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INTRODUCTION
In this thesis we develop tools for exploring liquidity risk within banks or
within the banking network by using the data stored by financial market
infrastructures. More specifically we study large value payment systems as
they form the core of the whole financial infrastructure1 . Though initially
designed to administer monetary transactions, these systems soon became
the most important infrastructure for processing high value interbank
payments quickly and securely. Large value payment systems are usually
designed and operated by central banks. Examples of these systems are
Fedwire in the United States, CHAPS in the United Kindom, BOJ-NET in
Japan, and TARGET22 in the Euro area.
In this thesis we use the transaction archives generated by the TARGET2
payment system3 . Currently, all euro area countries of the Eurosystem4 and
five non-euro area countries are connected to TARGET25 . The system
processes the transactions of roughly 4,500 credit and other financial
institutions which meet the access criteria, directly or indirectly. TARGET2
is a real time gross settlement system (RTGS), which means that each
transaction is settled immediately (real time), individually (gross) and with
finality (irrevocably and unconditionally). Besides transactions between
(in)direct participants and transactions related to monetary policy
implementation, it is also used for settlement of many other, ancillary
systems (Kokkola, 2010).
In order to generate successful payments, participants have to hold enough
1

A more detailed definition of financial market infrastructures as well as the principles
to which these systems nowadays have to comply with can be found in Berndsen (2018) and
CPSS (2012).
2
Trans European Real-time Gross settlement Express Transfer.
3
For this thesis over a billion transactions have been processed, which were stored in a
data warehouse. See appendix A for a description.
4
The Eurosystem consist of the European Central Bank and the central banks of the other
countries that have introduced the euro as their national currency: Austria, Belgium, Cyprus,
Estonia, Finland, France, Germany, Greece, Ireland, Italy, Latvia, Lithuania, Luxembourg,
Malta, Netherlands, Portugal, Slovakia, Slovenia and Spain.
5
The five non euro area countries currently are Bulgaria, Croatia, Denmark, Poland and
Romania.

2

payment cover consisting of a positive account balance or, in case of
overdraft, collateral. This ability to generate payments is often called
liquidity. A participant uses its liquidity to generate payments, which will
then flow to other participants, enabling these participants in turn to
generate payments. Therefore the total of account balances and available
collateral can be seen as the ”payment liquidity” in a payment system.
An important question is what influences the participants’ liquidity in a
payment system. Figure 0.1 gives a bird eye’s view on the elements that
influence the liquidity in a payment system. On top we see the payment
system and the account balance of a participant.
First, the central bank (colored green) offers four liquidity elements. From left
to right we see the deposit and marginal lending facilities, i.e. the standing
facilities. Whenever a bank holds a surplus of liquidity on its balance, there
is the possibility to place this at the deposit facility which will generate
overnight deposit rate interest. If, on the other hand, a bank is in need of
money, overnight lending is possible through the marginal lending facility.
The central bank will require that debt is covered by collateral. At the
bottom of the figure we see the amount of collateral that has been deposited
by the participant (colored amber) and can be used to cover the debt.
The third element is formed by the long-term monetary loans offered by the
central bank. Long-term loans also require collateral. When a monetary loan
has been granted, collateral will be transferred into the books of the central
bank and the loan amount will be transferred to the account of the
participant, therefore increasing the liquidity of the participant. These three
elements, together with the reserve requirement (top left) make up the
monetary policy of a central bank. The reserve requirement in itself is not a
direct influencing element. Each maintenance period the average account
balance is measured and compared to the minimum requirement set by the
central bank. As falling below the requirement will lead to a penalty rate, the
participant will have to take care of steering its end-of-day balance using any
of the possible elements.
The money market (colored purple) gives the fourth and fifth liquidity
element. Each day the liquidity manager of a participant will have to
anticipate the end-of-day account balance. Whenever a shortage is foreseen
the money market will be entered in order to obtain a short term loan. One
would expect that whenever banks highly trust other banks, the loan would

3
Fig. 0.1: Elements that influence the liquidity in the payment system.

be unsecured. After the deal is agreed, the participants’ counterparty will
transfer the loan amount and the account balance increases. The next day
the loan will be refunded including an amount of interest at the overnight
rate, leading to a decrease of the balance.
It is possible that the participant is not able to close a satisfactory deal in the
unsecured money market. In such a case it is necessary to turn to the sixth
liquidity element, the secured money market (repo market), therefore leading
to the requirement to deposit collateral from its own books. Again, collateral
is transferred out of the book of the participant, and at the same time,
liquidity is transferred to the account balance in the form of the loan. These
actions are reversed the day the loan expires.
The last two liquidity elements occur in the payment system. Incoming and
outgoing payments directly lead to an increase or decrease of the account
balance, respectively. The outgoing payments are controlled by the
participant, albeit up to a certain level; first, direct debits are automatically
settled, and second, outgoing payments often are necessary because of the
participants’ own obligations, or because of the obligations of its clients.
Whenever a participants’ amount of liquidity reaches its utmost bottom, no

4

more outgoing payments can be settled. The incoming payments are
generated by other participants and therefore cannot be influenced. As
participants monitor their payment flows, it would sooner or later become
apparent that a participant stopped paying, causing them to set a maximum
limit to the position vis-à-vis this participant.
This thesis contains four chapters, which will be introduced briefly. The first
three chapters focus on the techniques to retrieve or generate information
about liquidity risks, while the fourth chapter summarizes, concludes and
presents policy recommendations.
Chapter 1 - The Furfine algorithm
During the early years of automated processing the transaction data within
financial market infrastructures were stored as archives for operational or
legal purposes. Within the research community, early users soon discovered
the added value of these information sources6 . The challenges to perform
research using these large transaction archives were huge, as the storage and
processing capacity of computers were limited.
The economist Craig Furfine realized that it was most likely that money
market transactions were present within those transaction archives as
participants would use the central bank’s large value payment system to
settle these. He developed an algorithm7 that searches for large payments
with a round number from the one bank to the other and matches these to
reversed payments the following day that contain a slightly higher amount.
His algorithm proved to be Columbus’ egg as it not only delivered the money
market trades, but also provided the rate of trades as the reversed payments
contained the overnight interest amount.
The money market plays an important role for the stability of the financial
system. Financial institutions need to be able to steer their short term
liquidity situation and therefore need access to a well functioning money
market. Furthermore, the money market acts as an important transmission
channel of monetary policy (ECB, 2017).
When researchers apply Furfine’s algorithm they gain a view on the money
market that is system-wide, granular, timely and - maybe most important 6
7

Examples of early users are Humphrey (1987) and Boeschoten (1989), see chapter 4.1.
See Furfine (1999).
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self-acquired, as banks might be hesitant to disclose that access to money
markets is becoming problematic.
In this chapter we further develop and apply the algorithm to the European
market and validate the outcome by comparing it to transaction data within
other financial market infrastructures8 .
The rates the algorithm finds clearly reflect the different financial crises as
well as large heterogeneity between market participants and countries.
We aggregate the resulting data set into the group of countries at the core of
the euro area (Germany, France,The Netherlands, Belgium and Finland) on
the one side and countries of the euro area facing a sovereign debt crisis
(Greece, Ireland, Italy, Portugal and Spain) on the other side (periphery).
The spread (i.e. the difference of domestic borrowing rates between the
periphery and core countries) clearly reflects the different crises within the
euro area. Each start of a crisis is followed by an increase in the spread due
to an increasing lack of confidence between banks in the peripheral countries.
On the other hand the start of the 3-year long-term refinancing operations
are followed by a decrease of the spread resulting from reviving confidence
between banks.
During the most recent decade the unsecured money market decreased
dramatically due to the implementation of unprecedented expansionary
monetary measures as well as a shift towards secured lending. It is to be
expected that when monetary policy returns to the situation before the
crises, the indicative value of the unsecured money market volume and
trading rates will revive.
The application of the Furfine algorithm to identify money market payments
is a perfect example of the retrieval of valuable information that is present in
transaction archives. The information sheds light on the liquidity position of
banks, that can be of use to financial market experts, prudential supervisors
and resolution authorities.
Chapter 2 - Liquidity coverage failure
The Liquidity Coverage Ratio (LCR) requirement of the Basel III framework
is aimed at making banks more resilient against liquidity shocks and indicates
the extent to which a bank is able to meet its payment obligations over a
8

The outcome was compared to transactions from the European trading platform e-MID
as well as banks’ EONIA reporting.
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30-day stress period. The implementation is well monitored by the BIS (BIS,
2016) as well as the European Banking Authority (EBA, 2016). Bonner &
Eijffinger (2015) analyze the Dutch case by using data on a liquidity
requirement (’Dutch LCR’) which predates the LCR but is rather similar to
the LCR and compare this to an added data source on interbank market
trades. They find evidence that the implementation of the liquidity
requirement influences interest rates as well as maturity volumes within the
interbank market.
When a bank starts to encounter problems that effect the availability of
liquidity, it is expected that the first signs of an unfolding bank run become
visible in the large value payment system. Therefore we can conclude that,
though not all information on the underlying nature of payment flows is
present, this payment data available to central banks is well suited for
simulations of liquidity failure in the financial network.
Although the LCR statistic brings a wealth of information on the liquidity
position of individual banks, supervisors and other authorities would benefit
from the addition of the following dimensions.
First, the current reporting period concerns a calender month. What happens
in between these monthly snapshots remains hidden to the supervisors.
Banks are aware of reporting requirements and are - up to a certain level able to steer their balance sheets. Window dressing is used by institution
that want to appear more attractive near reporting periods and has been
studied by several researchers. Furfine (1999) finds a significant increase in
the price in the federal funds market at year-end that for a part is due to
window dressing. Heijmans et al. (2013) find that Dutch money market rates
contain a monthly calender effect, which indicates window dressing. Bucalossi
& Scalia (2016) find that the low frequency (end-of-quarter) of Basel III
Leverage Ratio reporting as mandated by EU rules facilitates window
dressing. They conclude that banks have adjusted quickly to the new
leverage framework, well in advance of the 2018 deadline, by improving their
Leverage Ratio at quarter end.
Second, the information lags one month, as the reporting deadline is
currently set at 30 days after the ending of the reporting month. The
liquidity position of banks can be easily and quickly disrupted, and bank runs
can arise within days. Timeliness of information is crucial for supervisors and
it would be ideal to have the information immediately after or even before

7

the end of the month.
Third, to prudential supervisors it is important to monitor the ability of
banks to meet LCR outflows in times of stress. To resolution authorities
however, the question remains what the consequences are in case of failing
liquidity coverage of one bank. Whenever a bank becomes illiquid and a bank
run awakens, it is crucial for financial stability to anticipate which other
banks are likely to become affected.
In this chapter we generate an LCR-like statistic on a daily basis and
simulate liquidity failure of each of the systemically important banks, using
historical payments data from TARGET2. The aim of the chapter is to
uncover paths of contagion. The trigger is a bank with a deteriorating LCR
and the knock-on effect is modelled as the impact on the LCR of other banks.
We generate then the cascade of contagion, which in general consists of
multiple paths, trying to answer the question to what extent the financial
network further deteriorates. In doing so we provide paths of contagion which
give a sense of potential systemic risk present in the network.
We find that the majority of damage is caused by a small group of large
banks. Furthermore we find groups of banks that are very vulnerable to
shocks, regardless of the size or location of the disruption. Our model reveals
that the shortfall of liquidity at the stressed bank is a more important driver
than the addition of liquidity at the other banks. A version of the contagion
network based on a 14-day period reveals a monthly pattern, which is in line
with other literature in which window dressing is addressed.
The data used in this chapter are available to supervisors, central banks and
resolution authorities, therefore making it possible to anticipate contagion of
failing liquidity coverage within their payment network on a daily basis.
Chapter 3 - Liquidity Stress Detection
Liquidity stress constitutes an ongoing threat to financial stability in the
banking sector. When a bank is faced with a disruption it might find itself
unable to meet its payment obligations. These liquidity issues, in turn, can
negatively impact the liquidity position of many other banks due to
contagion effects. For this reason, central banks carefully monitor the
payment activities of banks in financial market infrastructures and try to
detect early-warning signs of liquidity stress.
In this chapter, we investigate whether this monitoring task can be
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performed by supervised machine learning. There are two main challenges to
make this supervised method work in practice. First, stress events at banks
are quite rare and typically last for only a few days which makes it difficult to
learn the patterns of a stressed bank. Second, there is currently not much
data recorded about stress events at banks, and such data is difficult to
obtain given its confidentiality.
In this paper, we show how these challenges can be addressed. We construct
probabilistic classifiers that estimate the probability that a bank faces
liquidity stress. The classifiers are trained on a dataset consisting of various
payment features of European banks and which spans several known stress
events.
We conclude that liquidity stress at banks can be reasonably well detected by
supervised machine learning. Most of these signs remained undetectable
when studying simple plots of the features one-at-a-time. Although our
method needs some further improvements to be used in practice, we believe
that it is a promising new tool for central banks to monitor the financial
activities of banks.
Chapter 4 - Applications of liquidity risk discovery using financial market
infrastructures transaction archives
From its introduction six decades ago, the modern computer began to play a
vital role in the financial markets and the underlying infrastructures. Trading
systems, communication networks and storage facilities catalyze economic
activity. However, this increasing role was also accompanied by an increase in
risks. It is the task of central banks and other authorities to address these
risks and take the necessary mitigation measures.
In this chapter we want to present risk detection applications based on the
information present in financial market infrastructures. The aim is to give a
bird’s eye view of the origin of research that utilizes information present in
financial market infrastructures archives and how this information and the
application of new techniques can be of use to central banks and other
authorities in order to address the risks.
We conclude that not only payments and oversight divisions of a central bank
can benefit from the timely information mined from financial infrastructures
transaction archives, but also financial market participants, prudential
supervisors and resolution authorities. Generating, distributing and
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employing these new sources of information in the organization of central
banks can best be embedded by forming mandated multi-disciplinary teams.
As the amount of granular data, artificial intelligence and computer
processing capabilities will grow rapidly we believe that it is time for central
banks and other authorities to board this departing train.
The following table summarizes the outline of this thesis.
Chapter Topic

Focus

1

Discovery of money market Technical application
transactions

2

Liquidity coverage ratio
stress cascades

Technical application

3

Detection of liquidity
stress

Technical application

4

Overview of liquidity
risk discovery

Policy recommendations
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1. HOW TO MEASURE THE UNSECURED MONEY MARKET?2

This paper develops a methodology, based on Furfine (1999), to identify
unsecured interbank money market loans from transaction data of the most
important euro processing payment system, TARGET2, for maturity
ranging from one day (overnight) up to one year. The implementation has
been verified with (i) interbank money market transactions executed on the
Italian trading platform e-MID and (ii) individual reporting by the EONIA
panel banks. The Type 2 (false negative) error for the best performing
algorithm setup is equal to 0.92%. The different stages of the global financial
crisis and of the sovereign debt crises are clearly visible in the interbank
money market, characterised by significant drops in the turnover. We find
aggregated interest rates very close to the EONIA but we observe high
heterogeneity across countries and market participants.
Keywords:

Euro interbank money market, Furfine, TARGET2,
financial stability, EONIA

JEL Codes:

E42, E44, E58, G01

2

This chapter is based on How to measure the unsecured money market? The Eurosystem’s implementation and validation using TARGET2 data, by Luca Arciero, Ronald
Heijmans, Richard Heuver, Marco Massarenti, Cristina Picillo and Francesco Vacirca, International Journal of Central Banking, (Arciero et al., 2016), (Arciero et al., 2013).
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1.1 Introduction
An efficient interbank money market is essential for the stability of the
financial system and plays a critical role in the transmission of monetary
policy. After the failure of Lehman Brothers in the fall of 2008, banks became
increasingly reluctant to lend liquidity to each other, due to higher perceived
counterparty risk (Heider et al., 2009). To compensate for this increased
uncertainty, lenders demanded higher credit risk premia or high quality
collateral (ECB, 2010). At the same time, liquidity-short banks were
reluctant to ask for interbank deposits to avoid being perceived as illiquid,
due to the so-called stigma effect (Cappelletti et al., 2011). In many cases
banks stopped lending to their counterparties and preferred turning to the
European Central Bank’s (ECB) overnight deposit to store their liquidity
surplus. This resulted in a significant decrease of the turnover in the
unsecured interbank money market and a significant increase of the ECB’s
overnight deposit facility. Furthermore, interbank money market trading has
shifted from the unsecured to the secured market (Cappelletti et al., 2011;
ECB, 2012b), which allows the interposition of the central counterparty to
mitigate risks. Since the contagion of the sovereign debt crisis among
European periphery countries, the segmentation in the interbank money
market has increased significantly. Banks located in the so-called peryphery
countries (Greece, Ireland, Italy, Portugal and Spain) faced an increased
sovereign risk premiums while cross-border liquidity flows to these countries
declined (BIS, 2012).
In response to the crisis, the Eurosystem has introduced unconventional
monetary policy measures to ease the strain in several markets, such as the
interbank money market, which hampered the smooth transmission of the
monetary policy impulses. (ECB, 2010; van Riet, 2010).3 The effect of these
actions and especially of switching to fixed-rate full-allotment monetary
policy tenders has been that banks no longer need to rely on each other to
fund their liquidity needs. Liquidity-short banks can always obtain the
desired amount of liquidity from regular ECB monetary policy operations,
against collateral from a wide range of eligible assets. Liquidity-rich banks
3

Unconventional monetary policy measures included: fixed-rate full-allotment since October 2008; swap agreements with other Central Banks (e.g. FED, SNB); extension of the
collateral framework; extension of the duration of the refinancing operations (e.g. year tenders starting July 2009 and 3-year tenders starting December 2011); the introduction of the
Covered Bond Purchase Program (May 2009), the Securities Market Program (May 2010)
and of the Outright Monetary Transactions (September 2012).
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can always deposit their excess at the ECB’s overnight deposit facility
instead of lending it to a market counterparty, as long as they accept the
implicit opportunity cost.
To evaluate the efficiency of the transmission of the (unconventional)
monetary policy impulses, it is essential to have reliable and complete
information on the interbank money market. Normally, however, central
banks, including the ECB, have to rely on partial information. In the
Eurosystem this information contains the following sources: (i) reporting by
the major banks in the euro area on their overnight lending rates and
volumes (which make up the Euro OverNight Index Average, EONIA); (ii)
data on individual exchanges on the Italian electronic trading platform
e-MID; (iii) data on individual trades on the Spanish domestic market MID;
and (iv) data on domestic and cross-border lending and borrowing for Greek
banks.4 EONIA panel data only refer to the aggregated daily overnight
transactions of the major money market actors in the euro area. e-MID data
accounts for less than 20% of overall interbank transactions in the euro area
and is, especially since mid-2011, mainly representative of Italian banks.
Similarly, MID and Greek data mainly reflect the Spanish and Greek
interbank markets. The residual over-the-counter (OTC) money market
transactions are not directly available to the Eurosystem. However, the
majority of these transactions will be settled in the most important euro
large value payment system (LVPS), TARGET2.
The main research question of this paper is, therefore, how to identify euro
area unsecured interbank loans, with maturities ranging from one day up to
one year, using payment data from TARGET2. To find the loan refund
combination from LVPS data, we employ and expand the method of Furfine
(1999). He developed an algorithm to identify interbank loans for the US
money market, using Fedwire data. This algorithm assumes a round value
transferred from bank A to bank B at time t and the same value plus a
plausible interest rate amount from bank B to bank A at time t + 1. The
minimum value of a payment has been set to 1 million US dollars with
increments of 100,000 US dollars. The interest rate is considered plausible if
4

Besides the fact that each of the four sources only gives partial information on the money
market, there are also restrictions on the availability of the data for confidentiality reasons:
EONIA data are available only to the European Banking Federation (EBF) and to the
ECB for monetary policy purposes, e-MID data to Banca d’Italia in its financial markets’
supervisory function and correspondingly MID and Greek data to Banco de España and to
Bank of Greece respectively.
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it lies within 50 basis points above or below the federal funds rate. Demiralp
et al. (2004) extended the algorithm to capture smaller size loans and
excluded any transaction whose interest rate does not correspond to a market
quote for interest rates in units of 1/32 percentage points or in whole basis
points.
Subsequently, several authors have applied Furfine’s method to payment data
from several payment systems. Millard & Polenghi (2004) applied the
Furfine’s algorithm to the British LVPS (CHAPS) data, using a threshold
of 1 million pounds sterling. Hendry & Kamhi (2007), studying the Canadian
Large Value Transfer System (LVTS), follow the approach of Demiralp et al.
(2004) by only including interest rates in units of half a basis point as
eligible. Akram & Christophersen (2010) have implemented an algorithm for
the Norwegian market. They determined that some money market trades can
occur at rates below the overnight deposit rate, which is usually the lower
bound of the interest rates traded in the market, as at that rate banks can
turn to their central bank for depositing their excess liquidity as long as they
have access to the standing facility of the central bank. The authors argued
that foreign banks which do not have access to the overnight deposit facilities
of the Norges Bank may in fact lend their excess liquidity in Norwegian
krones at rates even below the deposit rate.
The aforementioned papers have in common that they focus solely on the
overnight money market. Kuo et al. (0103), Guggenheim et al. (2010) and
Heijmans et al. (2010) implemented an algorithm for maturities up to one
year for the US, Swiss and Dutch markets, respectively. The main difference
between the first two and the third paper is the way longer term loans are
matched. Kuo et al. (0103) and Guggenheim et al. (2010) start by identifying
the one-day loans. When a loan refund match has been found, the two
payments that have been matched are excluded from the search for the
following maturity. Conversely, Heijmans et al. (2010) do not exclude any
loan-refund candidates when looking at longer maturities. Thus, the same
payment may be matched to different refunds and vice versa. Multiple
matches may arise both within the same maturity and between different ones.
The alternative candidates stemming from these multiple matches are then
selected according to the most plausible match. This approach avoids the a
priori matching imposed by the order in which the algorithm processes the
payments.
Following a similar approach, we enhance the algorithm to reduce the
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uncertainty of the results. Moreover, with respect to other works, the results
have been validated against two external data sources: (i) individual EONIA
panel contributions and (ii) e-MID transaction-level data. To the authors’
best knowledge, this is the most comprehensive validation exercise yet carried
out with reference to a Furfine implementation. The validation enables us to
quantify the Type 2 (false negative) and Type 3 errors (mismatch). Further,
it shows that our algorithm’s performance is considerably reassuring,
particularly in the overnight segment. This result is in sharp contrast with
the recent paper by Armantier & Copeland (2012) assessing the quality of
the Furfine’s algorithm implemented at the Federal Reserve Bank of New
York against a dataset of bilateral transactions between two large US dealers.
They find very discouraging results, namely average Type 1 and Type 2
errors equal to 81% and 23% respectively, between 2007 and 2011. In
addition, they also argue that these errors may not subside if the algorithm’s
output is aggregated. This confirms the validity of our implementation and
underscores that a “plain-vanilla” version of the Furfine algorithm without a
deep knowledge of the underlying data and technical details of the system
may lead to misleading and potentially spurious results. This study also aims
at providing the Eurosystem with a database of euro area money market
transactions to serve monetary policy, financial stability and research
purposes.
The outline of this paper is straightforward. Section 1.2 presents the data
used in our analysis. Section 1.3 describes the algorithm, whereas its
validation against e-MID and EONIA panel data is provided in Section 1.4.
That section also describes the level of uncertainty of the algorithm and
presents the most suitable corridor for the euro money market. Section 1.5
provides some descriptive analysis of the euro area interbank money market.
Finally, Section 1.6 concludes and makes some policy recommendations.

1.2 Data
The data sources we use for this paper comprise (i) payments settled in
TARGET2, the main euro area LVPS; (ii) individual interbank loans
settled in the Italian electronic money market trading platform e-MID; (iii)
individual reporting by the banks participating in the EONIA panel.
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1.2.1 TARGET2
TARGET2, Trans European Real-time Gross settlement Express Transfer,
is the Eurosystem real time gross settlement system (RTGS) for large value
payments in euro in central bank money. Currently, all euro area countries
and six non-euro area countries are connected to TARGET2.5 The system
processes the transactions of roughly 4,500 credit and other financial
institutions which meet the access criteria, directly or indirectly. As
TARGET2 is an RTGS, each transaction is settled immediately (real time),
individually (gross) and irrevocably. Besides transactions between (in)direct
participants and transactions related to monetary policy implementation, it
is also used for settlement of many other ancillary systems (Kokkola, 2010).
For the purpose of this paper, two important systems which settle in
TARGET2 are the Italian e-MID and the Spanish MID, i.e. the only
trading platforms for unsecured money market transactions operating in the
euro area (see Section 1.2.2).
Every transaction in TARGET2 involves two participants (mainly banks)
and/or one (domestic) or two (cross-border) national central banks (NCBs).
The participants’ list comprises mainly euro area credit institutions and
several large non-euro area banks (notably UK and US). Each account of
every participant is assigned to one of the NCBs. Although banks are free to
choose a reference central bank in the Eurosystem, most banks choose the
central bank of the country where their headquarters are located and opt for
two or more reference central banks only as specific business needs arise. For
non-euro area participants, the location of branches and/or subsidiaries has
determined the choice of reference central bank. This is relevant and should
be kept in mind when studying domestic and cross-border developments in
the euro interbank money market.
Money market transactions may be settled also through EURO1, the second
LVPS system in euro, which is a privately owned payment system for
domestic and cross-border payments in commercial bank money. The system
numbers 65 participating (mainly large) euro area banks. Although banks
participating in this system have the option to settle interbank money market
loans in EURO1, the majority of money market transactions are assumed to
be settled in TARGET2: in the latter, the daily turnover is close to 3,000
5

The six non euro area countries are Bulgaria, Denmark, Latvia, Lithuania, Poland and
Romania (status at the end of October 2012).
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billion euros whereas in EURO1 it is below 250 billion euros.6
1.2.2 e-MID
e-MID, electronic Mercato Interbancario dei Depositi, is a privately owned
electronic money market system for interbank loans, created in 1990 from a
joint initiative of the Italian banking community and the Banca d’Italia.
Money market trades that are executed on this platform do not differ
significantly from OTC transactions, as e-MID offers three different trading
opportunities: (i) the Multilateral Trading facility, where orders entered by
participants are visible to the entire market and are binding vis-à-vis other
participants; (ii) the Request for Quote facility, where banks have the
opportunity to trade with a restricted group of counterparties; (iii) the Direct
Order dealing option, where banks agree bilaterally on money market trades.
These last two trading options closely resemble the features of OTC
transactions.
Since the launch of the euro and until the start of the financial crisis, e-MID
experienced continuous growth in trading and increasing participation by
non-Italian banks. At the beginning of 2007, more than 60% of participants
were non-Italian institutions from 19 countries. In that year, e-MID
represented 20% of the overall interbank transactions in Europe (ECB,
2012b). As of August 2007, and especially in the aftermath of Lehmann’s
collapse, the daily average traded volumes declined, most likely as a result of
higher perceived counterparty risk and a potential stigma effect for banks
having to disclose their liquidity needs on a transparent electronic platform
like e-MID (Cappelletti et al., 2011). Cross-border flows decreased
significantly too, as of 2008. Nevertheless, according to Monticini &
Ravazzolo (2011), e-MID was still representative for the whole euro area
money market in 2008, as loans involving at least one non-Italian
counterparty accounted for 42% of the total turnover and foreign participants
represented 42% of the total number of active traders (179). Although the
share of non-Italian trading fell to 20% in 2009 and to 10% in 2010, e-MID
prevailing market conditions remained anchored to the euro area money
market as witnessed by the low spread between the overnight interest rate
traded in the e-MID and the EONIA. Thus, e-MID can be regarded as a
benchmark of the euro area money market and a suitable support in
6

https://www.ebaclearing.eu/Statistics-on-EURO1%2fSTEP1-N=E1 StatisticsL=EN.aspx.
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validating Furfine’s algorithm, especially at the beginning of the analysed
period and for the overnight maturity.7
Unlike one-day transactions, longer term maturities traded on e-MID have
been quite rare since the outbreak of the crisis. Therefore, the extension to
the entire data set of validation results for these maturities is less
straightforward. The e-MID market shifted towards shorter term maturities
in the aftermath of the sub-prime crisis. From June 2008, one-day
transactions (overnight, tomorrow-next, spot-next)8 accounted for more than
90% of total transactions. Until mid-2009 loans with maturity up to 3
months (excluding one-day transactions) represented 5% of the overall
turnover. Although infrequent, e-MID longer trades are the only readily
available source of individual money market transactions which can be used
to assess the goodness of fit of the Furfine-like algorithm in the euro area at
longer maturities.
1.2.3 EONIA panel
The EONIA is an effective overnight interest rate computed as the weighted
average of all overnight unsecured loans reported by the contributing euro
area panel banks.9 Soon after the closing of the day trade phase in
TARGET2, each panel bank sends to the ECB the sum of all lending
transactions carried out during the business day and the corresponding
weighted average rate. There is a number of lending transactions that panel
banks have to exclude from their report: loans to counterparties belonging to
the same banking group (intra-group), money market transactions settled on
behalf of customers as well as tomorrow-next and spot-next transactions, the
last ones not being agreed on the reporting business day.
The data set comprises the daily individual volume and the corresponding
weighted average rate for all the reporting banks during the period in
analysis. The EONIA panel includes banks in EU countries participating in
7

Only since the contagion of the sovereign debt crisis in Italy (August 2011) the market has become mainly Italian and the spread between the EONIA and e-MID widened,
reflecting an increased national segmentation of the euro area money market. Thus, the information content of e-MID loans as a benchmark for the overnight euro area money market
has, since then, deteriorated (Cappelletti et al., 2011).
8
In an overnight loan, the dates of agreement and settlement coincide whereas in a
tomorrow-next or spot-next transaction, the agreement date is respectively one day or two
days before the settlement date.
9
In October 2012 the panel of banks contributing to EONIA consists of 43 banks. The list
of current panel banks can be found at http://www.euribor-ebf.eu/euribor-eonia-org/panelbanks.html.
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the euro from the beginning, banks in EU countries not participating in the
euro from the beginning and large international banks in non-EU countries
but with important euro area operations. All banks contributing to EONIA
hold an RTGS account in TARGET2.

1.3 The algorithm setup
Our implementation of the unsecured interbank loans identification algorithm
in the euro area using TARGET2 payments data is characterised by the
following elements: (i) the input data, (ii) the loan value and increment, (iii)
the areas of interest rate plausibility, (iv) a further criterion for plausible
interest rates, (v) the procedure to deal with multiple matches and finally
(vi) the identification of the maximum reliable duration. This section
concludes by summarising the algorithm implementation.
1.3.1 TARGET2 data
As we are interested in identifying unsecured loans settled in TARGET2
between commercial banks in the euro area, our input dataset is composed
solely of bank-to-bank (interbank) transactions.10 Starting from the total
TARGET2 database, interbank transactions are identified excluding
payments from or to accounts belonging to central banks and national
treasury accounts. In addition, we exclude transactions from and to accounts
belonging to the same legal entity. Some banks (or a group of banks) have
more than one account in TARGET2 (within one central bank for
administrative reasons and/or across several central banks within the euro
area): we deem it admissible to consider them together because usually these
accounts are controlled by the credit institution’s head office. As we want to
assess the overall money market transactions in the euro area, executed both
over-the-counter and electronically, we also include ancillary system
transactions stemming from the electronic money market platforms e-MID
(Italy) and MID (Spain). Transactions from all other ancillary systems in
the euro area are discarded. Finally, we need to point out that, due to data
unavailability, the matches are based on the TARGET2 settlement banks
and not on the originator and final beneficiary of the transactions. This may
10

The algorithm can be used to analyse customer payments as well: these are excluded
from our input dataset as the focus of the present work is on the interbank money market,
not the lending and borrowing activity involving customers.
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introduce substantial noise into analyses at bank level. The TARGET2 data
we use in this paper ranges from June 1st 2008 until October 31th 2012.
1.3.2 Loan and increment values
In the seminal version of the algorithm, Furfine (1999) adopts 1 million US
dollars as the minimum loan value and a fixed increment of 100,000 US
dollars for the US federal funds market. Demiralp et al. (2004) also describe
the US market using 50,000 US dollars as the lower bound and as increment.
Heijmans et al. (2010), investigating the Dutch part of the euro area market,
used 100,000 euros as minimum loan and increment value. Guggenheim et al.
(2010) for the Swiss market use a minimum loan value of 500,000 Swiss
francs and increment value of 100,000 Swiss francs. All the papers available
in the literature adopted minimum loan values ranging between 50,000 and 1
million of the local currency unit, with increment values of between 50,000
and 100,000 units. Nevertheless, none of the existing papers provide hard
evidence to support their choices.
To choose the optimal setup for the euro area a two-phased approach was
adopted. First, a survey was conducted among the euro area central banks to
assess national practices in the euro-denominated money market.11 The
survey revealed (i) that the minimum loan value is 1 million euros with
increments ranging from 10,000 euros to several million euros, depending on
the loan size, (ii) that payment splitting (which would make it almost
impossible to identify individual money market transactions) almost never
occurs and (iii) that roll-overs (automatic renewal of loans) are frequent in
certain euro area countries.12 In addition, the e-MID database confirms that
1 million euros is a good choice as minimum loan value, although the
platform does allow smaller trades under specific conditions.13
The analysis of the number of unique matches14 obtained by imposing a
minimum increment threshold of 10,000 euros shows that setting the
increments depending on the loan amounts is the optimal strategy: too low
11

The survey was jointly conducted by the Working Group Oversight (WGO) and the
Working Group TARGET2 (WGT2) of the Eurosystem.
12
This applies in France, Portugal and Spain.
13
In e-MID, banks are required to quote proposals at least equal to 1.5 million euros.
Nevertheless, if after being hit by an order that partially covers the proposed quantity, the
residual quantity is lower than the minimum amount, the proponent can still negotiate such
a residual amount. In fact, e-MID trades below 1 million euros represent only 0.1% of all
e-MID transactions, by volume.
14
A unique match occurs when the algorithm searches for a matching transaction and only
finds one possible match.
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Fig. 1.1: Observed smallest increments to the next higher loan amount.

increments could lead to an increase of false positives, whereas too high
thresholds would not capture effective money market transactions (false
negatives, see Section 1.4.1). Figure 1.1 depicts the scatter plot of the
increment with respect to the loan amount for all unique matches captured
by the algorithm that uses the 10,000 euros increment rule. The size of the
circles is weighted with the number of identified transactions for a given loan
amount and a given increment. The black line, representing the increment
threshold below which no unique matches were found, led us to adopt a step
function for the minimum increment amount, as follows:
• 10,000 euros for transactions below 1 billion euros.
• 1 million euros for transactions between 1 billion and 2 billion euros.
• 10 million euros for transactions between 2 billion and 10 billion euros.
• 100 million euros for transactions between 10 billion and 15 billion euros.
• 1,000 million euros for transactions greater than 15 billion euros.
1.3.3 Areas of plausibility
Matching two transactions as being an interbank loan and its refund requires
assumptions regarding plausible interest rates. Furfine (1999) uses a corridor
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ranging from 50 basis points below the minimum of the three published rates
- the 11:00 a.m. rate, the closing rate and the value-weighted funds rate brokered federal funds rate and the Federal Reserves target rate to 50 basis
points above the maximum of the closing rate these four rates. Demiralp
et al. (2004) use a corridor of 100 basis points in order to capture loans that
potentially differ more noticeably from brokered fed funds trades. They use a
minimum interest rate of 1/32. Heijmans et al. (2010) use a corridor of 50
basis points centered on the EONIA or EURIBOR rate (depending on the
maturity) for most of the investigated period. After the failure of Lehman
Brothers, they increase the lower bound to 100 basis points, because some
banks were able to attract liquidity at unusually low interest rates.
Guggenheim et al. (2010) set the corridor to 15 basis points around the
respective LIBOR rate for most of the days. On days of high volatility, they
use a band width that is a function of the intraday volatility.

To find the optimal area of plausibility for the euro area, we investigate five
different corridors. The first plausibility area (ECB0) is equal to the ECB
corridor of marginal lending and overnight deposit rates. However, evidence
from the literature and from the e-MID data show that rates both below the
deposit rate and above the marginal lending rate do occur.15 Therefore, a
second plausibility area widens the ECB corridor by 25 basis points below
and above (ECB25). However, the ECB corridor represents a benchmark for
overnight money market transactions but not for longer term ones. Better
reference rates for longer term money market transactions might therefore be
derived from the EURIBOR yield curve. Therefore, we also investigate
corridors around EONIA for overnight transactions and around EURIBOR
for maturities starting from 1 week. Unlike the ECB key policy rate, which is
the centre of the first type of plausibility areas, the EURIBOR is not an
actual rate but only a quoted one, which means that effective longer-term
maturities may depart significantly from the relative fixing. Like Furfine
(1999), we choose to set a corridor around this reference rate of 25
(EONIA25), 50 (EONIA50) and 100 basis points (EONIA100).

15

Banks may borrow at rates higher than the ECB marginal lending rate if, e.g., they
lack collateral to guarantee their overdraft; banks may also borrow and lend at rates outside
the ECB corridor if they do not have access to the Eurosystem standing facilities.
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1.3.4 Plausible interest rates
The corridor approach excludes implausibly high or low interest rates but
may still match payments that yield implausibly complicated interest rates.
Anecdotal evidence collected from market operators as well as the e-MID
minimum rate tick rule suggests that banks do not agree on interest rates
that are not rounded to a particular number of decimals.
Demiralp et al. (2004) were the first to employ such an additional criterion on
the interest rate: they filtered out any repayments that did not imply an
interest rate in units of 1/32 percentage points or in whole basis points.
Similarly, we only include matched transactions with implied interest rates of
multiples of half a basis point, i.e. the third decimal must be either 0 or 5. In
other words, a returning payment that leads to a 4.345% rate is included in
the output dataset, whereas one resulting in a 4.343% rate is not considered a
plausible match and therefore discarded. Treasurers at several commercial
banks have confirmed this hypothesis.16
1.3.5 Multiple matches
The algorithm described so far matches all transactions that represent
possible loan advances with all payments that qualify as potential
repayments. As a consequence, a single transaction can be matched with
several other payments (multiple matches or collisions). Two different types
of multiple matches can occur: (i) intra-day and (ii) inter-day multiple
matches. The first case occurs when one or more potential reimbursements
match with one or more transactions on the same day. In this case the wrong
choice of match may lead to an error in the estimated rate if the amounts of
the reimbursements differ. The second case occurs when one or more
reimbursements on different days match with one or more setup transactions;
in this case the error affects both the maturity and the rate. Obviously, the
two can also occur simultaneously.
In case of an intra-day maturity collision, the choice of match is made
randomly since the first implied interest rate is assessed to be as plausible as
the second one. In case of inter-day maturity collision, we choose the most
plausible duration according to the observed frequency of the maturities of
16

In this paper we have only implemented the 360-day year convention for rate calculation.
However, we have found evidence that some trades (in some parts of the Eurosystem), follow
the 365-day year convention. This is probably due to the British banks holding TARGET2
accounts: the United Kingdom follows the 365-day convention.
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Fig. 1.2: Observed frequency of maturity of all unique matches.

uniquely matched17 TARGET2 loans (see Figure 1.2). The chart shows that
where an identified loan advance matches with two opposite transactions, one
six and the other seven days later, our rule will consider it as a seven day
maturity loan. In most cases, maturities counted in whole weeks and months
occur with higher frequency than all other adjacent maturities.

1.3.6 Maximum reliable duration
The longer the loan maturity, the larger the area of plausibility is in an
absolute sense. Where the corridor is wider, it is more likely that a matched
loan-refund combination is in fact a pair of two unrelated transactions. In
other words, the amount of noise (falsely identified loans) will increase with
maturity. Figure 1.3 shows for 16 different maturities the distribution of all
unique loans found by our algorithm. As the stochastic error becomes larger,
the algorithm become less reliable. The validation exercise of Section 1.4.2
confirms this. Therefore, we assume that our algorithm is most reliable for
17

A unique match occurs of the algorithm searches for a matching transaction and only
finds one possible match.
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Fig. 1.3: Type 1 error: Frequency of spreads versus the reference rate at increasing
maturity. The red line represents the fitted normal distribution using the
mean and standard deviation of the sample.

identified TARGET2 loans up to three months18 .
1.3.7 Summary of the algorithm
The elements of the algorithm are the following:
1. Input:
(a) Interbank payments (MT202) and selected ancillary systems
transactions (e-MID and MID)
(b) Only transactions between different BICs (no liquidity transfers).
2. Loan and increment:
(a) The minimum loan value is 1 million euros.
18

One has to take into consideration that short term maturities are most frequent as the
share of trades up to 10 days accounts for 97% (see table 1.2).

26

1. How to measure the unsecured money market?

(b) The loan increment follows the following criteria:
i. 10,000 euros for transactions below 1 billion euros;
ii. 1 million euros for transactions between 1 billion and 2 billion
euros;
iii. 10 million euros for transactions between 2 billion and 10
billion euros;
iv. 100 million euros for transactions between 10 billion and 15
billion euros;
v. 1,000 million euros for transactions greater than 15 billion
euros.
3. Plausible corridors are centered either on EONIA/EURIBOR rates or
on ECB standing facilities corridor rates. In the first case, EONIA is
used for loans up to 4 days and the corresponding closest EURIBOR is
used for loans of 5 days or longer.
4. Interest rates must be multiples of half a basis point, i.e. the third
decimal digit is either 0 or 5.
5. Multiple matches:
(a) In case of multiple inter-day matches, the most plausible duration is
chosen on the basis of the maturity frequencies for unique matches;
(b) In case of multiple intraday matches, the algorithm chooses
randomly.
6. Post-processing of transactions to distinguish between intra-group and
extra-group loans based on the SWIFT BIC directory information. For
this purpose the field Parent BIC code is considered to consolidate the
group of accounts.

1.4 Validation
To evaluate the robustness of the algorithm and to choose the best
performing corridor, the identified TARGET2 loans were validated against
external sources of money market transactions which represent a subset of
the total market. For this purpose, e-MID transaction-level data and
aggregated EONIA data were used. This section describes the validation of
the algorithm outcome. Section 1.4.1 explains the three different types of
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uncertainties inherent in the algorithm. Sections 1.4.2 and 1.4.3 present the
validation of the algorithm with e-MID and EONIA data, respectively.
1.4.1 Uncertainties in the algorithm
The algorithm as described above is not free of errors as it identifies money
market transactions simply by matching two payments given certain
boundary conditions. The algorithm does not “know” whether the coupled
payments really represent a money market loan, nor if the two payments refer
to the same money market exchange or stem from two different money
market transactions. In the estimated database three different types of errors
may occur:
1. Type 1 error, or false positive, occurs when the algorithm identifies a
money market transaction which in fact is not composed of a loan and a
repayment, but of two unrelated to money market transactions. This
error can typically occur if the corridor is too wide, because the larger
the corridor, the higher the probability that two random transactions
match as a loan-refund combination. This happens especially when
matching longer maturities because there the plausibility area is wider
in absolute terms. It is also possible that the algorithm matches some
secured transactions (repos). However, the majority of repos is traded
in electronic platforms and settled via central clearing counterparties
(CCPs) and/or central securities depositories. As we excluded all
transactions originated by CCPs and CSDs, only over the counter
traded and manually settled in TARGET2 repos may be captured by
our algorithm. Finally, the algorithm may capture money market trades
made on behalf of other banks. Such loans made via correspondent
banking relationships may be considered a Type 1 error only when the
focus is on individual counterparties, as at the aggregate level they are
pure interbank transactions. Loans made on behalf of customers, such
as corporations or other financial institutions excluding banks are not
captures by our algorithm, as we excluded all customer payments
(MT103).
2. Type 2 error, or false negative, occurs when the algorithm fails to
identify a money market transaction. This can happen for the following
reasons: (i) the transaction is not present in the TARGET2 initial
dataset, for example because the money market exchange is not settled
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in TARGET2, but in EURO1 or on commercial bank accounts; (ii)
the algorithm is not able to find the transaction, because the loan does
not satisfy the conditions embedded in the parameters of the algorithm.
This is particularly likely to happen, (a) if the interest rate of the
exchange lies outside the corridor (if the algorithm looks for loans with
an interest rate between 1% and 2%, it will fail to pick up money
market exchanges executed at 2.1% or 0.95%), (b) if the amount of the
loan transaction does not respect the increment rule or (c) if the implied
rate is not a multiple of half a basis point.
3. Type 3 error relates to the so called “wrong match” or multiple match.
Two types of these matches can be distinguished. First, a loan can be
matched with several repayments executed on the same day, i.e. a loan
transaction at t = D may match with more than one plausible refund
payments on t = D + x. Since only one of these has to be randomly
selected, the algorithm may choose a wrong one thus impairing the
statistics on the executed rates. The second kind of multiple match
occurs if the algorithm couples a loan with several repayments executed
on different days: this happens when a loan at t = D has a plausible
refund at t = D + x but also at t = D + y. As the algorithm will select
one, according to the unique matches duration probabilities described in
Section 1.3.5, it may select the wrong match, discarding the correct one.
The wrong matches are directly connected to false positive errors and
can be considered as a subset of false positive errors, i.e., each wrong
match is connected to a false negative transaction but not vice versa.
The increase of wrong matches may stem from the fact that in a wider
corridor the algorithm is more likely to find multiple matches, including the
correct one. If the corridor is too narrow, the algorithm finds a smaller
number of multiple matches, possibly missing the correct one: here the false
negative error rate may be higher. On the other hand the wider the corridor,
the more likely the dataset will be to include false positives, which however
will be difficult to estimate or even to approximate. The choice of corridor
width is therefore a compromise between the false negative and estimated
false positive error rates.19 The trade-off between false negatives and
19

Needless to say that increasing the maturity spectrum over which the algorithm is run
will increase, ceteris paribus, the false positive error rate. This is because each bilateral
transaction is matched with a greater number of potential reimbursements, thus increasing
the likelihood of spurious matches.
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positives is amplified for longer maturities for which the overlap between
corridors of subsequent maturities increases as the maturity increases and,
accordingly, the probability of “collision” (see Section 1.3.5). Similarly the
decrease of the rate leads to an increase in overlap between corridors,
therefore increasing the likelihood of multiple matches (i.e. Type 3 errors).
1.4.2 Comparison with e-MID
The validation of the identified TARGET2 loans with e-MID data employed
two different strategies, given the two different settlement procedures in
e-MID, (i) automatic settlement and (ii) manual settlement. The first
strategy is applied to automatically settled trades. This typically occurs
when both counterparties have joined the automated facility that allows the
electronic platform e-MID to send the deal directly to TARGET2. The
transactions submitted automatically by e-MID to TARGET2 are identified
in the TARGET2 database with a code which allows matching uniquely the
originating transaction and the reimbursement of a single e-MID deal.
However, not all e-MID participants have joined the automated facility and
when at least one counterparty of a money market contract has not, the deal
must be sent to TARGET2 directly by the participants (manual
settlement). Those e-MID transactions do not allow straightforward
matching of the loan and the connected repayment. In this case the
validation process has therefore to revert to e-MID nominative individual
transactions collected by Banca d’Italia for supervisory purposes.
Validation of e-MID trades settled exclusively with automatic settlement
facility
The automatic settlement facility is adopted by all Italian banks, whereas
most non-Italian banks do not use this feature, therefore the validation with
automatically settled e-MID transactions concentrates on loans between
Italian banks. We compare the e-MID labelled loans in the TARGET2 data
(settlement date, settlement banks, maturity, amount and rate) to money
market transactions identified by our Furfine procedure. The validation
shows three different matching possibilities:20
20

A false positive is not a match possibility in the strict sense: the e-MID dataset does
not comprise the whole universe of unsecured money market trades where at least one
counterparty is Italian. That is, our algorithm may identify legitimate unsecured loans
traded bilaterally and for this reason not recorded in the e-MID dataset. Thus, it is not
possible to quantify the incidence of false positives from the validation with e-MID data.
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1. Perfect match: a loan with identical settlement date, settlement banks,
maturity, amount and rate in TARGET2 and e-MID data.21
2. False negative: a loan in the e-MID data set not found in the Furfine
data set, which can either be:
(a) A false negative because the interest rate of the transaction lies
outside of the assumed corridor.
(b) A false negative for other reasons.
3. Wrong match: e-MID transactions identified by the algorithm but with
different rate and/or duration.
Table 1.1 presents the results for the different corridors on maturities
between 1 and 370 calendar days carried out on all automatically-settled
e-MID transactions from June 2008 up to and including June 2012 with a
size exceeding one million euros.22 For each corridor, false negative and
wrong match rates (type 2 and 3 errors) with respect to the total number of
e-MID automatic transactions are shown. The outcome shows that the
algorithms searching over the corridors ECB25 (overall error rate 0.92%) and
EONIA100 (overall error rate 1.96%) yield better results compared with the
implementations based on other corridors. In terms of traded amounts (not
reported in Table 1.1), the false negative rate is always below 0.015% for all
five corridors. Nevertheless, as the corridor width for ECB25 and EONIA 100
is quite large in both cases, the majority of unidentified transactions is due to
the fact that the rate is outside the plausible corridor. Increasing the corridor
width improves the type 3 error rate (wrong match) which is a special kind of
false negative error.
Figure 1.4 shows the time series of the false negative rates for different
maturities. The evolution of the false negative error over time shows that
both the ECB25 and EONIA100 corridors work remarkably well between
2008 and 2010 and in 2012 (error rate below 0.6%). However, during 2011 the
error rate increases significantly (7.8% for EONIA100 and 2.75% for ECB25).
This is due to the high rates agreed by the Italian banks sometimes exceeding
our corridors towards the end of the year, during the Italian sovereign debt
crisis until the ECB’s first three-year long-term refinancing operation.
21

The perfect match may include some correspondent banking.
The extension of the maturity to 370 calendar days aims at capturing one-year money
market exchanges whose effective duration is longer than 365 days because of intervening
weekend days and holidays that shift the repayment date.
22
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Tab. 1.1: First validation method (e-MID transactions with amount > 1 million euro)

ECB0
ECB25
EONIA25
EONIA50
EONIA100

Total
automatically
settled
e-MID
trades
(A)

Matched
transactions

Validation
rate

False
negatives
rate
(other
reasons)

Total
false
negative
rate

(C=B/A)

False
negatives
rate
(interest
rate out
of range)
(D)

(E)

(F=D+E)

Component
of total
false
negatives:
Wrong
matched
(G=γ F)

(B)

222, 568
222, 568
222, 568
222, 568
222, 568

211, 613
220, 513
194, 464
212, 436
218, 201

95.1%
99.1%
87.4%
95.4%
98%

2.76%
0.68%
12.53%
4.46%
1.81%

2.16%
0.25%
0.10%
0.10%
0.15%

4.92%
0.92%
12.63%
4.55%
1.96%

0.47%
0.26%
1.08%
1.08%
0.73%

Note: Error rates are in terms of number of transactions.
γ is the fraction of matches that is a multiple match.
Fig. 1.4: Results of the e-MID validation for automatically settled loans.

Validation of automatically and manually settled e-MID trades based on
e-MID archive data
Apart from e-MID loans, which are settled automatically, there are two other
options: (i) loans between two counterparties that are not settled in
TARGET2 because they are settled through the same settlement bank
(on-us transactions) and (ii) loans which are settled in TARGET2 but
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involve at least one e-MID participant that has not joined the automated
settlement. Comparing the Furfine-identified transactions with the e-MID
archive data conveys important insights on both these two categories which
cannot be inferred from e-MID automatically settled loans in the
TARGET2 database. The second validation method is carried out
separately for loans between Italian banks and for loans involving at least one
foreign counterparty.
On the one hand, on the automatic settlement platform, used directly or
through a settlement agent by virtually all Italian banks, the error rates of
the validation exercise should be interpreted as a mix of:
1. the algorithm’s inability to identify the real trades from the settlement
data;
2. difficulties in matching the identified TARGET2 loan with the correct
e-MID trade because it has been indirectly settled (through
correspondent banking relationship) as in the e-MID archives the
settlement banks are not recorded (Type 2);
3. missing identification due to the fact that two banks trading in e-MID
settle their obligations through the same TARGET2 direct participant
(on-us transactions) (Type 3).
In comparison to the previous validation method, the last two sources of
uncertainty yield a slightly lower validation rate for Italian participants. This
is not due to the algorithm, which is invariant under both methods. The
uncertainties could be removed if we had detailed information about the
original sender and beneficiary across the TARGET2 data.
On the other hand, when it comes to deals involving non-Italian participants,
there is an additional error factor related to the different market practices the
trading banks may choose to adopt. In fact, while market players cannot
affect the settlement of their automatically settled e-MID trades,
TARGET2 loans involving at least one non-Italian bank do not necessarily
match exactly the traded quantity. Banks may, for example, not settle their
money market transactions on a gross basis exchanging a unique loan amount
and a unique repayment (“1-to-1 basis”), as inferred from anecdotal evidence,
but may split their obligations into several chunks, e.g. by repaying the
principal and the interest separately. Furthermore, market operators may
offset some intermediate payments against each other in case of a roll-over, a
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market practice that from the outcome of the money market survey seems to
be infrequently used.
As the first validation method already outlined the superiority of the ECB25
and EONIA100 corridors, the second validation methodology focuses directly
on them: the results are shown in Table 1.2. A first by-product of the second
validation approach is a measure of the incidence of “on-us” transactions on
total unsecured money market trading, which yields reassuring results.
According to the e-MID data, only a small percentage, around 3%, of trades
carried out between domestic counterparties are not settled in central bank
money and thus escape detection because they are not included in the
payment data. More specifically, the incidence of internalised transactions on
total money market trades executed between Italian counterparties seems
relatively low, across all maturities, with higher maturities exhibiting higher
ratios.23 The incidence of the “on-us” transactions appears 10 times smaller
in the case of cross-border money market deals, around 0.3%, again with
higher maturities exhibiting higher ratios. Always bearing in mind the
caveats due to lower representativeness of the sample of the e-MID
cross-border transactions compared to the OTC transactions executed in the
euro area, this result is not surprising as we expect that small and medium
banks are less likely to establish correspondent relationships across national
borders.

23

It is worth mentioning that the “on-us” rates could be improved if future analysis aimed
at detecting who settles for whom in TARGET2, especially for foreign participants. This
analysis could also shed light on the settlement practices followed by the market and help
improving the accuracy of the algorithm.

foreign

domestic

EONIA 100

foreign

domestic

ECB 25

226, 439
166, 552
52, 735
5, 185
1, 621
346
11, 516
8, 898
2, 427
163
21
7

all maturities
1 day
2-10 days
11-33 days
34-94 days
94-370 days

11, 516
8, 898
2, 427
163
21
7

all maturities
1 day
2-10 days
11-33 days
34-94 days
94-370 days

all maturities
1 day
2-10 days
11-33 days
34-94 days
94-370 days

226, 439
166, 552
52, 735
5, 185
1, 621
346

Total

all maturities
1 day
2-10 days
11-33 days
34-94 days
94-370 days

Maturity

11, 515
8, 897
2, 427
163
21
7

226, 162
166, 325
52, 692
5, 179
1, 620
346

11, 515
8, 897
2, 427
163
21
7

226, 162
166, 325
52, 692
5, 179
1, 620
346

Total
e-MID
trades
with
amount
> 1milion
euros (A)

38
16
11
2
9
0

7, 158
4, 736
2, 014
305
79
24

38
16
11
2
9
0

7, 158
4, 736
2, 014
305
79
24

on-us
(B)

11, 477
8, 881
2, 416
161
12
7

219, 004
161, 589
50, 678
4, 874
1, 541
322

11, 477
8, 881
2, 416
161
12
7

219, 004
161, 589
50, 678
4, 874
1, 541
322

Total
e-MID
trades
without
on-us
transactions
(C=A-B=D+E+F)

10, 547
8, 191
2, 209
133
8
6

210, 928
156, 253
48, 756
4, 323
1, 306
290

10, 490
8, 169
2, 177
131
8
5

213, 011
158, 193
49, 216
4, 239
1, 134
229

Matched
(D)

16
15
0
1
0
0

4, 057
2, 708
894
290
146
19

4
1
0
2
0
1

1, 522
602
287
267
292
74

False
negatives
because
interest
rate is out
of range
(E)

930
690
207
28
4
1

4, 019
2, 628
1, 028
261
89
13

987
712
239
30
4
2

4, 471
2, 794
1, 175
368
115
19

False
negatives
for
other
reasons
(F)

91.9%
92.2%
91.4%
82.6%
66.7%
85.7%

96.3%
96.7%
96.2%
88.7%
84.8%
90.1%

91.4%
92%
90.1%
81.4%
66.7%
71.4%

97.3%
97.9%
97.1%
87%
73.6%
71.1%

Validation
rate
(D/C)

Tab. 1.2: Second validation methodology. Error rates are in terms of number of transactions.

8.2%
7.9%
8.6%
18%
33.3%
14.3%

3.7%
3.3%
3.8%
11.3%
15.2%
9.9%

8.6%
8%
9.9%
19.9%
33.3%
42.9%

2.7%
2.1%
2.9%
13%
26.4%
28.9%

False
negatives
error
rate
(E+F)/C
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The comparison between our estimated Furfine dataset and the e-MID native
archives enables us to quantify the ratio of unmatched transactions to the
total e-MID loans (type 2 error rate) that, as expected, is lower for loans
carried out between Italian counterparties than for loans involving at least
one non-Italian bank, thanks to the availability of a richer data set.24
At the domestic level, the ratio of non-matched transactions is relatively
small (2.7% for the ECB25 corridor and 3.7% for the EONIA100 corridor),
increasing quite substantially with rising maturities. The two corridors
perform differently across the maturity range: for the short maturities (up to
one month) the ECB25 corridor exhibits slightly better validation rates; the
opposite holds for longer ones, at which for domestic deals the error rate of
the ECB25 corridor peaks at 29% above 3 months, whereas the error rate of
the EONIA100 corridor never exceeds the 20% threshold. For money market
deals executed on a cross-border basis, the validation rates exhibit a similar
pattern but they are lower across the entire range of maturities for both
corridors.25 While for domestic transactions the error rates are negligible
throughout the whole reference period, except for the dramatic fall recorded
in late 2011 due to the Italian sovereign debt crisis, the evolution of the error
rates for cross-border transactions appears more erratic, with validation rates
dropping below 80% on several occasions.26 We believe that this is caused by
the Italian sovereign debt crisis leading to low cross border rates and
therefore increasing the validation errors (see at the end of 1.4.1).
1.4.3 Comparison with EONIA
Despite its granularity and the availability of longer term money market
transactions in the e-MID data, which allows transaction by transaction
cross-checking, the analysis is somehow lacking a euro-wide context since
from the start of the crisis, e-MID data has concentrated on money market
trades between Italian participants. The need for validation against more
24

In the ECB25 corridor the overall type 2 error rate for trades between Italian banks is
2.7% while the one for trades involving at least one non-Italian participant is 8.6%. In the
EONIA 100 corridor the percentages are very similar (3.7% and 8.2%, respectively).
25
The only exception is the period November - December 2011, when such relationship reversed as cross-border exchanges involve also non Italian banks not affected by the sovereign
debt tensions.
26
The results obtained by our Furfine procedure has been compared for the overnight transactions with those of the original Furfine methodology. As for the e-MID comparisons both
algorithm obtain about the same error rates, whereas for the comparison with the EONIA
dataset the original one clearly overestimates the reported volumes: the estimated turnover
ranges from 93% to 430% and 1st and 2nd quartiles are 134% and 180%, respectively.
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Fig. 1.5: Results of the e-MID validation for manually settled loans.

euro-wide representative data calls for a cross-check also with the EONIA
data. As already noted, every bank in the EONIA panel reports daily (i) the
aggregate volume and (ii) the corresponding weighted average rate of lending
transactions made on its own behalf. The use of the EONIA data set
provides valuable reference material for the euro area market going beyond
and complementing the e-MID validation. The results reported in the
following are based on the comparison between the overnight interbank loans
identified using the Furfine algorithm for the EONIA panel banks and the
actual daily aggregate reported values and rates of EONIA. The validation
considers a dynamic panel reflecting the changing composition of the
reporting banks in the sample under analysis.
The results of the comparison are reassuring. We start by looking at the
difference between the total value reported and the total value identified with
the Furfine algorithm. Figure 1.6 depicts the reported and identified
turnovers for the EONIA panel banks using the EONIA100 corridor. The
two series show similar trends, with the identified turnover ranging from 98%
to 250% (1st and 3rd quartile are 120% and 160%, respectively) of the
reported one. This does not imply that the EONIA is not valid. In fact, the
differences in the two series can be due to several reasons:
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1. Identified volumes can be larger than reported by the EONIA due to:
(a) Possible overidentification
(b) Tomorrow-next and spot-next transactions, not reported in the
EONIA
(c) Rollovers, not reported in the EONIA unless both parties are
actively involved in the issue of a new contract
(d) Intra-group transactions, excluded in the EONIA reporting but
not always possible to distinguish and discard in the TARGET2
data set
(e) Transactions concluded on behalf of clients
(f) Some secured loans may be captured, but so far we do not have
evidence of this
2. Identified volumes can be lower than the reported EONIA due to:
(a) Transactions settled outside TARGET2, e.g. on accounts of a
commercial bank (correspondent banking)
(b) Loans settled via another payment system such as EURO1.
For example, for some banks we identified that they were very active in the
tomorrow next and spot-next markets. In other cases, we identified regular
lending to other banks, that a deeper analysis showed that the sending
and/or receiving bank are not always the beneficiary but act on behalf of
another bank. Such transactions of course introduce a bias in the implied
rate and an upward bias in the volume estimation. Finally, one bank
reporting in the EONIA panel opened an account in TARGET2 only after
few months from the beginning of our sample. The lending transactions of
this bank were obviously settled outside TARGET2, either via a different
payment system or on its books.
With regard to the rates (see Figure 1.6, bottom panel), the reported and the
implied rates lie close together. It is reassuring the matching of interest rate
spikes occurring at the end of a maintenance period, due to the increase in
the cost of interbank borrowing. The mean and median spread are equal to 9
and 8 basis points respectively. Finally, the implied rate is almost always
lower than the reported rate and the difference is larger around interest rate
decisions. This may be due to unidentified intragroup loans, which usually
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Fig. 1.6: Results of the EONIA cross-check for the corridor EONIA100

take place at rates well below the EONIA and possible identified repos, most
of the time traded at rates below unsecured benchmarks.
Concluding remarks to the validation exercise
To the authors’ best knowledge, this is the most comprehensive validation
exercise yet carried out with reference to a Furfine implementation. The
validation enables us to quantify the Type 2 (false negative) and Type 3
errors (mismatch). Further, it shows that our algorithm’s performance is
considerably reassuring, particularly in the overnight segment.
We conclude that the best performing corridor setup is the one centered on
the EONIA and EURIBOR rates and 200 basis points wide: Type 2 error
rate is 1.96% while Type 3 error rate is 0.73%.
Analysis of the error rates per maturity shows that the algorithm is more
reliable for transactions up to three months.
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1.5 The euro area unsecured money market
This section describes developments of the euro area interbank money
market, since June 2008, based on our algorithm. We focus on three levels:
(i) Eurosystem level, including all banks participating in TARGET2 (ii)
core versus periphery level and (iii) country level (Italy and the Netherlands).
1.5.1 Eurosystem level
Figure 1.7 shows the turnover of the overnight interbank money market.27
The overnight turnover dropped dramatically after the default of Lehman
Brothers to almost 50%, from 130 billion euros in June 2008 to 79 billion
euros in June 2009. It stabilised at around 75 billion euros until April 2010.
We observe a partial recovery between May 2010 and April 2011 to some 93
billion euros, to plunge again after Portugal’s request for financial assistance
to on average 75 billion euros between May and November 2011. The
turnover faced another decrease after the two ECB’s 3-year Longer Term
Refinancing Operations (LTRO) in December 2011 and February 2012 to 47
billion euros, on average, between January and June 2012.
Overall, the cross-border trades exhibit a more pronounced decreasing trend
than the domestic ones, except for being less affected by the ECB’s second
3-year tender. This results are in line with the recently published ”Euro
money market study 2012” ECB (2012a).
The incidence of volumes of exchanges with maturity longer than one day
fluctuates between 10% and 17% of the overall volumes, but their
outstanding amounts range from 87% to 93% of the entire unsecured money
market. In other words, the overnight loans are the majority, but in terms of
outstanding value the loans with longer maturity are dominant. From a
central bank policy point of view both aspects are relevant, as central banks
are interested in the smooth flow of interbank money circulation, but also in
the amount of liquidity individual banks need to fund themselves. Figure 1.8
shows the outstanding value of the loans with maturity up to three months
(top panel) and to one year (bottom panel).28 The outstanding amounts on
27

In the remaining, the expression ”overnight” will be used as for the one-day exchanges.
In fact, the Furfine algorithm cannot distinguish between overnight, tomorrow-next and spotnext transactions, since they are characterized by a time lag of one day between the loan
and the refund, even if the trade has been agreed on different days (the overnight exchanges
have been negotiated on the very same day of the loan’s settlement, the tomorrow-next and
spot-next on t − 1 and t − 2 respectively).
28
It should be noted that it is possible to estimate the volumes and the outstanding
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Fig. 1.7: Overnight volumes in the euro area - breakdown in domestic and crossborder component (daily averages per maintenance period and outstanding
amounts).

deposits with maturities up to three months exhibit a significant drop after
the Lehman collapse, falling from an average of 324 billion euros recorded in
the four months preceding the Lehman default to 273 billion euros in the four
months after (- 24%). This pattern is clearly visible despite the
underestimation of the first three months in the sample. While the loans up
amounts, reliably, only for the central interval of the analysed time horizon, since for some
maturities the loans or the refunds are not included in the initial TARGET2 dataset. The
shorter the maturity is, the longer is the reliability of the estimated dataset. For example,
the estimations of the one-day exchanges will be reliable over the whole time span except
for the first and the last day of the sample: in fact, during the first day it will be impossible
to identify the refunds of loans initiated the previous day whereas in the last day the loans
will not be matched with their refunds since these one are not yet available. Similarly, when
considering the one year maturity, the algorithm neglects all the refunds that are available
in the first twelve months and all the loans in the last period of the sample. As a result,
the outstanding amounts of money market deposits with maturity between one day and
twelve months can be quantified exactly only between June 2009 and June 2011, while the
exchanged volumes will be underestimated only in the final period of the sample.
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Fig. 1.8: Outstanding amounts in the euro area with maturities up to 3 months and
up to twelve months, breakdown into domestic and cross-border component
(daily averages per maintenance period). Columns presented in transparency
refer to the data which are underestimated.

to three months have remained constant until Portugal’s financial assistance
request, with the exception of a physiological cyclicality, the longer-term
outstanding amounts decline with a constant trend in the domestic
component partially compensated by a slight increase in the cross-border one
(bottom panel of Figure 1.8).
Figure 1.9 (bottom panel) depicts the difference between the estimated
weighted average overnight interest rate and the EONIA for the domestic
and the cross-border money market exchanges. Immediately after the
Lehman collapse, the estimated weighted average overnight rate departed
significantly from the European fixing until summer 2009, being on average
15 basis points below. As of mid-2009 the series recoups with the EONIA
rate and remains closely aligned with it until summer 2011. With the
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Fig. 1.9: Estimated overnight rates, breakdown in domestic and cross-border.

deepening of the sovereign debt crisis linked to the Italian political events in
the second half of 2011, both the domestic and the cross-border rate deviate
consistently from EONIA: they approach the rate on the ECB overnight
deposit facility and, after the ECB’s second 3-year LTRO in late February
2012, they fall below the lower bound of the monetary policy rate corridor,
corroborating the results of Akram & Christophersen (2010).29 The reason
why cross-border rates are consistently lower than the domestic rates from
the second half of 2011 may be that only the best fund-raisers are able to
attract liquidity from the European market at lower rates than those paid by
the less reliable banks which are forced to refinance themselves at the
domestic level. However, the phenomenon cannot be confirmed beyond
doubt, since information is only available on the settlement banks, not on the
originator and final beneficiary of the monetary transaction.
29

Precisely the cross-border rate deviates from the EONIA starting from the month of
August, the domestic rate from November 2011.
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1.5.2 Core-versus-periphery level
At a more granular level, we compare money market developments between
countries at the core of the euro area (Germany, France,The Netherlands,
Belgium and Finland) and countries at the (geographic) periphery of the euro
area also facing a sovereign debt crisis. These include the program countries
(Greece, Ireland, and Portugal), but also and Italy and Spain. The
cross-border exchanges of peripheral countries have experienced the biggest
and most constant decline since the Lehman’s collapse to June 2012, while
the one-day deposits exchanged domestically by the peripheral countries have
gradually increased starting from March 2012 (Figure 1.10, top panel).
During the first period this could be due to a greater difficulty in evaluating
the creditworthiness of foreign borrowers, itself attributable to
non-harmonised insolvency frameworks across Europe; since the outbreak of
the sovereign debt crisis, the reason for such behaviour may lie in distrust of
banks located in the periphery countries. The spread paid by periphery
countries towards EONIA (Figure 1.10, bottom panel) is higher for their
domestic deposits than for cross-border ones, presumably due, again, to an
adverse selection effect: the few bank of the periphery countries that are able
to raise funds from abroad are the most creditworthy counterparties in their
country, and they are able to negotiate lower interest rates in comparison to
the other domestic banks which are forced to tap the domestic money market.
1.5.3 Country level
We are now focusing on two countries, one belonging to the periphery group
(Italy) and the other to the core euro area countries (the Netherlands).
Focusing on Italy, it can be seen that the net cross-border position of Italian
banks was negative in all maintenance periods until the one starting in
December 2011, just before the first 3-year LTRO, when, presumably,
interbank money market fund raising was further replaced by central bank
liquidity (Figure 1.11). However, the net exposure in the very short term
maturity range has been positive since January 2011, while it has been
negative for longer term maturities. The Italian banking system seems
therefore to borrow long term funds from abroad and to reinvest the
surpluses by providing short-term lending to foreign banks.30
30

This evolution would be in line with the dynamics of the collateralised money market
exchanges backed by Italian government bonds executed on the electronic platform MTS
repo Italy.
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Fig. 1.10: Estimated overnight volumes and spreads, breakdown into periphery and core
countries.

About the Netherlands, a slightly different story can be told (Figure 1.11).
The Dutch banks entered the reference period with a positive net
cross-border position both at the very short and very long maturities. By and
by, the net position of Dutch banks for longer maturities at the shortest and
longest maturities diverged: the Dutch banking system continued to raise
liquidity at the very short maturities, until the first 3-year LTRO, when the
net cross-border position became virtually balanced. By contrast, from the
first 1-year LTRO in June 2009, the net position of Dutch banks became
significantly negative, returning to positive values only in the second half of
2011. One notable difference between the Italian and Dutch cross-border
position lies in the different outstanding amounts of borrowing and lending,
which appear significantly higher for the Dutch banking community.
Referring to price conditions, the overnight interest rates offered by Italian
lenders to foreign borrowers (cross-border lending) have on average been
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Fig. 1.11: Italian and Dutch cross-border net position (daily averages per maintenance
period) - breakdown in different maturities.

lower than the ones paid by Italian borrowers to raise liquidity for one day
from abroad (cross-border borrowing - Figure 1.12). All in all, the rates paid
by the Italian banks have been fairly well aligned with the EONIA rates,
with the exception of the summer of 2011, when the Italian sovereign debt
crisis led to a sharp increase of the overnight rates paid by Italian banks
domestically. This increase quickly reversed after the first 3-year LTRO.
Again, the impact of the sovereign debt crisis on the borrowing rates paid by
the Italian banking system vis-à-vis non-domestic counterparties was less
severe due to probable selection effects, so that only high standing Italian
players continued to borrow from abroad. By contrast, the Dutch banking
community turned out to be able to borrow at rates well below the EONIA
throughout the period, benefiting from a higher spread during the most
severe phase of the sovereign crisis.
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Fig. 1.12: Italian overnight rates, breakdown into domestic and cross-border borrowing
and lending.

1.6 Conclusions
This paper developed an algorithm to identify unsecured interbank money
market loans from TARGET2 data, which is suitable for the whole euro
area. This algorithm improves on the version developed by Furfine (1999),
who was the first to develop such an algorithm for overnight loans only, and
the one by Heijmans et al. (2010), who first developed an algorithm for a
subset of the euro area money market.
With respect to the original algorithm, several enhancements have been
implemented. The algorithm has been extended mainly in three ways:
• It identifies money market loans with maturity up to one year, which
provides much more information;
• It incorporates criteria for the implied interest rates: inclusion of the
rate in a plausibility corridor and rounding to half a basis point.
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Fig. 1.13: Dutch overnight rates, breakdown into domestic and cross-border borrowing
and lending.

Specifically, we investigated two plausible corridors: one centered on the
EONIA for loans up to 4 days and on the respective EURIBOR for
other maturities and the other using the ECB standing facility corridor
bounded by the overnight deposit facility rate and the marginal lending
rate. Each corridor was been tested at several sizes. The gain is more
accuracy;
• It includes a procedure to efficiently select the correct loan in case of
multiple plausible matches. Where such multiple plausible matches have
the same maturity, the ‘correct’ loan is determined randomly; where the
maturities differ, the choice is made on the basis of the most plausible
duration within maturity distribution inferred from the uniquely
matched TARGET2 loans. This results in fewer errors.
In contrast to the literature, our dataset of identified interbank loans has
been compared with real data sources, namely EONIA panel data and
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e-MID transaction-level data. The validation against EONIA panel data has
been carried out for overnight identified TARGET2 transactions. Results
show that the average interest rate found by the algorithm matches very well
with the reported EONIA. The average deviation with the EONIA rates is
9 basis points with highest deviation in the period September 2008 to June
2009. We therefore conclude that our algorithm very accurately follows
EONIA rates. The turnover, however, is roughly 50% higher than that
quoted by the EONIA. Differences between estimated and reported turnover
appear due to transactions that are not reported by EONIA panel banks: (i)
intra-group transactions, (ii) transactions settled on behalf of other banks,
(iii) rolled-over transactions and (iv) spot-next and tomorrow-next loans.31
On the other hand, a source of misidentification are loans reported by
EONIA panel banks not settled in TARGET2 but in commercial bank
money or in other payment systems (e.g. EURO1).
The second and more sophisticated validation method, was used against the
e-MID dataset. This method was applied to all maturities, transaction by
transaction, and allows to compute the number of unidentified loans (false
negative, Type 2 error) and the wrongly matched loans (real loans but with
incorrect rates and/or maturities, error Type 3). Limits of this validation
technique are the impossibility to estimate the false positive error (Type 1)
and the fact that e-MID data are not representative for the entire euro
money market during the whole analysed period. The best performing
corridor setup is the one centered on the EONIA and EURIBOR rates and
200 basis points wide: Type 2 error rate is 1.96% while Type 3 error rate is
0.73%. Analysis of the error rates per maturity shows that the algorithm is
more reliable for transactions up to three months. It can be used for loans up
to one year using extra caution with respect to the uncertainties of the loans
found. Our findings are in sharp contrast with Armantier & Copeland (2012),
who validate the algorithm developed for Fedwire transaction. They find an
estimate of 81% Type 1 and 23 % Type 2 errors, which are significantly
larger32 .
Our algorithm was applied to the whole TARGET2 dataset (June 2008 to
end June 2012) to describe and monitor the activity in the euro area
31

This is because our algorithm works on the settlement dates and cannot distinguish
between different trading dates.
32
The difference is most probably due to (i) the fact that in our algorithm all maturities
are processed, therefore possible multi matching to other maturities is taken into account,
and (ii) our restriction to the rounding off to the exact half basis point of trades.
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unsecured money market. The monitoring can be done at market level (all
loans found), at aggregated market level, e.g., the core of the euro area
(Germany, France, The Netherlands, Belgium and Finland) versus
(geographic) periphery of the euro area also facing a sovereign debt crisis
(these include the program countries - Greece, Ireland, and Portugal - but
also Italy and Spain), at individual country level and at the level of
individual banks.
The results show that the overnight unsecured money market dropped
significantly after the collapse of Lehman Brothers (from 130 billion euros in
June 2008 to 79 billion euros in June 2009). The outstanding amount of all
deposits with maturities up to three months exhibits a significant drop after
the Lehman collapse. While the loans up to three months remained constant
until Portugal’s request for financial assistance, the longer-term outstanding
amount declines with a constant trend in the domestic component partially
compensated by a slight increase in the cross-border one. The sovereign debt
crisis of the peripheral European countries had a clear negative impact on the
turnover in the money market. One-day exchanges dropped again after the
two 3-year LTROs in December 2011 and March 2012 (from on average 75
billion euros in the period before the first 3-year LTRO to an average of 47
billion euros between January and June 2012). The interest paid by
periphery countries towards EONIA is higher for the domestic deposits than
for the cross-border ones, presumably due to an adverse selection effect: the
banks of the periphery countries that are able to raise funds from abroad are
the most creditworthy counterparties in their home country.
The current setup of our algorithm can be further improved by (i) a more
theoretically correct assignment of a multiple match and (ii) also looking at
loans which follow the 365 day convention for calculating the rate, as there
are also e.g. British banks which follow this convention. Finally, although our
algorithm performs well, and with the inclusion of these improvements may
even perform better, it would be beneficial for both research and policy
purposes to have money market loans flagged in TARGET2.
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2. LIQUIDITY COVERAGE RATIO IN A PAYMENTS
NETWORK: UNCOVERING CONTAGION PATHS2
The Liquidity Coverage Ratio (LCR) requirement of the Basel III framework
is aimed at making banks more resilient against liquidity shocks and indicates
the extent to which a bank is able to meet its payment obligations over a
30-day stress period. Notwithstanding the fact that it forms an important
addition to the available information for regulators, it presents information
on the status of a single bank on a monthly reporting basis. In this paper we
generate an LCR-like statistic on a daily basis and simulate liquidity failure
of each of the systemically important banks, using historical payments data
from TARGET2. The aim of the paper is to uncover paths of contagion. The
trigger is a bank with a deteriorating LCR and the knock-on effect is
modelled as the impact on the LCR of other banks. We generate then the
cascade of contagion, which in general consists of multiple paths, trying to
answer the question to what extent the financial network further deteriorates.
In doing so we provide paths of contagion which give a sense of potential
systemic risk present in the network.
We find that the majority of damage is caused by a small group of large
banks. Furthermore we find groups of banks that are very vulnerable to
shocks, regardless of the size or location of the disruption. Our model reveals
that the shortfall of liquidity at the stressed bank is a more important driver
than the addition of liquidity at the other banks. A version of the contagion
network based on a 14-day period reveals a monthly pattern, which is in line
with other literature in which window dressing is addressed.
The data used in this paper are available to supervisors, central banks and
resolution authorities, therefore making it possible to anticipate contagion of
failing liquidity coverage within their payment network on a daily basis.
Keywords:
JEL Codes:
2

Liquidity Coverage, Basel III, payment systems,
graph theory, simulation modeling
E58, G21, E42, C63

This chapter is based on Liquidity Coverage Ratio in a Payments Network: Uncovering
Contagion Paths, by Richard Heuver and Ron Berndsen, Submitted to the International
Journal of Central Banking, (Heuver & Berndsen, 2019).
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2.1 Introduction
The financial crisis that unfolded in 2007 has taught us that banks had for
long neglected measures to withstand financial shocks. In order to strengthen
the regulation, supervision and risk management of the banking sector, the
Bank for International Settlements (BIS) launched its Basel III reform
measures (BIS, 2010).
2.1.1 Liquidity coverage ratio
A major part of the liquidity requirements is the liquidity coverage ratio
(LCR) which aims to make banks more resilient against short term liquidity
shocks (BIS, 2013). The implementation is well monitored by the BIS (BIS,
2016) as well as the European Banking Authority (EBA, 2016).
One of the first researchers to anticipate the implementation of LCR were
Bech & Keister (2012) who concluded that the introduction of the LCR
requirement will alter the demand for high liquid assets and the behaviour in
money markets.
Bonner & Eijffinger (2015) analyze the Dutch case by using data on a
liquidity requirement rather similar to LCR that has been implemented since
2003 and compare this to an added data source on interbank market trades.
They find evidence that the implementation of the liquidity requirement
influences interest rates as well as maturity volumes within the interbank
market. Duijm & Wierts (2016) compare the Dutch LCR to banks’ monthly
bank balance sheets and find that banks adjust their funding mix when the
Dutch LCR falls below its long-run equilibrium. They furthermore find that
additional monitoring should be implemented, both at institutional level as
well as at aggregated level.
2.1.2 The systemic aspect
During the years 2008 to 2010 the FED provided a USD 1.2 trillion FED
emergency loans program for global financial institutions. By combining this
with data on equity investment relations among them, Battiston et al. (2012)
and Battiston et al. (2015), developed a measure to indicate to what extent
the default of a participant can cause damage to the other participants in a
network using a network model. As well as is mentioned in other papers, in
this paper it is concluded that the too-big-to-fail concept implicitly contains
the question whether a bank is too-connected-to-fail.
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Poledna et al. (2015) used the availability of a data set containing four
individual contract sources in Mexico, to build a unique multi-layer network
model and quantify systemic risk on a nation-wide level. Amongst other
findings they see a non-linear effect where the sum of systemic risk of the
individual layers underestimates the total risk.
Contagion can also spread across nations, as is described by Eijffinger et al.
(2015), who find that the increased spread on government bonds of one
country that was bailed-out, can possibly lead to increased spreads in
untroubled but possibly risky countries. They conclude that countries within
the European economic and monetary union are strongly interconnected, and
that more robust mechanisms are needed for the current Stability and
Growth Pact and the no bail-out clause included in the Maastricht Treaty.
2.1.3 Adding information from financial market infrastructures
Financial market infrastructures (FMIs) are often called the financial
backbone of our modern society. Their main purpose is to facilitate the
clearing, settlement, and recording of monetary and other financial
transactions (BIS, 2012).
The most important FMIs are the large value payment systems (LVPSs)
which originally were developed by central banks to administer monetary
policy operations, soon after followed by the possibility to process high value
interbank payments. Examples of these systems are Fedwire in the United
States, CHAPS in the United Kindom, BOJ-NET in Japan, and TARGET2
(Trans-European Automated Real-time Gross Settlement Express Transfer
System, second generation) in the Euro area. Table 2.1 shows that these
systems transfer huge payment amounts, often the value of a country’s GDP
within one week.
Large value payment systems nowadays process payments immediately and
irrevocably, therefore ensuring the participants that funds have been
transferred successfully. This so-called real time gross settlement gives the
receiving participants immediate control over the incoming funds. In order to
generate payments, the sender is required to hold liquidity either in the form
of account balance or by using a credit line backed by collateral.
Research in the early days mainly focused on the design of the payment
system regarding the use of liquidity. As during the more recent decades it
became clear that liquidity located within the payment systems cannot be
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Tab. 2.1: Daily turnover of the main large value payment systems in the world.

In USD billions
Country

System

2013

2014

2015

2016

2017

Japan
United Kingdom
United States
European Union

BOJ-NET
CHAPS
Fedwire
TARGET2

1,146
430
2,797
2,914

1,131
439
3,469
2,594

1,072
410
3,273
2,213

1,214
400
3,008
2,108

1,229
424
2,902
2,148

Country

System

2013

2014

2015

2016

2017

Japan
United Kingdom
United States
European Union

BOJ-NET
CHAPS
Fedwire
TARGET2
Source:

22.2
23.3
15.6
14.5
16.4
19.4
22.1
19.2
BIS (2019).

24.4
14.2
17.8
18.9

24.5
15.0
15.8
17.6

25.2
16.1
14.6
17.0

As % of GDP

seen apart from other locations of liquidity or the shortage thereof, nowadays
research is also focused on the behavior of banks and makes use of multiple
data sources to obtain of broader view on banks’ liquidity. Berndsen et al.
(2016) combine different Columbian financial networks and conclude that the
study of the full network enables a much broader view on contagion as well as
on financial infrastructures systemic risk.
For a bank’s liquidity manager the focus of liquidity management is mainly
to ’last through the day’ and at the end of the day meet the monetary policy
minimum reserve requirement. While research on liquidity within LVPSs was
therefore often focused on the intraday time span, however, as payments data
can be presented as (daily) balance sheets3 it is also possible to prolong the
focus of research to the maintenance period or even longer.
When a bank starts to encounter problems that effect the availability of
liquidity, it is expected that the first signs of an unfolding bank run become
visible in the LVPS. Therefore we can conclude that, though not all
information on the underlying nature of payment flows is present, this
payment data available to central banks is well suited for simulations of
liquidity failure in the financial network.
3

See Heijmans & Heuver (2010), in which a set of indicators is developed to monitor the
daily liquidity position of banks.
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2.1.4 The LCR statistic
The LCR statistics are generated at monthly interval based on individual
banks’ balance sheet items and expectations of inflow and outflow of funds.
And although this brings a wealth of information on the liquidity position of
individual banks, supervisors and other authorities would benefit from the
addition of the following dimensions.
First, the current reporting period concerns a calender month. What happens
in between these monthly snapshots remains hidden to the supervisors.
Banks are aware of reporting requirements and are - up to a certain level able to steer their balance sheets. Window dressing is used by institution
that want to appear more attractive near reporting periods and has been
studied by several researchers. Furfine (1999) found a significant increase in
the price in the federal funds market at year-end that for a part is due to
window dressing. Heijmans et al. (2013) find that Dutch money market rates
contain a monthly calender effect, which indicates window dressing. Lynch
et al. (2014) use a large database on institutional trades and discover a
turn-of-the-year effect caused by selling small, poorly performing stocks at
year end and/or buying the same stocks in early January. Bucalossi & Scalia
(2016) find that the low frequency (end-of-quarter) of Basel III Leverage
Ratio reporting as mandated by EU rules facilitates window dressing. They
conclude that banks have adjusted quickly to the new leverage framework,
well in advance of the 2018 deadline, by improving their Leverage Ratio at
quarter end. Munyan (2017) investigates the U.S. repurchase market and
finds window dressing on a quarterly basis that spills over into broader
market liquidity.
Second, the information lags one month, as the reporting deadline is
currently set at 30 days after the ending of the reporting month. The
liquidity position of banks can be easily and quickly disrupted, and bank runs
can arise within days. Timeliness of information is crucial for supervisors and
it would be ideal to have the information immediately after or even before
the end of the month.
Third, to prudential supervisors it is important to monitor the ability of
banks to meet LCR outflows in times of stress. To resolution authorities
however, the question remains what the consequences are in case of failing
liquidity coverage of one bank. Whenever a bank becomes illiquid and a bank
run awakens, it is crucial for financial stability to anticipate which other
banks are likely to become affected.
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The remainder of this paper is as follows: in section 2.2 we present our
methodology, section 2.3 contains results, while section 2.4 contains
conclusions and recommendations.

2.2 Methodology
2.2.1 Data used
We use historical payments data from the most important European payment
system, TARGET2, which processes 350,000 transactions per day between
2,200 participants. The data set spans June 2008 to December 2016,
comprising of 2,295 days and 786 million transactions. Though timely
available (next day), these large and granular data sets are designed to store
historical transactions and are not suited for analysis. In order to maintain
good performance this data is transferred into a data warehouse, see
appendix A for a description.
2.2.2 Simulating stress cascades
We define a set of the 100 largest institutions in the payments network,
denoted by L100. To generate this list, we first take the list of ’Systemically
Important Financial Institutions’, or SIFIs, as defined and published by the
Financial Stability Board (FSB, 2016), denoted by S. After this we add the
list of ’Critical Participants’ as defined by the ECB4 , which we denote by C,
and remove duplications. The list then contains 66 institutions, which we
then complete by selecting the largest institutions within TARGET2, based,
in turn, on the total value of outgoing payments or on the weighted
Eigenvector centrality.
For each of the banks in L100 we separately simulate the failure of its
liquidity management and follow what happens in the payments network.
Liquidity failure of one stressed bank will lead to decreased outflow of
payments to the connected receiving banks. We assume that all other banks
manage their liquidity well and investigate how much the decreased incoming
payments from the initially stressed bank affect their LCR; we denote LCR
by L. Whenever one or more of the affected banks’ L deteriorates below the
4

This list contains all participants that are considered critical on the basis of the value
of their outgoing payments and the size of non settlements in a simulation of failure. For
further information see the TARGET2 User Guide (ECB, 2016), section 3.5.2, and the report
on Stress-Testing of liquidity risk in TARGET2 (ECB, 2017).
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level of 1 (or, equivalently, 100%), we investigate to what effects this leads in
the following rounds.
The starting point of the simulation forms the liquidity buffer, B, for all
banks in case of proper liquidity coverage, which means that the banks are
able to fulfill all payment obligations within a 30 day stressed period. L is the
ratio of the liquidity buffer B divided by the 30 day stressed net outflow, On ;
L=

B
On

, where

(2.1)

L = Liquidity Coverage Ratio,
B = Liquidity Buffer,
On = Outflow, netted during a 30 day period.
The netted outflow On is the difference between total outflow O and total
inflow I. One important restriction in the BIS definition of L is the fact that
the total inflow I is capped to 0.75 of the total outflow O;

Ic = min(I, 0.75O)

, where

(2.2)

Ic = Inflow, capped,
I = Inflow during a 30 day period (I > 0),
O = Outflow during a 30 day period (O > 0).

For the Basel III calculation of net outflow On a balance sheet approach is
used. For each item on the balance sheet corresponding runoff rates are
applicable (e.g. stable retail deposits 3%, less stable deposits 10% etcetera,
see BIS (2013), Annex 4, for a stylized example of the LCR).
In the absence of these data, we calculate the net outflow On by using the
actual settled payment outflow, O, minus the inflow, I, of the 30 day period
ahead using the aforementioned cap of 0.75.
When L = 1 it implies that a bank is able to fulfil all of its payment
obligations for a maximum of a 30 day stressed period. When L is above 1 a
bank will be able to withstand even larger shocks.
For every bank in the analysis the initial L is set to 1 + α, where α denotes
the additional amount of liquidity above L = 1. We take 0.1 as a starting
value of parameter α.
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In case we want to calculate which liquidity buffer B is needed for an L at
this level we rewrite equations 2.1 and 2.2 to
B = LOn

, or

B = (1 + α)On
B = (1 + α)max(0, O − Ic )

(2.3)

B = (1 + α)max(0, O − min(I, 0.75O)).
After calculating the liquidity buffer for all banks we start separate
simulations of stress for each of the banks in the L100 set of largest
institutions, by decreasing this bank’s L to a level below 1. All other banks
start with the calculated liquidity buffer. For lowering the level of the
stressed bank’s L we introduce a parameter for shortage, σ, and take 0.2 as
the starting level. During each simulation the stressed bank therefore starts
with a level of
B = (1 − σ)max(0, O − min(I, 0.75O)).

(2.4)

This shortage of liquidity will lead to decreasing outflow i.e. decreasing
inflows for the receiving banks and therefore to a possible stress cascade. In
case these decreased inflows lead to an L below 1 for the receiving banks we
continue the exercise to a new round in which each of the stressed banks
becomes the source of a new stress cascade. Again, if the resulting decreased
outflows lead to a decrease of the L of the receiving banks below 1 the
exercise is continued to the next round. We introduce parameter ρ which
indicates up to which round we investigate whether the stress is dampened or
continues to affect other banks and take arbitrary ρ = 6 as a starting point.
The scenario of the simulation of L deterioration through the network rounds
is visualized in figure 2.1:
• Round 0 is used for the calculation of the liqudity buffer in case
L = (1 + α) for all banks.
• From the initial list of stressed banks one bank is then picked (in this
case bank ¶). The payment outflows from this bank to all receiving
banks (·, ¹ , º, » and ¼) are decreased and the new L of the
receiving banks is calculated and stored. The L of banks · and ¹ fall
below 1 and these numbers are stored in the list of affected banks.

2.2. Methodology

61

• For these two banks the effects are calculated in the next round. This is
repeated until round ρ is reached.
Fig. 2.1: Network visualization of the formation of a stress cascade.

When the simulation of the stressed bank is finalized all values of the
network are restored to the initial situation and the following bank stress
simulation is started.
Viewing the simulation of stress cascades from a network perspective we start
off with a weighted and directed network graph G, consisting a set of vertices
(or nodes) V and a set of edges E; G = (V, E). In our case, there are no
loops, i.e. for all edges there is the constraint that they cannot originate and
end in the same bank, Eij |i 6= j. Each bank i (or vertex) from the list of
initially stressed banks will possibly pass through the stress to its outgoing
connected neighbours, denoted by V (i). The cascade takes place in a
subgraph G0 of G; G0 ⊆ G, of which the vertices and edges are a subset of the
full graph; V ⊆ V and E ⊆ E. Each of the connected banks that becomes
affected, in case L < 1, will in turn start a stress cascade in the following
round, within a newly selected subgraph G0 of the complete graph G. When
all cascades have been calculated from the start until round ρ the result
therefore is a set of connected subgraphs, {G0n , . . . , G0n }. Each bank,
including the initially stressed bank, is possibly part of one ore several
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subgraphs, with the exception that the initially stressed bank cannot be
present in the first round.
Figure 2.2 contains a representation of the stress cascade caused by one bank.
The stressed bank is visualized by a square, starting at the top. All other
banks are represented by circles. The arrows indicate the outgoing payment
flows to all neighboring banks. The darkening of colors reflects the
deterioration of banks’ L. Banks that become stressed by the decrease of the
incoming payment flows (in case L < 1) have been colored dark blue and in
turn start a new cascade in the following round.
Fig. 2.2: Example of a stress cascade caused by one bank.

Notes: Each level in the graph represents a round in the cascade (starting at the top
with level 0, and ending at the bottom with round 6). The stressed bank is represented
by a square. Darkening of nodes reflects the deterioration of L at four levels (1.1 - 1,
1 - 0.7, 0.7 - 0.35 and 0.35 - 0). Used parameters: α = 0.1 , σ = 0.2 , ρ = 6.

2.2.3 Storage and analysis of simulation outcome
During each round, for each of the outgoing payment flows, the L of the
affected banks is recalculated.
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Each calculation of L results in a record containing:
• day of simulation
• round (0 for the calculation of initial liquidity buffers, 1..ρ for the
cascades thereafter)
• initial stressed bank
• currently stressed bank (in rounds 2..ρ)
• affected bank (wich will be added to the list of stressed banks in case
L < 1)
• current inflow
• current outflow
• current L.
In doing so we are able to analyze the outcome of a cascade from different
perspectives. Furthermore, by performing series of simulations on the same
payment networks, we are able to compare different values of liquidity
shortage, σ, of the stressed banks as well as liquidity addition, α, of the other
banks.
The original payments network forms the input for initial buffer calculation
and stress cascades in which each of the institutions became stressed. As the
resulting non-settlements contain the same network dimension, the resulting
data sets can be viewed as networks of damage. Figure 2.3 is an example of
such a network of deterioration, in which the nodes represent the institutions
and the edges (or links) represent the amount of damage. The size and
darkening of colors of nodes reflect the institutions’ outgoing strength,
indicating the power to cause damage 5 . The size and darkening of colors of
edges reflect the value of damage caused and therefore visualize paths of
destruction.
2.2.4 Taking a subset of the network
There are 1,236 institutions present during the full period spanning June
2008 till December 2016. As calculation of stress cascades would take too
long, it was decided to take a subset of the whole network, by selecting the
L100 institutions. As contagion of stress could possibly be transferred via
smaller institutions not part of the sample, separate tests were conducted
using network subsets of 200 and 150 institutions. As this turned out not to
5

Kleinberg’s hub centrality measure has been applied, which highly ranks nodes having
outgoing links to most central nodes.
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Fig. 2.3: Example of a network of LCR Deterioration.

Note: The figure shows the damage caused as well as suffered within a subset of the
banking network. Color and size of nodes (banks) correspond to the amount of damage
caused (i.e. outgoing direction)5 and therefore visualize paths of destruction.

be the case, it was decided that for the remainder of this paper the stress
cascades were conducted using the L100 subset of the network.

2.3 Results
2.3.1 Liquidity buffer
The liquidity buffer is calculated for each institution at the beginning of each
stress cascade and is based on the payment flows of the 30 day period ahead.
Figure 2.4 contains the total of the outgoing payment flows of all institutions
and the calculated liquidity buffers at four levels of additional liquidity α.
In the graph there seems to be a linear relationship between the total value of
payments and the calculated Buffers. This indeed follows from:
L=

B
On

L=

B
(O−0.75O)

(see 2.1) which can be rewritten to
| I < 0.75O

B = L 0.25 O
B = (1 + α) 0.25 O

| I < 0.75O.

The only case of non-linearity happens when a bank’s inflow is less than
0.75O, which would lead to a higher liquidity buffer. This is apparently
negligible.
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Fig. 2.4: Value of outgoing payment flows and calculated liquidity buffers at different
levels of α.

2.3.2 High frequency networks

As the data from the large value payment system is timely and granular, it is
possible to generate stress cascades on a daily basis containing transactions of
the most recent 30-day period. This enables to explore more granular
versions of LCR damage networks. Figure 2.5 gives an example of daily
generated LCR damage. The amount of damage differs significantly.
Furthermore, the amount of concentration of damage caused by the
institutions is calculated using the Herfindahl-Hirschman index, which is the
sum of the squares of the institutions’ proportions of damage;
HHI =

n
X
2

pi

, where

(2.5)

i=1

p = proportion of damage caused.
The HHI is indicated by darkening of the colors; darker colors represent a
higher centrality i.e. a smaller share of the institutions accounts for a larger
proportion of the value of the damage.
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Fig. 2.5: Example of High frequency LCR Damage networks.

Note: The figure shows the amount of deterioration at daily frequency. The darkening
of the color reflects the increase of centrality of the deterioration network.

2.3.3 Damage per round
At the start of each cascade the stressed bank’s outflow to the connected
banks will be decreased. These affected banks will become stressed
themselves, in case their L drops below 1, in which case, during the following
rounds, their outflows become decreased as well. Figure 2.6 gives an example
of the effects of stress through 6 rounds. In this example it is clear that the
largest part of the damage already occurs during the first rounds, most
probably as the parameters were set at a relatively high liquidity shortage
and minimal liquidity addition (σ = 0.50, α = 0.05).
2.3.4 The institutional aspect
The damage of non-settlement brings two sides of interest; on the one hand it
is interesting to find out which institutions cause most damage when their
liquidity management has failed, while on the other hand it is interesting to
know which institutions are most vulnerable to damage caused by others,
despite of their proper liquidity management. Both sides occur in the
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(a) Percent value

Fig. 2.6: Damage per round.
(b) Number of Institutions

Note: Parameters: α = 0.05 , σ = 0.50 , ρ = 6.

network of damage, and can be viewed when selecting either the outgoing
links, or the incoming links. Although it can be expected that the largest
institutions will account for the majority of damage caused, from network
theory it is known that also the position within the network is important; the
more central, the more harm can be caused. At the same time it can be
expected that the largest institutions would not easily be harmed by stress at
smaller institutions, but again centrality cannot be ignored. Figure 2.7 shows
the amount of damage per institution, at causing and suffering side. The
left-hand side shows the damage caused, while the right-hand side shows the
damage suffered. The institutions are ordered according to the size of
damage caused, which results in a power law distribution. The red dot shows
the difference between the causing and suffering side and, indeed, shows that
the largest 3 institutions cause far more than they suffer.
In order to further explore the network topology of the damage, figure 2.8
presents the network adjacency matrices. Each row in an adjacency matrix
represents the damage caused by one institution; each column represents the
damage suffered by one institution. In the left figure the color of each cell
represents the weight of the damage caused by one institution and suffered by
an other institution. In the right graph the coloring is used to represent
communities6 found in the network.

6

Communities in a network are groups of nodes (institutions) having more connections
within the groups than between groups.
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Fig. 2.7: Damage caused and suffered by the banks.

Note: For each bank one line is reserved (e.g. the y-axis represents all banks). The red
dots represent the difference between damage caused and suffered. If the dot is placed
on the left, it means that a bank causes more damage to others than it suffers from
others.

2.3.5 The relation between liquidity shortage and addition
In order to analyse the relation between liquidity shortage, σ and liquidity
addition, α, series of stress cascades have been conducted containing
parameter values (0.05, 0.15, 0.25, 0.35, 0.50). This results in 25 damage
networks of which the total damage is visualized in figure 2.9. Both figures
show the total damage (Y-axis) for each value of liquidity shortage (sigma,
left hand axis) and liquidity addition (alpha, right hand axis). The left hand
figure shows the individual value as measured, while the right hand figure
shows an applied surface grid. As expected, we can observe that the highest
damage occurs at values of σ = 0.50 and α = 0.05 (left corner) and that the
smallest damage occurs at opposite values, i.e. σ = 0.05 and α = 0.50. When
viewing the paths between these two points it becomes clear that the most
important changes in damage occur when σ is decreased (and not when α is
increased). Therefore we conclude that in our model it is more important to
prevent liquidity shortfall than to add more liquidity.
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Fig. 2.8: Adjacency matrices of damage caused and suffered by the banks.
(a) Value of damage
(b) Communities

Note: The figures show the networks of damage caused and suffered. Each institution
is visualized by one row and one column. Each cell represents one connection. In
the left graph the institutions are ordered by their value of damage caused (columns)
and suffered (rows). This results in ordering of the strongest banks toward the lower
left corner. Dark colors represent high values of connections. In the right graph the
institutions are ordered and colored according to their presence in communities, found
by an optimization algorithm (Brandes et al., 2008). The maximal modularity score
is 0.52 which indicates a highly grouped structure.
Fig. 2.9: Relation between liquidity shortage and addition.
(b) Fitted Grid
(a) As measured

Note: The figures show the amount of deterioration (Y-axis), caused by the liquidity
shortage σ = sigma on the left axis, or prevented by the liquidity addition α = alpha
on the right hand axis. The left figure shows the measured combinations of σ and α
while the right hand figure shows an applied surface grid.

2.3.6 Monthly cylicality
As the high frequency networks are based on the total of the transaction
values of 30-day periods, any monthly patterns will not be present. In order
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to explore monthly cyclicality the period length was brought down to 14
days. Damage networks were then generated for the period January 2016 to
July 2017, resulting in 405 daily networks. The partial autocorrelation
function of this time series revealed significant auto correlation in lags 10, 11
and 12. This corresponds with the monthly cycle, as, due to working days,
the 14 day periods contain 10 observations and month periods contain 20-22
observations. We therefore conclude that the damage networks contain
significant monthly cycles, which is in correspondence with literature as
described in subsection 2.1.4.

2.4 Conclusions
Using payment flows from the major European payment system TARGET2
we generate daily approximation of the LCR and focus on what happens to
the other institutions when we stress each bank. Each simulation the stressed
bank starts with an LCR that has deteriorated below 1 (using a shortage
parametre), while all other banks start with an LCR above 1 (having a
surplus parameter). In doing so we generate and store networks of LCR
deterioration which enables analysis from different perspectives.
We find that the majority of damage is caused by a small group of large
banks. Furthermore we find groups of banks that are very vulnerable to
shocks, regardless of the size or location of the disruption.
The two drivers of damage in our model are the addition of liquidity and the
shortfall of a bank’s LCR. Our model shows that the most important driver
is the shortfall of LCR of the stressed bank; once a bank becomes stressed,
cascades can and will occur quickly.
A short version of the contagion network based on a 14-day period reveals
monthly cyclicality, which is in line with literature that can be found on
window dressing.
To bring our model closer to reality it could be further extended. Whenever
banks are faced with a deteriorating LCR, measures will be taken to correct
for this. Furthermore, banks closely monitor bilateral limits and act upon
changes. Experiments have showed that the addition of a parameter for the
alertness of banks leads to faster extinction of damage. Last, the model
contains no distinction according to payment types. It can be expected that
during stress outgoing payments will be prioritized according to the type.
We conclude that the presented method enables supervisors and resolution
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authorities to add a network dimension to LCR that can be helpful when
anticipating the causes as well as the consequences of banks’ liquidity
coverage failure. Due to the timeliness and granularity, this can be done on a
daily basis.
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3. LIQUIDITY STRESS DETECTION IN THE EUROPEAN
BANKING SECTOR2

Liquidity stress constitutes an ongoing threat to financial stability in the
banking sector. A bank that is faced with a disruption might find itself
unable to meet its payment obligations. These liquidity issues, in turn, can
negatively impact the liquidity position of many other banks due to contagion
effects. For this reason, central banks carefully monitor the payment
activities of banks in financial market infrastructures and try to detect
early-warning signs of liquidity stress. In this paper, we investigate whether
this monitoring task can be performed by supervised machine learning. We
construct probabilistic classifiers that estimate the probability that a bank
faces liquidity stress. The classifiers are trained on a dataset consisting of
various payment features of European banks and which spans several known
stress events. Our experimental results show that the classifiers detect the
periods in which the banks faced liquidity stress reasonably well.
Keywords:

Risk Monitoring, Liquidity Stress, Neural Networks,
Financial Market Infrastructures, Large-Value Payment
Systems

JEL Codes:

G32, G33, C45, E42

2

This chapter is based on Liquidity Stress Detection in the European Banking Sector,
by Richard Heuver and Ron Triepels, International Conference on Agents and Artificial
Intelligence, (Heuver & Triepels, 2019).
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3.1 Introduction
It is the nature of banks to attract deposits and provide loans. The maturity
mismatch of short-term deposits versus long-term loans makes banks
vulnerable to liquidity risk. Liquidity risk is ”the risk that a firm will not be
able to meet efficiently both expected and unexpected current and future
cash flow and collateral needs” BIS (2008). When a bank is faced with a
disruption it might find itself unable to fulfill its short-term payment
obligations and face bankruptcy. These liquidity issues, in turn, can spread
across a payment system and affect the liquidity position of many other
banks. For this reason, central banks closely monitor the payment activities
of banks and try to anticipate early signs of liquidity stress.
In recent years, the payment data generated by Financial Market
Infrastructures (FMIs) has become an important new source to detect
liquidity risks. FMIs are often called the financial backbone of our modern
society. Their main purpose is to facilitate the clearing, settlement, and
recording of monetary and other financial transactions. The most important
FMIs are the Large-Value Payment Systems (LVPSs) which are developed
and maintained by central banks to process high-value payments and
administer monetary policy. The transaction log generated by such systems
provides detailed insight into the payment behavior of banks and can be
analyzed to detect cases were banks were faced with liquidity risk.
Several unsupervised methods3 have been proposed for this purpose based on
traditional statistics, see e.g. Heijmans & Heuver (2014), and unsupervised
machine learning, see e.g. Triepels et al. (2018). The idea behind these
methods is to derive the patterns by which banks usually manage their
liquidity from the transaction log of an LVPS and search for cases where the
current payment behavior of banks deviates from their expected patterns.
Such anomalies can be due to a bank facing liquidity stress which forces it to
change its payment behavior.
However, a drawback of these unsupervised methods is that it can be difficult
to determine what kind of patterns are learned about the payment behavior
of banks. In addition, when there is a significant deviation between the
expected and current payment behavior of a bank, it is often not clear
3

The terms unsupervised methods and supervised methods relate to the process in which
the analysis of data is organized. During unsupervised learning the data itself is processed in
order to learn ”what is normal and what not”. In supervised learning an additional labelled
data set is available which guides the learning process.
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whether this deviation is due to the bank facing liquidity stress or whether
the bank needs to pay some unusual one-time payments that do not pose a
real threat to its liquidity position on the long-term.
This paper aims to investigate whether liquidity stress at banks can also be
detected by supervised machine learning. In supervised machine learning, a
model is trained from a labeled training set containing explicit examples of
the output to be predicted. A supervised machine learning model can be
trained to detect whether a bank is likely facing liquidity stress by learning
the patterns that are characteristic for a stressed and non-stressed bank.
These patterns can be derived from historical labeled payment data of a
pre-selected set of banks that faced known stress events such as a takeover or
bank run.
There are two main challenges to make this supervised method work in
practice. First, stress events at banks are quite rare and typically last for
only a few days which makes it difficult to learn the patterns of a stressed
bank. Second, there is currently not much data recorded about stress events
at banks, and such data is difficult to obtain.
In this paper, we show how these challenges can be addressed. We construct
several probabilistic classifiers that estimate the probability that a bank faces
liquidity stress. The classifiers are trained on a dataset that describes the
payment behavior of several European banks over the past ten years. We
elaborate on how to deal with the imbalance between stress and non-stress
examples by training the classifiers based on a weighted loss function.
Furthermore, we discuss how we labeled the dataset by searching online for
news articles about stress events at the banks. Although the quality of the
stress classes is not ideal, we will show that the classifiers detect liquidity
stress reasonably well.

3.2 Related Research
Many papers have studied the problem of predicting the emergence of a
financial crisis in a country. Financial crises are predicted from historical
panel data consisting of macroeconomic variables such as the GDP growth
rate of a country. Traditionally, this has been done by a logit model
Demirgüç-Kunt & Detragiache (1998) or by the signal extraction method of
Kaminsky & Reinhart (1999). An extensive comparison of these two methods
can be found in Davis & Karim (2008). More recent papers have also
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explored how machine learning can be applied to predict financial crises. For
example, Chamon et al. (2007) applied a random forest to predict the
emergence of a capital account crisis based on a wide range of macroeconomic
features categorized by four sectors (external, fiscal, financial, and corporate).
Moreover, Fioramanti (2008) constructed a multi-layer perceptron network to
predict the emergence of a sovereign debt crisis based on a large set of
internal, external, and debt related features of a country.
There are also many papers that have studied the problem of predicting how
well a bank performs. This problem is called bank performance prediction.
Typically, the performance of a bank is predicted from financial ratios that
are derived from the financial statements of banks such as their balance
sheets. Early papers on this topic predict bank performance based on
statistical methods such as discriminant analysis, see Altman (1968); Beaver
(1966). In recent years, machine learning is also becoming increasingly
popular in this research area. Several machine learning techniques have been
applied to perform bank performance prediction including neural networks
Tam (1991) and support-vector machines Min & Lee (2005). An extensive
overview of these techniques can be found in Kumar & Ravi (2007).
The problem studied in this paper is similar to bank performance prediction.
However, we predict stress at banks based on features derived from the
payment data generated by FMIs. We call this problem liquidity stress
detection. The use of payment data has some advantages over financial
statements. Unlike financial statements, payment data can be made available
in near real-time, provides detailed insight into the liquidity management of
banks, and cannot be easily manipulated (e.g. by window dressing).

3.3 Liquidity Stress Detection
In this section, we formalize the problem of liquidity stress detection (section
3.3.1 until 3.3.3). Furthermore, we discuss how this problem can be solved by
a logistic regression model (section 3.3.4) and multi-layer perceptron network
(section 3.3.5).
3.3.1 Notation
Let B = {b1 , . . . , bn } be a set of n banks and T = {t1 , . . . , tl } a set of l time
intervals. The time intervals are consecutive, equally spaced, and collectively
span the operating time of the financial system (e.g. by days or hours).
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Furthermore, let:
(k)

(k)

(k)

= [xi1 , . . . , xim ]T

xi

(3.1)

be a column vector of m payment features of bank bk at time interval ti .
Each feature vector describes the payment behavior of a bank at a particular
time interval and includes features related to the bank’s liquidity position,
payment flows, and collateral. We denote the set of all feature vectors by X .
(k)
Finally, let yi ∈ {0, 1} be the stress class that indicates whether bank bk
faces liquidity stress at time interval ti .
3.3.2 Classification Problem
Our goal is to construct a probabilistic classifier that classifies a feature
vector by whether or not the corresponding bank faces liquidity stress. We
can define this classifier as a probability function:
f : X → [0, 1]

(3.2)

where:
(k)

(k)

f (xi ) = P (yi

(k)

= 1|xi )

(3.3)

is the conditional probability that bank bk faces liquidity stress given that we
(k)
observe feature vector xi at time interval ti . A bank is classified as facing
(k)
liquidity stress if f (xi ) is high, i.e.:
(k)
φ(xi , ζ)



1,

(k)

if f (xi ) ≥ ζ

=
0, otherwise

(3.4)

Here, ζ ∈ [0, 1] is a threshold close to one that determines how confident the
classifier needs to be to classify a feature vector as belonging to a stressed
bank.
3.3.3 Model Assumptions
Throughout this paper, we consider the case of estimating f under the
following two assumptions:
1. Payment features and stress classes are independent of each bank, i.e.
(a) (a)
(b) (b)
(xi , yi ) is independent of (xi , yi ) for each time interval ti ∈ T and
a 6= b.
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(k)
2. Payment features and stress classes are time invariant, i.e. (x(k)
a , ya ) is
(k) (k)
independent of (xb , yb ) for each bank bk ∈ B and a 6= b.

These assumptions do not hold in practice but greatly simplify the detection
of liquidity stress4 . It is well known that liquidity issues can spread across
banks by contagion effects. Moreover, a bank that is currently facing
liquidity stress has a higher probability to be also stressed in the next time
intervals since liquidity issues can take quite some time before they are
resolved. We will show that, even by making these strong simplifications, we
can detect liquidity stress quite well.
Not every classifier is suitable to estimate f . We want a classifier that
produces well-calibrated probabilities and can deal with severely imbalanced
data. In our experiments, the probability of a feature vector belonging to a
stressed bank was less than 0.1 percent. Such severely imbalanced data
harms the performance of many classifiers. A logistic regression model or
multi-layer perception network is particularly suited to estimate f . Both
types of models are probabilistic and have found to produce well-calibrated
probabilities in practice Niculescu-Mizil & Caruana (2005). Moreover, they
can be easily adapted to deal with unbalanced data.

3.3.4 Logistic Regression
Logistic Regression (LR) is a simple probabilistic binary classifier. It is an
extension of multiple linear regression to the case where the response variable
of the regression model is a binary variable.
We consider the following LR model to detect liquidity stress:
(k)

ŷi

(k)

= σ(wxi + b)

(3.5)

where, w is a m-dimensional row vector of weights, b is a bias term, and σ is
the sigmoid function:
σ(x) =

1
1 + e−x

(3.6)

The sigmoid function in equation 3.5 rescales the linear combination to the
(k)
(k)
range (0, 1). The output ŷi is an estimate of f (xi ).
4

The environment in which the analyses took place unfortunately did not contain enough
computer capacity to implement more complex models.
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3.3.5 Multi-Layer Perceptron
A Multi-Layer Perceptron (MLP) network is a type of feed-forward neural
network. It is similar to an LR model with the exception that it processes
input features through one or more hidden layers consisting of non-linear
computational units. These additional hidden layers enable the MLP network
to learn a non-linear mapping from its inputs to its outputs.
We focus on an MLP network consisting of multiple hidden layers and a
single sigmoid output. Let δ be the number of layers or depth of the network
and si the size of the i-th layer. We denote the output of the i-th layer by hi .
The first layer of the network is the input layer, and the output of this layer
is the feature vector that is presented to the network:
(k)

h1 = xi

(3.7)

The input is processed through the hidden layers. The output of the i-th
layer is:
hi = ψ (si ) (Wi hi−1 + bi )

for 1 < i < δ

(3.8)

where, Wi is a si by si−1 matrix of weights, bi is a si -dimensional column
vector of bias terms, and ψ (si ) (x) is a set of si non-linear activation functions
that are applied to each element of x. Usually, ψ is taken to be the
hyperbolic tanh function LeCun et al. (1998) or rectified linear function
Glorot et al. (2011). Finally, the output of the last hidden layer hδ−1 is
processed through a single sigmoid unit:
ŷ = hδ = σ(wδ hδ−1 + bδ )

(3.9)

where wδ is a sδ -dimensional row vector of weights and b is a bias term. The
(k)
output hδ of the final layer is an estimate of f (xi ).
3.3.6 Model Estimation
The parameters of the LR model and MLP network can be estimated from a
historical dataset of features vectors with known stress classes. Let Θ be the
set of parameters to be optimized. Moreover, let D = {d1 , d2 , . . . } be a
dataset of tuples where each tuple:
(k)

(k)

dj = (xi , yi )

(3.10)
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(k)

(k)

consists of a feature vector xi and corresponding stress class yi . We find
optimal values for the parameters by minimizing the mean cross entropy. The
cross entropy of a single feature vector is:

(k)

(k)

(k)

(k)

J (xi , yi ) = −yi log ŷi
(k)

(3.11)
(k)

− (1 − yi ) log(1 − ŷi )

(3.12)

The cross entropy averaged over all feature vectors in D is:

J (D) =

1 X
(k) (k)
J (xi , yi )
|D| d∈D

(3.13)

The optimal values of the parameters are found by solving the following
optimization problem:
Θ∗ = arg min J (D)

(3.14)

Θ

Usually, such a problem is solved by gradient-based optimization in
conjunction with back-propagation Bottou (2004); Werbos (1982).
However, an issue in our application is that the stress classes are highly
imbalanced which makes it difficult to solve equation 3.14 by gradient-based
optimization. One way to deal with this issue is to optimize a weighted
version of cross entropy which also takes into account the probability of a
feature vector belonging to a stressed bank. The weighted cross entropy of a
single feature vector is:

(k)

(k)

(k)

(k)

J 0 (xi , yi ) = −ayi log ŷi

(k)

(3.15)
(k)

− (1 − a)(1 − yi ) log(1 − ŷi )

(3.16)

where a ∈ (0, 1) is the importance that we assign to predicting the stress
class correct. We set a equal to the probability that a feature vector does not
belong to a stressed bank. In this way, when there are fewer stress examples
in the dataset, there is a higher incentive for the classifiers to assign a high
probability to the stress examples.
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3.4 Experimental Setup
In this section, we elaborate on a series of experiments that were conducted
to determine how well the LR model and MLP network detect liquidity stress
in real-world data. We discuss the characteristics of the data (section 3.4.1
until 3.5.1), the implementation of the classifiers (section 3.5.2), and the
performance evaluation procedure (section 3.5.3).
3.4.1 Data Sources and Features
We created a dataset of feature vectors which describes the payment behavior
of all European banks on a daily basis over the last ten years. It is compiled
from data generated by three important FMIs of the Eurosystem: its
large-value payment system called TARGET25 , collateral management
system, and minimum reserve system.
The majority of features were derived from the TARGET2 large value
payment system6 . Based on the transaction log of this payment system, we
calculated for each bank its:
• Daily net value of incoming payments (i.e. total inflow minus total
outflow)
• Daily net number of incoming payments (i.e. total number of incoming
payments minus total number of outgoing payments)
• Daily net incoming payment time within the day weighted by value (i.e.
the value weighted payment time of incoming payments minus the value
weighted payment time of outgoing payments)
• Daily net incoming payment time within the day weighted by the
number of transactions (i.e. the value weighted payment time of
incoming payments minus the value weighted payment time of outgoing
payments)
These payment features were calculated for each payment type separately.
Each payment settled in TARGET2 has an associated type that describes the
nature of the payment, e.g. a customer payment, inter-bank payment, or
administrative payment. Furthermore, we calculated for each bank its:
• Daily end-of-day account balance
• Daily minimum account balance (i.e. the lowest value within the day)
5

More information about TARGET2 can be found in ECB (2018).
For research purposes, a data warehouse was constructed, see appendix A for a description.
6
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We also derived features that describe the activities of the banks on the
interbank money market. To derive these features, we applied the Furfine
algorithm on the transaction log of TARGET2 to classify each transaction as
a regular transaction or money market transaction7 . Accordingly, based on
the subset of money market transactions, we calculated for each bank its:
• Daily number of money market counterparties
• Daily HHI-index Hirschman (1945) of money market counterparties
weighted by the value of the money market loans
• Daily spread of the weighted borrowing rate to EONIA (i.e. the
difference between the money market rate of the bank and the EONIA)
These money-market features were calculated for the case in which a bank is
the lender as well as the borrower in a money-market transaction.
Besides the payment features and money-market features, we also derived
features from the European collateral management system. This system
records the amount of collateral European banks have deposited at the
Eurosystem and how much of this collateral is available for banks to make
payments during the day. From collateral data of this system, we calculated
for each bank its:
• Daily average haircut on all collateral
• Daily value of collateral before the haircut
• Daily value of collateral after the haircut
Banks cannot use collateral within the Eurosystem at the market value.
Instead, the value of collateral is decreased by a certain percentage to
account for potential credit risk that the European Central Bank could face
should a bank default and its collateral needs to be sold. This percentage is
called the haircut.
Finally, we derived data about the minimum reserve requirement of each
bank from the Europen minimum reserve system. The minimum reserve
requirement is the average amount of liquidity that a bank must keep on its
settlement accounts during the maintenance period. Based on this data and
the transaction data of TARGET2, we calculated for each bank the relative
difference between its end-of-day balance and its minimum reserve
requirement.
7

See Arciero et al. (2016) (i.e. chapter 1) for more information on how the Furfine
algorithm was applied to the European market using transactions in the transaction log of
TARGET2.
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3.4.2 Data Normalization
However, a problem with the features is that they each are on a different
scale. In addition, the range of each feature depends on the type of bank (e.g.
small or large) for which it is calculated. Hence, we cannot easily compare
the feature vectors of one bank with the feature vectors of another bank.
To address this issue, we re-scaled the feature vectors of each bank separately
by z-normalization. The normalized value of a feature was calculated by:
(k)

(k)
x̃ij
(k)

=

(k)

xij − x̄j
(k)

(3.17)

sj

(k)

where, x̄j and sj are respectively the sample mean and standard deviation
of the j-th feature in a feature vector estimated for bank bk . Normalized
(k)
(k)
feature x̃ij represents the number of standard deviations xij deviates from
(k)
the mean sj of bank bk . Notice that, after performing this normalization,
the features of each bank have zero mean and unit variance.

3.5 Stress Classes
Obtaining data about the periods in which banks faced liquidity stress is
difficult. A good indicator of liquidity stress is when a bank requests
emergency liquidity assistance. When a bank faces liquidity stress, it can
turn to the central bank that acts as a lender of last resort and request
liquidity in exchange for collateral of lesser quality. Although data about the
use of emergency liquidity by European banks is recorded, we were not able
to obtain it because such data is highly confidential and could not be made
available for research purposes.
Instead, we obtained the stress classes by performing an online news analysis.
We asked payment experts in the Eurosystem which banks suffered from
severe liquidity stress recently. The experts provided us with a short-list of
seven banks8 . For each bank on this list, we searched for evidence of liquidity
stress on Wikipedia and in online news articles of several national and
international financial newspapers (e.g. the Financial Times). All noteworthy
events that we found about the banks that could indicate possible liquidity
stress were organized in a detailed timeline. Despite the unstructured nature
of the information, we have ensured that the stress labels are correct.
8

Because of confidentiality reasons, we cannot disclose the names of these banks. Instead,
we will refer to the banks by letter, i.e. bank A, bank B, and so on.
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Based on the timeline, we assigned the feature vector of each bank at each
day in the analysis period to one of the following stress codes:
1. No stress - if we could not find any evidence of liquidity stress at the
bank at the given day
2. Possibly stress - if we could find some evidence of liquidity stress at the
bank at the given day but which was not that severe (e.g. shares of the
bank dropped or a staff member had been fired)
3. Stress - if we could find clear evidence of liquidity stress at the bank at
the given day (e.g. the start of a bank run or rumors of a takeover)
4. Bankrupt - if the bank is no longer operating and only participates in
the financial system for administrative reasons.
In most cases, the stress codes of the banks started at 1 (no stress) and
incrementally increased over time to stress code 4 (bankrupt).
Finally, the feature vectors were labeled based on the stress codes. Feature
vectors with stress code 1 (no stress) were assigned the no stress class and
feature vectors with stress code 3 (stress) were assigned the stress class. No
stress class was assigned to the feature vectors with stress code 2 (possibly
stress) and stress code 4 (bankrupt). These unlabeled feature vectors were
not used for model training but only for out-of-sample prediction.

3.5.1 Data Partitioning
We performed a series of experiments to determine how well liquidity stress
at the banks can be detected out-of-sample. During each experiment, the
dataset was partitioned into a separate training set and test set. A classifier
was trained on the training set which contained the feature vectors of all
banks except for one bank. The feature vectors of this holdout bank were put
in the test set and used to evaluate how well the classifier performs. We
repeated this experiment seven times such that the feature vectors of each
bank were used exactly once for testing. Accordingly, we measured the
average performance of the classifier over the experiments. Figure 3.1
provides a schematic overview of the experiments.
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Fig. 3.1: The partitioning of the dataset during the experiments. In each experiment,
the dataset was partitioned in a training set and test set. Accordingly, the
training set was further partitioned in six cross-validation folds. The test
set and the cross-validation folds each contained only the feature vectors of a
particular bank. The experiments were repeated such that the feature vectors
of each bank are used exactly once for testing.
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.
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Experiment 6

Train / Fold 1 Train / Fold 2
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Test

Train / Fold 6

Experiment 7

Train / Fold 1 Train / Fold 2

...

Train / Fold 6

Test

3.5.2 Model Implementation
We trained the LR model described in section 3.3.4 and two variations of the
MLP network described in section 3.3.5 on each training set. The MLP
networks have one hidden layer with either a hyperbolic tangent activation or
rectifier linear activation9 . We will refer to these networks as MLP1 and
MLP2 respectively. All classifiers were optimized by stochastic gradient
descent with momentum and mini-batches. This procedure was performed for
a fixed number of epochs with a constant learning rate. To avoid over-fitting,
we applied L2 weight decay Krogh & Hertz (1992) on all weights of the MLP
networks.
The MLP networks have some hyper-parameters that needed to be tuned.
These parameters include the number of units in the hidden layer and the
amount of weight decay. We optimized these parameters by a variation of
k-fold cross-validation using R package caret Kuhn (2008). During the
validation procedure, the training set was partitioned in six folds that each
contained the feature vectors of a particular bank. An MLP network was
trained on five of the folds having a particular configuration of hidden units
and weight decay. Accordingly, the loss function of the network was
evaluated on the holdout fold. This process was repeated until each
configuration of parameters was evaluated once on each fold. Finally, we
9

These mathematical functions are common in machine learning and determine the output
of a neural network layer.
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choose the configuration for which the network achieved the lowest loss
averaged over all holdout folds.
3.5.3 Evaluation Metrics
The performance of each classifier was evaluated by calculating its precision,
recall and F1 -score on each test set. For a given threshold ζ, precision is the
probability that a feature vector belongs to a stressed bank given that a
classifier predicted liquidity stress:
(k)

Precision(ζ) = P (yi

(k)

= 1|ŷi

≥ ζ)

(3.18)

In contrast, recall is the probability that a classifier predicts liquidity stress
given that a feature vector belongs to a stressed bank:
(k)

Recall(ζ) = P (ŷi

(k)

≥ ζ|yi

= 1)

(3.19)

The F1 -score is the harmonic mean of precision and recall:
F1 (ζ) = 2 ·

Precision(ζ) · Recall(ζ)
Precision(ζ) + Recall(ζ)

(3.20)

It constitutes an overall measure to compare the performance of a set of
competing classifiers. We determined the classifier that achieved the highest
F1 -score averaged over all test sets.
There is a trade-off between precision and recall. Different threshold levels
deliver different values for precision and recall. Usually, high levels of
precision are accompanied by lower levels of recall and vise versa. In our case
of stress prediction we prefer high precision, which avoids the occurrence of
false positive errors. We therefore choose a high threshold value of ζ = 0.9.

3.6 Results
Table 3.1 shows the performance evaluation of the classifiers in case they are
trained by regular cross entropy. The results for weighted cross entropy are
shown in Table 3.2. A threshold of ζ = 0.9 was used in all experiments. This
means that the classifiers raised an alarm when they were at least 90% sure
that a bank was facing liquidity stress.
A few things stand out in these tables. We see that the classifiers detect
liquidity stress much better when they are trained by weighted cross entropy.
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Tab. 3.1: The precision, recall, and F1 -score of the classifiers in case they are trained
based on regular cross entropy. In all experiments, a threshold of ζ = 0.9
was used to generate alarms for liquidity stress.
Precision

Recall

F1

ζ = 0.9

LR

MLP1

MLP2

LR

MLP1

MLP2

LR

MLP1

MLP2

Bank A
Bank B
Bank C
Bank D
Bank E
Bank F
Bank G

0.00
0.00
1.00
1.00
0.80
1.00
0.80

0.00
0.00
0.00
1.00
0.00
1.00
0.83

0.00
0.00
0.00
1.00
1.00
1.00
1.00

0.00
0.00
0.25
0.20
0.09
0.40
0.40

0.00
0.00
0.00
0.20
0.00
0.10
0.50

0.00
0.00
0.00
0.20
0.09
0.30
0.40

0.00
0.00
0.40
0.33
0.16
0.57
0.53

0.00
0.00
0.00
0.33
0.00
0.18
0.63

0.00
0.00
0.00
0.33
0.16
0.46
0.57

Average

0.66

0.40

0.57

0.19

0.11

0.14

0.28

0.16

0.22

Tab. 3.2: The precision, recall, and F1 -score of the classifiers in case they are trained
based on weighted cross entropy. In all experiments, a threshold of ζ = 0.9
was used to generate alarms for liquidity stress.
Precision

Recall

F1

ζ = 0.9

LR

MLP1

MLP2

LR

MLP1

MLP2

LR

MLP1

MLP2

Bank A
Bank B
Bank C
Bank D
Bank E
Bank F
Bank G

0.02
0.67
0.00
0.33
1.00
0.40
0.86

0.00
1.00
0.00
0.50
1.00
0.17
1.00

0.00
1.00
0.00
1.00
1.00
1.00
0.88

0.17
0.40
0.00
0.20
0.96
0.40
0.60

0.00
0.40
0.00
0.20
0.48
0.50
0.60

0.00
0.20
0.00
0.20
0.89
0.40
0.70

0.04
0.50
0.00
0.25
0.98
0.40
0.71

0.00
0.57
0.00
0.29
0.65
0.26
0.75

0.00
0.33
0.00
0.33
0.94
0.57
0.78

Average

0.47

0.52

0.70

0.39

0.31

0.34

0.41

0.36

0.42

The average F1 -score of the models increases when they are trained by
weighted cross entropy instead of cross entropy. This increase can be
attributed to the fact that weighted cross entropy incentives the models more
to assign a high probability to the stress cases.
Moreover, we see that MLP2 detects liquidity stress overall the best. The
network achieves an average F1 -score of 0.42 with an average precision of 70%
and average recall of 34%. These measures imply that more than two-thirds
of all alarms generated by the network were correct and the network detected
more than one-third of all stress cases. We believe that this outcome is
sufficient enough in case this model is implemented in practice for a
supervisory team. As the data points consist of days, for each new day the
model is able to predict liquidity stress with 70% certainty. The LR model
achieved a similar F1 -score but generated alarms for liquidity stress with
much lower precision.
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The break-down of the performance metrics by bank in Table 3.1 and 3.2 also
shows that the classifiers do not perform well on every bank. In particular,
they have difficulties detecting liquidity stress at bank A and C. We suspect
that the classifiers do not perform well on these banks because the stress
classes of these banks are of poor quality. Our news analysis provides only a
rough approximation of the level of stress that banks experience. News items
can be incorrect, imprecise, or incomplete. Also, many stress events do not
become known to the general public or cannot be observed in payment data.
All these factors could have caused the wrong stress class being assigned to
the feature vectors of these banks.
Another factor that negatively impacts the performance of the classifiers is
the relatively small training sets on which they were trained. There are many
forms of liquidity stress that a bank can face. For example, a bank can face
liquidity problems for only a few days which results in a bank-run or face
long-term solvency issues that eventually lead to a state takeover. It is
unlikely that the classifiers were able to learn to recognize all these different
forms of stress from data of only seven stressed banks.
We also determined whether the classifiers detect liquidity stress before the
stress became known to the general public. This was done, similarly as in the
performance evaluation, by classifying out-of-sample the feature vectors of a
holdout bank. However, this time, we also classified the features vectors that
are assigned stress code 2 (possibly stress) by our news analysis. If the
classifiers assign these feature vectors to the stress class, then they likely pick
up an early-warning sign of liquidity stress.
Figure 3.2 depicts the out-of-sample predictions of a bank. It shows that the
classifier detects an early sign of liquidity stress in the ’possibly stress’
period, quite some time before the stress became publicly known in the
’stress’ period. Note that our model is time invariant and is not able to ”look
ahead”, in order to anticipate a build up of stress. As each stress event has
its own characteristic, it is possible that this sudden increase in stress occurs.
We checked whether we could find the same stress sign by the method of
Heijmans & Heuver (2014), i.e. by studying simple plots of the features
one-at-a-time, but were unable to spot any irregularities. Hence, the classifier
must have found that a combination of features that is characteristic for a
bank that is facing liquidity stress.

3.7. Conclusions

91

Fig. 3.2: The out-of-sample predictions of MLP2 for bank E. The background colors
highlight the stress codes that were assigned to the feature vectors of the bank
by our news analysis. The classifier picks up an early-warning sign of liquidity stress in the ’Possibly Stress’ period, quite some time before newspapers
reported the stress in the ’Stress’ period.
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Note: The time dimension consists of days. The background colors represent the
different stress periods for this bank. As these periods were not known to the model, we
conclude that the model successfully predicts stress. Note that, because of confidentiality
reasons, we were not allowed to include the original figure in this paper. This figure is
artificially generated and closely resembles the original figure.

3.7 Conclusions
We conclude that liquidity stress at banks can be reasonably well detected by
supervised machine learning. Our best classifier generated alarms for
liquidity stress with a precision of 70% and a recall of 34%. In some cases,
the classifier identified signs of liquidity stress well before the stress was
reported by financial newspapers. Most of these signs remained undetectable
when studying simple plots of the features one-at-a-time. Although our
method needs some further improvements to be used in practice, we believe
that it outperforms traditional ways of retrieving and analyzing data and
therefore is a promising new tool for central banks to monitor the financial
activities of banks.
There are several ways in which our method can be improved. Our classifiers
were trained on data of only seven banks. It is to be expected that the
classifiers perform much better when they are trained on a larger dataset
containing a more diverse set of stress events. Moreover, the generation of
the stress classes by our news analysis still involved a lot of manual work.
Future research could investigate whether this step can be automated by
applying techniques of natural language processing or sentiment analysis.
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4. APPLICATIONS OF LIQUIDITY RISK DISCOVERY USING
FINANCIAL MARKET INFRASTRUCTURES
TRANSACTION ARCHIVES2

From its introduction six decades ago, the modern computer began to play a
vital role in the financial markets and the underlying infrastructures. Trading
systems, communication networks and storage facilities catalyze economic
activity. However, this increasing role was also accompanied by an increase in
risks, of which the systemic risk within payments and securities settlement
systems is an example. It is the task of central banks and other authorities to
address these risks and take the necessary mitigation measures. In this article
we want to present risk detection applications based on the information
present in financial market infrastructures. The aim is to present a bird’s eye
view of the origin of research that utilizes information present in financial
market infrastructures’ archives and how this information and the application
of new techniques can be of use to central banks and other authorities in
order to address the risks.
We conclude that not only payments and oversight divisions can benefit from
the timely information mined from financial infrastructures transaction
archives, but also financial markets, prudential supervisors and resolution
authorities. Generating, distributing and employing these new sources of
information in the organization of central banks can best be embedded by
forming mandated multi-disciplinary teams. As the amount of granular data,
artificial intelligence and computer processing capabilities will grow rapidly
we believe that it is time for central banks and other authorities to board this
departing train.
Keywords:
JEL Codes:
2

Financial market infrastructures, liquidity, Basel III,
payment systems
E58, G21, E42, G01, C63

This chapter is based on Applications of liquidity risk discovery using financial market
infrastructures transaction archives, by Richard Heuver, Ron Berndsen and Sylvester Eijffinger, Submitted to the BIS/BoE/CEPR workshop on Financial innovation: Implications
for competition, regulation, and monetary policy, (Heuver et al., 2020).
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The core of the financial market infrastructures is formed by the large value
payment systems. Though initially designed to administer monetary
transactions, these systems soon became the most important infrastructure
for processing high value interbank payments quickly and securely.

4.1 Improving the design of systems
The introduction of digital storage of transaction details opened the door for
researchers to explore and analyze payment flows. During these early years,
analysis was focused on understanding and improving the functioning of the
payment systems and the use of liquidity.
A fundamental discussion took place on the liquidity need - settlement risk
trade off. Within these early large value payment systems transactions were
made final only at the end of the day, thus leaving participants vulnerable to
the risk of non-settlement during the day, but also benefiting of the
multilateral netting effect i.e. minimal liquidity need. In a gross settlement
system, each payment is settled only if there are sufficient funds available3 .
Gross settlement therefore takes away the risk of non-settlement by settling
each transaction immediately but at the cost of high liquidity need. In
between these two system designs there are hybrid solutions possible. In a
net settlement system the settlement can be scheduled on more occasions
during the day.
Boeschoten (1989) simulated net and gross settlement based on payment
transactions from the Dutch large value payment system during one week
and compared the use of liquidity and the time that transactions spent in the
waiting queue. He concluded that, based on the simulations, implementation
of gross settlement would lead to an unacceptable number of unsettled
transactions and recommended to increase the amount of collateral and
furthermore to implement the usage of waiting queues based on the principle
of first-in, first-out (FIFO).
Important steps forward in the research and development of payment systems
were created at the Bank of Finland where a simulation tool was developed
and was made available for researchers globally4 . Koponen & Soramäki
3

In order to be able to settle outgoing payments, funds (liquidity) must be available either
in the form of account balance or in the form of collateral deposited.
4
The Bank of Finland Payment and Settlement System Simulator is used for analyzing
the efficiency and risks of payment and settlement systems. It is freely available for payment
and settlement system research. See their BoF-PSS2 website.
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(1998) and Leinonen & Soramäki (1999) developed a theoretical framework
for the discussion on the use of liquidity versus the risk of non-settlement.
At the end of the 20st century the Committee on Payment and Settlement
Systems at the Bank for International Settlements took the lead in
recommending large value payment systems to adopt gross settlement (BIS
(1997), BIS (2001)). In the following decade all large value payment systems
migrated towards real time gross settlement (RTGS).
The transaction archives from the large value payment systems made an
other type of research possible. Humphrey (1987) used transaction data from
the large value payment system in the United States, CHIPS5 , and simulated
the sudden default of a large participant. He found that other participants
would suffer from huge damage as well, most possibly leading to a chain of
defaults. Furthermore, it became clear that the central bank of the United
States faced credit risks, as the intra day credit was partly un-collateralized.
While the introduction of large value payment systems reduced risks on the
one hand, they enlarged existing risks or introduced new risks on the other
hand. Bandt & Hartmann (2000) developed a broad concept of systemic risk
and found that ”In a way, looking at payment and settlement systems is like
looking at the network of interbank exposures with a magnifying glass.
Hence, depending on their internal organisation they also determine how
shocks may propagate through the financial system, in particular how severe
contagion can be.” The authors mentioned three risks that can occur in a
payment system: operational risk, liquidity risk and credit risk. During the
following years, the urge to monitor these risks within large value payment
systems increased and finally lead to the development of the Principles for
Financial Market Infrastructures (BIS, 2012). Operators of financial market
infrastructures nowadays carefully aim to observe the principles and overseers
use them in their supervisory role. Berndsen & Heijmans (2017) provide a
method to develop indicators based on transactional data and apply a
signalling threshold in order to present a traffic light solution to facilitate
reporting to board level.
During the previous six decades the large value payment systems have
become the reliable core of the financial market infrastructure, due to
monitoring principles and improved design.

5

The Clearing House Interbank Payments System.
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4.2 Behavior of participants
The source of a crisis within the system is often formed by the behavior of
one or more participants, e.g. caused by default or operational problems.
Often the classical case of the sudden default of a participant is used as the
basis for research, with the focus on the liquidity shortage that the other
participants face during the consecutive rounds.
Glowka et al. (2018) provide a method to find potential operational outages
of participants in TARGET2. As little is known about potentially hidden
operational outages of participants, they use the historical transaction data
and, using several criteria, are able to find periods in which participants were
clearly not sending transactions because of an outage on their side.
Apart from operational problems and other crises, however, behavior of
participants can also change gradually and consciously. Within the real time
gross settlement system each participant is obliged to hold sufficient liquidity
in order to be able to meet their payment obligations. As this is costly,
participants may partly avoid maintaining high amounts of liquidity by
postponing their payments and wait for other participants to send in
payments to them. This behavior is called free riding, as these participants
freely make use of the incoming liquidity that other participants provide.
Diehl (2013) presents a methodology for proper measuring of free riding
behavior and offers empirical results in which the most important
participants in their large value payment system are compared.
It is important to monitor and simulate participant behavior as this forms an
important threat to the stability of the system as well as to individual
participants’ liquidity position.

4.3 The unsecured money market
The economist Craig Furfine realized that it was most likely that money
market transactions were present within the transaction archives as
participants would use the RTGS system to settle them. He developed an
algorithm6 that searches for large payments with a round number from the
one bank to the other and matches these to reversed payments the following
day that contain a slightly higher amount. His algorithm proved to be
Columbus’ egg as it not only delivered the money market trades, but also
6

See Furfine (1999).
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provided the rate of trades as the reversed payments contained the overnight
interest amount.
The money market plays an important role for the stability of the financial
system. Financial institutions need to be able to steer their short term
liquidity situation and therefore need access to a well functioning money
market. Furthermore, the money market acts as an important transmission
channel of monetary policy (ECB, 2017). When researchers apply Furfine’s
algorithm they gain a view on the money market that is system-wide,
granular, timely and - maybe most important - self-acquired, as banks might
be hesitant to let know that access to money markets is becoming
problematic.
The algorithm has been further developed and applied to the European
market by Arciero et al. (2016) (i.e. chapter 1), who validated the outcome
by comparing the outcome to transactions data within other financial market
infrastructures7 . The rates the algorithm finds clearly reflected the different
financial crises as well as large heterogeneity between market participants
and countries.
The authors aggregate the resulting data set into the group of countries at
the core of the euro area (Germany, France,The Netherlands, Belgium and
Finland) on the one side and countries at the (geographic) periphery of the
euro area also facing a sovereign debt crisis (Greece, Ireland, Italy, Portugal
and Spain) on the other side. The spread (i.e. the difference of domestic
borrowing rates between the periphery and core countries), as shown in
figure 4.1, clearly reflects the different crises within the euro area.
Each start of a crisis is followed by an increase in the spread due to an
increasing lack of confidence between banks in the peripheral countries. On
the other hand the start of the 3-year long-term refinancing operations are
followed by a decrease of the spread resulting from reviving confidence
between banks.
During the most recent decade the unsecured money market decreased
dramatically due to the implementation of unprecedented expansionary
monetary measures as well as a shift towards secured lending. It is to be
expected that when monetary policy returns to the situation before the
crises, the indicative value of the unsecured money market volume and
trading rates will revive.
7

The outcome was compared to transactions from the European trading platform e-MID
as well as banks’ EONIA reporting.
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Fig. 4.1: Overnight domestic money market rate spreads
between periphery and core countries.

Note: Lehmann’s collapse, the start of the country crises and the two 3-year long-term
refinancing operations are indicated by vertical lines.

The application of the Furfine algorithm to identify money market payments
is a perfect example of the retrieval of valuable information that is present in
transaction archives. The information sheds light on the liquidity position of
banks, that can be of use to financial market experts, prudential supervisors
and resolution authorities.

4.4 Adding a network dimension to existing information
During the financial crisis that started in 2007 many banks faced difficulties
withstanding financial shocks. The Bank for International Settlements (BIS)
launched its Basel III reform measures (BIS, 2010) in order to strengthen the
regulation, supervision and risk management of the banking sector. One of
the most important requirements within the framework is the Liquidity
Coverage Ratio (LCR), which is aimed at making banks more resilient
against liquidity shocks (BIS, 2013). The implementation of this important
measure is well monitored by the BIS (BIS, 2016) as well as the European
Banking Authority (EBA, 2016).
One of the first researchers to anticipate the implementation of LCR were
Bech & Keister (2012), Bech & Keister (2017) who concluded that the
introduction of the LCR requirement will alter the demand for high liquid
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assets and the behaviour in money markets.
Bonner & Eijffinger (2015) analyze the Dutch case by using data on a
liquidity requirement rather similar to LCR that had been implemented since
2003 and compare this to an added data source on interbank market trades.
They find evidence that the implementation of the liquidity requirement
influences interest rates as well as maturity volumes within the interbank
market. Bonner et al. (2015) find that disclosure and liquidity requirements
should be considered jointly in regulation design.
Though LCR brings a wealth of information on the liquidity position of
individual banks, supervisors and other authorities would benefit from the
addition of the network dimension.
Heuver & Berndsen (2019) (i.e. chapter 2) generate a similar LCR statistic
on a daily basis using historical payments data from the large value payment
system TARGET28 and simulate liquidity failure of each of the systemically
important banks. The trigger is a bank with a deteriorating LCR to a level
below the regulatory minimum and the knock-on effect is modelled as the
impact on the LCR of other banks. The generated cascade of contagion,
which in general consists of multiple paths, answers the question to what
extent the financial network further deteriorates. After each bank has been
stressed it is possible to provide paths of contagion which give a sense of the
amount and direction of potential systemic risk present in the network.
Figure 4.2 is an example of such a cumulated network of deterioration, in
which the nodes represent the institutions and the edges (or links) represent
the direction and amount of damage. The size and darkening of colors of
nodes reflect the institutions’ outgoing strength, indicating the power to
cause damage. The direction, size and darkening of colors of the edges reflect
the value of damage caused and therefore visualize paths of destruction.
The network graph contains a few institutions (large dark nodes) that inflict
much damage (thick dark outgoing edges). Furthermore one can distinguish
some institutions that hardly cause damage (small light colored nodes) and
severely suffer from damage caused by others (thick dark incoming edges).
The authors conclude that the majority of damage is caused by a small group
of large institutions and furthermore that there are groups of institutions
that are very vulnerable to shocks, regardless of the size or location of the
disruption.
This method gives important new insights for banking supervisors and
8

More information about TARGET2 can be found at the ECB website.
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Fig. 4.2: Example of a simplified network of LCR Deterioration.

Note: The figure shows the damage caused as well as suffered within the banking
network. Color and size of nodes (banks) correspond to the amount of damage caused
(i.e. outgoing direction).

resolution authorities that are interested in failure of liquidity coverage, at
the direction of the sources as well as of the consequences. Figure 4.2
contains only a small portion of the total number of banks. Due to the size of
the full network it is not feasible to inspect all the paths visually hence
automated approach is needed.
We conclude that this method adds important information for banking
supervisors and resolution authorities that focus on contagion of liquidity
failure.

4.5 Monitoring of banks’ liquidity situation
Financial market infrastructures are designed to automatically process huge
numbers of financial transactions. The archived transaction details contain
information on the financial transactions of the participants, which are mostly
banks. As transaction archives nowadays can be made available almost
limitless, the information stored enables the generation of a very long time
line reaching far back and ending very recent, often until the current day.
Heijmans & Heuver (2014) realize that the large value payment system
contains detailed information on banks’ most important payment flows as
well as the use of monetary facilities and generate a set of indicators that
enable the supervisor to assess the liquidity situation of a bank.

4.5. Monitoring of banks’ liquidity situation

103

The regular visualization of features of banks’ behavior suffers from some
limitations which make it impractical for risk monitoring. Manually
inspecting the payment plots of all banks is quite labor intensive. Moreover,
it requires a lot of expertise to asses the plots of a bank and to determine
whether they contain early-warning signs of liquidity risk.
New techniques like machine learning can help overcoming these limitations,
as the processing power of a machine is very strong.
In their paper, Heuver & Triepels (2019) (i.e. chapter 3) investigate whether
liquidity stress can be predicted from payment data by applying machine
learning. They train probabilistic classifiers that predict whether a bank
likely faces liquidity stress. The classifiers are trained on an extensive
historical data set consisting of many payment features and which contains
several stress events. The main advantage of such an approach compared to
the visualization method is that the classifiers can generate predictions of
liquidity stress very fast once they are trained. In addition, they
automatically determine which combinations of features are most
characteristic for a stressed and non-stressed bank. Experimental results
show that their classifiers predict liquidity stress quite well. They even detect
cases of liquidity stress that remain undetectable when manually inspecting
plots of individual payment features.
Figure 4.3 depicts the out-of-sample predictions of a bank. The three colors
in the background represent known stress labels that were gathered from
news items, but that are not known to the probabilistic classifiers.
The stress prediction line shows that the classifier detects an early sign of
liquidity stress in the ’possibly stress’ period, quite some time before the
stress became publicly known in the ’stress’ period.
The authors checked whether they could find the same stress sign by the
method of Heijmans & Heuver (2014), i.e. by studying simple plots of the
features one-at-a-time, but were unable to spot any irregularities. Hence, the
classifier must have found that a combination of features that is characteristic
for a bank that is facing liquidity stress.
We conclude that data from financial market infrastructures and the use of
new algorithms enable supervisors and resolution authorities to generate
accurate and timely information on the liquidity situation of banks, enabling
them to act more accurately, even before stress situations become known.
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Fig. 4.3: Out-of-sample stress probability of the machine learning model for a bank.
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Note: The figure shows the stress probability line for a bank that was new to the
machine learning model, as learning took place on different banks. The background
colors represent the different stress periods for this bank. As these periods were not
known to the model, we conclude that the model successfully predicts stress.

4.6 Final remarks and policy implications
In the past decades the applications of risk discovery has been evolving along
with the increasing availability of data sources and emerging techniques.
In their excellent paper, Broeders & Prenio (2018), provide a broad overview
of the early experiences of innovative technology in financial supervision
(called suptech). We endorse their statements (4 and 61) that the use of
suptech is accelerating due to increasing data quality and availability,
growing computer resources and advances in data science.
We believe that the traditional ways of retrieving and analyzing data is
(becoming) insufficient9 . Central banks and supervisory authorities will need
to adopt the emerging techniques. As other (commercial) financial
institutions around them do with more dedication, this could lead to a ’gap’.
As the combination of granular data and machine learning algorithms has
proven to be successful we recommend to start exploration and
implementation. New techniques like machine learning come with the
challenge of delivering new and often more uncertain results which are
difficult to present to supervisors, overseers and management.
It is therefore important to take the time to adopt the new techniques,
preferably through forming mandated multi-disciplinary teams that can bring
9

See chapter 3, conclusions 3.7.
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together knowledge from business intelligence, oversight, supervision and
research.
In the ideal situation, regulators continuously maintain a bank’s full liquidity
and solvency position, preferably at the level that banks can generate this
themselves (or at least should). The usage of financial market infrastructure
transaction data is an important step forward towards pulling data directly
from supervised institutions.
The emergence of liquidity problems at a bank is accompanied by great
uncertainty, not only at the bank itself, but certainly also at the supervisory
and resolution authorities. During the transition period from (failing)
supervision to resolution it is important to be able to make decisions quickly.
Timely, accurate and authentic information is crucial. A bank that faces
problems often is not able or willing to give full disclosure of the situation.
Information that originates from central banks’ own large value payment
systems delivers this information.
Data from financial market infrastructures that central banks operate brings
them information very timely. Though this is a large improvement compared
to regular reporting, even more gain can be achieved when data from banks’
own infrastructures is used. One of the next steps to be taken towards the
optimal use of financial market infrastructure information is the linking of
different systems and currencies. It is to be expected that this is difficult, the
technique of which will cause the least problems. There will be more and
more new data sources that will prove to be valuable for central banks and
supervisors in their desire to actively and effectively monitor banks.
Sometimes these new sources of information will come from other research
areas.
Nowadays researchers that aim to discover risks apply artificial intelligence
like machine learning in a strict and narrow sense. Algorithms are developed
that process a predefined data set and can output a predefined set of results.
The researcher plays a crucial role in this process. We recommend to form
small teams that work as a catalyst for the dissemination of knowledge about
banking supervision and machine learning. During the coming decades the
application of artificial intelligence will become much broader and help
generate more and more valuable information. Algorithms will become
available for a broader audience.
Liquidity risk discovery using financial market infrastructures transaction
archives has proven to be rewarding for central banks. In this thesis, the first
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chapter shows that a detailed view of the Euro money market is gained, the
second chapter enables researchers to add a network dimension to LCR
information, while the third chapter proves that liquidity stress can be
detected at daily level.
It is necessary to combine knowledge and skills from various parts within the
central bank; payments, research, banking supervision and information
technology. We recommend to form small multidisciplinary teams that can
work towards future solution and, in time, make central banks more decisive
and effective.
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EPILOGUE
In this thesis we develop tools for exploring liquidity risk within banks or
within the banking network by using the data stored by financial market
infrastructures.
It is the nature of banks to attract deposits and provide loans. The maturity
mismatch of short-term deposits versus long-term loans makes banks
vulnerable to liquidity risk.
A bank that is faced with a disruption might find itself unable to meet its
payment obligations. These liquidity issues, in turn, can negatively impact
the liquidity position of many other banks due to contagion effects. For this
reason, central banks carefully monitor the payment activities of banks in
financial market infrastructures and try to detect early-warning signs of
liquidity stress.
In this thesis we show that liquidity stress at banks can be reasonably well
detected by supervised machine learning. Although our method needs some
further improvements to be used in practice, we believe that it is a promising
new tool for central banks to monitor the financial activities of banks.
The data used in this thesis are available to supervisors, central banks and
resolution authorities, therefore making it possible to anticipate contagion of
failing liquidity coverage within their payment network on a daily basis.
We conclude that not only payments and oversight divisions can benefit from
the timely information mined from financial infrastructures transaction
archives, but also financial markets, prudential supervisors and resolution
authorities.
Generating, distributing and employing these new sources of information in
the organization of central banks can best be embedded by forming
mandated multi-disciplinary teams.
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As the amount of granular data, artificial intelligence and computer
processing capabilities will grow rapidly we believe that it is time for central
banks and other authorities to board this departing train.

APPENDIX

A. DATA WAREHOUSE IMPLEMENTATION OF THE
TARGET2 PAYMENT SYSTEM DATA USING A
DIMENSIONAL MODEL APPROACH

In order to assist researchers in their need for data on TARGET2 payments
and balances over longer time spans while preserving high granularity, a data
warehouse has been implemented using a dimensional model approach.
The data warehouse contains enrichments. First, aggregation at the
institution level has been added. Information on sending and receiving side of
transactions is stored at the level of Bank Identifier Code1 . As institutions
often maintain more than one BIC, researchers desire to analyze at the level
of the whole institution. Second, the information on money market trades is
added, by incorporating the results from the Furfine algorithm2 . Third,
information on the use of intra day credit is derived and stored.
During a first pilot test case in which a set of stress indicators was generated
spanning June 2008 to July 2016, the data warehouse has proven to be well
performing. This is specifically important for the cpu-intensive calculation of
network indicators, which up till this moment had not been possible.

1

BIC, see also the SWIFT Institute.
This algorithm was first developed by Craig Furfine (Furfine, 1999) and developed and
applied to the European market by Arciero et al. (2016).
2
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A.1 Introduction
This document aims to describe the data warehouse ’T2DWH’ which is
generated in the TARGET2 Simulation environment. Separate documents
will be generated for technical maintenance as well as for colleagues that
desire to use the data warehouse and need guidance on the availability and
retrieval of information.
Analysis of TARGET2 data sources is carried out by ECB working groups.
The focus is on the risks that lie within the TARGET2 system and its
connections to other financial market infrastructures, either from an oversight
aspect, from an operational point of view or from a macro prudential view.
Examples of studies are Diehl (2013) who investigates measures for deliberate
payment delays (so called ’free riding’), Kaliontzoglou (2014) who analyze
implementation of measures for payments timing, and Craig (2015) who
study payment delays and contagion. Furthermore, nowadays the ECB
(2015) generates and publishes the TARGET balances on a monthly basis.
An important new source of information was delivered in 2013 through the
database on money market loans (see Arciero et al. (2013)), that is derived
from payments data using an algorithm originally developed by Furfine
(1999). Examples of the abundance of research work are Gabrieli et al.
(2015) that investigate the contagion across borders in the interbank market,
Garcia de Andoaina et al. (2014) that look at fragmentation in the Euro
overnight unsecured money market, and Tölö et al. (2014) that compare the
banks overnight borrowing rates to their CDS prices.
A.1.1 Shortcomings
Although data has been stored since 2008 and several studies were
successfully conducted, data storage contains shortcomings that hinder
research.
Storage as archive
The information from the TARGET2 payment system is stored in a large
MySQL database. The purpose of the database is that of an archive of all
individual transactions and balances. The data comes from the CRSS system
on a daily basis, and is copied into monthly tables. Researchers use this
database to retrieve the data on payments and daily balances either for
analysis purposes or to be pre-processed as input for the BoF Simulator
program.
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However, analysis of payment flows is often focused on longer periods, often
years, making it necessary to manually combine data from several tables.
Redundance
Storage of the data is ‘as was delivered’, which means that data is copied from
flatfiles into the MySQL database without changes. The source data contains
redundancies as it is not indexed. Examples of these are repeated occurrences
of account IDs, account names, participant IDs, payment types etcetera. This
leads to doubling of information and the use of much storage space.
Character versus numeric
Many columns are of type ‘character’. However, character based storage of
information is not efficient when stored and processed by computers.
Computers are designed to store and calculate numeric data, preferably
integers.
Not ideal for analysis
For analytical purposes the stored data lacks performance and should be
designed to be easily accessible throughout the whole period. This can be
achieved by implementing a data warehouse solution in which performance
and accessibility of longer periods stand central.
This document is organized as follows:
• Section A.2 contains background information on dimensional modeling
in general
• Section A.3 contains the actual design of the data warehouse
• Section A.4 gives a view of the performance
• Section A.5 provides an overview of desired future additions.
This document aims to give an overview. Further information can be found
in the technical documentation as well as the user manual.

A.2 Dimensional Modeling
Transaction Processing System versus Data Warehouse
The purpose of a ‘transaction processing system’ is, as the name implies, to
process and store transactions. This means that the database design is ‘row
oriented’ and that database interactions are often quick and short.
Analytic research, however, is focused on retrieving a long period of historic
transactions in order to generate statistics, often generating aggregates and
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density information on one variable. This kind of database access is ‘column
oriented’.
As early as the 1960s, techniques were developed to design and build
databases that met this specific demand. One of the most important founders
is Ralph Kimball, who contributed hugely to the theory of data warehouse
design (Kimball, 1996), using the definition: ‘A data warehouse is a copy of
transaction data specifically structured for query and analysis’.
Star schema
Central in Kimball’s theory on data warehouse design stands the ‘dimensional
model’ that is used to define key data on the one hand (facts), and ways to
organize these facts on the other hand (dimensions). An example of this for a
commercial firm would be to define the sales volumes as a fact and sales type,
employee, products, time and store as the dimensions (see figure A.1).
Fig. A.1: Example of a Star Schema.

Fast and narrow fact tables
In order to ensure good performance, fact tables only contain numeric data;
on the one hand they contain the facts while on the other hand they contain
the pointers to the dimension tables (van der Lek et al. (2000) and Adamson
(2010)).

A.2. Dimensional Modeling

121

Snow Flake versus Star Schema
Often dimensions contain a hierarchical element. For the sales example it is
possible to generate sales per day, that in turn can be summarized into
weekly sales, that in turn can be summarized into monthly, quarterly and
lastly yearly totals.
Such a hierarchical dimension can be implemented by either a snow flake or a
star schema. Figure A.2 shows both ways to implement hierarchical
dimensions.
While the snow flake approach has the advantage of data normalization and
reduction of redundancy, the demand for high performance will force the
designer to implement the star schema.
In the TARGET2 data warehouse speed is chosen above redundancy in order
to allow researchers to analyze large data sets. Redundancy is reduced to a
minimum, while scripts for updating information are designed to alter
information in several places when stored redundant.
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Fig. A.2: Example of a Snowflake model (top) and a Star Schema (bottom).

Source: Drkusic (2016).
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A.3 Implementation
The data warehouse is positioned for researchers that want to generate
statistics throughout the whole TARGET2 period spanning 2008-2020. In
order to maintain high performance, it is therefore necessary to perform
aggregations. Furthermore, the data warehouse aims to be used as input for
simulations that aim to analyze scenarios in which the desired level of
accuracy is of secondary importance to the time span of the simulation (e.g.
months or even years). These scenarios usually do not focus on the technical
aspects of the payment system but more on the behavioral aspects and
liquidity position of participants.
Optimal level of granularity
The following dimension and their available levels of granularity are chosen:
• dimension account: account level (aggregated to participant, to
institution)
• dimension time: time weighted moment of all transactions within the
quarter of the hour (aggregated to day and month level)
A.3.1 Fact tables
The following fact tables have been implemented.
Fact table f tran aq contains transaction information aggregated to the
quarter of the hour, being the most granular table.
Fact table f tran ad contains transaction information of the quarter of the
hour table f tran aq, aggregated to the day level.
Fact table f actbal contains the daily balances. Start of day balance and
maximum intraday credit limit (collateral value).
Fact table f tran ad idc contains the maximum intra day credit used for that
day. This contains an enrichment, derived from the account balance and
transaction tables.
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Fig. A.3: f tran aq - Fact table - ‘Transactions’ - Aggregated to the level of quarter of
the hour.

Fig. A.4: f tran ad - Fact table - ‘Transactions’ - Aggregated to daily level.
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Fig. A.5: f actbal - ‘Account balances’ fact table.

Fig. A.6: f tran ad idc - ‘Intra day credit’ fact table - aggregated to daily level.
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A.3.2 Dimension tables
The following dimensions have been implemented:
• d tran type - ‘Transaction type’ dimension In order to maintain the
highest granularity, all combinations of transaction type and transaction
class have been kept. Internally, transaction type is grouped, which
enables aggregation to transaction type group.
• d tran ‘Participant’ and aggregation to d inst ‘Institution’ Information
on sending and receiving side of transactions is stored at the level of
Bank Identifier Code3 . The available aggregation level of participant to
institution has been added. As institutions often maintain more than
one BIC, researchers desire to analyze at the level of the whole
institution.
• d date - ‘Date’ dimension The column ‘month’ enables aggregation to
the month level. If desired, subsetting this column leads to ‘year’
aggregation.
You win some, you lose some
The most important purpose of the data warehouse - speed - forces the
design to leave out some dimensions that remain available in the original
TARGET2 database. The most important one is the loss of the individual
transaction timestamp. All transactions within one quarter of the hour are
aggregated, by account and transaction type. Their timestamp however is
stored as an aggregated but value weighted average within the quarter,
therefore leaving open the possibility to analyse intraday flows of liquidity. It
is the opinion of the designers that this is sufficient.
Furthermore, all other dimensions apart from account debit, account credit
and transaction type are not available. The design therefore forces the user
to use a subset of information that is aimed to be sufficient for the majority
of cases. For the research projects that need the original information it will
therefore be necessary to retrieve the information using the original database.
Software used
The TARGET2 environment has been set up to perform the task of storage
and analysis of the TARGET2 data. To reduce cost, a minimum of software
is istalled. The database management system in which the transaction data
is stored, consists of MySQL Server 5.0.
3

BIC, see also the SWIFT Institute.
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Thanks go to Djoni Darmawikarta, who provides an excellent book on
implementing a data warehouse according to the dimensional model using
MySQL (Darmawikarta, 2007).
Furthermore, R and Rstudio were used to generate queries and perform
calculations.
In the future it will be desired to add information from other data sources
(see section A.5).

A.4 Performance
Table A.1 shows the performance of queries on the original TARGET2
database, compared to queries on the first version of the data warehouse.
Tab. A.1: Comparison of performance of TARGET2 database versus Dimensional
Model.

TARGET2 Dim.
Database Model

Dim.
Model
As % of
TARGET2
Database

Nr of records

715 mio

90 mio

12 %

Database storage size

220 Gb

9 Gb

4%

1.7 sec

10 %

Query of all transactions of one day 16.5 sec

Day indicator ”degree” of one month not possi- 60 sec
ble

0%

A.5 Future Work
The data warehouse is designed with the possibility in mind to add other
sources.
Analysis and integration of data warehouses can be best performed using
powerful tools, as Power Play or Microsoft Power BI.
Further, (Daniels & Caron, 2009) provide a methodology for generating
explanations and diagnostics for supporting business decision tasks.
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The following sources would like to be added in the future.
Bankscope
It is the desire of researchers to start simulations in which severe stress
scenarios take place in which collateral value deteriorates. Whenever
available liquidity in the payment system decreases banks will most probably
add collateral that is located elsewhere. At this moment there is no
information available on banks’ balance sheets, making it impossible to use
realistic figures on banks’ safety margins.
TARGET2 Securities
The major infrastructure project of the introduction of TARGET2 Securities
(T2S) is meant to overcome the current barriers in settlement of securities
transactions across borders in central bank money4 and is introduced in four
waves, starting 2015 and ending 2017. During this major project 24
separately connected CSDs (Central Securities Depositories) will be
connected to one central system, T2S.
In order to assess the liquidity effects that T2S had (or will have) on
TARGET2, it is the desire of researchers to add information from T2s to the
TARGET2 simulation environment.
Secured Money Markets
The TARGET2 Simulation environment currently contains full granular
information on ECB operations (long term loans, marginal lending and
deposit facility). Using the Furfine algorithm, unsecured money market
transactions have become visible and are a wealth of information to
researchers. However, in order to gain a full view on liquidity markets it is
desired to add transaction data from secured market platforms Eurex and
MTS Repo.5

4

In 2001 an EC working group chaired by Alberto Giovanini on cross-border clearing
and settlement arrangements already concluded that the European post-trading industry
contained many barriers for efficiency and open cross-border market operation (Giovannini,
2001).
5
See (Heijmans et al., 2016) that investigate changes in both unsecured and secured
markets in relation to the monetary policy measures taken by the ECB.

BIBLIOGRAPHY

129

Bibliography
Adamson, C. (2010). Star Schema. Mcgraw-Hill Education - Europe.
Arciero, L., Heijmans, R., Heuver, R., Massarenti, M., Picillo, C., & Vacirca,
F. (2013). How to Measure the Unsecured Money Market? The
Eurosystem’s Implementation and Validation using TARGET2 Data. De
Nederlandsche Bank Working Paper 369.
http://papers.ssrn.com/sol3/papers.cfm?abstract id=2489875.
Arciero, L., Heijmans, R., Heuver, R., Massarenti, M., Picillo, C., & Vacirca,
F. (2016). How to measure the unsecured money market: The eurosystem’s
implementation and validation using target2 data. International Journal of
Central Banking. http://www.ijcb.org/journal/ijcb16q1a8.pdf.
Craig, B. (2015). : Society for Economic Measurement Annual Conference.
https://kilthub.cmu.edu/articles/
Intraday Liquidity and Delays in the European Payments System/
6712493.
Daniels, H. & Caron, E. (2009). Automated Explanation of Financial Data,
volume 16, (pp. 5–19).
https://onlinelibrary.wiley.com/doi/abs/10.1002/isaf.290.
Darmawikarta, D. (2007). Dimensional Data Warehousing with MySQL - A
Tutorial. Brainy Software Corp.
Diehl, M. (2013). Measuring Free Riding in Large-Value Payment Systems:
The Case of TARGET2. Journal of Financial Market Infrastructures, 1(3),
31–53. http://m.risk.net/digital assets/6472/jfmi diehl web.pdf.
Drkusic, E. (2016). Star schema vs. snowflake schema.
http://www.vertabelo.com/blog/technical-articles/datawarehouse-modeling-star-schema-vs-snowflake-schema.
ECB (2015). Target balances.
http://www.ecb.europa.eu/stats/services/sdw/html/index.en.html.
Furfine, C. (1999). The Microstructure of the Federal Funds Market.
Financial Markets, Institutions and Instruments, 8, 24–44. http:
//onlinelibrary.wiley.com/doi/10.1111/1468-0416.00031/abstract.
Gabrieli, S., Salakhova, D., & Vuillemey, G. (2015). Cross-border interbank
contagion in the european banking sector.
http://papers.ssrn.com/sol3/papers.cfm?abstract id=2587635.
Garcia de Andoaina, C., Hoffmann, P., & Manganelli, S. (2014).
Fragmentation in the euro overnight unsecured money market. http:
//www.sciencedirect.com/science/article/pii/S016517651400353X.

130

A. TARGET2 Data Warehouse implementation

Giovannini, A. (2001). Cross-border clearing and settlement arrangements in
the european union. European Commission. http://ec.europa.eu/
economy finance/publications/publication8033 en.pdf.
Heijmans, R., Heuver, R., & Z., G. (2016). How to monitor the exit from the
eurosystem’s unconventional monetary policy: Is eonia dead and gone?
DNB Working Paper, 504.
http://www.dnb.nl/nieuws/publicaties-dnb/dnb-working-papersreeks/dnb-working-papers/working-papers-2016/dnb338601.jsp.
Kaliontzoglou, A. (2014). Implementation Aspects of Indicators Related to
Payments Timing, volume 2 nr 3, chapter 9. IGI Global.
http://www.igi-global.com/chapter/implementation-aspects-ofindicators-related-to-payments-timing/135703.
Kimball, R. (1996). The Data Warehouse Toolkit. Practical Techniques for
Building Dimensional Data Warehouses. John Wiley & Sons, Inc. New
York, NY, USA c 1996.
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In this PhD thesis we develop tools for exploring liquidity risk within banks or within
the banking network by using the data stored by financial market infrastructures.
More specifically we study large value payment systems as they form the core of the
whole financial infrastructure and make policy recommendations from a financial
stability perspective. We develop an algorithm for the identification of money market
trades that are present in the European large value payment system TARGET2.
Further, we use the payment network to generate an LCR-like statistic on a daily
basis and simulate liquidity failure of each of the systemically important banks. The
aim of the chapter is to uncover paths of contagion which give a sense of potential
systemic risk present in the network.
Liquidity stress constitutes an ongoing threat to financial stability in the banking
sector. For this reason, central banks carefully monitor the payment activities of
banks in financial market infrastructures and try to detect earlywarning signs of
liquidity stress. We investigate whether this monitoring task can be performed by
supervised machine learning and find that it is a promising new tool.

Richard Heuver (1962) graduated in physical education in 1985 and, due to poor
market prognoses, started his career at the Dutch central bank. He has always been
involved in information technology, business intelligence and analysis of financial
banking data. During the past two decades he worked in the payments and market
infrastructures division and became increasingly involved in research into risks
within payment systems. His research focuses on stress scenario analysis, network
topology, the interbank money market and identification of behavioral aspects and
signs of liquidity problems within the banking community.
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