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Abstract
Organizational growth processes exhibit interesting statistical regularities, chiefly the 
heavy-tailed pattern of the size and growth-rate (i.e. yearly change in size) distributions. In 
spite of its ubiquity, empirical studies of growth are often limited to private activities and 
specific sectors, and generative models on the other hand are built on simplified assump-
tions and only aim at reproducing stylized facts. In this study, we use a unique Swedish 
longitudinal database on employment in the Stockholm Region, to analyze the interplay 
between organizational growth statistics by ownership sector, industrial activity and inter-
organizational employee movements during a period of 14 years. We fit distributions for 
organizational size and growth rates. We find that the body of the aggregate growth-rate 
distribution is dominated by public sector growth, while the private sector dominates the 
tails. Industries with mostly public organizations tend to have a lognormal size distribu-
tion, while privately-owned industries are better fitted by a truncated power law. Growth-
rate distributions are fitted to an exponential power (Subbotin) distribution. We decom-
pose the change in size into incoming and outgoing employee movements, and find that the 
distribution of aggregated movements is well approximated by a lognormal distribution. 
Most organizations that do not grow have however in- and outgoing movements, but these 
mostly cancel each other out.
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1 Introduction

1.1  Organizational growth statistics: empirical evidence

1.1.1  Size and growth‑rate distributions

The size of an organization, in our case given by the number of employees, changes in 
time. The succession of relative changes in size is one way to describe an organization’s 
growth process. The statistical analysis of organizational growth processes has given 
rise to a number of statistical regularities. The main results are that the distributions 
for organizational size and growth-rate—i.e. how fast the size changes from one time 
period to the next—are so-called heavy-tailed or fat-tailed distributions. The tails of the 
distribution give the probability for large-size organizations and large growth events of 
expansion and decline. This probability is higher than a reference distribution, typically 
the Gaussian distribution, hence the “fat” tails. A Gaussian distribution arises from the 
aggregation of many independent units, in our case organizations. Heavy-tailed distribu-
tions on the other hand hint at the existence of dependencies and interactions between 
organizations (Amaral et al. 1998) and can therefore be useful in the study of organiza-
tional dynamics.

The existence of fat tails in the size and growth-rate distributions has non-trivial 
implications. The size distribution reflects the known high asymmetry in size observed 
in the organizational population: there are very few large organizations coexisting with 
lots of smaller ones, but also with some of intermediate size. The heavy-tailed growth-
rate distribution also has important consequences. Most of the time organizations expe-
rience small or zero change, meaning their size changes very little or nothing at all. 
However, because the tails of the distribution that measure extreme events of large 
growth—positive for expansions and negative for declines—are much more likely to 
occur than they would be in a “Gaussian” world, huge size variations in a relatively 
short period of time are to be expected. Moreover, such rare but likely events have been 
shown to take place in organizations of all sizes, so fluctuations do not have a typical 
scale.

The study of heavy-tailed statistics has a long tradition in economics, although it is 
still not part of mainstream economics. It dates back to the studies of income inequality 
by Pareto during the late 19th century, where he showed that the distribution of wealth 
is skewed so that roughly 20% of the people concentrate 80% of the wealth [see Mandel-
brot (1983, Part 11) for a classic historical review]. Regarding the growth-rate distribu-
tion, an additional empirical observation is its ubiquity: the heavy-tailed pattern appears 
in many different kinds of growth processes. The settings are quite varied, ranging from 
natural ones like the growth of bird populations  (Keitt et  al. 2002), to man-made set-
tings like financial systems  (Plerou et  al. 1999), GDP and the growth of imports and 
exports (Castaldi and Dosi 2009; Podobnik et al. 2008) and industrial growth (Amaral 
et al. 1997b; Ishikawa 2006a; Bottazzi and Secchi 2006a), just to name a few examples.

Other quantities have been studied, for example how the variance of the growth-rate 
distribution depends on organizational size, and the statistics of subunits within organi-
zations. Another example is the autocorrelation between growth rates at different points 
in time (Bottazzi et al. 2001), although the empirical evidence in the latter case is not as 
conclusive as for the quantities mentioned previously.
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1.1.2  Sector and industry growth

Empirical studies of organizational growth have traditionally focused on manufactur-
ing activities in private firms, either for the whole population or for particular activi-
ties  (Dosi 2007). Heavy-tailed growth patterns have been reported for example in 
pharmaceutical  (Bottazzi et  al. 2001; De  Fabritiis et  al. 2003; Fu et  al. 2005; Matia 
et  al. 2004), furniture, shoes and printing  (Bottazzi and Secchi 2003a, 2006a), tex-
tiles  (Bottazzi and Secchi 2003b), metals and chemicals  (Bottazzi and Secchi 2003a) 
or food  (Bottazzi and Secchi 2003a). Apart from these studies, little is known about 
the statistics of other types of organizations, for example publicly-driven ones. This 
lack of knowledge limits our understanding of the differences between different types 
of organizations, and helps instead to reproduce a simplified view of the problem based 
on few “universal” stylized facts. For instance, it might be the case that privately-
owned organizations are driven by a market logic that is not shared by publicly-owned 
ones, and looking into the similarities and differences in growth statistics will pro-
vide information on their differential dynamics. The same goes for different industrial 
activities.

1.2  Models of organizational growth processes

The use of models to understand underlying processes governing the dynamics of 
organizational growth processes are almost as old as the empirical findings outlined 
above. We can distinguish between two lines of research: statistical inference models 
and generative models. The first line comprises, on the one hand, the statistical estima-
tion of the effect of various relevant variables on organizational growth, and, on the 
other hand, various techniques for fitting statistical distributions to empirical data. An 
example of the former comes from economics with the study of the so-called Gibrat’s 
Law  (Gibrat 1931) sometimes called Law of Proportionate Effect. Under a series of 
assumptions—listed e.g. in Amaral et al. (1997b)—Gibrat’s Law states that the growth 
rate of an organization is independent of its size (Dosi 2007).

The second line of research, generative models, has to do with developing mod-
els that can reproduce one or more of the observed statistical patterns. This line of 
research dates back at least to the work of Gibrat (1931) and his stochastic model of 
organizational growth, and includes also the seminal works by Simon (1955). A recent 
review of models can be found in Mondani et al. (2014), and Luttmer (2010) provides 
a review of economic models. Recent generative models are quite dominated by physi-
cally inspired concepts and techniques, a field known as econophysics (Mantegna and 
Stanley 2000; Chakrabarti et al. 2006). Econophysical generative models like (Amaral 
et al. 1998) reproduce aggregated statistical patterns from stochastic processes at the 
organization or subunit level. However, econophysics generative models are typically 
not calibrated with empirical data. The interplay between size, growth-rate and move-
ment distributions should be used to calibrate these models. Even more so since within 
the economic literature, econophysical generative models have been criticized for lack-
ing proper statistical methodology (Gallegati et al. 2006). So there is a need for empir-
ically-based quantitative descriptions to better inform model design.
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1.3  Aim of this study

In the previous paragraphs we have outlined several research needs. On the empirical side, 
there is a need to complement the existing and abundant findings on statistical regulari-
ties in growth patterns with evidence from organizations in publicly driven activities. On 
the modeling side, model design can benefit from a more detailed and statistically rigor-
ous understanding of how inter-organizational movements generate the observed statistical 
patterns. In the light of the needs outlined above, this study uses a Swedish longitudinal 
database on employment in the Stockholm Region to inform organizational growth models. 
It does so by analyzing the interplay between organizational growth statistics and inter-
organizational movements for around 843,000 employees in the region during a period of 
14 years. All organizations with registered employees, public and private, as well all types 
of industrial activities are considered. The remainder of this article is structured as follows. 
First, we present the data in Sect. 2. Our estimation methods are discussed in Sect. 3. The 
results are presented in Sect. 4. In a first part, we fit statistical distributions to size (number 
of employees) and growth-rate probability functions. In order to see how the aggregate pat-
terns result from a superposition of group-level patterns, we categorize the organizations 
by ownership sector and industrial activity and compute their statistical distributions. In a 
second part, we look at movement probability distributions to determine how the growth 
statistical pattern comes about. Finally, conclusions and implications for further research 
are discussed in Sect. 5.

2  Data

We use the Stockholm database in our analyzes. It is a unique compilation of Swedish gov-
ernmental registers, providing information on all organizations having people registered as 
employees in the Stockholm Region, for the period 1990–2003. It is possible to use a legal 
ownership variable to separate between organizations belonging to the public and private 
sectors. It is also possible to categorize the industrial activity of each workplace into indus-
try groups, according to the SNI standard.1 We also have information on the organizational 
membership for every individual 16 years old or older who is employed by an organization 
in the Stockholm Region during the period. This allows us to compute the incoming and 
outgoing employee movements for each organization over time. We measure the size S

i
(t) 

of organization i at year t as the total number of employees. Other measures of size are 
possible, like for instance company sales in the case of profit organizations. The statistical 
patterns for growth have been shown to be similar regardless of the measure (Amaral et al. 
1997a).

In all our analyzes we restrict ourselves to organizations with size 10 or more employ-
ees. Such organizations concentrate the majority of employees in the data, an average of 
around 694,000 out of 843,000 employees. On the other hand, organizations with at least 
10 employees represent slightly more than 10% of the total, 8700 out of 82,000 approxi-
mately. There are two reasons for doing this distinction: some related to data and some 
theoretical. On the data side, the organizational membership reported in the data is for 

1 SNI Näringsgrensindelning, standards SNI69, SNI92 and SNI2002. Statistics Sweden, see http://www.
scb.se/sv_/Dokum entat ion/Publi katio ner-om-stati stisk a-metod er/Medde lande -i-samor dning sfrag or-MIS/
SNI-Narin gsgre nsind elnin g/.

http://www.scb.se/sv_/Dokumentation/Publikationer-om-statistiska-metoder/Meddelande-i-samordningsfragor-MIS/SNI-Naringsgrensindelning/
http://www.scb.se/sv_/Dokumentation/Publikationer-om-statistiska-metoder/Meddelande-i-samordningsfragor-MIS/SNI-Naringsgrensindelning/
http://www.scb.se/sv_/Dokumentation/Publikationer-om-statistiska-metoder/Meddelande-i-samordningsfragor-MIS/SNI-Naringsgrensindelning/
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the largest income source of the individual. It is therefore possible that a person who is 
registered as employee in more than one organization appears to change membership just 
because the first income source changed. This effect should be larger for very small organi-
zations. In fact, an average of 45% of the small organizations in our data have only 1 or 
2 employees. Moreover, most studies of the kind we are carrying out use an even higher 
cut-off, so by setting it to 10 we are still able to capture some of the low-size statistical 
properties.

On the theoretical side, the dynamics of very small organizations differ from those of 
larger ones. organizations of very small sizes can be start-ups, small family businesses or 
even individual consulting companies. In our data, over 66% of the organizations with less 
than 10 employees belong to the activities ‘4—Construction’, ‘5—Commerce and com-
munication’, and ‘6—Financial and company services’. These very small organizations 
are likely to be more unstable; their growth processes more drastic, and be impacted by 
processes like innovation in a different way compared with larger organizations (Santarelli 
2006; Lotti et al. 2003). We can see this is reflected by the larger volatility of this group 
measured by the variation coefficient of the total number of employees—i.e. the standard 
deviation in units of the mean. This value is on average higher among organizations of less 
than 10 employees (0.12) than among larger ones (0.08). So is the variation coefficient of 
the total number of organizations, 0.18 for small organizations against 0.14 for larger ones.

3  Methods

In the first part of this study, we analyze aggregate organizational growth statistical patterns 
and break them down by ownership sector and industry. Regarding the size distribution, a 
way of presenting the data is through the complementary cumulative distribution function 
(CCDF) of organizational sizes. This distribution informs on the fraction of organizations 
in a population of organizations that have size (number of employees) larger or equal to a 
given size s. Traditionally, the baseline distribution has been the lognormal distribution, 
but as Axtell (2001) showed, the inclusion of small size ranges and organizations outside 
the stock exchange makes the power law distribution a better fit. The function takes two 
parameters: the exponent � and the minimum size Smin . The exponent is sometimes called 
the Pareto index in this literature (Ishikawa 2006b), in reference to its original application 
to inequality by Pareto (Mandelbrot 1960). The minimum size at which the function offers 
a good fit and it is set to avoid divergence as the size tends to zero and gives an indication 
of the lower limit of the power-law range. The distribution has the form

We estimate the parameters �, Smin with the python package powerlaw  (Alstott et  al. 
2014). The estimation technique is maximum likelihood (MLE), and we consider the fact 
that size distributions are discrete, since in our case there can only be an integer number of 
employees in an organization a given year.

We furthermore test alternative probability density functions (PDF) for organizational 
size. A minimal first test is against the traditional lognormal distribution (LNORM):

(1)PPL(S ≥ s) ∼

(
Smin

s

)𝛼

, 𝛼 > 0.

(2)PLNORM(S,�,�) ∼
1

�
√
2�S

exp
�
− (ln S − �)2∕(2�2)

�
.



740 H. Mondani 

1 3

This distribution can be obtained in the context of the basic Gibrat model, by a simple ran-
dom walk of the logarithm of organizational size, and is thus a baseline case. It should be 
noted though that, as in any random walk, the variance of organizational size grows in time 
in the Gibrat model, so the resulting lognormal distribution is not stable in time. There are 
ways to make the distribution stable, e.g. by introduction of new firms.

But the population of organizations has limitations in terms of the size of the organiza-
tions it can accommodate. So secondly, we consider the truncated power law distribution 
which is a power law with an exponential upper cut-off to model constraints on large sizes 
by making the less likely [see Newman (2003) for a review in a network context]:

The test procedure is a likelihood ratio test,2 where we report the log-likelihood difference 
and the p value measuring how significantly the difference deviates from zero. Note that 
the role of the p value in this context is to provide a criterion for comparison of goodness-
of-fit that allows seeing whether there is a significant improvement in fit to the data when 
choosing one distribution over the other. It should not be interpreted as a significance test 
like one does in a statistical inference context.

For the growth-rate distribution, if an organization has S1 employees the current year 
and S0 employees the year before, we define the growth rate as

The notation follows the usual convention, e.g. (Amaral et al. 1997b). Note that S0 is not 
the initial size in the time series. The rate could also be measured in other logarithmic 
scales, in absolute form, or as a return on sales. The baseline PDF in the case of growth 
rates is the Laplace distribution, also called double-exponential distribution (Amaral et al. 
1997b). It is a conditional probability of a growth rate r1 on one year, given the size S0 of 
the organization the year before. With r̄1, 𝜎1 the mean and standard deviation of growth 
rates, the equation for the PDF reads:

In order to give an estimation of deviation from the Laplace, we choose to use the Subbotin 
(or exponential power) function for our estimation of the growth-rate distributions. The 
Subbotin is a family of distributions that has the Laplace and the Gaussian as particular 
cases. It consists of a shape parameter b, a scale parameter a, and a position parameter m 
as follows:

where �  is the gamma function. The Laplace PDF in Eq. (5) can be recovered by setting 
b = 1, 𝜎1 =

√
2a, r̄1 = m . As b tends to 2, the Subbotin tends to a Gaussian. Shape param-

eters lower than 1 imply fatter-than-Laplace tails and thus more likely large growth events. 

(3)PTPL(S, �, �) ∼ S
− � exp(− �S).

(4)r1 = log10
S1

S0

.

(5)PLAP(r1�S0) =
1

√
2𝜎1(S0)

exp

�
−

√
2��r1 − r̄1(S0)

��
𝜎1(S0)

�
.

(6)PSUB(r, a, b,m) =
1

2ab1∕b� (1 + 1∕b)
exp

(
−
1

b

||||
r − m

a

||||

b
)
,

2 Alternative comparison methods such as Bayesian Information Criterion can in principle be used (Clauset 
et al. 2009).
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Since we want to check for differences in positive and negative growth events, we use the 
asymmetric version of the Subbotin distribution  (Bottazzi and Secchi 2011). Here, there 
exist one shape and one scale parameter for the left and right tails b

l
, b

r
, a

l
, a

r
 and a posi-

tion parameter m as above. The MLE estimation of the Subbotin parameters is done with 
the SUBBOTOOLS package (Bottazzi 2004); see Fagiolo et al. (2007) for an application of 
this package.

4  Results

4.1  Database description

The total number of employees by sector and industry, considering only organizations of 
10 or more employees, is shown in Fig. 1. It can be observed that, in terms of total number 
of employees, the public and private sectors start the 1990’s relatively even (the public sec-
tor employs a considerable amount of people in the Stockholm Region). As time progresses 
the private sector growths relatively larger. The public sector is however more stable, with 
a population of around 290,000 employees (and 520 companies, not shown in the figure) 
on average, while the population in the private sector varies following the macroeconomic 
context of the time (an average of 402,000 employees in 8200 organizations).

Looking at industrial activities, we can see that some industries like ‘1—Agriculture, 
Forestry and Fishing’ and ‘3—Energy and Waste’ are marginal, which is not surprising 
in a region like Stockholm. Overall, no single industry dominates in number of employ-
ees. The larger industries are ‘5—Commerce and Communication’ (155,000 on average), 
‘6—Financial and Commercial Services’ (average 131,000) and ‘Human Health and social 
work’ (114,000 on average). This is to be expected, since Stockholm as a region concen-
trates a high percentage of the Swedish population, and thus welfare state services, but also 
central national services and administrative and financial headquarters.

Table 1 shows the aggregate composition in terms of number of employees by sector 
and industry as a fraction of the cumulative total number of employees over the whole 
time period. The public sector concentrates most of the health and education activities, and 
administration activities have of course a predominant role. The private sector accounts for 
most of the manufacturing, commerce, communication and financial activities.

4.2  Interplay between sector and industry statistics

4.2.1  Aggregate distributions

We begin by analyzing the size distribution of organizations with 10 or more employees for 
the aggregate (i.e. total) population of organizations and the whole time period 1990–2003. 
We plot the size CCDF in log–log scale in the left panel of Fig. 2. The plot also shows 
an MLE fit to a power-law distribution according to Eq. (1). The corresponding exponent 
estimate �̂� is close to 1, as has been reported for other populations which include small 
companies (Axtell 2001). We observe that the fit does not hold for the entire size range: the 
minimum size by MLE fit is 21 employees, and the fit is good for between 2 and 3 orders 
of magnitude, overestimating the real distribution in the tail, meaning that there are slightly 
less very large organizations than expected in a power law model.



742 H. Mondani 

1 3

1990

1991

1992

1993

1994

1995

1996

1997

1998

1999

2000

2001

2002

2003

P
riv

at
e

P
ub

lic

Ye
ar

Employees (Thousands)

0

20
0

40
0

60
0

80
0

1990

1991

1992

1993

1994

1995

1996

1997

1998

1999

2000

2001

2002

2003

1−
A

FF
2−

M
M

3−
E

W
4−

C
5−

C
C

6−
FC

S
7−

E
R

8−
H

H
S

W
9−

C
S

10
−P

AO

Ye
ar

Fraction of employees

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1−
A

FF
2−

M
M

3−
E

W
4−

C
5−

C
C

6−
FC

S
7−

E
R

8−
H

H
S

W
9−

C
S

10
−P

AO

Fi
g.

 1
  

Ti
m

e 
ev

ol
ut

io
n 

of
 e

m
pl

oy
m

en
t i

n 
St

oc
kh

ol
m

 R
eg

io
n 

or
ga

ni
za

tio
ns

, b
y 

se
ct

or
 (l

ef
t) 

an
d 

in
du

str
y 

(r
ig

ht
). 

C
on

si
de

rin
g 

on
ly

 o
rg

an
iz

at
io

ns
 w

ith
 1

0 
or

 m
or

e 
em

pl
oy

ee
s. 

Ke
y 

fo
r 

in
du

st
ry

 n
am

es
: ‘

1—
A

gr
ic

ul
tu

re
, f

or
es

try
 a

nd
 fi

sh
in

g’
, ‘

2—
M

an
uf

ac
tu

rin
g 

an
d 

m
in

in
g’

, ‘
3—

En
er

gy
 a

nd
 w

as
te

’, 
‘4

—
C

on
str

uc
tio

n’
, ‘

5—
C

om
m

er
ce

 a
nd

 c
om

m
un

ic
a-

tio
n’

, ‘
6—

Fi
na

nc
ia

l a
nd

 c
om

pa
ny

 se
rv

ic
es

’, 
‘7

—
Ed

uc
at

io
n 

an
d 

re
se

ar
ch

’, 
‘8

—
H

um
an

 h
ea

lth
 a

nd
 so

ci
al

 w
or

k’
, ‘

9—
C

ul
tu

ra
l s

er
vi

ce
s’,

 ‘1
0—

Pu
bl

ic
 a

dm
in

ist
ra

tio
n 

an
d 

ot
he

rs
’



743Sector, industry and inter-organizational movement statistics…

1 3

Full estimations for the power-law parameters for this and the upcoming cases—by 
sector and by industry—are reported in Table  2. We performed likelihood-ratio tests 
with our two alternative distributions according to Eqs. (2–3). The lognormal is a worse 
fit to the data, but the truncated power law offers a statistically significant alternative. 
The power law fit with an exponent close to 1 has a straightforward interpretation, 
apparent also from the plot: multiplying the size by a factor of ten decreases the fraction 
of organizations having that size or more by approximately the same factor. For exam-
ple, around one in ten organizations have 100 or more employees, while close to one in 
a hundred have 1000 or more. And this proportionality holds for almost three orders of 
magnitude, so it is invariant across size scales.

Table 1  Number of employees per sector and industry, as a percentage of the aggregated total

Considering only organizations with 10 or more employees

Industry Public (%) Private (%) Total (%)

0—N/A 7.10 92.90 0.08
1—Agriculture, forestry and fishing 37.30 62.70 0.20
2—Manufacturing and mining 6.65 93.35 12.47
3—Energy and waste 72.96 27.04 0.88
4—Construction 15.31 84.69 3.67
5—Commerce and communication 25.19 74.81 22.40
6—Financial and company services 16.39 83.61 18.81
7—Education and research 83.18 16.82 8.94
8—Human health and social work 81.46 18.54 16.40
9—Cultural services 26.42 73.58 8.22
10—Public administration and others 98.69 1.31 7.93
Total 41.64 58.36 100.00

101 102 103 104 10510−6
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P
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≥
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1| S

0)

101 ≤ S0 < 102

102 ≤ S0 < 103

103 ≤ S0 < 104

104 ≤ S0 < 105

Laplace PDF

Fig. 2  Aggregate distributions for the whole population. Whole time period. organizations with 10 or more 
employees. Size distribution (left) and growth-rate conditional probability density (right). Power-law MLE 
fit for reference in the size distribution—Eq.  (1)—and Laplace MLE fit for reference in the growth-rate 
density—Eq. (5)
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The growth-rate conditional PDFs are shown in the right panel of Fig. 2 presents the 
PDF as defined in Eq. (4). The density functions are binned by initial size. For example, 
the plot with squared markers must be read as the probability to have a growth rate r1 
the present year, given that the organization had between 10 and 100 employees the year 
before. Only growth rates for sizes larger than or equal to 10 employees are considered. 
An MLE fit to a Laplace distribution according to Eq.  (5) is also shown in the plot, as 
the Laplace is usually the baseline distribution. The plot is in semi-log scale, giving the 
double-exponential Laplace curve the so-called “tent” shape. We see that none of the dis-
tributions is Gaussian, and this is the reason for binning the data, since a density of normal 
distributions with different variance can give a Laplace (West 1987). We observe also that 
higher initial-size bins have curves with less variance, meaning that larger organizations 
have smaller growth-rate magnitudes. This observation is well established in the literature, 
e.g.  (Amaral et  al. 1997b). It provides a rationale for binning the data by initial size. If 
Gibrat’s Law held, then one would expect the same behavior at all size ranges. In our case, 
the change in variance with initial size is not very pronounced, but it is more evident for 
negative growth rates.

Full estimations for the Subbotin distribution in Eq.  (6) are reported in Table 3.3 For 
the aggregate case discussed here, we see that the shape parameter estimates b̂

l
, b̂

r
 in small 

organizations (bin 1) are close to 1, meaning close to the Laplace distribution, with the 

Table 2  Power-law estimations for size distributions, and comparison tests with lognormal (LNORM)—
Eq. (2)—and truncated power law (TPL)—Eq. (3)

Whole time period. Aggregate, by sector and by industry

Distribution Power-law estimates Goodness-of-fit test

logLR (p value)

�̂� (SE) Ŝ
min

LNORM TPL

Aggregate 1.03 (0.00) 21 14.45 (0.03) − 10.1 (0.00)
Sector
 Public 0.67 (0.01) 95 − 54.32 (0.00) − 60.8 (0.00)
 Private 1.19 (0.01) 37 − 20.48 (0.00) − 26.9 (0.00)

Industry
 1—Agriculture, forestry and fishing 1.19 (0.05) 10 − 5.95 (0.02) − 9.3 (0.00)
 2— Manufacturing and mining 0.93 (0.01) 10 − 2.76 (0.28) − 14.9 (0.00)
 3—Energy and waste 1.01 (0.05) 34 − 3.38 (0.10) − 4.6 (0.00)
 4—Construction 1.31 (0.02) 18 − 1.30 (0.34) − 4.1 (0.00)
 5—Commerce and communication 1.16 (0.01) 35 0.63 (0.79) − 1.1 (0.13)
 6—Financial and company services 1.17 (0.02) 72 − 7.27 (0.02) − 12.9 (0.00)
 7—Education and research 0.71 (0.01) 11 − 11.73 (0.00) − 22.6 (0.00)
 8—Human health and social work 0.70 (0.01) 10 1.29 (0.35) − 7.4 (0.00)
 9—Cultural services 1.45 (0.03) 92 − 0.94 (0.36) − 3.5 (0.01)
 10—Public administration and others 1.10 (0.05) 309 − 3.56 (0.05) 68.4 (0.00)

3 We estimated the original symmetric Subbotin as well. The estimations for the symmetric case are 
roughly equal to the average of the two estimations for the asymmetric case, except for industries ‘2—Man-
ufacturing and mining’ and ‘4—Construction’.
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left tail a little fatter. The next two bins, namely, medium and large organizations, have 
b̂
l
, b̂

r
≈ 0.6–0.8. The MLE fit here is a Subbotin with tails fatter that the Laplace. The last 

bin has very few data points, and the error is too large to say anything meaningful. The 
estimate for the position parameter m̂ is zero, so the distributions are essentially centered 
around zero growth, reflecting the fact that there is very little or no growth/decline at all 
most of the time. The large rates in the tails, although relevant for the dispersion, have very 
low probability and do not shift the center to much even for asymmetric densities. The 
scale parameter estimates â

l
, â

r
 are related to the variance, and decreases for increasing 

initial-size bin more clearly so in the right tail, except in the last case due to the few points 
that go into the estimation.

4.2.2  Distributions by sector

It is difficult to draw meaningful conclusions just by looking at aggregate patterns. For 
instance, a sum of Gaussian distributions of different variances can shield a power-law dis-
tribution in the aggregate (West 1987) and this is the reason we break the growth distri-
butions by size bin. Therefore, we decompose the distributions by ownership sector and 
industrial activity. Adding the sector dimension to our analyzes provides an interesting 
opportunity, since most studies of growth typically focus on private companies, while in 
reality the sectors interact with each other, especially in a region like Stockholm where the 
number of people employed by the public and private sector are comparable.

The size distribution broken down by public/private sector is shown in Fig. 3. We see 
that the public sector has a “fatter” distribution than the private sector, resembling the 
aggregate size distribution. The exponent is smaller, so the decay is not as fast as in the 
aggregate distribution, meaning that large organizations are more frequent in the Stock-
holm public sector than in the private sector. This is why in Table 2, both the lognormal 
and the truncated power law offer a statistically significant better fit compared to the power 
law. The private sector’s size distribution decays faster than the full one, with a distribu-
tion that can be better fitted by a truncated power law, although the lognormal cannot be 

Fig. 3  Size distributions by 
sector. Power-law MLE fit for 
reference. Whole time period
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ruled out. Consequently, the power-law distribution we observe in the aggregated size dis-
tribution results from the superposition of the power laws of the sector distributions at low 
sizes, while the range of large organizations is dominated by the functional form of the 
public sector distribution.

The corresponding growth-rate plots are shown in Fig. 4. The tails in the private sector 
are similar to the full distribution, with less variation across the initial-size curves. The 
parameter estimations are quantitatively similar as well (see Table 3), for initial-size bins 
1 and 2. The body of the public sector growth-rate distribution looks qualitatively like the 
aggregated one and the variance decay is similar in quantitative terms. The tails are gener-
ally more symmetric in the case of the public sector.

The aggregate size distribution and the body of the growth-rate distribution are domi-
nated by the form of the public sector distributions, while the functional form of the tails 
in the growth-rate distribution is dominated by the private sector. We can relate this to the 
time evolution of sizes by sector (cfr. Fig. 1) in which we saw that the size of the public 

Table 3  Asymmetric Subbotin estimations for growth-rate distributions, developed from Eq. (6)

Whole time period. Aggregate, by sector and by industry

Distribution Estimates (SE)

b̂
l

b̂
r

â
l

â
r m̂

Aggregate

 Bin 1: 101 ≤ S
0
< 102 0.88 (0.01) 0.98 (0.01) 0.05 (0.00) 0.06 (0.00) 0.00 (0.00)

 Bin 2: 102 ≤ S
0
< 103 0.68 (0.01) 0.79 (0.02) 0.05 (0.00) 0.04 (0.00) 0.00 (0.00)

 Bin 3: 103 ≤ S
0
< 104 0.59 (0.03) 0.77 (0.05) 0.03 (0.00) 0.02 (0.00) 0.00 (0.00)

 Bin 4: 104 ≤ S
0
< 105 1.23 (0.47) 1.00 (0.53) 0.05 (0.01) 0.02 (0.01) 0.00 (0.01)

Sector
 Public

  Bin 1: 101 ≤ S
0
< 102 0.74 (0.03) 0.75 (0.03) 0.04 (0.00) 0.05 (0.00) 0.00 (0.00)

  Bin 2: 102 ≤ S
0
< 103 0.63 (0.03) 0.78 (0.04) 0.04 (0.00) 0.03 (0.00) 0.00 (0.00)

  Bin 3: 103 ≤ S
0
< 104 0.78 (0.07) 1.00 (0.11) 0.02 (0.00) 0.02 (0.00) 0.00 (0.00)

  Bin 4: 104 ≤ S
0
< 105 1.23 (0.47) 1.00 (0.53) 0.05 (0.01) 0.02 (0.01) 0.00 (0.01)

 Private
  Bin 1: 101 ≤ S

0
< 102 0.90 (0.01) 1.00 (0.01) 0.05 (0.00) 0.06 (0.00) 0.00 (0.00)

  Bin 2: 102 ≤ S
0
< 103 0.67 (0.02) 0.87 (0.03) 0.05 (0.00) 0.04 (0.00) 0.00 (0.00)

  Bin 3: 103 ≤ S
0
< 104 0.47 (0.04) 1.20 (0.13) 0.05 (0.00) 0.04 (0.00) − 0.02 (0.00)

Industry (1 bin)
 1—Agriculture, forestry and fishing 0.89 (0.11) 0.93 (0.11) 0.07 (0.01) 0.07 (0.01) 0.00 (0.01)
 2—Manufacturing and mining 0.20 (0.00) 0.18 (0.00) 0.02 (0.00) 0.03 (0.00) 0.00 (0.00)
 3—Energy and waste 0.57 (0.04) 0.70 (0.05) 0.04 (0.00) 0.04 (0.00) 0.00 (0.00)
 4—Construction 0.02 (0.00) 0.02 (0.00) 0.03 (0.00) 0.03 (0.00) 0.00 (0.00)
 5—Commerce and communication 0.64 (0.01) 0.70 (0.01) 0.05 (0.00) 0.05 (0.00) 0.00 (0.00)
 6—Financial and company services 0.86 (0.01) 1.01 (0.02) 0.06 (0.00) 0.07 (0.00) 0.00 (0.00)
 7—Education and research 0.63 (0.02) 0.80 (0.03) 0.04 (0.00) 0.05 (0.00) 0.00 (0.00)
 8—Human health and social work 0.71 (0.03) 0.90 (0.03) 0.04 (0.00) 0.05 (0.00) 0.00 (0.00)
 9—Cultural services 0.88 (0.02) 0.93 (0.02) 0.05 (0.00) 0.05 (0.00) 0.00 (0.00)
 10—Public administration and others 0.50 (0.02) 0.52 (0.02) 0.03 (0.00) 0.04 (0.00) 0.00 (0.00)
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sector fluctuates on average less than the private. Had we looked only at the aggregated 
time evolution, we could not have seen that it results from a superposition of similarly-size 
growth and declines, as indicated by the symmetry of the tails.

4.2.3  Distributions by industry

Another dimension is industry, or more precisely, a categorization of workplace activities 
in terms of its gross industrial sector. The analysis could be performed with higher level 
of activity disaggregation, but over such a long period of time, categories are created and 
eliminated, and the bureau of statistics changes its classification standards, so in practice 
the gross industrial sector is the only viable alternative for longitudinal analysis. Only divi-
sions larger or equal than 10 employees are considered.4

We plot the size distributions by industry in Fig. 5. We note that the exponent estimates 
are above 1 for the most part, and close to the public sector estimate for ‘7—Education 
and research’ and ‘8—Human health and social work’. The public sector is dominated by 
these two activities. Public administration is also a dominant activity; in this case though 
the estimate for the minimum size is one order of magnitude higher than the rest, so the fit 
does not hold to the same extent in this sector.

Regarding alternative functional forms for the CCDF, the lognormal offers on a 5% 
level a better fit for ‘1—Agriculture, forestry and fishing’, ‘6—Financial and company 
services’, ‘7—Education and research’ and ‘10—Public administration and others’. This 
illustrates how sometimes it is not necessary to complicate the estimation beyond the sim-
ple lognormal, a point made by Alstott et al. (2014). The truncated power law is in gen-
eral a statistically significant better fit, except for ‘10—Public administration and others’ 
where the power law is preferred, and ‘5—Commerce and communication’ where the test 
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Fig. 4  Conditional growth-rate probability density by public (left) and private sector (right). Laplace MLE 
fit for reference. Whole time period

4 This cut does not affect the size estimations, but does influence the tails of the growth-rate distributions 
by adding large fluctuations and giving “fatter” tails i.e. lower b estimations. Estimations for the other 
parameters are not substantially affected.
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log-likelihood difference is not significant on a 5% level. This suggests that, broken down 
by industry, most of the distributions have an upper exponential cut-off in size, although at 
different size ranges indicating that different industrial activities have different characteris-
tic sizes.

10-5

10-4

10-3

10-2

10-1

100
P
(S

�
s)

=1.19

 1- Agriculture,
 forestry 
 & fishing

=0.93

 2- Manufacturing
 & mining

10-5

10-4

10-3

10-2

10-1

100

P
(S

�
s)

=1.01

 3- Energy
 & waste

=1.31

 4- Construction

10-5

10-4

10-3

10-2

10-1

100

P
(S

�
s)

=1.16

 5- Commerce
 & communication

=1.17

 6- Financial
 & company
 services

10-5

10-4

10-3

10-2

10-1

100

P
(S

�
s)

=0.71

 7- Education
 & research

=0.7

 8- Human health
 & social work

101 102 103 104 105

s

10-5

10-4

10-3

10-2

10-1

100

P
(S

�
s)

=1.45

 9- Cultural
 services

101 102 103 104 105

s

=1.1

10- Public
 administration
 & others

α α

α

α

α

αα

α

α

α

Fig. 5  Size distributions by industry. Whole time period. Divisions with 10 or more employees. Power-law 
MLE fit for reference



749Sector, industry and inter-organizational movement statistics…

1 3

The growth-rate PDFs by industry are plotted in Fig. 6. Since some categories contain 
too few data points to allow for more than one initial-size bin, all data in each industry are 
pooled together in one single initial-size bin. Here the variation across industries becomes 
more apparent. All probability densities are centered around zero growth. Regarding the 

10-4

10-3

10-2

10-1

100

101

102
P
(r

1|S
0)

 1- Agriculture,
 forestry 
 & fishing

 2- Manufacturing
 & mining

10-4

10-3

10-2

10-1

100

101

102

P
(r

1|S
0)

 3- Energy
 & waste  4- Construction

10-4

10-3

10-2

10-1

100

101

102

P
(r

1|S
0)

 5- Commerce
 & communication

 6- Financial
 & company
 services

10-4

10-3

10-2

10-1

100

101

102

P
(r

1|S
0)

 7- Education
 & research

 8- Human health
 & social work

-1.5 -1 -0.5 0 0.5 1 1.5
r1

10-4

10-3

10-2

10-1

100

101

102

P
(r

1|S
0)

 9- Cultural
 services

-1.5 -1 -0.5 0 0.5 1 1.5
r1

10- Public
 administration
 & others

Fig. 6  Conditional growth-rate probability density by industry. Whole time period. Divisions with 10 or 
more employees. Laplace MLE fit for reference



750 H. Mondani 

1 3

shape parameter estimates, we observe that none is larger than 1 (including error bars). So 
the distributions are either close to the Laplace form—like for ‘1—Agriculture, forestry 
and fishing’, ‘6—Financial and company services’ and ‘9—Cultural services’—or of fatter 
tails, ‘4—Construction’ and ‘2—Manufacturing and mining’ among the lowest estimates. 
The normal distribution ( b = 2 ) is definitely out of range for all of these distributions, so 
the extreme events observed in reality decay more slowly than a normal distribution, and 
are consequently more likely to take place. The scale estimates â also vary, from some 
narrow densities as in the case of ‘4—Construction’ and ‘10—Public administration and 
others’, to high values as in ‘1—Agriculture, forestry and fishing’ and ‘6—Financial and 
company services’. The degree of symmetry is also interesting to observe. Most industries 
exhibit quite symmetrical growth-rate PDFs, although in general the left tail tends to be 
fatter than the right one, meaning an overall excess in decline events. Some industries like 
‘2—Manufacturing and mining’ lean towards the positive side.

4.2.4  Synthesizing sector and industry statistics

Size and growth are two intertwined aspects of growth dynamics. Therefore, it is natu-
ral to look for patterns in the parameters of the respective distributions. We plot the two 
main estimations, namely the size exponent �̂� and the Subbotin shape parameter b̂ in Fig. 7. 
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Comparing industries, we can see that ‘1—Agriculture, forestry and fishing’ falls close to 
‘6—Financial and company services’, despite the fact that they are two very distinct activ-
ities of different importance in terms of employed population in the Stockholm Region. 
Also, there is a cluster formed by ‘3—Energy and waste’, ‘5—Commerce and communi-
cation’ and ‘10—Public administration and others’, again three different activities. Indus-
tries ‘2—Manufacturing and mining’, ‘4—Construction’ and ‘9—Cultural services’ stand 
isolated.

Looking at the decomposition of sectors by industry, we observe that the point estima-
tion for the public sector falls close to industries ‘7—Education and research’ and ‘8—
Human health and social work’, two large public-sector activities. Interestingly, ‘10—Pub-
lic administration and others’ does not fall close to public sector, so the overall dynamics 
is not as influenced by this industry as it is by the previous two. The private sector esti-
mate falls close to the first cluster of ‘1—Agriculture, forestry and fishing’ falls close to 
‘6—Financial and company services’, plus ‘5—Commerce and communication’. The 
industry ‘2—Manufacturing and mining’, despite employing more than 10% of the aggre-
gated employee population, is far from the two sectors. It is as well interesting that the tails 
appear less fat in the aggregated picture, when they are rather a superposition of tails of 
different magnitudes when broken down by industrial activity.

4.3  Movement distributions

Our data provide a unique opportunity to analyze the dynamics of organizational size 
statistics in terms of inter-organizational movements. This is more informative than just 
looking at the time evolution of aggregate quantities and complements our previous obser-
vations. It also sheds light into one important, yet not often discussed limitation in the anal-
ysis of growth-rate statistics: by binning the data by initial size, all data points are pooled 
into one distribution. That is to say, these are usually aggregate plots that look at the whole 
time period for a given organizational population, but do not inform on the time point the 
rates come from. Neither does it inform on the rate composition. If we denote the absolute 
employee movements during a given year by M1,in/out , the size that given year is by defini-
tion of movements equal to:

So looking at the growth rate alone gives information on the net movement, but not on how 
this net movement came about. The reason for these analyzes not being abundant is prob-
ably the lack of data that allows for tracking of people flows in time. We plot in Fig. 8 the 
PDF of absolute incoming/outgoing employee movements, using the same plotting logic as 
in the growth-rate plots. We observe that the densities shift to higher movement ranges as 
the initial-size bin increases; this is true for incoming as well as for outgoing. Small organi-
zations are qualitatively different from the rest. Movements decay faster in the outgoing 
plot; this fact most likely reflects our cut-off at sizes smaller than 10 employees. The other 
distributions follow a lognormal pattern, that is to say the logarithm of the movements fol-
lows a normal distribution, as shown by the MLE fit in the plot. The few data points in the 
uppermost initial-size bin do not follow a clear pattern.

We also note that only small and medium organizations have zero incoming movements 
and only the small ones has zero outgoing movements. Furthermore, the fraction of zero 
movements is very low in all case, as shown in the annotation in the figure: 7% and less 
than 1% in small respectively medium for incoming and almost 7% in small for outgoing. 

(7)S1 = S0 +M1,in −M1,out.
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This means that the large amount of zero growth rates (the center of the Laplace distribu-
tion) do not result from the organization not having any movements, but come instead from 
a cancellation of similar employees incoming and outgoing movements.

5  Discussion

In this study, we have used unique Swedish register data to inform organizational growth 
models by studying the interplay between growth statistics by sector and industry, and 
inter-organizational movements in the Stockholm Region for a period of 14 years. Heavy-
tailed patterns exist for both size and growth-rate distributions, at the aggregate level and at 
the level of sector/industrial activity. This is an indication of a system where organizations 
interact and their sized depend on each other’s size.

The implications of this fact are quite relevant. From the point of view of size, a heavy-
tailed organizational world differs from a “Gaussian” world in the fact that medium and 
large sizes occur more often, hence the “fatter” tail. Moreover, the heavy tail holds for sev-
eral orders of magnitude, so that very large, but also middle-size organizations are allowed. 
In a normally distributed world only a handful of large companies would coexist with an 
overwhelming majority of average-size ones. The real world thus allows for much higher 
resource concentration in fewer organizations. From the growth rate point of view, non-
Gaussian rate distributions allow for growth of large magnitude to take place relatively 
more frequently. This suggests that the power law is a better fit for the first three orders 
of magnitude. The exponential cut-off at higher orders might reflect global constraints on 
the possibility to have very large organizations due to overall population constraints of the 
Stockholm Region or of characteristic sizes in each industrial activity.

Aggregate statistical properties can be decomposed by sector. The public sector domi-
nates the size distribution for large sizes and the growth statistics at small growth rates, 
while the private sector contributes to small-size statistics and dominates in the tails of the 
growth-rate distribution. A deeper discussion on the difference growth statistics for public 
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and private sectors is important to complement the quite private-centered view of empiri-
cal reality that currently exists in the literature. For instance, it is well established nowa-
days that the power law distribution is a good approximation to the size distribution; see 
e.g.  Delli  Gatti et  al. (2008). Here, we see that a classical lognormal distribution might 
offer an alternative fit in the cases of sector distributions, ‘1—Agriculture, forestry and 
fishing’, ‘6—Financial and company services’, ‘7—Education and research’ and (margin-
ally) ‘10—Public administration and others’.

Having observed these differences in the growth statistical patterns of the public and 
private sectors, one may speculate on the reason for their existence. One possibility is that 
the mechanisms at play are different for the public and private sectors. The public sector 
statistics in Stockholm, as seen in the results, are dominated by the health and education 
industries, which are composed of organizations and maintained to provide welfare and 
education services, not to seek profit in the market as the private sector. This could explain 
why organizations in the public sector are larger and have less extreme events than the pri-
vate ones. It would be interesting to explore this in other datasets. In this discussion about 
generative mechanisms, it is important not to fall into the reductionism of trying to impute 
the observed functional form of the distributions to one single stochastic mechanism.

We further broke down the distributions by industry, and show how the estimation for 
different industries cluster in the parameter space of the estimations, and how the sector 
estimations are closely related to some of them, while other differ considerably. This clus-
tering does not follow directly from the industry’s importance in terms of size. One thing 
we may conclude from size statistics is that different categories (sectors, industries) show 
statistics with varying functional forms. It is important to note how this analysis differs 
from traditional regressions to study growth processes. In that context, one would con-
trol for sector/industry and in practice that would imply adding them as a covariate. From 
the functional point of view, this would mean shifting the same regression function by an 
amount determined by the respective estimated coefficient. This logic differs fundamen-
tally from what we do here. By separating each group we are able to capture differences in 
the distributions.

The total aggregated statistical pattern is better thought as a superposition of statisti-
cal distributions both across sector/industry. This kind of superposition of different dis-
tributions pointing to differentials in underlying dynamics can be related to recent find-
ings in the econophysics literature on income distribution. Yakovenko and Barkley Rosser 
(2009) showed that income-based economic transactions lead to an exponential distribu-
tion in wealth, while investment-based transaction leads to a power-law distribution. The 
author theorizes that small incomes are dominated by an additive process leading to an 
exponential distribution, while large income is dominated by a multiplicative one leading 
to a power-law distribution.

A limitation of our research approach is that it focuses on growth rather than on the start 
and end points of the process, namely, the birth and death of organizations. The growth 
rate in Eq. (4) does not capture cases where the size is zero, thus excluding the mentioned 
start and end points. Our data does furthermore not contain information on the causes of 
organizational death, e.g. bankruptcy, fusion, etc. If such information was available, many 
interesting questions could be studied. For instance, one could consider fused and divided 
organizations as one overarching entity, like the concept of a “superfirm” in Bottazzi et al. 
(2001, 2002); Bottazzi and Secchi (2006b) and see which impact this has on growth sta-
tistics. Classical economic studies of firms look at such events, e.g.  (Mansfield 1962). 
Firm birth and death are also an essential component within the organizational ecological 
approach (Hannan and Freeman 1989) and more recently (Hannan et al. 2007).
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Another limitation is that our study looks at employment relations, and is therefore 
restricted to the labor market sphere of the organizational world. That is not to say that, e.g. 
voluntary associations are totally excluded, but rather that only the people that are formally 
employed by them appear in the data. This should be taken into account when interpreting 
the results, because interactions with the rest of the organizational population might be rel-
evant for particular dynamics. Additionally, the movement statistics of Stockholm Region 
reflect at least partially the dynamics of the local economy. Thus, the changes we observe at 
the region level do not necessarily imply a change in sector/industry for the whole country.

Finally, another way to look at movements in this problem is from a network perspec-
tive. It is possible construct a network where the nodes are the organizations, and a directed 
link exists at a given year if one or more employees have moved from one organization to 
another one that year. This is a very promising approach, which can give new insights on 
organizational dynamics in terms of the structure created inter-organizational movements. 
We will develop this approach in another article.
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