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Private businesses are often entrusted with public contracts,
wherein public money is allocated to a private company. This
process raises concerns about transparency, even in the most
developed democracies. But are there any regularities guiding
this process? Do all private companies benefit equally from
the state budgets? Here, we tackle these questions focusing on
the case of Slovenia, which keeps excellent records of this kind
of public spending. We examine a dataset detailing every
transfer of public money to the private sector from January
2003 to May 2020. During this time, Slovenia has conducted
business with no less than 248 989 private companies. We find
that the cumulative distribution of money received per
company can be reasonably well explained by a power-law or
lognormal fit. We also show evidence for the first-mover
advantage, and determine that companies receive new
funding in a way that is roughly linear over time. These
results indicate that, despite all human factors involved,
Slovenian public spending is at least to some extent regulated
by emergent self-organizing principles.
1. Introduction
How to best spend public money? The question is not as old as
time, but it certainly is a strongly contested issue. Do we fix
potholes and erect new playgrounds, or do we beef up the
police and the military? Do we invest in science and technology,
or should we attend to our ageing population? The choices are
diverse and many, and so are the opinions and policies that
ultimately determine who benefits from the public money [1].
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Most delicate in this is the issue of paying private companies and contractors from public funds and the
state budget. How should we choose which private business to entrust with, say, building a new school?
Decisions to allocate public money to the private sector also raise concerns about transparency, even in
the most developed democracies.

In light of this, it seems almost heretical to consider a concept as pure as self-organization [2] to be at
play in the dynamics of public spending. But the broader history of this natural phenomenon provides
some rationale for such a hypothesis [3,4]. In his 1934 work The Theory of Economic Development,
Schumpeter [5] elaborated on the concept of proportional growth, wherein he argued that the more
wealth a business has, the more it is likely to attract it in the future. This work was predated by the
Gibrat rule of proportional growth [6], which posits that the proportional rate of growth of a company
is independent of its size. Even earlier, in 1922, and motivated by observations of the statistics of
biological taxa [7], the Yule process was proposed as possibly the first mechanism behind the power
laws in nature [8–12]. It relied on the assumption that an initially small (biological) advantage is likely
to snowball over time [13]. In more contemporary research, growth and preferential attachment
became synonymous for the Barabási–Albert [14] model, which describes the emergence of scaling
and power-laws in real networks. This also became a method of spotting various forms of self-
organization not just in natural systems, but also in social systems [11,15–17]. The circle can be closed
with the quote attributed to St. Matthew: ‘For to all those who have, more will be given’. It is the
saying behind the well-known Matthew effect, which describes the general pattern of self-reinforcing
inequality related to economic wealth, political power, prestige, knowledge and many other social
resources [3].

Here we ask: Are there self-organizing mechanisms in the process of allocating public money to
private companies? If so, can they be detected by analysing data on public spending? In what follows,
we offer evidence in favour of this hypothesis using a dataset from Slovenia, which keeps excellent
records of this kind of public spending.

Apart from looking for self-organization, there is another important reason to examine the dynamics
of assigning public money to the private sector: concerns about corruption. According to the World Bank
estimates, bribes alone amount to about 1 trillion USD around the world [18,19]. Transparency
International claims that corrupt officials in developing countries receive as much as 40 billion USD in
bribes per year, and that nearly two out of five business executives pay bribes when dealing with the
incumbent public officials [20]. Researchers have documented the effects of corruption in many forms.
It limits economic growth [21–25], it decreases returns on public investments [26] and it promotes
socioeconomic inequality [23,27]. By studying the statistical patterns in allocation of public funds, we
are opening new avenues for designing better methods for detecting suspicious allocations (although
we do not expect to actually find evidence of corruption in self-organization mechanisms).
1.1. Data
Motivated by these considerations, we set out to test the presence of self-organization in the public
spending of the Republic of Slovenia (a note on terminology: we call ‘public spending’ the public
money allocated to private companies, whereby we exclude other forms of allocations that are usually
considered as public spending [28]). Being a (relatively) small nation, Slovenia keeps excellent records
of public allocations to the private sector via the Commission for the Prevention of Corruption of the
Republic of Slovenia (CPC) [29,30]. It is an independent agency with a broad mandate to prevent and
investigate corruption and other breaches of ethics and integrity, with a special focus on transparency
of public spending. The CPC gathers the data from nine different public institutions in Slovenia,
including the Ministry of Finance, Public procurement portal and Public Payments Administration. In
particular, all private companies registered in Slovenia are under a legal obligation to report the exact
information on any business undertaken using public funds. Hence, the CPC keeps track of all
transactions where public money is being spent on the private sector.1 For transparency motives, all
these data are publicly accessible on the CPC website via Erar software.2
1Public money in Slovenia is spent by a range of public institutions. They include national and regional governments, ministries,
education institutions, hospitals, etc. See [49] for the entire list of such bodies.
2A note on ‘all transfers/all transactions of public funds’: the CPC displays the transfers that it receives from the Republic of Slovenia
Public Payments Administration. This means that transfers involving companies that are not fully state-owned are not included in the
displayed data. Additionally, the CPC applies filters to the received transfers to comply with regulations protecting personal data,
ensuring that only appropriate information is shown.
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Figure 1. Histogram of total public spending in favour of private companies over all 209 months (log–log scale). Also shown is our
cut-off at 10 000 EUR; we excluded companies that in total received less than 10 000 EUR, i.e. left of the vertical line.
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Upon signing the required contract, we received our dataset from the CPC itself. Although the
companies’ names are public, we requested the dataset to be anonymized for avoidance of bias. The
signed contract details how the data can and cannot be used, and deals with all relevant ethical
concerns. The received dataset includes all public-to-private transactions from January 2003 to May
2020. During these 209 months, the Republic of Slovenia has conducted business with exactly 248 989
companies. To avoid noise and uncertainties, we excluded from further analysis companies that in
this period made less than 10 000 EUR. Above this cut-off in total spending per company translates to
105 086 companies, to which we focus in the analysis that follows. To illustrate this, we show in figure
1 the distribution of companies according to their total revenue. The cut-off is shown as the vertical
blue line. Our data can be thought of as a matrix of dimensions 209 × 105 086, i.e. with companies in
rows and time (month) in columns. In this matrix, each element is the amount of money (in EUR) that
a company received from all public bodies during one of these 209 months. In other words, for any
given company, we have a time series with 209 values, each value representing the volume of
business conducted using public funds over that month.

This data is possibly unique in the world. Its completeness and precision allows us to carry out this
work. As we show in what follows, we found a heavy-tailed distribution of total public spending per
company versus company rank that can be fitted reasonably well by a power law. There is evidence
for the first-mover advantage [31,32], meaning that companies that started doing business early tend
to accrue more. We also find that the attachment rate of new companies is roughly linear. Taken
together, these results indicate that in the case of Slovenia, public spending is guided by
self-organizing principles, not unlike those hypothesized by Schumpeter [5] and Gibrat [6].
2. Results
We organize our findings into three main categories, following the steps presented in figure 7, in §3. This
section also includes all other technical details about our methodology. As the figure shows, we ask three
questions to determine whether Slovenian public spending exhibits self-organization:

— Q1: Is there evidence of first-mover advantage? This phenomenon, in which early adopters of a
new technology or practice have an advantage over later adopters, is a key indicator of
self-organization [2].

— Q2: Does the distribution of public spending fit to a power law or lognormal? Systems that self-organize
usually display power laws, which are characterized by a small number of entities with numerous
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Figure 2. Overall dynamics of public spending. (a) Yearly dynamics of public spending in the entire private sector from 2003 to
2019. (b) Cumulative spending over the same period. (c) Cumulative total number of companies with date of birth (DOB) in specific
year. (d ) Year-by-year number of companies with specific DOB.
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connections and a large number of entities with few connections [11,33]. However, it is important to
consider alternative distributions such as lognormal, which may also be indicative of self-
organization [34].

— Q3: Does this system grow via linear preferential attachment? Is the likelihood of a company attracting
new business (at least roughly) proportional to the amount of business it has won so far (at least
for the top-ranked companies)? If so, this is another strong indication of self-organization [35].

While there is no one-size-fits-all approach to identifying self-organization, these criteria provide a
starting point for investigating the emergence of regularity in complex systems in the absence of
external or central guidance [12]. If we can affirmatively answer all three questions, then we can
conclude that our public spending data exhibits self-organization. The next three subsections are
devoted to these questions. To wrap up our analysis, we conclude the Results section with another
short subsection. There, we look at the descriptive statistics regarding the overall behaviour of
companies during the analysed period, including rates of entry and exit.

2.1. First-mover advantage
This section is devoted to our first question—Q1. We want to find if there are signs that entering this
system early gives you an advantage over others.

2.1.1. Overall dynamics of public spending

We begin by examining the overall behaviour of public spending during the given time interval. For each
year, we sum the amount of money received by all companies that did business with the state. That is to
say, for each year we obtain the total funds that the private sector jointly received (we exclude the year
2020 since the data are available only until May). The result is shown in figure 2a. The total spending
mainly stagnated or slowly increased from 2003 to 2015. It then increased significantly (almost
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Figure 3. Violin plot of annual (yearly) public spending in favour of private companies depending on their DOBs. Each violin
illustrates the distribution of annual revenue in favour of companies with a DOB in that year. So, the thickest part of a violin
shows the typical annual amounts received by those companies (note the log scale on the y-axis). For example, the companies
with a DOB in 2004 usually received between 108 EUR and 1010 EUR per year, whereas companies with a DOB in 2019
received only about 100 EUR per year.
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doubled), and then started to decrease from 2016 on, but still remained at a level higher than before 2015.
Finally, there is a small increase in 2019 compared to 2018. It appears that the economic crisis of 2008 [36]
has not significantly influenced these dynamics, but it might have slowed it down and/or somewhat
delayed it. Overall, it is clear that since 2003, the Slovenian state is doing more and more business
with the private sector. This is also visible in figure 2b, which shows the cumulative spending: the
funds received cumulatively until (and including) each of the years. The curve displays a relatively
smooth upward trend, roughly linear, with a somewhat faster slope from 2015 on.

This begs the question: Does public spending always go to the same companies or do newcomers on
the stage get a fair chance? To answer this, we check how the above dynamics are reflected in the number
of new companies that are being established each year. To set our terminology, for any company, we call
‘date of birth’ (DOB) the year in which that company had its first transaction with the state and it first
appeared in our dataset [37]. We compute the DOBs for all companies and show the result in
figure 2c (yearly) and figure 2d (cumulatively). Figure 2d shows that the number of companies doing
business via public budgets has steadily grown since 2004, although the rate is somewhat slowing
down. Figure 2c gives us an even clearer look, showing the exact number of ‘newborn’ companies
year by year. Most of the companies were established in 2004; more than 5000 of them. Since then,
this trend fluctuates but overall slows down. Exceptions are 2009 and 2014, when we have local peaks
of more companies being born than in previous years. It seems that companies with a DOB in 2004
have not immediately received the biggest portion of their revenue. However, being established so
early places them in a good position to make larger deals than their competitors with later DOBs.
This suggests that DOB does play a role in a company’s propensity to do business with the state.

To test this further, we examine how the annual (yearly) revenue depend on companies’ DOBs: Is it
true that older companies (typically) make larger annual amounts than younger companies? This is to
say, we put together all companies with the same DOB and study the distribution of their annual
revenue (across both companies and years). Since our dataset starts with 2003, all the companies with
DOBs before 2003 appear in our data as if their DOB was 2003. In other words, for a company with a
DOB in 2003, we have no way of telling whether the DOB is truly 2003 or before that. For this reason,
we start from 2004 in this analysis.

Results are shown in figure 3, where the distribution of annual revenue is shown as a vertical
‘violin’—the horizontal thickness of a violin captures the distribution for all companies with that
DOB.3 Companies with a DOB between 2004 and 2007 earn significantly larger annual amounts than
companies with later DOBs. Companies with a DOB in 2008—2014 earn some large and some small
annual amounts, while companies with a DOB in 2015—2019 earn almost exclusively small annual
3We can think of a violin plot as hybrid between a box plot and kernel density plot [50]. It shows peaks in the data and also depicts
summary statistics and the density of each variable.
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whereby each (thin) vertical line refers to one company. The colour bar shows the spending (log scale), which increases in
favour of all companies over time, flowing from the bottom to the top. Red lines represent the thresholds when companies
cross (from the bottom to the top) 100k EUR, 1M EUR, 10M EUR and 100M EUR in terms of cumulative spending. These
calculations are performed via non-overlapping windows, each containing 300 consecutively ranked companies.

royalsocietypublishing.org/journal/rsos
R.Soc.Open

Sci.10:221279
6

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

04
 A

ug
us

t 2
02

3 
amounts. Also interesting is that even though public payments are biggest in 2015 and 2016 (cf. figure 2a),
amounting to almost 90 billion EUR, this boost in public spending seems to have largely gone to older
companies rather than newly joined ones. Moreover, these ‘violin bellies’ gradually get bigger for
companies with later DOBs. This means that newer companies tend to all receive similar total
amounts, whereas older companies have a wider distribution of total amounts (additional evidence
for this can be found in the figure included in the electronic supplementary material).

This result strongly suggests the presence of a first-mover advantage: the total revenue of companies
correlates with the time when they joined the system. This indicates that being an early entrant confers an
advantage. It is also interesting to check how this depends on the actual amounts. Are companies that
started with larger amounts the sole beneficiaries of significant growth in the future, while those that
started with smaller amounts remain stagnant? Alternatively, do smaller companies have the potential
to change their situation and achieve growth? We address this inquiry next by analysing the growth
rates of the highest-ranked companies.
2.1.2. Growth rates of most successful companies

We now look at the growth rates of individual companies over the examined time frame. For better focus,
we consider only the 10 000 most successful companies in terms of total revenue. We rank them from most
to least successful (k denotes the rank). We show this via the colour map in figure 4, whereby each vertical
line refers to a single company. Ten thousand parallel lines represent 10 000 companies. Lines are squeezed
next to each from left (most successful, rank k = 1) to right (least successful, rank k = 10 000). Gradual
darkening of each line illustrates the accumulation of income by that company (see colour bar).
Naturally, vertical lines start with the company’s DOB (and are zero before the DOB) and gradually
become darker as the company conducts more business with the state. There is a robust pattern:
companies with higher ranks and total revenue in hundreds of millions Euros tend to start
accumulating much earlier. By contrast, companies with lower ranks tend to start doing business later,
meaning that they ultimately accumulate smaller amounts. There are exceptions to both, but not very
many overall. This ‘orderliness’ again suggests that self-organizing mechanisms are at play.

The full red line in figure 4 represents the average time when companies cross the 100k EUR threshold
in terms of total revenue. Apart from some noise, this line displays (almost) linear growth with rank,
which is much smoother than expected in general. This means that the time to reach 100k EUR grows
(roughly) linearly with the rank. The story is the same with the next (dashed) red line, which refers to
the 1M EUR threshold, except that the growth is steeper. This means that for companies with higher
ranks, it takes less time to go from 100k to 1M EUR. This trend is present for the next red line
marking the 10M EUR threshold, etc. As growth and cumulative advantage are the two crucial factors



Table 1. The values n (number of companies), xmin and α for selected subsets of companies. Reported also are the
corresponding p-values, whereby statistically significant values are denoted in italics.

sample n xmin α p-value

all companies 105 086 272 087.52 1.64 5 × 10−5

biggest 20 000 20 000 349 365.49 1.64 1 × 10−6

biggest 15 000 15 000 62 444 576.36 1.84 0.60

biggest 10 000 10 000 62 444 576.36 1.84 0.60

biggest 5000 5000 62 444 576.36 1.84 0.60

Table 2. Tests of power-law fit in several samples of companies (see text). For each, we report the corresponding p-value for
the fit to the power law, as well as likelihood ratios (LR) and their corresponding p-values. Statistically significant p-values are
denoted in italics.

power law lognormal exponential stretched exp.
support for

power lawsample p-value LR p-value LR p-value LR p-value

all companies 5 × 10−5 −5.6 2 × 10−8 16.90 2 × 10−64 0.95 0.34 none

biggest 20 000 1 × 10−6 −5.01 5 × 10−7 16.30 1 × 10−6 0.73 0.46 none

biggest 15 000 0.60 −0.19 0.85 7.65 2 × 10−14 1.22 0.22 moderate

biggest 10 000 0.60 −0.19 0.85 7.65 2 × 10−14 1.22 0.22 moderate

biggest 5000 0.60 −0.19 0.85 7.65 2 × 10−14 1.22 0.22 moderate
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for the emergence of scaling in random networks [38–40], our current findings move us to the next
question—Q2 in which we check if our data follows the power-law distribution.
2.2. Testing for presence of a power law
After we concluded that our system possesses strong indicators of first-mover advantage, we next
examine the presence of a power law, the key hallmark of self-organization. Specifically, we check if
the distribution of total public spending per company can be described by a power law. As sketched
in figure 7 in §3, for this task we use the approach proposed by Clauset et al. in [12].

We focus on several samples of companies: the entire set of 105 086 companies and four of its subsets
(the biggest 20 000; biggest 15 000; biggest 10 000 and biggest 5000 companies in terms of total revenue).
As the methods used in [12] are quite complex, we devote §4.2 to the details of it. It assumes that the
examined distribution can be fitted with a power law in the form x−α for a certain α > 0, and a certain
minimal value xmin from which the fit is plausible. Hence, the first step is to estimate the values of α
and xmin. In table 1, we show these values for all samples of companies.

The second step in §4.2 is to compute the goodness-of-fit between the data and the hypothesized
power law for α and xmin. This fit comes with a p-value: if p > 0.1, a power law is a plausible fit, but
otherwise it should be rejected. We obtained p = 0.60 for the biggest 15 000, 10 000 and 5000
companies, and almost zero for the whole set of companies and biggest 20 000 companies, as reported
in the last column of table 1. We find that the power law is a reasonably good fit for the biggest
15 000, 10 000 and 5000 companies, but not for the biggest 20 000 and more. It seems that somewhere
between the biggest 15 000 and 20 000 companies, the power law stops being a plausible fit.

Finally, the third step in §4.2 is to see if any other heavy-tailed distribution can fit our data better than
the power law (we limit ourselves to lognormal, exponential and stretched-exponential distributions). To
check whether a given alternative distribution fits the data better, we perform a likelihood ratio (LR) test.
This yields its own p-value and LR, shown in table 2. A positive LR indicates plausibility of a power law
fit, while a negative LR indicates plausibility of the alternative over the power law. Corresponding
p-values have to be smaller than 0.1, so that LR is statistically significant for the judgement. Our final
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judgement is given in the last column of table 2. Here, ‘none’means that the data are probably not power-
law distributed, but alternatives might be possible, while ‘moderate’ means that a power law is a good fit,
but there might also be alternatives that describe the data distribution well enough. For our case of the
biggest 15 000 companies and less, a power-law distribution wins over all competitors. In contrast, for
the biggest 20 000 and more, we find no support for the power law. Instead, the most plausible fit
here is the lognormal distribution.

To zoom in better on the distribution for all companies, we show all three of the above-discussed fits
in figure 5a. It is obvious that lognormal (green dashed line) best follows our empirical data. We
calculated the parameters and obtained f ðxÞ ¼ x0:096�1 e�284 557 x0:096 for lognormal, and f (x) = x−1.64 for
the best power-law parameter fit. We note that while lognormal distribution is not considered a
strong indicator of self-organization, it still shows that the underlying process has certain regularities.
Also, this figure suggests that a power law is still not a completely implausible fit. The plots for
samples of the biggest 15 000 companies and less are available in the electronic supplementary material.
2.3. Testing for presence of preferential attachment
In our previous sections, we show that our public spending system is growing in a way that companies
that came first had an obvious advantage over the rest and that there is plausibility for a power-law fit in
the 15 000 top-ranked companies. This enables testing of the preferential attachment hypothesis [33] in
our system, which leads us to the last question—Q3. We use Redner’s approach [41] to calculate the
attachment rate A(y) as a function of total spending, as outlined in figure 7 and §4.3. Specifically,
attachment rate is calculated as A(y) = Δy/y, where y represents total spending per company in year t,
and Δy in the year t + 1, for t = 2003, 2004, …, 2018. Results are shown in figure 5b. The average is
depicted over the entire period (blue line). The solid red line is the linear fit P(x)∼ a + bx, with a =
0.91042, b ¼ 0:02162, seðâÞ ¼ 0:018, seðb̂Þ ¼ 0:003 and R2 = 0.78 (‘se’ stands for the standard error of the
estimation). Therefore, we conclude that our system follows a linear preferential attachment
mechanism, as evidenced by the linear relationship between attachment rate and total public
spending per company. Together with the evidence for a power law and the results from previous
sections, we can safely confirm at least some presence of self-organization in our system. This,
however, does not mean that self-organization is the sole mechanism behind this process, nor that any
divergences from it are necessarily proof against it. We consider this further in the Discussion.
2.4. Descriptive statistics and entry–exit analysis
In addition to our main findings, we provide more descriptive statistics on the temporal behaviour of our
system. This approach affords readers a more holistic understanding of the data. Specifically, we look at
how the companies behave in terms of entering and exiting our system over time.
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Figure 6. (a) Kernel density estimate (KDE) plot of entry versus exit year of all companies. The entry year is when the company
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the same pattern, i.e. the same entry and exit years. (b) Probability density function of entry rates (the revenue the companies
received in their entry years), exit rates (the revenue the companies received in their exit years), mean (average annual revenue per
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Findings are shown in figure 6a, where it is evident that the majority of companies were active
throughout the entire time span, from 2003 to 2019 (i.e. they joined the system in 2003 and stayed
until the end of our dataset). The next largest group of companies entered the system between 2008
and 2015 and remained active until the end. On the other hand, there are companies that entered in
2003 but remained only for a few years. Finally, there are a few companies that both entered and
exited sometime in between, spending only a few years in our system.

Figure 6b presents the distribution of entry and exit rates, in addition to the mean and median of
yearly public revenue. The first three variables exhibit a similar pattern. This implies that most
companies enter the system with an average revenue of 10k EUR per year, receive a comparable
revenue each year while they stay in the system, and eventually exit the system receiving a similar
revenue in the last year. From the median distribution, it is apparent that there are two primary
peaks: one that indicates a large group of companies that received no payments at least half of the
time, and a relatively smaller group that received around 10k EUR at least half of the time. These
results indicate that most companies roughly stagnate over time, receiving a similar revenue from year
to year. Meanwhile, a relatively small number of ‘key players’ seamlessly attract greater revenue.
3. Discussion
We studied publicly available data from the CPC of the Republic of Slovenia, with the goal of better
understanding the driving mechanisms behind the country’s public-to-private spending.4 Hypothesizing
self-organization as one of its leading mechanisms seemed rather unpromising in light of the ‘human
nature’ involved in it. Nevertheless, our hypothesis, established along the lines of Schumpeter [5] and
Gibrat [6], prevailed. In particular, we have shown that the distributions of total spending could be
fitted reasonably well by a power law or a lognormal function. Moreover, the attachment rate of
public spending to companies over time is roughly a linear function of total spending during the entire
period. We have also shown evidence in favour of first-mover advantage [31,32]. As it turns out, the
companies that started doing business with Slovenia between 2004 and 2007 are still those that, even
after all these years, receive the most generous annual amounts of spending. Overall, this represents
persuasive evidence in favour of self-organization in Slovenian public spending, as the title of our work
suggests.

In a way, the above findings speak in favour of the fairness of Slovenian government bodies: they
award larger business deals to companies that have already proven themselves by successfully
4In 2022, the CPC updated the identification system for entities, switching from tax numbers to identification numbers, which now
produces different results for the allocation of public funds to each entity. To address this, the CPC is currently enhancing the Erar
application, scheduled for completion by the end of 2024. Consequently, it is important to note that the data available now may
differ from what was observed and processed in this work.
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completing similar sized deals. However, let us for a moment put a cynical hat on and entertain a
disbelief in the integrity of political action in Slovenia. Are there alternative mechanisms that might
give rise to the same statistics? One could reasonably expect that the leverage and lobbying power of
any private company grows with its success in making business deals, with the government or
otherwise. Various sectors, ranging from finance to the meat industry, are ripe with conflicts of
interest, where previous incumbents assume powerful positions to ‘guide and advise’ on investment
strategy and company policy. It would be naive not assume that this translates to proportional
growth, but driven more by all-too-human motives and agendas rather than by pure self-organization.
This would fit to our data too, given that older companies—and one has to assume that the very fact
a company exists for a long time is because it is successful and growing—are those that attract the
most funding. To give substance to such pondering, however, would require onymous data, with
ample insight into the leading structures of companies and their political histories. To some degree,
such data occasionally leaks online, is mentioned in impactful documentaries, or put together through
careful and laborious gathering of various sources [42]. Unfortunately, more often than not, such
information is not available, especially for scientific purposes.

Nevertheless, somewhat contrasting to this is our result that larger companies—the biggest 15 000 or
less—seem to be more governed by self-organizing principles than smaller companies. This means that
departures from perfect self-organization are more prominent for smaller companies, for whatever reason
it may be. We believe this could be explained independently from the corruption-versus-integrity debate.
Namely, none of the companies, large or small, are constrained to do business exclusively with the state.
Instead, (probably) all of them are operating in the market too, and possibly do business with states other
than Slovenia. None of this is reflected in our data, meaning that it may well be that smaller companies
tend to do most of their business on the market and only occasionally interact with public budgets. If we
also had at our disposal data on actual market spending, the results on self-organization might have been
very different. But private-to-private spending is under no obligation to be reported to the CPC and
hence is not at our disposal.

A separate methodological challenge is presented by the transactions that were not reported to the
CPC. This behaviour is illegal in Slovenia, but unfortunately, we have no way of learning about this
part of the relevant data. We estimate that such transactions do not represent a major fraction in the
overall public-to-private spending. Still, we have no way of precisely measuring how large this
fraction is, nor what its impact would be on the self-organization found in our system. An interesting
speculation involves the idea that this might be (part of the) data missing for precise self-organization.

We finish with several ideas for future work. One of them is to cluster these companies (their time
series) according to their business logic. This amounts to extracting commonalities in their dynamics
and grouping them accordingly. This is the main avenue of our future work, which we may
eventually extend using newer methods of time series analysis (e.g. shapelets [43]). On the other
hand, the CPC also keeps track of specific business sectors behind each transaction in our dataset.
Having this data would allow us to examine which businesses profit most from the state, how this
changes from one government to the next, etc. Other ideas involve complementing our data with
private-to-private transactions. Since tax must be paid for each such transaction, this data is available.
We attempted to obtain it but were unsuccessful (so far). Finally, one may wonder how the state
generates the funds it later spends on the private sector, and if these two processes are in any way related.
4. Methods
In this section, we provide more technical detail about our methodology used to obtain the results
described in the previous section. We begin by schematizing the approach we used to argue in favour
of self-organization. The steps we followed are shown in the form of a flow chart in figure 7. In the
reminder of this section, we dive deeper into details of every method used and explain how our
research framework can be reproduced.
4.1. Data and reproducibility
The dataset used for this study is available in our Dryad repository at https://doi.org/10.5061/dryad.
5x69p8d6x. The complete code that support the findings is available in the same repository and is
divided into three .py files. First-mover advantage analysis presented in §2.1 can be reproduced by

https://doi.org/10.5061/dryad.5x69p8d6x
https://doi.org/10.5061/dryad.5x69p8d6x


Data. Total public
spending per company

over the given
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Overall data analysis
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spending network?

Checking for power law
Question: Is there
presence of the power law
or lognormal fit in our
data distribution?
Method: Clauset’s
approach proposed in [12]
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Figure 7. Chart flow of all the steps used for testing the presence of self-organization in public spending on private companies in
Slovenia.
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running first_mover.py script from our Dryad repository. Programming codes for other parts of our
methodology are also available, as described below.
s
R.Soc.Open

Sci.10:221279
4.2. Power law
To test if a certain variable is distributed according to the power law is more complicated than making a
simple least-squares fit. There has been quite some debate about this, but luckily, the literature now offers
several ways to test this in any system. We availed ourselves of the method proposed by Clauset et al. in
[12]. For calculating all presented results in §2.2, we use powerlaw: A Python Package for Analysis of Heavy-
Tailed Distributions developed by Alstott et al. [44], since it follows the approach of Clauset et al. [12].
Obtained results can be reproduced by running the powerlaw_fit.py script.

Mathematically, x obeys a power law if it is drawn from a probability distribution: p(x)∼ x−α, where α
is a constant parameter of the distribution known as the exponent or scaling parameter. According to the
recipe from Clauset et al. [12], there are three main steps for analysing power-law fit.
4.2.1. Estimating xmin and α

Most often, the power law applies only for values greater than some minimum xmin, so the first step is to
estimate xmin and the scaling parameter α. For this task, proposed methods are explained in section 3 of
[12]. For α estimation, the proposed method is of maximum likelihood. For estimation of xmin, we take the
value that makes the probability distributions of the measured data and the best-fit power-law model as
similar as possible above xmin. As a measure for quantifying the distance between two probability
distributions, the Kolmogorov–Smirnov statistic is used.
4.2.2. Goodness-of-fit test

Given our dataset and a hypothesized power law from which the data are drawn, the next step is to check
if a power law is a plausible fit for our dataset. For this task, proposed methods are explained in section 4
of [12]. We perform a goodness-of-fit test, which generates a p-value that quantifies the plausibility of the
hypothesis. Such tests are based on measurement of the ‘distance’ between the distribution of
the empirical data and the hypothesized model. As a measure of quantifying the distance, again the
Kolmogorov–Smirnov test statistic [45,46] is used. Once we have our p-value, we need to make a
decision about whether it is small enough to reject our null hypothesis, or to accept that the power
law is a plausible fit. If the resulting p-value is greater than 0.1, the power law is a plausible
hypothesis for the data, otherwise it is rejected. However, p close to 1 does not immediately mean that
we have a power law; it only means that we have a case for plausibility of a power-law fit.
4.2.3. Likelihood ratio test

This brings us to the final step: the LR test, whereby we compare our fit with other candidates. For
consistency with [12], we selected these possible fits to be lognormal, exponential and stretched
exponential (of course, one could have included more possibilities). Our goal here is to rule out these
competitive distributions. To this end, we calculate logarithm values of the LRs between each two
candidates: a power law and the alternative. Each such comparison comes with a corresponding
p-value. The sign of LR indicates whether the alternative is more favoured than the power law: a
positive LR means that the power-law fit is better, whereas a negative LR means that the alternative is
better. As for the respective p-values, if p is small enough (p < 0.1), then we have a reliable indicator
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of which fit is better. By contrast, if p is large, then the sign of LR is not a reliable indicator of which fit is
better.

4.3. Preferential attachment
Based on the assumption that the dynamics of our public spending system may be characterized by the
mechanism where the company that received more in the given year will be more likely to receive even
more in the following years, we have determined the average attachment rate following Redner’s
approach described in [41] as follows. We calculated the attachment rate as A(y) = Δy/y, so it gives the
likelihood that a company with total revenue of y EUR in a given year will have Δy more EUR in the
next year. For even better understanding, we suggest looking at Figs. 1 and 2 in [41]. Our obtained
results are shown in §2.3 and figure 5b, and they suggest that A(y) is a linear function of y. The
results can be reproduced by running the preferential_attachment.py script from our Dryad repository.

Ethics. This work did not require ethical approval from a human subject or animal welfare committee.
Data accessibility. The data and the code that support the findings of this study are available in the Dryad Digital
Repository: https://doi.org/10.5061/dryad.5x69p8d6x [47].

Supplementary material is available at [48].
Authors’ contributions. J.J.: formal analysis, investigation, methodology, software, validation, visualization, writing—original
draft; M.P.: conceptualization, methodology, supervision, writing—review and editing; Z.L.: conceptualization, supervision,
writing—review and editing.

All authors gave final approval for publication and agreed to be held accountable for the work performed therein.
Conflict of interest declaration. We declare we have no competing interests.
Funding. Work on this manuscript was fully funded by the Slovenian Research Agency through the MR-Joksimovic ́
53925 project. The P1-0383 program covered the Open Access fee.
Acknowledgements. We acknowledge support from the Slovenian Research Agency via programs P1-0403 and P1-0383
and via project J1-2457. Many thanks to the Commission for the Prevention of Corruption of the Republic of Slovenia
for their kind cooperation with sharing their challenges, the data and valuable discussion on the final manuscript. We
would also like to thank the reviewers for their constructive feedback, which significantly helped in improving the
paper.
References

1. Cubi-Molla P, Buxton M, Devlin N. 2021

Allocating public spending efficiently: is there a
need for a better mechanism to inform
decisions in the UK and elsewhere? Appl. Health
Econ. Health Policy 19, 635–644. (doi:10.1007/
s40258-021-00648-2)

2. Bak P. 1996 How nature works: the science of
self-organised criticality. New York, NY:
Copernicus Press.

3. Rigney D. 2013 The Matthew effect: how
advantage begets further advantage. New York,
NY: Columbia University Press.

4. Perc M. 2014 The Matthew effect in empirical
data. J. R. Soc. Interface 11, 20140378. (doi:10.
1098/rsif.2014.0378)

5. Schumpeter JA. 1934 The theory of economic
development. Piscataway, NJ: Transaction
Publishers.

6. Gibrat R. 1931 Les inégalités économiques. Paris,
France: Recueil Sirey.

7. Willis JC, Yule GU. 1922 Some statistics of
evolution and geographical distribution in
plants and animals, and their significance.
Nature 109, 177–179. (doi:10.1038/109177a0)

8. Zipf GK. 1949 Human behavior and the principle
of least-effort. Reading, MA: Addison-Wesley.

9. Reed WJ. 2001 The Pareto, Zipf and other
power laws. Econ. Lett. 74, 15–19. (doi:10.
1016/S0165-1765(01)00524-9)
10. Mitzenmacher M. 2004 A brief history of
generative models for power law and lognormal
distributions. Internet Math. 1, 226–251.
(doi:10.1080/15427951.2004.10129088)

11. Newman M. 2005 Power laws, Pareto
distributions and Zipf’s law. Contemp. Phys. 46,
323–351. (doi:10.1080/00107510500052444)

12. Clauset A, Shalizi CR, Newman ME. 2009 Power-
law distributions in empirical data. SIAM Rev.
51, 661–703. (doi:10.1137/070710111)

13. Yule GU. 1925 A mathematical theory of
evolution, based on the conclusions of Dr. J. C.
Willis, F.R.S. Phil. Trans. R. Soc. Lond. B 213,
21–85. (doi:10.1098/rstb.1925.0002)

14. Barabási AL, Albert R. 1999 Emergence of
scaling in random networks. Science 286,
509–512. (doi:10.1126/science.286.5439.509)

15. Gershenson C. 2011 Self-organization leads to
supraoptimal performance in public
transportation systems. PLoS ONE 6, 1–6.
(doi:10.1371/journal.pone.0021469)

16. Guazzini A, Vilone D, Donati C, Nardi A, Levnajić
Z. 2015 Modeling crowdsourcing as collective
problem solving. Sci. Rep. 5, 16557. (doi:10.
1038/srep16557)

17. Vranić A, Smiljanić J, Dankulov MM. 2022
Universal growth of social groups: empirical
analysis and modeling. J. Stat. Mech.: Theory Exp.
2022, 123402. (doi:10.1088/1742-5468/aca0e9)
18. World Bank. 2008 Business case against
corruption. See https://perma.cc/M5M8-XQDR
(accessed 1 December 2016).

19. World Bank. 2016 Anti-corruption. See http://
www.worldbank.org/en/topic/governance/brief/
anti-corruption (accessed 1 December 2016).

20. Hirschfeld MJ. 2006 Book review: global
corruption report 2006: corruption and health.
Nurs. Ethics 13, 665–666. (doi:10.1177/
0969733006069702)

21. Rose-Ackerman S. 1975 The economics of
corruption. J. Public Econ. 4, 187–203. (doi:10.
1016/0047-2727(75)90017-1)

22. Shleifer A, Vishny RW. 1993 Corruption.
Q. J. Econ. 108, 599–617. (doi:10.2307/
2118402)

23. Mauro P. 1995 Corruption and growth. Q. J. Econ.
110, 681–712. (doi:10.2307/2946696)

24. Bardhan P. 1997 Corruption and development: a
review of issues. J. Econ. Lit. 35, 1320–1346.

25. Shao J, Ivanov PC, Podobnik B, Stanley HE. 2007
Quantitative relations between corruption and
economic factors. Eur. Phys. J. B 56, 157–166.
(doi:10.1140/epjb/e2007-00098-2)

26. Haque ME, Kneller R. 2008 Public investment
and growth: the role of corruption public
investment and growth: the role of corruption.
Centre for growth and business cycle research
discussion paper series.

https://doi.org/10.5061/dryad.5x69p8d6x
http://dx.doi.org/10.1007/s40258-021-00648-2
http://dx.doi.org/10.1007/s40258-021-00648-2
http://dx.doi.org/10.1098/rsif.2014.0378
http://dx.doi.org/10.1098/rsif.2014.0378
http://dx.doi.org/10.1038/109177a0
http://dx.doi.org/10.1016/S0165-1765(01)00524-9
http://dx.doi.org/10.1016/S0165-1765(01)00524-9
http://dx.doi.org/10.1080/15427951.2004.10129088
http://dx.doi.org/10.1080/00107510500052444
http://dx.doi.org/10.1137/070710111
http://dx.doi.org/10.1098/rstb.1925.0002
http://dx.doi.org/10.1126/science.286.5439.509
http://dx.doi.org/10.1371/journal.pone.0021469
http://dx.doi.org/10.1038/srep16557
http://dx.doi.org/10.1038/srep16557
http://dx.doi.org/10.1088/1742-5468/aca0e9
https://perma.cc/M5M8-XQDR
http://www.worldbank.org/en/topic/governance/brief/anti-corruption
http://www.worldbank.org/en/topic/governance/brief/anti-corruption
http://www.worldbank.org/en/topic/governance/brief/anti-corruption
http://dx.doi.org/10.1177/0969733006069702
http://dx.doi.org/10.1177/0969733006069702
http://dx.doi.org/10.1016/0047-2727(75)90017-1
http://dx.doi.org/10.1016/0047-2727(75)90017-1
http://dx.doi.org/10.2307/2118402
http://dx.doi.org/10.2307/2118402
http://dx.doi.org/10.2307/2946696
http://dx.doi.org/10.1140/epjb/e2007-00098-2


royalsocietypublishing.org/journal/rsos
R.Soc.Open

Sci.10:221279
13

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

04
 A

ug
us

t 2
02

3 
27. Gupta S, Davoodi H, Alonso-Terme R. 2002
Does corruption affect income inequality and
poverty? Econ. Gov. 3, 23–45. (doi:10.1007/
s101010100039)

28. Wikipedia. 2023 Government spending. See
https://en.wikipedia.org/wiki/Government_
spending (accessed 5 April 2023).

29. CPC. 2021 About the commission. See https://
www.kpk-rs.si/en/ (accessed 29 December
2021).

30. CPC. 2021 Commission for the prevention of
corruption of the Republic of Slovenia. See
https://en.wikipedia.org/w/index.php?title=
Commission_for_the_Prevention_of_
Corruption_of_the_Republic_of_Slovenia
\&action=history (accessed 28 December 2021).

31. Kerin RA, Varadarajan PR, Peterson RA. 1992
First-mover advantage: a synthesis, conceptual
framework, and research propositions. J. Mark.
56, 33–52. (doi:10.2307/1251985)

32. Newman MEJ. 2009 The first-mover advantage
in scientific publication. Europhys. Lett. 86,
68001. (doi:10.1209/0295-5075/86/68001)

33. Barabási AL. 2015 Network science. Cambridge,
UK: Cambridge University Press.

34. Stumpf MPH, Porter MA. 2012 Critical truths
about power laws. Science 335, 665–666.
(doi:10.1126/science.1216142)
35. Yan XY, Han XP, Wang BH, Zhou T. 2013
Diversity of individual mobility patterns and
emergence of aggregated scaling laws. Sci. Rep.
3, 2678. (doi:10.1038/srep02678)

36. Toarna A, Cojanu V. 2015 The 2008 crisis: causes
and future direction for the academic research.
Procedia Econ. Finance 27, 385–393. (doi:10.
1016/s2212-5671(15)01010-2)

37. Ban K, Perc M, Levnajić Z. 2017 Robust clustering
of languages across wikipedia growth. R. Soc.
Open Sci. 4, 171217. (doi:10.1098/rsos.171217)

38. Barabási AL. 2002 Linked: the new science of
networks. Cambridge, MA: Perseus.

39. Levnajić Z, Tadić B. 2008 Self-organization in
trees and motifs of two-dimensional chaotic
maps with time delay. J. Stat. Mech.: Theory
Exp. 2008, P03003. (doi:10.1088/1742-5468/
2008/03/P03003)

40. Perc M. 2010 Growth and structure of Slovenia’s
scientific collaboration network. J. Informetr. 4,
475–482. (doi:10.1016/j.joi.2010.04.003)

41. Redner S. 2005 Citation statistics from 110 years
of physical review. Phys. Today 58, 49–54.
(doi:10.1063/1.1996475)

42. Ribeiro HV, Alves LGA, Martins AF, Lenzi EK, Perc
M. 2018 The dynamical structure of political
corruption networks. J. Complex Netw. 6,
989–1003. (doi:10.1093/comnet/cny002)
43. Zorko A, Frühwirth M, Goswami N, Moser M,
Levnajić Z. 2020 Heart rhythm analyzed via
shapelets distinguishes sleep from awake. Front.
Physiol. 10, 1–16. (doi:10.3389/fphys.2019.
01554)

44. Alstott J, Bullmore E, Plenz D. 2014 Powerlaw: a
python package for analysis of heavy-tailed
distributions. PLoS ONE 9, 1–18. (doi:10.1371/
journal.pone.0085777)

45. D’Agostino RB, Stephens MA. 2020 Goodness-of-
fit techniques. New York, NY: Marcel Dekker, Inc.

46. Monti GS. 2018 Rethinking the Kolmogorov-
Smirnov test of goodness of fit in a
compositional way. Pearson, pp. 1–6. See
https://hdl.handle.net/10281/214358.

47. Joksimović J, Perc M, Levnajić Z. 2023 Data from
Commission for the Prevention of Corruption of
the Republic of Slovenia: public-to-private
transactions. Dryad Digital Repository. (doi:10.
5061/dryad.5x69p8d6x)

48. Joksimović J, Perc M, Levnajić Z. 2023 Self-
organization in Slovenian public spending.
Figshare. (doi:10.6084/m9.figshare.c.6751459)

49. J. sektor. Institucije države. 2021 eUprava. See
https://e-uprava.gov.si/drzava-in-druzba/javni-
sektor/drzavna-uprava (accessed 19 January 2021).

50. Carron J. 2021 Violin plots 101: visualizing
distribution and probability density.

http://dx.doi.org/10.1007/s101010100039
http://dx.doi.org/10.1007/s101010100039
https://en.wikipedia.org/wiki/Government_spending
https://en.wikipedia.org/wiki/Government_spending
https://www.kpk-rs.si/en/
https://www.kpk-rs.si/en/
https://en.wikipedia.org/w/index.php?title=Commission_for_the_Prevention_of_Corruption_of_the_Republic_of_Slovenia\&action=history
https://en.wikipedia.org/w/index.php?title=Commission_for_the_Prevention_of_Corruption_of_the_Republic_of_Slovenia\&action=history
https://en.wikipedia.org/w/index.php?title=Commission_for_the_Prevention_of_Corruption_of_the_Republic_of_Slovenia\&action=history
https://en.wikipedia.org/w/index.php?title=Commission_for_the_Prevention_of_Corruption_of_the_Republic_of_Slovenia\&action=history
http://dx.doi.org/10.2307/1251985
http://dx.doi.org/10.1209/0295-5075/86/68001
http://dx.doi.org/10.1126/science.1216142
http://dx.doi.org/10.1038/srep02678
http://dx.doi.org/10.1016/s2212-5671(15)01010-2
http://dx.doi.org/10.1016/s2212-5671(15)01010-2
http://dx.doi.org/10.1098/rsos.171217
http://dx.doi.org/10.1088/1742-5468/2008/03/P03003
http://dx.doi.org/10.1088/1742-5468/2008/03/P03003
http://dx.doi.org/10.1016/j.joi.2010.04.003
http://dx.doi.org/10.1063/1.1996475
http://dx.doi.org/10.1093/comnet/cny002
http://dx.doi.org/10.3389/fphys.2019.01554
http://dx.doi.org/10.3389/fphys.2019.01554
http://dx.doi.org/10.1371/journal.pone.0085777
http://dx.doi.org/10.1371/journal.pone.0085777
https://hdl.handle.net/10281/214358
http://dx.doi.org/10.5061/dryad.5x69p8d6x
http://dx.doi.org/10.5061/dryad.5x69p8d6x
http://dx.doi.org/10.6084/m9.figshare.c.6751459
https://e-uprava.gov.si/drzava-in-druzba/javni-sektor/drzavna-uprava
https://e-uprava.gov.si/drzava-in-druzba/javni-sektor/drzavna-uprava

	Self-organization in Slovenian public spending
	Introduction
	Data

	Results
	First-mover advantage
	Overall dynamics of public spending
	Growth rates of most successful companies

	Testing for presence of a power law
	Testing for presence of preferential attachment
	Descriptive statistics and entry–exit analysis

	Discussion
	Methods
	Data and reproducibility
	Power law
	Estimating xmin and α
	Goodness-of-fit test
	Likelihood ratio test

	Preferential attachment
	Ethics
	Data accessibility
	Authors' contributions
	Conflict of interest declaration
	Funding

	Acknowledgements
	References


