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Abstract

The proper characterization of the size distribution of business firms represents an
important issue in economic literature, with the most common reference distribu-
tions being the lognormal and the Pareto varieties. This analysis is related to some
methodological issues that are rarely properly addressed in applied work, and may
significantly affect the results: the major difficulties arise from low power of the
tests caused by limited sample size and the common practice of binning the data.
In this paper we contribute to this body of literature by analyzing the size distribu-
tion of all French companies, strongly rejecting the hypothesis that it is a Pareto
distribution. Moreover, we argue that the lognormal distribution is a more reason-
able first-cut benchmark for the entire population of firms. This is especially true
for single-product firms, while we show the emergence of a Zipf tail for the class of
multi-product companies. Our findings are in strong agreement with some recent
theoretical contributions, which predict that the size distribution depends on a set

of industry specific determinants.
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1 Introduction

At least since the work of Gibrat (1931), a great deal of attention has been devoted to the
investigation of the size distribution of business firms and the mechanics through which
it is determined (Luttmer, 2011). In his seminal work, Gibrat (1931) found that French
establishments were lognormally distributed, and postulated a process of proportional
growth capable of replicating that shape. A few decades later, Simon and Bonini (1958)
showed that a Pareto distribution provides a better fit to the upper tail of the largest
firms. Since then, the lognormal and the Pareto (or power-law) distributions have been
considered to be the two foremost candidate distributions for firm size (see Sutton, 1997;
Mitzenmacher, 2004; de Wit, 2005, for broad reviews of the topic). More recently, a
particular type of power-law distribution, namely Zipf’s law, has come to be considered
the best first-cut benchmark for firm size and many other empirical phenomena (Simon,
1955; Axtell, 2001; Luttmer, 2007; Gabaix, 2009).

Ijiri and Simon (1974) noticed that the data feature systematic departures from power-
law behavior, as most firm size distributions depict a concave shape. Due to the lack of
data on the whole distribution of firms, early works by Simon and co-authors analyzed
only the largest (listed) companies (i.e. Fortune 500). Axtell (2001), who represents the
main reference among recent works, manages to overcome the limitation in the represen-
tativeness of the data by using information taken from the US Census, thus looking at the
entire distribution of firms. He concludes that Zipf’s law provides the best representation
of the data “all the way down to the smallest sizes” (Axtell, 2001, p. 1819), even though
(as noted by Axtell himself) a closer inspection reveals the presence of departures similar
to those highlighted by Ijiri and Simon (1974), compatible with a lognormal distribution.
The concave shape of the size distribution has been further confirmed by Rossi-Hansberg
and Wright (2007), who use the same data analyzed by Axtell (2001). This is part of a
stream of literature that claims there is no universal functional form for the size distribu-
tion of firms, as it depends rather on specific industry characteristics such as production
function, innovation, financial constraints, and firm selection (Jovanovic, 1982; Klette and
Kortum, 2004; Cabral and Mata, 2003; Rossi-Hansberg and Wright, 2007; Luttmer, 2007).

The typical strategy adopted in this literature considers one candidate distribution
(Zipf, Pareto or, less frequently, lognormal) and performs goodness of fit analyses. Repli-
cating existing results is often difficult because of the limitations in accessing official data,
and only a few studies investigate the universe of firms in the US (Axtell, 2001; Rossi-
Hansberg and Wright, 2007; Luttmer, 2011) or other countries (see Cabral and Mata,
2003 for Portugal, and Eaton, Kortum, and Kramarz, 2011 or Garicano, LeLarge, and
Van Reenen, 2013 for France).

This paper studies the behavior of all French firms using multiple statistical tests, while



letting the data speak as much as possible. This is particularly important as discriminating
between a lognormal and a Pareto upper tail is extremely difficult from a statistical point
of view (Malevergne, Pisarenko, and Sornette, 2009; Bee, Riccaboni, and Schiavo, 2011).
Our results provide new evidence in support of the recent theoretical models on the
determinants of the size distribution of business firms.

In fact, we find that the whole data distribution is neither a Zipf nor a Pareto model,
and the lognormal works better as an approximation of the entire size distribution of
French firms. Moreover, when we discriminate across firms based on their scope (e.g.
number of products/markets served) we see that the size distribution changes and its
upper tail converges to a Pareto distribution with a shape parameter approaching 1 from
above (Zipf’s law) for highly diversified companies.

The rest of the paper is organized as follows: the next section analyzes the most
important methodological issues relative to the identification of a power-law behavior
in the data and the practice of binning the observations, which may significantly alter
the results. Section 3 presents the main empirical outcomes and investigates the size
distribution of different groups of firms. Finally, Section 4 discusses some concluding

remarks.

2 Methodological issues

The empirical literature dealing with firm size distribution is characterized by a number
of often overlooked methodological issues that may have a significant impact on the re-
sults. The most important ones concern the power of the tests used to distinguish among
different candidate distributions, especially when the sample size is small, the widespread
practice of binning the data, and whether the power-law behavior refers to the upper tail
or to the whole distribution.

A substantial body of literature addresses the problem of discriminating between
power-law (Pareto) and lognormal tail behavior. The two distributions are mathemati-
cally different, but only in the limit (Perline, 2005), so that for finite sample size the tests
often have low power. Given these premises, several tests have been developed. Here we
follow Bee, Riccaboni, and Schiavo (2013) and show the results obtained with the Uni-
formly Most Powerful Unbiased (UMPU) test developed by Del Castillo and Puig (1999)
and used by Malevergne, Pisarenko, and Sornette (2011); the Maximum Entropy (ME)
test by Bee, Riccaboni, and Schiavo (2011); the test proposed by Gabaix and Ibragimov
(2011, GI henceforth).

The UMPU test exploits the fact that the logarithm of a truncated lognormal is trun-
cated normal, and the logarithm of a Pareto is exponential. Del Castillo and Puig (1999)
have established that the likelihood ratio test for the null hypothesis of exponentiality



against the alternative of truncated normality is given by the clipped sample coefficient
of variation ¢ = min{1, 6/}, where p and o are the parameters of the truncated normal.
for the Weibull with shape parameter equal to 1, UMPU is completely unreliable. A case
that illustrates this point is the aggregate city size distribution studied below (see Sect.
3.1).

The ME approach starts from the assertion that the Pareto and the lognormal dis-
tributions are two special instances of the Maximum Entropy (ME) density. The latter
is obtained by maximizing Shannon’s information entropy under £ moment constraints
pt =it (1 = 1,...,k), where u* = E[T(2)"] and ' = %Zﬂ T(x;)" are the i-th the-
oretical and sample moments, n is the number of observations, and T is the function
defining the characterizing moment.! The solution (that is, the ME density) takes the
form f(x) = e~ =0 M@ If T() = 2, the logarithm of the Pareto (i.e., the exponential)
distribution is an ME density with &k = 1, whereas the logarithm of the truncated lognor-
mal (i.e., the truncated normal) is ME with k£ = 2. It can be shown that a log-likelihood
ratio (llr) test of the null hypothesis k = k* against k = k* + 1 is given by

k*+1
lIr = —2n (Z it —Z)\ )
1=0

The 1Ir test is asymptotically x? and is optimal (Cox and Hinkley, 1974; Wu, 2003).2
More generally, the ME method is a powerful non-parametric approach to density
estimation: when the whole distribution is of interest, it can be used for fitting the best
approximating density, with the optimal k& found by the llr test (Bee, 2013).
Finally, the GI test is based on the following procedure. Estimate by OLS the regres-
sion
log <7" — %) = constant — a'log(z,) + q[log(x,) —7]?, (1)

where r is the rank of the observation, « is the Pareto shape parameter, ¢ is the quadratic

deviation from a Pareto distribution, z, is the r-th order statistic and

0l df cov(log(z,)?,log(z,))/2var(log(z,))

is a recentering term needed for guaranteeing that a is the same whether the quadratic
term is included or not. Asymptotically, for the Pareto distribution, ¢ = 0, so that a
large value of |¢| points towards rejection of the null hypothesis of power-law. Gabaix
and Ibragimov (2011) show that, under the null of a Pareto distribution, the statistic

'The two most common cases are T'(x) = x and T(x) = log(x), corresponding respectively to arith-
metic and logarithmic moments.

2The routines for implementing the UMPU and ME tests are available at
https://sites.google.com/site/ sschiavo7788/home/software.



V2nq, /a? converges to a standard normal distribution, which can therefore be used to
find the critical points of the test.

The size distribution of firms has often been tested using binned data (see for instance
Axtell, 2001; Di Giovanni, Levchenko, and Ranciere, 2011). Axtell (2001) uses US firm
sizes measured by receipts in dollars (US Census Bureau data for 1997, consisting in
5541918 observations). Data are tabulated in successive bins of increasing size in powers
of three, so that bins are equally spaced in logarithmic scale. Using the 7 bins obtained
in this way, an OLS regression in doubly logarithmic scale suggests an approximate Zipf
distribution (a = 0.994). Di Giovanni, Levchenko, and Ranciere (2011) perform a similar
analysis considering data based on the mandatory reporting of firms’ income statements
to tax authorities in France. The dataset contains 2182571 firms, but the authors only
consider firms whose annual sales are above 750000 euros. They employ both binned
and raw data: even though the authors say that “in practice the three estimators deliver
remarkably similar results” (Di Giovanni, Levchenko, and Ranciere, 2011, p. 46), the
estimates of the Pareto shape parameter given by the first two methods, which are based
on binned data, are significantly different from the third method, which uses the original
observations.?

In general, binning the observations in a sample implies a loss of information with
respect to the original sample. Intuitively, the reason is that, after binning, we only know
how many observations are included in a certain interval, but not their exact location.
One can think of the original “raw” observations as being masked by the binning process.
In applied statistics, binned data are indeed used only when the original observations are
not available, either because they were not recorded or because a measuring instrument
produces quantized data, for example when it has coarse resolution compared to the
variance of the measured values.

More formally, and focusing on the problem at hand, the (adjusted) frequency used by
Axtell (2001) and Di Giovanni, Levchenko, and Ranciere (2011), located at the geometric
mean of the bin endpoints, is not a sufficient statistic for the Pareto shape parameter, and
this results in a loss of information. Obviously, as the number of bins gets smaller, the
loss of information increases, because all intervals become wider. Hence, any statistical
inference procedure based on binned data produces less reliable results than the same
procedure based on the actual values of the observations.

Given that the loss of information is negatively related to the number of bins, the
inferential results are sensitive to the choice of this number. In general, the largest possible

number of bins should be employed. Thus, when the original observations are available,

3The three estimates reported by Di Giovanni, Levchenko, and Ranciere (2011, Table 1) are 1.017
(0.032), 1.019 (0.031), 0.825 (0.004), with standard errors in parentheses. Given the asymptotic normality
of the Gabaix (2009) estimator, the hypothesis that the point estimate obtained with the third method
is equal to 1 is rejected at any significance level.



one should use them instead of the binned data, however obtained. As mentioned above,
the impact of the binning procedure is clear from the difference in the results obtained by
Di Giovanni, Levchenko, and Ranciere (2011, Table 1) with binned and raw observations.
Finally, a technical problem arises when applying formal tests aimed at finding the starting
point of the alleged Pareto tail. If the data are binned, the null distribution is different
from the null distribution hypothesized by the tests. In particular, the former is discrete
and the latter is continuous. Thus, the tests cannot be used with binned data.

Recently, a detailed analysis of the statistical issues related to tests for power-law
behavior with binned data has been performed by Virkar and Clauset (2014). They
propose to identify the power-law threshold via a test based on the Kolmogorov-Smirnov
goodness-of-fit statistic and to assess the plausibility of a power-law for the tail of the
distribution by means of a bootstrap-based test (see Virkar and Clauset, 2014, pp. 8-12,
for details). Their conclusion is in line with the remarks above: “the common practice
of identifying and quantifying power-law distributions by the approximately straight-line
behavior of a histogram on a doubly logarithmic plot should not be trusted: such straight-
line behavior is a necessary but not sufficient condition for true power-law behavior.
Furthermore, binned data present special problems because conventional methods for
testing the power-law hypothesis could only be applied to continuous or integer-valued
observations.” (Virkar and Clauset, 2014, p. 26).

3 Empirical results

In this section we investigate the properties of the distribution of firm size for the universe
of French firms using an approach with methodological foundations that are more solid
than many of the existing empirical studies. First, we look at the entire distribution of
firms and compare the performance of a lognormal and a power-law against the data.
Second, we show that the practice of binning observations does introduce a bias in the
results and significantly affects the conclusions derived from the data in the specific case
under scrutiny. Third, we concentrate on the upper tail of the distribution and investigate
the presence of power-law behavior using the three different methodologies presented
in Section 2 above. Last, we look at the relationship between the scope of firms and
the properties of the size distribution, providing support for a number of recent models
that link the emergence of Zipf’s law in the upper tail to firm- and industry-specific
characteristics.

The analysis exploits a comprehensive dataset covering the universe of French firms:
the data are analogous to those used in Eaton, Kortum, and Kramarz (2011) and have been
used elsewhere as well (e.g. Garicano, LeLarge, and Van Reenen, 2013). The data on total

revenues that we use to measure firm size are taken from the FICUS (Fichier complet de



Systeme Unifié de Statistique d’Entreprises) database maintained by the French National
Statistical Office (INSEE). We focus on the year 2003 (although the choice of year is
actually irrelevant in terms of the results), and have information on more than 2 million
firms, excluding the very few cases in which a firm reports total revenues equal to zero
from the analysis. To investigate the relationship between firm scope and size distribution
(Section 3.2 below), we exploit the information collected by the French Customs, which
reports values, destinations and product classes of export flows involving French firms.
Our definition of a product is therefore a 6-digit code within the Harmonized System
classification. We use the number of different products exported and/or the number of
foreign destinations that served as a proxy for firm scope. No comparable information is
available for domestic transactions. Firms exporting less than 1 000 euros outside the EU,
or less than 100000 euros within the EU are not required to report their transactions;
other than that, the dataset is comprehensive. Furthermore, we can link the two sources

of information by means of a unique firm identification number.

3.1 The size distribution of French firms

Figure 1 represents the histogram of the logarithms of the data along with the normal
(logarithm of the lognormal), the exponential (logarithm of Pareto) and the best fitting
ME distributions. We use observations larger than 14 000 euros, as below this threshold
the distribution is very irregular. Only the smallest 3.7% of the observations are discarded
in this way. The optimal ME distribution has & = 11; hence, neither the Pareto (k = 1)
nor the lognormal (k = 2) distributions are good approximations, although it is clear
from the graph that the lognormal one is “closer” to the true distribution than the Pareto
distribution.

The upper panel of Figure 2 shows the distribution of US and French firm sizes. The
graph is the log-log plot of the counter-cumulative distribution function of bin frequencies.
For comparison purposes, we use the same number of bins (7) used by Axtell (2001), and
the bins are equally spaced on a logarithmic scale. The results look qualitatively similar.
Nevertheless, the slope of the regression line is considerably smaller in absolute value for
French firms. The residuals from the linear regressions are shown in the lower panel of the
same figure: they look far from random, showing instead a clear cyclical pattern. These
doubts are confirmed by performing the bootstrap-based test of power-law behavior with
binned data developed by Virkar and Clauset (2014): at the 5% level, the null hypothesis
of power-law is rejected for both the US data (p-value = 0.02) and the French data (p-value
smaller than 0.001).

Two remarks should reinforce this conclusion. First, we ran the corresponding test (see
Clauset, Shalizi, and Newman, 2009) with the raw observations of the French database.

The test seems to be “less conservative”, in the sense that it always results in a longer



Figure 1: The size distribution of French firms, along with the Pareto, lognormal and
best-fitting ME densities. Sales are in thousand of euros.

power-law tail than the other three tests (see Table 2 below). Yet, with binned data it
does not find a power-law tail. Second, Virkar and Clauset (2014) note that “for small
values of n, or for a small number of bins]...]|, the empirical distribution may closely
follow a power-law shape, yielding a large p[-value], even if the underlying distribution is
not a power law”. Thus, whereas the risk of a false positive (the test finds a power-law
when the true distribution is not power-law) is high, a false negative does not seem to be
a major concern.

According to the discussion in Sect. 2, we should trust the tests that use raw data
rather than binned data more. Thus, we carried out the UMPU, ME and GI tests using
the 2247547 observations on the receipts of French firms. The results are reported in
Table 1.

Table 1: Test results for French firms (n = 2247547): threshold rank, percentile, share
and shape parameter

UMPU ME GI
5% level 1% level 5% level 1% level 5% level 1% level
rank 1600 1650 1750 2150 2400 3480
percentile < 0.1 < 0.1 <0.1 0.1 0.1 0.2
% total revenues 41.89 42.19 42.75 44.70 45.75 49.35
shape 1.157 1.147 1.119 1.111 1.181 1.151

The values in the table should be interpreted as follows: rank gives the number of obser-
vations larger than the power-law threshold, percentile is the percentile of the empirical
distribution corresponding to the rank, % total revenues is the percentage of total rev-
enues corresponding to the firms in the power-law tail and shape is the estimate of the
Pareto shape parameter.
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Figure 2: The size distribution of US and French firms: the upper panel shows the counter-
cumulative distribution function of bin frequencies in double log scale; the lower panel
displays the residuals of the linear regressions on binned data.



Although the GI test finds a slightly longer tail than UMPU and ME, the overall
message is clear: the Pareto tail (if any) corresponds to an extremely small fraction of
large firms. Furthermore, although these very few observations contain a non-negligible
share of the total receipts, a simulation-based analysis (not reported but available upon
request) finds that the Pareto tail is not significantly longer than the one identified when
applying the tests to a lognormal distribution with parameters matching the empirical
data (for details on the methodology adopted see Bee, Riccaboni, and Schiavo, 2013).*

3.2 Size and scope of French firms

The economic literature suggests that firms grow according to two possible mechanisms:
the first refers to the growth process of existing activities, the so-called intensive margin,
and is the one described by Gibrat’s law that leads to a lognormal distribution. The
second consists in the acquisition of new business opportunities (e.g. development of
new products, penetration into new markets, mergers and acquisitions) and is therefore
associated with an expansion of firm scope (e.g. Bernard, Redding, and Schott, 2010).
This second process of growth —associated with the seminal work by Simon (1955) and,
more recently, to the model developed by Chatterjee and Rossi-Hansberg (2012)— leads
to Zipf’s law.

Another relevant piece of empirical evidence has to do with the assertion that, upon
aggregation, the size distribution of firms moves closer to a power-law or, at least, develops
a more pronounced Pareto upper tail. Rossi-Hansberg and Wright (2007) find evidence
that while US establishments seem not to follow a power-law, the distribution of firm
size more closely resembles a Pareto distribution. Differences across sectors are linked
to heterogeneity in terms of human-capital intensity. Growiec, Pammolli, Riccaboni,
and Stanley (2008) find a similar behavior for pharmaceutical firms, and explain it by
postulating the existence of a stretching factor triggered by the aggregation of different
products sold by the same firm.

As establishments mainly tend to grow according to the first process, i.e. by increasing
scale, they are more likely to be lognornally distributed. On the other hand, when firms
aggregate multiple business units (products) within the same firm (increasing firm scope),
the distribution is better approximated by a power-law or a Zipf distribution.

In this section we investigate the extent to which the scope of enterprises influences
firm size distribution. This is done by discriminating among different subsets of firms,

based on the number of products they sell, the number of foreign destinations they serve,

4The ME methodology lends itself in a natural way to testing the hypothesis Hy : k = 2 against
Hy : k = 3. As the ME(2) distribution is lognormal, this test allows to find the length of a (possible)
lognormal tail. At the 5% level, the test finds a lognormal tail containing the largest 47000 firms,
approximately corresponding to the 0.021 quantile and to the 75.59% of the total revenues.



and the number of product-destination pairs.

Table 2 reports the test results for various subsets of firms. The first row of panel a
refers to the whole dataset and thus simply replicates the results reported in Table 1, the
second (K > 0) refers to exporting firms only, while the next three lines concern multi-
product firms. The sample size shrinks significantly when we move from the universe of
firms in the dataset to exporting firms only (92000 observations, roughly 4% of the total),
whereas only 16 000 firms export more than 10 different products.

All three tests find a monotonic increase in the share of firms belonging to the Pareto
tail of the distribution, whose length increases from virtually nil (0.07-0.15% depending
on the test) to a value ranging between 5 and 8.5% of the distribution. Similarly, the
estimated shape parameter of the power-law decreases monotonically toward 1 once we
progressively restrict the analysis to firms exporting a larger number of products.® What
remains approximately stable is the share of total revenues corresponding to the firms
belonging to the power-law tail.

Similar conclusions hold when we look at “very international” firms, i.e. companies
shipping their goods to many foreign destinations (see panel b of Table 2). Indeed, when
compared to the total population or the universe of exporters, the size distribution of
firms exporting to more than 10 destinations (which make up less than 1% of all firms)
displays a power-law tail spanning between 6 and 13% of the population. Furthermore,
the estimated shape parameter moves downward becoming closer to 1.

The change in the behavior of the distribution is all the more apparent when we classify
firms on the basis of the number of their product-destination pairs, thus distinguishing
between, say, apples shipped to country A and to country B (see panel c).

It should be noted that the overall distribution is a weighted average of the distribu-
tions of different subgroups, where weights are given by the relative importance of the
various classes of firms in the total population of firms. As a result, one could figure
out that the size distributions of business firms may differ depending on the weights of
the firm types. Therefore, a larger share of firms either exporting to many destination
markets, or producing a large number of different products, would lead to a more pro-
nounced power-law behavior and a closer resemblance to Zipf’s law (at least in the upper
tail). In fact, despite the methodological caveats we have presented in Section 2 above,
one way to reconcile the evidence put forward by Axtell about US firms with our own,
is to consider that US firms are generally more diversified and/or more internationalized
than French ones. This feature would then result in the corresponding size distribution
showing a longer Pareto tail and a shape parameter closer to 1.

The tendency toward Zipf’s law in the upper tails of the distributions appears clearly

5For details on how the shape parameter is estimated with the different methodologies see Bee, Ric-
caboni, and Schiavo (2013).
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Table 2: Test results for firms with different levels of diversification (number of products,
K) and internationalization (number of foreign markets, N, and product-market pairs,

NK)

UMPU ME GI
panel a: number of products
K rank  perc. share shape rank perc. share shape rank  perc. share shape # firms
>0 1600 < 0.1 41.98 1.158 1750 < 0.1  42.83 1.137 2400 0.1 45.84 1.181 2247547
>0 1350 1.5 42.36 1.136 1450 1.6 43.10 1.112 2410 2.6 48.42 1.135 92057
>1 1300 2.1 42.62 1.123 1350 2.2 43.03 1.112 2230 3.7 48.50 1.125 60670
>5 1050 3.7 42.13 1.089 1150 4.1 43.18 1.057 1830 6.5 48.33 1.086 28150
> 10 850 5.3 41.23 1.073 950 5.9 42.51 1.049 1400 8.7 46.98 1.072 16084
panel b: number of destinations
N rank  perc. share shape rank perc. share shape rank perc. share shape # firms
> 1 1250 2.4 42.06  1.1241 1350 2.6 42.84  1.1059 2235 4.2 48.65 1.1184 52935
>5 1050 4.8 41.51  1.1129 1100 4.6 41.96 1.0434 1810 7.6 49.07  1.0700 23651
> 10 850 6.4 39.98  1.1095 900 6.8 40.57 1.0180 1460 11.0  48.92 1.0404 13249
panel c¢: number of product-destination pairs
NK rank  perc. share shape rank perc. share shape rank perc. share shape # firms
>1 1300 2.0 42.46  1.1326 1350 2.1 42.85 1.1225 2280 3.5 48.54  1.1266 65072
> 5 1150 3.1 41.25 1.1361 1200 3.2 42.91  1.0811 2095 5.7 49.09  1.0982 36974
> 10 1050 4.1 42.16  1.1188 1150 4.5 43.25 1.0825 1800 7.0 47.24  1.0879 25712
> 50 780 10.4 42.20 1.0824 820 11.0 42.87 0.9946 1195 16.0 47.74 1.0311 7463
> 100 520 14.7  40.79 1.1214 600 17.0 42.64  0.9409 780  22.1  46.32  1.0022 3527

The values in the table should be interpreted as follows: rank gives the number of observations larger than the power-law
threshold, perc. is the percentile of the empirical distribution corresponding to the rank, share is the percentage of total
revenues corresponding to the firms in the power-law tail and shape is the estimate of the Pareto shape parameter.

in Figure 3 as well, where we portray the counter-cumulative distribution functions per-
taining to the different groups of firms, along with a reference line with a slope equal
to —1.% Interestingly, the top panel shows that the distribution of all firms is similar to
the one found by Rossi-Hansberg and Wright (2007) on US firms, with the central part
approximately resembling a Pareto distribution and a more pronounced concave shape in
the tails. The plots confirm the results presented in Table 2: the Zipf behavior is more
apparent in the case of multiple products (top panel) than in the case of firms serving

multiple markets.

4 Discussion and conclusions

This paper investigates the size distribution of the universe of French firms, adopting a
more sound methodology than is normally found in the literature. When it comes to
discriminating between lognormal and power-law distributions as the preferred approxi-
mation of the empirical distribution, we show that binning the data severely biases the
results in favor of a power-law.

We strongly reject the hypothesis that the size distribution is Pareto. We argue

5The various distributions have been right-shifted to improve readability.
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Figure 3: The size distribution of US and French firms by number of products, N, desti-
nation markets, K and product-destination N K.
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that the lognormal distribution should be favored as a first-cut benchmark especially for
single-product firms. Even if we consider Pareto as a tail property, the shape parameter is
significantly larger than 1, and only approximately 0.1% of the firms belong to the Pareto
tail, corresponding to less than 50% of combined total revenues. On the other hand, the
lognormal behavior accommodates the top 2% of firms corresponding to about 75% of
total revenues. We also show the emergence of a Zipf tail for large multi-product firms.

Our empirical results confirm this intuition, lending credit to a recent stream of litera-
ture that explains departures from power-law distribution and differences across sectors or
firm types. In fact, Chatterjee and Rossi-Hansberg (2012) finds that, so long as new ideas
are captured mostly by established firms (versus startups), the size distribution of firms
converges to Zipf’s law. Since few firms are highly diversified from the very beginning, and
few new exporters ship many goods to many destinations the first time they enter foreign
markets, when looking at firms with large scope, we are focusing on established ventures.
Hence, our evidence for highly diversified firms supports the notion that when opportu-
nities are mainly captured by incumbents, the size distribution of firms moves closer to a
Zipf distribution. Similarly, Rossi-Hansberg and Wright (2007) argue that higher human
capital intensity leads to an approximate power-law size distribution. Since the empirical
literature on firm behavior in international markets has found a link between the degree
of international involvement and human capital at the firm level (Munch and Skaksen,
2008), our findings are consistent with this notion. Furthermore, as firms with wider
scope tend to be older on average, the emergence of a heavier upper tail in the distribu-
tion of such firms is also consistent with Cabral and Mata’s (2003) claim that financial
constraints (more likely to be binding for young firms) affect the size distribution of firms
by limiting the ability of startups to operate at optimal scale. With respect to the work
by Di Giovanni, Levchenko, and Ranciere (2011), while we confirm that the distribution
of exporting firms displays a heavier upper tail, only for very international firms (K >> 0
or N >> 0) do we find a convergence to a Zipf distribution (from above).

From the analysis we derive a number of general lessons. First, from a theoretical
point of view, it makes little sense to aim necessarily at reproducing Zipf’s law, only
to be forced later to find arguments to justify lognormal departures in the body of the
distribution. At that point, it is probably wiser to stick to a lognormal for the whole
distribution. It is important to note that although the power-law may be analytically
more tractable and thus simplify the formal modeling of economic dynamics, predictions
derived from assuming a power-law build on shaky foundations and should not be used to
inform policy prescriptions (e.g. welfare implications, policy evaluations and the like).”

Moreover, the assumption of lognormality may be useful in specific contexts. For instance,

"A notable example is the benefits from trade liberalization, whose magnitude seems to depend cru-
cially on the shape of the distribution of firm size (see Di Giovanni, Levchenko, and Ranciere, 2011).
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it allows for the easy derivation of expected concentration indexes and therefore for the
quantification of departures from a clear-cut theoretical benchmark (on this subject see
Hart, 1975; Davies, 1980).

From a practical point of view we consider the lognormal distribution to be a good
approximation of the size distribution of French firms; departures from this benchmark
in the lower and upper tail are informative of economic forces and frictions, and deserve
further scrutiny. Overall, it makes much more sense to devote future research to the
analysis of such departures across countries rather than to a comparison of distributions
in search of the best fit.
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