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Chapter 1 — Introduction

1.1. Background

1.1.1. Bank of International Settlements

The BIS Group is owned by 63 central banks and monetary authorities. It is an international
organization that works towards building a greater understanding of the world economy by
promoting international cooperation among various authorities, conducting economic research and
analysis on policy issues, and providing banking services to central banks communities. "BIS
statistics, compiled in cooperation with central banks and other national authorities, are designed
to inform analysis of financial stability, international monetary spillovers, and global liquidity."”
This organization is publishing data on lending among banks quarterly. It is this BIS Dataset that
is going to be used to analyze the lending and borrowing pattern between central banks across

countries.

1.1.2. Graph Networks
1.1.2.1. Konigsberg Problem

The Konigsberg Bridge Problem is an ancient puzzle that led to the discovery of a new branch of
mathematics, Graph Theory. Back in the 18" Century, Konigsberg had 7 bridges across which
their citizens used to walk. There was a question on whether there is a way to cross these bridges
exactly once, whilst walking through the town. This led to the discovery of Topology and Graphs.
Euler, a mathematician proved that it is not possible to traverse such a path by representing the

bridges in the form of a network.

1.1.2.2. Network Analysis in Finance

A Network is a graph consisting of a set of nodes and links. Network theory is a way of
representing and analyzing a problem in the form of graphs. Each system of interacting agents can
be represented as a network, where each agent is represented by a node, and the interaction between
each possible pair is represented by a link. In the case of finance, there are many applications:
credit networks where the nodes are banks and firms and links are debit/credit relationship >*2, an

interbank market where nodes are banks and links are their mutual lending %3, the stock market



where the nodes are single stocks and links are the correlation of their price 4, foreign direct
investments where nodes are countries of 4 investors and investment. In this project, nodes
represent countries and links represent cross-border lending between banks of one country to the
banks of the other country. Network metrics are mathematical measures that help to identify the
network topology, in particular the structure of the interconnections. Such a structure plays a
crucial role in the study of dynamic phenomena, those arising in a crisis event. This instrument

helps in developing specific policies to prevent bad consequences during exogenous Crisis events.
1.2. Statement of problem

The main objective of this project is to study whether the Global Pandemic Covid-19 has

affected the lending and borrowing patterns of banks across countries.
1.3. Project goals

This project focuses on analyzing the patterns between banks during the last years
including the Covid crisis. It includes constructing a network with the BIS data that includes
countries across the globe. With the help of different network indicator measures such as (but not
limited to) Degree, Strength, Clustering coefficient, and Polya Filter, we identify the
interconnections across networks and how the patterns change during the financial downfall

periods.
1.4. Methodology

The methodology includes the various phases to be carried out in this capstone project to

arrive at the results. Following the crisp-DM outline model,
Phase 1:

Business Objective: This study provides an instrument to identify the changes in trends and
patterns in the global banking network through various financial periods to see how a crisis can
affect the interconnectedness of the network, thereby coming up with potential reasons for the
same. This tool can be relevant for policymakers to design the best action to prevent bad

consequences during the crisis.



Phase 2:

Data Understanding: This phase will include an initial collection of data, description of data,
exploration of data, and verification. After performing considerable literature reviews, we have
concluded that the BIS Dataset is the most appropriate data to be dealt with for this problem
statement. This dataset will have the lending, borrowing, and other financial parameters across
banks from various countries. Data are aggregated by country and released on a quarterly basis.

Some exploratory statistics will provide a first view of the statistical properties of the dataset.
Phase 3:

Data Preparation: Data available after the collection phase will not be ready to be fed into a

machine-learning algorithm and thus needs to undergo the following steps:

1. Clean the data — Remove null values, detect outliers, and treat them if necessary.
2. Transform the data — Changing the data type and normalizing the numerical attributes.
3. Integrate data — join different tables if there are more than one dataset to study on

Phase 4:

Modelling Network theory is going to be used for the analysis of global banking. After some
exploratory statistics, the complex network representation will be built, starting from BIS data.
Nodes are the countries present in the dataset and Links are the aggregated banks’ cross-border
bilateral lending. Statistical measures of the network topology will be used such as (but not limited
to ) Degree, Strength, Clustering coefficient, and Polya Filter. Most relevantly we use the Polya
urn approach to filter the initial network to the most relevant links. The basic analysis will be done

using Python packages as Networkx, visualization tools as Gephi, and in-house developed scripts.
Phase 5:

Evaluation The significance of the topological measures will be evaluated by comparing the results
from real data with the same measures from a randomized network, where the nodes are the same

as the initial one and the links are shuffled among countries.



This sketch depicts the relationship between the Polya urn problem and the network. The aim is
to find the statistical significance of the edge connecting nodes A-B with weight 2. This is
calculated from Node A’s viewpoint whose degree, k=3 and strength, s=4. If we convert the
same network in terms of a Polya urn problem, the problem starts with an urn consisting of one
red ball and (k-1), 2 black balls. The right picture shows the combination for s draws and their
corresponding probabilities keeping a=1, that is replace one ball of the last ball drawn. The
ultimate results to find the p-value which is the sum of all outcomes with at least w red balls in
addition to the initial red ball which is 2 red balls as per the network.

Filtering Based on Polya Urn:

The Polya urn problem is converted into network terms which form the Null hypothesis of
our problem. This filter is going to assess the statistical significance of a link whose weight is 'w'
with a node degree 'k’ and strength 's'. A governing parameter 'a' is used for the reinforcement
mechanism, ie., adding a ball of the same color to the urn.

With these values, a p-value for each link is generated that indicates how favorable that link is.
On applying the filter to the network, we get a set of p-values for each link in the network.

The P value is assigned as per the following equation

NI i+ =T -y
W =ty

The process of drawing a putting back ‘a’ new balls of the same color follows the Beta-Binomial
distribution B

This is compared against a significance value to find the most significant links from the network.
Significance Level:

Since the process involves testing all links, there is a need to fix a "univariate significance

level".

Bonferroni correction is used in our case which strictly rejects the false positives. This correction

fixes a significance level by dividing the alpha value by the total number of tests.
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In this case, the total number of tests is the total number of links with 5% significance level. This

correction is used as a threshold to eliminate the insignificant links from the network.

4.3.2.

Inferences drawn from the results
From the degree, the largest nodes also known as Hubs can be identified. As per the
Table, Nodes when organized based on In-Degree and Out-Degree have similar countries
in order with Switzerland having large outward links and Luxembourg having a large
number of inward links.
The clustering coefficient for 2018 and 2020 is closer to 1 stating the network is highly
connected with lesser or no presence weaker ties.
The figure above shows the most central nodes based on centrality measures. The results
prove that 2018 and 2020 share similar central nodes.
Polya filter yielded 127 significant links out of 2826 links for the year 2018
Polya filter yielded 117 significant links out of 2796 links for the year 2020.
Based on the links generated, there is no similarity between the links that have the same
lender and borrower.
Thus, to check whether preferential relationships amongst networks do not exist
generally, or is it only during covid, 2017 network is also constructed and filtered.
It is shown that there are no similar links between 2017 and 2018 as well that proves the
non-existence of preferential relationship.
Jaccard similarity, an optimal way to find the similarity between the links in the filtered
network and original network helps to check whether the backbone similarity is
maintained.

e JI (Original 2018, Original 2020 ) — 88.6 %

e Jl (Filtered 2018, 2020 ) - 7.5 %
For 2018, Netherlands and Finland are not among the significant link lenders.

For 2020, the Netherlands and Chinese Tapai are not among the significant link lenders.

20



4.3.3. Analysis of results from filtered links
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Fig 9: Lender’s plot from filtered 2018 values
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Fig 10: Borrower’s plot from filtered 2018 values

In 2018, according to the filtered results, we can see that France has been the dominant lender as

it has lent more amount of money and Germany has been the dominant borrower.
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Fig 11: Lender’s plot from filtered 2020 values
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Counterparty country

Fig 12: Borrower’s plot from filtered 2020 values

In 2020, the scenarios have changed. Germany is the dominant lender and the United Kingdom is

the dominant borrower.



Chapter 5 - Conclusion

5.1 Conclusion

The whole study revolved around understanding the bilateral capital flows across
countries based on reporting status, claims nature, location of the banks, and outstanding
liabilities. Representing the scenario of transactions in the form of a network or a mathematical
graph allowed us to understand the problem and inferences better. 2018, a year of no covid, and
2020, a prominent pandemic year was taken for analysis. With the network measures, such as
degree, clustering coefficient, centrality measures, and strength, we find that 2018 and 2020
represent similar numbers stating that there are no significant changes in the funds lent or

borrowed because of Covid.

Thus, we moved towards the Polya filter algorithm to see whether there are new
inferences drawn. The filtered algorithm stated a very strong observation that there are no
preferential relationships in 2018 or 2020, i.e., the links between the same lender and borrower
are not maintained in either of the 2 years. This states that there are no similar transactions before
and after Covid. Before filtering, Japan was the dominant lender in 2018 but after filtering, we
see that France is the dominant lender. Similarly, for Borrower, Germany is the dominant
borrower in 2018 in contrast to the United States from unfiltered value. When we observe the
Covid Year 2020, Germany which was a dominant borrower has become the dominant lender

while the UK is the dominant borrower in the filtered results.

Thus, we can say from the statistically significant links, the UK has been in short of funds
and thus was pushed to the situation of liability followed by Belgium and Singapore. The
countries which were able to lend even in times of Covid have had surplus funds saved for

emergencies such as an outbreak or a natural disaster.

5.2 Future Work

This project can be further extended by applying different corrections to fix the significance
level to find the filtered links. All the smaller territories and islands should also be included in

the study to understand their influence on this study. Further, more network concepts such as
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community detection and graph-based algorithms can be applied to see if their results add more
to the inferences drawn here. We can also study and compare more years in our network

analysis.
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7. APPENDIX

Robustness Analysis:
Kolmogorov-Smirnov Test:

The Kolmogorov-Smirnov test is used to test the null hypothesis that a set of data comes from a
normal distribution. The 2-sample KM test checks whether the two samples come from the same

distribution.

The KM Test for the initial 2018 and 2020 gives the result of the p-value as 0 which is less than
the significant level. Thus, we can reject the null hypothesis that the distribution is not normal in

nature.
Best Distribution that fits the data from KM Test against various distributions:
For 2018:

The distribution with least p-value :

betaprime: statistic=0.10491025713288443, pvalue=3.97468288061678%-29
mielke: statistic=0.11213710479220179, pvalue=3.1586735870759676e-33
lognorm: statistic=0.13676879447695475, pvalue=2.8054924027100014e-49

For 2020:

The distribution with least p-value:

johnsonsu: statistic=0.08246712430580636, pvalue=3.780073884000574e-18
betaprime: statistic=0.11696350294461366, pvalue=4.0529309208822264e-36
mielke: statistic=0.12390823274710763, pvalue=1.6998301305167225e-40

Thus, Betaprime distribution commonly seems to fit both the data columns.
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Network Measure plots:

Degree Distribution for 2018:

The average degree is 27.578731787317873
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Fig 13: Node degree for unfiltered 2018 network

Local Clustering Coefficient:

The average Clustering Coefficient is @8.8589141847831663
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Fig 14: Clustering Coefficient plot for unfiltered 2018 network
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GLOBAL BANKING NETWORK BETWEEN ONLY THE CORE LENDERS — 2018:

This network is constructed with values greater than the 75" Percentile of the data and between only
the Core Reporting Countries.
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Fig 15: Overview of unfiltered 2018 network



Degree Distribution for 2020:

Lending Country Links - 2020: Node Degree
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Fig 16: Node degree for unfiltered 2020 network

Local Clustering Coefficient 2020:
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Fig 17: Clustering Coefficient plot for unfiltered 2020 network
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GLOBAL BANKING NETWORK BETWEEN ONLY THE CORE LENDERS — 2020:

This network is constructed with values greater than the 75" Percentile of the data and between only
the Core Reporting Countries.
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Fig 18: Overview of unfiltered 2020 network
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Filtered Network Plotted over World Map using Gephi Tool:
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Fig 19: Filtered 2018 Network
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Fig 20: Filtered 2020 Network
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