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Dear Readers,

The COVID-19 pandemic did not stop us.
Despite global uncertainty, negative prospects and the freezing of several businesses,
we have been constantly working to provide the best consulting services to our
Clients and to continue producing high-level research papers. This Argo number is
the best proof of that.
The brand new section “Just In Time” (JIT) has the main purpose of providing our
snapshots on the most relevant updates in banking, risk management and technology.
Among others, in this issue we focused on regulatory initiatives to mitigate increasing exposure to Credit Risk, on the finalized EBA guidelines on loan origination
and monitoring and on the implementation of a robust Model Risk Management
framework for banks.
The first section is dedicated to a quite important topic, especially nowadays: the
propagation of liquidity shocks in the interbank market as trigger to systemic risk.
Giampietro Bernini, Giacomo Colombo and Livio Purromuto describe a framework
able to replicate a financial network and its dynamics in response to liquidity shocks.
On July 27th the most important clearing houses are switching from Eonia to €STR
discounting. This is a major milestone in the contest of Libor reform and the transition to new benchmark rates. In the second part of their comprehensive analysis on
the topic, Michele Bonollo, Paolo Cobuccio and Alessandro Santocchi discuss about
the overnight rates and the new market conventions on financial contracts.
Last but not least, Alessandro Cappo, Simone Manca, Alessandro Miola and Ekaterina Mironenkova provide an overview of the most recent developments in relation
to Climate Change Risk: regulatory and supervisory expectations for the European
banking system, as well as suggestions related to the methodology for risk metrics
computation and a simple practical example of scenario analysis performed with the
use of Iason’s G-RiskPar tool.
Finally, we would suggest to visit our online Research page and to subscribe to our
newsletter service with monthly update on the most relevant topics about practical
Risk Management.

Enjoy your reading!
Antonio Castagna
Luca Olivo
Giulia Perfetti
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Basel Committee Proposes Amendment to Capital Rules for Non-Performing Loan
Securitisations
The Basel Committee on Banking Supervision has published the
technical amendment capital treatment of securitisations of nonperforming loans. This proposal, which the Committee started
developing before the onset of the COVID-19 pandemic, addresses a
gap in the regulatory framework and sets out a prudent treatment
for securitisations of non-performing loans.
read more
Source Bank for International Settlements
Date June 2020

EBA Publishes Final Guidelines on Loan Origination and Monitoring
The European Banking Authority has published its Guidelines on
loan origination and monitoring that expect institutions to develop
robust and prudent standards to ensure newly originated loans are
assessed properly. The Guidelines also aim to ensure that the
institutions’ practices are aligned with consumer protection rules
and respect fair treatment of consumers.
read more
Source European Bank Authority
Date May 2020

EBA Publishes Final Guidelines on Credit Risk Mitigation for Institutions Applying
the IRB Approach with Own Estimates of LGDs
The European Banking Authority (EBA) has published its final
Guidelines on Credit Risk Mitigation (CRM) in the context of the
Advanced Internal Ratings-Based (A-IRB) Approach. These
Guidelines, which are part of the EBA's regulatory review of the IRB
approach, aim to eliminate the remaining significant differences in
approaches in the area of CRM, which are due to either different
supervisory practices or bank-specific choices.
read more

Source European Bank Authority
Date May 2020
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What’s New in the Industry

Public Consultation on the Draft ECB Guide on Climate-related and Environmental
Risks
The European Central Bank (ECB) has published a guide for
consultation that explains how it expects banks to safely and
prudently manage Climate-related and Environmental Risks and
disclose such risks transparently under the current prudential
framework. The ECB wants banks to account for these risks given
that they drive existing prudential risk categories and can
substantially impact the real economy and banks.
read more
Source European Central Bank
Date May 2020

EBA Launches Consultation on Technical Standards on Capital Requirements of Nonmodellable Risks under the FRTB

FRTB

The European Banking Authority has launched a consultation on
draft Regulatory Technical Standards (RTS) on the capitalisation of
Non-Modellable Risk Factors (NMRFs) for institutions using the new
Internal Model Approach (IMA) under the FRTB (Fundamental
Review of the Trading Book). These draft RTS are one of the key
deliverables included in the roadmap for the new Market and
Counterparty Credit Risk approaches published on 27 June 2019.
read more
Source European Bank Authority
Date June 2020

EBA Publishes Final Draft Technical Standards on Specific Reporting Requirements
for Market Risk

FRTB

The European Banking Authority has published its final draft
Implementing Technical Standards (ITS) on specific reporting
requirements for Market Risk. These ITS introduce the first elements
of the Fundamental Review of the Trading Book (FRTB) into the EU
prudential framework by means of a reporting requirement. The ITS
are expected to apply from September 2021.
read more
Source European Bank Authority
Date May 2020
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ECB Announces Public Consultation on the Publication of Compounded €STR Rates
The European Central Bank is considering the publication of
compounded term rates based on the euro short-term rate (€STR)
and solicits views of the public on this matter by launching a public
consultation. The publication would take place on a daily basis
shortly after the €STR publication. Published maturities could range
from one week up to one year. A daily index, making it possible to
compute compounded rates over non-standard periods, is also
envisaged as part of the publication.
read more
Source European Central Bank
Date July 2020

EBA consults on Draft Technical Standards on PD and LGD for Default Risk Model
under the Internal Approach for Market Risk
The European Banking Authority has launched a consultation on
draft Regulatory Technical Standards (RTS) on default probabilities
(PDs) and losses given default (LGDs) for default risk model for
institutions using the new Internal Model Approach (IMA) under the
Fundamental Review of the Trading Book (FRTB). These draft RTS
are part of the deliverables included in the roadmap for the new
market and counterparty credit risk approaches published on 27 June
2019. These draft RTS clarify the requirements to be met for the
estimation of PDs and LGDs under the default risk model.
read more
Source European Bank Authority
Date July 2020

EBA supports EU Commission’s Actions Towards a More Sustainable European
Economy
The European Banking Authority (EBA) has published its reponse to
the European Commission’s consultation on a Renewed Sustainable
Finance Strategy. The EBA is committed to ensuring the resilience
and long-term sustainability of banking sector activities and
welcomes the Commission’s efforts to support the transition towards
a more sustainable, and resilient EU economy. The EBA looks
forward to the adoption of the Commission’s Renewed Sustainable
Finance Strategy and stands ready to contribute to its objectives set
out in the European Green Deal.
read more
Source European Bank Authority
Date July 2020
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Central Banks and Payments in the Digital Era
Central banks play a pivotal role in maintaining the safety and
integrity of the payment system. The pandemic and resulting strain
on economic activity around the world have confirmed the
importance of central banks in payments. Central banks, as critical as
ever in the digital era, can themselves innovate. In particular, Central
Bank Digital Currencies can foster competition among private sector
intermediaries, set high standards for safety and risk management,
and serve as a basis for sound innovation in payments.
read more
Source Bank for International Settlements
Date June 2020

Expanding the Pandemic Emergency Purchase Programme
The severity and duration of the pandemic macroeconomic shock will
be primarily determined by the success of the public health actions to
suppress the spread of COVID-19 and the impact of the associated
social distancing measures on the level of economic activity. It
follows that the projections are surrounded by an exceptional degree
of uncertainty. In recognition of this uncertainty, Eurosystem staff
have compiled two additional scenarios in addition to the baseline
projections.
read more
Source European Central Bank
Date June 2020

EBA publishes its 2019 Annual Report
ANNUAL
REPORT
2019

The European Banking Authority (EBA) has published its 2019
Annual Report, which provides a detailed account of all the work the
Authority achieved in the past year and anticipates the key areas of
focus in the coming year. In 2019, in a response to the call received
from the Commission, the EBA prepared its advice on
the implementation of the Basel III framework in the EU. In
particular, the EBA devoted particular attention to areas where
specific European arrangements may exist, providing a detailed
analysis of the impact of the reform by business models and bank
size.
read more
Source European Bank Authority
Date June 2020
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COVID-19: Regulatory and Supervisory Response to Facilitate Lending
Strict application of Regulatory and Supervisory rules may erode
bank capital more quickly and, therefore their ability to lend at
a time of COVID-19 crisis: in order for banks to continue lending to
households and companies it is necessary that some of these rules are
used more flexibly. The aim of this note is to analyzed the main rules
made flexible by the COVID-19 crisis, in particular the recent EU
Banking Package proposed by the European Commission. To exploit
at best the supporting initiatives by Regulatory and Supervisory,
banks need urgently to act swiftly on different topics.
read more
Source Iason
Date May 2020

COVID-19: Some Thoughts on Public-Guarantee Loans and Banks in Italy
In Italy, unprecedented measures – in the form of large-scale
government guarantees on loans – were introduced in order to soften
the impact of the COVID-19 fallout on firms. After a short review of
the legislative framework, this note focuses on some possible short
and medium-term impacts on the Italian banking system: it is of
paramount importance to mitigate the growing Systemic Risk.
read more
Source Iason
Date April 2020

COVID-19: Measures to Mitigate Credit Risk - EBA and BIS Initiatives
The COVID-19 pandemic and the resulting profound economic crisis
we are experiencing has prompted several regulators to implement
support measures for the banking sector to ensure the continuation
of financing activities for the real economy. In this note the author
will focus on some initiatives aimed at mitigating Credit Risk
(default and RWA treatment, Accounting treatment) announced by
EBA and BIS.
read more
Source Iason
Date April 2020
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Model Risk Management: Guidelines to an Effective Implementation
Banks with the most robust Model Risk Management framework will
respond better to the incoming crisis because they will be able to
adjust data and methodologies quickly to reflect the “new normal”;
monitor model at risk and model contagion effectively; inform
business decision promptly and support profitability even in stressed
economic and financial conditions.
The author provides some guidelines to a sound implementation of
Model Risk Management framework within bank’s corporate
governance.
read more
Source Iason
Date May 2020

EU Implementation of FRTB: Regulatory Technical Standard on the Internal Model
Approach
The authors identify the key points of the final draft Regulatory
Technical Standards on the new Internal Model Approach under the
Fundamental Review of the Trading Book released from EBA on 27
March 2020. These final draft technical standards cover three
different areas: liquidity horizons for the Internal Model Approach,
back-testing and profit and loss attribution requirements and the
modellability of risk factors under the IMA.
read more
Source Iason
Date June 2020

SA-CCR: Overview on Methodology and Challenges of the Revised Framework
The authors present the revised Standardised Approach for
Counterparty Credit Risk in terms of the methodological framework
and potential implementation challenges. On the first challenge, the
SA-CCR has been designed by the Basel Committee to replace the
Current Exposure Method and the Standardised Approach for
Counterparty Credit Risk and introduces several enhancements in
terms of risk sensitiveness and risk mitigants recognition. Instead,
regarding SA-CCR implementation phase, the main challenges may
be related to data governance and primary risk factors definition.
read more
Source Iason
Date June 2020
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Guidelines on Loan Origination and Monitoring
The new challenge proposed by the EBA is to move to a forwardlooking/proactive approach of Credit Risk management throughout
the loan’s lifecycle: if loans are originated and monitored with
robust and prudent standards, then these contribute to lower levels
of NPLs inflows.
read more
Source Iason
Date June 2020

Calendar Provisioning: An Overview
Even if we are living in times of COVID-19 crisis, it is crucial for the
banking sector to continue identifying, reporting and managing asset
quality deterioration and the build-up of NPLs. In this analysis on
Calendar Provisioning, after a regulatory and supervisory
examination, have been highlighted some cross impacts and
remediation on bank’ processes and procedures.
read more
Source Iason
Date May 2020

Guidelines on CRM for Banks Applying the A-IRB
Increased clarity of the Credit Risk mitigation framework is
considered an integral part and last phase of the IRB review outlined
by the EBA work program: the application of these guidelines will
affect how A-IRB banks will determine their risk-weighted assets for
exposures covered by funded credit protection (FCP) or unfunded
credit protection (UFCP) and hence the amount of capital banks will
need to hold.
read more
Source Iason
Date June 2020
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Climate Change Risk: Overview on the Regulatory and Supervisory Evolution
In the 2015 Paris Agreement, National Governments agreed to
strengthen the global response to the threat of climate change.
Financial institutions have a key role to make finance flows
consistent with a pathway toward low greenhouse gas emissions and
climate resilient development. In 2019, EBA published its Action Plan
On Sustainable Finance, giving first hints on the approach that will
be followed addressing Climate Change Risks. Furthermore, ECB is
currently developing an analytical framework for carrying out a
Climate Risk stress test analysis for the euro area banking sector. The
study would present the state of art on Climate Change Risk.
read more
Source Iason
Date January 2020

Guide on Climate-Related and Environmental Risks
The European Green Deal established the objective of making Europe
the first climate-neutral continent by 2050. To accomplish this,
industries are expected to reduce carbon footprints and transition
into a more circular economy. Significant institutions must consider
the extent to which their current management and disclosure
practices for Climate-related Risks are safe and prudent within the
current prudential framework.
read more
Source Iason
Date June 2020

Guidelines on ICT and Security Risk Management
The purpose of the EBA guidelines is to address ICT and Security
Risks that have increased in recent years due to the interconnected IT
systems between multiple financial institutions or between financial
institutions and third-party service providers. Supervisory pressure
is likely to increase in the area of ICT and Security Risk, not only
because of pandemic crisis in progress.
read more
Source Iason
Date June 2020
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Essential Services for
Financial Institutions
Iason is an international firm that provides Financial solutions
on Risk Management.
In particular, Iason is a leader in Governance and advanced
Methodology, offering a unique blend of know-how and
expertise in the measurement and the management of Market,
Credit and Liquidity risks.
Iason also provides a suite of essential software solutions to
meet the Technology needs of its Clients.

Governance
Expertise in the activity of Integrated
Governance Processes in the Risk
Management: holistic approach called
Business-to-Risk Integration (B2R-i).

Technology
To meet business and regulatory needs of
financial institutions, we design, develop
and implement advanced software
solutions for Modelling Scenarios,
Calculating Metrics and Integrating Risks.

Methodology
We design, estimate,
implement and validate the
models and the metrics used in
the Risk calculations for
Market, Credit, Liquidity risks
and IRRBB.

Systemic
Risk
The Propagation of Liquidity Shocks
in the Interbank Market:
an Analysis on Systemic Risk

Systemic Risk

About the Authors
Giacomo Colombo:
Business Analyst
He holds a master degree in Economic, with
a specialization in Corporate Finance. After
two years in the M&A sector, he moved on
the risk management field. He is specialized
in the automated computation and
methodologies implementation. As
functional leader, he currently manages
several tasks in the largest Italian bank and
follows regulatory and managerial stress test
exercises.

Livio Purromuto:
Business Analyst
After graduating in the Msc. in Finance at
Bocconi University he worked for an
investment fund in Brazil as an Equity
Analyst. He joined Iason as a Business
Analyst where he has been working for a big
pan-European bank. Currently, he is
developing an important project within the
insurance company aimed at reducing the
group capital absorption. Furthermore, his
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solving mispricing between Front and Risk
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The Propagation of Liquidity
Shocks in the Interbank
Market: an Analysis on
Systemic Risk
aaaa

Giampietro Bernini

Giacomo Colombo

Livio Purromuto

T

he main concern of this work is on the understanding of the drivers of financial contagion within the banking sector.
The interbank market represents the major channel through which liquidity shocks propagate within the financial
system. The analysis provides a description of the repo market’s dynamics, that represents the main source of
short term funding for financial intermediaries. The evolution of the structure of this market is characterized by a sharp
increase in complexity and concentration. This tendency has increased the exposure of the financial system to systemic
outbreaks. Moreover, we consider a theoretical framework based on graph theory, that is able to reproduce a financial
network and its dynamics in response to a set of liquidity shocks. The work takes into consideration two distinct graph
models, Erdös and Rényi model and the Scale Free model. The former is characterized by a binomial degree distribution
while the latter produces network structures characterized by power law degree distributions, that are suitable to reproduce
the high levels of concentration that are actually observed in real financial configurations. The resilience of the banking
sector is then evaluated through the use of an enhancement of the model for the dynamics of financial contagion, developed
by Gai, Haldane and Kapadia [15] that is applied to the two network structures previously introduced. The analysis also
stresses the importance of both micro and macro-prudential regulation in order to prevent systemic outbreaks. From a
macro perspective, the introduction of a periodical stress testing framework for liquidity risk would increase the central
supervision over the risk of observing crunches in the interbank market that might impair several interlinked financial
markets and ultimately the real economy.

T

he years that followed the 2008 recession highlighted the importance of market liquidity
in determining the overall stability of the financial system. Liquidity crunches in the interbank
market quickly evolved into credit crunches that ultimately affected the whole economy. It is possible to
understand this process, and the reasons why seemingly small shocks generated such catastrophic effects, only by looking at the structure of the financial
system and by analysing the role played by the institutions that were initially hit. Stress tests are a useful
tool in order to identify vulnerabilities within financial systems, but they are largely partial equilibrium
and they are not able to evaluate the intertwined effects between market risk, credit risk and funding
liquidity risk. Furthermore, the current stress testing
frameworks are built on the single banks’ indicators
for capital requirements, without considering the possibility of systemic crises, where the insolvency of a
given bank could infect the entire financial system,

leading other banks to bankruptcy.
The aim of this work is to present an analytical
framework that can be used to disentangle the drivers
and the consequences of financial contagion in the
interbank market. The analysis takes into consideration the major channels from which banks, and other
financial institutions, obtain short term funding to
meet their obligations, focusing on the structure and
on the dynamics that drive this market. The ability
of banks to obtain financing plays a central role for
liquidity shocks’ propagation. Starting from these
considerations, the analysis developed in this work
tries to clarify the means by which a crisis spreads
from a specific shock to the whole financial system, a
process that is commonly known as financial contagion.
In order to perform the analysis, we considered
a modelling framework that was initially derived by
Gai, Haldane and Kapadia [15] and that we enhanced
through the withdrawal of some of its assumptions.
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The model was then applied to two different network
configurations: the first is based on the model developed by Erdös and Rényi [13] and it is characterized
by a binomial degree distribution; the second, developed by Bollobàs et al. [7], is obtained through
a network generator for scale free graphs and the
resulting network has a more realistic power law
degree distribution.
The rest of the paper is organized as follows.
Section "Stress tests, Liquidity and Contagion Risk"
provides a brief introduction to stress testing frameworks, highlighting their main weaknesses and how
they are unable to capture the possibility of a systemic risk scenario. This is especially true in highly
complex and concentrated structures, such as the
current financial systems.
In the section "Stress Tests, Liquidity and Contagion Risk" a detailed description of the three main
approaches to the study of financial contagion is provided. Some related literature is presented for each
stream. Ultimately, the approach that was taken in
this work is the one based on graph models and
network topology because of its theoretical rigorousness. In particular, the last paragraphs of section "Approaches to Financial Contagion Modelling" provide
an introduction to network topology, that is based
on the mathematical tools typical of graph theory.
The aim of this section is to introduce an analytical
framework that will be used throughout the following chapters in order to understand the phenomenon
of financial contagion.
In the section "Model Description" presents a detailed description of the modelling framework. It
is centred on the dynamics of contagion in the unsecured interbank market and integrates a role for
repo market. This model will be used to perform
various simulation of a liquidity crunch within the
two network structures described above.
Finally, the main findings obtained from the different simulations are discussed in section "Experimental Results". These results were derived through
the application of different experimental configurations of the model.

prohibited from making capital distributions, such as
dividends and stock repurchases.
Stress Test exercises have variable frequency, depending on the reference Authority. For example,
the programs provided by the Federal Reserve in US,
such as Comprehensive Capital Analysis and Review
(CCAR) and Dodd-Frank Act Stress Test (DFAST),
or those carried out by the Bank of England, take
place annually, while the exercises conducted in the
European Union by the EBA are run every two years.
Anyway, the key component of all types of Stress
Test exercises are the macroeconomic scenarios provided by the Regulators on the basis of broad financial parameters (such as GDP, unemployment or
commodity prices.) Banks are therefore required to
model their firm’s performance under such conditions. The amount of capital to be held by a bank
depends on the severity of the scenarios used in the
Stress Tests.
Although Stress Tests are very useful to identify
some vulnerabilities within the financial systems or
to support bank management during times of crisis, one of the main criticisms that have been raised
against almost all of the stress-testing models concerns that they are largely partial equilibrium and do
not feature adverse feedback effects between market
risk and funding liquidity risk, which were at the
core of the recent global financial crisis.
More specifically, consider the EBA EU wide
stress tests. Current stress testing frameworks for
credit risk and market risk are too concentrated on
the single bank’s indicators for capital requirements
and do not take into consideration the possibility of
a systemic risk scenario. The underlying assumption behind the EBA exercise is that banks’ balance
sheets and the interbank market structure remain
static during the whole period of the stress window.
This implies that when an adverse shock hits the
banking sector, the concerned institutions cannot alter their strategies in order to implement remedial
actions. However, dynamics of contagion, whose
spread within the network may lead to a liquidity
crunch, depend crucially on banks’ reactions to the
initial shock. The failure to capture the dynamics
of shock propagation within the financial network
might lead an overestimation of the actual resilience
of the banking sector to adverse scenarios. In addition, as pointed out by the European Court of Auditors (ECA), the EBA exercise is aimed at assessing
the Bank’s solvency, but liquidity is not directly taken
into account.
In order to capture the liquidity risk, European
banks are currently relying on two main indicators:

Stress Tests, Liquidity and
Contagion Risk
Main Weaknesses of the Current Stress Test Frameworks
Stress tests consist of bottom-up or top-down exercises, aimed at assessing the financial resilience
of Banks under adverse macroeconomic scenarios.
Regulators require banks to undergo such periodic
exercises with varying degrees of severity, in order to
ensure that Banks will be able to overcome future economic shocks. In some cases, Banks whose stressed
capital falls below a minimum set by Regulators are
Issue n. 19 / 2020

• The Liquidity Coverage Ratio (LCR), defined
as the ration between the bank’s stock of highquality assets (HQLA) and the estimated total net cash outflows over a 30 calendar day
stress scenario, ensures that financial institutions hold an adequate stock of unencumbered
HQLA that can be easily used to obtain fund-
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ing liquidity even in market distressed conditions. The effects of the LCR’s introduction improved the banking sector’s ability to absorb
shocks arising from financial and economic
stress, thus reducing the risk of propagation of
losses from the financial institutions to the real
economy.

scenarios (baseline, adverse, extreme and business
view) and is focused on the Net Liquidity Position
(NPL) and it can be considered a sensitivity analysis
of liquidity risk. This metric, computed as the difference between the amount of liquidity reserves and
the cumulated cash flows, allows to evaluate the survival time of an institution: when the NPL assumes
negative values, the Entity is not able to fulfil its contractual obligations. Furthermore, LiST presupposes
the freezing of the interbank market (hypothesis in
line with the run-off assumption), which translates
into the collapse of the two main channels through
which banks obtain short term liquidity: the repo
market and the unsecured interbank market.
The 2019 run was applied to a sample of about
100 significant banks subjected to the Single Supervisory Mechanism (SSM). Following the exercise, the
ECB applied specific remedial actions to the institutions that performed under expectations, such as
the setting up of additional liquidity buffers or the
reduction of exposures in specific maturity bucket.
Although the LiST methodology has the unquestionable advantage of allowing the Regulator to assess banks’ ability to survive idiosyncratic stress scenarios, the framework just described shows some
critical points, such as:

• The Net Stable Funding Ratio (NSFR) is defined as the ratio between the amount of stable
funding available and the amount of stable
funding required. Unlike the LCR, which is a
short term ratio, the latter, that has a time horizon of 1 year, measures the bank’s medium and
long term resilience. The NSFR requires banks
to hold a stable funding profile in relation to
their off-balance sheet assets and activities. The
goal is to decrease the probability that shocks
affecting a bank’s usual funding sources might
erode its liquidity position, increasing its risk
of bankruptcy. The NSFR standard seeks to diversify banking founding sources and reduce
their dependency on short-term wholesale markets.
In addition to the metrics described above, the
Basel Committee on Banking Supervision, starting
from 2011, set additional capital charges for the
Global Systemically Important Banks (G-SIBs), in
order to reduce the negative externalities associated
with institutions that are perceived as not being allowed to fail. The magnitude of these capital charges
is based on a multi-indicator methodology, which
takes into account five different indicators that reflect
the size of banks, their interconnectedness, the lack
of readily available substitutes or financial institution infrastructure for the services they provide, their
global (cross-jurisdictional) activity and their complexity. Each indicator has the same weight (20%)
and they can be composed by more sub-indicators
(for example, if an indicator is given by two subindicators, their overall weights will be 10% of the
total). For each bank, a score is associated for each
of the five indicators, calculated by dividing the individual bank amount (multiplied by 10,000 in order
to express the score in terms of basis points) by the
aggregate amount for the indicator summed across
all banks in the sample. The overall score is then
computed as an average of the five indicator scores.
A bank will be classified as G-SIBs when its final score exceeds a cut-off level. Furthermore, the
final score range also determines the bucket of each
G-SIBs: there are five buckets, to each of them is associated a capital charge amount (respectively 1%, 1.5%,
2%, 2.5% and 3% of the bank’s risk weighted assets).
Each year, the Committee runs this assessment and
the Financial Stability Board (FSB) publishes the list
of the banks classified as G-SIBs.
Finally, in 2019, the ECB introduced the so-called
LiST (Liquidity Stress Test Exercise), in order to
strengthen the controls over the liquidity risk of the
main EU players. The exercise involves 4 different

• The idiosyncratic scenarios are calibrated in a
prescriptive and generic way by the ECB, without considering the different economic and financial situations of the single institutions. As
a result, banks will be unlikely to adopt this
framework in their liquidity risk monitoring
processes.
• The methodology does not allow the institutions to implement managerial actions to limit
the impacts arising from stressed scenarios.
Notwithstanding, LiST can be seen as a starting
point for a possible review of banks’ internal governance for liquidity risk.
Complex Systems and Financial Markets
From the analysis outlined in the previous paragraph,
it is clear that the current stress test methodologies
adopted by the Supervisory Authorities have some
substantial weaknesses. First, they are unable to
capture the interrelationships between market and
liquidity risks. Second (and closely related with the
first point), the current frameworks do not allow to
take into account the process of propagation of liquidity shocks and the consequent degree of systemic
risk that is entailed by the strong connections among
the various institutions within the financial markets.
The exposure of the interbank market towards
systemic risk increases with its degree of complexity
and concentration. As a matter of fact, empirical data
show that the evolution of the system over the last
decades is characterized by a sharp increase of these
indicators. Today the financial system is much more
interconnected and centralized than before. Indeed,
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FIGURE 1: Interbank Exposures from 1985 to 2010 [15]
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FIGURE 2: Volume of the EU Repo Market [9]

a small number of institutions plays a pivotal role
and anything that impacts their ability to convert excess reserves into funding expose the whole financial
network to systemic events.
Figure 1 shows the evolution of the global financial system from 1985 to 2010, where each node is
referred to a Country, while the links represent the
cross border claims between them and the thickness
of the linkages reflects the value of the underlying
transactions. The figure shows that the volume of
intra-system exchanges - a proxy for network complexity - increased dramatically and also that the
degree of concentration had a sharp growth, with the
emergence of the prominent role in the network of
the major financial centres.
In such complex systems, small liquidity shocks
can easily escalate into systemic liquidity crises,
which, in turn, lead to credit crunches. The repo
market plays a crucial role in the liquidity shocks
propagation, as it is the major channel from which
financial intermediaries obtain short term funding to
meet their obligations. In particular, the repo market
enables market participants to provide collateralized
loans to one another, and financial institutions predominantly use repos to manage short term fluctuations in cash holdings, rather than general balance
sheet funding.
Repurchase agreements can be viewed as the
most important source of funding not only for commercial banks but also for leveraged institutions such
as investment banks and hedge funds. These latter operate with large leverage ratios and, as a consequence, they find may have difficulties to obtain
funding through unsecured transactions. Repo operations, reducing sharply the risk associated in dealing
with them, represent a way to obtain short term funding. Moreover, they often use this liquidity to finance
their leveraged positions by pledging as collateral the
same assets they purchase with this funding.
Repo market is constantly increasing, as shown
in figure 2 where the continuous line represents the
volume of repo and reverse repo transactions in the
European market. A similar trend can be observed in
the US market, where the daily turnover is of about
$1 trillion.

Given its dimensions and its centrality for the
well-functioning of the whole financial system, any
sustained disruption in this market could quickly
have a deep impact on several interlinked financial
markets with the effect of raising the probability of a
systemic event. The freezing-up of repo markets in
late 2008 was one of the most damaging aspects of
the Great Financial Crisis [5].
Towards Financial Contagion Modelling
The topic of financial contagion is gathering a lot of
interest within the financial community due to the
importance of modelling the phenomenon in order to
understand and prevent the whole financial system
from liquidity crunches which can rapidly turn into
credit crunches. Over the last 15 years a broad strand
of theoretical and empirical literature has developed
several model-based stress-testing frameworks where
solvency risk, funding liquidity risk and market risk
of banks are intertwined.
Among the precursors of these theories it is worth
mentioning Elsinger et al. [12], who proposed one of
the first models for stress testing systemic risk that
quantifies contagion effects through interbank linkages and common assets. Alessandri et al. [2] studied a methodology that allowed to subsume credit
risk and funding liquidity risk from deterioration
of bank’s credit beyond given thresholds. Acharya
and Yorulmazer [1] built a model with two banks,
each with risk-averse depositors, where the returns
on assets across the two banks have a common factor.
The failure of one bank conveys adverse information
about the common factor and, in turn, increases the
borrowing costs of the surviving bank.
Nowadays the scientific literature related to financial contagion can be divided into three main
approaches that will be further discussed in the next
section.
The first approach is based on Game Theory and
it mainly seeks to explain “how coordination failure
between a bank’s creditors and adverse selection in
the secondary market for the bank’s assets interact,
leading to a vicious cycle that can drive otherwise
solvent banks to illiquidity. Investors’ pessimism over
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the quality of a bank’s assets hampers the bank’s recourse to liquidity, which influences the incidence
of bank runs. This, in turn, makes investors more
pessimistic, driving down other banks’ recourse to
liquidity even further”[3].
The second stream is based on the so-called
“Agent Based Models“. The focus of these models is
on the interactions among the components of a given
system, the agents (for example individuals, companies, financial institutions). These models heavily
rely on advanced computational techniques and their
main concern is on the computational performance
and on the forecasting accuracy, while the theoretical
rigorousness of the argumentation is put in second
place.
The third literature stream tries to adapt the mathematical tools typically used for the study of complex
systems to a financial context. As a matter of fact,
modern financial systems can be viewed as complex
network structures, characterized by an intricate web
of interconnections among several institutions such
as banks and hedge funds. Starting from this point of
view, financial systems can be represented as directed
graphs in which each node corresponds to an institution and the links reflect the structure of interbank
credits and obligations. This framework is closely
embedded in economic theory and statistics.

by banks and the consequent reduction in its ability
to meet maturing liabilities. As banks increase their
liquidity risk, their likelihood of bankruptcy rises
and investors Bayesian update their beliefs about the
quality of the assets. If a given bank is more likely
to fail because its assets are of a lower quality than
the ones of a surviving bank, investors become more
pessimistic. This leads to a vicious circle, where
investor pessimism increases banks’ liquidity risk,
which in turn increases investor pessimism. On the
other hand, if investors are suitably optimistic at
the starting point and the most of the banks in the
system are able to survive to the initial shocks, investors will become increasingly optimistic in the
next steps of the game. This, in turn, improves other
banks’ recourse to liquidity and thereby mitigates
their funding liquidity risk.
The above described dynamic can be observed in
the study conducted by Anand, Gauthier and Souissi
[3], which is a good example of how Game Theory
has been used to study the interdependence between
market risk, solvency risk and liquidity risk within
a stress test framework inspired by Canada’s 2013
Financial Sector Assessment Program (FSAP), which
was managed by the International Monetary Fund
(IMF). In their stress test model the bank run is endogenous and it depends on the bank’s funding composition and maturity profile, its credit and market
losses and, finally, the awareness about the bank’s
solvency perceived by creditors. The market risk is
also endogenous; it is driven by the pervasiveness of
adverse selection, which is function of the quality of
bank’s assets and the investors’ previous beliefs about
their quality. Finally, the fundamental dynamic of
the model is a two-way feedback interaction between
the adverse selection of investors seeking to purchase
assets and coordination failure between the creditors
of banks that leads to endogenous runs. The results
provided by their research show how the investors
’initial belief is the fundamental key that guides the
risk of contagion. If investors are pessimistic, banks’
ability to use liquidity through the sale of their assets
will be limited. As a result, the probability of the
bank going bankrupt will increase, which, in turn,
will increase investor pessimism.

Approaches to Financial
Contagion Modelling
This section outlines the most important features of
the three main approaches that can be found in the
literature on financial contagion.

Game Theory Based Models
The first family of models that directly addresses
the study of contagion risk revolves around the behavioural dimension and the natural tool used to
analyse individual-collective conflicts that affect risk,
the Game Theory. In the economic field, the Game
Theory can be defined as the study of the ways in
which interacting choices of economic agents produce outcomes with respect to the utilities of those
agents, where the outcomes in question might have
been intended by none of the agents.
In order to understand how the Game Theory is
suitable for explaining the risk of contagion and the
interrelationships between market risk and liquidity
risk, consider a pool of banks that need to finance
themselves in a given financial context. At the initial
moment, investors offer a certain pooling price for
the assets they intend to purchase from banks. Due
to the information asymmetry, the price is lower the
more pessimistic the potential investors are. This,
in turn, translates into reduced recourse to liquidity
Issue n. 19 / 2020

Agent Based Models
Many approaches in the literature try to study the
phenomenon of financial contagion through equation
based models that are deemed too simplistic and
poorly able to reproduce a plausible result.
In a broader sense, there is currently a high level
of uncertainty about which elements in the structure
of the financial system cause contagion and how it
occurs. The examples of closed-equations modelling
that are based on economic equilibrium provide useful insights on the economic theory behind the considered phenomenon, but also highlight some limitations in reproducing the dynamic that was actually
observed during the unfold of liquidity crisis.
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FIGURE 3: Directed graph composed by five nodes [14]

The reason is that financial agents usually have
different goals and strategies, thus behaving very differently. In the current literature there are already
a few examples of how agent based models can be
used in order to reproduce contagion risk but there
are still ways to improve the setup of the theoretical
models behind these simulations.
Agent-based modelling can be defined as a computational technique where the components of a system are encapsulated as agents, which can represent
individuals, groups, companies and/or countries,
while the analysis of the system is carried out through
the interactions of these agents[18]. For instance,
Halaj [16] mentions the need to capture complex interactions of sophisticated agents. Moreover, ABMs
gained the attention of an expert group created by
the Bank of International Settlements studying linkages between liquidity and solvency in stress testing
[4]. In this context, Halaj and Laliotis [17] illustrate a
possible way of integrating an ABM into the macro
prudential liquidity stress tests.
Interestingly ABM frameworks can be used
to depart from the constraining DSGE modelling
paradigm opening the way to the introduction of
several differentiated agents as opposed to the representative agent approach. Indeed, Dosi et al. [11]
analyse the impact of technological advances on the
macroeconomic variables trying to model the microbehaviours of agents.
The main weakness of this approach is represented by the possibility of generalising the modelling results. As a matter of fact, the most of the
attention is put on the optimization of the computational techniques and on the forecasting accuracy
while the economic and financial interpretation is put
in second place, as well as the statistical rigorousness.

concepts associated to network’s topology that will
be mentioned and used throughout the work.

Network Topology
A network can be represented as a set G = ( I, V )
where I is a vector of indices that represent the nodes
of the structure and V contains the couples (i, j) ∈ I 2
which reflect the edges between the different vertices.
Edges may be directed or undirected producing two
different kinds of network structures. Figure 3 is
an example of directed network composed by five
nodes.
Moreover, networks can be uniquely represented
by an adjacency matrix A( G ) whose elements can assume either the value of 1 or 0, depending on whether
the link (i, j) is contained in V or not; if the network
is undirected the adjacency matrix is symmetric.
Another important feature of a network is described by its weighted matrix W ( G ). It contains the
weights associated to each edge so that its element
wij reflect the magnitude of the link that connects i
to j.
From a financial point of view, nodes will correspond to banks or other kinds of financial institutions,
edges reflect the lending relations among them while
weights are associated to the value of the exposures.
The structure of the financial system plays a central role in the determination of the contagion dynamics, it is then important to understand which features
increase its stability and on the contrary what is detrimental for it.
Starting from a structure composed by n nodes,
that is uniquely described by the adjacency matrix
A and by the weighted matrix W, we introduce the
most important networks’ metrics that have both an
economical interpretation and an impact on financial
stability.
The node-degree is the first topological feature that
is introduced, it defines the number of outgoing (outdegree k i ) and incoming (in-degree ji ) links to a given

Graph Theory Based Models
The aim of this section is to introduce the theoretical
framework that we decided to adopt in the simulation of liquidity crunches in the interbank market.
The analysis starts from the consideration of the main
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node:

n

ji =

∑

aij

(1)

∑ a ji

(2)

j =1

and

n

ki =

edge between two nodes exists. When it overcomes
a certain threshold, the graph’s properties undergo
structural changes. This phenomenon is similar to the
sharp phase transitions that are observed in physics
when experimental parameters such as the temperature or the pressure reach some critical level. In order
to better clarify this point, we just mention a couple
of practical examples that are associated to the Erdös
and Rényi model. This model will be outlined later
on, and the theoretical details will be provided in
the dedicated section, here it is worth noting that
the appearance of cycles within the generated network takes place only when p overcomes the value of
1/n. Moreover, isolated vertices, i.e. vertices with no
edges, disappear from the network when p is higher
log n
than the threshold n .

j =1

Where aij is the element in the ith row and jth column of matrix A indicating the presence of an edge
between the nodes i and j. For a financial institution
the in-degree represents the interbank assets and the
out-degree the liabilities.
Another important feature is the node strength,
that can be articulated into in-strenght sin and outstrenght sout and it is associated to directed networks.
It can be interpreted as the total amount of interbank
assets and liabilities:
sin
i =
and
siout =

Two Examples of Graph Theory Based Models

n

∑ wij

(3)

This section outlines the main features of two important approaches towards the modelling of financial
contagion. They belong to the same theoretical framework, that is based on the analytical tools typical of
graph theory and complex systems analysis.
The first approach is illustrated in the famous
work of Gai and Kapadia [14] “Contagion in Financial Networks”. This paper has introduced a new
analytical framework in the field of systemic risk
highlighting novel interesting aspects and providing a different perspective to look at the interbank
market.
Notwithstanding the important contribution of
this research, it is necessary to recall the fact that
it is based on a purely theoretical framework that
does not include empirical data about transactions,
claims and obligations between financial intermediaries. On the other hand, the second approach, that
was developed by Covi et al. [10] in “On the Origins
of Systemic Risk” is based on a more sophisticated
model that includes five different channels for the
propagation of economic distress. The modelling
framework proposed by the authors adopts a microstructure that tries to reproduce the banking sector
and its connections and it is one of the few examples
of contagion model that is calibrated to real data.
The work of Gai and Kapadia published in 2010
can be surely considered as one of the first paper that
introduces the mathematical methodologies derived
from complex systems literature in the economic field
aiming at detecting the determinants of financial networks’ stability. A similar approach has been used
in the field of epidemiology end ecology due to the
strong parallelism between the epidemic spread of a
disease and financial contagion.
As already stated in the previous paragraphs,
modern financial systems are made up of an extensive set of interconnections among different financial
institutions. They reflect the claims and obligations
that create links among their balance sheets.
According to the paper, complex and highly interconnected systems have the capability to absorb

j =1
n

∑ w ji

(4)

j =1

Connectivity, instead, can be seen as the fraction
of all the possible links within the network. If l is
the number of existing edges, it can be expressed as
follows:
c=

l
n ( n − 1)

(5)

It can be interpreted as a measure of diversification but it is also an indicator of the possible channels
through which a shock may spread within the network.
Another important feature of a network is the
average degree, which will be indicated with z. The
total number of in-going linkages within the network
is equal, by construction, to the total number of outgoing linkages. Thus the average in-degree of the
network’s nodes is equal to the average out-degree:
z=

n

n

i =1

i =1

∑ ji = ∑ ki

(6)

Therefore, z represents the average number of
counterparties that a bank has, and even more clearly
it represents both the average level of diversification
and the average number of possible channels for the
propagation of shocks[8].
In a real graph, the number of vertices of given
degree is called “vertex degree distribution” and given
a sequence of the possible degrees 1,2,. . . n which
might characterize a node and a sequence of probability p1 , p2 , ... it thus possible to define a probability
distribution.
The joint degree distribution p jk corresponds to
the probability that a given node has an in-degree
equal to j and an out-degree equal to k.
An important parameter of random graphs is
represented by the value of the probability that an
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shocks due to the several interconnections among institutions. It helps the whole system to handle counterparty losses derived from a neighbouring bank
default. This is due to the diversified exposures and
risk sharing benefits embedded in an interconnected
system that may limit the spread of contagion. On
the other hand, it is easy to understand that if the defaulted bank has a lot of links within the system, the
probability to turn an initial shock into a contagious
cascade of failures is definitely very high.
The modelling framework relies on the following
assumptions:

following solvency condition:

(1 − Φ) AiIB + qAiM − LiIB − Di > 0

(7)

Where Φ is the fraction of defaulted banks that
have a directed link with bank i and q is the resale
price of the illiquid asset. So the solvency condition
can be expressed as:
Φ<

Ki − (1 − q) AiM
AiIB

(8)

for AiIB 6= 0, where Ki = AiIB + AiM − LiIB − Di is
the capital buffer referred to bank i. If the number
of the linkages of the same bank is ji its loss due
to the default of a neighbouring entity is equal to
1/ji of its interbank assets AiIB . Contagion spreads
beyond the defaulting entity only if there is at least a
counterparty i for which the following condition is
satisfied:
Ki − (1 − q) AiM
1
<
(9)
ji
AiIB

• The network structure is exogenously determined.
• Changes in network are not allowed once contagion begins to spread. This means that the
interbank exposures cannot be modified.
According to the authors, the contagion propagation may spread through credit losses originated from
the default of a bank belonging to the system. This
can induce losses among other financial institutions
directly linked to the defaulted one. The magnitude
will be related to the existing exposures at the time
of the event. Another channel of the propagation of
financial losses is related to the asset prices distress
generated by the sales of the defaulted entities forcing other financial institutions to write down their
asset value. This is defined by the authors as an indirect effect and could generate a second round of
defaults. The mechanism behind this phenomenon
is the so called loss spiral that is what characterizes
fire-selling [14].
The model proposed by Gai and Kapadia is made
up of n financial entities. The network structure, as
mentioned before, is entirely random except for the
degree distribution. In the numerical simulation they
chose a Poisson random graph in which each possible
directed link is present with independent probability
p. Importantly, the structural characteristics of the
financial system are embedded into the distribution
of the interbank linkages.
The simulation starts with an idiosyncratic shock
that lowers to 0 the value of all the external assets of
a random bank within the system. It produces counterparty credit losses to the nodes directly linked to
that bank and contagion spreads through the two
channel described above.
The total assets of each bank are composed entirely by interbank assets, AiIB , and illiquid external assets AiM , mortgages for example. It is also
assumed that the interbank exposures of every institution are evenly distributed among the neighbouring nodes, and in case a bank has no incoming links
then AiIB = 0. Due to the fact that every interbank
asset represents a liability for another institution interbank liabilities, LiIB , are endogenously determined.
Moreover Di are the consumer deposits (exogenous
variable).
The contagion dynamics has its ground on the

An important conclusion that can be derived from
the authors’ findings highlights that the consequences
of a shock depend largely on the point initially hit by
the shock and the probability of contagion is higher
when a “weak” node of the structure is forced into
default.
One aspect that this model is not able to capture
is the consequence of the failure of a targeted node,
as a matter of fact the initial shock hits a randomly
selected institution. It would be interesting to extend
the current framework in order to include the possibility to choose the defaulting bank. In this way
it would be possible to simulate the failure of a big
and highly interconnected interbank borrower, that
is what happened in 2008 with Lehman Brothers.
As stated before, the second approach, developed
by Covi et al. [10] is based on a more sophisticated
model that includes five different channels for the
propagation of economic distress. The modelling
framework proposed by the authors adopts a microstructural approach characterized by the fact that the
overall behaviour of the system is determined by the
sum the reactions to the shocks undertaken by the
different categories of agents within the structure.
With respect to the model analysed before, the one
proposed by the authors is calibrated using real data.
The model begins with an initial shock coming
from real economy that can propagate from one institution to another through three different contagion
channels.
The first is represented by the unsecured long
term loans in the interbank market. Losses can propagate from a defaulted bank to another institution
through a credit exposure. The same reasoning holds
for the short term unsecured loans in the interbank
market that represent the second shock propagation
channel. Lastly, common exposures towards illiquid
assets might cause capital losses in case that banks
are forced to sell them at a discounted price in order
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FIGURE 4: Network obtained with the real data on the interbank market [10]

to obtain the liquidity that is necessary to pay back
their debts.
To compute the distribution of the number of defaults the authors implemented a Monte-Carlo simulation starting from a wide dataset of default probabilities, LGDs and correlation between non-financial
entities.
The analysis presented in this paper is of particular relevance because it gives the possibility to
quantify this risk and it permits to design specific
policy interventions with the aim of reducing the
exposition of the financial system to it.
In particular, systemic risk is defined as the probability of a systemic event Et , conditional on a set of
information It−∆t available in a previous time:
SR = Pr (Et | It−∆t )

about banks exposures among them and towards nonfinancial corporations as well as security holdings.
The shocks considered within the model come
from non-bank exposures and are modelled endogenously. Moreover, the default of private sector firms
depends on their default probabilities and on correlations estimated from the market.
This means that shocks are not artificially applied
to individual assets, but the true determinants of
these shocks (i.e. the random defaults coming from
the real economy that represent the only source of
stochasticity of the model) are taken into consideration within the modeling framework. The network
structure derived from the dataset is composed 36
thousand directed linkages and 13 thousands of entities (nodes).
The microstructural network adopted allows for
the transmission and amplification of a set of initial
shocks through the several layers of the model in order to simulate what really happens in a real financial
setting.
Initially some non-financial corporation are
forced to default The banks that are exposed towards
the private sector through securities holdings suffer
losses and contagion starts to spread if there is at
least one counterparty whose losses are high enough
to push its capital below the minimum regulatory
requirements, in this case also the considered institution defaults. The default of an institution generates
a propagation of losses through the interbank exposures channel that have a negative impact on their
capital and as a consequence may default or go in
distress. The next step instead models a lack of liquidity in the interbank market due to fire selling and
liquidity hoarding. The presented sequence will be
repeated until there are no more banks that suffer
distress or that are forced to default.
Monte Carlo simulations permit to estimate the
probability distribution of the number of banks that
suffer distress conditions which will be used to com-

(10)

Considering a system composed by N institutions
it is possible to define the following variable:
(
1
πi,t
Dit =
0
1 − πi,t
where πi,t is the probability that bank i defaults
at time t. Then Dt = ∑iN=1 Di,t represents the number
of defaults at period t. It follows that:


Dt
SR = Pr
> D | It−∆t
(11)
N
D is set at 1.5%. Empirical evidence gathered
from the past century shows that a proportion of
defaulted banks on the total equal to 1.5% can be
considered as a good threshold for the prediction of
a systemic crisis. Given this definition, in order to
quantify systemic risk it is necessary to estimate the
distribution of the number of defaults Dt .
The database used in the empirical simulation
was built by the authors together with the European Central Bank and contains granular information
Issue n. 19 / 2020
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FIGURE 5: Probability of a Systemic Event [10]

pute the probability of a systemic event. The average
yearly probability obtained with this model is 4.8%.
As shown in figure 5 the probability to observe a
systemic event is not constant over time and would be
interesting to develop a further framework in order
to understand if the evolution of the probability of
a systemic event is characterized or not by a cyclical
trend.
The most important contribution of the paper is
related to the capability to combine microstructural
models for financial contagion with a real dataset
leading to the production of a probabilistic distribution for the number of banks defaults within the
system.
Moreover, the analysis identifies the main drivers
of systemic risk in the interconnectedness among the
financial system’s actors and in the interaction of the
different contagion propagation channels.

plex structure where institutions are interconnected
through a wide variety of connections, which represent the reciprocal claims and obligations among
them. A high average degree, which stands for the
average number of directed links associated to each
bank, reflects a high level of diversification within the
financial system. Diversification increases risk sharing ultimately reducing the probability of a systemic
event, but at the same time in a more interconnected
network every interbank exposure represents a possible channel for the propagation of shocks.

Model Overview and Network Structure

In particular, a given financial system is composed by n intermediaries that belong to the same
category and that can be defined as banks. Each
bank is represented by a node in the network, while
the exposures, in terms of unsecured interbank lending, between them are portrayed by directed linkages.
The number of in-going links of a bank i is denoted
by ji (i.e. the in-degree of the node), while the number of out-going links is k i (i.e. the out-degree of
the node). The joint degree distribution of in- and
out-degree, p jk , represents the probability that a randomly chosen bank simultaneously has in-degree j
and out-degree k.

The present chapter provides a detailed description
of the model that we use to simulate the spread of
contagion in the interbank market. Our framework
derives from the model developed by Gai, Haldane
and Kapadia [15], which is an evolution of the Gai
and Kapadia [14] model presented in section "Empirical Models". The considered framework takes advantage of techniques primarily used in the statistical
physics and in the epidemiological literature, that are
adapted to study the response of the banking sector
with respect to a set of different liquidity shocks. Interestingly, under some network configurations the
reaction of the interbank market is characterized by
the presence of a phase transition or tipping point.
The fundamental hypothesis lies in the parallelism between complex systems and financial networks. The financial system can be seen as a com-

In this framework, unsecured interbank activities
and repo operations play a central role in the spread
of contagion effects among the financial system’s operators. The model shows how shocks to the haircuts
applied to the collateral stock of banks could trigger liquidity crises and how the generated economic
distress is propagated and amplified throughout the
financial network causing the failure of many institutions. The presented framework is then used to
perform various simulations of liquidity crunches
within two different network structures, that will be
outline in the following section. The first is based on
the model developed by Erdös and Rényi [13], that
is characterized by a simple degree distribution. The
second web model was developed by Bollobàs et al.
[7] and the resulting network has a more realistic
power law degree distribution.

Model Description
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FIGURE 6: Erdös and Rényi Graph Composed by 20 Nodes; p = 0.12

while pk (1 − p)n−k−1 reflects the probability that k
edges are present, for node v, and that the remaining
n − k − 1 edges are not. When n is sufficiently large
n − 1 can be approximated with n without altering
significantly the results.
Figure 6 provides an example of the G (n, p)
model network structure. The number of connections
for each vertex is pretty stable within the network,
with the more interconnected nodes being characterized by values of in-degree and out-degree that are
not far by the average level, that is z = 2.65.
However, the Erdös and Rényi‘s model has a
substantial limit compared to what is shown by empirical evidence. Indeed, the binomial distribution
falls off exponentially fast as one moves away from
the mean. This feature clashes with the characteristics of the graphs that appear in many real-world
applications, where the degree distributions do not
show such a marked decay when moving away the
average value. On the contrary, empirical distributions usually exhibits "fat tails”, as shown in figure
7. Graphs that represent real world phenomenons,
in several fields of application, appear to have power
law degree distributions. A network is said to have
power law degree distribution when the number of
nodes of a given degree decreases as a power of the
degree itself as in

Random Graphs Models
The characteristics of the network structure that is
used to model the financial system play a crucial
role in determining the extent of contagion propagation. The first topology that is taken into consideration is generated through the model developed by
Erdös and Rényi, while the second is produced with a
more sophisticated algorithm, due to Bollobàs, Borgs,
Chayes and Riordan, that is able to realize a network
structure that exhibits a power law distribution and
indeed is closer to the real world configuration of the
banking system.
The Erdös and Rényi’s model, also known as
G (n, p) model, has two parameters n and p, where n
is the number of nodes included in the graph and p
represents the edge probability. Therefore, p is the
probability, for each couple of vertices v and w, that
the edge (v, w) that connects the two nodes exists.
The presence of each edge is statistically independent
of all other edges. The graph-valued random variable
with these parameters is denoted by G (n, p). Usually
the value of p is set as a function of n, for example
p = d/n, where d is a constant. Thus the expected
degree of each vertex is equal to nd (n − 1). Furthermore, the degree of each vertex is equal to the sum of
n˘1 independent random variables and the resulting
degree distribution is binomial. Since p is the edge
probability, the expected degree of a vertex will be
d ≈ pn and the degree distribution is:


n−1 k
Pr (v has degree k) =
p (1 − p ) n − k −1
k
(12)
 
n k
≈
p (1 − p ) n − k
k

Number of degree k vertices = c

(13)

where r is a small positive real.
Although the Erdös and Rényi‘s model shows evident gaps in the reproduction of network structures
similar to those present in the real world, it provides some interesting insights on the mechanisms
that drive the spread of systemic risk and the main
conclusions obtained with it are not altered when
switching to other more complex models.

1
where (n−
k ) is the number of ways of choosing k edges out of the n − 1 eligible possibilities,
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FIGURE 7: Comparison between a binomial distribution and a powerlaw distribution

The second topological structure is generated by
a model for directed scale free graphs, for which
Bollobàs et al. [7] showed that the resulting degree
distributions are power law distributed. The idea
behind the algorithm is the combination of growth
with preferential attachment; the graph grows one
vertex at a time, and edges are added, perhaps only
from the new vertex to old vertices, or perhaps also
between old vertices, where the old vertices involved
are chosen with probabilities proportional to their degrees et al. [7], both in and out (j and k). The model
outlined by Barabási and Albert [6] is one of the first
examples of frameworks that are based on growth
with preferential attachment. On the other hand, the
scale free graph model besides being more sophisticated, produces directed graphs, while Barabási and
Albert generates undirected networks. The model is
characterized by the following parameters that need
to be non-negative real numbers:

The probabilities α, β and γ should add up to
one. Letting vary the values of these parameters it
is possible to obtain networks with different average
degree (z) values. More precisely, the impact on the
overall average degree is mainly determined by the
parameter β, thus different values z can be obtained
by modifying β.
The directed graph that we consider grows by
adding single edges at discrete time steps, for simplicity the algorithm allows for multiple edges and
loops. The latter do not have a financial interpretation and will be removed before performing the
simulations described in the following paragraphs.
The functioning of the generating process is based
on an initial configuration G0 of the directed graph,
that might be for example composed by n(0) nodes
connected through t0 linkages. By setting G (t0 ) = G0
it is possible to say that at time t the graph G (t) comprises t edges and a random number n(t) of nodes.
Moreover, to choose a vertex v of G (t) according to
dout + δout amounts to pick v so that Pr (v = vi ) is
proportional to dout (vi ) + δout , i.e., so that

• n: number of nodes;
• α: probability of adding a new node v together
with an edge connected to an existing vertex
w, where w is chosen randomly according to
the in-degree distribution;

Pr (v = vi ) =

dout (vi ) + δout
t + δout n(t)

(14)

While, to choose v according to din + δin means to
choose v so that

• β: probability of adding a new edge between
two already existing nodes, v and w, that are
selected independently. One is chosen randomly according to the in-degree distribution
and the other is picked randomly according to
the out-degree distribution;

Pr (v = vi ) =

din (vi ) + δin
t + δin n(t)

(15)

Where dout (vi ) and din (vi ) represent the out-degree
and the in-degree of vi , as they result from the graph
G (t) [7].
The resulting network structures show power
laws degree distributions that are consistent with
those that have been observed in the world-wideweb. Nonetheless, the model is kept simple in order
to allow the replication of many different scale free
graphs rather than just the web graph.
Figure 8 provides an example of directed network

• γ: probability of adding a new node v together
with an edge connected to an existing vertex
w, where w is chosen randomly according to
the out-degree distribution;
• δin : bias for choosing nodes on the basis of
in-degree distribution;
• δout : bias for choosing nodes on the basis of
out-degree distribution.
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FIGURE 8: Scale Free Graph Composed by 20 Nodes; α = 0.41, β = 0.54, γ = 0.05, δin = 0.2 and δout = 0.1

generated by the scale free graph model. It is evident
that the vertices’ degree is not uniformly distributed,
there are two nodes (node 0 and node 1) for which
the number of connections is by far above the average level. For this realization of the considered graph
valued random variable the value of z is equal to
2.35.

In the considered modelling framework, we introduce a certain degree of heterogeneity among banks
through the diversification of their balance sheets
composition. As a matter of fact, the relative weight
of several items is generated using a randomization
function, while others are determined endogenously
(see section "Simulation Methodology" for more details). For what concerns the unsecured interbank
liabilities (L IB ), it is assumed that the amount of them
is evenly distributed among the connected banks and
moreover that it is independent on the number of
connected nodes (if a node has no out going links
then LiIB = 0). Furthermore, it is important to observe that the aggregated amount of the unsecured
interbank assets is equal to the aggregated value of
the liabilities because of a liability for a bank corresponds to an interbank asset for another financial
institution. So it is true that:

Balance Sheets and Repo Haircuts
Figure 9 describes the balance sheet structure of the
banks belonging to the network. The asset side is
composed by the following budget items:
• A F represents the amount of fixed asset, such
as mortgages or corporate bonds. These assets cannot be pledged as collateral in repo
operations.
• AC stands for the collateral assets, that can be
pledged as collateral in repo operations.
•

A RR

is referred to the reverse repo assets.

• A IB are the unsecured interbank assets.
• A L represents the fully liquid assets, that can
be used as collateral in repo operations without suffering any haircut (i.e. h = 0). This
category is composed by cash, central bank’s
reserves and high quality government bonds.
The liability side is composed by the following
budget items:
• D is referred to the retail deposits;
• L R represents the liabilities resulting from repo
operations;
• L IB are the unsecured interbank liabilities;
• K is the capital.
Issue n. 19 / 2020
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FIGURE 9: Banks’ balance sheet composition [15]

The Liquidity Condition of
Banks

amount of lending that can be obtained in this way
is equal to (1 − hi ) AiRR .
Condition 17 states that a bank is liquid provided
that the amount of available collateral (AiL ) is sufficient to obtain the necessary funds to pay back its
repo liabilities. When this condition is not satisfied
the considered bank needs to obtain the amount of
liquidity that is necessary to repay its obligations. According to the model, there are three different actions
that can be adopted. The first one is to increase the
interest rate offered by the bank on the unsecured interbank market. Financial institutions do not usually
adopt this way, as it would give clear signals of weakness to the other market participants, with the consequent loss of profitability. The second option involves
the sale of their fixed assets (AiF ) triggering a fire sale
dynamic. Obviously, this second path also entails
significant negative effects and the serious probability that the bank will undergo real losses that can
decay its capital position. Finally, the third possibility
is to hoard liquidity through the withdrawal of the
unsecured interbank lending AiIB held against other
banks in the system. This action is deemed less reputational costly with respect to "paying up" for funds
or selling assets in a fire sale. Moreover, the evidence
provided by banks’ behavior in the aftermath of the
2008 crisis supports this assumption since liquidity
hoarding was frequently observed while "paying up"
and fire sales occurred rarely. Given this, when bank
i does not meet condition 17 it is assumed that it tries
to hoard liquidity through the third action described
above.
Under these assumptions the liquidity condition
turns into:

The liquidity condition of banks that is introduced in
this section is based on the following assumptions:
• There is no possibility for systematic retails
deposits inflows or outflows;
• Unsecured interbank funding is always rolled
over and banks cannot recall unsecured assets
or sell their fixed assets;
• Unsecured interbank assets cannot be pledged
as collateral.
The resulting condition is:
AiL + (1 − h − hi ) AiC + (1 − hi ) AiRR

+ LiN − LiR + ei > 0

(17)

where:
• h is the average haircut applied to the assets
that can be pledged as collateral (i.e. AC ) and
it is such that h ∈ [0, 1];
• hi is the idiosyncratic haircut applied to bank i.
It can be seen as a penalty for banks that have
a greater probability of default;
• LiN is the new unsecured interbank lending
raised by bank i;
• ei is the idiosyncratic liquidity shock;
• LiR is the repo liability to repay in the current
period.
Furthermore, the term (1˘h − hi ) AiC of condition
17 represents the maximum amount of repo lending
that can be obtained by pledging the collateral assets.
Moreover, reverse repo assets are secured with collateral that is subjected to the same aggregate haircut
h. Finally, the securities obtained as collateral can be
fully used to get other funding and the maximum

AiL + (1 − h − hi ) AiC + (1 − hi ) AiRR

+ LiN − LiR − µλLiIB + ei > 0

(18)

where:
• µ is referred to the proportion of banks that
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are connected to the bank i in the network
structure and that decide to withdraw their
interbank deposits;

components and from the LiN term, the resulting condition is:
AiL − ∆hAiC

• Hoarding banks on average withdraw a fraction λ of the deposits held at bank i (λ is set to
1 throughout the simulation).

λLiIB

It is important to notice from expression 18 that a
bank’s decision to hoard liquidity increases the possibilities that also other banks are forced to withdraw
their unsecured interbank assets. At this point the
network structure plays a determinant role in the
spread of contagion among the other nodes of the
system. In order to simplify the framework it is assumed that in the initial state the following is true for
all banks, meaning that the amount of collateral plus
the securities obtained through reverse repo lending
are sufficient to obtain enough funding to pay back
the repo liabilities. Then changes in the aggregate
haircut or in the idiosyncratic haircut can be interpreted as liquidity shocks.
(19)

The liquidity condition can be rewritten as:
AiL − ∆hAiC − ∆hi ( AiRR + AiC )

(20)

+ LiN − µλLiIB + ei > 0
and rearranging we obtain

µ<

AiL − ∆hAiC − ∆hi ( AiRR + AiC ) + LiN + ei
λLiIB

(21)

Now suppose that a single bank suffers a haircut
or idiosyncratic liquidity shock which is sufficiently
large to cause it to start hoarding liquidity. Recalling that interbank liabilities are evenly distributed
over different counterparties in the network and that
bank i is assumed to have k i borrowing links, if a
single counterparty to bank i hoards then µ = 1/k i .
Therefore, bank i will continue to meet its liquidity
condition provided that:

The simulation is performed maintaining the following assumptions:
• LiN = 0
• λ=1
The first assumption implies that banks cannot
rise liquidity through new unsecured interbank lending. Despite the fact that allowing for LiN 6= 0 reduces
the likelihood of a systemic event, as Gai and Kapadia
[14] have shown, this assumption does not alter the
main conclusions provided by the model and indeed
it is maintained in order to reduce the computational
effort of the simulations.
The second assumption states that when a lending institution breaches condition 17 always decides
to withdraw the full amount of unsecured interbank
lending, that it holds with its counterparties (full
withdrawal assumption), irrespective of the effective
size of the liquidity shortfall that it is facing. The
value of λ plays an important role in the determination of the spread of contagion, the higher its value

Therefore, contagion spreads beyond the first
bank provided that there exists at least one neighbouring bank for which:
1
ki
(23)
Abstracting for the moment from idiosyncratic
λLiIB

Issue n. 19 / 2020

(24)

Simulation Methodology

A L − ∆hAiC − ∆hi ( AiRR + AiC ) + LiN + ei
1
< i
ki
λLiIB
(22)

AiL − ∆hAiC − ∆hi ( AiRR + AiC ) + LiN + ei

1
ki

Condition 24, despite it is derived using some
simplifications, offers some important insights regarding the implications of the model treated. First,
it can be observed that banks that hold a high amount
of collateral assets and/or that heavily rely on unsecured interbank funding are more likely to be strike
by the contagion effect. Second, shocks to the aggregate haircut impair their ability to meet the liquidity
condition, this is especially true for banks that are
heavily dependent on the repo market to obtain funding liquidity. On the other hand, deep stocks of fully
liquid assets favor the resilience of the financial system, as these assets can be pledged as collateral to
obtain repo funding without suffering any haircut.
Therefore, high values of AiL allow financial institutions to obtain funding without resorting to hoarding
in the unsecured interbank market; these funding
will be used to comply with condition 17.
Taking into consideration the right hand side of
condition 24, it is straightforward to understand that
liquidity hoarding is more likely for bank i when
its out-degree, represented by k i , is low. In other
words, k i can be seen as the number of borrowing
relationships that bank i holds in the unsecured interbank market, if this number is high it means that
the sources from which it obtains funding in this
market are well diversified and the risk associated to
a liquidity shortfall due to liquidity hoarding from a
connected bank is low. The lower the value of k i the
lower the benefits from risk sharing. Thus connectivity in the financial system increases risk sharing and
improves its overall stability.

The Contagion Dynamics

(1 − h − hi ) AiC + (1 − hi ) AiRR = LiR

<

<
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Haircut change
∆h
∆hi

Impact on liquidity
−∆hAiC
−∆hi ( AiRR + AiC )

(i.e. the closer it is to one) the stronger is the amplification of the initial shock. As a matter of facts this
assumption might seem unrealistic but it is able to
capture some dynamics that characterize the behavior of a forward looking institution. More precisely, a
value of λ close to one might be unreasonable because
usually contractual obligations prevents lenders from
redeeming the entire value of a deposit before a specified date. On the other hand, if a bank breaches the
liquidity condition because it has lost a portion of its
deposits from a hoarding counterparty then it may
consider the possibility that in the future also the
remaining part of the deposit will be lost. For this
reason a forward looking institution may decide to
act as if it had lost its entire deposit [15].
As already mentioned the analysis considers
two possible network configurations one obtained
through the Erdös and Rényi model and the other
obtained through an algorithm that generates a directed graph characterized by a power law degree
distribution. Throughout the simulations, we vary
the average degree z, drawing 1000 realizations of
the network for each z value. The obtained networks
are then shocked in different ways according to the
experiment in question. The dynamics of contagion
follow the process described in the preceding sections, with the liquidity condition at the centre of the
propagation dynamics. For each realisation, these
dynamics are followed iteratively until no new banks
are forced into hoarding liquidity or until every bank
is hoarding. Contagion is considered a systemic event
when at least 10% of banks are forced into hoarding
liquidity, and the presented results identify the frequency of systemic liquidity crises and their scale in
terms of the average fraction of the system affected
in each simulation.
The simulations take into consideration two categories of shock, a variation of the idiosyncratic haircut hi applied to a single bank and a variation of the
aggregate haircut h. The framework provided in this
description is used first to shock a randomly chosen
institution and then a targeted one. The idea is to
disentangle the effects that the default of the most
interconnected bank might generate on the interbank
market and the way in which it might affect financial
stability.
The model outlined in the current section is applied to financial system composed by 250 banks
with heterogeneous balance sheets. The propagation
dynamics of liquidity shocks is mainly determined
by the amounts of fully liquid assets (AiL ), collateral
assets (AiC ) and unsecured interbank liabilities (LiIB ).
The relative weights of these items, with respect to
the whole balance sheet value, are determined in
a randomized fashion, drawing samples from a triangular distribution. It is a continuous probability

distribution with three parameters, left, mode and
right, that respectively represent the lower limit, the
peak and the upper limit. Unlike other distributions,
these parameters directly define the shape of the resulting probability density function.
The pdf associated to the triangular distribution
is:

P( x; l, m, r ) =

 2( x − l )


 (r−l )(m−l )

2(r − x )
 (r−l )(r−m)




0

l≤x≤m
m<x≤r
otherwise

This kind of distribution is often used in simulations when the underlying data generating process
is not known precisely but some knowledge of the
limits and of the mode exists.
The observations for the three balance sheets
items were obtained setting the functional parameters as follows:
• Liquid assets: left = 1%; mode = 2%; right =
3%
• Collateral assets: left = 8%; mode = 10%; right
= 12%
• Unsecured interbank liabilities: left =10% ;
mode = 15%; right = 20%

Experimental Results
Throughout the simulation there are different typologies of shocks that are applied to the two network
structures under consideration. In the first experiment a randomly chosen bank is hit by a idiosyncratic
haircut shock hi , that drives the institution into liquidity hoarding, then contagion starts to spread if there
exists a neighbouring bank that breaches condition
17. In the second scenario the large idiosyncratic haircut shock comes together with an aggregate haircut
shock that increases h from 0.1 to 0.2. The following
experiments consider the same shock configuration
with an important difference represented by the fact
that the institution hit by the idiosyncratic shock is
not selected randomly but is the most interconnected
bank, i.e. the node with the greater in-degree that
represents the most important lender in the financial
system. Moreover, the last section describes the implications associated to variation in banks’ balance
sheet composition.
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FIGURE 10: Erdös and Rényi Network; Single Random Idiosyncratic Haircut Shock

cut shock directed to a single institution with a shock
to the aggregate haircut h. The value of the haircut
is doubled, from 0.1 to 0.2 reducing the ability of
the whole banking system to obtain repo funding.
Since collateral assets AiC account for the 10% of the
balance sheet the considered shock may generate an
important impact on the probability of contagion.
Figure 11 confirms this intuition. The result is that
contagion frequency quickly increases from zero to
approximately one as z moves away from zero and
then it does not decrease for a very wide range of z
values. The phase transition that was observed in the
previous simulation is no more present and the interbank market is always driven into a systemic liquidity
hoarding. According to this network configuration,
an adverse movement in the aggregate haircut may
produce extreme effects on financial stability making
liquidity crunches almost sure for a broad range of
connectivity levels, the frequency of systemic event
is equal to one even for very high values of z.

Random Idiosyncratic Haircut Shock and Aggregate Haircut Shock
The first experiment takes into consideration the network generated with the Erdös and Rényi model [13].
The initial shock is represented by a large adverse idiosyncratic haircut movement that cause a
randomly chosen bank to start hoarding liquidity,
this represents the starting point of the simulation.
Figure 10 shows that the frequency of contagion is a
non monotonic function of z, that is a measure of the
connectivity of the system. Contagion happens for
values of z between 0 and 15 and the probability of a
systemic event increases to almost one as z increases
from 0 to 5 and then decreases as z moves away from
the value of 5. More precisely, contagion frequency
starts to fall from the value of one when z overcomes
the threshold of 8.5. This can be interpreted as the
tipping point or phase transition of the model. The
average degree of the system depends on the value
assigned to the parameters of the function that generates the network structure, and thus a small change
in the value of such parameters, that cause z to overcome the above threshold, might determine a very
different outcome. The reason why the probability of
contagion does not drop to zero immediately when
z > 8.5 is due to the randomness of the network,
for instance there might be some configurations for
which a systemic event can still be possible even if
the threshold value has been exceeded.
Importantly, it is possible to notice that when
liquidity hoarding assumes a systemic dimension it
affects a considerable part of the network, around
half of the institutions are forced into hoarding liquidity. This means that conditional on the spread
of contagion, the interbank market for unsecured
lending is supposed to freeze.
The second experiment combines an initial hairIssue n. 19 / 2020

The banks that are more severely impaired by the
aggregate haircut shock are those that heavily rely
on repo operations to obtain funding liquidity.
The described dynamic is able to reproduce what
happened in 2007 when bad news on subprime mortgages started to diffuse between financial institutions
impairing the value of collateral assets that were used
to back repo operations. Many banks started to find it
difficult to obtain funding liquidity through secured
operations and reacted withdrawing their unsecured
interbank assets. In this way a shock that had an impact on a relatively small number of assets, that were
used as collateral, had the effect of drying up the
two main channels that banks used to obtain funding
liquidity, the repo market and the unsecured market.
The first kind simulation is performed also for
the scale free network configuration, that exhibits a
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FIGURE 11: Erdös and Rényi Network; Single Random Idiosyncratic Haircut Shock and Aggregate Haircut Shock

power law degree distribution. This structure is more
similar to the real shape of the interbank network,
where the majority of institutions have a low number
of links with the other banks in the system while
there are few players that have a pivotal role and
that are interconnected with the majority of the other
nodes. The resulting network structure is thus able to
reproduce the concentration of the financial system
that is empirically observed.

crisis. In the context of this analysis the increase in
the concentration of the system is achieved switching
from a graph characterized by a binomial distribution
(Erdös and Rényi graph) to a graph that exhibits a
power law degree distribution (scale free graph).
An important difference with the results of the
previous simulation is the absence of a phase transition. The dynamics of contagion follow a different pattern and as z varies there’s not a tipping after which the behavior of the system dramatically
changes. When the z overcomes the threshold value
15 the frequency of systemic hoarding starts to decrease as high values of the average connectivity imply more diversification of risks for each bank of the
system. Put it differently, when it is considered a network configuration characterized by a high degree of
concentration, that is able to replicate the features of
the real world networks, the interbank market does
not behave as a two state system.

Figure 12 reports the effect of a random idiosyncratic haircut shock. It is evident from this figure that
the scale free network is characterized by a higher
robustness as the frequency of contagion assumes
lower values if compared to the Erdös and Rényi
case, it does not exceed the value of 0.1. In other
words, according to the model, the probability of a
systemic event is always below 10% and the average
proportion of hoarding banks in the system does not
overcome the value of 30%. The frequency of systemic hoarding and the scale of systemic hoarding
show a non monotonic evolution with respect to the
value of z. Both the measures increase as the average connectivity increases from o to 15 and after this
threshold scale of contagion undergo a drop while
the frequency is characterized by a smooth decrease.
Nevertheless the behavior of the scale free graph is
not characterized the presence of a tipping point.

Targeted Idiosyncratic Haircut
Shock and Aggregate Haircut
Shock

The fact that fat tails distributions are on average
more robust to random shocks is a well known result in the literature on financial contagion [15], [10].
Nonetheless it is also evident that systemic outbreaks
can occur for a wider contagion window, i.e. contagion may spread within the financial network with a
non zero probability also for higher values of z albeit
rarely. Thus, a financial system characterized by a
higher degree of concentration besides being more
robust is slightly more prone to undergo liquidity

The consequences of an initial shock crucially depend
on which part of the financial system is hit [14]. This
is the reason why before the crisis the resilience of
the banking sector to a seemingly deep shock led
to an overestimation of its actual ability to afford
adverse market scenarios. The probability of a systemic event is low when the institution that originates
the hoarding dynamic does not play a central role
within the system. On the other hand if the defaulting institution is one of the most interconnected bank,
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then contagion may spread to the other nodes of the
network with a high probability.
It is thus interesting to switch from a framework
where the initial shock hits a randomly selected bank
to a framework where the initially hoarding node can
be selected on the basis of its in-degree. The selected
node in this case represents the institution with the
highest number of lending relations in the interbank
market. This choice guarantees the maximum possible propagation of the shock in the first round of
contagion.
The first network configuration that is considered
is again Erdös and Rényi. Figure 13 shows the impact of a single haircut shock targeted to the bank
with highest in-degree. With respect to the random
shock case the contagion window is not substantially
different but contagion frequency assumes higher
values given the same range of z’s. The frequency
of systemic hoarding is equal to 1 for practically every z value that belongs to the contagion window.
Nonetheless the overall result is not significantly different from the outcome of the previously performed
simulation. The reason is that in a network structure
characterized by a binomial degree distribution the
most interconnected bank has only a slightly higher
in-degree than the average institution. Therefore, the
results of this experiment can be justified by taking
into account the statistical properties of the binomial
distribution.
Moving the attention to the scale free network,
the resulting outcome in terms of contagion frequency and in terms of the scale of liquidity hoarding
is catastrophic. A systemic crisis is almost certain for
values of z between 5 and 15, then the probability
drops to around 0.8 as z varies between 15 and 20.
For values of z higher than 20 it remains constant
around the 0.8 level. The sharp decay that is observed
between 15 and 20 cannot be considered a tipping
point as the behavior of the system does not change
substantially, the probability of a systemic event is
still high after the decay. This simulation confirms the
result that was obtained previously, it is confirmed
the tendency of power law distribution of not having
a phase transition.
In this network configuration the institutions
characterized by the highest in-degree play a pivotal role, they are connected through exposures in
the unsecured interbank market with a vast portion
of the other entities comprised in the model.
When a targeted haircut shock to a single bank is
combined with a change in the aggregate haircut the
effects on contagion are even deeper. Again, this kind
of shock damages in particular banks that are heavily
involved in the repo market, that have the necessity
to maintain a considerable stock of collateral assets
in order to be able to repay their repo funding.
The evidence provided by these simulations highlights the risks to which a concentrated banking sector is exposed. If it is also taken into consideration
the fact that usually the same institutions that occupy
Issue n. 19 / 2020

a central role in the unsecured interbank market are
also heavily involved in repo operations then the risk
of a systemic collapse can be properly understood.
Variations in the Banks’ Balance Sheet Composition
In this section we consider the impact that liquid asset holdings and unsecured interbank liabilities have
on the the propagation of shocks within the financial
system.
Liquid assets AiL are composed by cash, central
bank’s reserves and high quality government bonds.
In the context of the model they assume a particular importance as they can be pledged as collateral
without suffering any haircut, in other words h = 0,
they can be fully converted in funding liquidity. Institutions that hold a high amount of this kind of
assets are subject to a low risk of breaching the liquidity condition (17), thus reducing the probability
of withdrawing assets from the unsecured interbank
market.
Figure 15 displays the impact of random idiosyncratic shock on a Erdös and Rényi like financial network where the fully liquid assets of each bank account for the 3.5% of their balance sheet (in the previous simulations AiL was set to the value of 2%).
The simulation’s results confirm this intuition.
The contagion window is narrower, with a systemic
event occurring for values of z between 0 and 7. The
phase transition is still present but it is shifted to a
value of z that is slightly higher than 5.
The second variation in the banks’ balance sheet
composition takes into account the amount of unsecured interbank liabilities LiIB . From a financial
perspective, an institution that heavily relies on unsecured interbank loans to fund its activities will be
characterized by a high value of LiIB . Indeed, the
considered bank is exposed to the risk that its creditors withdraw a part, or the whole, amount of their
exposure when hit by a shock. Therefore the higher
is the relative weight on banks’ balance sheet of LiIB
the higher is the probability of breaching condition
17. As a consequence, a high amount of the average interbank liabilities within the financial system
has a negative impact on stability, as it increases the
probability of contagion spread.
This idea is tested through a simulation where
LiIB is set to the value of 25% of banks’ balance sheet.
The results obtained using both the network configurations and considering a random idiosyncratic
initial shock, seem to support the fact that contagion
happens for a wider range of connectivity values and
that the probability of a systemic event is higher with
respect to the baseline simulation. Figure 16 contain
the results associated to scale free graph.

39

Argo Magazine

FIGURE 12: Scale Free Network; Single Random Idiosyncratic Haircut Shock

FIGURE 13: Erdös and Rényi Network; Single Haircut Shock Targeted to the Node with the Highest In Degree
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FIGURE 14: Scale Free Network; Single Haircut Shock Targeted to the Node with the Highest In Degree

FIGURE 15: Erdös and Rényi Network; Single Idiosyncratic Haircut Shock; 3.5% Liquid Asset Holdings
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Conclusions

probability of contagion from extremely high levels
to an around zero value. Moreover, the financial
system under a power law network configuration
shows a high degree of stability with respect to random shocks. The system is thus able to counterbalance the negative effects of liquidity shock in a better
way than a Erdös and Rényi financial setting. On
the other hand, when the bank that is initially hit
by the shock is the most interconnected, the consequences are catastrophic. With contagion frequency
that slowly decline as z increases but remains always
above the value 0.7.

The modelling framework provided by Gai, Haldane
and Kapadia [15] represents a first step towards the
simulation of contagion risk. It can be considered as
a good benchmark when the true linkages between
financial institutions are unknown, as it is often the
case. Notwithstanding, with the increasing availability of data about the true structure of the interconnections within the interbank market, a model that
is able to include empirical data about transactions,
claims and obligations would uncover more accurately the drivers of systemic risk. A possible way of
adding realism to the model could be, for example,
to consider real balance sheets data for each bank.
Despite this conclusion, the simulation performed in
the context of this analysis provides some interesting
insights.
The first observation that can be made is that
banks that are heavily involved in repo operations
are more prone to incur in liquidity hoarding. They
have to maintain a considerable stock of collateral
assets that are necessary to obtain repo funding, but
at the same time the aggregate value of this kind of
assets is subject to large price movements that are
driven by idiosyncratic shocks hitting the single bank
or by aggregate shocks.
Moreover, the results obtained from the different
simulation settings highlighted the fact that contagion frequency is non monotonic in z. This inference
is in line with the current literature on systemic risk,
according to which the frequency of systemic hoarding firstly increases with z and then, when the critical
threshold is exceeded, it starts to decline. The intuition is that high levels of the average connectivity are
associated to a greater risk sharing, as the availability of different liquidity providers reduces the risk
of withdrawing assets from the unsecured interbank
market.
Another interesting aspect is represented by the
different effects that an identical shock has on the
two network structures considered throughout the
analysis. The response of the Erdös and Rényi network to both idiosyncratic and targeted shock, is
characterized by the presence of a phase transition.
The financial network’s behavior is thus similar to
a two states system, where either the probability of
a systemic event is close to 1 or almost equal to 0.
Moreover, when contagion breaks out, the majority
of the institutions that are part of the financial system
are driven into liquidity hoarding, meaning that if
a systemic event takes place it spreads through the
whole network.
The results obtained for the power law graph
highlighted the absence of a sharp phase transition
as in the Erdös and Rényi financial network. Considering this setting the frequency of contagion still
preserves a non monotonic evolution with respect to
z, but here, the drop after the threshold value of z,
despite being evident, is not sufficient to move the

The evolution of the financial system and in particular the evolution of the repo market structure,
both in the US and in the EU, points in the direction of a greater complexity and concentration. As
discussed in section "Complexity", there are some
institutions that act as net liquidity providers within
the repo market, they are interconnected through
lending relationships with the majority of the other
banks. The same institutions usually play a pivotal
role in the unsecured interbank market too, being the
major lenders within the system. Given these considerations, a power law network structure is more
appropriate than the Erdös and Rényi model, to describe the real configuration of the interbank markets.
The former is characterized by fat tails in its resulting in and out-degree distributions, while the latter
is marked by a homogeneous number of links for
each node, and thus is not able to reproduce the degree of concentration that characterizes real market
structures. This exposes the financial system to a significant level of systemic risk, as it is evident from the
simulation of a targeted shock in a scale free network.
The extent of systemic risk could, in principle, be
reduced by the coordinated implementation of adequate micro and macro-prudential regulation. The
introduction, within the Euro area, of the two liquidity ratios, the LCR and NSFR, whose aim is to
guarantee the short and middle-term resilience of
banks to funding shocks, acts as a micro regulatory
requirement that increases the stability of the system. Indeed, a liquidity buffer composed by cash,
central bank’s reserves and high quality sovereign
bonds (high quality liquid assets, HQLA) provides a
protection against adverse shocks to haircuts, as this
kind of assets can always be used to obtain funding
liquidity and are not subject to any haircut.
From a macro perspective, the introduction of a
periodical stress testing framework for liquidity risk
would increase the central supervision over the risk
of systemic outbreaks. A first attempt in this direction, within the European Union, is represented by
the Liquidity Stress Test Exercise (LiST) conducted
in 2019. Furthermore, macro-prudential regulation
could reduce systemic risk by discouraging network
complexity, this could be achieved by raising the
risk weights associated to intra-financial system exposures [15]. The introduction of regulatory liquidity
surcharges for institutions that contribute to network
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FIGURE 16: Scale Free Network; Single Idiosyncratic Haircut Shock; 25% Unsecured Interbank Liabilities

complexity might reduce the propagation of liquidity
hoarding during periods of financial distress. With regard to this point, it is interesting to recall that within
the context of the G20 countries, the most important
financial intermediaries, defined as systematically
important financial institutions (SIFIs), are subject to
tougher regulatory controls if compared to the other
institutions. Nonetheless, additional capital charges
for SIFIs and further regulatory limitations on the
extent of exposures between them, would help to
reduce the degree of concentration in the banking
sector and its predisposition to systemic outbreaks.
As a final remark it could be interesting to underline the different approaches taken by the scientific
community and by the regulator to address the issue
of systemic risk. As the current paper shows, scientific research in the last two decades moved towards
increasingly sophisticated network models, that are
able to get close to the real propagation mechanism
of liquidity shocks and of contagious defaults. On
the other hand, the regulator tries to limit systemic
risk with the imposition of ratio requirements and
with capital surcharges that are defined according
to heuristic indicators. The question is why policy
makers do not wish to undertake a more structured
approach, based on the evidence gathered during
two decades of research, in order to estimate in a
more accurate way the degree of systemic risk that is
entailed by single financial institutions? A possible
answer could be associated to the fact that examples
of network models that can be fed with real data
are still few and very complicated. For this reason,
even if the amount of data about the structure of
financial markets is continuously increasing, the
computational effort needed to implement state of
the art models might be too costly.
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T

he advent of the new reference rates, strongly desired following the credibility crisis of LIBORs, has led for almost
all currencies, to the definition of specific Overnight rates as new reference (risk-free) rates. This determines a
strong innovation in all banking and financial products indexed at these rates. In the article technical aspects and
open problems.

The IBOR Rates Reform

But if we step away from interbank market and
we refer to the market of transactions between banks
and customers instead, both corporate and retail,
there are other typical durations and periodicities.
For mortgages and loans, the installment plan is often monthly, for bonds the coupon is often half-yearly,
etc.
It clearly emerges as the market always needs
term rates on various maturities.
However, the fact that the new benchmark rates
are typically overnight poses various problems on
this, which we illustrate in greater detail in the following sections.

Motivations and guidelines for the reform of IBOR
rates by means of benchmark regulation (BMR) are
already well described in [3] so we’ll not go further
on this but we’ll dwell instead on the significant parts
of the technical aspects, in the following sections.
In recent years, a new reference rate has emerged
for each currency, which operates as the best "representative" of the risk-free rate.
On this point, a strong difference between the
Euro and other currencies areas have been highlighted.
For the Euro area, the overnight eSTR rate has
supplanted the old EONIA rate. The Euribor rate
remains, but with a new calculation method, and
for which is now defined Euribor Hybrid. In short,
its quotation depends not only on a panel of quotes
deriving from a limited number of banks but also,
and in reality, with priority, from transactions observed on the market between banks, including large
corporates also.
For the other currency areas, primarily GBP and
USD, the new reference rates are always constituted
of only Overnight type rates (I.e. rates that refer to
lending operations lasting one day (h = 1). Respectively SONIA (sterling overnight index average) and
SOFR (secured overnight financing rate).
Furthermore, as based on actual transactions and
not on quotations, they are generally published in (t
+ 1), while the current LIBORs are published at time
(t) for transactions with effect in (t).
Issue n. 19 / 2020

Floating Rate Agreements:
Forward Looking Rates and in
Advance Fixing
As well known, the term "fixing" refers to the process
of fixing a financial value, then taken as a reference
by other contracts such as mortgages, bonds, derivatives.
LIBOR rates on the various currencies, such as
Euribor for the EURO area, were quoted on different
expiry dates such as 1 week, 1-3-6-12 months.
And they refer to operations with effect from (t),
sometimes (t + 1) or (t + 2). By indicating the duration with (h), we therefore refer to transactions, let us
assume a loan, in which the amount is paid on date
(t), in (t + h) the amount plus interest is returned at
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FIGURE 17: Visualization of different term compounding approaches, source [5]

the agreed rate, with a calculation proportional to the
elapsed time. Therefore, by indicating the rate with
R and the capital with C, the final value is given by:

the observations of the previous coupon period
and it is thus known at the beginning of the
coupon period of reference (relevant period),
so to have a sort of forward looking rate.

V (t + h) = C (1 + hR)

From these first notes the problem can be easily
spotted: how can overnight rates, referring to the
period h = 1 day, work as a reference index for operations with periodicities of very different length?
Regulators, working groups and operators are converging towards new rules and preferences, in fact
an important evolution in terms of habits, processes,
information systems, with consequences also at a
legal and compliance level. In the next section, the
guidelines at the date, which do not yet constitute
"the standard", but a framework that is soon to be
applied.
In fact, it should be borne in mind that for some
currency areas the regulator, such as the Bank of England for the GBP currency, is strongly pressing to
dismiss the LIBOR rates in new issues and products
as early as the first quarter of 2021, therefore one year
earlier than the official cessation of LIBOR.

Hence, quoted rates are said to be forward looking,
as they refer to inter-bank transactions that arise at
that time. If we think of any mortgage indexed to
this rate, the fixing of the rate is known as in advance,
namely established at the beginning of the calculation
period of the interest period.
The two aspects are strongly correlated. Within
the market of professional traders, it is natural that
the term rates refer to transactions with synchronous
effect with respect to the listing. On the market of
transactions with financed customers or investors,
knowing the rate applied at the beginning of the
coupon period is the almost universal preference of
the operators.
Nothing prevents, but it is a very rare school case
that a forward-looking rate is applied at the end of
the period that is, in arrears.
In the figure 17, the visualization of different
compounding approaches:
• Forward looking term rate: the coupon rate is
known at the beginning of the coupon of reference (relevant period).
• Compounding in arrears rate applied in arrears:
the coupon rate is determined based on the
observations of the coupon period of reference
(relevant period), and it is known just a few
days prior to the payment date. The number of
days depends on the observation mechanism
applied (lag, backward shift, lock out) and that
we will treat afterwards.
• Compounding in arrears rate applied in advance: the coupon rate is determined based on
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The New Term Rates:
Compounding in Arrears?

indexed swaps, has always determined the floating
component by capitalizing overnight market rates.
However, it is highly innovative to think about
the fact that even much more retail products, such as
mortgages with instalment and bonds with coupons,
apply this geometric composition of returns. As observed in the various working groups, this is the
calculation that respects the most the "time value of
money".
After the "HOW MUCH" problem, i.e. the calculation of the rate on tenors other than overnight, starting from overnight rates, let’s address the "WHEN"
or "HOW" questions.
Note that based on actual transactions, the new
rates will be available and published, by central banks
and market providers, in general in (t + 1), with reference to (t).
Banks have to use these values to guarantee the
coupons/instalments calculation and charge in a
timely manner with respect to the reference accounting period. In order to do this, however, they need to
acquire, check and propagate the fixings through the
information systems. It is unthinkable to defer, perhaps for a couple of days, accounting and customer
information operations due to the publication rules.
So the calculation will certainly be in arrears,
that is, by determining the period rate based on the
overnight rates of the period just ended, but by applying some adjustments related to the need of promptly
determining the interest portion.
For reasons of space, we limit ourselves to the 3
clauses currently most promoted at the international
level.

On what proposed by the various regulators and
international working groups, with GBP and USD
with some sort role of guidance, see the various documents in [2], [1], [6], [4].
The main proposal is the one that goes towards a
compounding in arrears methodology, quite innovative compared to the conventions applied in general
on banking and financial products in the "old" world
of IBOR.
Let’s see the various aspects in detail.
As for compounding, this is the principle that an
overnight investment can be replicated day by day,
by capitalizing interest. The basic idea is that an interest rate on a higher tenor, for example a month, is
expressed in more faithful way from compounding
than an arithmetic average. Useful here the use of
some formalism:
If we indicate with R (i) the rate at time (i), i = 1
... D, and omitting as not essential the initial capital,
which we can set C = 1, the value of the investment
V (D) after D days is given by:
V ( D ) = Πi (1 + R(i )/365)
The total accrued interest is therefore given by I
(D):
I ( D ) = Πi (1 + R(i )/365) − 1
To bring everything back to the annual interest
rate, as usual in the quotes, just re-proportion and
you have:

Backward Shift Clause
• Definition: the calculation is based on the compounded in arrears methodology, with a few
days backward shift, to determine the period
rate with a greater time margin with respect to
the coupon maturity.

R( D, 1Y ) = [Πi (1 + R(i )) − 1](365/D )
One last detail is needed. Since the rates are not
quoted on weekends and holidays on the reference
market, a specific value can be used for more than
one day. The regulators and working groups are
moving towards a weight n (i) = 3 days associated
with the Friday fixing. The whole is then completely
rewritten as:

• Example: For an interest period of one week
(June 15th- 22nd) with a hypothesis of lag = 2,
the observation period is shifted backwards by
2 Business Days (June 11th- 17th).
Hereafter the tables of the fixing values of both Interest Period and Observation Period. In the observation
period table we specified also the number of Business
Days for which each observation day fixing has to be
weighted for. With the Backward shift mechanism,
the Business days remain the ones related to the Calendar, where Friday has a weight of 3 while the other
days have a weight of 1.

R( D, 1Y ) = [Πi (1 + R(i )n(i )/365) − 1](365/D )
From a technical and financial mathematics point
of view, this is nothing new. The compound rate, the
limit of which is constituted by the continuous model
V (t) = V (0)exp(rT) is well known. Moreover, a family
of very popular derivatives such as OIS, overnight
Issue n. 19 / 2020
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FIGURE 18: Backward Shift Clause Example

TABLE 1: Backward Shift Clause

FIGURE 19: Lockout Clause Example

TABLE 2: Lockout Clause

FIGURE 20: Lag Clause Example
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TABLE 3: Lag Clause

level of liquidity, starting from the prices derived
from these instruments it will be possible to build a
robust forward curve, based on this new normal.
But it is at the same time doubtful that these
forward looking rates, deducted from the market
through a bootstrapping process and not related to
the direct quotations as happens for the current LIBORs, can be the basis for indexing products such as
mortgages and bonds.
Thus, products and contracts will be addressed
towards these new clauses. This evolution certainly
poses problems also on compliance relating to transparency, i.e. on pre-contractual communication to
the customer about the rules for managing the indexing parameter, as well as disclosure in periodic
communications and account statements on the determination of the periodic rate. Moreover, it must
be remembered, in the presence of a "mechanics" for
the treatment of market data which is certainly not
easy to assimilate for all customers.
One wonders if the principles of Mifid2’s target
market, that is, the matching between the characteristics of the customer (in particular his/her skills)
with the characteristics of complexity of the products,
cannot be a useful starting point even in the context
of typically banking products.

Lockout Clause
• Definition: the calculation is based on compounded in arrears methodology. The observation period is freezed (locked-out) at a specific
date and its fixing is used as reference for the
remaining, not observed, days of the interest
period.
• Example: For a one-week interest period (June
15th- 22nd) with a lock out hypothesis = 2,
the last 2 (lock-out) fixings of the observation
period are subtracted from the observation period.
In this case the third last fixing (Wednesday June
17th) is used for the day of reference and for the
following 2 business days, (June 18th-19th), and the
weekend also, with a weight of 5.
Lag Clause
• Definition: the calculation is based on the compounded in arrears methodology, with a few
days backward shift, to determine the period
rate with a greater time margin with respect
to the coupon maturity. The weights also are
shifted based on the number of Lag days.
• Example: For a one-week interest period (June
15th- 22nd) with a lock out hypothesis = 2,
the last 2 (lock-out) fixings of the observation
period are subtracted from the observation period.
In this case the weights of the interest period days
are shifted also by the number of business days. The
result is that the Friday 12/06 will have a weight of 1
(referring to Tuesday 16/06) while Wednesday 17/06
will have a weight of 3 (referring to Friday 19/06).
It is worth to to note that the Lag clause is very
close to the Backward, just a different principle for
weighting the rates is applied.

Conclusions
Not all operators are satisfied and convinced by a
markets global migration in the direction of a logic of
backward-looking rates with application in arrears.
Many think it would be more correct to rely on
forward looking rates. In this case, once the market
of instruments based on overnight rates, in particular
Futures, OIS and Basis Swaps, reaches a satisfying
Issue n. 19 / 2020
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D

espite the overshadowing effect of the Covid-19 pandemic during the second quarter of the year, discussions
centered on the impacts and opportunities arising from the inclusion of climate change risk into financial
institutions’ governance, strategy, risk management and disclosure frameworks are constantly getting more
intense: this paper aims to provide help to banks (and risk managers, in particular) in comprehending the nature and
implications of such new types of risk and to comply with future directives. The paper will provide an overview of the most
recent developments in Regulatory and Supervisory expectations for the European area, as well as suggestions related to
risk metrics computation’s methodologies and a simple practical example of scenario analysis performed with the use of
Iason’s G-RiskPar tool.

O

n 12 December 2015, after years of preparation, 195 countries shared the first global
agreement on the regulation of the climate
evolution for the period post-2020 at the XXI Conference of Parties (COP21). The agreement is legally
binding but requires formal approval from each single Country and doesn’t impose any sanction in case
of non-execution of the planned actions: each Nation
is allowed to withdraw from the pact up to 3 years
from the ratification. The so called Paris Agreement
[19] formally took effect on November 2016, after
the ratification from the European Union allowed
to reach the 55% approval threshold. According to
the Economic and Social Council, in April 2019, 185
countries had subscribed the treaty. The focal point
of the Agreement is the commitment to limit the average temperature increase to a maximum of 1.5°C
to 2°C with respect to the pre-industrial reference.
Generally speaking, the treaty’s goal is to promote
a climate-resilient development, including low emissions of greenhouse gas, and reinforce the ability of
each Country to handle the negative impacts of climate change. Key roles in the achievement of the
goal are indicated for financial flows, technological
evolution and increased accesses to education and
information. The Agreement requires each Country
to adhere to the guidelines shared in Paris according
to their possibilities; because of the global developIssue n. 19 / 2020

ment differences, the industrialized Countries are
expected to act as the driving force of the change, to
provide financial support to the underdeveloped ones
and biannually disclose information related to their
supporting actions. As acknowledged by the World
of Economic Forum Global Risk Perception Survey,
the failure to mitigate climate change risks should
nowadays be one of the biggest concerns, due to its
huge amount of interconnections with most of the
other global risks (Fig. 21). The paper is organized
as follows:
• Section 1: introduction on the topic, with focus
on the climate risk types and their relevance for
banks, issues in scenario analysis, green taxonomy and possible implications of the Covid-19
pandemic;
• Section 2: summary on the latest guidelines
and road maps by ECB and EBA, with hints
on the impacts of their work for financial institutions and on the most probable future developments;
• Section 3: brief overview on latest methodologies for scenario analysis (to be applied e.g. in
internal stress tests);
• Section 4: first example of quantitative analysis focused on the impact on default probabili-
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ties for non-financial institutions, with the help
of Iason’s G-RiskPar tool [26];

treme weather events and gradual changes in
climate, as well as of environmental degradation, such as air, water and land pollution, water stress, biodiversity loss and deforestation.
Physical risk is therefore categorized as “acute”
when it arises from extreme events, such as
droughts, floods and storms, and “chronic”
when it arises from progressive shifts, such as
increasing temperatures, sea-level rises, water
stress, biodiversity loss and resource scarcity.
This can directly result in, for example, damage to property or reduced productivity, or
indirectly lead to subsequent events, such as
the disruption of supply chains.

• Section 5: conclusions.

Introduction
Why is Climate Change Risk Relevant for Banks?
Understanding the nature and implications of climate change risk in the financial world is the next
challenge for both Banks and Regulators.
On December 2015, the Financial Stability Board
gave birth to the Task Force on Climate-related Financial Disclosures (TCFD), with the mandate of developing recommendations for climate change risks
disclosure, aimed at increasing the level of awareness of institutions in terms of investments, credit
evaluations and insurance policies. In June 2017, the
task force published its final set of guidelines, Recommendations of the Task Force on Climate-related Financial
Disclosures [15], mainly covering four areas: Governance, Strategy, Risk Management and Metrics &
Targets. Moreover, ECB has identified climate-related
risks as a key risk driver on the SSM Risk Map for
the Euro area Banking System (Fig. 23): even if climate change long-term horizon puts such risks in a
position of low probability-low impact for the near
future, the still unknown nature of implications for
the financial world requires the commitment to start
studying the topic and learn by experience.
The ECB believes that institutions should take
a forward-looking and comprehensive approach to
considering climate-related and environmental risks.
EBA published its Action Plan on Sustainable Finance [5] on December 2019, pointing out the timeline and expectations of its mandate on sustainable
finance, given by the European Commission.
At last, together with new risks to be monitored
and issues to be overcome in order to practically include ESG factors into the business strategy and the
Risk Appetite Framework (RAF), firms recognize that
there are opportunities arising from climate change
too (see e.g. Fig. 24). Both risks and opportunities
are expected to rise over time, but the latter are expected to have a more significant impact on strategy
in the next five years than the former. Financial institutions should consider that the same low-carbon
transition which threatens the coal mining, power
generation, and oil and gas industries would require
trillions of dollars in new financing, with the majority
in the power generation sector. Climate change and
environmental degradation are sources of structural
change that affects economic activity and, in turn, the
financial system, where climate-related uncertainty
is commonly understood to be generated by two risk
drivers: physical risk and transition risk.
Re-calling the definitions in ECB draft Guide on
climate-related and environmental risks [8]:

• Transition risk refers to an institution’s financial loss that can result, directly or indirectly, from the process of adjustment towards
a lower-carbon and more environmentally sustainable economy. This could be triggered, for
example, by a relatively abrupt adoption of climate and environmental policies, technological
progress or changes in market sentiment and
preferences.
By definition, the two drivers are generating almost inversely proportional risks: in a scenario of
abrupt adoption of climate change policies (i.e. high
transition risk), physical risk can be expected to be
partially reduced both because of institutions’ inclusion of new metrics into their frameworks and
because of the action undertaken by policy-makers,
and vice versa.
Climate-related risks should both be considered
for the direct impact on the value of tangible and
intangible assets (market risk and reputational risk)
and for their translation to higher costs/lower incomes for Corporate, SME and Retail sectors, leading to more volatile and (generally) reduced cash
flows, with big impacts on companies’ creditworthiness. While market and reputational risks are almost
straightforward to understand, the biggest and most
unknown impact of physical and transition risks can
be identified in the credit risk area, which requires
the inclusion of Environmental, Social and Governance (ESG) factors in current methodologies or the
development of entirely new ones. The final EBA
guidelines on Loan Origination and Monitoring [6]
emphasizes requirements on ESG factors to be considered in the institution RAF definition, and during
the loan origination and collateral valuation phases.
Liquidity, operational and legal risks have to be
considered too: while the former is practically generated by the same sources as the credit climate change
risk, the second and third ones could be mostly significant for highly delocalized institutions and for
institutions violating the prudential treatment of climate change.

• Physical risk refers to the financial impact of a
changing climate, including more frequent ex-
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FIGURE 21: Survey responses to the question of which global risk is the most important and interconnected, as presented
by WEF on [18]

FIGURE 22: Summary of TCFD recommendations for each of the four areas of interest, as available on the task force
website
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FIGURE 23: SSM Risk Map for 2020 by ECB in the Risk Assessment for 2020

pact banks’ business over a long time horizon
(e.g., oil price is, according to common literature, expected to peak in 5 to 10 years, before
starting its decline due to renewable energy
sources and new technologies), with little (but
visible) effect for the time span usually considered by business planning units and stress
tests. Moreover, loan portfolios do not usually
include positions lasting so long in the future.

Main Issues in Scenario Analysis
Among the two risk drivers highlighted above, transition risk is the hardest one to understand and model.
In particular, financial institutions typically have to
overcome several challenges when trying to define a
comprehensive methodology to assess transition risk.
United Nations Environment Finance Initiative
(UNEP FI) constitutes a partnership, born in 1992,
between the financial sector and the United Nations
Program for Environment, with the main goal of
promoting sustainable finance and helping its development. The association also aims at improving the
dialogue between regulators/supervisors, practitioners and policy-makers, with the goal of including
finance in the approach to global issues, as climate
change. In 2018 UNEP FI published Extending our
Horizons: Assessing Credit Risk and Opportunity in a
Changing Climate [21], a research involving 16 voluntary Banks, aiming to implement TCFD recommendations by performing scenario analyses on loans
portfolios, considering 3 possible future path defined
by the temperature increase of 1.5°C, 2°C and 4°C.
Following suggestions given in such paper and also
in [20] and [22]), we can summarize most relevant
issues as the following 5 points:

3. Transition risks vary across sectors, both in
terms of how and how much they impact specific industries: since information at aggregated economy-wide level is insufficient to
properly capture the effects of transition risk,
banks need to develop a methodology which
would be able to both be flexibly adapted
across sectors and highlight differences within
each sector itself (think, e.g., to the automobile sector and compare companies producing
electric vehicles to other firms still anchored to
fossil fuels).
4. The methodology needs to be systematic, repeatable, and consistent in order to be useful
for disclosure, which implies that banks need
to set up a procedure that could potentially
be improved with low effort (in order to learn
by experience) and that, even if the methodology framework shall of course be adapted to
each business’ model, the final results must be
comparable among financial institutions.

1. Limited empirical data exists to measure the
strength of the climate-credit risk relationship,
both in terms of historical data and long-term
policy experiments: as a result, methodologies
to quantify transition risk need to heavily rely
on expert judgments and assumptions.

5. Conducting quality scenario analysis requires major coordination across the organization, possibly including the involvement of
external experts on climate change.

2. Long time horizons for transition impacts
challenge the way banks usually manage risk.
Transition risks are commonly expected to im-
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FIGURE 24: Annual investment in renewable energy, nuclear energy and efficiency required for a 2°C scenario, as USD
BN/year over 2010-2050 [13]

• Not significantly harm any of the these objectives ("Do No Significant Harm" - DNSH);

EU Taxonomy for Sustainable Activities
In order to inform its work on the Action plan: financing sustainable growth [10] published in March 2018,
the European Commission established a Technical
Expert Group (TEG) on sustainable finance in July
2018.
Action 1 of the action plan calls for the establishment of an EU classification system for sustainable
activities, i.e. an EU taxonomy.
A framework based on scientific evidences and
able to identify green/sustainable projects has been
deemed necessary in order to accomplish two main
goals [17]:

• Comply with minimum safeguards (e.g. human rights, etc.);
• Comply with Technical Screening Criteria
("TSC" - e.g. level of CO2 emissions).
The TEG also added a supplementary technical
annex including recommendations on the TSC and
criteria for the DNSH point.
Concretely, financial institutions are expected to
apply the taxonomy by following these steps:
• Identify the activities of the company in order
to confirm its compliance with the taxonomy;

• Obstruct the greenwashing phenomenon;

• For each activity, check if thresholds for the
contribution to at least one of the environmental objectives are respected;

• Foster transparency and disclosure regarding ESG factors in financial institutions’ business, helping them to characterize sustainable
projects and setting up climate-resilient longterm strategies.

• Verify the DNSH and minimum safeguards
points through due diligence activities;
• Disclose comprehensive reports at product
level.

On 9 March 2020 TEG published its Final report
on the EU Taxonomy [16] and stated that green projects
should:

The taxonomy will gather even more recognition
after the publication in June 2020, by EBA, of the final
report on Guidelines on loan origination and monitoring
[6]. As per point 56 of the document, institutions
should incorporate ESG factors and associated risks in
their credit risk appetite and risk management policies,
credit risk policies and procedures, adopting a holistic approach. The EBA, at point 58, fundamentally allows
financial institutions to set up their own environmentally sustainable lending policies and procedures, as
long as they are then reflected in reports’ disclosure
and constant monitoring, but, from the authors point
of view, banks shall consider following the TEG taxonomy framework, in order to have a coherent and
comparable configuration among practitioners.

• Contribute substantially to at least one of the
six environmental objectives of the EU Taxonomy Regulation:
1. Climate change mitigation;
2. Climate change adaptation;
3. Sustainable use and protection of water
and marine resources;
4. Transition to a circular economy;
5. Pollution prevention and control;
6. Protection and restoration of biodiversity
and ecosystems.
Issue n. 19 / 2020
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FIGURE 25: Examples of climate-related risk drivers, as presented by ECB in [8]

lower-carbon solutions due to decreased wealth.

Relationship with Covid-19
The Coronavirus pandemic may have an important
role in supporting and accelerating climate action.
Certain temporary adjustments, such as teleworking and greater reliance on digital channels, may
endure long after the lockdowns have ended, reducing transportation demand and emissions. Second,
supply chains may be repatriated, reducing some
Scope 3 GHG emissions. Third, there may be an increased public appreciation for scientific expertise in
addressing systemic issues. Also, there may also be a
greater appetite for the preventive and coordinating
role of governments in tackling such risks. Indeed,
the tremendous costs of being the payer, lender, and
insurer of last resort may prompt governments to
take a much more active role in ensuring resiliency.
At last, lower interest rates may accelerate the deployment of new sustainable infrastructure, as well as of
adaptation and resilience infrastructure-investments
that would support near-term job creation.
Simultaneously, though, very low prices for highcarbon emitters could increase their use and further
delay energy transitions (even though lower oil prices
could push out a number of inefficient, high-emission,
marginal producers). A second negative impact is
that governments and citizens may struggle to integrate climate priorities with pressing economic needs
in a recovery. This could affect their investments,
commitments, and regulatory approaches-potentially
for several years, depending on the depth of the
crisis and hence the length of the recovery. Third,
investors may delay their capital allocation to new

European Regulation and
Supervision
As Regulators and Supervisors attention on ESG risks
is constantly increasing, this chapter will provide a
summary on the state of the art of EBA and ECB
expectations, highlighting the most probable future
evolution in what banks will be asked to implement.
EBA Action Plan on Sustainable Finance
On December 2019 the EBA published its Action Plan
on Sustainable Finance [5], highlighting its current
high-level expectations in terms of disclosure and
risk management when considering ESG risks and
defining the phased approach and associated timelines for the reports, advices, guidelines and technical
standards, mandated by the European Commission
to the EBA itself (see fig. 26).
Financial institutions are encouraged to begin developing tools and models on their own before the
EU legal framework is formally updated and the EBA
regulatory mandates delivered.
Expectations are mainly covering (*)
• Strategy and risk management;
• Key metrics and disclosure;
• Stress testing and scenario analysis;
• Prudential treatment;
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and are part of the broader European Commission’s plan to achieve three objectives:

regulatory agency will provide guidance to banks
(and supervisors) regarding their own internal stress
testing procedures, with qualitative and quantitative
criteria that might be consequently used to update
the previous guidelines for risk management and
SREP.
Eventually, by the end of June 2025, the EBA commits itself to take a final decision regarding a possible
dedicated prudential treatment of exposures related
to assets or activities associated substantially with
ESG objectives.

• Reorient capital flows towards sustainable
investment in order to achieve sustainable and
inclusive growth;
• Manage financial risks stemming from climate change, resource depletion, environmental degradation and social issues;
• Foster transparency and long-termism in financial and economic activity.
For banks, the most interesting parts of the Action
Plan could be identified with points 12-13-14, where
the EBA highlights articles of CRR 2/CRD 5 packages
entrusting the regulatory agency to accomplish the
following mandates:

ECB Guide on Climate-Related and Environmental
Risks
In May 2020 ECB published their draft Guide on
climate-related and environmental risks [8], covering
strategy, governance and risk appetite, risk management and disclosure.
The guide, per document’s words, is not binding for the institutions, but rather it serves as a basis
for supervisory dialogue, but is nonetheless meant to
be followed by significant institutions immediately
by the time of its publication and shall be a reference for banks in their safety assessment towards
climate-related (and other environmental) risks; ECB
also expects institutions to start disclosing by the end
of 2020 potential divergences in their practices from
the guidelines described in the document. Before
pointing out the key impacts for financial institutions
generated by the guidelines’ implementation, it is
worth to recall the macro-expectations defined by the
agency:

1. Assess the potential inclusion of ESG risks in
the supervisory review and evaluation process (SREP), by developing uniform definitions,
analysis methodologies and strategies aimed
to risks’ identification and management.
2. Assess whether a dedicated prudential treatment of exposures related to assets or activities associated with environmental objectives
would be justified (as a component of Pillar 1
capital requirements).
3. Implement technical standards for disclosure
requirements related to ESG risks, as part of
the Pillar III framework.
The EBA is planning to cover the four points
above (*) in the exact order they have been presented
(see fig. 27) , since the agency deems necessary to
firstly gain knowledge on current institutions’ business in terms of sustainability and will then have
enough information to further define scenario analysis criteria and assess the appropriateness of a dedicated prudential treatment.
In particular, methodologies’ enhancements for
the SREP framework will be discussed in a first paper
during Q3 2020, which will be translated to a final
version within 28 June 2021. While the deadline for
the submission of the technical standards for Part
Eight of the CRR to the European Commission has
been set to June 2020, the application of the principles
related to ESG risks will be mandatory only starting
from June 2022 (most of the new requirements are
instead expected to be applied from June 2021): as
the disclosure requirements are expected to be built
on existing works like the TCFD Recommendations
and the EU Taxonomy [15], banks will have plenty of
time to gain knowledge of such reports and be ready
to be compliant with the new technical standards.
Concerning stress testing and scenario analysis,
the EBA, following the mandate in Article 98 of CRD
5, aims to develop a dedicated climate change stress
test with the objective of identifying banks’ vulnerabilities to climate-related risks and quantifying the
relevance of the exposures that could potentially be
hit by physical and transition risks. Moreover, the
Issue n. 19 / 2020

1. Institutions are expected to understand the impact of climate-related and environmental risks
on the business environment in which they operate, in the short, medium and long term, in
order to be able to make informed strategic
and business decisions.
2. When determining and implementing their
business strategy, institutions are expected to
integrate climate-related and environmental
risks that materially impact their business environment in the short, medium or long term.
3. The management body is expected to consider climate-related and environmental risks
when developing the institution’s overall business strategy, business objectives and risk management framework, and to exercise effective
oversight of climate-related and environmental
risks.
4. Institutions are expected to explicitly include
climate-related and environmental risks in
their risk appetite framework.
5. Institutions are expected to assign responsibility for the management of climate-related and
environmental risks within the organisational
structure in accordance with the three lines of
defence model.
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6. For the purposes of internal reporting, institutions are expected to report aggregated risk
data that reflect their exposures to climaterelated and environmental risks with a view to
enabling the management body and relevant
sub-committees to make informed decisions.

both on the current business planning
horizon (3 to 5 years) and on a longer
term, and reflect its results into their
strategic framework, setting and monitoring environmental KPIs in order to
make the strategy measurable (e.g. carbon emissions, average energy labels).

7. Institutions are expected to incorporate climaterelated and environmental risks as drivers of
established risk categories into their existing
risk management framework, with a view to
managing and monitoring these over a sufficiently long-term horizon, and to review their
arrangements on a regular basis. Institutions
are expected to identify and quantify these
risks within their overall process of ensuring
capital adequacy.

• Governance and Risk Appetite Framework: the management body is expected
to explicitly allocate roles and responsibilities (to be duly documented in the
relevant governance documents) to its
members and/or its sub-committees for
climate-related and environmental risks
and to effectively oversee the institution’s
exposures and response towards them;
banks shall provide a well-defined description of those risks in their Risk Appetite Statements and set appropriate limits, monitoring and escalation arrangements.

8. In their credit risk management, institutions
are expected to consider climate-related and
environmental risks at all stages of the creditgranting process and to monitor the risks in
their portfolios.

• Risk Management: institutions are expected to have a holistic view regarding
the impacts of climate and environmental
risks in terms of already existing risk categories (credit, operational, market, etc.)
and to adequately quantify the related
exposures (e.g. in the ICAAP context).

9. Institutions are expected to consider how
climate-related events could have an adverse
impact on business continuity and the extent
to which the nature of institutions’ activities
could increase reputational and/or liability
risks.
10. Institutions are encouraged to monitor, on an
ongoing basis, the effect of climate-related and
environmental factors on their current market
risk positions and future investments, and to
develop stress-testing scenarios that incorporate climate-related and environmental risks.

• Disclosure: institutions shall disclose
Scope 1,2 and 3 GHG emissions for the
whole group, be compliant with TCFD
recommendations and with the integration provided by the European Commission in [9] and to transparently publish
the KPIs and KRIs considered in strategy
planning and risk management.

11. Institutions with material climate-related and
environmental risks are expected to evaluate
the appropriateness of their stress testing with
a view to incorporating them into their baseline and adverse scenarios.

Risk Management of Climate-Related Risks
This section aims to support financial institutions in understanding the concrete implications of ECB guidelines in the risk management area and also in the analysis of the most
probable future developments.
At this stage of the inclusion process of climate
and environmental risks into financial internal
frameworks and legislation, the most relevant
planning decisions institutions should take are
related to:

12. Institutions are expected to assess whether material climate-related and environmental risks
could cause net cash outflows or depletion of
liquidity buffers and, if so, incorporate these
factors into their liquidity risk management
and liquidity buffer calibration.
13. For the purposes of their regulatory disclosures, institutions are expected, to publish
meaningful information and key metrics on
climate-related and environmental risks that
they deem to be material, as a minimum in line
with the European Commission’s Guidelines on
non-financial reporting: Supplement on reporting
climate-related information. Scrolling through
the four areas defined above, each expectation
on the list is described and commented by the
agency, with key implications being:

(a) The translation of new risks into already
existing ones or definition of a new, separate, risk category;
(b) The preparation for a dedicated EBA
stress test;
(c) The business strategy in terms of green
investments, in light of possible Pillar I
capital relieves;

• Business Strategy: banks shall assess the
materiality of climate and environmental
risks through the use of scenario analysis,

(d) The inclusion of new risks into the SREP
context.
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FIGURE 26: Summary of EBA mandates, as expressed in the Action Plan

Translation into already Existing Risks

Dedicated EBA Stress Test

Most firms do not have a dedicated team for managing climate risk. The most common approach to
staffing is to integrate specialized staff from within
existing risk functions or other teams, rather than
to create a separate, standalone climate risk team
(see [12]). Although the lack of experience in climate analyses may suggest that external dedicated
experts are needed to properly connect environment
and finance, the reason behind such choice seems to
be that the majority of firms view climate risk as a
transverse risk type that cuts across already existing
areas such as credit, market and operational, as opposed to a principal risk. In the view of the authors,
this is the most efficient and practical choice: while
climate-related risks require the development of new
methodologies because of their nature and timing
of their effects, their impacts seem to be limited to
the mentioned risk types. Such a choice would allow
banks to consolidate their current workflows in the
long term horizon and is also safer for the time being:
as expectations from regulators and supervisors have
not been defined with extreme precision yet, sticking
with the current processes seems more suitable to
handle (unexpected) drastic changes in requirements.

Firms are particularly concerned with their long-term
resilience. While more than 80% of firms believe their
strategy is resilient to climate change over the next
five years, only 10% of firms are confident in their
resilience beyond 15 years.

Issue n. 19 / 2020

While the EBA stress test for 2020 has been postponed and it is still not clear if - and how, since in
the 2020 exercise for market risk, only 8 scenarios
for commodities were defined, 4 of which related to
metals (not really linked to ESG risks) - the inclusion of climate factors will be turned on for the 2022
assessment, for the time being the only widely acknowledged fact is that the current stress test horizon
is not suitable to capture the effect of environmental
risks. For this reason the EBA declared (see point 29
of the EBA Action Plan on Sustainable Finance [5])
its intention of developing a dedicated climate change
stress test; as its framework has yet to be designed,
banks should study the potential impacts through
their internal stress test and sensitivity analyses. Also,
EBA asked volunteer institutions to join a sensitivity
analysis for climate risks in the second half of 2020,
focusing on traditional risks but considering longer
time horizons; this activity should help the agency
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FIGURE 27: Timeline of EBA publications, as expressed in the Action Plan

assess the impacts of transition and physical risks
and design a robust stress testing framework.

RWA = K · EAD ·

The last publication expected from EBA will clarify
whether the possible prudential treatment of exposures significantly related to environmental objectives
would be justified or not.
While the current setup of the market risk framework doesn’t seem suitable to consider climaterelated risks (e.g. VaR and sVaR are computed with
backward looking procedures and there is a substantial lack of data to include environmental risks there),
the credit risk framework might be slightly amended
in order to include ESG factors.
In the IRB approach to Basel requirements, Risk
Weighted Assets (RWA) are computed, for corporate
loans, as
1
Φ−1 ( PD ) +
1−R
 

1 + M − 2.5b
− PD ·
11.5b

r

R
Φ−1 (0.999)
1−R

(26)

where b is a maturity adjustment and R is the
default correlation [23] (RWA formulae for other exposures’ types differ from (25) by the definition of
R and the absence of the last parenthesis - i.e. no
maturity adjustment).

Possible Pillar I Capital Relieves

 r
K = LGD · Φ

100
8

RWA is a measure used to calculate the reasonable capital to be held in order to be able to face
unexpected losses, that we can write as
q
2
2
+ LGD2 σPD
UL = EAD · PD2 σLGD
according to Vasicek and accounting for variability of both the probability of default and the loss
given default.
In its report Encouraging and rewarding sustainability - Accelerating sustainable finance in the banking sector [7], the European Bank Federation hoped
for the definition of eligibility criteria leading to
capital requirements reductions for Sustainable Sectors/Activities/Projects - SSAPs. Basically, in the EBF
intentions, the RWA formula (2) would be multiplied



(25)
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by a factor z < 1 when considering eligible economic
activities (or asset classes) and remain unchanged otherwise; as this Sustainable Finance Supporting Factor
(SFSF) would behave as a final, additional, discounting factor, the preliminary creditworthiness assessment in loans origination shall not be substituted by
the SFSF and shall include ESG factors.
A further proposal for the amendment on the capital requirement formula in the credit risk context was
the introduction, in equation (2), of a separate AddOn factor depending on a sustainability assessment:
in such a case, contrarily to the EBF framework, it is
likely that such variable would behave as a penalty
factor for deals related to firms not properly involved
in the sustainability action rather than a discounting
factor for more active ones.
Both formulae:
RWA = z · K · EAD ·

100
,
8

RWA = AddOn + K · EAD ·

quantify the climate-related and environmental risks
that they are exposed to (see expectations 7.2, 7.5 and
7.6 in [8]).
For the time being, confining climate-related risks
into Pillar II risks assessments’ methodologies seems
the most flexible and appropriate solution, with each
bank being allowed to apply its own measurement
techniques. Institutions are required by the ECB to
periodically review their capital adequacy assessment
tools (in line with the development of climate-related
risks awareness) and to conduct their evaluation procedures from both an economic and a normative
perspectives, mutually informing each other.
While the main focus shall be put on forwardlooking methodologies as stress tests and scenario
analyses, the ECB observes that few institutions have
already tried to include climate-related risks into
their ICAAP frameworks and mentions the case of a
bank substantially following the Add-On approach described in section “Possible Pillar I Capital Relieves”.
The process is originated by a careful due diligence
on the borrower aimed at computing a rating value,
derived from an assessment of the deal’s climate impact and factoring in any significant environmental
variable, such as water use, pollution, waste and biodiversity. According to some internal model the score
is then translated into the additive factor, resulting,
for the assets with the most negative environmental
impacts, in risk weights’ increases up to a quarter. It
is worth mentioning another example provided by
the ECB and related to the inclusion of reputational
risk into the ICAAP: as its business model is targeted
at financing private companies in emerging market
economies, leading to significant exposure towards
ESG risks, one institution classifies its clients into
four groups, based on their potential ESG impacts,
assigns to each set a specific capital charge and ends
up taking higher capital for clients with high risk
classification.

100
8

are stoking controversy among commercial and
central banks, which are divided on the wisdom of
using capital requirements to drive sustainable investment (see [25]). Critics say that mixing sustainability
and credit ratings could incentivize banks to increase
the riskiness of their loan portfolios in pursuit of
‘green’ laurels (see Wiedmann, BNP, . . . ). While it is
widely acknowledged that deals related to sustainability will present lower risk prfiles when considering long horizons, in the short term the inclusion of
additional factors into CR formulae would generate
a trade-off between the real and estimated risks for
assets deemed to be eligible, which could potentially
endanger the stability of financial institutions during
their usual planning horizon.
Basically, the main controversial point for the two
proposals above is the fact that asset maturity was
not being considered as an additional factor; consider e.g. two equal deals with firms A, producing
vehicles working with fossil fuels, and B, a recently
born electric vehicle producer: in 20-30 years time,
the latter will most likely out-perform the former
in terms of investment safety, but in the common
3-5y strategy horizon is considering A riskier than
B really justified? There is a common concern regarding an uncontrolled appetite for environmentally
sustainable investments, leading to unjustified loans
originated without proper due diligence assessments,
because of their RWA benefits, and ending up with
an under-estimation of risk profiles.

Methodologies for Scenario
Analysis
Climate change and the transition to a low-carbon
economy are subject to fundamental uncertainty.
Many different transition scenarios can be designed,
since it is unclear to what extent the Paris Agreement
will translate into concrete policy measures that support the transition to a low-carbon economy, how
technologies will develop and how - and how much such developments will impact the energy transition.
In light of this uncertainty, the TCFD suggests
tackling the quantification of climate-related risks via
scenario analysis, as it is a useful way to quantify
energy transition risks. By focusing on scenarios that
are “severe but plausible”, a stress test is able to assess tail risks: the losses financial institutions may
suffer in a type of worst-case scenarios.
As highlighted by both independent initiatives

Inclusion of New Risks into the SREP
Although quantification methodologies will be subject to further developments and no common practice
has been established among financial institutions,
the ECB explicitly mentions the ICAAP and expects
banks to make active efforts to develop or apply appropriate tools and methods in order to adequately
Issue n. 19 / 2020

67

Argo Magazine

and Supervisors/Regulators, though, methodologies
are still object of constant revision and most of the
times literature isn’t presenting a comprehensive
framework that could be replicated by financial institutions. Moreover, many open points have not been
clarified yet and are commonly tackled via qualitative
estimations, which are expected to be translated into
more quantitative approaches in the future.
In this chapter, current best practices on scenario
analyses are presented, in the form of both top-down
and bottom-up approaches, i.e. such methodologies
would theoretically be suited for each kind of stress
testing activity and could consequently be applied in
the ICAAP context as described in section “Inclusion
of New Risks into the SREP”. However, each institution will probably choose to adapt their current
models and tools in order to account for climaterelated risks too, rather then implementing totally
new procedures, at least in this period of uncertainty,
in order to avoid cost increasing and to optimize IT
investments.
Practitioners usually follow a process based on
three building blocks:

sections 3.2 and 3.3 will try to provide hints on
how to include climate-related risks into default probabilities’ calculation (in the Merton framework), but
the loss given default (LGD) factor should in principle be considered too, as it depends, e.g., on the
collateral values, which are by nature strongly exposed to physical risks (think for instance to real
estate guarantees). The LGD may be estimated considering only the stressed PD values, e.g. following
Frye-Jacobs model (see [11])
LGDscenario =
Φ(Φ−1 ( PDscenario ) − [Φ−1 ( PDTTC ) − Φ−1 ( PDTTC · LGD )])
,
PDscenario

or estimated, with additional modelling efforts,
considering the correlation between PD and LGD.
Models for Scenarios Generation
The first step in the scenario designing process is
the construction of appropriate narratives for the underlying assumptions around climate, economy and
societies. Among the narrative assumptions, the rationale for many scenarios is either a global temperature
target, such as 2°C of warming above pre-industrial
temperatures by 2100, or a GHG emissions pathway,
which can be mapped to temperature and other climate changes.
Assumptions need to be translated into variables
using models that are consistent across the system
being analyzed, be it a specific sector, the entire economy, or the climate system; integrated assessment
models (IAMs) combine sector-specific models to link
energy, economy and climate variables.
Commonly, the set of key variables to be described by the narrative comprehends:

1. Climate Scenarios Definition: following a
forward-looking approach, possible future
pathways for climate variables are defined; this
phase is expected to be somehow developed
by Regulators, as financial institutions usually
don’t have the necessary knowledge to proceed
on their own and would require the help of
external experts.
2. Financial Impacts’ Estimation: once climate
variables have been simulated, they should be
linked to macro and micro-economic factors
and translated into financial quantities; this
phase basically evaluates the direct and indirect impacts of climate events and transition
policies and is preparatory for the concrete estimation of consequences for cash flows and
balance sheets.

• Shared Socioeconomic Pathways (SSPs): narratives providing consistent assumptions
around demographics, urbanisation, economic
growth and technology developments, setting
the stage on which emission reductions may
(not) be achieved.

3. Translation of Financial Impacts into Risk
Metrics: given the estimations of climate
events’ consequences on cash flows etc., banks
need to quantify their impacts into risk metrics (e.g. via shifted default probabilities, creditworthiness, market values for tangible and
intangible assets).

• Shared climate Policy Assumptions (SPAs):
narratives highlighting mitigating actions for
climate change, possibly on local level, along
with the timings of their applications.
• Representative Concentration Pathways
(RCPs): greenhouse gas concentration (based
on the radiative forcing) trajectories adopted by
the IPCC. The Intergovernmental Panel on Climate Change (IPCC) is an intergovernmental
body of the United Nations that is dedicated to
providing the world with objective information
relevant to understanding the scientific basis
of the risk of human-induced climate change,
its natural, political and economic impacts and
risks, and possible response options. For the
RCPs definition visit their website.

As stated in the previous chapters, climaterelated risks are better suited for a bottom-up approach, due to possibility that huge differences are
spotted in terms of environmental characteristics
among every single combination country/sector. Performing a detailed analysis at the client level, though,
is a hard task, due to the general lack of data and the
time depth of what is available, sometimes leading
adopting a top-down approach when the analysis
being performed is suited for a sector homogeneity assumption. Re-calling that the expected loss is
defined as
EL = EAD · PD · LGD

• Carbon Pricing:
usually described
US$/tCO2 from 2020 to 2100.

68

as

www.iasonltd.com

Climate Change Risk

FIGURE 28: Merton’s PD distribution shifted by climate factors, as shown in [21]

• Energy Mix: predictions related, e.g., to the
percentage of electric vehicles or renewable energy production by some date in the future.

• Macroeconomic Models: they allow to assess
the impacts of changes in a reduced part of the
economy on the whole system; popular choices
are Wageningen Economic Research’s MAGNET [28], Cambridge Econometrics E3ME and
Vivid Economics’ ViEW models.

• Relative Technology Cost and Performance:
narratives regarding the costs of climaterelated technologies, e.g. the carbon capture
and storage (CCS) or renewable energy plants.

• IAMs: they often embed many of the models referred to above, such as an energy systems model, a land-use and a climate model;
common models are the PIK’s Regional Model
of Investments and Development (REMIND), the
TIMES Integrated Assessment Model (TIAM) and
PBL Netherlands Environment Assessment
Agency’s IMAGE models.

The variables can either be inputs or outputs to
the models, which, according to the existing literature, are commonly classified as:
• Land-use Models: these models trace the impacts of climate change and mitigating actions
on land-use sector; among many examples,
the most widely widespread are the International Institute for Applied Systems Analysis’s (IIASA) Global Biosphere Management Model
(GLOBIOM) covering agriculture, forestry and
bio-energy and the Potsdam Institute for Climate Impact Research’s (PIK) Model of Agricultural Production and its Impact on the Environment (MAgPIE) covering agriculture, bioenergy and water. For details, see [24].

Details on interactions between the models above
can be found at [29]. The most popular provider of
IAMs is the IPCC, which, through its RCPs, flanked
by SSPs and SPAs narratives, generates possible sets
of scenarios to be translated into financial variables
by serving as inputs for satellite models. Note that
not every combination of RCP-SSP-SPA leads to coherent scenario definitions, which implies that in the
end only a manageable number of future simulations
has to be analyzed.
Eventually, the scenarios have to be enriched,
coherently with the narratives adopted, with the
"classic" macroeconomic variables usually being considered in stress testing procedures: the goal may
be accomplished by making use of a suited macroeconometric model, like the GVAR model chosen in
[1].

• Energy System Models: the most common
are those develop by the International Energy
Agency (IEA) [27], which capture the entire
energy-use chain of the economy but exclude
non-energy sectors such as land-use and industrial process emissions.
• Climate Models: they simulate up to 2100 the
evolution of climatic variables including temperature, precipitation and sea-level rise at a
spatial resolution of between 10 and 300km;
as they produce varying estimates of the impact of GHG emissions on the climate, starting
from heterogeneous assumptions, typically the
outputs from multiple models are combined
together.
Issue n. 19 / 2020

Top-Down Approach
The transition to a low-carbon economy is likely to
affect industries that emit a large amount of CO2
more than industries that emit little. To capture this
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heterogeneity, a transition vulnerability factor could
be determined for each industry in the economy.
On this topic, it is interesting to follow what has
been developed in [3] by De Nederlandsche Bank,
based on the paper by G., L. Berkvens, M. Bun, H.
van Kerkhoff, J. Koistinen, G. Schotten and A. Stokman The price of transition: an analysis of the economic
consequences of CO2 taxation (2018), where for each scenario narrative the transition vulnerability factors are
based on the embodied emissions of the final goods
and services in each industry, with an approach derived from the Capital Asset Pricing Model (CAPM).
Considering a stock i, the risk-free rate r f , the market
return rm , the model states that the expected return
of the asset is equal to the risk-free rate plus β times
the expected market premium, where β i,m depends
on the correlation between the stock and the market,
namely:

the fact that policies would generally have sector-level
impacts rather than firm-level ones, while natural disasters or sudden falls in assets and collaterals’ values
are better evaluated at company level.
Bottom-Up Approach
As anticipated, the bottom-up framework would theoretically be perfect to capture the impacts of climaterelated risks into the classic banks risks assessments’
framework, but the actual application is subject to
data availability. UNEP FI in [21] developed an interesting model, based on Merton’s framework again,
with the aim of shifting the default probability of
each of the borrowers of any given portfolio and
then to extend the single-name effects to the whole
portfolio.
With a derivation similar to the one presented in
the top-down approach section, UNEP FI suggests
the model calibration equation


1
r r
PDic = Φ Φ−1 ( PDiTTC ) −
(
s
f
)
j,k k ,
αk ∑
r

E[ri ] = r f + β i,m (E[rm ] − r f ).
The betas in CAPM capture a relationship between a stock and its market risk and, to the same
content, the transition vulnerability factors would behave as betas in this framework, highlighting though
the relationship between a stock and its energy transition risk. Interested readers may find in [3] the factors’
values for sectors defined by the NACE classification
rules, but the definition of different scenarios should
imply slightly different values. Once the transition
vulnerability factors have been calibrated, the climaterelated CAPM model can be included into Merton’s
structural model for credit risk framework, in order
to shift (right) the default probabilities’ distributions;
following, e.g., the developments in [1], a possible
final formula for default probabilities could be


1
TTC
PDic = Φ Φ−1 ( PDiTTC ) − c γcj,s Φ−1 ( PD0,s
)
Γs


TTC
) ,
− Φ−1 ( PDt,s

where borrower i belongs to sector k and:
• Φ: standard normal c.d.f.;
• PDic : PD scenario adjusted for i given scenario
c;
• PDiTTC : PD through-the-cycle of borrower i;
• αk : calibration factor for sector k;
• f kr : risk factor pathway r in sector k, under
scenario c;
• srj,k : calibrated sensitivity to the risk factor r in
segment-geography j and sector k.
The term α1k ∑r (srj,k f kr ) is defined as the climate
credit quality index for segment-geography j and depends
on sector-specific calibration parameters αk , to be calibrated along with the sensitivities considering a set
of calibration points, in UNEP FI’s intentions to be
chosen by a dedicated team of experts. Such parameters act both as normalization factors for consistency
with Merton’s framework reasons and as identifier
of the magnitude of scenario impacts for each sector.
Initially, all sensitivities are set to 1 and least-squares
optimization is exploited to compute the "alpha" parameters. After such phase, a qualitative sensitivity
assessment is translated into relative values for srj,k
by the above-mentioned team (e.g. high sensitivity
= 1.3, medium sensitivity = 1, low sensitivity = 0.7)
and sensitivities factors (and, if desired/possible the
"alpha" too) are slightly amended considering a few
calibration points for whom the credit risk experts
have defined reference PDs. Once default probabilities have been computed they can be extended at
the portfolio level by making use of current financial
institutions’ methodologies.
One interesting advantage of this procedure is
that it is self-improving through time: as banks accumulate more borrower and scenario data and extend

where borrower i belongs to segment j of sector s (if data for segments within each sector is not
available, the detail level j can be erased and the
normalization factor is not needed) and:
• Φ: standard normal c.d.f.;
• PDic : PD scenario adjusted for borrower i given
scenario c;
• PDiTTC : PD through-the-cycle of borrower i;
• γrj,s : transition vulnerability factor for the scenario shock c in segment j of sector s;
• Γs = ∑ j γcj,s : normalization factor for sector s
in scenario c;
TTC : initial TTC PD for sector s;
• PD0,s
TTC : stressed TTC PD for sector s.
• PDt,s

It is worth noticing that literature tends to agree
on the fact that transition risk would be more suited
for top-down approaches than physical risk, due to
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borrower-level analysis, the methodology is expected
to continue to evolve and improve.
Further bottom-up frameworks include the use
of (possibly amended) scoring models (from Z-score
and O-score to machine learning techniques), to be
translated into default probabilities by pre-defined
transfer functions (logit,...).

The credit quality of a portfolio is mainly described
by the macroeconomic environment of relevance with
additional information regarding the creditor (the belonging credit segment, the geographic area where
he operates and its related economic activity).
The data which it leverages on are public and
taken from the databases of Bank of Italy and have
quarterly frequency of observation (a choice through
which it is possible to guarantee a punctual measurement of the evolution of the probability of default, as
stated by IFRS9 principles).
More specifically, the target variable which is
modeled for High Default Portfolios (which are considered throughout the analysis) is the decay rate, a proxy
of the probability of default identifying the fraction
of counterparts which were performing at the beginning of the reference period and which defaulted
within the end of the same period.

Simplified PD Estimation with
Iason’s G-RiskPar Tool
The section carries out a stress testing exercise on a
selected portfolio to simulate the short-term impacts
of an economic and socio-political transition to mitigate climate change risk based on some hypothetical
scenarios.
Being still a relatively new area of research, the
lack of databases with relevant variables to dip into
- as well as of a precise framework in terms of definition of a scenario-based climate-risk assessment has made it necessary to rely on a proprietary tool
with its own variables, models and rules. The focus
is on the Italian market since this is the type of data
available in the tool.
In the attempt to focus on the mere effects of
climate-change risks in the analysis and disentangle
them from the effects of the Covid-19 pandemic, a pre
Covid-19 environment has been considered as starting point for the analysis (and consequently scenarios
do not take it into consideration).
Eventually, for the sake of simplicity the work
concentrates on short-term effects triggered by the
transition to an environmentally sustainable economy,
even though this approach leads to the omission of
the large part of impact, referred to a longer time
horizon.
The expectation is to possibly refine the analysis
in the near future so as to consider more relevant
variables, longer time horizons and possibly different
approaches in dealing with the topic.

DRt =
where:

• Ft : quarterly flow of non-performing counterparts as computed at the end of the period of
reference;
• St : quarterly stock of performing counterparts,
as computed at the beginning of the period of
reference.
The historical series of decay rate are different by
type of considered counterparts and are in turn subject to both a geographical segmentation (from Italian
to provincial level, passing through macro-regions
and regions) and one which discriminates by means
of their ATECO economic activity.
The proposed segmentation determine a threedimensional space for the analysis of the counterparts. Indeed, the previously defined segmentation
can be also jointly considered.
For what concerns, instead, the types of involved
counterparts, these are directly defined by the Italian
regulator. The tool considers the following (Italian)
categorizations: Retail, Micro-sized firms, Non-financial
enterprises, Financial institutions, Public administrations.
This said, this first analysis on the topic is kept
simple: the geographical segmentation chosen is the
overall Italian level, without specific ATECO segmentation involved.
Here follows a brief description of the theoretical aspects underlying the estimate of the satellite
models which is performed by the tool.
The logistic transformation of the decay rate for
High Default Portfolios, which are of interest for the
analysis, is actually modeled so as to avoid problems
of domain for its forecast values. Linear models are
estimated, with differences depending on the considered levels of analysis.
Namely,

Iason’s G-RiskPar Tool
Due to the reasons which have been briefly described
before, the authors have decided to rely on a proprietary tool for the modelling purposes. G-RiskPar,
developed and maintained by Iason, is used for the
generation of credit risk parameters and it is compliant with IFRS9 accounting regulation. In particular,
it produces term-structures of probabilities of default
for specific types of counterparts operating in the
Italian market on the basis of specific macroeconomic
scenarios which can be manually set on its user interface.
The main idea at the basis of the generation of
the risk parameters consists in the identification of
the relationship between risk factors (mainly, the
probability of default) and macroeconomic variables
through the estimation of a set of satellite models.
Issue n. 19 / 2020
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FIGURE 29: Map of relative impact for sensitivities’ assessment in the metals and mining sector, presented by UNEP FI in
[21]

FIGURE 30: Levels of analysis for the considered counterparts

TABLE 4: Modelling framework by considered segmentation
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2. Yt

=

( DRt )

=

Scenarios Definition

α + δt ( DRUP,t ) +

∑ik̄=1 ∑tj=t−4 β i,j xi,j + et

The European regulatory stress testing scenarios currently do not incorporate climate risk factors. Several
banks have started to include climate factors in their
internally developed scenarios. Moreover, a number
of associations and firms have published their own
hypothetical scenarios including climate risk factors.
For the purpose of this paper, the authors did not
develop transition scenarios from scratch, but instead
used two scenarios borrowing from [1] and [3]. A subsequent paper - with a more quantitative approach
overall - will instead focus on creating short, medium
and longer term scenarios using original scenario
definitions.
The scenarios used in the simulation (see tables
6, 7 and 8) focus on different paces of a short term
transition from the current status quo to policies and
social attitudes that internalize climate risk and its
externalities. For the sake of this exercise, the three
scenarios considered are:

3. Yt = ( DRt ) = α + µ ATECO ( DR ATECO,t ) +
µGEO ( DRGEO,t ) + et
being α the intercept of the model, xi,t the ith regressor of the model evaluated at time t (and β i,t its
coefficient), DRUP,t the decay rate of the upper level
of segmentation with respect to the considered one
evaluated at time t, et the error term, k̄ the number
of considered explanatory variables.
The models considered in the described analysis are
of the first type, as anticipated.
Given this framework, what effectively makes
the models robust is the algorithm which is standing behind the estimate of the regressive coefficients.
G-RiskPar exploits a Bayesian Model Averaging approach which is known in literature as Bayesian Average of Classical Estimates (BACE).
BACE consists in the averaging of the OLS regressions performed on a specific dependent variable. It
enables the estimation of a large number of models whose coefficients are weighted proportionally
to the posterior probability of the models including
the given regressors. For the details underlying the
algorithm, the reader is referred to [4].
Among the main advantages of the approach it is
possible to include the possibility to consider all of
the explanatory variables chosen to explain the target
variable (and not a subset of them, thus avoiding an
ex-ante, qualitative selection of the main variables to
be considered) and the stability of its re-calibrations.
The last relevant aspect of the outlined methodological framework is the use of VAR (vector autoregressive) models to derive forecasts for the macroeconomic variables entering the specific models. The use
of VAR models is primarily meant to transfer forecasts beyond the time-spans of the typical regulatory
scenarios and for an arbitrary number of years (the official scenarios designed by the EBA for stress-testing
purposes generally consider three years of forecasts).
For details underlying the definition of VAR
model the reader is referred to [14].
Among VAR models, it is possible to distinguish
conditional and unconditional models. The former foresee the evolution of some macroeconomic variables
conditional on the scenarios imposed (on them) by
the researcher, the dynamics of the remaining variables being affected according to VAR equations; for
what concerns the latter, no knowledge of future
paths of any variable is assumed, thus foreseeing
the evolution of the considered macroeconomic variables just with respect to exogenous shocks (i.e. as
included in the error term of their equations).
At this extent, the tool gives the possibility to feed
the calculation engine with several arbitrary macroeconomic scenarios (with an attached probability of
occurrence) as chosen by the user.
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• Rapid Transition Scenario: the transition to a
more sustainable economy is characterized by
a highly globalized, rapid response in terms
of regulatory policy, technologic adjustments
and social changes. General consumption
and demand for energy - especially from nonrenewable sources – sharply declines. Policy
shocks sharply penalize fossil fuel emissions
and the price for fossil fuels, including oil
prices, increase sharply and then somewhat
stabilize at the end of the transition. There is
a wide improvement in technologies for the
production of energy from renewable sources,
limited only by a somewhat negative perception due to its potentially negative impact on
territories and land. Better technology in food
production allows to decrease income inequalities and a more health-conscious dietary habits
are adopted globally. Macroeconomic trends
show a sharp decrease in GDP in the first few
years. Starting from a sharp negative value, the
growth rate slowly increases and become positive by the end of the scenario. Other related
macroeconomic factors such as yield rates for
Euribor and BTP, as well as FTSEMIB index
levels, behave accordingly to the narrative of
a sharper economic downturn followed by a
rapid improvement that mimics the fast transition described above.
• Slow Transition Scenario: compared to the
rapid transition scenario, this pathway shows
a slower adjustment to a more sustainable
economy, prompted by a slower technological change and social demand-side changes.
The abandonment of fossil fuels is slower and
incomplete and it relies on a decrease in demand rather than policy shocks. Oil prices, as a
consequence, decrease slightly faster that they
would under a baseline, business-as-usual scenario. This transition is less globalized, income
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TABLE 5: Macroeconomic variables included in the model

inequalities among countries persist, although
they are somewhat reduced: developing countries converge toward the education and production levels of more developed countries,
but structural investments are not enough to
sustain a further population increase. Macroeconomic trends show a decrease in GDP in the
first few years that is sharp, but slower than
the Rapid Transition scenario. GDP growth
rate stabilizes and becomes positive at the end
of the transition period considered, but in a
smoother way. At the end of the transition
period, the positive growth rate is still lower
than the rapid scenario case. Other related
macroeconomic factors such as yield rates for
Euribor and BTP, as well as FTSEMIB index
levels, behave accordingly, showing negative
trends that stabilize towards the end, but don’t
pick up as much as they do at the end of the
rapid transition scenario.

It is important to note that this exercise does not
focus on estimating the long term evolution of the
PD of the selected portfolio due to climate change,
but rather on the short term effects of the transitions,
relative to the baseline scenario. Moreover, the models were not estimated ex-novo for this particular
simulation, but the tool makes it possible, for the
purpose of a future exercise, to estimate new models
that could potentially include more variables that are
closely related to environmental changes.

• Baseline Scenario: this is the “business as
usual” scenario, where current trends continue
without any particular adjustment to incentivize a transition towards an environmentally
sustainable economy. No environmental risk
mitigation policies are introduced and fossil
fuels are still the main energy source. In
this scenario the macroeconomic trends follow those of the current business cycle and the
expected impacts on risk factors are going to
be smoother than those of the other transition
scenarios.

The PD was projected using a model estimated
through the process described in section “G-RiskPar
Tool”, and the independent macroeconomic variables
included in the model are indicated in Table 5.

For the sake of simplicity, the analysis focuses on
one portfolio comprised of Italian firms excluding
financial institutions. These firms are relevant counterparts as they comprise a high percentage of the
total exposures of Italian financial institutions. Describing the evolution of the PD of such enterprises
allows to get a glimpse of the impact on the economic
system in general, and the banking system in particular, of these hypothetical transitions towards a more
sustainable economy.

The results of the simulation are shown in figure
31. The PD is estimated based on historical, observed
values of macroeconomic variables up to Q4 2019.
After that, the PD is calculated using values based
on the scenarios described in section “Scenarios Definition”. As already mentioned in previous sections,
the models and the scenarios used in this analysis
do not take into consideration the negative effects of
Covid-19, but only focus on macroeconomic impacts
of a climate-risk based transition. It is possible, however, to include negative shocks due to factors such
as the global pandemic in future model and scenario
developments.

PD Simulation under Transition Scenarios
Estimating the probability of default (PD) is a crucial
part of credit risk practices of any financial institution
as it allows banks to estimate their expected losses.
The estimation exercise described in this section is a
simple simulation that, based on the existing models embedded in Iason’s proprietary tool described
in section “Iason’s G-RiskPar Tool” allows to project
the PD of a selected portfolio including non-financial
Italian enterprises, under the transition scenarios described in section “Scenarios Definition”.

Figure 31 show that, the estimated PD trends in
the scenarios considered are in line with expectations.
In the baseline scenario, the historical decreasing PD
trend continues for the first year, then slightly picks
up and then relatively flattens out in the last few
years. In the transition scenarios, after the first quarter of 2020 the PD projections are shifted above the
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FIGURE 31: Results of the simulation

TABLE 6: Scenarios considered in the simulation for the rapid transition path

baseline levels for the duration of the forecast period.
The two transition scenarios show a relatively higher
PD throughout the projection period relative to the
baseline scenario, with the slow convergence scenario
showing higher PD after the second year. This is expected, due to the fact that after the first few years
the macroeconomic trends improve faster in the rapid
transition scenarios.
It is noteworthy to observe that the degree of separation between the two scenario trends is not very
pronounced. This could be due to a variety of factors
such as the fact that the values of the macroeconomic
variables in the two scenarios might be too similar,
so the scenarios themselves do not differ enough in
terms of macroeconomic trends. Although the construction of scenarios from scratch is out of the scope
of this exercise, future analysis can include new scenarios with a higher degree of separation between
several scenarios.
In summary, this analysis shows that, using Iason’s proprietary tool and its embedded models,
along with a set of predefined macroeconomic scenarios, one has the opportunity to estimate and project
PD levels on a given portfolio due to transitions to
a more sustainable economy. Using the proposed
transition scenarios, this analysis forecasts the PD
of Italian non-financial firms over a period of five
Issue n. 19 / 2020

years and show that such transitions show a general increase in the short-term PD for the selected
portfolio.
Further improvements and additions to this analysis include:
• Re-development of the models to include more
recent data and to improve the model sensitivity;
• Inclusion of new variables to capture PD impacts of the current global pandemic or other
variables that are closely related to environmental changes;
• Creation of customized scenarios that project
different pathways to a target of environmental
sustainability;
• Inclusion of a longer forecast period to estimate the impact of environmental changes on
the economy (rather than the transition alone).
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TABLE 7: Scenarios considered in the simulation for the slow transition path

TABLE 8: Scenarios considered in the simulation for the baseline path

Conclusions

tutions in their learning by experience process and
be ready when new directives will be published by
competent authorities.

Although the Covid-19 pandemic might have forced
financial institutions to diminish their focus towards the definition of a management framework
for climate-related risks, banks are strongly advised
to start activating specific climate risk studying programs, since the topic is perceived as very important
by the entire financial industry and is gathering increasing attention on European Regulation and Supervision sides, with further developments already
expected for the second part of 2020 from EBA and
ECB; institutions are expected to build their scenario
analysis frameworks, consider adapting their IT systems to systematically collect and aggregate the necessary data in order to assess their exposures (for
both risk management and disclosure via key KPIs
purposes) and actively participate to voluntary (independent) initiatives in order to help increasing the
common knowledge and awareness regarding this
growing topic.
Also, banks already active in the management
of climate change risk should continue enhancing
their disclosure’s transparency in terms of ESG components, in order to promote the sustainable finance
development and act as leaders for institutions currently placed a step behind them in such process.
In the authors’ intentions, the publication is only
perceived as a starting point toward a proper comprehension of the financial implications of climate
change and shall be followed by further analyses
and methodologies enhancements, once more precise
guidelines will be provided by competent organisms.
As already explained in the previous chapter,
authors are also willing to develop a dedicated
climate change risk tool, in order to provide an active contribution to the development of appropriate
methodologies, aiming to accompany financial insti-
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