ρs = 0.75, as a value that is

frequently assumed in the literature), we find that average AE tends to be lower once the CRS

assumption is relaxed. Moreover, we find that allowing for dispersion in ρs across industries

has only a modest effect on sectoral AE. This suggests that the variation of demand elasticities

among sectors does not substantially alter the overall trend of AE over time. On average,

across the two NCRS-related cases (ρs = 0.88, ρKG
s ), sectoral AE increased by approximately

21% between 2005 and 2022, and the average sectoral AE for the period 2016-2022 was 0.53.

This result implies that improving resource allocation could lead to a potential productivity gain

of 89%.

To better understand the mechanisms driving the patterns documented above, we return to

equation (9). The second term of this decomposition shows that AEs depends on the covari-

ance between TFPRcs
is and TFPQis. According to Bils et al. (2021), under the core assump-

tions, logTFPQis =
1
ρ logTFPRrr

i .

All else equal, the second term of the decomposition implies that AEs increases with less

dispersion in distortions, (TFPRcs
is ), due to the negative exponent on this term; a weaker

positive correlation between distortions and fundamentals, (TFPQis); and given a weaker

positive correlation, a lower dispersion in fundamentals, (TFPQis).

Figure 4 shows that the dispersion in log TFPQis and log TFPRis, as well as the partial cor-

relation between log TFPQis and log TFPRcs
is , are quite similar across alternative estimation

methods. Overall, we observe a modest reduction in both dispersion and correlation, suggest-

ing an improvement in AE under different specifications.

The analysis in this section highlights several robust conclusions that hold across different

elasticity estimates. In all specifications, measured AE has increased over time. Similarly, the
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dispersion in fundamentals (log TFPQis) and distortions (log TFPRcs
is ) has decreased over

time, and the correlation between these two variables shows a similar decline across meth-

ods and specifications. Together, these patterns imply an increasing trajectory for AE. Fur-

thermore, a reduction in the dispersion of fundamentals and a weaker correlation between

fundamentals and distortions work in the same direction to support an increase in AE.

5 Conclusion

This study provides a comprehensive assessment of output and revenue elasticities across in-

dustries for the manufacturing sector in Costa Rica, exploring their implications for productivity

measurement, firm dynamics, and AE. Several findings emerge from the analysis.

First, the distribution of estimated elasticities reveals systematic differences across method-

ologies. Output elasticities (CS) tend to be higher for intermediate inputs and lower for capital

and labor compared to revenue elasticities (LP, LP-KG). Revenue elasticities remain relatively

consistent between the LP and LP-KG methods, closely matching prior estimates in the litera-

ture and reinforcing the labor-intensive character of most industries in the sample. The implied

revenue curvature and estimated demand elasticities exhibit heterogeneity across sectors, but

are centered on values consistent with prior empirical findings.

Second, differences in elasticity estimation methods do not significantly alter broad patterns

in productivity dispersion. Measures of within-industry dispersion and correlations across pro-

ductivity metrics indicate that productivity estimates are highly correlated across methods, and

therefore robust for evaluating misallocation. Furthermore, the relationship between firm pro-

ductivity, growth, and exit is consistent across estimation approaches. Higher productivity is

positively associated with firm growth and survival, and larger firms are more resilient to exit,

but exhibit slower growth.

Third, our analysis of AE highlights the importance of accounting for sectoral heterogeneity in

demand and production structures. Under constant returns to scale (CS), changes in demand

elasticity substantially affect AE, with higher demand elasticity leading to lower measured AE.

When relaxed the CRS assumption (LP-KG), AE decreases, but shows less sensitivity to vari-
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ations in ρs. Although the magnitude of the AE estimates varies depending on the method, on

average, the gains from improving resource allocation are potentially significant. We find that

moving to the efficient allocation would increase productivity by 61% - 89% in the manufactur-

ing sector.

In conclusion, the evidence indicates that AE in the manufacturing sector has increased over

time; however, its overall level remains relatively low. The modest decline in the dispersion of

fundamentals and distortions, coupled with a positive (but weaker) correlation between these

factors, points to a continuing upward trajectory for AE.
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Figures and Tables
Figure 1. Cross-industry distributions of output (αjs) and revenue elasticities (β js)
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Note. This figure illustrates cross-industry distributions of the estimated output (CS) and revenue elasticities (LP,
LP-KG), with respect to intermediate inputs in Panel A, capital in Panel B, and labor in Panel C.
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Figure 2. Revenue curvature and its components

(a) Revenue function curvature: ρ̂sγs = ∑j β js
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(b) Demand elasticity estimates (ρs)
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(c) Implied returns to scale (γs)
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Note. This figure presents the curvature of the revenue function and its components. Panel A displays the the
revenue function curvature, Panel B reports the estimated demand elasticities, and Panel C shows the implied
returns to scale.
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Figure 3. Weighted averaged allocative efficiency, ∑s ωÂECOV
s
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Note: This figure presents weighted averaged allocative efficiency estimates. The x-axis depicts alternative values of ρs. ρDW
s

denotes industry-specific time series averages calculated as in De Loecker and Warzynski (2012). ρKG
s denotes industry-

specific time series averages calculated as in Klette and Griliches (1996). The weight ω represents each industry’s share of
revenue. In industries where 1 < ρsγs at the 4-digit level, 1-digit estimates are used.
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Figure 4. Productivity moments

(a) LogTFPQ dispersion
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(c) Correlation between log TFPQ and log TFPR
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Note: This figure presents productivity moments. Dispersion is measured as a weighted standard deviation, where weights
correspond to the number of firm-period observations within each industry. log TFPQ captures output productivity, while
log TFPR reflects revenue-based productivity.
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Table 1. Descriptive statistics of cross-industry elasticities of output and revenue

CS LP LP-KG

Mean SD Min Max Mean SD Min Max Mean SD Min Max

I. Inputs 0.73 0.08 0.53 0.85 0.54 0.13 0.31 0.83 0.54 0.13 0.31 0.83

Capital 0.10 0.04 0.05 0.28 0.14 0.07 0.02 0.28 0.14 0.07 0.02 0.31

Labor 0.17 0.07 0.08 0.35 0.23 0.08 0.07 0.41 0.23 0.08 0.07 0.40

Note. This table shows descriptive statistics of cross-industry elasticities of output (CS) and revenue (LP, LP-KG)
with respect to intermediate inputs, capital and labor. The mean is a simple average across industries.
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Table 2. Productivity dispersion implied by different models

Sample size Interquartile Standard

range deviation

CS 32,430 0.32 0.38

LP 32,430 0.43 0.40

LP-KG 32,430 0.44 0.40
Note. This table presents summary statistics of productivity dispersion across three estimation methods: cost share-based
(CS), Levinsohn–Petrin (LP), and Levinsohn–Petrin with demand correction (LP-KG). The interquartile range and standard
deviation are computed from weighted distributions, where weights correspond to the number of firm-period observations
within each industry.
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Table 3. Correlations among within-industry productivity distributions

A. Pearson B. Spearman

CS LP LP-KG CS LP LP-KG

CS 1 1

LP 0.72 1 0.69 1

LP-KG 0.72 0.99 1 0.68 0.99 1
Note. This table reports pairwise Pearson (Panel A) and Spearman (Panel B) correlation coefficients between produc-
tivity measures computed under different estimation methods: cost share-based (CS), Levinsohn–Petrin (LP), and Levin-
sohn–Petrin with demand correction (LP-KG).
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Table 4. Productivity and size impact on outcomes by productivity estimator

CS LP LP-KG

Panel A. Effect of productivity (b̂1)

growth 0.05*** 0.10*** 0.10***

exit -0.01 -0.02*** -0.02***

conditional growth 0.05*** 0.10*** 0.10***

Panel B. Effect of log size (b̂2)

growth -0.01*** -0.03*** -0.03***

exit -0.02*** -0.02*** -0.02***

conditional growth -0.01*** -0.03*** -0.03***
Notes: This table shows b̂1 and b̂2 in equation (11). Outcomes are firm’s employment growth (row 1), exit (row 2), and
employment growth among continuers (row 3). * p < 0.1, ** p < 0.05, and *** p < 0.01. Robust standard errors in
parenthesis.
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Online Appendix

A Methodology

A.1 Revenue Productivity Measures

We follow the methodology proposed by Blackwood et al. (2021) that derives a generalized

measure of allocative efficiency under constant and non-constant returns to scale. First, the

authors employ a production function framework under monopolistic competition (i.e., product

differentiation) to estimate the level of sectoral and aggregate productivity. Second, to measure

sectoral and aggregate allocative efficiency, they follow two alternative structural approaches

that requires decomposing revenue elasticities into returns to scale and markup components

(see DeLoecker and Warzynski (2012) and Klette and Griliches (1996)).

The model assumes a Cobb-Douglas production function and a CES demand structure–

refered to as “core assumptions” throughout this section, which are common asssumptions

in the literature (Hsieh and Klenow, 2009; Bartelsman et al., 2013; Foster et al., 2016b; Bils

et al., 2021; Blackwood et al., 2021). Industry (or sector) output is a CES aggregate of inter-

mediate goods producers given by Q = (∑i(ξiQi)
ρ)

1
ρ , where ρ = σ−1

σ with 0 < ρ < 1 is

the demand elasticity, σ is the elasticity of substitution, ξi denotes an idiosyncratic demand

shifter for plant i, Qi denotes plant-level quantity, and Q industry level quantity. Time and

industry subscripts are omitted in this section in the notation and equations for expositional

convenience. The inverse demand function is given by Pi = PQ
1
σ Q−1/σ

i ξ
ρ
i for plant i in an

industry where Pi denotes plant-level prices and P industry level prices.

The plant-level production function is given by Qi = Ai ∏j X
αj
ij , where Ai is technical effi-

ciency, Xij are plant-level factor inputs (e.g., capital, labor, materials, and energy) and αj is the

output elasticity with respect to the jth input Xij. The log of the revenue function is given by:

log Pi + log Qi = ∑
j

β j log Xij + ρ logAi + ρ log ξi + (1 − ρ) log Q + log P (A.1)

where the revenue elasticities satisfy β j = ραj. Various revenue productivity measures have

been used in the theoretical and empirical literature. One typical measure is logTFPR, given
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by:

log TFPRi = log Pi + log Qi − ∑
j

αj log Xij = log Pi + logAi. (A.2)

Equation (A.2) makes explicit that TFPRi confounds the effect of output prices (Pi) and techni-

cal efficiency (Ai). Decomposing TFPRi into its price and technical efficiency components is

generally not feasible. Therefore, the majority of results in the empirical productivity literature

are based on revenue productivity measures. An important special case emerges under the

assumption that plants minimize total costs and have CRS technology: the share of the jth

input expenditure in total costs equal αjs. Formally:

log TFPRcs
i = log Pi + log Qi − ∑

j
csj log Xij = log TFPRi + ∑

j
(αs − csj) log Xij (A.3)

where csj denotes the cost share of the jth input. Note that log TFPRi in equation (A.2) is

equivalent to log TFPRcs
i only under CRS, in which case αj = csj. Still, log TFPRcs

i is of

interest in and of itself, even without CRS, since it is indicative of distortions under certain

assumptions as Blackwood et al. (2021) demonstrate. This cost-share approach provides a

nonparametric estimate of the output elasticities αj as the jth input expenditures in total costs

(even without data on prices and quantities).16

The revenue productivity measures above are distinct from the revenue function residual which

is given by:

log TFPRrr
i = log Pi + log Qi − ∑

j
β j log Xij = ρ logAi + ρ log ξi + (1 − ρ) log Q + log P

(A.4)

which says that the revenue function residual depends on technical efficiency, idiosyncratic

demand shocks and aggregate prices and quantities. In addition, the core assumptions allow

γ = ∑j αj = ρ−1 ∑j β j, where γ denotes returns to scale and is not necessarily equal to 1.17

The implications is that TFPRrr
i is different from both TFPRi and its estimate TFPRcs

i .

Without idiosyncratic frictions or distortions, marginal revenue products are equalized across

production units and there is no within-industry dispersion in logTFPRcs
i (which is obviously

16For example, αj = wjXij/ ∑ℓ wℓXiℓ, where wj is the j th factor price.
17Importantly, also note that ∑j β j = ργ, so reducing ρ while keeping ∑j β j constant requires γ to decrease, for example.
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not the case empirically). Since this outcome is counterfactual, Hsieh and Klenow (2009) posit

the presence of “distortions” that account for such dispersion. Blackwood et al. (2021) shows

that the decision problem of firms who maximize static profits with input distortions implies:18

TFPRcs
i ∝ τi (A.5)

where τi = ∏j
(
1 + τij

)αj/γ denotes a plant-specific weighted geometric average of input

distortions and the weights are given by cost shares. In contrast, Blackwood et al. (2021)

shows that TFPRrr
i is proportional to plant technical efficiency and demand shocks under

the same assumptions, while abstracting from industry-level shifters that can be captured by

industry-year effects:19

TFPRrr
i ∝ (Aiξi)

ρ . (A.6)

One of the key observations from Blackwood et al. (2021) is that TFPRcs
i is proportional to

idiosyncratic distortions τi while TFPRrr
i is proportional to fundamentals Aiξi. This conceptual

difference, due to using output vs. revenue elasticities, is what motivates Blackwood et al.

(2021) analysis.

Note that when production exhibits non constant returns to scale (NCRS), log TFPRcs
i is not

equal to log TFPRi. In this case, log TFPRcs
i will still only reflect any reduced-form distortions

while log TFPRi will exhibit dispersion even in the absence of such reduced-form distortions.

Furthermore, the finding that log TFPRrr
i is only a function of fundamentals is robust to devia-

tions from CRS. Consequently, Blackwood et al. (2021) focus on TFPRcs
i and TFPRrr

i , since

they reflect solely distortions and solely fundamentals, respectively. Hence, they focus on the

measures that clearly distinguish distortions and fundamentals, regardless of returns to scale,

which are crucial for measuring AE.

A.2 Allocative Efficiency

Recent literature builds on the distinction between TFPQ and TFPR using the core assump-

tions made in the prior section to construct a measure of misallocation which they term AE.

18The profit function in this case is given b y PiQi − ∑j wj(1 + τ∗
ij)Xij where wj denotes the jth input price.

19This can be seen from equation (A.4), where industry-year effects capture industry-level shifters P and Q.
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The model also collapses the combined effect of demand shifts and technical efficiency that

make up TFPQis for notational convenience: Ais = Aisξis. So the empirical measure of

fundamentals is a composite of both demand factors and technical efficiency. Sectoral pro-

ductivity is defined as sectoral output per composite unit input: TFPQs = Qs/ ∏j X
αjs
js . Using

CES demand and Cobb-Douglas production with CRS, Bils et al. (2021) show that TFPQs can

be expressed as a power sum of Ais weighted by relative distortions:

TFPQs =

(
∑

i
A

ρs
1−ρs
is

(
τis

τ̃s

) −ρs
1−ρs
) 1−ρs

ρs

(A.7)

where τ̃s is the harmonic revenue weighted mean of distortions.20 Blackwood et al. (2021)

show that TFPQs is maximized when τis = τ̃s, whose sufficient condition is satisfied only if

ρs < 1. In this case, following from equation (A.7), TFPQ∗
s is given by A∗

s =
(

∑i Aρs/(1−ρs)
is

)(1−ρs)/ρs
.

AE is defined as the ratio of TFPQs to the maximized, counterfactual TFPQ∗
s . Multiplying and

dividing by N(1−ρs)/ρs
s , where Ns is the number of plants in the sector, sectoral AE can be

expressed as:

AEs =

(
1

Ns
∑

i

(
Ais

Ãs

) ρs
1−ρs

(
τis

τ̃s

) −ρs
1−ρs
) 1−ρs

ρs

(A.8)

where Ãs =
(

N−1
s ∑i Aρs/(1−ρs)

is

)
is the power mean of Ais.

Blackwood et al. (2021) also generalize (A.8) to be robust to deviations from CRS but otherwise

maintain CES demand and Cobb-Douglas production. Under NCRS, they show that TFPQs

is given by:

TFPQs =

(
∑i A

ρs
1−ρsγs
is

(
τis
τ̃s

) −ρsγs
1−ρsγs

) 1−ρsγs
ρs

(
∏j X

αj/γs
js

)1−γs
(A.9)

They also show that the previous TFPQs is maximized when τis = τ̃s, if ρsγs < 1, i.e., firm-

specific input distortions are equalized to the harmonic weighted mean of distortions within

20τ̃s = S1/S2 where S1 = ∑i (Ais/τis)
ρs/(1−ρs) and S2 = ∑i

(
Aρs

is /τis

)1/(1−ρs)

iv



sectors. Under these condition, the maximized TFPQs is given by:

A∗
s =

(
∑i Aρs/(1−ρsγs)

is

)(1−ρsγs)/ρs

(
∏j X

∗αj/γs
js

)1−γs
(A.10)

where X∗
js denote aggregate input j corresponding to max {TFPQs}, the case where distor-

tions are equalized across plants. So, AE in this context is the ratio of TFPQs (given by

equation (A.9)) to the maximized, counterfactual TFPQ∗
s (given by equation (A.10)). Dividing

and multiplying by N(1−ρsγs)/ρs
s , where Ns is the number of plants in the sector, sectoral AE

under NCRS can be express as:

AEs =

(
1

Ns
∑

i

(
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρsγs
1−ρsγs

) 1−ρsγs
ρs

︸ ︷︷ ︸
AECOV

s

∏j X
∗αj/γs
js

∏j X
αj/γs
js


1−γs

γs

︸ ︷︷ ︸
Sectoral Intermediate Term

(A.11)

where Ãs =
(

N−1
s ∑i Aρs/(1−ρsγs)

is

)(1−ρsγs)/ρs
. The first term shows the effect of NCRS on the

within-industry component of AE. The second term captures the effect of NCRS via sectoral

inputs. Importantly, the latter term equals one when all production factor supplies are exoge-

nous (which is the case we explore in this paper), implying that only AECOV
s is relevant in this

case. Also, notice the equivalence in this case between equations (A.8) and (A.11) under CRS

(γs = 1).

The parameters ρs, γs, and αjs affect AECOV
s via the exponents. In addition, ρs and γs affect

relative technical efficiencies and distortions where the denominator depends directly on αjs.

The implication is that the joint distribution of these variables is a key determinant of AE.

Blackwood et al. (2021) formalize this result by expressing AEs as a function of the covariance

between transformations of τis and Ais:

logAECOV
s = γslog

(
τ̃s

τ̄s

)
+

1 − ρsγs

ρs
log
[

cov
((

Ais

Ãs

) ρs
1−ρsγs

,
(

τis

τ̄s

) −ρsγs
1−ρsγs

)
+ 1

]
(A.12)

where τ̄s =
(

N−1
s ∑i τ

ρsγs/(ρsγs−1)
is

)(ρsγs−1)/ρsγs
.

Proof Under the assumption that all production factor supplies are exogenous, sectoral AE
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can be expressed as:

AECOV
s =

(
1

Ns
∑

i

(
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρsγs
1−ρsγs

) 1−ρsγs
ρs

(A.13)

where Ãs =
(

N−1
s ∑i Aρs/(1−ρsγs)

is

)(1−ρsγs)/ρs
.21 Multiplying and dividing AECOV

s by τ̄s =(
∑i τ

ρsγs
ρsγs−1

is

) ρsγs−1
ρsγs

and rearranging the resulting expression, we obtain:

AECOV
s =

(
τ̃s

τ̄s

)γs
(

1
Ns

∑
i

(
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̄s

) −ρsγs
1−ρsγs

) 1−ρsγs
ρs

(A.14)

The rest of the demonstration is based on the fact that a sample-based covariance can be

written as cov(X, Y) = N
N−1

{
1
N ∑i xiyi − x̄ȳ

}
, where xi = (Ais/Ãs)ρs/(1−ρsγs) and yi =

(τis/τ̃s)
−ρs/(1−ρsγs). Hence,

1
N ∑

i
xiyi =

N − 1
N

cov(X, Y) + x̄ȳ. (A.15)

We do not assume that N/(N − 1) = 1 given that the number of firms within each industry

could in principle be small, but the demonstration is more simple when that assumption is

made (this is case for Blackwood et al. (2021)). Also, notice that:

x̄ =
1

Ns
∑

i

(
Ais

Ãs

) ρs
1−ρsγs

= 1 (A.16)

ȳ =
1

Ns
∑

i

(
τis

τ̃s

) −ρs
1−ρsγs

= 1. (A.17)

Substituting accordingly in equation (A.15), we obtain:

1
Ns

∑
i

(
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρsγs
1−ρsγs

=
Ns − 1

Ns
cov

((
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρs
1−ρsγs

)
+ 1. (A.18)

Hence

log AECOV
s = γs log

(
τ̃s

τ̄s

)
+

1 − ρsγs

ρs
log

(
Ns − 1

Ns
cov

((
Ais

Ãs

) ρs
1−ρsγs

(
τis

τ̃s

) −ρs
1−ρsγs

)
+ 1

)
(A.19)

21Under CRS (γs = 1), AECOV
s =

(
1

Ns
∑i

(
Ais
Ãs

) ρs
1−ρs

(
τis
τ̃s

) −ρs
1−ρs

) 1−ρs
ρs

.
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Under the assumption that (Ns − 1)/Ns = 1, equation (A.19) is equivalent to equation (A.12).

Equation (A.12) shows that AECOV
s depends on sectoral distortions (term 1), and a function of

the covariance between exponentiated relative technical efficiencies and distortions (term 2).

By definition, the covariance (term 2) depends on the dispersion of these two variables and

the correlation between technical efficiencies and distortions.

We use equation (A.12) in our empirical analysis below to provide guidance about the sensi-

tivity of the measures of AE to the estimates of ρs, γs, and αjs. Studying such sensitivity is

important because of the complex relationship between curvature parameters and AE. The

second term of equation (A.12) highlights that ρs and γs do not enter AE symmetrically, so

the influence of the two parameters cannot be summarized by revenue curvature. Further

complicating matters, the empirically measured distributions of fundamentals, including the

correlation between fundamentals and distortions, depends asymmetrically on ρs and γs. This

in turn implies the covariance of measured TFPQis with measured TFPRcs
is varies with ρs and

γs in an asymmetric manner. This highlights the importance of using different estimates for ρs

and γs in the empirical analysis.

Critically to highlight the connection between log AECOV
s , log TFPRcs

is , and log TFPRrr
is is that

τis ∝ TFPRcs
is and log Ais = 1

ρs
log TFPRrr

is . Hence, the empirical equivalent of equation

(A.12) can be re-written as:

log AECOV
s = γs log

T̃FPR
cs
s

TFPRcs
s
+

1 − ρsγs

ρs
log

cov

(TFPRrr
is

T̃FPR
rr
s

) 1
1−ρsγs

,

(
TFPRcs

is

TFPRcs
s

) −ρsγs
1−ρsγs

+ 1


(A.20)

In other words, the measured AECOV
s is a function of the two distinct revenue productivity

measures derived above. Our empirical analysis is grounded in equation (A.20).
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