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ABSTRACT
In this paper, we present a case study of systemic
risk modelling using Monte Carlo simulations.
Specifically, we analyse the link between the global
financial system and sovereign debt crises. In order
to this, we construct an agent-based network model
of an artificial financial system allowing us to
analyse the effects of government support on
systemic stability and feedback loops of risk
transfer back into the system. Consequently, the
model is calibrated to real-world data using a
unique dataset put together from multiple sources
and tested with various parameter settings in Monte
Carlo simulations. Based on these simulations we
present relevant policy recommendations for
decision makers anticipating future bank bail-outs.
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1 INTRODUCTION
Global crises have highlighted the importance
of systemic risk in the global financial system.
In this paper we present a case study of
systemic risk modelling using Monte Carlo
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simulations. In our model, the banks are
represented by their balance sheets which form
nodes in a financial network. Using a
computational model, we simulate the
progression of shocks in the network given
various types and levels of state aid. We
constructed our model based on recent
developments
in
agent-based
network
modelling of financial systems, sourced mostly
from [12], [16], [17] and [20].
This paper analyses the model and results as
follows: Section 2 discusses the term systemic
risk in the context of global crises. In Section 3,
we introduce our modelling framework based
on two central concepts: network theory and
agent-based modelling. Moreover, we build a
model encompassing bank balance sheets
followed by a description of shock reaction and
contagion, and a discussion on the role of
sovereign government. Specifically, we
construct an original model of a financial
system which will be used for testing the
impact of the sovereign assistance to banks and
researching the feedback loops that may arise
when such assistance weakens the sovereigns.
Section 4 encompasses the empirical part of our
paper, specifically where we apply our

43

Proceedings of the Second International Conference on Electrical, Electronics, Computer Engineering and their Applications (EECEA2015), Manila, Philippines, 2015

theoretical approach to real-world data.
Moreover, we calibrate the model to a unique
dataset collected from various sources in order
to gain more insight into the current situation
and outline some practical implications for
setting new policies in case of a
systemic banking crisis. Finally, Section 5
concludes the paper and draws relevant lessons
for policy makers.
2 SYSTEMIC RISK AND CRISES
The 2008-2009 global crisis highlighted the
vulnerabilities and interdependencies of the
financial system [25]. Systemic risk represented
mainly by the interconnectedness and spill-over
externalities does not pose danger only to
banks, but also to other financial institutions
and platforms, including the over-the-counter
(OTC) derivatives markets. Kaya [15] lists
three main issues of the OTC markets that
increased systemic risk during the global
financial upheaval: limited transparency
regarding risk exposures, poor risk management
practices to mitigate counterparty risk and
potential risk of contagion arising from
interconnectedness. As a result, stricter
regulation of the OTC markets has been
proposed since they might be a potential source
of higher volatility and systemic risks [10].
The interconnection between sovereign debt
crises and bank crises has received much
attention from both academics and practitioners
in recent years (see, for example, [6], [7] or
[21]). We believe that there have been three
phases of these crises. During the 1st Phase in
2008-2009, many sovereigns were perceived as
an important source of financial strength to
banks as they bailed-out financial institutions
such as Anglo Irish Bank, BNP Paribas, Dexia
or KBC Bank. However, as time elapsed,
hidden weaknesses in financial sector balance
sheets passed through to sovereigns as
evidenced by increasing Credit Default Swap
(CDS) spreads on both sovereigns and financial
institutions in Greece, Ireland, Portugal and
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Spain. Caruana [7] discusses two important
transmission channels from banks to
sovereigns: first, private credit booms increase
tax revenues (for example, from capital gains
on property, stamp duty on property
transactions or value added tax on
construction), with these boosted revenues
disappearing at the end of the boom. Second,
banks in trouble may decrease credit supply and
therefore contribute to a credit crunch, further
undermining the performance of the economy
and causing the public sector deficit to
deteriorate. As a result, The European Bank
Coordination
“Vienna”
Initiative
was
established in 2009 with the aim of enhancing
the coordination of national policies that could
impact the economies of emerging Europe. The
purpose has been to better co-ordinate national
policies to avoid adverse cross-border effects in
the context of bank deleveraging in advanced
Europe and to support transition toward a more
sustainable banking model in emerging Europe.
This initiative has been relatively successful
and underscores the importance of including
deleveraging mechanism in financial stability
assessments.
During the 2nd phase in 2010-2014, sovereign
government stability situation has deteriorated
and negatively influenced the financial sector in
four channels [7]: i) losses on banks’ sovereign
portfolios weaken their balance sheets, making
funding more costly and difficult to obtain; ii) a
deterioration in a sovereign’s creditworthiness
reduces the value of the collateral that banks
can use for wholesale funding and to obtain
liquidity from the central bank; iii) sovereign
rating downgrades almost always flow through
to lower ratings for domestic banks and finally
iv) a deterioration in the creditworthiness of the
sovereign reduces the funding benefits that
banks derive from implicit and explicit
government guarantees).
During the 3rd phase of the crises expected
from early 2015, we assume a stronger
interconnectedness between banks and insurers
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in the EU as a result of Basel III and Solvency
II requirements. We predict that in coming
years the situation of many EU banks will
deteriorate because of their weak balance sheets
and the expected problems in the eurozone and
consequently, EU insurers might be affected as
well (for more details on the recent global crisis
and related risk management practices we refer
to [3], [23], [24] or [25]).

behaviour of the entire system which is the
subject of our examination. We proceed with
the simulations as follows: Initially, the input
parameters or their ranges are set, based on
which the balance sheets of the individual
agents and the structure of the financial
network are created. Subsequently, when the
system is initialized and calibrated, we impose
a shock on one or more agents, either by
decreasing their asset value or by simulating
funding liquidity distress.

3 METHODOLOGY
3.1 The modelling framework
In order to better understand how the behaviour
of the financial system is affected by its
individual parameters, how and when its stress
can translate into sovereign crises and how and
when a sovereign crisis can feed back into the
financial system through sovereign debt
exposures, we will extend the framework
introduced in [16]. It is based on two main
approaches, network theory and agent-based
modelling and its main idea is loss transfer in
case of a financial system crisis. Network
theory is used for description of interconnected
structures. Mathematically, a network is a graph
defined as G = (N, E, f), where N is a set of
nodes (or vertices), E is a set of edges (or links)
and f: E  N x N is the function that maps the
edges onto individual pairs of nodes [18].
Nodes may represent individual agents, i.e.
commercial or central banks, depositors,
companies, sovereigns or any similar part of a
financial system, while edges represent the
creditor/debtor relationships as well as the
amounts owed by particular agents.
Agent-based modelling is a bottom-up
approach where multiple agents, each with its
own instructions, interact in a virtual
environment. In our case, agents represent
banks or other subjects along with their balance
sheets and instructions such as when to sell
assets or go bankrupt. The individual agents’
actions then result in certain aggregate
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A chain of events unfolds as programmed, in
which individual agents are receiving and
transferring the losses, and some discretionary
actions are undertaken, such as bail-outs,
liquidity provision or bank closures. Finally,
the data on several main indicators, such as
total losses of banks or the public sector, asset
prices, number of defaulted banks or number of
bail-outs are collected and interpreted. The
main parameters whose influence on financial
system stability will be examined are (i)
regulatory settings affecting the bank’s liquidity
and capital buffers, (ii) level of market
liquidity, and (iii) the connectedness between
banks and sovereign states through bail-outs,
deposit insurance and credit guarantees, asset
buy-outs and provision of funding liquidity on
one side, and the level of banks’ exposure to
sovereign debt on the other.
3.2 The model
3.2.1 Banks´ balance sheets
For each individual simulation, our model is
defined in several steps. First, the network of
banks and sovereigns is initialized together with
the balance sheet data of individual agents.
Second, the system is stressed by a credit
shock, which may originate from a particular
bank in the network. Following the initial
shock, the stress propagates through the
network and may trigger actions of the
particular agents such as bank or sovereign
defaults, asset fire-sales or state assistance to
troubled banks. The simulation continues in
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several laps until the initial shocks completely
dissolve and are no more transmitted further
onto other agents.
First, the network is built from the calibration
dataset. The total value of all assets in the
system upon initialization is a sum of:
a. interbank assets, comprised of all the
loans represented by the edges of the
interbank network,
b. sovereign debt, representing individual
banks’ exposures towards their domestic
sovereigns,
c. external assets, an aggregation of
individual banks’ exposures outside the
network, e.g. loans to other entities (e.g.
households, businesses or foreign
sovereigns) or derivatives.
The final setting of banks’ balance sheets is
depicted in Table 1.

- a loss reported by a bank
due to default of a sovereign in the
network to which they hold an
exposure.

3.2.2 Shock reaction and contagion
If the banks affected by the primary shock do
not have sufficient capital buffers, a process of
cascade contagion effects may unfold (in each
lap of the simulation, the banks that had
defaulted transmit the shock further onto other
banks in the system). Figure 1 demonstrates the
mechanism of shock propagation; the shocktransmitting banks are coloured grey whereas
the failed banks are depicted in black.

Table 1. Balance sheet variables of a modelled bank
...TOTAL
ASSETS
...sovereign debt
...interbank
assets
...external assets

... TOTAL LIABILITIES
...interbank liabilities
...external liabilities
(deposits)
...equity (capital buffer)

When the network is prepared, the system is
inactive until we impose a shock event
initiating the first simulation lap. Similarly, at
the beginning of each next lap, each bank may
receive a total asset-side shock of

, where




- a loss reported by a
bank due to default of another bank in
the network to which they hold an
exposure.
- a loss reported by a bank
due to overall drop in asset prices
caused by market liquidity effects.
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Figure 1. Scheme of banking system contagion

Now let us consider a situation when a bank
receives a shock. Whatever the shock type, it is
reflected in the balance sheet and the bank loses
a certain part of its assets. Since the sum of
assets must equal the sum of liabilities, the
bank has to write off an equal value of
liabilities. Firstly, the shocks are absorbed by
owners’ equity but if the capital buffers are not
large enough, the banks default on claims of
other creditors. If in lap the -th bank suffers
an initial shock, its external behaviour depends
on the shock size relative to its balance sheet
structure:
i)

First, the shock hits the bank’s capital
buffer. If the shock is smaller than the
bank’s capital reserve which means that the
bank is able to cover the losses by its own
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equity, then the capital buffer absorbs the
shock completely and the bank does not
send it further to other agents in the
system.
ii) If the capital reserve is not large
enough, the residual shock overflows to
the interbank liabilities, in which case
its value up to the value of the interbank
liabilities is uniformly divided into
losses of all creditor banks which
receive a Credit Shock proportional to
the size of their exposure to the failing
bank. As the failing bank defaults, in the
next lap it is removed from the system.
Also, in the next lap of the simulation
the creditor banks evaluate the received
shock. The simulation finishes when
there is a lap when no bank propagates
the shock further.
Additionally, it holds that: i) if the shock is
smaller than the sum of the bank’s capital
reserve and its interbank liabilities, it is
absorbed completely by these two balance sheet
items; ii) if the shock is larger than the sum of
the bank’s capital reserve and its interbank
liabilities, the shock overflows to external
liabilities, meaning that the residual loss is
covered by the depositors.
3.3.1 The role of sovereigns
As a means of a sovereign to support its
domestic banks, we introduce two possibilities
of sovereign assistance. These include: i)
Bailouts and Recapitalization – the sovereigns
may pay for losses incurred by the banks to
replenish their capital buffers and keep them in
business; ii) Asset relief – the sovereigns may
buy the assets their domestic banks need to sell
in fire sales to generate cash.
4 EMPIRICAL ANALYSIS
In the following chapter, we calibrate our
model to the real-world banking data in order to
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contribute to the current debate on systemic
stability and the link between banks and
sovereigns. As documented by many authors
including [19], the data on individual banks’
mutual exposures is not available.
4.1 Data Definition
For model calibration, it is well documented
that data on interbank exposures are scarce and
we therefore implement three approaches to
overcome this. First, given several exogenous
network parameters such as connectivity,
number of banks and sovereigns and the
structure of their balance sheets, the network
can be generated as a Monte-Carlo simulation.
A similar approach is implemented in [20].
Second, the interbank network may be
modelled at the aggregate scale, using banking
systems exposure matrices based on data from
BIS International Financial Statistics. In this
case, we will use the foreign claims data on
immediate
borrower
basis
from
the
consolidated banking statistics similarly as in
further adjusted to account only for claims on
banks and not on other sectors. An example of
such network for selected countries for Q42011 is provided in Figure 2.
Third, we will take a sample of real-world
banks for which we will construct an interbank
exposure network based on a probability map,
which is consistent with the recent research
including [13]. In all the three cases, we will
further calibrate the model using banking
statistics from the Bankscope database and
sovereign data from the IMF International
Financial Statistics database, [2] and individual
central bank databases.
The interbank exposure dataset describes the
links and dependencies in the global banking
system. These are collected from the banking
section of BIS International Financial Statistics
[5], where the central banks report compiled
national aggregates calculated from data on
individual banks’ in their jurisdiction. We use
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data from the consolidated statistics of foreign
claims on an immediate borrower basis in order
to form the interbank exposure matrix. The
consolidated data provides information on
exposures of domestically-owned parent banks
on the highest consolidation level and hence
they include external exposures of owned
foreign offices and exclude all internal interoffice positions in the consolidation group [4].
The selection of countries whose banking
sectors we included in the analysis was based
on data availability of 20 countries. Figure 2
plots the final created network and shows the
edges of the network (interbank exposures)
coloured according to the source of the funds
(i.e. the creditor, the bearer of the risk). The
following graphic offers an overview of the
interbank network:

exposures to other subsystems; the sovereign
assets as the sum of their exposures to
sovereigns and the external assets as the total
assets minus the internal and the sovereign
assets. Similarly, capital is calculated as the
collected capital ratios times the total assets of
the individual subsystems; their internal
liabilities are sums of their debt towards other
subsystems, and the external liabilities are total
assets minus capital and the internal liabilities.
Figure 3 depicts the final overview of the
calibrated balance sheets that serve as inputs
into the model. Figure 3A implies that the
external assets constitute the majority of the
bank’s balance sheets, in fact around 80%,
while the sovereign assets account for 12% and
the interbank assets only for 8%. To make the
picture complete, Figure 3B shows that external
liabilities form an overwhelming 86% of the
total liabilities while the banks’ equity accounts
for 6% and the interbank liabilities for 8%. The
fact that the interbank network forms only a
small portion of the total banking assets value is
the main shortcoming of the pure credit
contagion approach.
Panel A: Banks’ assets

Panel B: Banks’ liabilities

Figure 2. Interbank network of the selected countries
as of 31 December 2011
Source: Authors based on [4]
Note: The figure shows the edges coloured by the creditor node
(e.g. exposure of France against the UK is coloured in blue,
which is the colour of France on the figure). The bolder line,
the higher relationship measured by bank cross-border lending.

Figure 3. Balance sheets of the calibrated model as of
31 December 2011 (in USD millions)

4.2 Model Calibration
As Figure 2 indicates, the collected data
provide a complex view on the global banking
industry. The internal assets of individual
subsystems are calculated as the sum of their

ISBN: 978-1-9491968-07-9 ©2015 SDIWC

In the last part of this section, we will explore
the effects of sovereign assistance on the
calibrated global banking system. We will
describe the impact and costs of the two support
measures. First, we look at the bailouts support
measure. Figure 4A depicts the number of
bankrupt banking subsystems given various
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levels of market illiquidity (referred to as
Alpha) and various intensities of state support
(referred to as a bailouts ratio).
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Panel A: Illustration: number of defaults - Alpha vs. Bailouts
ratio

Bailouts ratio

Panel B: Illustration: total costs – Alpha vs. Bailouts
ratio

support intensity. However, for low capitalized
systems, and simultaneously under high levels
of Alpha, the costs rise only until some level of
support intensity beyond which they fall
sharply. This is caused by the support measure
effectively blocking the contagion through
market liquidity channel and corresponds to the
sharp drop of defaults in Figure 4A.
Second, we assess the effects of asset relief
programmes (Figure 4B) and observe that they
do not cause such sharp drops in numbers of
failed banks as those of outright bailouts, but
still are very significant. Moreover, in contrast
to outright bailouts which may be targeted to
the initial propagator, in case of asset relief, the
banks -which are hit by the primary shockalways fail. Looking at the costs of this
measure, Figure 4B also shows that at the peak
they are higher than those of the bailouts. The
reason for asset relief to prove such efficiency
is that external assets form a large portion of
total assets of the system and therefore the
liquidity effects are very strong.
5 CONCLUSION

Figure 4. Bailouts and recapitalization effects

The positive effects of this measure are clearly
visible and with maximum bailout support, no
bank defaults as the shock is captured right at
its origin. The figure indicates also that low
values of Alpha imply that the effect of state aid
is very low and almost linear. On the contrary,
with growing illiquidity, the state support is
increasingly important. As to the sovereign
deficits caused by this measure, Figure 4B
demonstrates that at very low levels of Alpha,
the costs increase almost linearly with the
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In this paper we present a case study of
systemic risk modelling through Monte Carlo
simulations. We focused on the link between
the global financial system and sovereign debt
crises. We construct an agent-based network
model of an artificial banks system, which
allows us to assess the effects of government
support on systemic stability and feedback
loops of risk transfer back into the system.
Afterward, we calibrated the model to the realworld data tested with various parameter
settings in Monte Carlo simulations. The results
of the model indicate that in the short run
without the feedback loops, state aid may
significantly support the banking system.
However, in the longer run with the feedback
loop effects, it may be effective or harmful
depending on the system’s parameters.
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