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Abstract

This paper adopts a complex network approach for discussing the level
of heterogeneity and cohesiveness among �rms that have used a particular
�nancial instrument � the so-called minibond. The nodes of the networks
represent �rms, and the weight of a link is assumed to be increasing with
the similarity of the corresponding nodes/�rms � where similarity is in-
tended in terms of speci�c economic-�nancial characteristics of the �rms.
We assess the level of heterogeneity through the strength degree and the
level of cohesiveness through the clustering coe�cient. The empirical ex-
periments are based on the paradigmatic case of the Italian reality, where
minibonds have been and are currently e�ciently used. The analysis re-
veals regularities and discrepancies among �rms' �nancial characteristics.
Furthermore, the results suggest the potential identi�cation of the main
determinants of minibonds issuance.
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1 Introduction

Complex network analysis is a very e�cient mathematical tool through which
it is possible to detect the presence of iterations among di�erent agents (see [1],
[2]). The nature of a complex network explains its use in many areas of applied
sciences. Its versatility can be used in many scienti�c �elds such as biological,
social, geophysics, climate, brain network, and many other types. Many studies
have focused on understanding how the cells of an organism interact or how cer-
tain viral diseases spread (see e.g., [3], [4] and [5]). Others have looked at social
networks, identifying the most in�uential agents present in the social pattern
(see e.g., [6] and [7]). Climate change and extreme events have been studied
through complex networks (see e.g., [8] and [9]), as well as brain connections
(see e.g., [10] and [11]).

Among the various �elds of application, economics has seen increasing use
of complex network analysis in recent years. In particular, there are many rel-
evant contributions dealing with economics and �nance in a complex network
context. We mention [12] who analyses the topological characteristics of net-
works in the context of the stock markets. In the quoted paper, the authors
use a threshold method to construct the correlation network of Chinese stocks
and then study the structural properties of the network and topological stabil-
ity. In [13], the authors compute the structural similarity of �nancial indicators
using normalised Euclidean distance. They construct networks based on �rm
performance and analyse the topological characteristics and parameters of the
networks to represent the level of similarity among �rms. In [14] the authors
use a network based on the similarity of �nancial indicators built through Pear-
son's correlation coe�cient, providing a quantitative approach to investigate the
investments and the �nancial management of the �rm on the energy stock mar-
ket. Noticeably, [15] introduces a new measure of resilience in which investment
funds represent nodes, and links are weighted according to the capitalisation
due to the common components of the connected nodes. Other scholars analyse
the topology of networks to reconstruct a country's payment system (see [16]).
Some researchers use the power of complex networks to gain insights into the
role that each �rm plays within a supply chain or to study the logistics and sup-
ply chain management of �rms (see [17], and [18]). Others apply network theory
to managerial decision-making; in this respect, Fracassi [19] proves that man-
agers' professional and educational connections have important implications in
decision-making. These social connections also have consequences for the value
of �rms; the quoted paper shows that more socially connected managers show
better economic performance. A very recent example is [20], where the authors
propose a standard multilayer network model for discussing the systemic risk
of a set of interconnected insurance companies. In the context of the Chinese
�nancial institutions, [21] build a �nancial network � as we do in the present
paper � and explore it through the most popular nodal centrality measures, like
strength degree and closeness centrality.

We share the point of view of the papers quoted above. Indeed, this paper
aims to add to the strand of research related to studying complex networks
applied to the economic-�nancial �eld, speci�cally corporate �nance. In partic-
ular, we develop an empirical investigation on a speci�c �nancial instrument, the
so-called minibond. Minibonds represent a group of �nancial securities that un-
listed companies can issue. They are mainly issued by small and medium-sized
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enterprises (SMEs) and are a reliable alternative to traditional funding channels
(for more details on such a �nancial instrument, see [22]). Recent contributions
explore some crucial implications of introducing such an instrument in this re-
gard. In [23], the authors show that the average credit quality of minibond
issuers is higher than the average of SMEs.Therefore, they discuss the Italian
market and state that the reasons companies exploit this �nancing channel is
not the lack of alternatives but rather a series of advantages such as access to
the capital market, diversi�cation, or reducing bank dependence. In [24], schol-
ars analyse the minibond market in Germany. The quoted paper highlights
the possibility that low-quality �rms can exploit this new �nancing channel to
raise funds since rating agencies cannot e�ectively distinguish the quality of
�rms. In conclusion, high-quality �rms tend to issue undervalued minibonds to
signal their high quality. In [25], the authors propose a fascinating study on
behalf of the European Central Bank (ECB), carrying out interesting results.
First, they state that diversi�cation of funding sources allows �rms to reduce
hold-up e�ects (see [26]) in the relationship between banks and �rms, increasing
bargaining power towards banks. In addition, the use of minibonds minimises
companies' dependence on the banking system, although the level of �nancial
debt increases. This suggests that �rms tend to replace bank debt with market-
based debt, thus keeping the cost of debt unchanged. Finally, they point out
that using this new �nancial instrument increases total assets and �xed assets.

This paper o�ers a novel methodological approach for exploring the �rms
issuing minibonds based on complex networks theory. In particular, we consider
�rms as the nodes of a weighted undirected network. The links' weights are
built by considering that two highly similar �rms are strongly connected. The
similarity is here intended in the light of several variables related to the �rms'
characteristics like total assets, pro�tability and leverage, just to mention a few.
The ground of our proposal is that �rms with similar features tend to show the
same level of development in terms of the considered characteristics (see e.g.,
[13] and [27]).
More speci�cally, we analyse two di�erent aspects.

First, we discuss the heterogeneity of the �rms issuing minibonds in terms
of the considered �nancial variables and how such heterogeneity varies around
the issuance time.

Second, we discuss the heterogeneity in terms of the considered �nancial
variables of the collection of �rms that are adjacent to a given one. In doing
so, we explore the cohesiveness of the environment surrounding �rms, when
similarity means strong connections. More than this, we analyse the variation
of such cohesiveness around the minibond issuance date.

To pursue the targets, we investigate the networks through highly informa-
tive nodal centrality measures. In so doing, we are in the line of a large strand
of research concerning network analysis and its properties. In fact, several mea-
sures allow us to understand which are the most important nodes, the types of
connections and possible associations (see [28], [29], [30], [31], [32], [33], [34].

We employ the strength degree centrality and the clustering coe�cient to
face our problems. Indeed, the strength degree describes the homogeneity of the
structure of �rms' interconnections, with a clear focus on their entities. In doing
so, the analysis of the strength of the nodes gives insights on the modi�cation
of the similarities among the �rms � of course, in terms of their main �nancial
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variables � when also considering the minibond issuance. The clustering coef-
�cient is a proxy of the nodes' cohesiveness and the network as a whole. Our
�nancial setting provides information on the variation of the embeddedness of
the nodes in the overall �nancial context when such cohesiveness is generated by
similar �nancial variables and in the presence of minibonds issuance. In other
words, we can summarise the di�erence between strength degree and clustering
coe�cient information content as follows. The strength degree is used to see
if �rms present similar characteristics (high strength) or dissimilar ones (low
strength). The clustering coe�cient is used to see if �rms are close to other
�rms presenting similar features (high clustering coe�cient) or dissimilar ones
(low clustering coe�cient). Therefore, a high strength degree can also be ob-
tained with a low clustering coe�cient. Indeed, a �rm can be highly similar
to a large set of other companies (high strength), but, at the same time, its
neighbourhoods can show di�erent characteristics (low clustering coe�cient).

The explored concepts of heterogeneity and cohesiveness have the merit of
describing �rms as a system instead of as disaggregated entities. This approach
o�ers a global view of the companies issuing minibonds in terms of their per-
formances and over a time period, without preventing the exploration of the
individual elements of the considered sample. Such crucial property of the com-
plex network frameworks is not available in other methodological contexts like
cluster analysis or regression models.

The methodological proposal is tested over a high-quality dataset of Italian
�rms issuing minibonds in 2018. The sample is taken from the annual report
of Politecnico di Milano (Osservatorio Mini-Bond [35]), in which a list of 176
issuing companies in 2018 is provided. The selected �nancial indicators are
linked to some essential characteristics in the life of the enterprise, such as size,
pro�tability, collaterals, and age, to name just a few. In particular, we divide
these characteristics into two sets. In the �rst one, we include features that
can only be observed at the time of issuances. In the second set, we consider
annual �nancial statements from 2016 to 2019, hence obtaining an overview of
the situation before, after and at the time of issuance. In this respect, we build
one network for each year and for each �nancial variable.

The empirical sample is quite relevant. Indeed, most SMEs are issuing for the
�rst time in the Italian minibond market. Due to their high degree of opacity,
these companies have more di�culty accessing �nancial markets than larger
ones (see [36]). Nevertheless, in Italy, SMEs represent 99% of all enterprises
(see [37]) and are the backbone of the economy. Only a few of them have
issued minibonds. Understanding the characteristics of companies that have
already issued minibonds, the determinants that lead an SME to decide to issue
minibond, and the �nancial strategies that can be implemented can help identify
potential issuers and provide insights for policy makers. In addition, identifying
the consequences of issuing minibonds may encourage potential issuers to take
advantage of this source of debt diversi�cation. Analysis of what happens on
and around the date of issue should provide a better understanding of the value
of tapping into the minibond market for SMEs.

Results go in the direction of understanding relevant features of the mini-
bonds market. Furthermore, we obtain insights on the level of similarity of the
companies issuing minibonds, the e�ect of such a �nancial strategy on the con-
sidered variables and the potential determinants of minibonds issuance, raising
awareness of the decision-makers on the usefulness of such a �nancial instru-
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ment.
To the best of our knowledge, this is the �rst paper advancing the study of

�rms' life when introducing minibonds in the context of a complex network.
The paper is organised as follows. Section 2 presents the selected sample by

explaining in detail the characteristics chosen for both sets and some descriptive
statistics. Section 3 provides some preliminary information on the notation,
similarity approach, and the adopted centrality measures. Section 4 reports
the obtained results, while Section 5 carries out a discussion of the empirical
�ndings. The last section 6 o�ers some conclusive comments and remarks.

2 Data

The theoretical network models, as speci�ed above, are implemented through
an empirical study based on datasets referring to Italian �rms. The empirical
data refer to a group of �rms that share minibond issuance in the reference year
2018. The dataset is based on the information provided by the annual report
dedicated to minibonds and published by Politecnico di Milano (see [35]). The
sample includes 176 enterprises of small, medium and large size. The number
of issuances of minibonds is equal to 198. To obtain the �nancial variables, we
retrieved the �nancial statements of the upstream and downstream issuing �rms
through Bureau Van Dijk's (BVD)-AIDA, which collects a broad set of infor-
mation � including the �nancial statements � of over 500, 000 Italian companies.
The reference period is 2016-2019, thus before, at and after minibonds issuance.
This phase has reduced the cardinality of the sample to 94 companies in that
not all the considered �rms provide complete documentation to BDV-AIDA.
We have collected seven variables observed from 2016 to 2019 and �ve at in
the issuing time1. For the list and the description of the considered �nancial
variables, see Subsection 2.1. As a result, we have 33 di�erent networks, each
of them having 94 nodes (see Section 3 for the �nancial network model).

2.1 Firm variables

The considered variables are divided into two sets as preannounced in the Intro-
duction. In set 1, we have the companies' characteristics at the issuance date of
2018; in set 2, we have the features that are recorded over the years 2016-2019.

In set 1 we have:

• Age is the number of the years from the foundation of the �rms and the
issuance year 2018. It is denoted by AGE_2018.

• Amount is the amount of the bond issued in 2018. It is expressed in
millions of euro. Multiple issuances by the same company in 2018 have
been aggregated. AM_18 denotes the amount issued in 2018.

• Minibond interest rate represents the rate at which investors are remu-
nerated; it is expressed as a percentage. Multiple issuances in 2018 have
been aggregated through a simple weighted average in which the weights

1Through personal communication with Giancarlo Giudici - who is the scienti�c director of

the Mini-Bond Observatory � we have been able to add more variables at the time of issuance,

such as applied interest rate, maturity and amount issued by companies in 2018.
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Maturity
<1 1-5 >5

First quarter 1.87 1.32 2.80
Second quarter 1.83 1.77 2.91
Third quarter 2.02 1.61 2.78
Fourth quarter 1.85 1.70 2.60
MEAN 1,89 1,60 2,77

Table 1: The table shows the values in percentage of the average interest rates
applied to all the Italian companies in the quarters of 2018. The source of the
data is Banca d'Italia; speci�cally, the data were collected from [38]. The last
row is the average of the quarterly interest rates applied in 2018.

are proportional to the amount of minibonds issued. MIR_18 denotes the
minibond interest rate in 2018.

• Spread is given by the di�erence between bank interest rate applied in
2018 to companies and minibond interest rate. It is expressed in percent-
age. To make the measure more homogeneous, we have considered three
di�erent levels of bank interest rate, as shown in table 1. Speci�cally,
we consider maturities smaller than 1, between 1 and 5, and larger than
5 years (see [38]). We take the average interest rates charged to �rms
for outstanding transactions in the respective quartiles and average them.
We subtract from these values the interest rate applied to the minibonds'
issuance, according to their respective maturities. The spread in 2018 is
denoted by SPR_18.

• Maturity is the number of the years from the �rms' emission to the natural
expiration date of the security. In the case of multiple issuances, the data
are aggregated according to a weighted average, where the weights are
proportional to the amount of minibonds issued. MY_18 denotes the
maturity of minibond issued in 2018.

In set 2 we have:

• Size collects the total assets of the issuing companies; it is expressed in
millions of euro. TA_yy denotes the size variable, in the year 20yy.

• GrowthOpportunity is given by the growth rate of sales � or sale varia-
tions; it is expressed in percentage. GO_yy stands for sales variations in
year 20yy.

• Collateral is given by the ratio between tangible assets and total assets.
It is a proxy for the guarantees o�ered by the issuing companies. COL_yy
denotes collateral in the year 20yy.

• Leverage is given by the ratio between �nancial debts and total assets.
This index expresses the company's level of indebtedness. LEV_yy is
leverage variable in the year 20yy.

• Profitability is measured as the ratio between earnings before interests,
taxes, depreciation and amortization (EBITDA) � which is one of the
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main measures used to assess economic health of companies � and the
total assets. It is expressed in percentage. This ratio allows to measure
how pro�table a company is before considering leverage. As pointed out
by [39], considering EBITDA limits the impact of potential accounting
manipulations. PR_yy denotes the pro�tability in the year 20yy.

• Risk F irm is proxied by the volatility of the pro�tability. It is measured
as the absolute di�erence between annual pro�tability of a given �rm i in
year t and the average annual pro�tability of a �rm i across the sample
period (see [39]). FR_yy denotes the variable �rm risk, in the year 20yy.

• Liquidity is given by the ratio between the current assets and the current
liabilities. LIQ_yy denotes liquidity variable in the year 20yy.

The summary of the considered variables is given in Table 2.

VARIABLE DEFINITION OR PROXY UNIT OF MEASURE REFERENCE YEARS
AGE_18 seniority years 2018
AM_18 emissions in 2018 millions of e 2018
MIR_18 minibond interest rate dimensionless, a percentage 2018
SPR_18 bank interest rate - MIR dimensionless, a percentage 2018
MY_18 minibond maturity years 2018
TA_yy total assets in year yy millions of e 2016�2019
GO_yy sales growth in year yy dimensionless, a percentage 2016�2019
COL_yy tangible assets/total assets in year yy millions of e 2016�2019
PR_yy EBITDA/total assets in year yy dimensionless, a percentage 2016�2019
FR_yy volatility of pro�tability in year yy dimensionless, a real number 2016�2019
LIQ_yy current assets/current liabilities in year yy dimensionless, a percentage 2016�2019
LEV_yy �nancial debt/total assets in year yy dimensionless, a percentage 2016�2019

Table 2: Variables' summary

Table 3 shows the main descriptive statistics for the considered variables
over the sample of �rms. We here provide a few comments on such descriptive
statistics.

The variables belonging to set 1 show a controversial pattern. On average,
minibond interest rates and spreads are rather stable, with standard deviations
close to zero and means around 4 (MIR_18) and -2 (SPR_18). Much more
scattered are the distributions of age, amount and maturity, with larger values
of the standard deviation compared to the means. Regarding their distribution,
we see that all the variables are leptokurtic; however, minibond interest rate,
spread, and age are not too far from a normal distribution, with kurtosis and
skewness close to zero. Di�erently, amount and maturity show positive non-
negligible skewness, hence having a tail on the right.

The variables belonging to set 2 present sometimes marked deviations and
quite regular behaviour in other cases.

The variables of the group TA_yy show a high level of variability � with
a large variation range and standard deviation. Compared to the mean, the
standard deviations of the variables labelled by COL_yy, PR_yy and FR_yy
are rather large, while the remaining variables exhibit lower variations on av-
erage. The group variables in PR_yy are more diversi�ed than the previous
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VARIABLES MEAN ST.D. KURT. SKEW. V.C. MIN MAX

MIR_18 4,21 0.02 0.14 0.11 0.38 0.05 8.5
AM_18 21.95 55.43 12.03 3.52 2.52 0.40 300.00
SPR_18 -1.97 0.02 0.29 -0.17 -0.85 -6.90 1.79
MY_18 5.23 2.77 8.02 1.41 0.53 0.50 20.02
AGE_18 29.40 16.31 0.96 0.78 0.55 5.00 88.00
TA_19 733.37 5160.54 91.31 9.50 7.03 5.86 49887.23
TA_18 709.46 5042.33 91.53 9.52 7.10 5.94 48764.71
TA_17 677.15 4902.60 91.82 9.54 7.24 5.39 47436.54
TA_16 670.49 4937.41 92.19 9.56 7.36 4.65 47807.99
GO_19 3.95 0.21 10.24 2.15 5.22 -53.95 116.02
GO_18 8.55 0.28 18.47 2.52 3.32 -96.89 188.25
GO_17 124 10.86 93.92 9.69 8.72 -97.43 10535
GO_16 24.5 1.60 90.62 9.44 6.53 -34.82 1548.3

COL_19 0.21 0.19 0.84 1.14 0.94 0.00 0.85
COL_18 0.20 0.19 0.77 1.17 0.96 0.00 0.83
COL_17 0.20 0.20 1.48 1.37 0.98 0.00 0.81
COL_16 0.21 0.21 1.87 1.46 1.01 0.00 0.94
PR_19 6.09 5.28 4.88 -0.81 0.87 -18.66 22.14
PR_18 6.60 4.60 1.05 0.62 0.70 -3.17 21.47
PR_17 6.94 5.26 1.71 0.81 0.76 -3.27 23.55
PR_16 7.16 7.53 6.54 -0.43 1.05 -29.26 33.42
FR_19 2.02 2.81 7.43 2.62 1.39 0.00 15.19
FR_18 1.32 1.61 6.51 2.30 1.22 0.02 8.46
FR_17 1.50 1.87 7.97 2.60 1.25 0.00 10.07
FR_16 2.43 4.17 17.09 3.79 1.72 0.01 27.60
LIQ_19 1.42 0.80 6.99 2.20 0,56 0.34 5.23
LIQ_18 1.53 0.89 9.42 2.66 0.58 0.34 6.00
LIQ_17 1.37 0.79 8.90 2.59 0.58 0.27 5.46
LIQ_16 1.58 1.80 56.57 6.90 1.14 0.21 16.83
LEV_19 0.41 0.17 -0.61 0.10 0.41 0.07 0.82
LEV_18 0.40 0.16 -0.39 0.04 0.40 0.08 0.86
LEV_17 0.37 0.16 -0.52 0.06 0.43 0.03 0.82
LEV_16 0.54 0.24 0.88 0.30 0.45 0.04 1.38

Table 3: Descriptive statistics are respectively mean (MEAN), standard devi-
ation (ST.D.), kurtosis (KURT.), skewness (SKEW.), coe�cient of variability
(V.C.), minimum (MIN) and maximum (MAX).

ones, with large variations over the years of the main statistical indicators. We
also observe a signi�cant kurtosis value for TA_yy � which stands for very
spiky distributions of such a variable over the years. Moreover, we generally
have di�erent patterns over the years for some speci�c variables. For instance,
we notice that GO_17 has a mean and standard deviation much larger than
those in GO_16, which is much larger than those in GO_18 and GO_19. For
what concerns the kurtosis and the skewness, GO_16 and GO_17 are around
90 and 10, respectively, while GO_18 and GO_19 are less than 20 and around
2, respectively. Also, the standard deviation of LIQ_16 is more than double
that of LIQ_17, LIQ_18, and LIQ_19, and similar behaviour is observed for
kurtosis (56.57 versus values between 7 and 9) and the skewness (6.90 versus
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values slightly greater than 2).

3 Financial network model

The methodological approach adopted for this study is grounded on complex
networks, with speci�c reference to undirected weighted network context.

We start from a graph G = (V,E), where V represents the set of n nodes
and E is the set of m links connecting couples of nodes.
From now on we will denote the generic node by i, with i ∈ V or similarly
i = 1, ..., n, and the link (i, j) denotes the connection between nodes i and j.
In our context, the links are captured by the n-square weighted adjacency matrix
W = (wij)i,j , with wij = 0 when (i, j) /∈ E � i.e., there is not a link between
i and j � and wij > 0 otherwise. The weights in W carry out two levels of
information: on one side, a positive weight wij certi�es the existence of link
(i, j); on the other side, the value of the weight explains the entity of the related
link; speci�cally, the larger the value of wij , the stronger the connection between
nodes i and j. We also assume that W is symmetric � so that, the links are
not directed � i.e., wij = wji, for each i, j ∈ V . The resulting network is
N = (V,W).
In our empirical investigation, the set V collects the �rms of the considered
sample. We denote the generic variable in set 1 (5 variables) and set 2 (7×4 = 28
variables) by f , so that f can take 33 values. For each �rms variable f and for

year x, we build a network N (f,x) = (V ;W(f,x)). The weighted adjacency

matrix W(f,x) is constructed by taking the similarity of the nodes with respect
to the variable f at year x as the criterion for the construction of the weights.
In this respect, a preliminary step is given by the standardization of the values
of each variable f over the considered companies. Such a data pre-treatment
phase lets the comparability of all the considered variables be possible. With
a reasonable abuse of notation, we will refer to the standardized value of the
generic variable by f , hereafter.
Now, we �x a variable f . We de�ne the distance between two companies i, j ∈ V
in terms of f as d(i, j). We take that the connection between nodes i and j is
strong when such �rms are quite similar, which means that the distance dij is
small. Thus, to capture the entity of the connection between i and j, we de�ne

wf,x
ij =

{ 1
dij+1 for i 6= j;

0, otherwise.
(1)

By (1), we have that the considered networks are full.

By de�nition of the concept of distance d, we know that wf,x
ij in eq. (1) ranges

in [0, 1]. In particular, if i 6= j, we can say that the weight of (i, j) is maximum
and assumes unitary value when d(i, j) = 0, i.e. when fi = fj . Di�erently,

wf,x
ij decreases and approaches 0 when the connection between i and j becomes

weaker � but it cannot be null when i 6= j. The case wf,x
ij = 0 for i = j means

the absence of self-connections/loops.
In the empirical experiments, we take

dij = |fi − fj |, (2)
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where fi and fj are the values of indicator f for companies i, j ∈ V , respectively.
The considered networks are explored in terms of their heterogeneity and cohe-
siveness. To this aim, we exploit two nodal centralities: the degree centrality
measure � called strength degree for the case of weighted networks, which is the
one we treat here � and the clustering coe�cient.

In the following, we brie�y describe such centrality measures.
The strength degree centrality of a node i ∈ V in a weighted undirected

network counts the number of the nodes which are adjacent to i, by including
also the links' weights (see [40, 41]).

In the case of weighted network N (f,x), the strength degree centrality of a
node i ∈ V is de�ned as :

ki =
∑
k∈V

wf,x
ik (3)

According to the de�nition of the weights in (1), a large value of ki means
that node i is quite similar to the other companies of the network, having a
small distance from them in terms of the value of the standardized �nancial
variable f . Therefore, a network whose nodes have substantially high strength
degrees appears to be homogeneous for the considered variable f . Conversely,
low strength degrees are associated to marked distances among the companies
� hence, leading to a more scattered and heterogeneous population.

The (local) clustering coe�cient Ci of a node i ∈ V concerns the level of
embeddedness of i in the surrounding environment of its adjacents � in the whole
network, in our context. It is the ratio between the existing triangles formed by
the links around i and the hypothetical ones, where triangles are evaluated by
including also the weights of the links. Therefore, the local clustering coe�cient
of a node ranges between 0 and 1, being close to 1 when the cohesiveness around
i is strong and close to 0 in the opposite case of weak embeddedness.

For a weighted network N (f,x), the clustering coe�cient Ci for a node i ∈ V
is de�ned as follows (see [42]):

Ci =
1

(n− 1)(n− 2)

∑
j,k

(
wf,x

ij wf,x
jk wf,x

ki

) 1
3

. (4)

4 Results

Tables 4 and 5 report the descriptive statistics of strength degree and clustering
coe�cient in all the considered networks, respectively.
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VARIABLES MEAN ST.D. KURT. SKEW. V.C. MIN MAX V.% M.

TA_16 87.89 9.47 56.13 -7.20 0.11 8.73 90.01
TA_17 87.77 9.55 54.52 -7.11 0.11 8.74 89.94 -0.13
TA_18 87.58 9.62 52.91 -7.00 0.11 8.75 89.81 -0.22
TA_19 87.47 9.66 52.09 -6.95 0.11 8.75 89.73 -0.12
PR_16 54.96 10.36 2.34 -1.63 0.19 16.11 63.48
PR_17 52.28 8.83 1.98 -1.52 0.17 24.17 60.07 -4.87
PR_18 51.35 8.34 1.37 -1.32 0.16 23.33 59.38 -1.78
PR_19 53.05 9.04 2.81 -1.67 0.17 16.60 60.56 3.31
LIQ_16 68.53 11.03 10.71 -2.99 0.16 9.75 75.52
LIQ_17 58.35 11.44 3.44 -1.88 0.20 15.40 67.34 -14.86
LIQ_18 58.13 11.23 3.49 -1.84 0.19 15.84 67.16 -0.38
LIQ_19 55.86 10.06 4.21 -2.01 0.18 16.49 63.65 -3.90
LEV_16 51.15 7.55 2.59 -1.48 0.15 21.91 58.42
LEV_17 49.98 5.86 2.94 -1.65 0.12 26.32 55.52 -2.28
LEV_18 50.21 6.67 0.95 -1.04 0.13 25.92 57.45 0.45
LEV_19 49.82 6.16 0.90 -1.30 0.12 29.90 55.38 -0.77
GO_16 81.94 9.06 47.48 -6.30 0.11 8.77 85.65
GO_17 89.40 8.48 90.96 -9.47 0.09 8.70 90.87 9.11
GO_18 60.18 11.91 3.23 -1.83 0.20 12.70 69.31 -32.68
GO_19 56.70 10.76 3.30 -1.81 0.19 14.64 65.25 -5.79
FR_16 65.11 12.93 5.29 -2.39 0.20 13.35 72.77
FR_17 58.88 11.14 4.74 -2.32 0.19 17.46 65.78 -9.57
FR_18 58.01 11.37 2.45 -1.76 0.20 17.88 66.24 -1.47
FR_19 61.09 12.81 3.00 -1.95 0.21 16.86 69.68 5.31

COL_16 54.32 9.63 2.24 -1.68 0.18 22.18 62.13
COL_17 53.74 9.22 2.31 -1.74 0.17 24.36 61.06 -1.08
COL_18 53.12 8.88 1.46 -1.47 0.17 22.64 60.83 -1.14
COL_19 52.69 8.35 2.26 -1.71 0.16 22.87 59.10 -0.80
AM_18 74.02 15.81 6.42 -2.77 0.21 16.01 80.95
AGE_18 51.17 6.82 5.36 -2.16 0.13 21.11 56.52
MIR_18 50.63 7.31 1.93 -1.55 0.14 27.21 56.79
MY_18 56.29 10.73 1.33 -1.30 0.19 14.81 64.82
SPR_18 50.94 7.91 1.04 -1.20 0.16 25.15 59.06

Table 4: Summary statistics for the strength degree of the considered vari-
ables. The presented descriptive statistics are mean (MEAN), standard devi-
ation (ST.D.), kurtosis (KURT.), skewness (SKEW.), coe�cient of variability
(V.C.), minimum (MIN), maximum (MAX), and mean's variation (V. % M.).

As shown in Table 4, looking at the means, we notice that the variables
in TA_yy have large values that remain constant over the period considered,
around 87. The other variables have lower values of the mean; we mention
PR_yy (between 51 and 55), LIQ_yy (between 55 and 69), LEV_yy (between
49 and 52), FR_yy (between 58 and 66) and COL_yy (between 52 and 55).
Interestingly, GO_yy has a large variation range (with extremes 56.70 and
81.94) over the years. Regarding the variables in set 1, AM_18 has a value of
the mean (about 74) that is larger than the others, with AGE_18 (about 51),
the MIR_18 (about 50), MY_18 (about 56) and SPR_18 (about 50).

If we look at the standard deviation, we notice that its value remains con-
centrated in a narrow set, ranging in the majority of the cases between 8 and
10, with a few upper and lower deviations from this interval. The minimum
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VARIABLES MEAN ST.D. KURT. SKEW. V.C. MIN MAX V.% M.

TA_16 0.94 0.08 64.78 -7.76 0.09 0.20 0.96
TA_17 0.94 0.08 62.86 -7.65 0.09 0.20 0.95 -0.14
TA_18 0.93 0.09 61.23 -7.54 0.09 0.20 0.95 -0.23
TA_19 0.93 0.09 60.29 -7.49 0.09 0.20 0.95 -0.13
PR_16 0.57 0.08 3.15 -1.78 0.14 0.26 0.63
PR_17 0.54 0.07 2.31 -1.60 0.12 0.32 0.60 -5.17
PR_18 0.53 0.06 1.67 -1.39 0.12 0.32 0.59 -1.83
PR_19 0.55 0.07 3.61 -1.80 0.12 0.26 0.61 3.53
LIQ_16 0.72 0.09 15.07 -3.48 0.12 0.20 0.78
LIQ_17 0.61 0.09 4.49 -2.10 0.15 0.25 0.67 -15.95
LIQ_18 0.61 0.09 4.73 -2.08 0.14 0.26 0.67 -0.40
LIQ_19 0.58 0.08 5.26 -2.20 0.13 0.26 0.64 -3.94
LEV_16 0.53 0.06 2.58 -1.49 0.11 0.31 0.58
LEV_17 0.52 0.04 2.43 -1.50 0.09 0.34 0.56 -2.52
LEV_18 0.52 0.05 0.74 -1.01 0.10 0.34 0.57 0.53
LEV_19 0.52 0.05 0.70 -1.23 0.09 0.37 0.56 -0.75
GO_16 0.87 0.08 58.83 -7.16 0.09 0.20 0.90
GO_17 0.96 0.08 92.21 -9.56 0.08 0.20 0.97 9.31
GO_18 0.63 0.09 4.71 -2.09 0.15 0.23 0.70 -34.13
GO_19 0.59 0.08 4.45 -2.02 0.14 0.24 0.65 -6.00
FR_16 0.68 0.10 6.69 -2.62 0.15 0.24 0.74
FR_17 0.61 0.09 5.69 -2.48 0.14 0.27 0.67 -9.99
FR_18 0.60 0.09 3.34 -1.95 0.15 0.27 0.66 -1.83
FR_19 0.64 0.10 3.84 -2.13 0.16 0.27 0.70 5.64

COL_16 0.56 0.07 2.76 -1.81 0.13 0.31 0.62
COL_17 0.56 0.07 2.78 -1.85 0.13 0.32 0.61 -1.06
COL_18 0.55 0.07 1.81 -1.58 0.12 0.31 0.60 -1.31
COL_19 0.54 0.06 2.57 -1.78 0.12 0.31 0.59 -0.78
AM_18 0.77 0.13 7.14 -2.89 0.17 0.28 0.83
AGE_18 0.53 0.05 5.42 -2.12 0.10 0.30 0.57
MIR_18 0.52 0.05 1.89 -1.53 0.10 0.35 0.57
MY_18 0.58 0.08 1.96 -1.43 0.14 0.25 0.65
SPR_18 0.53 0.06 1.05 -1.21 0.11 0.33 0.59

Table 5: Summary statistics for weighted clustering coe�cient of the considered
variables. The presented descriptive statistics are mean (MEAN), standard de-
viation (ST.D.), kurtosis (KURT.), skewness (SKEW.), coe�cient of variability
(V.C.), minimum (MIN), maximum (MAX), and mean's variation (V. % M.).

value is recorded for the variable LEV_17 (5.86) and the maximum for AM_18
(15.81). The coe�cient of variation states a rather low volatility; such an in-
dicator reaches its maximum value for AM_18 and FR_19 (0.21). This shows
that the variability is low, and the means can be considered a good indicator.
Finally, looking at the kurtosis and symmetry values, we can see that none of
the strength degree distributions behave similarly to a normal distribution. In
fact, all the variables are leptokurtic and asymmetric with left-tail� with cases of
exceptionally large kurtosis, like the variables TA_yy (between 52.09 and 56.13)
and GO_16 and GO_17 (with values 47.48 and 90.96, respectively). However,
it is worth specifying that many distributions do not su�er from a pronounced
kurtosis, being in several cases in the presence of a value close to 0 � like for the
variables LEV_18, LEV_19 and SPR_18. Even some variables have a level of
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skewness not too far from zero � examples are LEV_18 and SPR_18.
Table 5 shows the descriptive statistics related to the clustering coe�cient.

By looking at the column of the mean, we notice a very high value for the
variables TA_yy (with values 0.93 and 0.94, so rather close to 1). For the other
features we observe smaller values: PR_yy (between 0.53 and 0.59), LIQ_yy
(between 0.58 and 0.72), LEV_yy (between 0.52 and 0.53), FR_yy (between
0.61 and 0.69), COL_yy (between 0.54 and 0.56). As in the previous case, we
want to emphasize the large range shown by GO_yy (between 0.59 and 0.96,
with an increasing trend from 2016 to 2019).

The variables in set 1 have an average clustering coe�cient of 0.77 for
AM_18, 0.53 for AGE_18, 0.52 for MIR_18, 0.58 for MY_18 and 0.52 for
SPR_18.

As for the case of strength degree centrality, we have a relatively small
standard deviations for all the considered variables � concentrated for the most
part between 0.05 and 0.09 � with the maximum value recorded in AM_18
(0.13) and the minimum value for the variable LEV_17 (0.04). Interestingly,
the maximum and minimum values are taken by the same variables observed in
Table 4. So is the maximum value of the coe�cient of variation, which is still
recorded by AM_18 (about 0.17). These values con�rm the low variability of
the values of the variables over the years for the clustering coe�cient � hence,
con�rming the pattern observed in the case of strength degree. By looking
at the various levels of kurtosis and skewness, we observe also in this case a
substantial departure from the normal distribution � all the distributions are
leptokurtic and asymmetric with left-tail � even with some variables having
kurtosis close to zero (e.g., LEV_18, LEV_19 and SPR_18) or skewness not
far from zero (e.g., LEV_18 and SPR_18). Thus, we infer a regularity of the
variables close to a normal distribution. We point out that kurtosis assume
exceptionally large value for TA_yy (between 60.29 and 64.78) and GO_16
and GO_17 (with values 58.83 and 92.21, respectively) � and also in this we
�nd an analogy between strength degree and clustering coe�cient.

To provide a global view of the connections between the statistics of strength
degrees and clustering coe�cients, see Figures 1�4. Such �gures compare the
means and standard deviations of the 33 variables of interest.
Figure 1 shows how the relationship between the means of the strength degrees
and the clustering coe�cients is almost perfectly linear. This �nding supports
that highly homogeneous companies in the selected sample are embedded in a
robust and cohesive community.
Figure 2 compares the standard deviations of the two reference nodal centrality
measures. Also, in this scenario, we �nd a con�rmation of a statistically sat-
isfactory linear relation between such measures. Nevertheless, this linearity is
less evident than in the case of the means.
Figures 3 and 4 compare the means and the standard deviations of strength
degrees and clustering coe�cients, respectively. The two plots are very similar;
in both of them, we see a marginally decreasing volatility as the means of the
centrality measures increase.
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Figure 1: On the x-axis we have the strength degrees' means (M.S.D.) and
on the y-axis the clustering coe�cients' means (M.C.C.) for the 33 variables
considered.

Figure 2: On the x-axis we have the strength degrees' standard deviations
(S.Dev.S.D.) and on the y-axis the clustering coe�cients' standard deviations
(S.Dev.C.C.) for the 33 variables considered.
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Figure 3: On the x-axis we have the strength degrees' means (M.S.D.) and
on the y-axis the strength degrees' standard deviations (S.Dev.S.D.) for the 33
variables considered.

Figure 4: On the x-axis we have the clustering coe�cients' means (M.C.C.) and
on the y-axis the clustering coe�cients' standard deviations (S.Dev.C.C.) for
the 33 variables considered.
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5 Discussion of the results

Results have a clear �nancial interpretation.
The mean strength degree from 2016 to 2019 related to TA_yy remains

almost unchanged. This means that companies were very similar in terms of
total assets before, at and after the issuance of minibonds. Therefore, mini-
bond issuances did not lead to a disjointness of the homogeneity found in size.
Speci�cally, the introduction of this instrument does not lead to a disarticu-
lation (heterogeneity) of the network. This result goes in the direction of the
outcomes of [25], where the authors �nd a general increase in the total assets of
issuing companies in the years following minibonds issuance. Moreover, the os-
cillation of homogeneity for the standard deviation is relatively small in all four
years compared to the mean. By observing the level of skewness and kurtosis,
we do not notice signi�cant �uctuations in their values over time. There is a
remarkably large kurtosis � always greater than 50 � and negative skewness. A
large kurtosis witnesses a very high concentration around the mean and thick
tails. If we also consider the strong negative skewness � around -7 � we see a
very sharp strength degree distribution, with a very elongated and thick left
tail. The most straightforward reason behind the high kurtosis could be the
existence of outliers, underlining the presence of some �rms with very di�erent
sizes from the others. This outcome is reasonable; it is in line with our sample,
which includes SMEs and a few large companies.

Also, for the variables PR_yy, all the descriptive statistics remain relatively
stable over time. The main di�erences between this variable and TA_yy are
the smaller networks' homogeneity level and the larger oscillations. We can
say that the issuance of minibonds does not lead to changes in terms of ho-
mogeneity/heterogeneity of networks for the pro�tability variable over time.
This general stability may be due to the possibility that the minibonds-based
investments could be not associated with immediate signi�cant changes in prof-
itability. We notice a positive but small kurtosis and a negative skewness in
this case for all the years. The result is a more pointed distribution with an
elongated and thicker left tail. In this case, the kurtosis might be generally
smaller also because we do not report outliers in the sample for this variable.

Regarding the proxy of Liquidity (LIQ_yy), we �nd a rather high mean level
of homogeneity that decreases over time, moving from 68.53 in 2016, with a jump
to 58.35 in 2017 and ending to 55.86 in 2019. Therefore, we have a reduction of
the mean in the quadriennium of around 19%. This underlines a tendency of the
sample �rms to an increasing level of heterogeneity. In other words, on average,
the �rms that use this �nancial instrument present subsequently increasing dis-
homogeneous levels of liquidity. We can a�rm that this trend may result from
a strategic approach. For example, some companies might decrease this ratio a
priori to subsequently transform short-term debt into long-term debt by issuing
minibonds. In contrast, others might decide to issue this short-term �nancial
instrument because they have excellent liquidity. Indeed the minibond maturity
can be short-, mid-and long-term. On the other hand, if we look at the level of
homogeneity, we note that �rms are not so similar according to LIQ_yy. Our
distribution is always leptokurtic and has negative skewness.

LEV_yy denote the lowest mean value of homogeneity according to the
strength degree centrality measure. In fact, in 2019, the average level is around
49. If we look at the trend over time, we see substantial stability. We can deduce
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from this result that minibonds do not a�ect the level of heterogeneity of �rms
in the time span considered. Considering the previous result, we can say that
issuing companies tend mainly to replace outstanding debt and leave their level
of indebtedness unchanged. This seems to be in line with the regulator's target
of decreasing the dependence of Italian �rms on the banking system (see [25]).
For Leverage, we �nd a negative skewness and leptokurtic distribution of node
centralities, but this distribution is quite close to the normal one. In fact, we
have the lowest value of kurtosis and skewness.

Looking at the next proxy (GO_yy), we see that it undergoes the most
signi�cant variation in node mean homogeneity. The Growth opportunity reg-
isters a mean strength value of around 89 in 2017 and drops to a minimum of
56 in 2019. The relative reduction recorded between the maximum and mini-
mum value is equal to 37%. Thus, the average sales growth value in the years
preceding the issuance is very similar among �rms, changing markedly in the
year of the issuance and afterwards. Therefore the e�ect of this �nancial instru-
ment would seem to have an important impact on the growth of average sales.
The economic interpretation of this result suggests a particular speci�cation. In
fact, the decline of homogeneity underlines di�erent business strategies. On the
one hand, some companies may pursue highly risky projects, such as mergers
and acquisitions. On the other hand, we can have less risky targets, such as
working capital funding or debt restructuring (see, e.g. [43]). Also, in this case,
the average �uctuations of the strength degrees are not so high � even if they
present larger values in 2018 and 2019, i.e. at and after the issuance. The level
of kurtosis recorded in 2016 and 2017 suggests that there are anomalous values
of sales growth in the mentioned years.

For the proxy of �rm risk (FR_yy), the average level of homogeneity is
medium-high in 2016; in fact, it is around 66. Therefore, �rms have a similar
overall level of risk. We record a reduction in the year preceding the issuance of
around 10%. This outcome might have a double interpretation. The �nancial
instrument of minibond has become necessary for some �rms because they are
experiencing an increase in the risk level, or some entrepreneurs have rebalanced
their �rm to face the capital market in a more relaxed way. In 2018 we see
stability in terms of heterogeneity, while in 2019, we observe an increase in
homogeneity, which suggests that minibonds tend to let nodes be more similar
in terms of the risk level. An additional interpretation concerning the low level
of homogeneity is suggested by [24], who argue that non-creditworthy �rms
may be hidden in the set of minibonds issuers. Also, in this case, the standard
deviation is not very high, leading to an acceptable level of diversi�cation by
maintaining at the same time a reliable degree of stability of the results.

Finally, we have COL_yy. The mean values of centrality are practically
unchanged over time. We record a value of 54.32 in 2016, which decreases
slightly and constantly to 52.69 in 2019. Such levels of homogeneity are not
extremely large, suggesting the presence in the sample of �rms that can o�er
very di�erent guarantees. The average �uctuations around the mean are not
so high also in this case, and the distributions over the years present a small
kurtosis and a small negative skewness.

We now focus on the networks built on the characteristics in set 1, with the
variables collected at the time of issuance 2018. The highest level of homogeneity
is recorded with AM_18 � about 74 � with a large standard deviation. This
goes in the direction of highlighting that there are companies with very di�erent
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sizes in the sample. Moreover, this suggests that minibonds could be a test for
novel �nancing strategies for some companies (using this instrument for the �rst
time) or a way to make themselves known to the �nancial markets by issuing
amounts of minibonds. As for the network built on the AGE_18, we observe a
low level of homogeneity, suggesting that this instrument is transversal � i.e., it
is used by both young and old companies. The last characteristics we observe
in Table 4 are the interest rate of the minibonds (MIR_18), maturity (MY_18)
and spread (SPR_18). These three characteristics are interconnected, especially
MIR_18 and SPR_18. Therefore, it is intuitive and expected to see that the
average centrality values of MIR_18 and SPR_18 are almost the same. In all
these features, we notice a rather weak homogeneity showing that the issuance
strategies and the risk of the individual �rm (as also seen in the FR_yy feature
in 2018) are rather heterogeneous.

Now, let us o�er some details on the clustering coe�cient in Table 5. As
said above, this nodal centrality measure is within a range of [0, 1], unlike the
strength degree centrality. It expresses the ability of any couple of adjacents
of a node i for a triangle with i. In other words, this network indicator allows
underlining the in�uence of each node in generating links between the nodes
close to it. Looking at the characteristics from 2016 to 2019, we realize that
some patterns are somehow similar to those of strength degree centrality over
the years. This might be explained in part because our network is full � even if
the presence of the weights leads to remarkable discrepancies between strength
and clustering coe�cient.

We note some evident similarities among some speci�c variables. For ex-
ample, the network constructed on the size (TA_yy) variables shows a very
high and constant cluster coe�cient over the observed period. This underlines
that the 94 �rms are already very cohesive and interconnected in terms of total
assets before the minibond is issued and remaining so afterwards. Therefore,
this result con�rms the inability of this �nancial instrument to create signi�cant
shocks to the size of a company.

More noticeable e�ects are found for the Liquidity (LIQ_yy) and Growth
opportunity (GO_yy) variables, in which the average level of interconnection af-
ter issuance is signi�cantly reduced by 20% and 38% respectively. This con�rms
that the most signi�cant e�ects on companies are realized in these two char-
acteristics. Therefore, not only are �rms less related to each other (as shown
by strength degree), but nodes lose their ability to create strong links to their
neighbours in terms of similarity with respect to the considered variable.

Although presenting di�erent levels of clustering coe�cient, all the other
variables remain almost constant over time, creating networks and intercon-
nections with a stable level of cohesiveness. Therefore, the use of minibonds
does not lead to and generate destabilization of networks. The cohesiveness for
LEV_yy, PR_yy and COL_yy present mean levels of medium entity, around
0,5 over time. The mean clustering coe�cient of FR_yy is always above 0,6. In
all cases, the standard deviation is extremely low. Hence � as for the case of the
strength degree � the four mentioned variables do not show signi�cant changes
in the context of minibonds. Such a �nancial instrument is not in charge of
variations of the community structure around the individual nodes.

Finally, looking at the variable belonging to set 1, we record a marked close-
ness with the results obtained through the strength degree centrality. The in-
terconnectedness between the nodes is relatively high for the amount (AM_18)
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of minibonds issued and low for age (AGE_18), coupon paid (MIR_18), and
maturity (MY_18) and spread (SPR_18). Thus, AM_18 is a variable that
seems to link rather well not only individual nodes but also their neighbours,
while this trend is weaker for the others.

To conclude, it is legitimate to a�rm the existence of homogenization or
heterogenization e�ects of the considered �nancial networks when minibonds
are introduced. In particular, we observe that some characteristics such as liq-
uidity (LIQ_yy) and growth opportunity (GO_yy) undergo signi�cant e�ects
following the decision. This �nancial strategy- essential for the company's life-
is not extemporaneous but rather carefully evaluated in the years preceding the
issue. It allows advancing a speci�c hypothesis concerning potential minibonds'
determinants. Variables with a high level of homogeneity and cohesiveness over
the pre-issue period indicate high levels of similarity among �rms in terms of the
considered proxies. Therefore, we believe that TA_yy, LIQ_yy, and GO_yy
can be determinants because they are those variables that present higher values
of strength degree and clustering coe�cient. Furthermore, we want to under-
line the general tendency of the variables to decrease in terms of homogeneity
and cohesiveness. In other words, the �rms after the issue are more di�erent
from each other and less embedded in the network. Finally, we notice that, on
average, nodes/�rms that issue minibonds do not have very high homogeneity
levels. This leads us to suppose that the �rms interested in this kind of �nan-
cial instrument can be di�erent, all of them being predisposed and targeted to
diversifying their funding sources.

6 Conclusions

This paper presents a new concept of heterogeneity and cohesiveness by exploit-
ing the concept of similarity widely used in complex network analysis. In par-
ticular, we borrow two of the primary measures of network theory, the strength
degree centrality and the clustering coe�cient. The theoretical proposal is vali-
dated through an empirical analysis performed on a high-quality dataset, which
is particularly appropriate to test the methodology. Speci�cally, we looked at
the level of similarity among companies that �nanced their activities using an
innovative �nancial instrument, namely minibonds. In this way, we were able
to detect the levels of heterogeneity and cohesion among issuing �rms.

In addition, a broader temporal observation allowed us to verify the variables
most in�uenced by this choice and identify potential determinants. Indeed we
can make some conjectures obtained indirectly from our results. Proxies with
a high strength and clustering coe�cient in the preparatory phase suggest a
number of potential determinants. Interestingly, we observe a noticeable in-
terconnection between the strength degree and the clustering coe�cient. This
could be due to the networks' nature, being complete and undirected � even if
the presence of weights may also suggest discrepancies.

The analysis of the degree of heterogeneity and the degree of cohesion of the
�ve networks about the characteristics at the date of the issue shows that the
minibond market is aimed at companies that di�er signi�cantly in terms of risk
perceived by the market and age. On the other hand, the amounts issued are
much more homogeneous. The market thus seems to address companies that
di�er in terms of perceived risk and life cycle but are similar in terms of the
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amount of minibonds they issue.
The analysis of the evolution from 2016 to 2019 of the degree of heterogeneity

and the degree of cohesion of the seven networks regarding the characteristics of
the 94 companies forming the nodes of these networks allows us to identify two
elements. Firstly, the �nancial strategy implemented and, secondly, the possible
determinants of the decision to issue minibonds. On average, companies seem
to issue minibonds to substitute debt and thus diversify their sources of debt
without changing their �nancial leverage. The impact of this issue on companies'
liquidity is not uniform. The same is true, and to a greater extent, for growth
opportunities. This means that the reasons for companies to access this market
are diverse. It can be a pure �nancial strategy or a �nancial strategy combined
with an economic strategy. Therefore, the minibond market seems to meet
the needs of SMEs and the reasons that led the public authorities to set it
up. Thus, other SMEs should use this market to improve their debt structure,
diversify their sources of �nancing and grow. Of course, all this will be possible
if investors have con�dence in this market.

Beyond the clear �nancial implications of our study, we also observe that
the versatility of our method allows scholars to apply it in several real-world
instances � not only in �nance.

We have one main limitation in this study based on our analysis's structural
characteristics. Indeed, heterogeneity and cohesiveness are global features of
the networks. Therefore, it is not possible to infer the behaviours of the indi-
vidual companies from them. In this respect, we present an analysis where a
modi�cation in the homogeneity or heterogeneity of the networks over time does
not provide insights into the related changes in the companies' variables. From
a di�erent perspective, the global analysis of the companies issuing minibonds
is worthy because it describes a universe � hence, leading to more general poli-
cies to be implemented for modifying the overall industrial structure of a set of
companies in the light of some pre�xed targets.
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