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Abstract

Firm heterogeneity and the allocation of resources across firms play
a key role in determining aggregate productivity. Entry barriers and
misallocation can substantially impact productivity, as evidenced in
recent work. This article provides a unifying theoretical framework
and a review of this literature.
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1. INTRODUCTION

One of the greatest challenges in economics is explaining the disparity in income per capita across
countries. There is a large literature documenting this development gap. As an example, Caselli
(2005) reports a 20-fold gap (1 to 0.05) between the GDP per capita of the top and bottom deciles.
After controlling for differences in resource endowments, he finds a corresponding gap in total
factor productivity (TFP) on the order of 7.

There is a growing literature trying to understand how the firm microstructure can contribute
to explain this gap. The key point of departure in this literature is the observed high degree of
heterogeneity in size and productivity across different production units. Aggregate TFP is
affected both by the underlying distribution of establishments’ productivities and the allo-
cation of resources (e.g., capital and labor) across these units and by the number of firms per
capita. This article provides a unifying framework and considers some of the most important
contributions to the literature.

Our basic setting is a simplified model of firm heterogeneity in perfect competition as in Lucas
(1978) and Hopenhayn (1992). Firms differ according to their idiosyncratic productivity and
produce according to a common production function with decreasing returns. In the absence of
distortions, the equilibrium (and Pareto optimum) allocates resources (labor in the simplified
model) to maximize the total output of a homogeneous good. This optimal allocation implies
a constant returns to scale aggregate production as a function of the number of firms and other
factors of production. Aggregate TFP equals the geometric average of individual firms’ pro-
ductivities. The model is equivalent to one of monopolistic competition (Dixit & Stiglitz 1977,
Melitz 2003) that is often used in this literature, in which decreasing returns come from the
demand side.

There are three margins that determine output per capita: the number of firms per capita, the
distributionof firms’ productivities, and the allocation of resources across these firms. The number
of firms is important owing to decreasing returns. I explore the implications of the models on firm
entry, average size, and average productivity. The analysis takes into account several sources of
variation: (a) the role of the distribution of firm’s productivity, (b) the role of entry costs, and (c)
selection effects due to firm heterogeneity. A consistent finding is that average firm size increases
(decreases)with aggregate productivity if the elasticity of the cost of entrywith respect toTFP is less
(greater) than 1. I also show that, loosely speaking, an improvement in the distribution of pro-
ductivities of potential entrants has a positive effect on aggregate productivity, decreases entry, and
increases average firm size.

The work of Djankov et al. (2002), followed by yearly World Bank surveys, documents very
high variation in entry costs across countries. Our basic model provides a parsimonious way of
assessing the impact on productivity, suggesting a negative elasticity of TFP with respect to entry
costs on theorder of one-fourth.With this value, an increase in the cost of entryof about one-half of
the standard deviation found in the data implies a 20% reduction in TFP. The results in the papers
I review are consistent with this order of magnitude, so differences in the costs of doing business
as measured by entry costs are an important source in explaining the TFP gap but leave much
unexplained. As a related matter, I survey papers that consider the role of noncompliance by
small firms, usually referred to in the literature as informal firms. It does not appear that in-
formality per se can help explain a large part of the TFP gap, although, as suggested above, entry
costs to formalization do.

Among the factors explaining the disparity of aggregate productivity across countries, the
misallocation of resources across firms has received much recent attention (Banerjee & Duflo
2005, Alfaro et al. 2009, Guner et al. 2008, Restuccia & Rogerson 2008, Hsieh &Klenow 2009,
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Buera et al. 2011, Bartelsman et al. 2013). The basic idea is that institutions and policies might
prevent the equalization of the marginal value of inputs across firms, thus resulting in aggregate
productivity losses. One of the first papers to consider the impact of wedges in the allocation of
resources across firms on aggregate productivity is Hopenhayn & Rogerson (1993). As a con-
sequence of firing costs, firms fail to fully adjust their labor force in response to shocks, especially
temporary ones. As shown in this article, this can give rise to large differences in the marginal
product of labor: Some firms hold workers in excess of the optimal amount, whereas others show
a shortage. Such gaps can be identifiedwithwedges or implicit taxes. Firing costs lead to a very rich
set of wedges, some of which are correlated with productivity and some of which are not. In
a simple calibration, I provide orders of magnitude of these wedges and their impact on aggregate
productivity, which turns out to be small compared to the development gap.

The more recent literature on misallocation abstracts from the origin of distortions, while
treating distortions as primitives themselves (Guner et al. 2008, Restuccia & Rogerson 2008,
Hsieh & Klenow 2009, Bartelsman et al. 2013). The main emerging message seems to be that
correlated distortions—those that implicitly tax more productive firms and subsidize less
productive ones—can bemore damaging to aggregate TFP. I review this literature and provide
a characterization of the mapping between the structure of distortions and aggregate TFP. My
analysis shows that the key element is the concentration of distortions and that correlation with size/
productivity does not matter per se, only to the extent that it gives rise to more concentrated
distortions.

Hsieh & Klenow (2009) provide a methodology to recover wedges from firm-level data. I
review their paper and derive simple formulas to calculate TFP losses. Additionally, I review two
other contributions (Bartelsman et al. 2013, Midrigan & Xu 2014). The calculations in Hsieh &
Klenow (2009) indicate that misallocation can explain half of the TFP gap between China or
India and the United States.

Although this literature has been very useful in evaluating the potential impact of misal-
location, it provides less guidance to understand the major forces behind this large misallocation.
Recent papers give lots of attention to the role of financial constraints, which is suggested by the
very strong correlation between financial development and TFP. These papers use structural
models to establish and measure the impact of the causal link (Jeong & Townsend 2007,
Amaral & Quintin 2010, Buera & Shin 2013, Caselli & Gennaioli 2013, Midrigan & Xu 2014).
This is a particularly interesting literature both because it has considerable success in explaining
a sizable part of the development gap and because it helps identify the role of several different
forces.More specifically, borrowing constraints have an impact on total capital accumulation, the
allocation of capital across firms (misallocation of resources), and the distribution of firmqualities.
The overall impact on productivity varies according to the papers considered. To understand
these differences, I examine a simplified version ofMoll (2014). In a dynamic setting, firms have an
incentive to save out of these constraints. How effectively they can accomplish this depends on the
persistence of productivity shocks and expected lifetime of the firm. The papers I reviewmake very
different assumptions that bear on this question, and this mostly explains the disparity of
magnitudes reported. The overall impression that emerges from these quantitative models is that
although borrowing constraints are a source of misallocation, the quantitative effect is moderate,
whereas the effect of entrepreneurial mismatch is likely to be larger.

The recent literature on misallocation, as in Hsieh & Klenow (2009), relies heavily on the
structure of technology and demand to identify the distribution of firm-level productivities/
quality andmisallocation. I review three sources of misspecification: measurement error, the degree
of decreasing returns, and adjustment costs. As analyzed by Hsieh & Klenow (2009), classical
measurement does not seem to account for the observedmisallocation. As for decreasing returns, I
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prove that estimates of the impact ofmeasureddistortions onTFPdecreasewith curvature.Consistent
with this result, Hsieh & Klenow (2009) find that their estimated gains to eliminating distortions
increase substantially as the elasticity of demand is increased. Finally, I consider the role of adjustment
cost, emphasizing a recent paper that argues, quite convincingly, that the wedge introduced by
adjustment costs can account for an important part of misallocation (Asker et al. 2014).

I conclude my review returning to the question of the kind of distortions that might be more
relevant in explaining the TFP gap. Alfaro et al. (2009) and Hopenhayn (2012) derive lower
bounds on distortions that are consistent with differences in the size distribution of firms across
countries. The lower bounds obtained in Hopenhayn (2012) seem to explain a fairly negligible
portion of the TFP gap. The bounds are obtained by imputing distortions that preserve the rank in
the size of firms, at least weakly. Many size-dependent policies discussed in the literature have this
property, as is the case for exemptions to taxation or labor costs that are granted to firms under a
certain size threshold. I conclude by arguing that this type of policy is unlikely to be a good candidate
for distortions explaining a largeTFPgap. Strong reversals of ranking, as those implied byRestuccia&
Rogerson (2008) or those found by Hsieh & Klenow (2009), seem necessary to accomplish this.

2. THE BASIC MODEL

This section describes a simple baseline model used throughout the article. The model is a sim-
plified version of Hopenhayn & Rogerson (1993) that builds on Hopenhayn (1992) but without
entry and exit and is closely related to Lucas (1978) and Jovanovic (1982). There is a set (measure)
of firms i ¼ 1, . . . , M with production functions

yi ¼ zin
h
i ,

where zi is an idiosyncratic productivity shock for firm/establishment i ¼ 1, . . . n.1 Production
displays decreasing returns (h< 1) in the only input (labor), of which there is a total endowment
N in the economy that is supplied inelastically. Firms behave competitively, taking prices as
given. This economy has a unique competitive equilibrium ({ni}, w), where ni is the profit-maxi-
mizing input choice for firm i, and the labor market clears. The competitive equilibrium is also the
solution to the output-maximization problem:

max
ni

X
i

zin
h
i ,

subject to
X

ni �N.

The efficient allocation equates marginal products across all firms or equivalently, following
from thehomogeneity of the production function, to equate averageproducts: yi /ni¼ y/n[ a for all i.2

Finally, using the aggregate resource constraint to substitute for a, it follows that the aggregate output

y ¼
�X

i

z
1

1�h

i

�1�h

Nh. ð1Þ

This is an aggregate production function of the same class as the underlying firm-level pro-
duction function (a similar aggregation is given inMelitz 2003). It exhibits decreasing returns,

1I do not make any distinctions here, although quantitative analysis is usually done by taking establishments as units of production.
2This obviously does not hold with a fixed cost in terms of overhead labor, as used in Bartelsman et al. (2013).

738 Hopenhayn



when firms are treated as a fixed factor. This can bemore clearly seen by dividing the first term
by M1�h,

y ¼
�
Ez

1
1�h

i

�1�h

M1�hNh, ð2Þ

or grouping firms by productivity,

y ¼
�Z

z
1

1�h dGðzÞ
�1�h

M1�hNh, ð3Þ

where G corresponds to the distribution of productivity across firms.

2.1. Firms Versus Managers and Aggregate Productivity

When firms are treated as a reproducible asset, as inHopenhayn (1992), the aggregate production
function given in Equation 2 has constant returns to scale in M and N and a level of aggregate
TFP that is given by the geometricmean of firm-level productivity. This interpretation assumes
that an expansion in the number of firms is obtained by replication (i.e., preserving the dis-
tribution of productivity and thus aggregate TFP).

An alternative model used in the misallocation literature is the Lucas model of span of control
(Lucas 1978), in which firm productivities zi correspond to managerial talent. HereG stands
for the distribution ofmanagerial talent conditional on participation, as only themost efficient
producers will be active (those above some threshold z0). This threshold obviously decreases
while the number of active producers increases. Although Equation 2 remains valid under this
interpretation, aggregate TFP is now a decreasing function ofM. For the special case in which
(1�G(z))¼ z�a is Pareto, the production function has a simple expression. LettingN stand for
the size of the population and Ne ¼ N � M the number of workers, one finds that

y ¼ A0

�
M
N

��1
a
Mð1�hÞNh

e , ð4Þ

or in per capita terms,

y=N ¼ A0mð1�h� 1
aÞnhe

for some constant A0, where m ¼ M/N and ne ¼ Ne /N.3

As shown in Equations 2 and 3, output per capita in this economy is determined by (a) the
distribution of firm-level productivities and (b) the total number of firms,M. In this article, I refer
to the first component as TFP to emphasize that the latter corresponds to a factor of production,
a form of (human) capital. This distinction is often not clear, as several papers in the literature
identify aggregate TFPwith the term in parentheses in Equation 1, confounding these two sources.4

3The function still exhibits constant returns to scale under the Lucas-model interpretation, as the mass of producers and
workers is scaled proportionately with the population without the need of changing the manager threshold. For simplicity,
I am assuming that managers and workers are two separate groups, in contrast to the Lucas model of span of control. This
allows one to treat N as a fixed endowment independent of M in the analysis to focus on the most relevant margins. The
trade-off is considered explicitly below.
4Inmatching to data, it is a question of what fraction of this capitalM is measured either in the capital or in the human capital
stock. Some papers treat M as intangible capital (see Atkeson & Kehoe 2005).
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It is still the case that output per capita, y/N¼Am1�h, is increasing in the number of firms per
capita,m. Following the literature (see Banerjee &Moll 2010, Buera et al. 2011, Midrigan &
Xu 2014), I refer to changes in M or the distribution of firm productivities as extensive
margins.

The benchmark model implies that output per capita increases with the number of firms per
capita and thus decreases with the average size of firms.5 This is in contrast to widespread evi-
dence indicating that the average size of firms is lower in less developed economies. We return to
this question below when considering entry decisions.

2.2. A More General Production Function

Our analysis considers the case of a single input for convenience. The aggregation results presented
above and most of what follows are easily generalizable. The key assumptions are that all firm
production functions are homogeneous of the same degree in all inputs and that productivity
shocks are multiplicative (Lucas 1978). This can be represented as follows:

yi ¼ zi
�
f ðxÞ�h,

where f is a constant returns to scale production function on a vector of inputs x, giving rise to the
aggregate production function:

y ¼
�
Ez

1
1�h

i

�1�h

M1�hf ðXÞh,

where X is the aggregate vector of inputs. The parallel with the above analysis can be easily
seen, by interpreting f(x) as a technology for producing an intermediate input that is trans-
formed into output by firms according to the homogeneous production function used in the
previous section.

2.3. Connection to Monopolistic Competition

In a monopolistically competitive economy (Dixit & Stiglitz 1977), output y is produced by
aggregating a continuum of intermediate inputs yi with the production function

y ¼
�Z

yhi di
�1
h
,

and each intermediate good is produced with a linear function of labor,

yi ¼ ~zini,

where ~zi is the productivity of an intermediate producer i. As it is well known, in an equilibrium,
firms choose a constant markup over the marginal cost such that pi ¼ ð1=hÞðw=~ziÞ. Letting
zi ¼ ~zhi , one can easily show that yhi } z1=ð1�hÞ

i and ni } z1=ð1�hÞ
i . Comparing these to the deri-

vations in the first section, it follows that output under monopolistic competition is ym ¼ y1=h.
Hence, we can rewrite the expression for Equation 2 as

5The effect ismitigated in the Lucasmodel because of negative selection but does not disappear. For example, under the Pareto
distribution, one finds that y=N ¼ A0m1�h�1

a, which in an interior solution increases with m but at a lower rate.
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y ¼
�
Ez

1
1�h

i

�1�h
h

M
1�h
h N

¼
�
E~z

h
1�h

i

�1�h
h

M
1�h
h N.

ð5Þ

These are the familiar equations for the monopolistically competitive case (see Melitz 2003).
Note that for fixedM, aggregate TFP is the same (given the transformation of the zi’s)

6 as in the
perfectly competitive case, and the only difference remains in the increasing returns to scale in
M, N. As for the determination of entry, it is well known that in the monopolistic competition
setting, the equilibrium zero-profit condition for entrants implies that the number of firms is efficient,
subject to pricing at the markup rule. That is, the equilibrium number of firms solves the problem of
efficiently assigning labor to the creation of new firms to maximize the total output. It must also

maximize yh ¼
�
E~zh=ð1�hÞ

i

�1�h
M1�hNh, as this is amonotone transformation of output y. It follows

that the optimal and equilibrium number of entrants analyzed below applies also to this case.

3. ENTRY AND THE EXTENSIVE MARGIN

This section considers the relationship between TFP and firm size and considers the impact of
barriers to entry.We first extend themodel to incorporate entry decisions. Suppose that ceworkers
are needed to create a firmwith productivity that is randomly drawn from cumulative distribution
function (CDF)G, independently for all entrants. A competitive equilibrium is defined as follows.
In the first stage, a large mass of identical potential entrants decides whether to enter. An entrant
must pay the cost of entry given by ce units of labor and then draws its productivity e according to
a CDF G. Assuming there is a large number of entrants and that draws of potential entrants are
independent, the distribution of realizations is approximately given by G. Entry decisions are

driven by the expected profits of a firm EpðwÞ ¼
Z

pðz,wÞGðdzÞ, where p(z, w) ¼ maxnzn
h �

wn. In an equilibrium, we find that Ep(w) ¼ cew.
In this simple economy, thewelfare theoremshold, so equilibriumandParetooptimal allocations—

those that maximize total output—coincide. For a fixed number of firms, we construct an equilibrium
and optimal allocation in the previous section. The optimal choice of the number of firms solves

y ¼ max
M,Ne

AM1�hNh
e ,

subject to ceMþNe �N.
ð6Þ

The solution to this problem is Ne ¼ hN, the number of firms is M ¼
�
ð1� hÞN

�
=ce, and the

equilibrium wage is the multiplier of the constraint. The corresponding production function in
terms of the total labor endowment N is given by

y ¼ A0c
�ð1�hÞ
e N, ð7Þ

where A0 is a constant multiplicative in A. Given the aggregate production function above, the
total outputwill be split betweenwages and firmprofitswith sharesh and (1�h), respectively, and

6This transformation of the zi’s is exactly what would be needed to match firm-level employment (e.g., the size distribution of
firms measured by employment).
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the equilibrium entry condition EpðwÞ ¼
Z

pðz,wÞGðdzÞ ¼ wce is verified. Equation 7 implies

a constant elasticity of output per capitawith respect to the cost of entry equal to (1�h).7 A similar
expression for output is obtained in the Lucas-style model8 when managerial talent has a Pareto
distribution with parameter a, in which the elasticity of output per capita to the cost of entry is
�ð1� h� 1=aÞ.9 Equation 7 displays constant returns to scale in population size N and an
aggregate TFP that is the product of two terms: (a) the geometric mean of productivities of par-
ticipating producers and (b) the cost of entry. A similar expression with a slightly different constant
term is obtained in a steady state when firms last more than one period and die exponentially at
a rate d, as is commonly assumed in the literature.10

3.1. Average Firm Size and Total Factor Productivity

The evidence on firm size and development is mixed. According to Alfaro et al. (2009), using Dun &
Bradstreet data, it is significantly negative; it is mildly negative in Bollard et al. (2014), using UNIDO
data; and it is significantly positive (with an elasticity of 0.45) in Poschke (2014), using GEM and
Amadeus data. I now examine inmore detail the implications of the abovemodels on this relationship.

Consider first the effect of exogenous changes in the number of firms on aggregate productivity.
According toEquation 3, a higher number of firms contributes positively toGNP per capita, and if
not fully accounted for by measured inputs (e.g., the case of intangible capital), it will show up in
the national accounts as higher TFP. So holding employment fixed, this channel implies a negative
relationship between average firm size and aggregate productivity.

In our simplemodel, the distribution of firmproductivity is independent of the number of firms,
so the total effect of the number of firms onTFP is atworst neutral and is positivewhen firm capital
is not properly accounted for. In contrast, the Lucas model provides a negative selection effect.

Although results in general depend on the details of the distribution, there are interesting impli-
cations that can be explored in the Pareto case. If the smaller average size in less developed countries is
the result of excessive entry, Equation 4 can be used to derive implications for TFP. For example, the
average firm size in India is one-third of what it is in the United States, so there are roughly three times
more firms per capita in India. The value of 1/a is bounded by 1� h; otherwise, there is no equilibrium
with heterogeneous firms. Conservatively, I take h ¼ 3/4, giving an upper bound of 1/a ¼ 1/4.11 The
selection effect accounts for 25% lower TFP in India relative to the United States. The impact on
output per capita is lower because, as explained above, firms are a productive factor.

Consider now the case of endogenous entry. If the cost of entry (measured in goods) in-
creases in the same proportion as aggregate TFP (e.g., when it is denominated in units of labor),

7These results easily generalize to the formulation given in Section 2 assuming that the technology for producing firms is linear
in the constant returns to scale aggregator f(×). For example, if f(k, n) ¼ (kan1�a)h, the aggregate production function is

y ¼ A0c
�ð1�hÞ
e KaN1�a.

8The Lucas model of span of control is exactly the model with an endogenous distribution and ce ¼ 1.
9However, in the latter case, the number of firms given byM ¼

�
ð1� h� 1=aÞ=ð1� 1=aÞ

�
=ce is lower and increasing in a, so

it is not independent of the distribution of firms’ productivities.
10With discount factorb and survival rate 1� d, the term ce needs to be substituted by (h(1� b)(1� d)þ d)ce. If there also are
fixed costs, the present value of these fixed costs (appropriately discounted) must be added to the entry costs in the above
calculation.
11Ourmodel abstracts fromcapital, soh cannot be taken as the labor share; rather, it indicates the degree of decreasing returns.
It is quite standard in the literature to set it equal to 0.85. For themonopolistic competitionmodel, one finds thath¼ (s� 1)/s,
where s is the elasticity of substitution. In Hsieh & Klenow (2009), s ¼ 3 is used, implying h ¼ 2/3. Others argue for
considerably higher elasticity.
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total entry—and thus average firm size—remains unchanged. It easily follows that average firm
size will increase, stay constant, or decrease with development depending on whether the cost of
entry increases, stays constant, or decreases more than TFP. The effect is reinforced in the Lucas
model due to selection.

A change driven by differences in the distribution of firm productivity has additional impli-
cations in the Lucasmodel. Assuming a Pareto distributionwith parameter a, lower TFP corresponds
to highera (smaller tail of the distribution). It is then easy to show that asTFP falls, the number of firms
increases and the average size decreases (see footnote 9). To get an idea of how large this effect can be, I
perform a simple calculation setting ce¼ 1—the value that corresponds exactly to the Lucas model—
and, conservatively, h ¼ 3/4. I vary the parameter a2f5, 5:1, . . . , 10g to generate a range of firm
sizes from 6 to 16, which is consistent with variation in cross-country data. The implied size dis-
tributions of firms are Pareto,with coefficients ranging from1.25 to 2.5, which seem fairly reasonable.

These parameter values give a ratio of highest to lowest TFP of 1.65 and an elasticity of average
firm size to TFP of almost 2. This implies an elasticity of average firm size to income per capita of
2/3, close to the elasticity of 0.45 found in Poschke (2014). The implied range of TFP variation is
well within the cross-country variation (which is 5 to 1). This simple back-of-the-envelope cal-
culation shows that large variation in average firm size across countries can be easily accom-
modated given observed differences in aggregate TFP.

A related question is, What drives differences in entrepreneurship across different economies?
Guiso & Schivardi (2011) provide a very insightful empirical analysis. Using data for Italian man-
ufacturing firms at the regional level, they show that the number of entrepreneurs is positively
associated with the distribution of entrepreneurial productivity. The result seems somewhat coun-
terintuitive to the above analysis, but there is an important difference. In Guiso & Schivardi’s
(2011)model, all regions formpart of an integrated economy,with relatively freemobility of labor
and capital but much less mobility of entrepreneurs. Because of factor mobility, entrepreneurs in
a given region do not compete with each other for resources. The absence of this general equi-
librium effect implies that, contrary to our model, the higher incidence of entrepreneurship (as a
ratio of people born in the same region) is consistent with larger average firm size.

3.2. Cost of Entry and Total Factor Productivity

Equation 7 implies an elasticity of aggregateTFP to costs of entry equal to�(1�h). The value for
h¼ 3/4 used above implies amoderate elasticity of TFP to costs of entry equal to one-fourth. Several
recent papers emphasize the differences in the costs of doing business as a potential source of cross-
country disparities in income per capita (see, e.g., Barseghyan 2008, Poschke 2010, Barseghyan&
DiCecio 2011, D’Erasmo&Moscoso Boedo 2012, Moscoso Boedo &Mukoyama 2012). These
papers exploit recent cross-country evidence documenting thewide variationon the costs (time and
fees) involved in creating a business. [Measurements of the cost of doing businesses come from
Djankov et al. (2002) and yearly follow-ups by the World Bank (e.g., Doing Business 2009).]

Based onWorld Bank data for 2007, Barseghyan (2008) finds a standard deviation in log costs
of entry of 1.61. Using instrumental variables, he shows that an increase in the cost of entry of
80% (half this figure) accounts for a 22% reduction in TFP and a 29% reduction in output per
worker, implying an elasticity between one-fourth and three-eighths. Barseghyan & DiCecio
(2011) calibrate a sophisticated model of firm dynamics using a coefficient h¼ 0.85 and get an
elasticity of �0.14. Their model generates 45% productivity differences between countries in
the top and bottom deciles of the entry cost distribution. Similarly, in Moscoso Boedo &
Mukoyama (2012), differences between the entry costs of lower-income countries [with 2%
gross national income (GNI) of the United States] and median–entry cost countries explain
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a TFP gap of 21%. These results suggest that cross-country variation in the cost of entry is an
important part of the story, but they are still far from explaining the TFP gap (see also Poschke
2010 for a similar exercise).

3.3. Cost of Entry and Informality

Higher costs of entry help explain lower TFP in less developed economies but have potentially one
counterfactual implication, as they lead to less entry and thus to higher average firm size. The effect
of selection is not clear and depends on whether selection operates prior to or after entry. In the
former case (as in the Lucas-style model), selection will be positive. In the latter case (as in
Hopenhayn 1992), the higher cost of entry lowers the threshold for exit, giving rise to negative
selection.

The existence of a large informal or noncomplying sector is often associated with high entry
costs and underdevelopment (Rauch 1991, Loayza 1996, Amaral & Quintin 2006, Pratap &
Quintin 2008, Quintin 2008a, D’Erasmo &Moscoso Boedo 2012).12 Informal firms are defined
inmany differentways, but themost conventional and easiest to interpret is that of noncompliance
with many forms of regulation. Informal firms are much smaller than their formal counterpart13

and obviously contribute to reducing the average size of firms in less developed economies, where
they account for most employment. There is also a very strong negative correlation (�0.897)
between the share of the informal labor force and output per capita, as shown in Figure 1.
D’Erasmo & Moscoso Boedo (2012) consider the impact of a series of distortions—including
higher costs of entry—on aggregate TFP in amodel inwhich firms have the option to operate in the
informal sector to avoid these and other costs. Theirmodel also includes borrowing constraints, as
described in Section 6. According to these results, the joint effect of these distortions explains
a 25% gap between low-income countries (those between 2% and 8% of the US GNI per capita)
and the United States, or roughly 36% of the actual gap. The lion’s share goes to differences in the
cost of entry, accounting for 29% of this gap (borrowing constraints explain approximately 6%).
Their numerical exercise also shows that informality per se does not play a substantial role, as
the impact of all these distortions is quite similar in an economy in which firms cannot avoid
compliance.

4. MISALLOCATION

The aggregation results given in Section 2 assume that resources (e.g., labor) are allocated effi-
ciently across firms. In our analysis, that means equating marginal products across firms or,
similarly, equating average products [total factor productivity revenue (TFPR)].14 There are many
policies and institutional constraints that prevent such equalization, and this has been the focus of
the literature on misallocation.

As a motivating example, consider the effect of labor tax avoidance, prevalent among many
firms indeveloping countries.With t representing the tax per worker, firms that comply equate the
marginal product of labor tow(1þ t), whereas those that do not equate it tow. Equivalently, if t
were a tax on output, revenues for complying firms would be (1� t)yi, whereas it would be yi for

12There is such a large literature on this, starting with De Soto (1989), that I am forced to leave many important references
aside.
13Pratap & Quintin (2008) document that the informal sector mainly comprises small-scale, unskilled intensive activities.
14As explained above, the two conditions are equivalent for homogeneous production functions.
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those that do not comply. A new formula for aggregate productivity incorporating these distortions
can be easily derived and is given by

y ¼ Ez
1

1�h

i ð1þ tiÞ�
h

1�h�
E
�
zi=ð1þ tiÞ

� 1
1�h

	h m1�hnh,

where ti corresponds in the example to firm-specific labor taxes.15 Similar effects follow from tax
exemptions to certain classes of firms, regional subsidies, etc.More generally, these firm-specific
taxes represent wedges on firms’ choices that result from policies or other constraints in the economy.

In the simple form in the above aggregation, a term with weighted distortions replaces the
geometric average of firm productivities. In particular, it preserves the same functional form and
multiplicative separability on firms and labor. One implication of this property is that in our
benchmark model with entry costs denominated in labor, distortions are neutral on the equilib-
rium number of firms and on the average size.When entry costs are partly denominated in output,
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Informal labor force and output per worker. Figure adapted from D’Erasmo &Moscoso Boedo (2012), with
permission from Elsevier.

15The formula for the sales tax is identical with (1 þ ti) replaced by (1 � ti)
�1.
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the resulting lower productivity will have a negative impact on entry and result in higher average
size, as seen above.16

4.1. Total Factor Productivity Revenue

Misallocation results in a difference in the marginal value of inputs. For the one-input case, this
means dispersion in marginal products or equally in the average output per worker. With
multiple inputs under a Cobb-Douglas aggregator, there is also a convenient representation.
Assuming the firm’s production function is zi(k

an(1�a))h, an efficient allocation requires
equalizing yi=k

a
i n

1�a across firms. This term corresponds to what has been called TFPR in the
literature.17 The variance of the log of TFPR has been taken as an aggregate measure of distor-
tions, as shown below.

4.2. From Policies to Wedges

Hopenhayn& Rogerson (1993) were perhaps the first to consider the impact of misallocation on
aggregate productivity by examining the impact of layoff costs. They also develop the general
equilibrium framework described above with the addition of time-varying idiosyncratic shocks
andprovide amethod to calibrate themodel using data on firmdynamics that iswidely used. Firing
costs are a direct tax on the downward adjustment of employment. This by itself will prevent firms
from adjusting to their static optimal employment levels. In addition, firms might choose to
delay adjustment even further if a current bad shock could revert in the near future. A similar real
options problem occurs when making hiring decisions in which, in anticipation of a possible
reversal of fortunes, firms will hire less than the static optimal employment. These two effects will
obviously be stronger the less persistent are the shocks.

In the presence of firing/hiring costs, past employment becomes a state variable affecting
choices in the present. Two firms that arrived at the same level of productivity but from very
different histories will have different stocks of employed workers and may decide to adjust
differently. The solution to this problem is an sS policy characterized as follows: For every
current productivity level z, there are two values, nl(z) < nh(z), that are increasing in z, and
three regions of adjustment: (a) If a firm starts with employment below nl(z), it hires up to that
level; (b) if it starts with employment above nh(z), it fires workers up to that level; and (c) in the
intermediate region (zone of inaction), the firm does not change its employment. The gap
between these two values implies amaximumwedge between the two firms. This gap increases
with firing costs and decreases with the persistence of productivity shocks. Figure 2 is an example
of an sS policy.

4.2.1. Firing costs and implicit wedges.18 The history of productivity shocks of a firm, through
repeated application of this employment policy, determines the current employment of the
firm. A stationary equilibrium implies a joint distribution of productivity/employment levels
and consequently an aggregate level of TFP, as discussed in the previous sections. Firms with
employment below the undistorted level (the one given by the middle line in Figure 2) have

16The neutrality result also does not holdwhen firmproductivity changes over time. As shown in Fattal-Jaef (2014) and Fattal-
Jaef & Hopenhayn (2012), correlated distortions lead to more entry of firms and thus lower average size.
17The termcomes from the fact thatHsieh&Klenow (2009) instead use the (equivalent) model of monopolistic competition in
which curvature is on the demand side, and in that case, TFPR ¼ pyi=k

a
i n

1�a
i .

18This section relies heavily on Hopenhayn & Neumeyer (2008).

746 Hopenhayn



a positive implicit t, whereas those with employment above the unconstrained level have
negative t.

To get better insight on the nature of distortions generated from layoff costs, consider the
following hypothetical example. Let there be three levels of productivity, z1< z2< z3, and suppose
that the corresponding employment thresholds are nL ¼ {5, 8, 14} and nH ¼ {9, 12, 20} and the
unconstrained employment levels are n� ¼ {7, 10, 18}. Suppose the Markov process governing
firms’ productivities has the property that any level of productivity can be reached after some time
with positive probability from any history. This process generates a long-run distribution with the
following support: {z1, 9}, {z2, 9}, {z2, 12}, and {z3, 14}.

The explanation is quite simple. (a) Eventually state z3 is reached, and employment in-
creases to 14. Once it reaches this level, it can only approach state z1 from above (nH), so only
n ¼ 9 will be observed for firms with productivity z1. (b) Because state z3 is approached only
from below, employment n ¼ 14 is the only compatible level in the long run for z3. (c) State z2
can be reached from state z1 or z3. In the first case, employment will be 9, and in the second
case, it will be 12.

This implies that employmentwill be above the optimal level for z1 and below the optimal level
for z2, as if firms in z1 faced a subsidy and those in z3 faced a tax, hence a positive correlation of
wedges. Conversely, there will be firms with two implicit tax levels in state z2 (one positive and the
other negative) and correspondingly a positive variance of wedges.

To get an order ofmagnitude for thesewedges, consider the following variant ofHopenhayn&
Rogerson (1993), with no entry and exit. Let

nL boundarynH boundary Zero firing
cost
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Figure 2

An example of an sS policy. The lower line corresponds to nL(z), the upper line to nH(z), and the middle
line to the optimal employment with no distortions, which is always between the other two. The dashed
lines show the restriction of the boundary decision rules to the support of the stationary distribution of
productivity/employment states.
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yi ¼ zin
0:85
i ,

ln zit ¼ zð1� rÞ þ r ln zit�1 þ ɛit,

where ɛit is a lognormal random variable, independently and identically distributed (i.i.d.) across
firms and time with mean zero and variance s2; r is 0.92, consistent with firm-level employment
in the United States and a time unit of 5 years; s2 is chosen to match residuals of employment
regressions in the United States (from Hsieh & Klenow 2009); and z generates an average size of
firms with 50 workers in the undistorted economy similar to the US level for manufacturing
(although it does not affect the analysis much). Take a firing cost f equal to two years of wages,
which is not an unreasonable mean value for countries with such type of regulations. Figure 2
shows precisely the sS policy corresponding to the equilibrium of this economy. The solid lower
and upper lines are the nL and nH boundaries. The middle line corresponds to the zero–firing cost
optimal employment level. As can be readily seen, there is a wide range of employment values
between the two boundaries.

Table 1 illustrates the range for a few productivity values. The ratio of nH/nL is extremely high,
reaching almost a sixfold value. This employment range can be rationalized by taxes and subsidies
to employment, as described above. The tax gap, reflecting the difference between implicit subsidy
and tax rates for a given level of productivity, ranges from 15% to 27%.

These gaps might seem substantial, but what are their implications for aggregate TFP?Table 2
provides an answer to this question: The level of firing costs that we consider (f¼ 2 years) results in
a 2.8% reduction in TFP. If f¼ 5 years, the TFP loss is 7.5%, and if f¼ 25 years, it is 24.3%. This
level of firing costs is close to prohibitive, and firms respond by not adjusting employment at all.
With such a degree of firing costs, it seems very likely that firms would negotiate and bargain with
workers and induce quits to get around these barriers to adjustment. Hence, a moderate range
of firing costs seems amore plausible, realistic scenario for employment rigidity and consequent
TFP losses.

Firing costs are an example of the very subtle connection that might appear between policies
and implicit wedges. Figure 3 presents a scatter plot of the values of log TFPR in the support of
the joint distribution of productivity and employment when firing costs equal five years of
wages. Two types of distortions can be observed. On the one hand, there is a positive correlation
between TFPR and productivity, indicating that less productive (more productive) firms tend to
overemploy (underemploy) labor. This is what the literature has called a correlated distortion.
The correlation is 0.76, as can be observed in Table 3, explaining 58% of the total variation.
On the other hand, there is variation in TFPR for fixed levels of productivity, or what has been
called uncorrelated distortions. The variance is larger for intermediate levels of productivity.
This can be understood by observing Figure 2. Whereas the width of the bands does not seem to
changemuchwith productivity, the boundaries for the support of the long-run joint distribution

Table 1 Firing costs and tax gaps

ln z nL n nH nH/nL Tax gap

2.9 4.5 6 20.7 4.6 25%

5.2 29 59 170 5.9 27%

7.3 243 483 1,257 5.2 25%

9.3 1,677 3,607 4,454 2.7 15%
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of productivity/employment (given by the dashed lines) get narrower for low and high shocks.
This partly results from the bounded support for productivity shocks used in the calculations
but also reflects the effect of mean reversion (recall that the AR1 coefficient used is 0.92).

Table 3 gives descriptive statistics for the log TFPR resulting from different firing costs. The
results are pretty transparent. Higher firing costs (which result in a wider band of inaction) lead to
higher overall variance in TFPR and an increasing importance in the role of correlated distortions.

The model calibrated in this section has no entry and exit. This might affect the results
somewhat. Although most of the employment adjustment takes place for incumbent firms,
young firms are the ones that exhibit the highest variance of innovations. Including entry in
the model would change firm demographics, generating in a steady state a cross section of
different aged firms, as described above. In addition, firms start small and tend to grow over
time. This should imply that for younger vintages, employment levels near the lower boundaries
are more likely. Moreover, if we were to include a higher variance of growth rates for younger
firms, as occurs in the real world, the width of the bands would widen for young firms, generating

Table 2 Firing costs and total factor productivity (TFP) losses

Firing costs TFP loss Gap (range of equivalent labor taxes)

2 years �2.8% 32.9

5 years �7.5% 56.0

25 years �24.3% 97.6
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Firing costs: total factor productivity revenue (TFPR) and productivity.
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higher implicit wedges. This would appear as implicit taxation to employment, as younger firms
concentrate in the lower section of the sS band.

4.2.2. Labor taxes and exemptions. Many countries exempt small firms from certain forms of
taxation. There are potentially twodistortions arising from this policy.On the one hand, firms that
are close to the threshold determining the exemptionmight choose to downsize in order to qualify.
On the other hand, the exemption implies a positively correlated wedge, reducing the size of firms
that comply and increasing the size of those that do not. Gourio & Roys (2014) provide very
interesting evidence on this kind of policy in France and a calculation of its incidence. There is
a series of exemptions to firms that have 50 employees or fewer. The size distribution of firms in
Figure 4 very clearly shows the incidence of the first effect described above, as evidenced by the
rise in the number of firms right before the threshold and the large drop beyond.

Although the distortions are quite revealing, their impact on aggregate productivity appears to
be relatively small. According to the calculations provided by Gourio & Roys (2014), eliminating
this distortion results in a 0.3% rise in output perworker, which also disappears when considering
general equilibrium effects on entry.

Table 3 Firing costs and ln total factor productivity revenue

Firing costs Standard deviation Covariance Correlation

2 years 0.118 1.01 0.57

5 years 0.190 2.19 0.76

25 years 0.338 5.08 1.00
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Firm size distribution in France. Figure adapted with permission from Gourio & Roys (2014).
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Another back-of-the-envelope calculation is provided by Hopenhayn & Neumeyer (2008).
This calculation considers a 30% tax on labor and noncompliance by smaller firms accounting for
50% of employment. The levels of taxes and compliance are in the right order of magnitude for
many Latin American countries. The effect of this policy is to shift a considerable amount of
employment away from the most efficient firms, reducing aggregate TFP by 2.4%.

In summary, the effects of the policies leading tomisallocation examined above on the behavior
of firms are quite noticeable, and their impact on aggregate TFP is not negligible. However, they
are very far from explaining the gap in aggregate productivity. This suggests either a weakness in
the models used for performing the counterfactuals or a limited scope for this type of policy in
accounting for underdevelopment.

4.3. Distortions as a Primitive: A Valuable Diagnostic?

In the previous section, I explicitly consider policies that lead to misallocation and their impact on
aggregate productivity; that is where the literature started. More recently, the emphasis in the
literature has turned to the study and measurement of misallocation without direct reference to
policies. In this section, I review two papers that motivated this literature (Guner et al. 2008,
Restuccia & Rogerson 2008). Both these papers consider distortions as a primitive and explore
their impact on aggregate productivity in a general equilibrium setting.

Restuccia & Rogerson (2008) use a model similar to the one described in Section 2, with the
addition of capital accumulation and exogenous exit of firms. This benchmarkmodel is calibrated
to the US economy following a similar procedure as in Hopenhayn & Rogerson (1993). A series
of numerical experiments is conducted that consists of introducing different firm-specific wedges
on firm sales/output. In all these exercises, firms are divided in two groups, with one group
taxed and the other subsidized. Firm i’s profits are given by pi ¼ (1 � ti)yi � wli � rki, where
ti 2ftT > 0, tS < 0g, representing the tax and subsidy rates, respectively. Given the set of firms
that are taxed and the level of tT, the subsidy tS is chosen so that there is no change in the steady-
state capital stock. The exercises vary along three dimensions: (a) the level of the tax, (b) the
fraction of establishments taxed, and (c) the productivity of the establishments taxed. For the
third dimension, two cases are considered: uncorrelated distortions (taxes and subsidies chosen
at random) and correlated distortions (higher quartiles of productivity taxed and the rest sub-
sidized). These are two polar cases according to the taxonomy of distortions discussed above.

Table 4 provides some results from these experiments. The numbers represent the level of TFP
in the corresponding distorted economy relative to the benchmark. For example, when 90%of the
firms picked at random face t ¼ 0.2, aggregate productivity falls by 16%. The following ob-
servations can bemade: Larger distortions (higher t) have a higher impact onTFP; the same occurs
when a larger fraction of firms are taxed andwhen these distortions are correlated. The last column
of the table considers a different exercise, in which the top 90% are taxed at 40%, but there is no

Table 4 Impact ofmisallocation: total factor productivity relative to no-distortion case

Uncorrelated t
T

Correlated t
T Exempt

Establishments taxed 0.2 0.4 0.2 0.4 0.4

90% 0.84 0.74 0.66 0.51 0.85

50% 0.96 0.92 0.80 0.69 0.78

10% 0.99 0.99 0.92 0.86 0.85
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subsidy to the rest. Compared to the preceding column, this appears to be an important difference,
which is examined in Section 4.4.

Although it is somewhat hard to gauge how realistic are the distortions considered by
Restuccia&Rogerson (2008), the numerical results suggest that their impact could potentially
be large. The main message the literature seems to have taken from these results is that correlated
distortions are themore damaging ones to aggregate productivity. Thismight seem intuitive at first
sight, given that these distortions imply taking resources from more to less productive firms.
There is a caveat to this logic, as what matters when changing the resources available to a firm
is its marginal product (or TFPR) and not its TFP; furthermore, marginal products are identical
in the optimal allocation. I return to this question and the explanation of the above observa-
tions in Section 4.4.

Guner et al. (2008) conduct a related exercise by considering the impact of what they call size-
dependent policies, which are indeed correlated distortions. Examples of such kinds of policies are
widespread, such as tax exemptions, as the ones in France discussed above; direct subsidies to small
firms; and restrictions to the operation of large retail stores. To analyze the impact of these policies,
Guner et al. calibrate a Lucas-style model to the US benchmark and separately consider taxes on
capital and those on labor. These apply only to firms that are above the average use of the re-
spective input. There are three margins that adjust in their exercise: (a) Some firms downsize to
avoid taxes (as documented inGourio&Roys 2014), (b) there is a correlated distortion leading to
the downsizing of firms above the threshold and overexpansion of those below, and (c) there is
additional entry. The last margin is explained by a reduction in the marginal product of labor
(wage) and also by the fact that the marginal entrant, being the smallest firm in the economy in the
Lucas model, is favored by this policy.19 Table 5 gives a summary of the results. Taxes on capital
and on labor are chosen to give a 10% and 20% reduction in the average firm size, consistent with

Table 5 Aggregate and productivity effects (undistorted 5 100)

Statistic Tax on capital Tax on labor

Fall in average size 10% 20% 10% 20%

Implicit tax 13.4 34.4 5.87 13.8

Aggregate output 96.1 91.9 99.9 99.5

Capital 88.8 78.7 99.9 99.5

Average managerial abilitya 98.3 96.4 98.3 96.4

Consumption 97.8 94.8 99.9 99.5

Welfare cost (%) 0.30 1.52 0.08 0.43

aThis number differs from the one in Guner et al. (2008) because they use z1�h in
their production function instead of z.

19Asanexample, take themodelwithaParetodistributionwithparametera. The average productivity of a firm is ðaz0Þ=ða� 1Þ,
where z0 is the productivity of themarginal firm, and lettingm denote the firms per capita, one then finds z0¼m�1/a.Thisgivesan
elasticity of the marginal firm’s productivity with respect tom equal to �1/a and an elasticity of the average firm’s productivity
with respect to m equal to 1/(a � 1). Because a � 1/(1 � h) for an equilibrium to exist, an upper bound on the absolute value
of these elasticities is (1 � h) and (1 � h)/h, respectively. As argued above, reasonable values of h are above two-thirds, giving
bounds of one-third and one-half, respectively. Weighted by employment, this obviously would give a much smaller elasticity of
average productivity, so the impact of this selection effect on output per capita is considerably smaller.
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data from the OECD (Organization for Economic Co-operation and Development). When
applied to capital, distortions need to be larger because of the substitution effect. In the worst
scenario, in which there is 34.4% tax on capital, output falls by 8%. The large reduction in the
capital stock as a result of taxation explains approximately 85% of this drop, taking into
account that their parameter values imply an elasticity of output to capital close to one-third.
The large expansion in the number of firms is associated with negative selection and a drop in
managerial ability of 3.6% (given the elasticity of employment to z, the new marginal firm
employs 22% lessworkers than the original one). Consumption falls by almost 5% in this exercise,
which is sizable but far from the observed TFP gaps.Welfare falls by less when taking into account
the adjustment path, given the drop in investment. The impact of lower distortions is obviously
smaller, and labor distortions also have a smaller impact. The latter hides the fact that the level of
taxes needed to induce the desired falls in average size is much smaller when the taxes apply to
labor, as seen in the second row of the table.

The impact of distortions in Guner et al. (2008) is much lower than that in Restuccia &
Rogerson (2008). There are several differences, but my impression is that the main one has to do
with the orders ofmagnitude of distortions. The largest effects inRestuccia&Rogerson (2008) are
obtained when a large fraction of the population is taxed and the remainder is subsidized, where
the level of these subsidies is huge, as are the implied distortions. Guner et al. (2008) gauge
distortions to match changes in the average firm size, a source of discipline from the data. Their
model also has the feature that the employment rank of firms is not changed: Those that
have higher employment in the undistorted economy continue (at least weakly) to have higher
employment in the distorted one. As shown below, this is an important feature that limits the im-
pact of misallocation.

4.4. A Measure of Distortions

This section considers the mapping from the distribution of distortions to productivity. It
reproduces results developed in Hopenhayn (2012), which readers are referred to for more
details. Distortions are represented above as a system of wedges, which indirectly focuses on
firms’ decisions. Instead, here I express distortions directly in terms of their implications for
allocations. Letting n(z) denote the optimal (and equilibrium) employment in the undistorted
economy for firm i with productivity zi, define a distortion as the ratio ui from actual em-

ployment to the undistorted one: ni ¼ uin(zi). LetNðuÞ ¼ 1
N

X
i:ui�u

nðziÞ. This corresponds to the

sum of employment that firms with ui � u would have chosen in the undistorted economy.
Hopenhayn (2012) shows that the ratio of TFP in the distorted economy to that in the efficient
one is given by

TFP
TFPeff

¼
Z

uhdNðuÞ. ð8Þ

Notice that this formula is silent about the productivity of the firms underlying these distortions,
so whether they are correlated is not important per se. Correlation matters for a different reason.
For example, consider two groups of firms m1 and m2 with productivities z1 < z2 and optimal
employments n1 < n2. Suppose further that optimal total employment in both groups is identical
[i.e.,m1n(z1)¼m2n(z2)]. Then the impact on productivity from shifting a fixed number ofworkers
from one group to the other is the same regardless of whether they are shifted from the lower- to
higher-productivity group or vice versa.

753www.annualreviews.org � Firms, Misallocation, and Aggregate Productivity



The formula given in Equation 8 provides a natural order on systems of distortions as sum-
marized by the measureN(du), as mean-preserving spreads of distortions result in lower TFP.20 It
is easy to show that correlated distortions are mean-preserving spreads of uncorrelated ones.
Similarly, moving upward in each column of Table 4 also involves mean-preserving spreads.
This explains the larger effect of these types of distortions.

There is a close connection between u and TFPR. In our benchmark model, TFPR equals labor
productivity, yi /ni. Let a ¼ yoi =n

o
i ¼ yo=n denote the average labor productivity in the optimal al-

location,where it is equated across firms. (Variableswith no subscripts denote aggregate values.) Then
TFPRi ¼ yi /ni ¼ uh�1a, so u ¼ ðyi=aniÞ1=ðh�1Þ ¼ ðTFPRi = aÞ1=ðh�1Þ. An alternative formula that is
closer to the one used in the literature (Hsieh&Klenow 2009, Bartelsman et al. 2013) can be derived,
exploiting this connection between u and TFPR. Substituting in Equation 8, one can easily show that

TFPe

TFP
¼
 X

i

ni
n

�
yi=ni
y=n

� 1
1�h

!1�h

. ð9Þ

The corresponding formula for the monopolistic competition case is

TFPe

TFP
¼
 XRi

R

�
TFPRi

TFPR

� h
1�h

!1�h
h

, ð10Þ

where Ri is the revenue of firm i, TFPRi ¼ Ri=ðkai l1�a
i Þ, and letting R be total revenue, TFPR ¼

R=ðKaN1�aÞ.21

5. MEASURING DISTORTIONS

Distortions are damaging for aggregate productivity, but how much of the development gap can
they explain? The analyses in Section 4.3 suggest that the answer to this question depends on the
extent and properties of misallocation. To answer this question, Hsieh & Klenow (2009) propose
a method to measure distortions and apply it to three countries: China, India, and the United
States. The method and results are reviewed here.

Equation 10 can be used to perform this calculation. The data needed are firm-level sales
(revenues), capital, and labor. If outputwere observed, firm-level productivities can be obtained as
the ratio yi=ðkai n1�aÞ. Unfortunately, data on physical units of output are usually not available, so
most empirical calculations of productivity use value-added instead of output in the denominator.
In the monopolistic competition model analyzed in Section 2, revenues (piyi) are proportional to
yhi , so relative outputs of firms can be derived from their relative revenues. This allows one to
identify the ratios of productivities across firms.

The calculations provided byHsieh & Klenow (2009) use a similar methodology. In addition,
they allow for sectoral differences in capital intensity and use wages to control for human capital
differences across firms. Summary results from their computations are provided in Table 6.
Standard deviations of TFPR are very large for all countries but are much more so for China and
India. For reference, it is useful to compare these numbers to the ones inTable 3 reporting standard
deviations of TFPR of 0.118, 0.190, and 0.338 for an economy with firing costs of 2, 5, and 25

20This follows immediately from Jensen’s inequality given that h < 1.
21In the case of monopolistic competition, Ri is proportional to the input aggregator (e.g., kai n

1�a
i ), so if there is only labor,

Ri is proportional and can be replaced by ni in the last formula.
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years of wages, respectively. The last number also corresponds to the TFPR from an allocation in
which all firms are given equal employment, regardless of their productivities! The gains from
eliminating distortions are equally large. Naturally, there are good reasons to expect that these
numbers considerably overstate the true misallocation because of measurement and specification
error, as discussed by Hsieh & Klenow (2009). For this reason, Hsieh & Klenow provide the
alternative, preferred measure, which is calculating the gains from equalizing TFPR relative to
those of the United States. These are reported in the last column of Table 6.

The gains from misallocation are still very high: China could have benefitted from a 50% in-
crease in TFP in 1998 and India from a 40% increase in 1987. According to estimates by Hsieh &
Klenow (2009), this would represent closing roughly 49% of the TFP gap between the United
States and China and 35% of the gap between the United States and India. The observed im-
provement in China between 1998 and 2005, a period in which China’s TFP grew at 6.2% per
year, explains one-third of this growth. In contrast, India’s dismal TFP growth (0.3% per year)
from 1987 to 1994 could be partly explained by its increasing misallocation.

What explains misallocation in China and India? Our previous analysis suggests that size
correlation (as would result from size-dependent policies) might be a good candidate. Another
natural candidate is whether firms are public or private, as the literature has suggested that non-
profit motives in public firms would lead to overexpansion, and thus a lower TFPR. Theories
of borrowing constraints typically predict that younger firms are more borrowing constrained
than are older ones, suggesting that agemight also be an important determinant of TFPR. Firm age
effects are also implied by theories that stress the slow growth of firms stemming from difficulties
in expanding markets or resources. Hsieh & Klenow (2009) consider all these factors and ge-
ography to explain the observed dispersion in TFPR.

Table 7 gives the cumulative percentage of the variance of TFPR (within industry-years)
explained by the corresponding dummies. Ownership plays a more important role in China. Age
explains less than 1%, and size explains between 2% and 2.5%, suggesting that correlation does
not play an important role. Regional dummies do not add much either. Overall, the total variance
explained by these variables is disappointingly low. Even if we consider the variance explained in
China as a ratio to the difference between the variance of China and the United States, it is still

Table 6 Total factor productivity revenue (TFPR) and misallocation

Standard deviation TFPR

TFPe/TFP

Value Relative to United States

China, 1998 0.74 2.15 50.5%

China, 2005 0.63 1.87 30.5%

India, 1987 0.69 2.00 40.2%

India, 1994 0.67 2.28 59.2%

United States, 1997 0.49 1.43

Table 7 Percent sources of total factor productivity revenue variation

Ownership Age Size Region

India 0.58 1.33 3.85 4.71

China 5.25 6.23 8.44 10.01
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below 20%. As a point of reference, in our analysis of firing costs, size explains 57%, 76%, and
100% of the variance of TFPR for firing costs of 2, 5, and 25 years, respectively.

Hsieh & Klenow (2009) provide a very useful quantitative diagnostic suggesting the impor-
tance of misallocation in explaining the TFP gap. The next challenge in this literature is to find
a useful taxonomy for understanding the major forces behind this large misallocation. Correlated
distortions (according to size and age) explain only a small part.

More recently, Midrigan & Xu (2014), discussed in more detail in Section 6, provide a related
calculationusingpanel data forKorea (for theyears1991–1999),China (1998–2007), andColombia
(1985–1990). There are a few differences with the calculations ofHsieh&Klenow (2009), making
the comparisondifficult. Themost important one is thatMidrigan&Xu’smeasureofmisallocation
considers only the dispersion in output per unit of capital, as opposed to the aggregator kal1�a.
Consequently, their counterfactual results should be interpreted as the gains from reallocating capital
while keeping the same allocation of labor across firms fixed. Measured TFP losses are 22.4% for
China, 17.7% for Colombia, and 16.2% for Korea. Note that the gap for China is approximately
only one-fifth of theone reported inTable 6, suggesting that laborwedges play a very important role.

InMidrigan&Xu (2014), TFP losses accounted for by age dummies are relatively small: 0.2% in
Korea, 0.3% inChina, and approximately 2.7% inColombia. This follows from the low dispersion
in the average product of capital across producers of various ages that they find in their data.

Midrigan&Xu (2014) provide a very useful additional calculation. Taking deviations of each
firm’s TFP from its average, so as to focus on the temporary component, they compute the ag-
gregate productivity loss that would result if firms were not able to adjust their capital stocks to
these temporary shocks at all. This is an interesting bound, as it addresses some of the specification
issues discussed below relating to the absence of frictions or costs to the adjustment of capital in
themodel. It alsomight be associatedwith informational frictions that prevent firms from setting
their capital target correctly, as inDavid et al. (2014). The bound gives a TFP loss on the order of
2–3%, a modest contribution to explaining misallocation in these countries.

Bartelsman et al. (2013) also find large deviations in TFPR and labor productivity revenue
(LPR), the ratio of revenue to labor, across a series of European countries and the United States
(Table 8). Moreover, using an Olley-Pakes (OP) decomposition (Olley & Pakes 1996), they find

Table 8 Productivity dispersion and Olley-Pakes (OP) covariance

SD in revenue labor

productivity

SD in revenue total

factor productivity

OP covariance

term

United States 0.58 0.39 0.51

United Kingdom 0.59 0.42 0.15

Germany 0.71 NA 0.28

France 0.53 0.23 0.24

Netherlands 0.55 0.15 0.30

Hungary 1.04 0.92 0.16

Romania 1.05 0.55 �0.03

Slovenia 0.80 0.22 0.04

Averages are over 1993–2001 data. Industry-level firm-based TFP measures are not available for
Germany. Abbreviations: NA, not available; SD, standard deviation. Data taken from a firm-level
database in Bartelsman et al. (2013).

756 Hopenhayn



that the covariance between a firm’s labor productivity and its employment is quite high and is
even higher in the United States, where it accounts for 51%of the total variation. Bartelsman et al.
(2013) interpret this fact as a misspecification in their benchmark model (similar to the ones
considered in Hsieh & Klenow 2009) and provide a remedy by introducing fixed costs in the
form of overhead labor. In the absence of distortions, average productive LPRmeasured as the ratio
of revenue to production workers (total workers minus overhead) is equated across firms, while
LPR will vary. Letting f denote overhead labor, we can rewrite LPR as follows:

piyi
ni

¼ piyi
ni � f

ni � f
ni

.

The first term on the right-hand side is equated across firms. The second term is increasing in ni,
implying that LPR increases with firm size, measured by employment. In addition, the model
has the feature that capital is adjusted prior to observing the realization of a contemporaneous
productivity shock. Whether this is a technological, institutional, or informational assumption, it
is meant to capture some of the variation in TFPR and LPR.

Bartelsman et al. (2013) calibrate all parameters and theoverhead cost f tomatch similarmoments
as used in previous papers in addition to the moments given in Table 8 for the US economy.
Whereas the OP covariance term is matched exactly, the resulting standard deviations of
LPR and TFPR are somewhat high. Overhead labor ends up representing approximately 14%
of total employment. Given that the average establishment size in manufacturing was about
45 workers in the United States at this time, this implies a calibrated f of almost 7 workers.
Correlated distortions are introduced for each country to match their corresponding OP co-
variances. Results are presented in Table 9. These correlated distortions give rise to fairly large
reductions in consumption per capita, ranging from a 3% gap for Germany and the Netherlands
to close to 12% for Romania and Slovenia.22

Table 9 Correlated distortions and consumption

Country

COV_LPR

(data)

COV_LPR

(model)

STD_LPR

(data)

STD_LPR

(model)

STD_TFPR

(data)

STD_TFPR

(model)

Consumption

index (model)

United States 0.51 0.51 0.58 0.75 0.39 0.47 1.00

United Kingdom 0.15 0.15 0.59 0.66 0.42 0.69 0.93

Germany 0.28 0.28 0.71 0.59 NA 0.64 0.97

France 0.24 0.24 0.53 0.60 0.23 0.66 0.96

Netherlands 0.30 0.30 0.55 0.59 0.15 0.63 0.97

Hungary 0.16 0.16 1.04 0.65 0.92 0.69 0.93

Romania �0.03 �0.03 1.05 0.72 0.55 0.70 0.88

Slovenia 0.04 0.04 0.80 0.70 0.22 0.70 0.89

Data taken from a firm-level database in Bartelsman et al. (2013). Abbreviations: LPR, labor productivity revenue; NA, not available; TFPR, total factor
productivity revenue.

22Unfortunately,Bartelsman et al. (2013) donot provide information to decompose this fall in consumption into changes in the
capital stock, the number of firms, and TFP.
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6. FINANCIAL CONSTRAINTS: MISALLOCATION AND SELECTION

Financial frictions have been one of the favorite candidates for explaining the development gap
(Banerjee & Duflo 2005, Jeong & Townsend 2007, Banerjee & Moll 2010, Buera et al. 2011,
Buera& Shin 2013, Caselli & Gennaioli 2013, Midrigan&Xu 2014). There is also considerable
supportive evidence of credit constraints as a source of misallocation in developing economies,
as summarized by Banerjee & Duflo (2005). Figure 5 shows scatter plots relating development
measures to the ratio of external finance to GDP. All measures of development are highly cor-
related with this measure of financial development: The correlation coefficient is 0.34 for GDP/
worker, 0.26 for TFP, and 0.76 for the capital-output ratio. The evidence shows that financial
development is associated with capital deepening, as well as improvements in the allocation of
capital. These observations have motivated the above-referenced papers that attempt to establish
a causal link and provide orders of magnitude about its strength. This section reviews some of the
most recent contributions.

6.1. Theory

There are three main channels considered by the literature. Financial development (in the form of
broader access to lending for capital financing) leads to (a) capital deepening as measured by
higher capital/output ratios, (b) reduced misallocation (i.e., a better allocation of capital across
firms), and (c) better selection of active firms. Increased capital deepness contributes to GDP per
capita, but only the last two channels have a direct effect on TFP and are the focus of most of
the following discussion.

I follow Moll’s (2014) analysis to illustrate the impact of financial constraints on TFP. The
production function is given by yi ¼ zik

a
i n

1�a
i . Given the absence of decreasing returns, only the

most productive firms are active in the optimal allocation. With wages w and cost of capital r, it
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Figure adapted with permission from Buera et al. (2011).
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easily follows that profits are of the form z1=ai kipðwÞ � rki, where pðwÞ ¼ a
�
ð1� aÞ=w

�ð1�aÞ=a

is decreasing in the wage rate w.
Entrepreneurs are constrained in the choice of capital by their assets ai according to ki� lai,

where l � 1. Here l ¼ 1 corresponds to a total shutdown of lending, so each entrepreneur
can produce with his or her own assets only. Borrowing constraints bind for all active entre-
preneurs owing to the assumption of constant returns to scale. In this simple environment,
entrepreneurs do not have an alternative use of their time, so they produce if profits are
positive (including the opportunity cost of assets). This implies that those above a threshold z
are active. This threshold is easily derived by equating demand to supply in the capital market:Z
z
la dG ¼ K ¼

Z
a dG, where G(a, z) is the joint distribution of assets and abilities of entre-

preneurs. Thewagew is determined bymarket clearing in the labormarket, and r is chosen tomake
the threshold entrepreneur indifferent between operating as a producer and lending his or her
assets at rate r.

This economy also has a simple expression for the aggregate production function, y ¼
AKaN1�a, where

A ¼
 Z

z

a
A
�
z
� z1=a dG

!a
,

and AðzÞ are the total assets of active entrepreneurs. TFP is thus the geometric mean of pro-
ductivities but is weighted by the corresponding share of assets. An increase in the correlation
of assets and productivities increases TFP by raising this mean and potentially also increasing
z (more precisely, an increase in the affiliation between a and z).23 A higher value of l cor-
responds to less financial constraints and results in an increase in z and the amount of external
finance, which equals 1� AðzÞ, together with an increase in TFP. This increase in TFP results both
from reducedmisallocation (capital is reallocated to firms with higher marginal product) and from
better selection. However, these two effects are hard to disentangle because of constant returns to
scale.24 The increase in z also implies a reduction in the number of firms and consequently an
increase in the average size measured by employment (also if measured by capital or value-added).
Hence, less financial constraints can also contribute to explaining the higher average firm size in
developed economies. This point has been raised and analyzed by Quintin (2008b).25

6.1.1. Endogeneity of assets. The above analysis treats assets exogenously, but in a dynamic
setting, they evolve as the result of the reinvestment of past cash flows. This suggests that with
sufficient incentives to save (e.g., proper values for discount factors of entrepreneurs), financial
constraints might disappear in the long run. If productivity shocks are fully persistent (i.e., zitþ1 ¼
zit for all i and t), financial constraints disappear in the long run, and the economy converges

23This is not necessarily the case with decreasing returns, as an increase in the correlation could put too many assets in the
hands of a few firms with high TFP but low marginal product, and they might have difficulties lending the excess assets
when l is low.
24Although the reduction in misallocation would seem to be a robust implication of a reduction in financial frictions, positive
selection might not.
25Quintin (2008b) also calibrates a model of limited enforcement to the US economy and shows that when matched to
measures of financial development in Argentina and Mexico, the model accounts well for differences between the size
distributions of these countries and those of the United States.
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to an efficient steady state. This follows immediately from the fact that constrained firms face
higher rates of return to savings and will continue to do so and increase their capital until
they become unconstrained (Banerjee & Moll 2010, Moll 2014).26 Note also that higher-
productivity firms, with higher profits, will increase their levels of assets faster, so as time
goes by, the share of assets will become more correlated with productivity. In the case of
constant returns to scale analyzed above, this implies both that stronger selection will take
place over time and that capital will become more correlated with firm productivity, con-
tributing to a further increase in TFP. Finally, although the steady state has an efficient al-
location of capital under full persistence, the speed of convergence to this steady state could be
quite slow. As shown by Moll (2014), the speed of convergence decreases with the level of
persistence r.

At the other extreme, consider the case in which productivity shocks are i.i.d. Although firms
will differ in the level of assets according to their past history of shocks, independence implies that
assets and productivity are contemporaneously uncorrelated. As shown by Moll (2014), this
implies that TFP will be constant in the above model, so the gap with the efficient level of TFP will
never be reduced. Although this will not hold exactly in the case of decreasing returns, the result is
still very useful as a benchmark.27

6.1.2. Limited enforcement. Most papers in the literature derive borrowing constraints from
limited enforcement of lending contracts. To illustrate themechanism, consider a one-period-lived
entrepreneur with assets a who needs to incur in debt D ¼ k � a to produce with capital input k
according to production function zf(k). At the end of the period, the agent can choose to default
and not pay the debtD but then loses a fractionf of revenues. This puts a limit on lending as given
by the no-default constraint,

ð1� fÞzf ðkÞ� zf ðkÞ � Rðk� aÞ,

or,more conveniently,R(k� a)�fzf(k); that is, the limits to borrowing are given by foregone
revenues at default. This defines implicitly a constraint on capital k(a, z,f) that is increasing in
f, z, and a. Moreover, it is easy to see that ∂k/∂a > 1 owing to increased leverage.28 The
constraint ceases to bind after some f < 1 that makes it possible to choose a level of capital
such that zf′(k) ¼ R. For the linear production case, one finds that kða,z,fÞ ¼ ðRaÞ=ðR� fzÞ;
the positive interaction between f and z implies that better enforcement (higher f) increases
capitalmore to high-productivity firms than to low-productivity ones. It also follows that better
enforcement also increases the share of capital of higher-z firms, thus reducing misallocation
and increasing TFP. This property also holds with decreasing returns and a homogeneous
production function. Interestingly, in the latter case, TFPR ¼ y/k is increasing in z for fixed a,
so better enforcement also increases TFP when all firms/entrepreneurs have the same level
of assets.

26Again, misallocationmight not improvemonotonically in the case of decreasing returns. As an example, take an economy in
which firms are self-financed (l¼ 1) that starts with a distribution of assets in which themarginal product of capital is equated
across firms but all are below the efficient level.More productive firmswill savemore as a result of their higher profits, and it is
unlikely that marginal products of capital continue to equalize.
27Buera & Shin (2013) make a related point in their numerical analysis. Their results show that the speed of convergence
depends on whether the economy converges from a distribution that has a similar correlation between wealth and ability, but
with a lowermean, orwhether it startswith a different correlation. In the former case,lplays a less important role for the speed
of convergence.
28Interestingly, when f(k) ¼ ka and a < 1, TFPR ¼ y/k is also increasing in z for fixed a.
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6.2. Quantifying the Effect of Financial Constraints

There are numerous papers that consider the quantitative impact of financial constraints. I refer to
a very small subset of these (Amaral&Quintin 2010, Buera et al. 2011, Caselli &Gennaioli 2013,
Midrigan & Xu 2014) owing to space limitations and to focus on models that translate more
clearly into the above structure. I first briefly discuss the characteristics and results of these papers.
Table 10 provides a summary of thesemodels; their distinguishing characteristics; a quantification
of the impact of financial constraints onGDPper capita, TFP, andK/Y; andobservations regarding
the roles of misallocation and selection in explaining results. The models are quite different in
several dimensions, so it is hard to make comparisons. However, in a broad sense, the forces at
play are the ones discussed above: misallocation, selection, and capital deepening. Financial
development reduces misallocation by contributing to more efficient resource allocation across
firms. At the same time, financial development contributes to the participation of the most effi-
cient entrepreneurs/firms, the selection effect. Finally, financial development contributes to capi-
tal deepening (an increase in K/Y), which can have important effects on GDP per capita.

6.2.1. Caselli and Gennaioli. Caselli & Gennaioli’s (2013) main motivation is the prevalence of
dynastic-family firms in less developed countries. Although mitigating financial constraints, this
type of arrangement often puts firms in the wrong hands, and this is costly for productivity. In
Caselli & Gennaioli’s model, agents live for one period (generation) and bequest a fraction of
their wealth and firms (in the case of entrepreneurs) to a single offspring, who in addition is born
with a random endowment of wealth. The set of firms is fixed, so there is no entry. Agents differ
in managerial skills (low, high), which are mildly correlated across generations. A market for
corporate control in which agents buy and sell firms helps to mitigate managerial mismatch.
Technology is given by a constant returns to scale production function, and limited enforcement
constrains capital acquisition.

Thismodel shares the feature thatmore productive entrepreneurs can borrowmore and benefit
relatively more from improvements in financial development. In addition, financial development
boosts the market for corporate control. This happens precisely because the value of transferring
firms from low- to high-productivity entrepreneurs increases with better enforcement. Finally, as
the average quality of managers increases, less firms are needed, and the average firm size increases.
This effect is explained in Section 6.1.

Themain counterfactual exercise inCaselli &Gennaioli (2013) is comparing an economywith
essentially no financial constraints (the US-calibrated economy) to one with no lending. GDP falls
by 70%, to a great extent because of the fall in K/Y but also as the result of a 21% drop in TFP.
According to Caselli &Gennaioli’s discussion, at least half of the TFP fall is explained by selection
and the rest by misallocation. Given that entrepreneurs live for only one period, the scope for
saving out of borrowing constraints is very limited in the model. Increasing intergenerational
persistence from the benchmark value of 0.3 to 1 reduces the TFP drop to only 6%, suggesting that
a more realistic number should be somewhere in between. The market for corporate control plays
a very important role: In the absence of thismarket and an almost perfect capitalmarket, Caselli&
Gennaioli (2013) find that TFP would be 15% lower than in the benchmark.

6.2.2. Amaral and Quintin. In Amaral & Quintin (2010), agents live for three periods, are born
with the same level of assets, and leave no bequest. They work as labor in the first period, choose
occupations (worker/entrepreneur) in the second one, and retire in the third. There is a distribution
of entrepreneurial productivity as in the Lucasmodel, andbecause all agents have the samewealth,
those above a certain threshold become entrepreneurs. Financial constraints are in the form of
limited enforcement. A storage technology is also available, which gives another use for capital.
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The model is calibrated to the US economy, and the experiment is to compare this benchmark
to the no-lending case. GDP falls by two-thirds, while productivity falls by 50%. Productivity in
the productive sector falls by 30%. There is a large reduction in total capital stock, but most
importantly, there is a very large shift from the productive sector to storage technology, explaining
the difference between the aggregate fall in TFP and the one in the productive sector. The nega-
tive effect of financial frictions on TFP in the productive sector operates through two channels:
selection (the number of firms is multiplied by five, reducing average firm productivity) and mis-
allocation. FromAmaral&Quintin’s (2010) data, it is hard to disentangle the relative importance
of these two sources. In addition to this exercise, the authors choose enforcement levels to replicate
the level of financial development in a sample of 25 countries (mostlymiddle and high income). The
levels of GDP per capita predicted by the model explain roughly one-third of the actual variation.

6.2.3. Buera et al. Buera et al. (2011) consider a two-sector model (services and manufacturing),
extending an occupational choicemodel of the Lucas style. Agents are infinitely lived and endowed
with abilities as entrepreneurs in both sectors. Given these abilities and their wealth levels, agents
choose whether to work as labor, as entrepreneurs in service or in manufacturing. One of the key
differences between the two sectors is that fixed costs are considerably higher in manufacturing.
Abilities are redrawn from a fixed distribution, independent of existing values, with a constant
probability, implying de facto exogenous exit rates from entrepreneurship of approximately 10%.
Borrowing constraints are the result of imperfect enforcement, as in the two previous models.

The model is calibrated to the United States, considered as an economy with perfect enforce-
ment. As in Amaral &Quintin (2010), enforcement constraints are chosen to mimic the degree of
financial development of countries in their sample. Results are presented in Figure 5. The model
accounts for two-thirds of the relationship between financial development andGDP perworker in
the data and 60% of the corresponding variation of TFP. Comparing the United States to the no-
lending case leads to a 55% fall in GDP and 35% fall in TFP.

Borrowing constraints affect the two sectors differently. While TFP falls by approximately
26% in service, the drop is 50% inmanufacturing. In the case of service, Buera et al. (2011) show
that the drop almost entirely results frommisallocation, whereas inmanufacturing, at least half of
the gap is explained by selection into entrepreneurship. Average entrepreneurial talent falls by
20% in service and 40% in manufacturing. Overall misallocation seems to account for close to
25% of the 35% aggregate TFP drop.

6.2.4. Midrigan and Xu. In Midrigan & Xu (2014), firms produce a homogeneous consump-
tion good with two alternative technologies: traditional and modern.29 Debt can only be issued in
the modern sector and is constrained by assets, as in Moll (2014). This affects only the modern
technology, as the traditional one does not use capital. In addition, firms have to pay an entry cost
to produce with the modern technology, which is more productive. Entrepreneurs are infinitely
lived, but a fraction of new ones enter each period, calibrated to 8% in the benchmark.30 As
a result, the steady-state age distribution of firms is nontrivial. This can be important for mis-
allocation as younger firms (that have not been able to accumulate assets) face more borrowing
constraints than older ones. At birth, entrepreneurs draw a permanent and transitory productivity

29Here traditional and modern can be interpreted also as two different sectors, similar to the informal/formal or services/
industry cases considered above.
30I believe that the implications of this assumption formisallocation are very similar to assuming an exogenous death rate and
entry to maintain a constant population of firms.
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shock, in which the sum corresponds to the idiosyncratic shock considered above. The transitory
shock follows aMarkov process that is calibrated to have fairly low persistence. All new entrants
have no assets, start with the traditional technology, and can adopt the modern one after one
period by paying the entry cost. In addition, when entering themodern sector, firms can sell claims
to future profits up to a limit that is treated parametrically.

The model is calibrated to the Korean economy, matching a series of moments on entry, size
distribution, and growth of firms in addition to more conventional parameters, such as discount
factors, decreasing returns, and factor shares that are assigned the usual values. The modern
technology has 20% higher productivity than the traditional one, and given the rest of the pa-
rameters, this implies that firms employ five times more workers and have 20 times higher pro-
fits. Temporary shocks have very low persistence (an AR1 coefficient of 0.25). The variance of
the innovations is considerably lower than the variance of the permanent component, which
accounts for 85% of the cross-sectional distribution of productivity.

There are several interesting counterfactuals considered in Midrigan & Xu (2014). I focus
on the impact of shutting down lending. As a result, 83% firms become constrained, and the
capital/income ratio falls by 32%.GDP per capita falls by 33.5%, at least half explained by the
reduction in the capital stock.K/Y falls from 2.7 to 2.1. There is a huge decrease in the number
of producers in the modern sector, from a 93% share of total firms to 35%. This reallocation
explains about two-thirds of the fall in aggregate TFP, whereas misallocation only contributes
to a loss of 4.7% in the TFP in the modern sector. Age-related distortions (young firms have
73% higher TFPR than old ones) explain 3.7% of this drop, and the lack of adjustment to temporary
shocks accounts for very little.

6.2.5. Overall assessment. The models given above are hard to compare, as they have quite dif-
ferent features. As seen, the impact of borrowing constraints depends critically on the ability of
firms to save out of them. This is affected both by the level of persistence and by the expected
lifetime of firms. In Caselli & Gennaioli (2013), there is a very low correlation in productivity
across generations and no reinvestment of savings within. In Amaral & Quintin (2010), en-
trepreneurs last for only one period, and there are no bequests. Not surprisingly, these are the
two papers for which the effects of borrowing constraints on GDP and on capital accumula-
tion are the strongest. Effective persistence is considerably lower in Buera & Shin (2013) and
Midrigan & Xu (2014) but is similar between the two, as there is a 10% turnover rate in the
former and approximately 8% entry in the latter. These twomodels may still underestimate the
role of persistence in the data because neither of them considers the impact of selection due to
the exit of firms. It is well documented that death rates are much higher among young firms than
old ones. Both the latter models assume away this effect and thus tend to overrepresent younger
firm cohorts in the stationary distribution.

All the papers reviewed above support the view that borrowing constraints are important
factors that contribute to explain GDP and TFP gaps. The two main channels are the effects on the
aggregate capital stock and those on productivity. The range of values for the impact on GDP goes
from approximately 35% to 70%. As a reference, according to Caselli (2005), the corresponding
lower/upper 10-percentiles ratio is 0.05ora rangeof 20 to1.The rangeof values forTFP impact goes
from approximately 20% to 50%, with the corresponding percentile ratio on the order of 0.2–0.3.
Even if we take the lower range of values corresponding to Midrigan & Xu (2014), financial
constraints canaccount for 35%of the 95%gap inGDPper capita and20%of 70–80%gap inTFP.

The share ofmisallocation in explaining the fall in TFP varies somewhat across studies, ranging
from 4.7% of the TFP fall inMidrigan & Xu (2014) to closer to 25% in Buera et al. (2011). The
message here seems mixed, for the first number would suggest that borrowing constraints are not
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an important source for misallocation, whereas the latter suggests they are.31 In contrast, all these
papers support the view that selection considerations, or the mismatch of managerial talent, are
a very important channel by which financial constraints impact TFP.

7. OTHER CHANNELS

There are many other channels that can explain misallocation, selection, or more broadly the
impact of institutions/policies on the distribution of firm productivities. One of them involves
markups that vary widely across industries and countries. Two recent papers (Epifani & Gancia
2011, Peters 2013) consider the impact of variation in markups on misallocation. Peters (2013)
considers the impact of reducing trade barriers on the dispersion of markups. Although this seems
to be an important source in determining markups, the effect on aggregate TFP is very small.
Epifani &Gancia (2011) find slightly larger effects when considering the welfare effect of markup
variation, with estimates on the order of 3.5–10%.

The analysis in Hsieh & Klenow (2009) relies on a series of structural assumptions that are
critical to the inference. I briefly consider three sources: (a) measurement error, (b) curvature, and
(c) adjustment costs.

7.1. Measurement Error

Although arbitrary forms of measurement error cannot be ruled out as explanations, Hsieh &
Klenow (2009) analyze the case in which measurement error is orthogonal to the truth and to
other reported variables. Measurement error of this type will have predictable effects: (a) It
will decrease the correlation between revenues and inputs, and (b) it will increase the standard
deviation of firm revenue and input growth. Table 11 gives estimates of the correlations
(elasticities of inputs to revenues and vice versa) and standard deviations of growth. Elas-
ticities are similar across the three countries, suggesting that this form of measurement cannot
explain much of the observed differences in the dispersion of TFPR. The analysis of standard
deviations gives a mixed message: Although the United States has a larger standard deviation
of inputs, it exhibits a lower standard deviation of revenues. Under the assumption of equal
driving processes for the true variables, this would require different orderings across countries
for the measurement error in the two variables.

Finally, if measurement error is less persistent than are true variables, instrumenting with past
values would reduce TFPR dispersion and thus the gains from eliminating distortions. According

Table 11 Standard deviations of firm input and revenue growth

Inputs Revenue ɛIR ɛRI

China 0.45 1.00 0.98 0.82

India 0.28 0.70 0.96 0.90

United States 0.68 0.43 1.01 0.82

Table reproduced from Hsieh & Klenow (2009) by permission of Oxford
University Press.

31In addition, borrowing constraints implymisallocation that is highly correlatedwith age,which, as seen above, has very little
explanatory power in Hsieh & Klenow (2009).
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to Hsieh & Klenow (2009), the relative decrease in TFPR obtained when doing so is relatively
larger for the United States than for China and India, suggesting, if anything, that the bias from
measurement error is stronger for the United States.

7.2. Curvature

An important part of the structure is the curvature h in the production/demand, a combination of
the degree of decreasing returns and demand elasticity. This is hard to identify, and several values
have been used, ranging from the equivalent of h ¼ 2/3 (s ¼ 3) in Hsieh & Klenow (2009) to
h ¼ 0.85 in Restuccia & Rogerson (2008). I provide here a new comparative static result. To exa-
mine the effect of curvature on the TFP gap, Equation 9 can be rewritten as follows:

�
TFPe

TFP

� 1
1�h

¼
 X

i

ni
n

�
yi=ni
y=n

� 1
1�h

!
. ð11Þ

The ratio of efficient to actual TFP in this expression is a certainty equivalent of a lottery given by
the ratio in brackets in the summation under CRRA (constant relative risk aversion) utility
functionwith exponent 1/(1�h). An increase in h decreases risk aversion (it actually increases
risk love), thus increasing the certainty equivalent on the left-hand side of the equation. Con-
sequently, an increase in h will raise TFPe/TFP, magnifying the effect of distortions. Consistent
with my comparative static result, Hsieh & Klenow (2009) show that increasing s from 3 to 5
(h from two-thirds to three-quarters) raises China’s hypothetical TFP gain (from equalizingTFPR)
from 87% to 184% and India’s from 128% to 230%.

7.3. Adjustment Costs

Adjustment costs introduce a wedge on input choices, giving rise to differences in TFPR
across firms. An example of this is given in Section 4.2. The sluggish adjustment in inputs
translates into a lower variance of inputs than revenues, as evidenced for China and India
in Table 11. In the presence of adjustment costs, a higher volatility of fundamentals (firm
productivity or demand shocks) and lower persistence can lead to lower variation in input
response. Hsieh & Klenow (2009) do not seem to find large differences in volatility of input
choices across the three countries, suggesting that firms in India and China face greater barriers
to reallocation.

This idea is pursued further in a recent paper that quantitatively examines the role of adjust-
ment costs on misallocation (Asker et al. 2014). Their main idea is that adjustment costs can lead
to quite different degrees ofmisallocation, depending on the variability of firm-level revenue shocks.
Using panel data from several countries and following a structural approach similar to Hsieh &
Klenow (2009), the authors compute TFP/revenue shocks and marginal (revenue) products of
capital (MRPK) for all firms and time periods in the data.32 Their data sets exhibit great differences
in the degree of volatility of firm-level TFP growth across countries (e.g., France has twice, and
Slovenia has three times, the standard deviation of the United States). Reduced-form evidence
also shows a clear positive relationship across countries and across industries between the degree

32Asker et al. (2014) use the term TFPR to describe what Hsieh & Klenow (2009) call TFP (or revenue shocks), while
measuring distortions by theMRPK. In the absence of distortions to the choice of other inputs, this measure is proportional to
TFPR as defined by Hsieh & Klenow (2009).

766 Hopenhayn



of volatility of firm productivity and the standard deviation of MRPK across firms. Furthermore,
firm-levelMRPK increases with productivity shocks, with estimated elasticities ranging from 1.07
to 1.65 (1.29 for the United States). Investment responds positively to productivity shocks, but
the elasticity is quite low (0.3), whereas in the absence of distortions, it should be on the order
of 4 (given their calibration of demand elasticity).

Asker et al. (2014) structurally estimate amodel of firm dynamics with two types of adjustment
costs (fixed and convex) in addition to one month time to build. The model is estimated taking the
following as identifying moments for each industry/country pair: (a) the fraction of firms with
year-to-year growth in their capital stock of less than 5%, (b) the fraction adjusting over 20%,
and (c) the standard deviation of the capital growth of firms. Interestingly, most countries in their
sample exhibit larger adjustments in firm-level capital than does the United States. Their estimates
give quite large adjustment costs (for the United States, fixed adjustment costs equivalent to one
and one-half months of production and convex adjustment costs 8.8 as large as investment costs
when doubling the capital in a period).

Asker et al. (2014) simulate the model with identical adjustment cost parameters for all
countries (the US values), feeding for each country/industry pair the corresponding estimated
parameters for the productivity (revenue) process,33 comparing the limiting distribution with
cross-country/industry statistics. As a measure of fit, they report

S2 ¼ 1� ðx� x̂Þ′�x� x̂
�

x′x
,

wherex is the actual country/industry vector for the statistic evaluated, and x̂ is the simulated one.
The first statistic considered is the dispersion of MRPK across firms in the country/industry cells,
with values of S2 on the order of 0.80 (and ranging from0.6 in Spain to0.99 inChile). Interestingly,
repeating the exercise, but with only one month time to build (setting to zero the other adjustment
costs), gives a value of S2 on the order of 0.65 (0.5 in Spain and 0.79 in Chile). It is quite surprising
that one month time to build by itself can account for such a large fraction of the variation. In
contrast, whereas US level adjustment costs explain 90% of the dispersion of the growth in firms’
capital, time to build alone accounts for almost none (although for some countries it is high; e.g.,
0.9 for France). Although there is no final verdict as to the importance of adjustment costs as
a source of misallocation, Asker et al. (2014) provide some compelling evidence and will surely
impact more research to come.

8. LEARNING FROM THE SIZE DISTRIBUTIONS OF FIRMS

As discussed, one of the most striking differences across countries is the size distribution of firms.
Above we examine the potential importance of the differences in average size across countries.
What else can we learn from the size distributions? In particular, what can we learn about mis-
allocation from the size distribution of firms?

Two recent papers consider this question (Alfaro et al. 2009, Hopenhayn 2012). Some
identifying assumptions are necessary.34 The identifying assumption used in these papers is to
take a reference economy (the United States) and assume that it is undistorted and that other

33Different specifications allow country/industry-specific parameter estimates of the production function and also adjust-
ment costs.
34For example, the same size distribution in an economywith no distortions can be obtained by flipping the sizes of firms above
and below the median productivity.
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countries share the same distribution of productivity, so all differences in size distributions can
be attributed to misallocation. This is still not enough, as there could be arbitrary distortions
that map the US size distribution onto that of other countries. The procedure followed is to look
for the least damaging distortions that do so, thus obtaining a lower bound on their impact on
aggregate TFP. The general procedure is tomatch quartiles of the two size distributions with the
proper values for u’s, using the notation in Section 4.4 (e.g., if the number of firms is the same,
assume that the largest firm in each country has the same productivity as the largest one in the
United States, and so on). Equivalently, the lower bound on distortions is obtained by preserving
the rank of firms: Considering two firms a and b, if the first is larger than the second one in the
distorted economy, assume that it has higher productivity so that it would also be larger in the
undistorted one.

In performing their accounting, Alfaro et al. (2009) consider the combined effect of the dif-
ference in the number of firms and distortions on a country’s GDP per capita, taking the country-
specific factor

D ¼
hXN

i¼1
Mð1� tiÞs�1As�1

i

is=ðs�1Þ

XN

i¼1
Mð1� tiÞsAs�1

i

,

whereM is the number of firms per worker. According to their results, variation in D accounts
for 16% of the variation in ln GDP per capita. There is no direct information given on the
variation ofM across these economies, but looking at the dispersion from the figures, a variance
in ln M on the order of 0.5–1 does not seem unreasonable.35 Their paper takes s ¼ 6, so the
variation in M with an elasticity 1/(s � 1) ¼ 1/5 seems to account for a very large part of the
observed variation in D.

The exercise conducted in Hopenhayn (2012) is more limited, as it considers only four
countries: China, India, Mexico, and the United States. Using a value of h ¼ 1/2 in our
benchmarkmodel, the lower-boundmisallocation accounts for a 1% fall in TFP for China and
an approximately 7% fall for India andMexico. These numbers are halved if we instead use the
standard value h¼ 0.85.36 Recall that the lower bound is obtained assuming that distortions
preserve the rankings of firm size. It thus follows from this exercise that if distortions are to
be consistent with the observed size distributions, they must involve very large rank reversals
in firm size to have a large impact on aggregate TFP.37 This observation helps explain why
some of the size-dependent policies analyzed above seem to have a small impact on aggre-
gate TFP, if they preserve (weakly) the rank of firms. Such is the case with the experiments
considered in Guner et al. (2008) and tax exemptions for small firms analyzed by Gourio &
Roys (2014). Policies or practices that set a limit to the size of firms, provided this limit does not
vary across firms, also preserve ranking, somy analysis suggests their impact on aggregate TFP
might be limited (subject, of course, to the discipline of their consistency with observed size
distribution).

35InAlfaro et al.’s (2009) data, there is a large variation in average size across countries, and a very strong negative correlation
with GDP per capita, contrary to what other data sources indicate.
36The results are consistent with the very little evidence of size-related distortions in Hsieh & Klenow (2009).
37As an example, comparing the economy with correlated distortions that result in a 50% fall in TFP to the benchmark in
Restuccia & Rogerson (2008), a firm with two employees in the undistorted one has 1,000 in the distorted one, whereas
a firm with 9,000 employees ends up with less than 300. These are huge rank reversals.
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