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1 Introduction

Aggregate productivity is at the core of differences in income per capita across countries
(Klenow and Rodriguez-Clare, 1997; Prescott, 1998; Jones, 2016). As a result, a key ques-
tion in the literature on macroeconomic growth and development is what are the fundamental
determinants of aggregate productivity differences across countries? There are several use-
ful perspectives explored in the literature. In this paper, I focus on resource misallocation
across firms. I assess the extent of misallocation across countries using the newly released and
expanded World Bank Enterprise Survey (WBES). Using a standard framework of heteroge-
neous firms, I measure firm-level productivity and the implied firm-level distortions in each
country in the dataset. A main finding is that both firm-level productivity and distortions
are more dispersed across firms in developing countries, consistent with evidence for specific
countries in the literature. But the key empirical property I highlight is that distortions are
more highly correlated with firm productivity in developing countries, implying that dis-
tortions weaken the systematic relationship between firm size and productivity expected in
economies with no distortions. I then exploit a unique feature of the WBES data to assess
the specific obstacles facing firms in their economic environment that are consistent with the
empirical pattern of distortions.

To derive insights from the cross-country data, I consider a standard framework of pro-
duction heterogeneity following Hopenhayn (1992). Production of a homogeneous good takes
places in establishments. Establishments are characterized by a production function that fea-
tures decreasing returns to scale to variable inputs such as labor, and differ in their total
factor productivity. Markets are competitive but prices of individual producers may be dis-
torted (Restuccia and Rogerson, 2008). This simple framework of production heterogeneity
with distortions is a well-established theory of firm size and permits comparative analysis
of actual data of individual producers with a benchmark efficient allocation of resources.
The cost associated with the misallocation of resources across producers is summarized by

the aggregate productivity gain from an efficient reallocation or alternatively its inverse,



allocative efficiency.

I use WBES data (World Bank, 2025) to assess misallocation within sectors and across
countries. The highlights of the WBES dataset are that is a common survey conducted in
many countries (103 countries), spanning the entire range of cross-country income distribu-
tion and that has an opinion-based component that asks establishments about the barriers
and constraints the firm faces. It is important to note some limitations as well, especially
in qualifying some findings. First, it only includes establishments with five or more employ-
ees. Since average firm size increases systematically with income per capita across countries
(Bento and Restuccia, 2021), this restriction impacts differentially across countries, poten-
tially biasing some statistics. Second, sample sizes are relatively small, with sample sizes
ranging between 79 and 2600 establishments, which restricts a more granular examination
of the data; and third, it only includes non-farm enterprises. It is well known that for many
developing countries, more than 60% of employment is engaged in family farms in the agricul-
tural sector, which may face distinct barriers to their operation relative to those emphasized
in WBES surveys.

Using the data and framework, I measure firm’s output as sales and labor as full-time
permanent employees, and construct measures of firm-level productivity and distortions.
Distortions are indirectly inferred such that in equilibrium, firms choose the observed level of
employment given their productivity. In this regard, distortions represent an indirect catchall
of the barriers faced by firms that affect their operating size relative to their productivity.
To minimize the potential influence of time and sectoral composition across countries, I
residualize both firm-level productivity and distortions by removing country by sector by
time fixed effects. I document three main empirical findings. First, the productivity gap
between the most and least productive firms is larger in developing countries. Moreover, this
larger dispersion in firm-level productivity in developing countries arises from the greater
prevalence of lower productivity firms. Second, the gap in distortions between the most

and least productive firms is also larger in developing countries, implying that distortions



hurt productive firms the most in developing countries. Indeed, the elasticity of firm size
(employment) with respect to firm productivity is weakest in developing countries. Third,
the overall aggregate productivity impact of distortions is largest in developing countries
in each sector, with allocative efficiency less than half than that in advanced economies.
These findings are consistent with evidence for specific countries in the literature, such as
the seminal article by Hsieh and Klenow (2009) for the examination of China, India, and
the United States, Cirera et al. (2020) for countries in Africa, Pagés (2010) for countries in
Latin America, and Ayerst et al. (2024) for a cross-country sample using the Orbis dataset.
Restuccia and Rogerson (2013), Hopenhayn (2014), and Restuccia and Rogerson (2017) offer
more comprehensive surveys of the literature.

I conduct two more specific analyses with the data. First, I show that a simple parametric
form of firm-level productivity and distortions can match the granular data across countries
quite well, and use this parameterization to assess the importance of the restricted sample
in WBES, which focuses on establishments with five or more employees, for the empirical
findings. The analysis indicates that while the magnitudes of dispersion in productivity
and distortions and their correlation across countries change somewhat, the main empirical
findings emphasized with the WBES data hold in the population sample. Moreover, the
most systematic effect across countries is the bias on measures of distortions, which indicate
that the gap in distortions between developing and developed countries is greater than what
is indicated by the WBES sample. This implies that for some countries, the difference in
allocative efficiency is greater than indicated by the WBES sample.

Second, I examine which specific barriers reported in WBES data have the property of
being most hurtful for the more productive firms in developing countries. I document the
patterns from a few indicators of the economic environment of firms related to regulation,
finance, infrastructure, and corruption. I emphasize that it is not only the difference in
average distortion that matters, but how the distortions affect differentially firms across the

productivity distribution. I find that aspects of regulations, corruption, and infrastructure



all feature higher negative impacts on more productive firms in developing countries, even
for indicators that do not feature a systematic difference in the average across countries. This
suggest policy reforms aimed at reducing distortions but specially reducing the idiosyncratic
impact that affect the most productive firms in developing countries.

The paper proceeds as follows. In the next section, I describe the framework of production
heterogeneity used to derive measures of firm-level productivity and distortions. Section 3
describes the data and presents the main empirical observations from the cross-country data,
including an overall assessment of the aggregate productivity cost of misallocation across
sectors and countries. In Section 4, I provide an analysis of the potential implications of the
restricted sample in WBES data for key moments of firm-level productivity and distortion.
I also document basic measures of the economic environment such as access to finance,
corruption, infrastructure, and regulation, with regard to their empirical cross-country and
within country patterns. I show some of these barriers to firm’s operation in developing
countries feature correlated patterns in that more productive firms are impacted the most

by these country barriers. I conclude in Section 5.

2 Framework

I consider a model of producer heterogeneity and distortions following Hopenhayn (1992) and
Restuccia and Rogerson (2008). To deliver some basic insights, I make several simplifications
to focus on a static economy with a fixed set of producers and hence focus on a narrow notion
of misallocation, whereby a constant amount of aggregate resources are allocated across a
fixed set of producers. Restuccia and Rogerson (2017) provide a detailed description of

research considering broader notions of misallocation.

Technology. Production of a homogeneous good takes place in M establishments with

access to a decreasing returns to scale technology in variable inputs.! These establishments

'In what follows I refer to production units, establishments, or firms indistinguishably.



differ only on their total factor productivity. For simplicity, I consider employment as the only
factor input but I discuss below the advantages and potential limitations of this assumption.

I assume an establishment ¢ production function is as follows:

Yy, = Zzh;ya 7€ (Oa 1)7 (1)

where z; is measured establishment TFP, h; is total establishment employment, and v rep-
resents the extent of decreasing returns to scale at the firm level. I rely on this specification
of the production function to measure firm-level TFP as a residual from firm-level data on
output and employment, i.e, z; = y;/h;.

Note that in order to accommodate that there may be differences in production technolo-
gies across industries s, countries ¢, and time ¢, following Ayerst et al. (2024) I residualize
firm-level TFP by running a regression of log measured TFP (log z;s.;) on an interaction fixed
effect term of sector, country, and time (log zs.;) and retaining the residual as log z;. I use
this residualized measure of firm TFP and the assumed production function with data on
actual employment to compute the implied actual output that is devoid of industry, country,

and time fixed effects.

Market structure and distortions. Output and labor markets are competitive but po-
tentially subject to distortions, which for simplicity I model as implicit idiosyncratic taxes or
subsidies to firm’s revenue 7;. Total employment in the economy is fixed equal to H. Denoting
the real wage rate by w and normalizing the price of output to one, the profit maximization
problem of firms is given by

max{(1 — 7;)z;h] — wh;}. (2)

hi>0

Equilibrium. A competitive equilibrium in this static economy is a wage rate w and
employment demand by firms {h;} such that: (i) Given w, firm’s employment demand {h;}

solves the profit maximization problem in equation (2) and (i7) the labor market clears:



Y hi=H.
Characterization. The first order condition for profit maximization implies,

(1 —mhy =w, (3)

An important implication of equation (3) is that absent idiosyncratic distortions, output per
unit of factor input equalizes across firms to maximize the aggregate output this economy
can produce given resources. By implication then, the measure of idiosyncratic distortions

(or wedge) that I use is output per unit of employment:

; 1
wedge, = z—i X Tk (4)
and this measure can be shown to be proportional to deviations in the marginal product of
labor (since the technologies are assumed to be the same across producers) and proportional
to the implicit tax.

The other implication which is worth highlighting is that distortions that are common
across firms in this simple framework do not create misallocation, would only affect the factor
input price in equilibrium that clears the factor input market. From equation (3) and solving
for the demand for labor for each firm h;, if 7; is the same across all establishments, then
the wage that clears the labor market would adjust to exactly undo the effect of the tax on

the demand for labor of all the firms, that is, in this case the market clearing condition for

5 <(1 _J)%) Vo= "
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employment is

and the equilibrium wage w would adjust proportionally to undo the effect of a common tax
on the demand for labor of all the firms to clear the labor market. This suggests that, in
this simple context, it is not the average size of the distortion that matters for misalloca-

tion but instead differences in distortions across producers. Hence, in characterizing specific



distortions from the data, I focus on cross-country variations in distortions that generate
idiosyncratic effects across producers as the relevant metric, not necessarily the average

distortion in the economy.

Stylized misallocation. To illustrate more precisely the role of distortions in generat-
ing the observed firm size given firm productivity in the data, the optimality condition in

equation (3) generates the following firm’s demand for employment:

log h; = constant + [log(1l — 7;) + log 2] . (5)

1
(1-7)
In the absence of idiosyncratic distortions there is a tight positive relationship between firm
productivity (z;) and firm employment (h;), a relationship that is highly non-linear but with
a constant elasticity given by 1/(1 — 7). In essence, in an economy without distortions,
more productive firms operate a larger fraction of employment because this is what brings
their marginal product of labor down to equalize with lower productivity firms that operate
a smaller share of employment. Idiosyncratic distortions in this context capture any rela-
tionship between productivity and employment across firms observed in the data. Figure
1 presents hypothetical firm-level data on employment and TFP in (blue) circles and the
employment allocation in the absence of distortions (efficient allocation) in (red) line.

As noted earlier, given differences in productivity across firms, in the absence of distor-
tions, there would be a tight positive relationship between firm’s employment and produc-
tivity, more productive firms operate larger shares of employment and firms with the same
productivity operate the same size. Both of these properties are not satisfied in the hypo-
thetical data in Figure 1: there is a fairly flat relationship between employment size and
productivity across firms and there is dispersion in size across firms with the same pro-
ductivity. Both of these deviations from undistorted (efficient) allocations imply a loss in
aggregate productivity as marginal products of labor are not equalized in this hypothetical

context. In what follows, I characterize employment allocations and the implied distortions



Figure 1: Stylized Misallocation
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Notes: Hypothetical firm-level data on employment and TFP (both in logs) in blue circles, and the implied

efficient allocation in red line from equation (5).

faced by firms in the data, in terms of their systematic relationship with respect to firm pro-
ductivity and in terms of the overall dispersion. This is motivated by the fact that deviations
in marginal products that are systematic across the firm productivity distribution tend to
be more damaging in terms of aggregate productivity than other non-systematic deviations.
And importantly, distinguishing between different patterns of distortions can be helpful in
identifying specific distortions or separating from other sources of dispersion. Moreover, as
I show below, the employment allocations in most developing countries feature the pattern
illustrated by the hypothetical example so these deviations from efficient allocations are of
practical importance.

I use the WBES data to first characterize the patterns of the implicit distortions affect-
ing firm’s choices. Conceptually, distortions represent the effective tax or subsidy that is
required for a firm with a given productivity to choose in equilibrium the amount of em-

ployment observed in the data. For example, a relatively high tax would be required for a



high productivity firm to choose to operate a relatively low level of employment or a lower
tax for a low productivity firm to operate a relatively large amount of employment. Then,
in section 4, I use economic indicators from WBES data to examine what features of the
economic environment across countries may be consistent with the documented pattern of

distortions.

3 Data

I describe the basic features of the data and report a few observations across countries that

arise from these data.

3.1 Description and Variables Construction

I use data from the World Bank Enterprise Surveys (WBES) (World Bank, 2025). WBES are
nationally representative firm-level surveys with top managers and owners of businesses. I
focus on the newer standardized global methodology surveys that cover over 100 economies.
The surveys provide establishment-level information on many topics related to the business
environment such as access to finance, infrastructure, performance, among others. Relative to
other firm-level data that also provide information about output and inputs, the advantage
of WBES data is the unique detailed information about aspects of the business environment
in which these firms operate, providing novel insights not only about country level features of
the economic environment, but also about how those conditions differ across establishments
depending on their size or productivity. The comprehensive data under a common survey
methodology and data collection enable comparisons across countries.

I construct measures of output y and employment h for each firm in each country survey.
I measure output as the establishment’s sales. I do not use value added because there are
too many missing information for intermediate inputs. Employment is measured as the num-

ber of permanent full-time employees. The findings are robust to using other measures of



employment such as full-time equivalent employees and total employees including full-time,
part-time, and seasonal. Similarly to intermediate inputs, I also do not use the available
information on capital because there are too many missing information on the required vari-
ables to render the remaining sample representative. Nevertheless, other studies have shown
that the main effect of distortions is on the overall size of the establishment, not on the input
ratios across establishments (Hsieh and Klenow, 2009; Ayerst et al., 2024). In other words,
as long as the capital to labor ratio or the intermediate input to labor ratio are roughly
constant across firms withing a sector, country, and time, then all the characterization on
productivity and distortions across firms with labor input would be the same than with all
inputs.

I define firm-level TFP using the production function in equation (1) as a residual from

measures of firm-level output and employment:

TFP, = 2. (6)
i

Firm-level distortions are measured using equation (4) using data on firm-level output and
employment and assuming a decreasing returns to scale parameter v = 0.8 as commonly used
in the misallocation literature (Guner et al., 2008). Both firm-level TFP and distortions (or
wedges) are residualized by removing country-sector-year fixed effects. All country moments
are calculated using absolute weights provided in WBES data.

A restrictive issue with WBES data is the sample size in many countries which declines
substantially when incorporating capital and intermediates as noted above. Hence, there
is a trade off between constructing more comprehensive measure of firm-level TFP and
having a more restricted (and potentially biased) sample. In the analysis that follows, I
side with maintaining the sample of firms as large as possible noting previous studies where
measuring TFP with capital and intermediates does not change the results substantially.

Moreover, a key aspect in the analysis is that v represents the decreasing returns to scale
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in establishment production, not the labor’s income share. Hence, the analysis applies more
broadly when input ratios (such as capital to labor or intermediates to labor) are constant
across establishments within a sector, country, and time.

The WBES data offers a unique opportunity to assess firm-level information under a com-
mon survey questionnaire applied in 103 countries, spanning the entire range of the income
per capita distribution. The surveys were conducted between 2022 and 2025. From the avail-
able data to construct our measures of firm productivity and wedge and after residualizing,
we trim each variable by the top and bottom 1% as is common in studies of misallocation.
After trimming, the sample size varies between 76 establishments in Seychelles to 2,631 es-
tablishments in the United States. The average number of establishments is 542 and the
median 356.

A unique aspect of the data is the inclusion of opinion-base questions of the top manager
regarding the economic environment the establishment operates in. At the same time, it is
important to recognize some limitations of the WBES data, to keep in mind in interpreting
the observations documented below. First, the WBES data only includes non-farm establish-
ments. This is relevant in cross-country comparisons, and in particular comparing developed
and developing countries since in developing countries the bulk of employment is engaged in
the agricultural sector. As a result, findings regarding establishment-level observations from
WBES can only indirectly address the situation of farms in less developed countries. More-
over, the share of non-farm employment between manufacturing and services, illustrated in
Figure 2, differs quite substantially across countries, even though there is some systematic
negative and positive relationship with aggregate labor productivity across countries.

Second, sample sizes differ quite substantially across countries as noted above. More im-
portantly, sample sizes become too restrictive in some countries when disaggregating the data
based on multiple characteristics of the firm. Third, it is also important to note in interpreting
the observations documented below that the sample restrictions in WBES data affect cross-

country comparisons, for example average establishment size by sector. The reason is that
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Figure 2: Shares of Employment in Manufacturing and Services, WBES
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Notes: Shares of non-farm employment in manufacturing and services from WBES data. Aggregate labor
productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

the survey covers firms with five or more employees and to the extent that more developed
countries feature larger average size establishments, then effectively the survey compares
larger establishments in developing countries with most establishments in advanced coun-
tries. To illustrate this limitation of the data, Figure 3 reports the average establishment
size in manufacturing and services in WBES data, in contrast to average establishment sizes

from data that includes all establishments (Bento and Restuccia, 2017, 2021).

3.2 Main Empirical Observations

I characterize firm-level productivity across countries at different levels of development. To
set the stage and illustrate the changes in firm-level productivity, I first focus on the com-
parison between firm-level productivity in Vietnam and the United States, two countries
representative of the developing and developed countries categories. Figure 4 documents the
percentile distribution of firm-level TFP in the United States and Vietnam from WBES data.
For the comparison in this figure, I do not use the residualized TFP, instead the US dollar
converted values to retain the level. I report 50 percentile points from percentile one (pl) to

percentile 99 (p99) for each country.
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Figure 3: Average Establishment Size in Each Sector
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census data from Bento and Restuccia (2017) for Manufacturing and Bento and Restuccia (2021) for Services.
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Figure 4 highlights important differences between the countries. First, the United States
(USA), a high-income country, has less dispersed productivity than Vietnam (VNM). This
implies that the productivity gap between the more productive firms and the less productive
ones is larger in VNM than USA. Second, the productivity distribution in Vietnam appears
to “fan out” from the top end of the distribution. The most productive firms in USA and
VNM have relatively similar productivity while the productivity gap at the bottom percentile

of the distribution is much larger. For instance, around 60 percent of firms in Vietnam have
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Figure 4: Percentile Distribution of Establishment-Level Productivity, Some Countries
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Notes: The figure reports values for 50 percentile points of the firm-level TFP distribution, from percentile
one (pl) to percentile 99 (p99).

lower TFP than the percentile one firm in the USA, whereas around 20 percent of firms in
the USA have higher TFP than the percentile 99 firm in Vietnam. I now assess whether

these patterns hold systematically across countries and using the residualized values.

Dispersion in firm-level TFP across countries. [ use the cross-country data to draw
broader conclusions on productivity observations. In the comparisons that follow, I use the
residualized establishment-level TFP discussed earlier. In this regard, I am comparing the
distribution of relative firm productivity excluding the level, unlike Figure 4. This is to po-
tentially reduce the influence of year differences and the sectoral composition of the economy
in the characterization of firm productivity.

Figure 5 reports the standard deviation of firm-level productivity in countries against
development, measured by aggregate labor productivity (real GDP per worker) from the
Penn World Table (Feenstra et al., 2015). Data are the residualized measures of firm-level

productivity. Productivity tends to be more dispersed in lower income countries. The pattern
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Figure 5: Cross-Country Productivity Dispersion
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is robust to other measures of dispersion, such as the inter-quartile or inter-decile range, that
place less weight on outliers. Focusing on the inter-decile range in panel (b), whereas the
productivity gap between the 90 and 10 percentile firms is 12-fold in USA, the productivity
gap is 35-fold in VNM. This finding of larger productivity gaps in less developed countries

is consistent with Ayerst et al. (2024) who document this fact using Orbis data for a smaller

set of countries.

Fanning out of productivity distribution. Figure 6 reports the comparison of firms
at different percentiles of the productivity distribution to provide information on the overall
shape of the distribution across countries, and whether, in general, the productivity distri-
bution fans out or shifts down in countries at lower levels of output per worker.

We compare firms at the top of the distribution (p99) to firms at different points of
the distribution (p50 and p5) in all countries. Figure 6 confirms the pattern emphasized
earlier for Vietnam compared to the United States that the productivity distribution tends
to narrow in more developed countries. This is stronger in the bottom of the distribution

than in the top of the distribution.
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Figure 6: Comparison of Productivity Distribution
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Properties of firm-level distortions. [ now characterize measured distortions in WBES
data. I examine how the wedge distribution varies across countries at different levels of
development. As in Ayerst et al. (2024) and a large literature in misallocation, I focus on two
commonly reported moments: the standard deviation of log wedges and the elasticity of firm
wedges with respect to firm productivity. Recall that that an economy without distortions
is one where there is no dispersion in wedges across producers, and an economy without
systematic distortions is one where the elasticity of distortions (the elasticity of wedge with
respect to productivity across firms) is low. There are many reasons why the dispersion in
wedges and the elasticity of distortions may not reflect actual policy distortions including
mismeasurement, selection of operating firms, and technology choices. See Ayerst et al. (2024)
for a detailed discussion of these biases in measures of distortions.

Figure 7 reports two measures of distortions for all the countries in the data: the standard

deviation of log wedge across firms in panel (a) and the elasticity of distortions in panel
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Figure 7: Cross-Country Measures of Distortions
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(b), the elasticity of firm wedge with respect to firm productivity. Consistent with previous
findings for some countries in the literature, Figure 7(a) shows that lower income countries
tend to have more dispersed wedges, whereas Figure 7(b) show that wedges are more highly
correlated in developing countries.

Recall that distortions are inferred from the relationship between employment and pro-
ductivity and hence reflect deviations of marginal products of labor across firms. Figure 8(a)
reports more directly the relationship between firm-level employment and firm productivity
in the cross-country data. Developing countries have a much lower elasticity of firm em-
ployment to firm productivity, much like the stylized misallocation case discussed earlier.
Figure 8(b) reports the dispersion in employment across countries, showing that the employ-
ment gap across firms is slightly smaller in developing countries than in advanced countries.
Since systematic distortions mean that employment is moved from more productive to less
productive firms, on this factor alone we would expect that the employment distribution is
more compressed in developing countries. But between the random component of distortions

which may be larger in developing countries and the fact that productivity is more dispersed
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Figure 8: Cross-Country Elasticity of Employment and Employment Dispersion
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in developing countries, factors that counteract the compression of employment across firms

in developing countries.

3.3 Assessing the Cost of Misallocation

The aggregate productivity cost of misallocation generally depends on the joint distribution
of establishment-level productivity and distortions, but a simple summary statistic relates to
the aggregate productivity loss relative to the first-best allocation. In this regard, I compute
allocative efficiency measured as the ratio of aggregate actual output relative to aggregate
efficient output. Since, aggregate inputs are constant in these static allocations (actual and
efficient), the loss in output relative to efficient is a measure of the aggregate productivity loss.
Aggregate actual output can be readily computed from the data, with just the caveat that
the measure of actual output uses the residualized TFP calculated earlier and hence controls
for sector, time, and country specific factors. The efficient allocation can also be readily
computed from the equilibrium allocations derived in equation (5) assuming no distortions

and solving for the wage rate that clears the labor market. Alternatively, it is instructive
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to directly solve the efficient allocations from a planners’ problem that maximizes aggregate
output given the fixed set of establishments and aggregate inputs. The planner’s problem

can be written as:

M
max Y° = Z zih subject to Z hi =H

{h§>0
; i=1

The first order condition from this problem equates the marginal product of labor at an
arbitrary firm ¢ to the shadow cost of labor, which is given by the lagrange multiplier of the
resource constraint. Hence, as alluded earlier since the shadow cost of labor is the same for
all firms, the planner maximizes aggregate output by equating the marginal product of labor
across all firms in the economy. Then substituting this equation into the resource constraint
determines the value of the lagrange multiplier that satisfies the resource constraint, and back

into the first order condition implies the following efficient allocation across establishments:

/(=)

hi = Zf‘jl Zil/(l—w)H

The efficient allocation coincides with the competitive equilibrium allocation when there are
no distortions or distortions are constant across producers, and involves operating more pro-
ductive establishments at a larger scale (more employment) to the point where the marginal
product of labor is equalized across all establishments. Note that because of decreasing re-
turns to scale at the establishment level, the allocation of employment is highly non-linear
across establishments with different productivity, with an elasticity of employment with re-
spect to productivity equal to 1/(1—+). Given the value of v = 0.8, this elasticity is equal to
5. This implies that an establishment with a one percent higher productivity than another
efficiently operates with a 5 percent greater employment.

For each country and separately for each sector (manufacturing and services), I compute
allocative efficiency (AE) and report the findings in Figure 9. Two observations stand out.

First, allocative efficiency is much lower in developing countries, a result that is consistent

19



Figure 9: Allocative Efficiency across Countries within Manufacturing and Services

0.94

o
©

1O

0.8 sYC 0.8
o
£
= 0.7 wn 0.7
g S MEX ISR
£ c
5 0.6 @ 0.6 AZE  SVK
c 5SD KHM w0
2 = BRB SRB SWE
€ s [ BFA
g G FsD SV MRA GEOSL
c © A
Loa GMB AGO S04 GMEHM PER SY§ BE%A_——'
] BFA @ PREM S
b= Tcp NPL e PAEY..F IRL
o 03 BEH 203 TZA AM__,%W% SGP
2 MEY) S — ~CWKG
TR s B o T N OB
20 “Lgo R 021 nemm7 st aco VA
< cob ML GHA Rz

IDNP
0.1 0.1 CAF UZB
MDG MDG oG ARMR!
0.0 T T ™ ™ 0.0 T T ™ ™ ™
8 9 10 11 12 8 9 10 11 12
Labor productivity (log) Labor productivity (log)
(a) Manufacturing (b) Services

Notes: Allocative efficiency is the ratio of aggregate actual relative to efficient output which reflects aggregate
productivity differences since aggregate factors are the same in actual and efficient calculations. Aggregate
labor productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

with many studies of misallocation focusing on small subsets of countries. Second, generally,
allocative efficiency is somewhat smaller in the services sector than in the manufacturing
sector. While this result is to be expected given that the services sector involves non-tradable
and heavily regulated activities, only a few studies report misallocation for manufacturing
and services consistent with this fact (Dias et al., 2020).

Focusing on the United States and Vietnam where allocative efficiency is 0.42 and 0.20 in
the manufacturing sector. The value of allocative efficiency in the United States is somewhat
lower than the one reported in Hsieh and Klenow (2009) (around 0.70), whereas the value
for Vietnam is consistent with that reported in Ayerst et al. (2024) for Vietnam using Orbis
data and Nguyen (2024) using even more comprehensive data from all registered firms in the
Vietnam Annual Enterprise Survey. On possible explanation for the differences is of course
the restricted sample of establishments in WBES data, an issue that I return to in the next
section. Also, allocative efficiency is a measure of the cost of misallocation that is susceptible
to potential mismeasurement (Ayerst et al., 2024) and it is quite possible that given the

cross-section nature of WBES data and the small sample sizes, measurement error may be
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more prevalent in these data that can differ across countries.

4 Analysis of Restricted Sample and Indicators

A simple parametric form of firm productivity and distortions is able to fit the data in
each country quite well. I exploit this property and use this parametric version of the data
to make inferences about key statistics for the entire population of establishments in each
country relative to the restricted sample of firms with five or more employees in WBES data.
This allows me to provide some guidance regarding the sample restriction in WBES data
as to the direction of bias and how it differs across countries for key moments relevant for
studying misallocation. I also discuss some indicators of the economic environment in WBES
that differ across firms to assess their consistency with the broad pattern of distortions

documented earlier.

4.1 Restricted Sample

To assess the quantitative relevance of the restricted sample (firms with five or more em-
ployees) in WBES data for measures of productivity dispersion and misallocation, I proceed
in four steps. First, I approximate establishment-level productivity and distortions by pa-
rameterizing each distribution following Restuccia (2019) and Ayerst et al. (2024). I show
that the parameterization and estimates provide a good fit of the TFP, distortions, and
allocative efficiency data. Second, using the parametric form of TFP and distortions, I con-
sistently calibrate to the selected sample in the data, in particular, I match moments of the
TFP distribution and distortions based on the same selection criteria as in the data, that
is from the simulated population sample I focus on firms with five or more employees to
construct empirical moments. Third, I compare the estimated population parameters and
selected moments across countries to illustrate the bias introduced by the restricted sample.

I now provide the details of each step. I approximate firm-level productivity by a log
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normal distribution with mean zero and standard deviation denoted o,. I then approximate
firm-level wedge allowing for a systematic component of distortions and a random component

as follows:
log(wedge) = —log(1 — 7;) = plog(z) + €,
where € is normal distributed with mean zero and standard deviation .. This implies that the

firm-level data on productivity and distortions are approximated by just three parameters:

0., p, and o.

Figure 10: Comparison of Productivity Distribution
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distributions are normalized to the data in each country.

I estimate these parameters for each country and show that they fit the granular data well.
For instance, Figure 10 compares the percentile distribution of firm TFP in Vietnam and
the United States in the data and in the simulated data. Even though dispersion differences
in firm TFP is governed by one parameter under the log normal assumption, the simulated
firms fit the firm-level data quite well.

Similarly, Figure 11 documents the comparison of allocative efficiency between the data

(panel a) and the simulations (panel b). While there is somewhat less dispersion in allocative
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efficiency across countries in the simulated data, the patterns are well approximated by the
simulated data, especially considering that the granular data on productivity and distortions
are summarized with three parameters under strict distributional assumptions.

Figure 11: Allocative Efficiency across Countries, Empirical versus Simulated
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The estimated parameters in the previous step correspond to firms in the restricted WBES
sample, that is firms with five or more employees. I then use the parametric forms to simulate
economies based on population parameters, and then constructing moments restricted to
firms with five or more workers, as in the data. This allows for a comparison of moments
between the hypothetical population of firms without the size restriction and the restricted
data. I simulate a large number of firms (100,000) in each country to reproduce the moments
on productivity and distortions observed in the data and report the average of 10 simulations
for each country. In particular, in each simulation I target three moments: (1) the standard
deviation of log TFP, (2) the elasticity of wedge with respect to productivity, and (3) the
standard deviation of log wedge. I then report how the estimated parameter values and

allocative efficiency vary between the restricted sample and the hypothetical population.
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Figure 12: Population Estimates with Simulated Data
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Figure 12 reports the population parameter estimates (o, p, o) and allocative efficiency.
The main takeaway is that the estimates of population parameters and resulting allocative
efficiency follow similar patterns across countries than that found for the empirical estimates
from the restricted sample of firms in WBES. This result is reassuring in that it implies that
the WBES data provides an accurate characterization of productivity and distortions across
countries despite the sample restriction.

Figure 13 reports the ratio of parameter estimates and allocative efficiency between the
population and data (the restricted sample of firms with five or more workers) against ag-
gregate labor productivity across countries to identify systematic bias with the restricted
sample. Regarding dispersion in firm-level TFP in panel (a), there is more dispersion in
the population of firms than in the restricted sample (about 40 percent higher dispersion
measured by the standard deviation of log TFP), but the bias does not show a strong re-
lationship with aggregate labor productivity. While we expect that the size restriction in
WBES would affect more firms in developing countries, distortions in these countries impart
a disconnect between productivity and size and, hence, the size restriction is not as strong
on the productivity dimension.

Regarding distortions in panels (b) and (c), the bias is that distortions in the popula-
tion are more severe in developing economies relative to developed countries than what the
restricted sample indicates. In particular, while estimates of p between the population and
empirical are about the same for developing economies, the population p is much lower than
what the empirical sample of firms indicates in advanced economies. Allocative efficiency
in panel (d) is higher in the population of firms than in the restricted sample with little
systematic variation across aggregate labor productivity, although for the specific cases of
Vietnam and the United States, the difference in allocative efficiency between these countries

is larger in the population of firms than in the WBES data.
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Figure 13: Population Estimates Relative to WBES Data
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4.2 Economic Environment Indicators

A key empirical observation of firms in developing countries is that their employment is
much less systematically related to their productivity compared to the relationship observed
in developed countries. This implies that distortions (implicit or explicit) faced by firms in
developing countries are more highly correlated with the productivity of the firm. That is,
more productive firms in developing countries face greater distortions than the less productive
counterparts, compared to the gradient prevalent in developed countries.

I now exploit a unique feature of WBES data, the opinion-based questions on the economic
environment faced by the firm, to assess which indicators of the economic environment,
such as issues of regulation, credit, human capital, corruption, among many others, are
consistent with the correlated property of distortions in developing countries. In particular,
I compare the cross-country patterns of specific economic-environment indicators across the
productivity distribution of establishments. This allows an identification of specific aspects of
the economic environment faced by firms that have the potential to be the most damaging
in terms of aggregate productivity, and hence provide specific direction for public policy
actions.

I emphasize though that the purpose in this section is not to be comprehensive in the
evaluation of indicators since the WBES dataset comprises a large number of indicators,
instead I focus on documenting the empirical properties of a few indicators that are suspected
to be most damaging for productivity in developing countries, leaving a more comprehensive
analysis of indicators for future work.

I document a sample of economic-environment indicators that relate to regulation, corrup-
tion, finance, and infrastructure. Figure 14 documents cross-country observations on firms
reporting that their prices are regulated. The average percentage of firms is reported in panel
(a) and as expected declines with aggregate labor productivity across countries, the percent-
age of firms reporting their prices to be regulated is less than 5% in advanced economies,

whereas it represents more than 30% of firms in developing countries. Panel (b) documents
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Figure 14: Regulation—Firms Reporting their Prices are Regulated
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the proportion of firms with regulated prices but as the difference between the top 10% most
productive firms and the bottom 10% least productive firms in each country. Price regula-
tion would act as a correlated idiosyncratic distortion if it affects relatively more the more
productive firms in developing countries. This is indeed what is observed on price regulation
in panel (b), in advanced economies the low incidence of price regulation is roughly shared
among high and low productivity firms, whereas in developing countries the more productive
firms face price regulation more intensively than the less productive firms by 10 percentage
points.

Figure 15 reports similar moments for an indicator of corruption in the country. In partic-
ular, it reports the Graft Index which is defined as the proportion of instances in which firms
were expected or requested to pay a gift or informal payment out of the total solicitations
for public services, licenses, or permits. In panel (a), the average Graft Index is higher for
developing economies, more than 30%, whereas it is nearly zero for advanced economies.

Panel (b) shows that indeed the more productive firms in developing are affected more by
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Figure 15: Corruption—Graft Index

sl IRQ, N CAF,
TCD,
60
404
TCD,
BGD, VNM,
MA IS a0/
MDG, LAO, R R < PAK R,
o LAQ,
20 oG, p SLE . NAM,
PA 20
) CAR cur, £ ©h MR, KGR A,
g cop, VNN, U T BTj g BSGP IR
z e BFA,  AGO, N £ 0 v PO o ok L
20 T kez, s S RW GHA puL sty o e
R MEX TTo, PR A g bR Nz,
%EMR.‘\ ID% 2 0] * BF ° MKD, BEL,
SD, BEN, CHA. % A MAR, :
% “~<.._NF8{{, MKD
&% cog, TUN,
] PH O R‘BEL. —40+ kA3
o o R gt
TG@%. PER, MUS A
e & YA ~.
S| N.NL T) iéﬁ - 60 IS
ol j%ﬁg @SGH, IRl MDG, R

1‘0 1‘1 1‘2 é é lb 1‘1 1‘2
Labor productivity (log) Labor productivity (log)
Notes: The Graft Index is defined as the proportion of instances in which firms were expected or requested to

8 9

pay a gift or informal payment out of the total solicitations for public services, licenses, or permits. Average
in panel (a) refers to the average Graft Index in percent in each country, whereas Top 10%— Bottom 10%
in panel (b) refers to the difference in the indicator between the 10% most productive and the 10% least
productive firms. Aggregate labor productivity in logs for 2023 from the Penn World Table v11.0 (Feenstra
et al., 2015).
corruption.

Figure 16 documents an indicator of infrastructure issues, the firms that experience inter-
net disruptions. In average, internet disruptions are twice as prevalent in developing countries
than in advanced economies (panel a), whereas panel (b) shows that internet disruptions af-
fect productive firms more in developing economies.

Figure 17 documents an indicator of labor regulations, the percentage of social security
and employment-based taxes in annual costs of labor, the average in panel (a). As expected,
formal employment taxes are somewhat larger in advanced economies. Yet, panel (b) shows
that it is the more productive firms in developing countries that pay these taxes to a greater
extent.

Figures 18 and 19 document indicators related to financial frictions on firms which do

not fit the empirical patterns of distortions despite their average being strongly related to

aggregate labor productivity across countries. Figure 18 documents the percentage of firms
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Figure 16: Infrastructure-Firms Experiencing Internet Disruptions
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from the Penn World Table v11.0 (Feenstra et al., 2015).

Figure 17: Labor Regulation—Share of Labor Taxes of Annual Cost of Labor
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in annual cost of labor in each country, whereas Top 10%—
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Figure 18: Finance-Firms that are Credit Unconstrained
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Notes: Average in panel (a) refers to the average percentage of firms reporting that are credit unconstrained
in each country, whereas Top 10%— Bottom 10% in panel (b) refers to the difference in the indicator between
the 10% most productive and the 10% least productive firms. Aggregate labor productivity in logs for 2023
from the Penn World Table v11.0 (Feenstra et al., 2015).
reporting they are credit unconstrained. In panel (a) this average rises strongly with aggre-
gate labor productivity across countries, around 20-30% of firms are credit unconstrained in
developing countries and more than 90% of firms are unconstrained in developed countries.
Despite this strong incidence of financial frictions on firms across countries, the evidence in
panel (b) is that credit constraints on this indicator are not necessarily more severe for the
more productive firms in developing countries. Note that while the cross-country pattern
from this indicator is not consistent with the empirical evidence of distortions emphasized
earlier, for some countries (the lower left-hand quadrant in panel b) the pattern is consistent
in that the top productive firms are relatively more constrained than low productivity firms.
This suggests that some indicators may be more relevant in some countries than others and
that would require a more country-specific analysis.

Figure 19 documents the percentage of firms identifying access to finance as a major or
very severe constraint. Again, panel (a) shows that on average more firms in developing

countries report access to finance as an important constraint to their operation, whereas in
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Figure 19: Finance-Firms Identifying Access to Finance as Major or Very Severe Constraint
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Notes: Average in panel (a) refers to the average percentage of firms identifying access to finance as a
major or very severe constraint in each country, whereas Top 10%— Bottom 10% in panel (b) refers to the
difference in the indicator between the 10% most productive and the 10% least productive firms. Aggregate
labor productivity in logs for 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

panel (b) it is not necessarily the more productive firms in developing economies that report

being more constrained on this indicator.

5 Conclusions

I examined the empirical properties of firm-level productivity and distortions across coun-
tries using the newly released World Bank Enterprise Surveys (WBES). Using a standard
framework of production heterogeneity, I showed that the gap in productivity and distortions
between high and low productivity firms is larger in developing countries, generating large
aggregate productivity losses from misallocation.

A key empirical property of distortions in developing countries is that they systematically
weaken the relationship between firm size and firm productivity. I exploited a unique feature
of the WBES data to document which specific aspects of the economic environment faced
by firms, such as financial constraints, regulation, corruption, and weak infrastructure, are

consistent with the empirical pattern of distortions across countries. Many indicators of
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the economic environment feature an average that reflects worse for developing countries
but that are not consistent with the basic property of distortions that create misallocation
across countries, an issue that requires further study. In working with the specific indicators,
I also learned that most of them do not illuminate the fundamental aspect of the economic
environment that may drive differential outcomes, instead are simply the reflection of the
economic environment in place, suggesting the possibility of fine tuning indicator questions
for future surveys.

I also did not examine the relevance of indicators by sector, for instance it is possible that
finance is a more relevant aspect for manufacturing firms where scale tends to be larger. I
focused on the relevance of indicators in the cross-country variation, but to the extent that
certain features of the environment may be more relevant in some countries than others,
an exploration of indicators for individual countries in specific contexts may be useful. The
analysis in this paper is suggestive of the importance of indicators, future work should address
the quantitative significance of the specific aspects of the economic environment singled out
by firms. For example, Ranasinghe and Restuccia (2018) emphasize the role of crime and
access to finance as substantial obstacles to business operation in some developing countries
using an earlier version of the WBES data. All these are important areas for future research

where the WBES data would be an essential tool.

33



References

Ayerst, S., Nguyen, D. M., and Restuccia, D. (2024). The micro and macro productivity of

nations. Technical report, National Bureau of Economic Research.

Bento, P. and Restuccia, D. (2017). Misallocation, establishment size, and productivity.

American Economic Journal: Macroeconomics, 9(3):267-303.

Bento, P. and Restuccia, D. (2021). On average establishment size across sectors and coun-
tries. Journal of Monetary Economics, 117:220-242.

Cirera, X., Fattal-Jaef, R., and Maemir, H. (2020). Taxing the good? distortions, misal-
location, and productivity in sub-saharan africa. The World Bank Economic Review,
34(1):75-100.

Dias, D. A., Robalo Marques, C., and Richmond, C. (2020). A tale of two sectors: why is
misallocation higher in services than in manufacturing? Review of Income and Wealth,

66(2):361-393.

Feenstra, R. C., Inklaar, R., and Timmer, M. P. (2015). The next generation of the penn
world table. American economic review, 105(10):3150-3182.

Guner, N., Ventura, G., and Xu, Y. (2008). Macroeconomic implications of size-dependent

policies. Review of economic Dynamics, 11(4):721-744.

Hopenhayn, H. A. (1992). Entry, exit, and firm dynamics in long run equilibrium. FEcono-
metrica: Journal of the Econometric Society, pages 1127-1150.

Hopenhayn, H. A. (2014). Firms, misallocation, and aggregate productivity: A review. Annu.
Rev. Econ., 6(1):735-770.

Hsieh, C.-T. and Klenow, P. J. (2009). Misallocation and manufacturing tfp in china and
india. The Quarterly journal of Economics, 124(4):1403-1448.

Jones, C. 1. (2016). The facts of economic growth. In Handbook of macroeconomics, volume 2,

pages 3-69. Elsevier.

Klenow, P. J. and Rodriguez-Clare, A. (1997). The neoclassical revival in growth economics:

Has it gone too far? NBER macroeconomics annual, 12:73-103.

Nguyen, D. (2024). Openness to foreign firms, industrialization and aggregate growth. Tech-

nical report, Manuscript, Amherst College.

34



Pagés, C. (2010). The age of productivity. In The age of productivity: Transforming

economies from the bottom up, pages 1-21. Springer.

Prescott, E. C. (1998). Lawrence r. klein lecture 1997: Needed: A theory of total factor

productivity. International economic review, pages 525-551.

Ranasinghe, A. and Restuccia, D. (2018). Financial frictions and the rule of law. Journal of

development economics, 134:248-271.

Restuccia, D. (2019). Misallocation and aggregate productivity across time and space. Cana-

dian Journal of Economics/Revue canadienne d’économique, 52(1):5-32.

Restuccia, D. and Rogerson, R. (2008). Policy distortions and aggregate productivity with

heterogeneous establishments. Review of Economic dynamics, 11(4):707-720.
Restuccia, D. and Rogerson, R. (2013). Misallocation and productivity.

Restuccia, D. and Rogerson, R. (2017). The causes and costs of misallocation. Journal of
Economic Perspectives, 31(3):151-74.

World Bank (2025). Enterprise surveys. http://www.enterprisesurveys.org (accessed
April 30, 2025).

35


http://www.enterprisesurveys.org

	Introduction
	Framework
	Data
	Description and Variables Construction
	Main Empirical Observations
	Assessing the Cost of Misallocation

	Analysis of Restricted Sample and Indicators
	Restricted Sample
	Economic Environment Indicators

	Conclusions



