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Abstract

Quantifying Credit Risk in Complex Financial Networks
by Dimitrios Liordos

October 2023

In today’s complex financial landscape, our thesis addresses a critical problem: the
need for enhanced credit risk assessment methodologies. The modern financial sys-
tem is characterized by complex interconnections, and understanding the implica-
tions of these networks is paramount for effective credit risk management. This
thesis aims to contribute to this understanding by exploring the role of networks
in credit risk assessment. We first establish the foundational knowledge, introduc-
ing key concepts of network analysis, such as network representations and metrics.
This background knowledge is crucial for navigating the complexities of financial
networks. Next, we present a literature review regarding systemic risk and network
analysis, community detection and shareholders networks. The research method-
ology, involves the collection and analysis of network data. We examine bipartite
networks, projecting into shareholder-shareholder and company-company networks,
and employ network metrics to derive insights into the dynamics of shareholders
and companies. Moreover, we introduce two novel network metrics: the ’Company
Score’ and ’Distance from Default’, where we define them in detail and illustrate
their practical relevance. To assess their performance, we constructed three logis-
tic regression models. These models include one with traditional network variables,
one integrating the company score, and one incorporating the distance from default
as predictors, with the objective to evaluate the predictive capabilities of these two
novel network metrics in comparison to traditional ones. Lastly, our research high-
lights the potential of network analysis as a valuable tool in credit risk assessment. It
sheds light on hidden patterns within financial networks, offering a new perspective
for risk management. This work contributes to the broader field of financial analytics
and risk assessment.



ITepiindn

ITocotuxornoinoy Ilictwtixod Kivdbvou oe IToAOmAoxa
Xenuatootxovouixd Aixtua

Anurteloc Atbpdog
OxteBperog 2023

210 onuepvo TERTAOXO YenuaTooXoVOoULXS ToTo, 1) dlatelf3n) avTiwetwnilel éva xployo
TEOBANU: TNV avdyxn yio BeEATIwUEVES yedodoloyieg aloAdyNnong ToTWTIXOU XvdU-
vou. To clyypovo ypnuatooixovouixd clotnua yapaxtnelleton and TOMITAOXES OL-
QOUVOEGELG X0 1) XATAVONOY] TWV ETUTTOOEMY QUTGY TOV OXTOGY Vol TewTapytnic
onuaotog yia TV anoteAecpatiny Swyeiplon motwTixol xwdlvou. H mopovoa Suo-
TP oTOYEVEL Vo GUUBEIAEL GE QUTH TNV XATAVONOT) DLEGEUVAOVTOS TOV POAO TWV OX-
TOWV 6NV 0&LOAGYNON TOU TUOTWTIXOU XvOUVoU. Apyixd xohepvoupe Tig YeUeMMOEL
YVWOELS, ELOAYOVTAS BACIXES EVVOLES TNG AVIAUCTG DIXTUOU, OTIKC AVATUPAC TACELS XOl
uétpa OixtUou. Autég ol Baowés yvwoelg eivon {oTinig onuactag yior TNV avdhuo
TOAOTAOXWY YENUATOOOVOUIX®Y OXTOWY. LT cUVEYEL, Tapouctdlovue pa PiBht-
OYQAUPIXT) AVICHOTNGY) OYETXE UE TOV UG TNLXO XIVOUVO XL TNV aVIAUGT BLXTOOU, TO
‘community detection’ xau 'shareholders networks’. H yedodohoyia tng épeuvag pag,
nepthopfdvel T cUAROYT xou avEAUGT| BEGoUEVKY BixTOou. Eletdloupe diuepr| dixtua,
TEOPBIANOVTUC OF BIXTUN UETOYWOV-UETOY WY KO ETUPELOV-ETUPELDY XL Y PTOHIOTOLOUUE
UETEA OXTUOU YLOL VAL AVTAY|OOUUE YVWOELS OYETIXG UE T1) DUVOULXT| TOV HETOY WY YO TWV
etanpelwyv. Emniéov, eiodyouue dVo véa pétpa dixtOou: to 'Company Score’ xou To
'Distance from Default’, 6mou ta opiCoupe Aemtouep®ds %ot TapoLGLELOUUE THY TEOXTIXY
Toug onuacio. T'a vo allohoyricouue TV amddocY| TOUC, XATAOXEUAGOUE Telo LOVTENX
Aoyo T ToAvdpounong. Autd to wovtéha nepthopBdvouy éva pe Tig cuvidelg ueTofA-
NTéS BixTOOoL, Eval TOL EVOLUTOVEL To 'Company Score’ xou Vo TOU EVOWHATMVEL TO
'Distance from Default” w¢ aveldptnteg uetofAntéc, ye 6toy0 TV a€loAOYNom TV
TEOY VWO TIXWY IXAVOTATWY oUTGY TwV 800 VEOY UETPMY BIXTO0U OE GUYXELON UE AUTEC
mou untdpyouy otny Biioypagia. Téhoc, n €peuvd auTr Bivel EugooT oTIC BUVATOTNTES
NS AvALOTC BIXTUWY WE TOAUTYOU EQYAAEIOU YLl TNV A€LOAOYNOT TUGTWTLXOU XVOUVOU
XL TNV EVPECT) XELUPWY LOTIBwY UECH OTA YENUUTOOXOVOUIXE. BIXTUN, TEOCPEROVTUC
utor Véo TpoomTixy| yia T Storyebptomn xvdivou. Auth 1 epyacio cuUBdAAEL 6TO LPUTEROD
TES{0 TNE YPNUATOOOVOULXAS AVEAUGTC Xou TNG A€LOAGYNONE XWVOLVOU.

i



Contents

Abstract

List of Tables

List of Figures

1 Introduction
1.1 Problem Statement . . . . . . . . . .. ..
1.2 Overview of Thesis Structure . . . . . . . . . . . . . . . ... ...

2 Network Analysis Preliminaries
2.1 Representations of Networks . . . . . . .. ... ... ... .. ....
2.2 Network Metrics . . . . . . . . ...

2.2.1
2.2.2
2.2.3
224
2.2.5
2.2.6
2.2.7
2.2.8

Degree Centrality . . . . . . . .. .. ... ... ...
Eigenvector Centrality . . . . .. .. .. ... ... ... ...
Katz Centrality . . . . . . . ... ... ...
PageRank . . . . . . .. ... oo
Closeness Centrality . . . . . .. .. .. ... .. .. .....
Betweenness Centrality . . . . . . .. ... ... ... ... ..
Groups of Vertices . . . . . . .. . ...
Clustering Coefficient . . . . . . .. ... .. ... ... ....

2.3 An Hlustrative Example . . . . . ... ... ... ... ...

3 Literature Review
3.1 Systemic Risk and Network Analysis . . . . ... ... ... ... ..
3.2  Community Detection in Networks . . . . .. ... ... ... ....
3.3 Shareholders Networks . . . . . . . . . . . . ... ... ... .....

il



4 Understanding the Network: Data and Analysis
4.1 Data Overview . . . . . . . . . .
4.2 Bipartite Network Analysis. . . . . . . . . ... ... ... ...
4.2.1 Degree Centrality . . . . . ... ... .. ... ... ...
4.2.2  Betweenness Centrality . . . . . .. ... ... .. ... ... .
4.3 Unipartite Network Analysis . . . . . .. ... ... .. ... .....
4.3.1 Projected Networks . . . . . . .. ... ... ... ...
4.3.2 Shareholder-Shareholder Network Analysis . . . . . . ... ..
4.3.3 Company-Company Network Analysis . . .. ... ... ...

5 Contributions and Results
5.1 Novel Network Metrics . . . . . . . . . . .. ... .. ... .. ....
5.1.1 Company Score . . . . . . . . ...
5.1.2 Distance from Default . . . ... ... ... ... ... ....
5.2  Logistic Regression Models . . . . . . . ... ... .. ... ......
5.2.1 Data Selection . . . . . . . ... ...
5.2.2 Logistic Regression with Network Variables. . . . . . . . . ..
5.2.3 Logistic Regression with Company Score . . . . .. .. .. ..
5.2.4  Logistic Regression with Distance from Default . . . . . . ..

5.3 Results. . .

6 Conclusion

6.1 Summary of Findings . . . . . . . . .. ... oo

6.2 Future Work

Bibliography

v

22
22
23
23
25
27
27
28
34

40
40
41
42
46
46
48
49
o1
52

54
o4
95

57



List of Tables

2.1

4.1
4.2

5.1
2.2
5.3

0.4
2.5

5.6
5.7

2.8

Different network metrics for each vertex . . . . . . . . . .. ... ..

Top five shareholders for each network centrality measure. . . . . . .
Top five companies for each network centrality measure. . . . . . ..

Shareholder-Company relationships . . . . . . ... .. ... .. ...
Summary of the model with the network variables as predictors
Different measures for the evaluation of logistic regression with net-
work variables . . . . . ...
Summary of the model with the company score as predictor . . . . .
Different measures for the evaluation of logistic regression with the
COMPAILY SCOTE . .« . v v v e v e e e e e e e e e e e e
Summary of the model with the distance from default as a predictor .
Different measures for the evaluation of logistic regression with the
distance from default . . . . . .. ... ... 0L
Summary of performance metrics for the three models in each quarter

34
39

42
48

49
50

50
ol

ol
93



List of Figures

2.1

2.2

2.3
4.1

4.2

4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16

5.1
5.2

The left one represents an undirected network and the right one a

directed one. . . . . . . .. 4
A bipartite network with 4 vertices on each set, one representing the

shareholders and the other the companies. . . . . .. .. ... .. .. 6
An undirected network with six vertices. . . . . . . ... .. ... .. 16

Histograms of the degrees for the shareholders and the companies

respectively. . . . . . L 24
Histograms of the betweenness centralities for the shareholders and

the companies respectively. . . . . . . . . ... oL 26
Bipartite network on the left and its two projections on the right. . . 28
Shareholder-Shareholder network . . . . . . ... ... ... ... .. 29
Degree centrality histogram of the S-S network. . . . . . . .. .. .. 29
Betweenness centrality histogram of the S-S network. . . . . . . . .. 30
Closeness centrality histogram of the S-S network. . . . . . . . . . .. 31
Eigenvector centrality histogram of the S-S network. . . . . . . . . .. 32
Clustering coefficient histogram of the S-S network. . . . . . . . . .. 33
Company-Company network. . . . . . .. .. ... ... ... ..... 34
Degree centrality histogram of the C-C network. . . . . . . . . . . .. 35
Betweenness centrality histogram of the C-C network. . . . . . . . .. 36
Closeness centrality histogram of the C-C network. . . . . . . .. .. 36
Eigenvector centrality histogram of the C-C network. . . . . . . . .. 37
Clustering coefficient histogram of the C-C network. . . . . . . . . .. 38
Distribution of shortest path length in the C-C network. . . . . . .. 39
A bipartite graph on the left and its projection on the right. . . . . . 45
Plot of the number of default event versus time. . . . . . . ... ... 47

vi



Chapter 1

Introduction

In today’s complex financial landscape, this thesis embarks on a comprehensive ex-
ploration of networks and their implications for credit risk assessment. Our focus is
to uncover hidden patterns and valuable insights within financial networks that can
be applied to enhance our ability to predict and manage credit risk.

1.1 Problem Statement

The research problem addressed in this thesis revolves around the exploration of novel
predictive metrics derived from complex financial networks to enhance the accuracy
of company default risk prediction models. By delving into the complex structures
and dynamics of financial networks, our aim is to develop innovative metrics that
can effectively complement traditional predictors used in credit risk assessment. This
problem is of paramount importance due to its potential to revolutionize predictive
modeling in credit risk assessment. Traditional methodologies, while effective to
some extent, often overlook valuable insights embedded within financial networks.
By harnessing these insights, we can improve the predictive power of credit risk as-
sessment models.

The potential contributions of this research to the field are multifaceted. Firstly, it
offers a novel approach to credit risk assessment by integrating network-based met-
rics into predictive models. This approach has the potential to enhance the accuracy
and reliability of default risk predictions, leading to more effective risk management
strategies. Additionally, the exploration of complex financial networks contributes
to a deeper understanding of financial systems and their interdependencies, shedding
light on systemic risks and vulnerabilities. Overall, this research opens up new av-



enues for advancing predictive modeling techniques and enriching our understanding
of financial networks’ role in credit risk assessment.

1.2 Overview of Thesis Structure

We begin our journey in chapter 2, where we lay the groundwork by introducing
key concepts such as fundamental representations of networks, network metrics, and
illustrate these concepts with a tangible example. These fundamental tools will be
essential as we navigate through the complexities of financial networks.

Chapter 3, guiding us through the vast area of existing knowledge. We explore
systemic risk and network analysis, delving into its definitions within financial sys-
tems. We traverse the landscape of community detection, a crucial aspect of network
analysis, and embark into shareholders networks.

Our analysis, starts in chapter 4 where we delve into the complexities of network
data and explore bipartite networks. We transition into the projected networks of
the bipartite case, namely shareholder-shareholder and company-company networks.
There we use the traditional network metrics that we present in chapter 2 and find
interesting results for the shareholders and the companies.

In chapter 5, we introduce two novel network metrics, the ’Company Score’ and
'Distance from Default’. We define this metrics in detail and provide practical ex-
amples to illustrate their relevance. Leveraging these metrics, we construct three
logistic regression models aimed at predicting company defaults. The first model in-
tegrates the traditional network variables from Chapter 4, while the second and third
models incorporate the newly introduced company score and distance from default
metrics, respectively. Our primary objective is to evaluate the predictive efficacy of
these novel network metrics relative to conventional ones.

As our exploration finishes, in chapter 6 we synthesize the wealth of insights gained
throughout our thesis, offering a comprehensive summary of findings and results.
Additionally, we look into the future for possibilities for further research and the
continued evolution of network-based financial analytics.



Chapter 2

Network Analysis Preliminaries

In this chapter, we lay the groundwork by introducing essential theoretical tools
derived from graph theory. This branch of mathematics is dedicated to the study of
networks, offering a wealth of results and insights. While we present only a fraction
of graph theory’s vast expanse, we focus on those concepts most relevant for our
analysis. Furthermore, we introduce different measures and metrics that quantify
the network structure, enabling us to gain a deeper understanding of the network’s
properties and its topology. These measures were initially developed within the field
of social network analysis, but now have become widely spread across numerous
disciplines. Our exploration is built upon the foundational insights provided by
Newman [1].

2.1 Representations of Networks

The first and most important thing that we have to mention is what is a graph
(also called a network). Formally, a graph G = (V, F) is a mathematical structure
consisting of a set V' of vertices (also commonly called nodes) and a set E of edges
(also commonly called links), where elements of £ are unordered pairs u, v of distinct
vertices u,v € V. Now, that we know what a network is, we need a way to represent
it mathematically. There exist various mathematical representations for networks,
each offering unique insights into their structure and connectivity.

We can consider two networks, an undirected where the direction of the edges doesn’t
matter, and a directed one where the direction of the edges does matter. Two exam-
ples of these networks can be seen in Figure 2.1. To fully describe the entire network,
we need two pieces of information: the number of vertices and a list of all the edges



Figure 2.1: The left one represents an undirected network and the right one a
directed one.

present in the network. We denote an edge between vertices ¢ and j as (7, 7). In the
case of the left network depicted in Figure 2.1, we have 6 vertices, and the edges are
(1,2), (1,5), (2,3), (3,4), (5,6) and (1,4). On the other hand, regarding the right
network in the Figure 2.1, the direction of the edges is important. For example, the
edge (5,6) it means that we go from the vertex 5 to 6 and not the other way as we
did in the undirected network.

A better representation of a network is the adjacency matrix. The adjacency matrix
A of an undirected network is the matrix with elements A;; such that:

1 if (i,5) € E,
A = )
0 otherwise

For example, the adjacency matrix of the left network in Figure 2.1 is:

010110
101000
010100

AZ’J’_101000
100001
0000T10

We have to mention that for an undirected network with no self-edges, such as the
one in our example, the diagonal matrix elements are all zero and the matrix is sym-
metric.



On the other hand, the adjacency matrix of a directed network has matrix elements:

1 if there is and edge from j to i,
ij = .
0 otherwise

The elements of diagonal in this matrix will be again zero if we don’t have self-edges
but the matrix will not be symmetric.

From the above, we can see that the adjacency matrix takes only values 0 and
1. This is not always the case. Weighted networks, play a vital role in represent-
ing complex systems where connections between vertices carry different degrees of
strength. In these networks, each edge is assigned a numerical weight that quantifies
the intensity or importance of the relationship between nodes. These networks can
be represented by an adjacency matrix, but with element values equal to the weights
of the corresponding connections.

Lastly, we are going to discuss bipartite networks, which provide a foundational
framework where complex relationships between two distinct sets of entities can be
effectively represented and analyzed. This graph structure divides nodes into two
separate and non-intersecting sets, with connections exclusively established between
nodes belonging to different groups. For instance, in the context of a shareholder-
company network, one set of nodes corresponds to shareholders, while the other set
represents companies. The presence of an edge between a shareholder and a company
indicates that the shareholder has invested in this company. A visual representation
of this network can be seen in Figure 2.2, where S represents the shareholders and
C the companies. Moreover, the equivalent of an adjacency matrix for a bipartite
network is a rectangular matrix called an incidence matrix. If n is the number of
shareholders in the network and g is the number of companies, then the incidence
matrix B is a ¢ X n matrix having elements B;; such that:

1 if vertex j belongs to group i,
Bij = .
0 otherwise

So for our example the incidence matrix will be:
0
Bij =

O O ==
— = O
O O = O

1
0
0



Furthermore, one of the valuable insights that can be derived from bipartite graphs
is the concept of projections. A projection involves transforming a bipartite net-
work into a unipartite network by aggregating connections between nodes of one
group based on their shared interactions with nodes from the other group. In the
shareholder-company network example, a shareholder-shareholder projection could
reveal common investment portfolios, enabling the identification of shareholder com-
munities with similar investment behavior. In general, projections offer a deeper
understanding of the underlying relationships and facilitate the application of tra-
ditional network analysis techniques to extract meaningful patterns and insights.

Figure 2.2: A bipartite network with 4 vertices on each set, one representing the
shareholders and the other the companies.

2.2 Network Metrics

Now that we have a better understanding of what a network is and how we can
represent it mathematically, we can use this knowledge and move to the introduction
of different metrics that will help us gain a deeper understanding of the network’s
properties and topology.



2.2.1 Degree Centrality

The first and the simplest centrality measure that we will introduce is the degree or
degree centrality (degree divided by the total number of vertices) of a vertex, which
is the number of edges connected to it. For an undirected graph of n vertices, the
degree can be written as:

k; = Z A;j,  where A is the adjacency matrix (2.1)

J=1

On the other hand, in a directed network each vertex has two degrees. The in-degree
is the number of in-going edges connected to a vertex and the out-degree is the
number of outgoing edges. Similarly, as before, we can write them as:

k;n - iA” k’]OUt = iAU (22)
j=1 1=1

Also, we have to remember that the adjacency matrix of a directed network has
element A;; = 1 if there is an edge from j to i and not the other way around.

2.2.2 Eigenvector Centrality

Next, we will introduce the eigenvector centrality which serves as a natural extension
of the degree centrality. While degree centrality assigns equal “centrality points” to
a vertex based on the number of edges that it has and assumes that all the neighbors
are the same importance, eigenvector centrality acknowledges that not all neighbors
carry the same level of information. In many circumstances, a vertex’s significance
within a network is increased by having connections to other vertices that are them-
selves important. This forms the core idea behind eigenvector centrality. Instead of
simply granting one point per neighbor, eigenvector centrality assigns each vertex a
score that is proportional to the sum of the scores of its neighbors.

To begin, we can establish an initial estimate for the centrality, denoted as x; of
each vertex i. As a starting point, we can set x; = 1 for all vertices. Although this
assignment may not provide a meaningful measure of centrality, we can utilize it as
a foundation to compute an improved measure x;. We can define it to be the sum
of the centralities of i’s neighbors:

i
x; =, Aijr;



where A;; is an element of the adjacency matrix. We can also write this in matrix
notation as x = Ax, where z is the vector with elements z;. Repeating this process
to make better estimates, we have after t steps a vector of centralities z(¢) given by:

z(t) = A'z(0)

We can write x(0) as a linear combination of the eigenvectors v; of the adjacency
matrix:

2(0) = 22, civi,

for some appropriate choice of constants ¢;. Then we have that:

1t
x(t) = A Zcivi = Z cikiv; = K Zci [ﬁ] v;
i i i 1
(K Kb K
= Ry <Cl_t -+ C2_t -+ C3_t + )
K1 K1 K1
¢

. R;
z(t) — kicvy, since — — oo as t — 00
k1

where the k; are the eigenvalues of A and k; is the largest of them. All terms in the
sum other than the first decay exponentially as t becomes large, and in the limit, we
get z(t) = ¢1xLv;. Equivalently, we could say that the centrality x satisfies:

Ax =k1x

This is the eigenvector centrality, which was first proposed by Bonacich in 1987 [2].
We can write this as:
xT; = /{1_1 Z Aijilfj, (23)
J

this allows us to have large centrality values from two factors: a vertex having a sig-
nificant number of neighbors and/or being connected to highly influential neighbors.

Eigenvector centrality can be calculated for both undirected and directed networks
in theory. However, it is most effective when applied to undirected networks. On the
other hand, dealing with directed networks introduces additional complexities. One
significant difference is that a directed network’s adjacency matrix is generally non
symmetric, leading to the existence of two sets of eigenvectors (left and right). In the

8



majority of cases, the right eigenvector is the appropriate choice because in directed
networks centrality is typically determined by other vertices pointing towards you,
rather than you pointing to others. At the same time, this creates another problem.
If we have a vertex that has only outgoing edges and no incoming ones, the centrality
will be zero because there will be no terms in the sum, in Eq 2.3 This leads us, to
the next measure.

2.2.3 Katz Centrality

The next measure that we will introduce is a solution to the problems that we
encounter previously with the eigenvector centrality. We give each vertex a small
amount of centrality, regardless of its position in the network or the centrality of its
neighbors. With that we define the Katz centrality as:

J

where o and [ are positive constants. As we can see the first term of the Eq 2.4 is
almost the same as the one in the eigenvector centrality and the second term is the
constant extra term that all vertices receive. This additional term ensures that even
vertices with zero in-degree receive a baseline centrality value equal to 5. Once a
vertex has non-zero centrality value due to this baseline, the vertices it points to gain
some advantage from being pointed to. Consequently, any vertex that is pointed to
by numerous other vertices will have a higher centrality, although vertices pointed to
by others with high centrality will still receive a further boost in their centrality score.

Furthermore, we can write the Eq 2.4 in matrix notation as follows:

x = aAx + fI
x=pBI-aA)™ T

where I is the vector (1,1,1,...). We normally don’t care about the absolute mag-
nitude of the centrality, only about which vertices have high or low centrality value,
thus for convenience we can set § = 1, giving:

x=(I—-aA)™'T (2.5)

The above centrality measure was first proposed by Katz [3] in 1953 and we will refer
to it as the Katz centrality.



The Katz centrality distinguishes itself from eigenvector centrality through the in-
troduction of a parameter «, responsible for determining the trade-off between the
eigenvector term and the constant term in Eq 2.4. Before calculating the Katz cen-
trality, the constant term’s value must be carefully selected. When o — 0, only the
constant term remains in Eq.1.4, resulting in all vertices having the same centrality
B (with a value set to 1). As « increase from zero, the centralities of vertices also
increase until a point where they start to diverge. This critical point occurs when
the expression (I — aA)~! diverges, specifically when det(I — aA) passes through
zero. This condition can be rephrased as:

det(A — a™'T)

Observing this expression, we can recognize it as the characteristic equation with
roots a~! being equivalent to the eigenvalues of the adjacency matrix. As « increases,
the determinant reaches zero for the first time when o' equals to sy, representing
the largest eigenvalue of A. To ensure convergence of the centrality expression, it is
advisable to choose a value for a lower than this critical point.

However, determining the precise value for a beyond this point lacks clear guide-
lines. Many researchers have opted for values close to the maximum of 1/x;, which
heavily emphasizes the eigenvector term while minimizing the impact of the con-
stant term. This approach yields centrality values that are closely with the ones
from the eigenvector centrality but assigns small non-zero values to vertices outside
the strongly connected components.

We introduce the Katz centrality as a solution to address the challenges posed by
ordinary eigenvector centrality when dealing with directed networks. However, it is
worth noting that Katz centrality can also be applied to undirected networks with-
out any fundamental constraints, and there are instances where this adaption proves
advantageous.

2.2.4 PageRank

The previous section introduced a characteristic of the Katz centrality that may not
always be desirable. When a vertex with high Katz centrality points to multiple
others, all of those other vertices also receive high centrality values. This behav-
ior has been subject to debate, as in many cases, it is less significant if a vertex is
just one among many that are pointed to. The centrality gained from being con-
nected to a prestigious vertex gets diluted when shared with numerous other vertices.

10



For example, consider the famous Yahoo! web directory, which contains links to
millions of web pages, including mine. While Yahoo! is an important website and
would have high centrality according to any reasonable measure, it may not neces-
sarily make my page very important by association. The high centrality of Yahoo!
gets distributed among millions of pages, including mine, reducing its contribution
to my page’s centrality.

To address this issue, a variation of the Katz centrality can be defined, where the
centrality a vertex receives from its network neighbors is proportional to their cen-
trality divides by their out-degree. With this approach, vertices that point to many
others pass on only a small amount of centrality to each of those others, even if their
own centrality is high. Mathematically, this centrality measure can be defined as:

1'4
T = CMZAUEL + 8 (2.6)
J

This gives problems if there are vertices in the network with out-degree equal to zero.
However, this is easily fixed because it is clear that vertices with no out-going edges
should contribute zero to the centrality of any other vertex. This can be achieved by
setting kjo-“t = 1 for all such vertices.

Again, we can write this in matrix terms as:
x = aAD x + 31,

where I is the vector (1,1,...) and D the diagonal matrix with elements D;; =
max(k?"*, 1). Rearranging, we have x = 3(I—aAD™")™'I, as before /3 plays the role
only of an overall multiplier for the centrality, so we can set it equal to one and have:

x=D(D —aA) I

This centrality measure is commonly known as PageRank, which is the trade name
given it by the Google web search corporation, which uses it as a central part of their
web ranking technology [4]. PageRank proves effective on the Web because when
your page has links from important pages on other websites, it suggests that your
page might also be important. However, the crucial aspect of dividing by the out-
degrees of pages ensures that pages merely pointing to a vast number of other pages
do not pass a significant amount of centrality to each of them. As a result, networks
like Yahoo! do not exert disproportionate influence on the rankings, making the
centrality distribution more balanced and fairer.
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2.2.5 Closeness Centrality

The next measure that we will introduce offers a different way of measuring centrality.
It quantifies the average distance from a vertex to all other vertices in the network.
Let’s consider d;; as the length of the geodesic path (shortest path) from vertex i to
J, where the length indicates the number of edges along the path. In this context,
the mean geodesic distance from vertex ¢ to all other vertices j in the network can
be expressed as follows:

li= 5 205 dis

The value of this quantity is lower for vertices that, on average, have a short geodesic
distance to other vertices. Such vertices are likely to have improved access to infor-
mation from other vertices or possess more direct influence on them. Unlike the other
centrality measures discussed in this chapter, the mean distance [; does not follow
the same principle. It assigns low values to more central vertices and high values to
less central ones, which contrasts with our other measures. Due to this discrepancy,
in the social network’s literature, researchers often work with the inverse of /;. This
inverse measure is known as the closeness centrality:

1 n

li Zj » (2.7)
Closeness centrality is a widely employed and intuitive centrality measure in social
and network studies. However, it does have certain drawbacks. One concern is
that its values typically cover a relatively narrow range, which makes it difficult to
distinguish between central and less central vertices. There are better solutions to
address the problems that this measure has, but because they hardly ever used in
practice, we will not mention them.

2.2.6 Betweenness Centrality

Another important measure that we will mention is the betweenness centrality, which
measures the significance of a vertex in a network based on its position between other
vertices. Initially it was introduced by Freeman [5] in 1977. To understand between-
ness centrality, we can consider a scenario where something, like messages or data
packets, flows between vertices through the shortest paths in the network. If we wait
for a considerable time, the number of messages passing through each vertex on their
way to their destination will be proportional to the number of geodesic paths the
vertex lies on. This number of geodesic paths represents the betweenness centrality
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of the vertex. Vertices with high betweenness centrality play a critical role in con-
trolling information exchange between others. Their removal from the network can
severely disrupt communications between other vertices, emphasizing their influence.
While real-world situations may not always adhere to the assumptions, betweenness
centrality still serves as an approximate guide to understanding the flow of informa-
tion and the influence of vertices in a network.

Mathematically, we can express the betweenness centrality for a general network
by defining n%, to be the number of geodesic paths from s to ¢ that pass through 4,
and g to be the total number of geodesic paths from s to t. Then the betweenness

centrality of vertex i is:
— (2.8)

sttzeN Jst

Betweenness centrality extends its applicability to directed networks as well. In
directed networks, the shortest paths between two vertices can vary depending on
the direction of travel. For instance, the shortest path from vertex A to B may differ
from the shortest path from B to A, and in some cases, there might be a path in
one direction while no path exists in the opposite direction. Therefore, it becomes
crucial to explicitly consider the path counts in both directions for each vertex pair
in a directed network. Fortunately, the definition of betweenness centrality, as given
in Eq 2.8, already accounts for this aspect.

2.2.7 Groups of Vertices

In this section, we will introduce some different concepts compared to the ones that
we have discussed so far. Besides looking at each vertex separately and try to cal-
culate different metrics for each one, we can divide the network into groups or com-
munities and study the local structure of the network.

Cliques, plexes, and cores are interconnected concepts that provide valuable insights
into the structural organization of complex networks. A clique is a subset of vertices
of a graph such that every two distinct vertices in the clique are adjacent, meaning
that every vertex is directly connected to every other vertex forming a community.
A k-plex of size n is a maximal subset of n vertices within a network such that each
vertex is connected to at least n-k of the others. If £ = 1, we recover the definition
of an ordinary clique. Moreover, a k-core is a maximal subset of vertices such that
each is connected to at least k others in the subset. We can prove that a k-core
of n vertices is also an (n-k)-plex. Also, unlike k-plexes and cliques, k-cores cannot
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overlap, since by their definition two k-cores that shared one or more vertices would
just form a single larger k-core.

In order to gain a deeper understanding of the above, we can consider a social net-
work where individuals represent vertices and friendships represent edges. A clique
within this network could be a group of friends who all know each other. A plex
might involve a set of individuals who frequently interact with each other, even if not
all of them are directly connected. In this scenario, a core would be a group of indi-
viduals who maintain the most substantial connections, possibly driving the overall
cohesion of the larger network. Understanding these structures helps us comprehend
how information or influence spreads within the network.

2.2.8 Clustering Coefficient

Building upon the previous concepts that we introduced, we can move to the explo-
ration of transitivity and clustering coefficient. As cliques, plexes, and cores explain
the interconnectedness of nodes within a network, transitivity and clustering coeffi-
cient provide quantitative measures for finding which nodes tend to form clusters or
groups.

Transitivity evaluates the likelihood that if node A is connected to node B, and
node B is connected to node C, then node A and node C are also connected. In
essence, transitivity captures the tendency for triangles or closed loops to emerge
within networks. Furthermore, the global clustering coefficient, closely related to
transitivity, is a measure of the degree to which nodes in a graph tend to cluster to-
gether and is based on triplets of nodes. A triplet is three nodes that are connected
by either two (open triplet) or three (closed triplet) undirected ties and a triangle
graph includes three closed triplets, one centered on each of the nodes. Having these,
we can define the global clustering coefficient as:

ol — 3 x number of triangles

2.9
number of all triplets ’ (2.9)

Cl = 1 implies perfect transitivity, meaning that the network’s components are all
cliques and C'l = 0 implies no closed triads.
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2.3 An Illustrative Example

Lastly, we will show a simple example in order to calculate some of the above metrics
and get a deeper understanding of them. For this example, we will use an undirected
network, which can be seen in Figure 2.3. Before starting to calculate different met-
rics, we must calculate the adjacency matrix. The adjacency matrix of the undirected
network is the following:

010110
101000
010100
A“_101000
100001
000O0T10

Having the adjacency matrix, we can use it for calculating the network’s metrics that
we want. First, we will calculate the degree of each vertex using the formula in Eq
2.1. Thus, for the vertex 1 we will have:

ki = Z?Zl Ayy=An+Ap+ A+ Au+ Ais + Aig =3

Similarly, we can find the degree for the other vertices too (see Table 2.1). Next, we
will calculate the eigenvector centrality for each vertex. Because, it requires to find
the eigenvalues of the adjacency matrix, we will calculate it computationally. The
results for each vertex can be seen in Table 2.1. Moreover, we will calculate Katz
centrality using the Eq 2.4 and the results of each vertex are in Table 2.1.

Vertex | Degree | Eigenvector | Katz | Closeness | Betweenness
1 3 0.56 0.45 0.86 0.65
2 2 0.44 0.41 0.66 0.15
3 2 0.41 0.41 0.54 0.05
4 2 0.44 0.41 0.66 0.15
5 2 0.32 0.40 0.66 0.40
6 1 0.15 0.36 0.46 0

Table 2.1: Different network metrics for each vertex

The next metric that we will calculate is the Closeness centrality, using the Eq
2.7. So, for the vertex 3 we will have:
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Again, for the other vertices we can see the Table 2.1. The final metric that we will
calculate is the Betweenness centrality. Using the Eq 2.8 we can find for vertex 4:
ANy
Ty = Zs#tyﬂeN o T 10— 0.4

For all the other vertices we can see Table 2.1. Finally, we conclude that the vertex
1 has a significant role in the network, which can be seen from the high values that
its metrics has compared to the ones of vertex 6 which doesn’t play an important
role in the network. The above example was just a simple illustration to see how we
can calculate arithmetically some basic network metrics, for a network that has a lot
of vertices the use of computer algorithms is necessary.

Figure 2.3: An undirected network with six vertices
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Chapter 3

Literature Review

This chapter constitutes a comprehensive survey of relevant literature in the domain
of financial networks. The first section delves into the concept of systemic risk, em-
phasizing the instrumental role played by network analysis in its understanding and
mitigation. Subsequently, attention shifts to community detection within networks,
exploring the identification of hidden substructures and applications in financial net-
works. Lastly, we present shareholders networks, aligning closely with the analytical
focus of the thesis. By traversing these sections, readers gain invaluable insights
from existing scholarship, laying the groundwork for the subsequent chapters and
deepening our comprehension of financial networks.

3.1 Systemic Risk and Network Analysis

Over the past years there is a large contribution to the analysis and to the functional
understanding of the structure of real-world networks. Boss (2003)[6] conducts an
empirical analysis of the Austrian interbank market’s structure and finds that the
degree distribution of the interbank network shows two different power law expo-
nents which are one-to-one related to two sub-network structures, differing in the
degree of hierarchical organization. There are several studies that was done dur-
ing these years but after the Banking crisis in 2008, network analysis started to
attract a lot more attention. The concept ”too-central-to-fail” was introduced by
Battiston (2012) [7], where the authors proposed the DebtRank metric to identify
nodes of systemic importance. The analysis that they did in the FED emergency
loans program during the 2008-2010 financial crisis highlights the critical role of
interconnected nodes in systemic risk. Additionally, Hideaki (2013) [8] delves into
lending/borrowing relationships in the Japanese credit network, where they intro-
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duce two different DebtRank metrics to assess node importance and vulnerability
during crisis. Notably, the research reveals a non-linear connection between bank
size and importance. Moreover, Thurner (2013) [9] addresses the lack of accurate
risk assessment among banks within interbank networks. The authors propose intro-
ducing transparency by revealing each bank’s DebtRank and incentivize borrowing
from safer lenders. This self-organized critical approach redistributes risk and has
the potential to significantly reduce systemic risk without compromising network effi-
ciency. Furthermore, Bardoscia (2015) [10] establishes a dynamic ”microscopic” the-
ory of instability in financial networks. Building upon the DebtRank algorithm, the
researchers generalize the model, providing economic intuition based on accounting
principles. Their approach uncovers network effects amplifying exogenous shocks and
emphasizes the importance of regulatory measures in addressing systemic risk within
financial networks. Another interesting view is the one of Silva (2017) [11], where
innovative network-based measurements are introduced to identify contagion roles in
the Brazilian financial market. The impact susceptibility index assesses vulnerability
to local or remote impacts and the impact diffusion influence index captures the po-
tential influence of financial institutions in propagating impacts. Surprisingly, some
non-large banking institutions consistently exhibit more influence in impact diffusion
than large banks. Chabot (2019) [12] examines financial market stability for system-
ically important banks (SIBs). Proposes a fresh approach to comprehend banks’ in-
teractions in a complex environment, using network analysis on 262 European banks.
The study discovers that a bank’s network position and its local characteristics im-
pact system stability more than its systemic importance. The research challenges
the notion that SIBs with increased capital can solely ensure crisis containment and
suggests integrating interconnectedness metrics into monitoring systems for regula-
tors to identify potential disruptions early. A different approach of assessing systemic
risk can be done using a multilayer network. Cuba (2021) [13], presents a compre-
hensive study of Peru’s banking system, investigating interbank exposures through
a multilayer network analysis. By considering various layers of financial interactions
and employing metrics like DebtRank, the study assesses systemic importance while
accounting for interconnectedness. Notable findings include a concentrated inter-
bank network, a core-periphery structure in the multilayer analysis, and an inverse
relationship between impact and vulnerability. Lastly, I.-E.Téllez-Leén (2021) [14],
employs network theory, econometric models and machine learning to analyze the
structural properties of the secured and unsecured interbank markets in Mexico. The
study identifies key network measures influencing lender-borrower relationships, with
centrality metrics like PageRank explaining secured market dynamics and systemic
risk indicator DebtRank driving unsecured market trends. Findings highlight the sig-
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nificance of a bank’s position in the network, the systemic relevance of counterparts,
and the density of connections in influencing funding prices.

3.2 Community Detection in Networks

Community structure detection in networks has been a topic of significant research
interest due to its applications in various domains. Several methods have been devel-
oped to uncover and analyze community structures with different types of networks.
Girvan (2001) [15] introduced a novel approach for identifying community structures
by utilizing edge betweenness information. Unlike conventional methods that focus
on identifying strongly interconnected core communities, Girvan’s method capitalizes
on detecting community peripheries. Through experiments on computer-generated
and real-world networks, the approach demonstrated remarkably accuracy in identi-
fying communities. Newman (2004) [16] reviews some traditional methods for com-
munity detection such as spectral bisection method, which is based on the eigenvector
of the graph Laplacian, the Kernighan-Lin algorithm and hierarchical clustering. He
mentions that these methods are unsuitable for real-world network data and then
introduces some suitable methods based on iterative removal of between-community
edges, including the betweenness-based method of Girvan and Newman, the Monte
Carlo resampled variation proposed by Tyler, and the algorithm based on counts
of short loops proposed by Radicchi. Finally, discuss two more algorithms for their
computational efficiency, namely modularity maximization of Newman and resistor
network algorithm of Wu and Huberman. Next using the findings of the previous
authors, Leicht (2007) [17] proposes a method for finding communities in directed
networks. They show that modularity can be generalized in a principled fashion to
incorporate the information contained in edge directions, using an algorithm based
on the eigenvectors of the corresponding modularity matrix. The method is an exten-
sion of the modularity optimization method for undirected networks. Their algorithm
can detect also more than two communities using repeated bisection until the mod-
ularity of the network stops increasing. Furthermore, Blondel (2008) [18] propose a
community detection method (Louvain method) based on modularity optimization,
which is shown to outperform all other known methods in terms of computation
time. Firstly, the method assigns a different community to each node of the network
and then for each node i, evaluates the gain of modularity that would take place
by removing the node i from its community and by placing it in the community j.
The change happens when the gain is maximum. This process is applied repeatedly
and sequentially for all nodes until no further improvement can be achieved. An-
other interesting algorithm came from Rosvall (2007) [19], where introduces a new
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information theoretic approach that reveals community structure in weighted and
directed networks. The method decomposes a network into modules by optimally
compressing a description of information flows on the network. The method uses the
map equation, which calculates the minimum description length of a random walk
on the network for a two-level code that separates the important structures from the
insignificant details based on the partition. Finally, two interesting applications in
financial networks were done by Vitaly (2014) [20] and Huang (2021) [21]. Vitaly
(2014) present an analysis of the global ownership network of transnational corpora-
tions using community detection methods such as the Louvain algorithm of Blondel
(2008) and the Infomap method of Rosvall (2008). They conclude that the global
corporate network is strongly clustered in communities, where geography is the ma-
jor driver while sector is not so important. On the other hand, Huang (2021) uses the
method of Blondel (2008) for community division in order to deal with large-scale
networks of bank correlation and filters the divided communities into sub-networks.
With that, he studies the differences in risks between different sub-networks and fo-
cuses on the relationship between the systemic risk of community sub-networks and
community structural variables, such as community size.

3.3 Shareholders Networks

Shareholders networks play a critical role in modern financial markets, influencing
information flow, control dynamics, and investment behaviors among market partici-
pants. Firstly, Souma (2005) [22] present the Japanese shareholding network existing
at the end of March 2002. They consider a directed network by drawing edges from
shareholders to stock corporations. Studying the outgoing degree distribution, they
found that it follows the power law with an exponential cutoff. Also, from consider-
ing the correlations between the outgoing degree and the company’s age, profit, and
total assets, conclude that an important factor in the growth of the business network
is not the company’s age but its total assets. Next, M. D’Errico (2009) [23] studied
the Shareholding Network embedded in the Italian Stock Market. They used differ-
ent centrality measures in order to identify the central companies both in the role of
transferring information flows and controlling companies. Specifically, suggest that
betweenness centrality can identify companies which are central in the information
flow and because the control of a company can be exercised in an indirect way, they
propose the flow betweenness for detecting it. On the other hand, Li (2014) [24] con-
struct a bipartite network of the energy listed companies and their shareholders and
a derivative holding-based network based on the equivalence network theory. Also,
propose the weighted and un-weighted Shareholding Similarity Coefficient, which
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represent the similarity of the two sets of listed companies whose stocks are held by
any two shareholders, regardless of the shareholding rate. They found that a rela-
tively high shareholding similarity coefficient corresponds to relatively low numbers
of holding and co-holding of the listed energy companies. A different approach was
done by Yao (2019) [25], where they study the investment characteristics of different
type of shareholders in Turkish and Dutch companies, using a network (for each
country) of shareholders linked if they have invested in the same company. They cal-
culate different network measures such as degree, assortativity, diversity of neighbors,
betweenness and closeness centrality. Also, perform percolation analysis focusing on
one type of shareholder and community detection. They found that the individual or
family investors in Turkey is more peripheral than that of the Netherlands and the
Corporate shareholder in Turkey form a central core for that network. Additionally,
Long (2022) [26] propose a framework for quantifying relational risk based on pub-
licly available risk events for small- and medium- sized enterprises (SMEs’) credit
risk evaluation. They quantify relational risk by weighting the impact of publicly
available risk events of each firm in shareholding and governance networks. In order
to do this, they use a smoothed version of the wvRN algorithm to generate a score by
weighting the time dependent risk scores of firms based on the network structure and
combine it with basic features to evaluate the credit risk of SMEs. They found that
the additional information of relational score in the models, improves both discrim-
ination and granting performances of credit risk evaluation of SMEs. Finally, Liu
(2023) [27] present a shareholder-stock bipartite network and analyze the topology of
the network to explore the structural characteristics of overlapping portfolios among
different shareholders, as well as similar shareholder allocation structures between
different stocks. For the analysis, they use the method of a statistically validated net-
work model to establish the projected networks, then they calculate basic network
measures such as degree, clustering coefficient and PageRank and finally perform
community detection. Lastly, they conclude that most shareholders have different
shares and investment portfolios.
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Chapter 4

Understanding the Network: Data
and Analysis

In this chapter our aim is to understand the relationships between shareholders and
the companies they invest in. In order to achieve this we will do a comprehensive ex-
ploration of the bipartite network, which will help us unveil the complex connections
within this network. After that, we will delve into the concept of projected networks
and split the bipartite network into two separate unipartite networks representing
shareholders and companies. This separation will enable us to apply traditional net-
work analysis techniques in both projected networks, providing deeper insights into
the financial relationships. However, before starting our analysis we will make a
small presentation of the datasets that we will use.

4.1 Data Overview

In this section, we present a comprehensive examination of the datasets employed in
our analysis. Our data encompasses two primary synthetic datasets: one includes the
shareholders and the companies that they have invest, while the other one consists
information about if a company had a default event or not in different time peri-
ods. It is important to note that these synthetic datasets were carefully prepared
by Ernst& Young Credit Risk Analysts, who incorporated expert judgment, insights,
and observations derived from real-life data.

More specifically, the first dataset includes 1277 rows and two columns namely share-

holder_id and company_id. Each row of the dataset represents the shareholder and
the company that he has invest. In total we have 323 different shareholders and 830
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different companies. In the context of network analysis, this dataset can be repre-
sented as a bipartite network consisted two sets of nodes, one with the shareholders
and the other with the companies and an edge between a shareholder and a company
that he has invest.

On the other hand, the second dataset includes 19921 rows and three columns namely
company_id, target and reference date. The company_id column signifies the distinc-
tive identifiers assigned to companies. The target column, a binary variable, assumes
a value of 1 to denote a default event or 0 for a non-default event. The reference date
column runs on a quarterly basis from 2017 to 2022 and specifies the precise date
attributed to the companies’ financial assessments. This dataset is used for credit
risk assessment using predictive network metrics.

All in all, the first dataset serves as the foundation for our network construction,
forming the basis upon which we create a comprehensive representation of shareholder-
company interactions. This network enables us to explore the complex relationships
within our financial ecosystem. In contrast, the second dataset is used for assessing
the predictive power of newly introduced network metrics. By applying these met-
rics to the second dataset, we endeavor to unveil their potential in forecasting binary
outcomes, specifically default events, contributing valuable insights to our credit risk
assessment framework.

4.2 Bipartite Network Analysis

In this section we will investigate the bipartite network, building upon our under-
standing of what a bipartite graph is as previously outlined in chapter 2. The bipar-
tite network under study represents the relationships between shareholders and the
companies they invest in. Our network consists of 1153 nodes and 1276 links and
this makes the visualization of the network uninformative. If we want to get an idea
of how the visualization of the network will be, we can look the Figure 2.1. Now, we
can turn our attention to specific network measures that will help us extract valuable
information from the network.

4.2.1 Degree Centrality

Degree centrality is a fundamental network measure that quantifies the importance
of a node within the network by counting the number of edges connected to that
node. In the context of bipartite network we introduce degree centrality for both

23



shareholders and companies. Bipartite graphs, as we have mentioned, have two sets
of nodes S and C with the shareholders and the companies respectively and one set £
with edges that only connect nodes from opposite sets. Furthermore, the maximum
possible degree of a node is the number of nodes in the opposite node set. So, the
degree centrality for a node v in the bipartite sets S with n nodes and C' with m
nodes is [28]:

d, = degT@),forv es
(4.1)
d, = degT@,forv eC

For example, in our case the degree centrality for shareholder s1 and for the company
cl will be:

deg(sl
ds1) = 8Z§0>
deg(cl)
del) =53

where 830 is the number of companies in the node set C' and 323 the number of
shareholders in the node set S.

Now, using the Eq 4.1, we can calculate the degree centrality for each node and
make a histogram in order to understand the distributions, but because we have a
lot of nodes the degree centrality will have very small values and will make it harder
to interpreted. So, it is better to take the histograms of the degrees. Looking at
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Figure 4.1: Histograms of the degrees for the shareholders and the companies
respectively.
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the Figure 4.1, we can see that both histograms are right skewed. Regarding the
histogram with the shareholders, we can conclude that there are 3 different groups
of shareholders. The first one consists shareholders that have invest in one company,
the second one those that have invest between 2 and 5 companies and the last one
which is also the smallest one includes shareholders that have invest in more than
6 companies. This suggests that most of the shareholders have a more conserva-
tive investment strategy compared to the other that maintain a broader and more
diversified portfolios. On the other hand, from the histogram with companies, we
can see that most of them have only one shareholder and only one company has 6
shareholders.

4.2.2 Betweenness Centrality

The next measure that we will introduce is the betweenness centrality for bipartite
graphs. As we mentioned previously in chapter 2, betweenness centrality measures
the number of times a node lies on the shortest path between other nodes. More
specifically, betweenness centrality of a node v is the percentage of all the shortest
paths of any two nodes (apart from v), which pass through v. In the case of bi-
partite graphs the formula is slightly different from the one in the unipartite case,
because bipartite graphs have two distinct sets of nodes and we need to consider
paths that connect nodes from one set to nodes in the other set. So, the formula for
the betweenness centrality of a node v in a bipartite graph is defined as:

Cp(v)= Y 7eclv) (4.2)

g
s€8,ceC s¢

where S and C' are the two disjoint sets of nodes, s and ¢ are nodes from the sets S
and C respectively, o, is the total number of shortest paths from a node in set S to
a node in set C' and o4.(v) is the number of those shortest paths that pass through
node v.

Now, that we have the formula, the next step is to use it for calculate the be-
tweenness centrality for every node in our graph and make two histograms for the
shareholders and the companies to get a better view of their distribution of between-
ness centralities. Before, we present the two histograms, we have to mention that
the values of betweenness are normalized by the maximum possible value which for
bipartite graphs is limited by the relative size of the two node sets [28].
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Let n be the number of nodes in the node set S and m be the number of nodes
in the node set C, then nodes in S are normalized by dividing by:

1

§[m2(s + 1) +m(s+1)(2t —s — 1) — (25 — t + 3)],
where
s=Mn—-1)+m,t=(n—-1) modm,

and nodes in C' are normalized by dividing by:

%[nQ(p_|_ D24+ np+1D)2r—p—1)—r2p—1r+3)],
where
p=(m—-1)+n,r=(m—1) modn

Looking at the Figure 4.2, we can get some insights into the roles and interactions of
both shareholders and companies. As we can see in the left histogram, the majority
of the shareholders have 0 centrality, which indicates their limited involvement in
bridging connections between shareholders and companies. Moreover, we can see
also a few shareholders that have values between 0.11 and 0.20, which suggests that
they have more substantial roles in facilitating connections between different sets of
companies. On the other hand, in the right histogram with companies we can see a
similar pattern. Most of the companies have very low centrality values, suggesting
that they do not significantly mediate connections with shareholders. However, a
minority of companies display moderate centrality, indicating their importance in
bridging different shareholder groups.
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Figure 4.2: Histograms of the betweenness centralities for the shareholders and the
companies respectively.
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4.3 Unipartite Network Analysis

In this section we will try to analyze the network using the measures that we intro-
duced in chapter 2, which is a contradiction because those measures are for unipartite
networks. For that reason, we will begin with an introduction to projected networks,
a powerful concept that will help us transform the bipartite network into two dif-
ferent unipartite networks. Following this, we will delve into the projected network
analysis where we will analyze the two unipartite networks separately using tradi-
tional network analysis techniques. Through this analysis, we aim to unveil hidden
structures, identifying influential nodes and illuminate the underlying dynamics that
define the relationships between shareholders and companies in our network.

4.3.1 Projected Networks

The method that we will employed is called shared neighbor method. This method
will help us create two unipartite networks. The first one will be the Shareholder-
Shareholder (S-S) network which highlights the relationships among shareholders,
based on their shared interactions with companies. The second one will be the
Company-Company (C-C) network, which focuses on the companies based on their
common shareholders.

In order to understand exactly what the method does, we will do a simple example.
We will use a bipartite network with 3 shareholders (blue color) and 4 companies
(green color), as we can see in Figure 4.3. Using the projected method, we will take
two networks, one for the projection of the vertex set S with respect to the vertex
set C' and the other one for projecting the vertex set C' with respect to the vertex
set S. Regarding the first projection, we can see that both shareholders ’s1” and ’s2
have invested in the company ’cl’, which means that they have at least one shared
neighbor. This creates a link between them in the projected network. Also, we can
see that ’s1” and ’s3 do not have invest in the same companies, which results to not
have any links between them in the projected network. On the other hand, compa-
nies 'c¢3’ and 'c4 have a similar shareholder 's3’, which makes them have a link in the
projected network.
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Figure 4.3: Bipartite network on the left and its two projections on the right.

4.3.2 Shareholder-Shareholder Network Analysis

Having in mind the example that we did, we will use the same philosophy for con-
structing the Shareholder-Shareholder network. The network consists of 323 nodes
as shareholders and an edge between two shareholders if they have invested in at
least one common company. The network is depicted in Figure 4.4, where we can see
that we have two groups. The first group consists shareholders that they have 0-2
edges and the second one consists shareholders with much more edges. Now, that
we have the unipartite network, we will calculate different network measures like the
ones that we introduced in chapter 2 and try to find more about the relationships
among shareholders.
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Figure 4.4: Shareholder-Shareholder network

The first measure that we will study is the degree centrality (i.e. the degree divided
by the number of shareholders). In this analysis, degree centrality means that the
higher the centrality of a node is, the more edges are connected to the particular
node and thus the more neighbor nodes (common investments) this node has.
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Figure 4.5: Degree centrality histogram of the S-S network.

It is visible from Figure 4.5, that the vast majority of the shareholders have degree
centralities of less than 0.01 and a few reach the value of 0.05. We can verify this,
looking at the Figure 4.4, where a lot of shareholders have 0-2 degree and some in
the center have higher values of degree, which results to the distribution of degree
centrality to be right-skewed. Also, calculating the average degree, we found that is
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3.5 suggesting that, on average, each shareholder has invested in the same companies
to approximately 3.5 other shareholders, which implies a moderate level of collabo-
ration or investment overlap among shareholders.

Next, we will study the betweenness centrality which measures the number of times
a node lies on the shortest path between other nodes, meaning it acts as a bridge.
Specifically, in the S-S network this measure is associated with the shareholder’s
ability to influence others. For example high betweenness centrality can indicate
that a shareholder holds a central position in the network and maybe sought after
for partnerships or investment opportunities due to their ability to connect others.
Moreover, as we can see from Figure 4.6, the majority of the shareholders centrality
values are below 0.03, which makes sense as the network is very sparse and most
of the nodes do not act as bridges. However, we can see that we have a very few
shareholders with centrality values up to 0.14. These individuals play crucial roles
in information flow and facilitating interactions.
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Figure 4.6: Betweenness centrality histogram of the S-S network.

Another important measure that we will calculate is the closeness centrality which
measures the proximity of a node to all other nodes in the network. In other words,
the higher the closeness centrality of a node is, the closer it is located to the center of
the network. It is very important for the monitoring of the spread of information. If
a shareholder with the highest closeness centrality measure started spreading some
information, the whole network would get informed the quickest possible. As previ-
ously, we will look at the histogram of the closeness centrality in order to get a better
understanding of its distribution. Looking at Figure 4.7, the presence of two groups
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is notable. The first group, characterized by values ranging from 0 to 0.01, represents
shareholders who are isolated from others. In contrast, the second group, with values
from 0.07 to 0.14, consists of shareholders who are centrally located, with shorter
paths to reach other shareholders. These individuals play pivotal roles in spreading
information and have a higher potential for influence within the network.
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Figure 4.7: Closeness centrality histogram of the S-S network.

The last centrality measure that we will analyze is the eigenvector centrality, which
shows how connected a node is to other important nodes in the network. It measures
anode’s influence based on how well it is connected inside the network and how many
links its connections have and so on. Looking at the Figure 4.8 we can see that most
of shareholders have eigenvector centralities 0.
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Figure 4.8: Eigenvector centrality histogram of the S-S network.

However, we can also see different values of eigenvector centralities as there are tiny
bins all over the x axis. These shareholders that have values close to 0.30 can be
considered the most important in this network in terms of overall influence to the
whole network. They have the ability to shape network’s dynamics and potentially
influence the decisions and actions of other shareholders.

The last measure that we will see for the S-S network will be the clustering coeffi-
cient, which is not a centrality measure. Clustering coefficient measures the extent to
which shareholders tend to form clusters or tightly-knit groups within the network.
Specifically, it quantifies the likelihood that a shareholder’s neighbors are also con-
nected to each other. The interpretation of the clustering coefficient can be valuable
for understanding the network’s cohesion and identifying potential communities or
cliques of shareholders.
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Figure 4.9: Clustering coefficient histogram of the S-S network.

From Figure 4.9, we can see that we have numerous values close to 0, which indi-
cates that a lot of shareholders have limited interactions with others. This makes
sense because as we saw previously the majority of shareholders have 0 degree. The
presence of values in the range of 0.2 to 0.6 suggests that there are clusters or sub-
groups in the network who interact more closely with each other. These subgroups
likely represent communities of shareholders with shared interests. Lastly, there are
a few values equal to 1. This indicates that a shareholder and his neighbors are fully
interconnected, forming a complete clique which might represent a specific subset of
shareholders who are engage in extensive collaboration.

The final thing that we will do, is to find the top five shareholders based on different
centrality measures and see if they have similarities or not. Looking at Table 4.1,
we can see the shareholder id and the value of each centrality measure for each one
of them. The maximum degree centrality is 0.05, which means that the shareholder
's178 is connected to approximately 5% of all other shareholders in the network
and the remain shareholders to 4%. Besides having the highest degree, we have dif-
ferent shareholders with the highest betweenness centrality. This happens, because
betweenness centrality emphasizes to the control of information flow between others,
so it is possible for shareholders to have many connections (high degree) but not
necessarily serve as bridges. On the other hand, we can see a lot of similarities be-
tween the shareholders with the highest betweenness and closeness centrality. This
suggests, that the shareholders that have the ability to influence others are also po-
sitioned close to the center of the network. Furthermore, looking at the last column
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of the Table 4.1, we can see that only the shareholders ’s178" and ’s177" have be
seen before and all the others are identified for the first time, meaning that they
have neither the highest degree, betweenness or closeness centralities in the graph.
That leads to the conclusion that those shareholders are very likely to be connected
with the 's178” and as a result have very high eigenvector centralities. Indeed, the
shareholders 's1777,’s193" and 's199’ are connected with 's178’.

Degree Betweenness Closeness Eigenvector
Shareholder Id | Value | Shareholder Id | Value | Shareholder Id | Value | Shareholder Id | Value
s178 0.05 s79 0.15 s97 0.14 s178 0.31
s177 0.04 s97 0.13 s117 0.14 s197 0.28
s176 0.04 $5H8 0.13 s79 0.14 s177 0.27
s139 0.04 s117 0.12 s138 0.13 s193 0.25
sT7 0.04 s138 0.12 s112 0.13 s199 0.22

Table 4.1: Top five shareholders for each network centrality measure.

4.3.3 Company-Company Network Analysis

Following similar steps as before, we will do now the analysis for the projected
network of companies. In order to find the projection of the vertex set C (companies)
with respect to the vertex set S (shareholders), we will use the method of shared
neighbor. This means, that now each company becomes a node and an edge is
drawn between two companies if they share at least one shareholder. From that, we
build a unipartite network with 830 nodes and 3249 edges. A visualization of the
network can be seen in Figure 4.10. As previously the graph is not very clear due to
the high number of nodes, but we can detect again two groups of companies, where
the first one consists companies that are isolated from others and the second one
companies that are more connected.

Figure 4.10: Company-Company network.
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The first measure that we will look is the degree centrality. After calculating the
degree centrality for each company we make a histogram in order to see the distri-
bution. The histogram in Figure 4.11 reveals that the distribution is right-skewed.
In general, the majority of companies have values 0 indicating that they don’t have
common shareholders with other companies and a few with values 0.05 suggesting
that are more connected with others and probably serving as pivotal players in the
network. Also, the average degree of the network is 8, which demonstrates a notable
level of interconnectedness among companies.
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Figure 4.11: Degree centrality histogram of the C-C network.

Next will be betweenness centrality, a key metric, which quantifies the extent to
which individual companies act as intermediaries or bridges facilitating connection
between other companies. Looking at Figure 4.12, most values clustered around 0
and only a few reach as high as 0.25 suggesting that the majority of companies play
limited role as intermediaries in connecting others. However, the presence of a few
companies with notably higher betweenness centrality, have the potential to influence
the network’s stability. A financial shock or default in one of these companies could
have huge consequences, propagating risk to other connected companies.
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Figure 4.12: Betweenness centrality histogram of the C-C network.

Another important measure is the closeness centrality, which measures how quickly a
company can reach other companies in the network. Companies with high closeness
centrality have shorter average distances to all other companies, making them well
positioned for rapid communication and interactions within the network. In the
histogram of Figure 4.13, most of the companies have centrality 0 with a smaller
group from 0.08 to 0.18. If one of the companies with high closeness centrality face
a financial distress, the risk would be spread rapidly to other connected companies.
Therefore, it is crucial to identify and closely monitor these highly central companies.
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Figure 4.13: Closeness centrality histogram of the C-C network.
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Furthermore, we will calculate the eigenvector centrality for each node, which as-
sesses the influence and importance of each company based not only on its direct
connections but also on the quality and significance of its connections. Companies
with high eigenvector centrality are not only well-connected but are connected to
other well-connected companies, signifying their influential positions in the network.
Looking at the Figure 4.14, we can see that the majority of companies have value
0 and a few others have values up to 0.25. These companies can be considered
important in this network in terms of overall influence to the whole network.
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Figure 4.14: Eigenvector centrality histogram of the C-C network.

Additionally, the study of clustering coefficient will provide a better understanding
of network’s structure. The histogram in Figure 4.15 reveals a diverse distribution
of clustering coefficients, with a substantial number of companies having a clustering
coefficient equal to 1. This suggests the presence of tightly interconnected clusters
or subgroups of companies within the network, which can be seen as risk concentra-
tions. If a financial issue were to affect one company within such a cluster, it could
potentially propagate across others. Also, the presence of companies with cluster-
ing coefficients between 0.2 and 0.8 indicates varying degrees of local cohesion and
collaboration. Companies with values 0 signify limited local clustering or partner-
ships within their immediate network neighborhoods. This spectrum of clustering
coefficients underlines the network’s complexity, with both high clustered and less
cohesive segments.
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Figure 4.15: Clustering coefficient histogram of the C-C network.

The last thing that we will do in this analysis is to find the lengths of the shortest
paths that connect any node to another node in the network. This requires computing
the shortest path between every pair of nodes in the network, which will be done with
a built in function in the NetworkX package. After calculating the lengths of the
shortest paths, we make a histogram of the shortest path lengths which can be seen
in Figure 4.16. Also, we have to mention that we did not account for the nodes that
have 0 degree, resulting in no paths to other nodes. The distribution of shortest path
lengths in the C-C network, ranging from 1 to 15. The histogram reveals the varying
distances between companies within the network, with the majority of paths falling
within 4 and 6. Shortest paths of length 1 indicate direct connections, reflecting
shared shareholders or established partnerships. As the path lengths increase beyond
the mean, we encounter more complex routes with a maximum value of 15. From
a risk perspective, understanding the distribution of shortest path lengths is crucial
for assessing the potential transmission of financial risks within the network and we
will see in the next chapter how we can use this for creating a new metric that will
help us predicting default events. Shortest paths of length 1 suggest that certain
companies are tightly interconnected, which could amplify the impact of financial
stress or defaults. Conversely, longer paths may provide a degree of resilience, as
they require multiple intermediary connections to propagate risks.
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Figure 4.16: Distribution of shortest path length in the C-C network.

Finally, we will find the top five companies based on different centrality measures
and see if we have similarities or not as we did previously for the S-S network.
Looking at the Table 4.2, we can see a similar pattern as the one we had for the
shareholders. The company 'c412” has the maximum degree centrality equal to 0.05.
Regarding the ones with the highest betweenness and closeness centrality, we have
the same companies except one. These companies are crucial to monitor because
are central in the network and can influence the network’s stability. So, in the case
that one of them faces a financial shock, the event can spread rapidly and affect
all the other companies that are connected with. Lastly, the companies with the
highest eigenvector centrality are not the same with the others except 'c675" which
is also fifth in the degree centrality column. A further investigation, saws that these
companies are connected with the 'c604’ resulting in an increase in their score.

Degree Betweenness Closeness Eigenvector
Company Id | Value | Company Id | Value | Company Id | Value | Company Id | Value
c412 0.05 ch81 0.23 ch81 0.18 c604 0.24
c449 0.05 c489 0.21 c489 0.18 c618 0.23
ch28 0.04 c368 0.20 c674 0.17 ch74 0.22
cl 0.04 c674 0.19 c368 0.17 c675 0.20
c675 0.03 c269 0.18 c512 0.17 c658 0.19

Table 4.2: Top five companies for each network centrality measure.
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Chapter 5

Contributions and Results

In this chapter, we introduce two innovative network metrics namely ”company
score” and "distance from default”, aimed at enhancing the credit risk assessment
within financial networks. Each metric is defined in detail to provide a comprehen-
sive understanding of its significance and application. To make it easier, we present
illustrative examples that shed light on the metrics’ functionality and relevance in
real-world financial scenarios. Subsequently, we proceeded to construct three logistic
regression models, each utilizing distinct predictors: one employing traditional net-
work variables, another incorporating the company score, and a third integrating the
distance from default metric, with the objective to assess the predictive potential of
these metrics relative to the traditional network variables model. To compare these,
we employed various performance measures including recall, accuracy, F1-score, and
the Gini coefficient, widely recognized in credit risk assessment.

5.1 Novel Network Metrics

In this section we introduce a set of innovative network metrics namely ”company
score” and "distance from default”, tailored to illuminate the complex dynamics
within the shareholder-company network. Company score metric offers fresh insights
into how a company can be affected by its shareholders investment behaviour and
distance from default metric suggests that the distance from a company with a default
event can influence the state of a company. Both metrics offer a valuable perspective
on credit risk assessment that goes beyond traditional financial analysis.
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5.1.1 Company Score

The company score metric is a powerful tool for evaluating the credit risk of compa-
nies within a shareholder-company network. It offers a comprehensive assessment by
considering the influence of their shareholders and their investments in companies
that have experienced default events.

In order to define the company score, we have to introduce first the shareholder
score. The shareholder score is like a weighted average which assigns a value from 0
to 1 in each shareholder based on his investments. This score is given by the following
formula:

Shareholder_score; :% Z wi;p(T5), (5.1)
' JEN()

where Z; represent the number of the total companies that shareholder ¢ has invest,

N (i) are the neighbors of shareholder ¢ in the network, w;; denote the weight asso-

ciated with the link between shareholder i and company j, which in our case is set

to 1, T; = {Default Event, No Default Event} and the probability of a company j,

p(T}), is set to 0 or 1 depending on whether the company j has a default event.

Now that we have the score for each shareholder we can use it to define the company
score as following:

1
Company_score; = 5 Z Shareholder_score;, (5.2)
' JENG)

where S; is the total number of shareholders that the ¢ company has, N(i) are the
neighbors of company ¢ in the network and Shareholder_score; is the score for each
shareholder which is calculated by the Eq 5.1.

For understanding the company score metric better, we will make a simple example
in order to see how we can calculate it. Let’s consider the data in Table 5.1, which
is in a similar format as the dataset that we used for our analysis in chapter 4.
Each row in the Table 5.1 represents the shareholder, the company that he has invest
and if the company had a default event. Using the Eq 5.1 and 5.2 we can calculate
the company score of C as follows:

1 1 2
Shareholder_score; = 3 <1p(T1) + 1p(T) + 1p(T3)> = g(l +0+1)= 3
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Shareholder Id | Company Id | Target
S1 Ch 1
Sy Cy 0
Sh Cs 1
S Ch 1
S Cy 0

Table 5.1: Shareholder-Company relationships

1 1
Shareholder_scores = §<1p(T1) + 1p(T2)> =—-(140) = 3

1
2
o 12 1N 7

ompany_score; = 5 (5 + 5) D)
In summary, the company score metric provides a comprehensive and network-
informed perspective on credit risk. By providing a single numerical score, the metric
offers a clear and concise representation of a company’s credit risk. A higher com-
pany score suggests a potentially higher credit risk. Companies with elevated scores
may warrant closer monitoring and proactive risk mitigation measures.

5.1.2 Distance from Default

The ”Distance from Default” metric emerges as a valuable tool designed to navigate
the complex landscape of financial networks. It addresses the fundamental question:
how close or distant is a specific company from others in the network that have
experienced default events? By quantifying this proximity, the metric offers unique
insights into credit risk assessment within the context of the shareholder-company
network.

The rationale behind this metric lies in recognizing that a company’s financial health
is not determined in isolation. Instead, it is intricately linked to the health of its
network peers. Companies are interdependent, and bad financial events in one part
of the network can spread through connected entities. Therefore, calculating a com-
pany’s distance from those that have faced defaults provides a complete view of credit
risk, incorporating both its financial condition and its network context.

Next, we will present the algorithm for calculating the distance from default metric.

As we can see from Algorithm 1, in order to calculate the distance from default, we
need the company projected network and a dataset that contains the companies id
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and if they had a default event (target).

Algorithm 1: Distance from default

Input: Graph representing the company projection network.
Output: short_paths (a list containing shortest path lengths for each node).
Data: Dataframe with 'company_id” and "Target’ columns.
all_pairs=nx.all_pairs_shortest_path_length(network)

short_paths=] |

for each source_node in dff’company_id’]: do

for each target_node in df where "Target’=1: do

if source_node!=target_node: then

if target_node is present in all_pairs for source_node then
L short_path_length=all_pairs[source_node][target_node]

N4 O s W N -

else
9 L short_path_length=20 (or any suitable default value)

(0]

10 | short_paths=(source node,short_path length)

First, we use the NetworkX package in Python for calculating the shortest path
lengths between all nodes in the graph. In order to do this we use the function
all_pairs_shortest_path_length, where as an input it takes the network as a graph ob-
ject. This function uses the Breadth-first search (BFS) algorithm in order to find the
shortest paths between all pairs of nodes in the graph. In Algorithm 2, we can see
how the BFS algorithm is employed to find the shortest paths from a selected starting
node to all other nodes in a graph. The algorithm begins by initializing a queue, a
set of visited nodes, and dictionaries to store distances and parent-child relationships
(the tree structures). The starting node is enqueued and marked as visited, with its
distance set to 0 and the parent set to None. The algorithm then iteratively explores
nodes in a breadth-first manner, dequeuing each node and examining its neighbors.
If a neighbor has not been visited, it is enqueued, and its distance and parent in-
formation are updated. This process continues until all reachable nodes are visited.
The result is a set of shortest distances from the starting node to all others and a
tree structure representing the shortest paths. The algorithm’s efficiency lies in its
ability to guarantee that shorter paths are explored before longer ones, ensuring that
the first instance a node is reached, it is via the shortest path. Furthermore, the
time complexity of the BFS algorithm is O(V+E), where V is the number of vertices
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(nodes) and E is the number of edges in the graph. This is because each node and
edge is processed once during the traversal. Additionally, alternative algorithms for

Algorithm 2: Breadth-first search

Input: Graph representing the company projection network and a starting
node.

Output: a set of shortest distances from the starting node to all others and

a tree structure representing the shortest paths.

// Initialize data structures

queue= empty_queue()

visited=set|()

distance= {}

parent={}

// Enqueue the starting node

enqueue(queue, start)

visited.add (start)

distance[start]=0

parent|[start|]=None

// BFS traversal

9 while not is_empty(queue) do

N

x® N o O

10 current_node=dequeue(queue)
// Explore neighbors of the current node
11 for neighbor in graph[current_node/: do
12 if neighbor not in visited: then
13 visited.add(neighbor)
// Update distance and parent
14 distance[neighbor| = distance[current_node] + 1
15 parent|neighbor| = current_node
// Enqueue the neighbor for further exploration
16 enqueue(queue, neighbor)

finding the shortest paths include Dijkstra’s algorithm and the Bellman-Ford algo-
rithm. Dijkstra’s algorithm is particularly efficient for graphs with non-negative edge
weights and is well-suited for sparse graphs. On the other hand, the Bellman-Ford
algorithm can handle graphs with negative edge weights and can detect negative
cycles, but it may be slower than Dijkstra’s algorithm, especially for sparse graphs.
Both Dijkstra’s and Bellman-Ford algorithms have a time complexity of O(V?) us-
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ing an adjacency matrix or O((V + E)logV') using an adjacency list, where V is the
number of vertices and E is the number of edges [29]. The choice of the algorithm
depends on the specific characteristics of the graph and the problem requirements.
After we calculate the shortest path lengths between all nodes in the graph, we find
the paths from each source node to the target node and we keep the shortest one. If
the path does not exist, we assign it a value of 20. Finally, we save each source node
and its shortest path length from a target node.

Now, we will consider a simplified example in order to get a better understand-
ing of the metric. Looking at the Figure 5.1 we can see a bipartite graph on the
left and its projection on the companies on the right. The nodes with red represents
companies with a default event, while the green ones do not. Regarding the bipartite
graph, the distance from ’c3’ to 'c1’ is 4 and from ’c2’ to 'c1’ is 2. On the other hand,
on the projected network, the distance from ’'¢3’ to 'c1’ is 2 and from ’c¢2’ to ’cl’ is 1.
From that we can conclude that in the bipartite graph the minimum distance that a
company can have from another is 2 and in the projected network is 1. This happens
because in the bipartite graph the companies belong to one of the two node sets and
we cannot have a link between two nodes in the same set. On the contrary, in the
projected network we have only one node set, so we can have a direct link from a
company to another. In summary, the distance from default metric can be used in
both bipartite and unipartite graphs with the difference that in the bipartite case
the number of steps will be doubled than those in the unipartite case.

®-

Figure 5.1: A bipartite graph on the left and its projection on the right.

In conclusion, the distance from default metric, although deceptively simple in its
calculation, offers profound insights into credit risk assessment within complex fi-
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nancial networks. It acknowledges the interconnected nature of financial entities and
provides a complete view of credit risk that extends beyond traditional financial indi-
cators. By quantifying proximity to default events, this metric equips decision makers
with a powerful tool for early warning, risk warning, and a deeper understanding of
financial network dynamics.

5.2 Logistic Regression Models

In this section, we delve into constructing logistic regression models aimed at predict-
ing the credit risk of each company. Our approach consists three distinct models, each
with a singular focus on specific predictors. Initially, we use the network variables
computed in Chapter 4, shedding light on their collective influence on credit risk.
Subsequently, we focus to the individual metrics that we developed, namely Com-
pany Score and Distance from Default using them as exclusive predictors. These
models not only help us understand the complex dynamics of credit risk prediction
but also contribute valuable insights into the relative importance of network-based
variables. The following sections detail the construction, results, and implications
of each logistic regression model, providing a comprehensive understanding of their
role in assessing credit risk.

5.2.1 Data Selection

As we mentioned in chapter 4, we will use the second dataset for evaluating our
models. The dataset has quarterly financial information for every company spanning
the period 2017 to 2022. For the evaluation of the models and our novel metrics,
we focus on predicting credit risk. This is achieved by utilizing a binary variable,
"Target’, where a value of 1 denotes a default event and 0 signifies the absence of
such an event. As depicted in Figure 5.2, our dataset exhibits a temporal evolution
of credit risk. The plot illustrates the number of default events observed over time,
spanning from 187 to nearly 300 events. On average, approximately 32% of the
companies each quarter experience a default event.
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Figure 5.2: Plot of the number of default event versus time.

To capture the temporal dynamics inherent in credit risk assessment, we adopt a
quarterly forecasting framework. Specifically, we divide the dataset into training
and test sets. The training set encompasses information up to the year 2021 and
serves as the basis for model training. In contrast, the test set consists data from
each quarter of 2022 and is utilized to evaluate the performance of our models on a
quarterly basis. This approach allows us to examine how our models perform in real-
world scenarios, where timely and forward-looking predictions are important. Lastly,
we will use a comprehensive set of metrics to assess the performance of the models.
These measures include accuracy, precision, recall, and F1-score, providing an under-
standing of the model’s effectiveness in different aspects. Additionally, we will use the
Gini coefficient (also called Somers’D) as a valuable indicator of predictive power and
discriminatory ability. The Gini coefficient, a well established performance metric
for binary classification tasks, plays a pivotal role in our evaluation of the predictive
capabilities of the models. It is calculated as: Gini_coef ficient = 2AUC — 1, where
AUC represents the Area Under the Receiver Operating Characteristic (ROC) Curve.
The ROC curve plots the true positive rate (sensitivity) against the false positive
rate (1-specificity) for various threshold values, providing insight into the trade-off
between true positive and false positive rates across different classification thresh-
olds. AUC summarizes the overall performance of a binary classification model, with
higher values indicating superior discrimination ability. Also, Gini coefficient takes
values between -1 and 1, with 1 or -1 indicating that the independent variable per-
fectly predicts the dependent variable (1 when the relationship is positive and -1
when the relationship is negative). A value of 0 means that there is no relation-
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ship between the independent and dependent variable. Given our focus on credit
risk, the Gini coefficient serves as a valuable tool for measure the models’ effective-
ness in distinguishing between creditworthy and non-creditworthy companies. Its
insights enhance our ability to make informed decisions in the context of credit risk
assessment.

5.2.2 Logistic Regression with Network Variables

In constructing our initial logistic regression model, we utilized degree, between-
ness, closeness and eigenvector centrality, and the clustering coefficient as predictors
and the Target variable as the response. These metrics were computed within the
company-company network detailed in Chapter 4. The model was trained using the
training dataset, and subsequently, we retained only those predictors that were sta-
tistically significant, with p-values below 0.05. As a result of this process, we can
now write the final equation of our model:

log ( P(Target = 1)

1= P(Target = 1>> = —1.78 + 10.89 - closeness_cent — 8.08 - degree_cent (5.3)

In Table 5.2, we can see for each predictor the standard error of its coefficient, the
Z-statistic and the p-value. Notably, all predictors exhibit significance as evidenced
by their p-values being less than 0.05. This statistical validation allows us to not
only affirm the significance of each predictor but also to quantify the magnitude of
their impact on the response variable. Also, from equation 5.3 we can conclude that
the predictor variable closeness_cent has a positive coefficient of 10.89, which means
that for each one-unit increase in the closeness centrality of a company in our net-
work, the log-odds of the target variable being 1 (meaning a default event) increase
by 10.89, holding the other variables constant. In practical terms, this suggests that
higher closeness centrality is associated with a substantial increase in the likelihood
of the company experienced a default event.

Predictors | Coefficient | Std. Error | Z-Statistic | P-value
Intercept -1.78 0.04 -41.11 0
closeness_cent 10.89 0.44 24.89 0
degree_cent -8.08 2.55 -3.16 0.002

Table 5.2: Summary of the model with the network variables as predictors
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Next, we will evaluate our model using the test dataset and we will make predictions
for each quarter in 2022. Looking at Table 5.3 we can see different measures for
the evaluation of the model for each quarter. The model, demonstrates moderate
performance across different quarters. While achieving an overall accuracy of ap-
proximately 0.51 to 0.52, the model excels in capturing true default instances (recall
of 0.88 to 0.90). However, there is room for improvement in precision (0.40 to 0.42),
indicating that when predicting defaults, the model occasionally generates false posi-
tives. The F1-Score, balancing precision and recall, falls between 0.55 and 0.57. The
consistent Gini Coefficient values of around 0.20 to 0.21 suggest performance above
random chance but leave potential for enhancing discriminatory ability.

Quarter | Accuracy | Precision | Recall | F1-Score | Gini Coefficient
Q1 0.52 0.42 0.89 0.57 0.20
Q2 0.51 0.41 0.88 0.56 0.20
Q3 0.51 0.40 0.90 0.55 0.21
Q4 0.52 0.42 0.90 0.57 0.21
Table 5.3: Different measures for the evaluation of logistic regression with network
variables

The outcomes observed in our model evaluation may be affected by the static char-
acteristics of the network variables compared to the dynamic evolution of the target
variable over time. Recognizing this, there is a need to incorporate predictors that
can capture the evolving dynamics of the network. To address this, we will use
the two novel metrics, namely the company score and the distance from default, as
predictors in our next phase. These metrics are designed to offer a better represen-
tation of the evolving network dynamics, aiming to improve the model’s predictive
capabilities in the challenging task of forecasting company defaults.

5.2.3 Logistic Regression with Company Score

In continuation of our previous methodology, we proceeded to develop a logistic
regression model with the predictor being the company score. We used the equation
5.2 in order to calculate the scores for each company in our training set, which
contains information from 2017 to 2021, and then we trained the model using the
training set. The resulting equation for the model is as follows:

o < P(Target = 1) )
S\1- P(Target =1)

= —4.03 4 8.62 - company_score (5.4)
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Looking at Table 5.4, we can see a summary of the model which includes the coeffi-
cient, standard error, Z-statistic and p-value for the intercept and the company score.
We can see that the company score has a p-value equal to 0, which indicates that the
company score is statistically significant. Also the coefficient of the company_score
indicates that for every one-unit increase in the company score, the log-odds of the
target being 1 increase by 8.62. In essence, the model suggests that higher company
scores are associated with significantly higher odds of the company to have a default
event.

Predictors Coefficient | Std. Error | Z-Statistic | P-value
Intercept -4.03 0.06 -66.15 0
company _score 8.62 0.14 63.03 0

Table 5.4: Summary of the model with the company score as predictor

As before, we will evaluate our model using the test dataset and we will make pre-
dictions for each quarter in 2022. The evaluation metrics for the logistic regression
model, focusing on the company score, are summarized in the Table 5.5 for each quar-
ter. The high accuracy scores across all quarters, ranging from 0.81 to 0.82, indicate
the overall effectiveness of the model in correctly predicting the target variable. Pre-
cision scores, ranging from 0.73 to 0.75, highlight the model’s ability to accurately
identify positive instances. Recall scores, ranging from 0.69 to 0.75, demonstrate
the model’s capacity to capture a substantial portion of actual positive instances.
The F1-Scores, ranging from 0.72 to 0.75, represent a balanced measure of precision
and recall. The Gini Coefficient, ranging from 0.57 to 0.61, offers insights into the
discriminatory power of the model. From these results, we can conclude the model’s
consistency and effectiveness across different quarters, providing a comprehensive
understanding of its predictive performance in relation to the company score.

Quarter | Accuracy | Precision | Recall | F1-Score | Gini Coefficient
Q1 0.82 0.74 0.75 0.75 0.61
Q2 0.81 0.74 0.70 0.72 0.57
Q3 0.82 0.75 0.69 0.72 0.58
Q4 0.81 0.73 0.71 0.72 0.58

Table 5.5: Different measures for the evaluation of logistic regression with the
company score
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5.2.4 Logistic Regression with Distance from Default

The last model that we will make, uses as a predictor the distance from default metric
where we introduced in section 5.1.2. Following the same procedure as previously,
we trained the model utilizing the training dataset and we end up with the following
equation for the model:

P(Target =1)
log <
1 — P(Target = 1)

) — —0.38 — 0.10 - dist_from_default (5.5)
The equation 5.5 reveals that the coefficient for the predictor dist_from_default is
-0.10, indicating that with each one-unit increase, the log-odds of the target being
1 decrease by 0.10. The intercept, noted as -0.38, represents the log-odds of the
target being 1 when dist_from_default is zero. Examining the summary in Table 5.6,
we can verify the statistical significance of the predictors. Despite the significance
of dist_from_default, it is obvious that its impact on the probability of default for
a company is low. Lastly, we will use the test dataset in order to make prediction

Predictors Coefficient | Std. Error | Z-Statistic | P-value
Intercept -0.38 0.02 -20.19 0
dist_from_default -0.10 0.01 -28.95 0

Table 5.6: Summary of the model with the distance from default as a predictor

for each quarter in 2022. Looking at Table 5.7, the accuracy values range from 0.51
to 0.55, indicating the overall proportion of correctly classified instances. Precision
scores, ranging from 0.40 to 0.43, measure the accuracy of positive predictions. The
recall values, varying from 0.85 to 0.92, signify the model’s ability to capture true
positive instances. F1-Score, combining precision and recall, ranges from 0.54 to
0.60, providing a balanced measure. The Gini Coefficient, ranging from 0.20 to 0.27,
suggest performance above random chance.

Quarter | Accuracy | Precision | Recall | F1-Score | Gini Coefficient
Q1 0.55 0.43 0.91 0.59 0.25
Q2 0.53 0.42 0.90 0.58 0.23
Q3 0.51 0.40 0.85 0.54 0.20
Q4 0.55 0.43 0.92 0.60 0.27

Table 5.7: Different measures for the evaluation of logistic regression with the
distance from default
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5.3 Results

In this section, we present the outcomes of our study, drawing upon the method-
ologies and metrics introduced earlier. Initially, we explore the contributions of the
two novel network metrics in enhancing our comprehension of network characteristics
within shareholder-company networks and their application in credit risk assessment.
Subsequently, we provide a concise summary of the results derived from the logistic
regression models, aiming to identify the most effective model among them.

The company score metric emerges as a valuable tool for evaluating credit risk within
a shareholder-company network. It provides a thorough assessment by taking into
account the influence of shareholders and their investments in companies that have
experienced default events. Tailored for application within bipartite networks, this
metric assigns a numerical score ranging from 0 to 1, with a higher score signaling
an increased likelihood of a company facing a default event. Importantly, the com-
pany score metric captures the dynamic nature of the network. As the composition
of companies’ shareholders evolves over time, the corresponding scores also adjust,
allowing for a better understanding of credit risk that adapts to the changing dy-
namics of the network. In essence, the metric offers a straightforward representation
of credit risk while also accounting for the evolving connections within the network.

The ”Distance from Default” metric is a valuable tool for assessing credit risk within
shareholder-company networks. It focuses on a fundamental question: how close or
distant is a specific company from others in the network that have faced default
events? By quantifying this proximity, the metric provides unique insights that go
beyond traditional financial indicators, offering a comprehensive view that considers
both individual financial health and network context. It recognizes the intercon-
nected nature of companies, where financial events in one part of the network can
impact connected entities. Despite its simple calculation, the metric proves to be a
versatile and practical tool, aiding decision-makers in early warning, risk manage-
ment, and gaining a deeper understanding of financial network dynamics. Applicable
in both bipartite and unipartite networks, with values exclusively even in the bipar-
tite case as we saw, a higher distance indicates a decreased likelihood of the company
experiencing a default event.

The results presented in the Table 5.8 showcase the performance metrics of the three

logistic regression models that we construct earlier, namely ”Network Variables,”
”Company Score,” and ”Distance from Default,” across different quarters. These
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metrics include Recall, F1-Score, and Gini coefficient. We focus on identifying the

Model Quarter | Recall | F1-Score | Gini

Q1 0.89 0.57 0.20

. Q2 0.88 0.56 0.20

Network Variables 03 090 055 001
Q4 0.90 0.55 0.21

Q1 0.75 0.75 0.61

Company Score Q2 0.70 0.72 0.57
Q3 0.69 0.72 0.58

Q4 0.71 0.72 0.58

Q1 0.91 0.59 0.25

Distance from Default 8§ 8gg 8gi 833
Q4 0.92 0.60 0.27

Table 5.8: Summary of performance metrics for the three models in each quarter

model that best predicts companies at risk of default, prioritizing metrics such as
F1-score, recall, and the Gini coefficient, important measures in credit risk assess-
ment. Notably, the model utilizing network variables demonstrates consistently high
recall values ranging from 0.88 to 0.90, suggesting its proficiency in identifying true
positives. However, its Fl-score and Gini coefficient are comparatively lower. Con-
versely, the model employing the company score exhibits slightly lower recall values,
ranging from 0.69 to 0.75, yet compensates with higher F1-scores ranging from 0.72
to 0.75 and Gini coefficient from 0.58 to 0.61. Lastly, the model leveraging the dis-
tance from default performs marginally better than the one with network variables.

Overall, our analysis underscores the value of the network metrics introduced, namely
the ”Company score” and ”Distance from Default,” in facilitating credit risk assess-
ment. Through the models constructed, we observed that the distance from default
metric exhibits slightly superior predictive capabilities compared to the traditional
network variables model. Conversely, the model incorporating the company score
metric surpassed both the distance from default and traditional network variables
models in predictive accuracy. This suggests that the incorporation of the two novel
network metrics significantly enhances predictive performance in credit risk assess-
ment. Moreover, the robust predictive power of the company score metric highlights
its potential as a key tool for financial institutions seeking to mitigate credit risk effec-
tively. These findings underscore the importance of incorporating innovative metrics
derived from network analysis into traditional credit risk assessment frameworks
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Chapter 6

Conclusion

This concluding chapter serves as a reflection on the cumulative insights and contri-
butions that have unfolded throughout this thesis. We commence by summarizing
the key findings and outcomes draw from our comprehensive exploration of finan-
cial networks and the introduction of innovative network metrics. The pivotal role
played by the company score and distance from default metrics in enhancing credit
risk assessment becomes evident as we revisit our analysis. Lastly, we propose some
future avenues that promise to deepen our understanding of financial networks and
further refine credit risk assessment methodologies.

6.1 Summary of Findings

This section presents a comprehensive summary of the analysis conducted in chap-
ter 4, where we explored the bipartite network and its projections, and in chapter 5,
where we introduced two novel network metrics and built three models in order to as-
sess their predictive capabilities in comparison with the traditional network variables.

In chapter 4, we explored the bipartite network, shedding light on its structural
complexities. Calculations of degree and betweenness centrality provided valuable
insights into the extent to which companies share common shareholders. The analysis
of the projected networks allowed us to apply traditional network measures, enabling
separate examination of the S-S network and the C-C network. Through the assess-
ment of various network metrics, we identified the top 5 shareholders and companies
which deserve special attention due to their significant influence within the network.
These key entities exert substantial influence over the network’s structure and dy-
namics, making them important points for further investigation and management.
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In recognition of the limitations encountered during the analysis in chapter 4, where
quantifying the risk of a company default remained difficult, we introduced two
novel metrics: the ’Company Score’ and ’Distance from Default’. The company
score assigns a value between 0 and 1 to each company, with higher scores indicating
an elevated probability of default. On the other hand, the distance from default
metric calculates the shortest path lengths from companies without default events
to those with such events, with higher distances signifying a reduced susceptibility
to the default of other companies. Utilizing the dataset introduced in Chapter 4,
we constructed three predictive models, leveraging information up to 2021 as the
training set. Our objective was to assess the predictive capabilities of traditional
network metrics, the company score, and the distance from default for each quarter
in 2022. Notably, the model utilizing traditional network variables exhibited the
poorest performance. This can be attributed to the static nature of the predictors,
which failed to adapt to the changing dependent variable over time. In contrast, the
introduced network metrics possess inherent time-dependency, enabling them to bet-
ter capture the evolving dynamics of the network. While the distance from default
yielded marginally improved predictions compared to traditional network variables,
its performance remained sub-optimal. Remarkably, the company score emerged as
the standout performer, demonstrating significantly superior predictive power com-
pared to its counterparts.

Finally, this synthesis of findings underscores the potential of the two new network
metrics to advance our understanding of credit risk within financial networks. The
company score and distance from default metrics, hold promise as valuable tools in
credit risk assessment, offering fresh perspective and avenues for further research in
the dynamic realm of financial networks.

6.2 Future Work

Within the domain of financial networks and credit risk assessment, opportunities
for advancing our comprehension and refining predictive models are plenty. This sec-
tion outlines prospective avenues for future research, each aimed at enhancing our
understanding of financial networks and their implications for credit risk assessment.

First, the predictive capabilities of the introduced metrics could be assessed in multi-

variate models. Combining these metrics with other relevant financial variables may
enhance prediction accuracy. Furthermore, future research can explore the concept
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of evolving networks. Allowing nodes and links to evolve over time can facilitate
the analysis of temporal dynamics within financial networks. This temporal evo-
lution analysis can uncover patterns, trends, and transitions in credit risk profiles
over time. Moreover, it may be necessary to adapt network metrics to accommodate
time-dependent attributes, thus offering a more comprehensive understanding of how
financial networks evolve. Lastly, expanding the scope of this study to encompass di-
verse financial ecosystems and industries may yield insights into sector-specific credit
risk dynamics. These avenues represent promising directions for future research, with
the potential to refine and extend the application of network-based metrics in the
domain of credit risk assessment.
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