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Abstract
We argue that the shift towards a cashless digital society may impact how bank
runs occur and propose a method to real-time identify them in payment systems. By
applying our methodology to unique, daily, transaction-level TARGET2 data we find
evidence of silent bank runs. Oppositely to noisy runs they are not visible, but the
implied liquidity drain is significant and estimated to be about three times the bank’s
reserve requirement, close to the run-off rate of stable deposits in the LCR. Most of
the deposits were moved electronically to other banks, not altering the deposit currency
ratio and generating positive liquidity spillovers. Almost half of them were done using
real-time transfers, thus accelerating the outpouring of deposits. The majority of funds
went to big domestic banks, generating a size premium. Bilateral interbank cross border
outflows were mostly to sound countries with a more advanced financial services industry.
The small amount converted into cash was mainly in small denominations, plausibly via
ATM. Under the fixed-rate full allotment regime, the liquidity drain was mostly offset
by open market operations with the central bank.
Keywords: bank run, interbank networks, central banking, payment systems, money,
financial crisis.
JEL Classification Codes: E50, E40, G01, G10, G21.
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Introduction

While there is a large literature focused on what might be called noisy runs, in which depositors
literally run down to the bank, stand in line, and withdraw cash, perhaps forcing the bank to
close its doors (the Northern Rock case is a recent example), there is almost no evidence of
silent runs, in which bank’s depositors withdraw funds en masse without physically entering
the bank. Despite the importance of getting timely information on banks’ soundness, evidences
on this subject is scarce for several reasons. First, because we immediately recognize if a bank
is noisily run, perhaps just walking on the street, but we could even not know whether a bank
is silently run, because there is no physical evidence of it. While there is some evidence of
preluder silent (Rockoff, 2003) or slow (Gertler et al., 2016) runs for huge macro crises, there
is scant or none regarding idiosyncratic events that may have also not turned into banking
catastrophes. Second, information on depositors’ behavior is difficult to get. A bank does not
want to diffuse the information that it is under a silent run and supervisory reports may not
even reveal these events properly because of their low frequency and aggregate nature. Third,
our digital financial life is a pretty new thing. As many other social and economic behaviors,
before the recent evolution of digital services human action left physically traces, bank runs
included. The recent development of financial and payment services, the fintech revolution
and the spread of smartphones, mobile devices and financial applications allows us to make
many operations digitally. Such evolution can also drastically transform bank runs. The
transition from silent to noisy could change or completely disappear if depositors are able and
willing to do any kind of operation digitally. New post-crisis liquidity regulation advocated by
Basel requires that banks maintain adequate stability-adjusted funding consistent with their
liquidity-adjusted assets. For such liquidity regulations to be effective, they must accurately
characterize the stability of various funding sources. Despite the importance of these measures,
there is little empirical evidence on liquidity drains generated by bank runs and their potential
evolution in the digital era. There is no need to stress the importance of following these changes
for central banks, regulators and researchers.
The increasing digitalization of financial services poses at its center payment systems. As
transactions are more frequently settled electronically, financial market infrastructures play an
increasingly important role in our lives. A positive side effect of such change is that payment
systems can also provide more timely and detailed information on many financial events, bank
runs included again.
Along these lines, this paper’s contribution is fourfold. First, we propose to use payment
system data to detect silent bank runs and define the relevant set of information in large value
payment systems. Second, we construct an algorithm to identify runs from transactional data
in real-time. Third, we empirically test our method on real data using information from
TARGET2. Fourth, we uncover a set of silent bank runs and study their features.
We find evidence of silent bank runs not followed by noisy runs. Their estimated length is
about two weeks plus two additional milder-drain weeks. The estimated liquidity drain was
significant and equal to about 300 percent of the run bank’s reserve requirement, close to the
run-off rate of stable deposits in the LCR (Basel III, 2013). The runs were mostly digital,
95 per cent of deposits moved to other banks via direct transfers in the payment system,
not dramatically impacting the deposit currency ratio. Even though it accounts only for the
residual 5 per cent, cash plays a role. Interestingly, the majority was withdrawn in small
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denominations, plausibly from ATMs by insured depositors.1 The digital transfers generated
positive liquidity externalities to other banks, alleviating negative ones (Goldsmith-Pinkham
and Yorulmazer, 2010). Especially big domestic banks benefited, pointing at a size premium
(Oliveira et al., 2014). A relatively smaller portion of deposits flew outside the country. Sound
and more financial services-oriented countries were the most popular destinations. This could
be explained by the higher likelihood that more sophisticated depositors have multiple accounts
in countries with a more developed financial services industry, which in turn generates a
financial services industry premium. The concrete fear of insolvency was manifested by about
half of the digital transfers done using real-time settlement (instead of the usual deferred
settlement), putting an additional liquidity pressure on the bank. We also looked at how
the banks managed to offset such significant liquidity drain. Even if the amount of excessive
reserves was very high in the period under analysis, the run banks had to seek for compensating
funds. Under the fixed-rate full allotment regime, open market operations were the most
important channel to absorb the deposits’ shock. A minor part came from a different usage
of collateral, namely repos and securities selling.
The rest of the paper is organized as follows. Section 2 discusses the related literature.
Section 3 describes how to track customers’ behavior with payment system data and the
methodology to identify bank runs in real-time. Section 4 presents evidence from the application of our algorithm to TARGET2 data. Section 5 analyzes how banks managed to offset
the liquidity drain generated by the runs. Section 6 backtests our algorithm using structural
break methods. Section 7 outlines other sources of information for silent bank runs real-time
detection and their drawbacks. Section 8 concludes with policy related discussion.

2

Related Literature

Given their importance, bank runs have long been at the center of scholars and policy makers’
debates. The literature is so vast that is even difficult to give a comprehensive view. Our
paper is related to a number of strands of literature.
First, it relates to the large theoretical literature on bank runs and policy tools to prevent
them, as it uncovers a new form of bank runs and provides evidence on them. From a policy
perspective, several tools have been proposed to disincentivize bank runs. The government can
provide deposit insurance and produce superior deposit contracts (Bryant, 1980; Dávila and
Goldstein, 2016; Diamond and Dybvig, 1983). In addition, particular central bank liquidity
provision policy can prevent bank panics without moral hazard problems (Martin, 2006). As
an alternative, the commercial bank can suspend convertibility of deposits into cash (Engineer,
1989). In extreme cases, deposit freeze is also one of the most common policy response to
a banking panic. Such freezes happened in the United States prior to 1933. More recently,
Brazil, Ecuador, and Argentina have declared widespread deposit freezes to stop the outflow
of deposits from the banking system. The anticipation of such an intervention can generate
the conditions necessary for a self-fulfilling run to occur (Ennis and Keister, 2009). There
is also a large debate on the effects of bailing out or bailing in financial institutions (Gropp
et al., 2010; Keister and Narasiman, 2016).
1

The documented unawareness about deposit insurance of Italian depositors (Bartiloro, 2011) may drive
these results together with the preference of holding a small amount of cash instead of a credit issued from
the deposit insurance.
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The macro effects and the systemic risk implications of runs has also been at the crux of
the debate, especially after the recent financial crises. Macroeconomic models that consider
bank runs include Gertler and Kiyotaki (2015) and Ferrante (2015). Even if retail markets
remain relatively stable, wholesale funding markets may experience dry-ups and runs. Runs
on the shadow banking system were a salient feature of the financial crisis, culminating with
the collapse in September 2008 of Lehman Brothers (Gertler et al., 2016). Indeed the 2008
financial crisis was reminiscent of a bank run (Uhlig, 2010). This aspect is well caught by the
following phrase from a speech of the former FED President Ben Bernanke.
”The emergence of run-like phenomena in a variety of contexts helps explain the remarkably
sharp and sudden intensification of the financial crisis, its rapid global spread, and the fact
that standard market indicators largely failed to forecast the abrupt deterioration in financial
conditions” (Bernanke, 2012).
There is also a large literature that looks at the interaction with financial and money
markets. The coexistence of a central bank, which determines banks’ reserve requirements,
and an interbank market, which redistributes reserves, leads to a smaller probability of a bank
run (Cañón and Margaretic, 2014). The occurrence of bank runs can rise short-term interest
rates (Waldo, 1985), preventing a smooth transmission of policy rates. Banks offer contracts
preventing runs, but may accept some risk of run to achieve higher returns (Cooper and Ross,
1998; Ennis and Keister, 2006). A bank run may have significant effects on the rest of the
banking system. One bank may trigger a panic-based depositor-run at another bank (Brown
et al., 2016). Banks that rely on funding from wholesale markets may be significantly affected
by a run to another bank (Goldsmith-Pinkham and Yorulmazer, 2010). In such situations
creditors begin a steady stream of withdrawals and became increasingly reluctant to roll over
short-term loans. As the market probability of a run increases, creditors withdraw some but
not all of their funds generating a slow run (Gertler and Kiyotaki, 2015). In August 2007 a
steady contraction of Asset Backed Commercial Paper (ABCP) market began, something akin
to a slow run. Such slow runs can anticipate a complete collapse of the banking system as
depositors coordinate on a no rollover equilibrium, generating a fast run. As a result, banks
liquidate all their assets leading to a sharp drop in asset prices and rise in spreads (Gertler
et al., 2016). Indeed if the first wave of distress hitting the ABCP market had the features of
a slow run, the second, which led to the dissolution of the entire investment banking system
had the features of a traditional fast run.
Understanding depositors’ behavior is key for bank runs. Depositors observe the other
depositors’ actions and when withdrawals are observed, bank runs are more likely to happen
(Kiss et al., 2014). Bank run may still occur when depositors’ expectations on the bank’s
fundamentals do not change (Chen and Hasan, 2006; Keister and Narasiman, 2016). Run to
systemically important banks is better explained by the perception of a too-big-to-fail policy
than by bank fundamentals (Oliveira et al., 2014).
By studying runs with transactional data, we complement the existing empirical literature,
which has largely been conducted in a macro setting. A key aspect in bank runs is depositors’
behavior and perception. Without micro data it is difficult to capture many interesting aspects
that are key to understand runs’ features. Notable examples going in this direction are Iyer
et al. (2016) and Iyer and Puri (2012). They look at micro data from depositors of one
bank in India. They show how heterogeneity in depositor responses to solvency risk and
in bank-depositors relationships can generate different type of runs. Our study is somehow
4

complementary as we look at transactions instead of accounts and consider an environment
in which the run is mainly digital (silent) instead of physical (noisy).2 While the advantage of
accounts’ data is that it is possible to observe different behaviors by heterogeneous depositors,
with transactional data we can not only uncover even silent runs timely, we can also follow
where money goes and through which channel. This aspect is particularly important if we
want to understand (i) whether runs are getting digital and eventually instant and (ii) where
these funds go.
There has been a tendency in the literature to focus on what might be called noisy runs.
In this case, depositors literally run down to the bank, stand in line, and withdraw cash,
perhaps forcing the bank to close its doors. The Northern Rock case is a recent example.
Noisy runs lead naturally to a sharp decline in the deposit currency ratio. Equally damaging
to banks is a silent run. A silent bank run is a situation in which a bank’s depositors withdraw
funds en masse without physically entering the bank. In this case, depositors mostly transfer
their money from a bank they consider weak and deposit them in another bank they consider
stronger.3 These phenomena are the natural prelude for a noisy run or even a system-wide
financial crisis. For these reasons, the timely identification of silent and slow bank runs is
particularly important for policy makers.4 As we show below, they can also manifest without
becoming noisy, thus providing some salient information that would remain unused if not
detected. This is a key aspect because we cannot really understand the process that will bring
to the next noisy or fast run (and eventually prevent it) without detecting and understanding
its forerunners.
The idea behind this paper is simple: timely identification of silent bank runs can be
achieved using payment system information. Silent runs involve the transfer of money that
can be traced in payment systems. This is hard data, not survey data. It is consequently more
timely and complete as it captures everything happens in real-time, the cost is the complexity
of its structure. If the central bank has a rich information to leverage and is able to treat
such complexity, the goal can be achieved even with relatively simple econometric tools. Here
we focus on deposit runs, but the methodology proposed can be extended to other type of
runs, like wholesale funding or repo runs (Gertler et al., 2016; Martin et al., 2014), as long
as these contracts are settled in payment systems or visible from a different financial market
infrastructure.

3

Identifying Bank Runs in Payment Systems

In this section we describe how to identify bank runs using payment system data. Before
getting into the details of our algorithm, we give a brief overview on payment systems and the
data useful to identify runs. See Kokkola (2010) and Haldane et al. (2008) among others for
a detailed discussion on payment and settlement systems.
2
The bank they analyze had no electronic banking or any automatic teller machines, while our runs are
almost entirely via these channels.
3
A slightly different definition is given by Rockoff (2003), referring to the great contraction. Differently,
here we allow silent bank runs to also change the deposit currency ratio, as depositors can also get digital or
paper cash not entering physically the bank. We prefer this definition for two reasons. First, because part
of the silent run we identified involved ATM withdrawals. Second, because we would include digital central
bank currency as a potential option for the near future. We discuss and describe these possibilities in the next
sections.
4
See Rockoff (2003) for an example in the early 1930s.
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Given that we are interested on banks’ customers behavior, we focus mainly on retail (RPS)
and large value (LVPS) payment systems. Here the discussion is simplified and intended for
the reader that is less familiar with payment systems.
In modern economies, banks’ reserve accounts are held in the LVPS. In this system, interbank transactions are settled in central bank money. When these transactions are settled
in real-time we define them as real-time gross settlement (RTGS) systems. In this simplified
discussion we assume there is only one LVPS for a currency. Such transactions include monetary policy operations, money market loans, securities related payments, the CCP margins,
forex contracts and more importantly for this study customer payments.
The latter reach a final settlement in central bank money following different routes, depending on their nature and customers’ preferences on the speed of settlement.5 If customers
prefer a real-time settlement, they can buy this service from the debtor’s bank and the payment is sent directly to the LVPS, otherwise the payment is settled through the RPS. A classic
RPS sends multilateral interbank positions that are computed with the information received
from the automated clearing houses (ACHs), that in turn collect and aggregate customer payments. ACH is a computer-based clearing and settlement facility established to process the
exchange of electronic transactions between participating depository institutions. The ACH
processes large volumes of credit and debit transactions in batches. ACH credit transfers
include direct deposit, payroll and vendor payments. Usually this process ends with a delay
of one day w.r.t. a real-time settlement. Nowadays, there are also RPSs that settle real-time.
For euro payments, recently EBA launched a service called RT1 that uses pre-funding to settle
these ’instant payments’.6 The Eurosystem launched a new platform, called TIPS (TARGET
instant payment settlement), that allows the settlement of retail payments directly in central
bank money.7
Interestingly, also an higher demand for paper cash is visible in the LVPS. Holding constant
its inventory, if customers wants to transform their deposits in cash, the bank has to get the
banknotes from the central bank. The latter gives the cash to the bank and debits its reserve
account in the LVPS in real-time.
Figure 1 gives a simplified view on how customers can move their deposits in a stylized
payment system. The beige box represents a LVPS, where the reserve accounts of the banks
are held. The smaller and darker box represent RPS/ACH, which is a ancillary system of the
LVPS. The dotted red lines represent three possible ways a depositor i of bank A has to move
her money: (i) electronically and in real-time, ordering a direct transfer on the LVPS to bank
B, (ii) electronically with RPS/ACH, through a deferred net settlement, and (iii) converting
the deposits into banknotes.
As a result, the LVPS represents an optimal perspective from which monitoring and studying customers’ behavior. In addition, if the central bank is able to collect, store and use this
information promptly and even real-time, it can timely detect difficulties of a bank and intervene before the stability of the entire financial system is threatened.
5

If the transaction is between customers of the same bank there is clearly no need to settle any position in
the LVPS. Given that we are interested in bank runs, this is not an issue because in a run customers move
their money outside their bank.
6
See https://www.ebaclearing.eu/services/instant-payments/introduction/.
7
See https://www.ecb.europa.eu/paym/intro/news/articles_2017/html/201706_article_tips.en.
html.

6

3.1

Source of Information in TARGET2

The data used in this paper is mainly from TARGET2, the European RTGS system.8 We
take advantage of transaction-level data for each participating bank. In particular, the Bank
of Italy has a continuous process that feed a data warehouse which can be interrogated almost
real-time.
In addition, other information from the Italian central bank’s data warehouses is available
to get more insights about the features of bank runs: (i) the information on the denomination of
withdrawn banknotes from the Cash Management Department; (ii) the open market operations
with the central bank; (iii) the unsecured interbank loans from the e-MID platform, (iv)
the liquidity obtained using collateral in TARGET2-Securities (T2S), where also the central
counterparty clearing house (CCP) settles its transactions. TARGET2-Securities (T2S) is a
technical platform offered to CSDs for the settlement in central bank money of both domestic
and cross-border securities transactions.9
The Italian banking community was particularly stressed during the financial crisis and
the change of regulation related to banks’ resolution. In particular, Banca Marche, Banca
Etruria, Carichieti and Carife received aid in the resolution in 2015 under the applicable EU
rules on resolution. The national insolvency proceedings facilitated the market exit of Banca
Popolare di Vicenza and Veneto Banca. Banca Monte Paschi di Siena was precautionarily
recapitalized. Furthermore, many Italian banks were often spotlighted for the high incidence
of non-performing loans in their balance sheets.
For these reasons we restrict our analysis to the Italian banking community. Nevertheless,
the algorithm proposed here can be run on the whole TARGET2 or on any LVPS as it needs
only the data listed below. More specifically, with TARGET2 granular data we can track the
behavior of bank i’s customers in four ways.
The first is the bank’s multilateral position settled by domestic and international RPSs.
Given its lagged nature we call it deferred net settlement transfer (DN STi ). For the Italian banking community, we consider the national RPS, BI-Comp (owned and managed by
the Bank of Italy) and STEP2, an international RPS owned and managed by the European
Banking Association (EBA). BI-Comp is the clearing system managed by the Bank of Italy.
It enables participants to settle retail payments in euro made by customers using paper-based
instruments (e.g. cheques) or electronic ones (e.g. credit transfers). BI-Comp handles panEuropean credit transfers (SEPA Credit Transfers) and pan-European direct debits (SEPA
Direct Debits, both Core and B2B) since their introduction. Moreover, the Bank of Italy
offers to participants in BI-Comp the interoperability service, allowing the execution of payments with participants in other European infrastructures without the need for participation.
Access to the STEP2 system is also ensured by the intermediation service provided by the
Bank of Italy. Through this service participants in BI-Comp, who do not make use of the
interoperability service, can exchange payments with market players reachable through the
pan-European system and settle them via the Bank of Italy.10 STEP2 is a Pan-European
ACH processing mass payments in euro. The platform is one of the key clearing and settlement mechanisms in the Single Euro Payments Area (SEPA). STEP2 has been conceived from
8

For more information about TARGET2 see http://www.ecb.europa.eu/paym/t2/html/index.en.html.
See https://www.bancaditalia.it/compiti/sispaga-mercati/security-target2/index.html for
more information.
10
See
https://www.bancaditalia.it/compiti/sispaga-mercati/bicomp/index.html?com.
dotmarketing.htmlpage.language=1
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the outset as a Pan-European ACH for the single currency and eventually for a Single Euro
Payments Area (SEPA), where banks from the different SEPA countries connect directly to
exchange payment files and where appropriate routing tables enable reach to all other banks
offering SEPA payments.11 Together the payments settled through these systems represent
the vast majority of interbank retail transfers, including transactions to merchants, money
transfers, card payments, and so on.
The second source of information is from the settlement process of instant payments. As
instant payments settle in real-time, banks have to dedicate part of their reserves or some
collateral to pre-fund them. In these sub-accounts payments can be settled in central bank
money one by one, like in TIPS, or not, like in BI-Comp-NACH and EBA RT1. We label
changes in these balances as instant settlement transfers (IN STi ). The latter use pre-funding
and settle in central bank money only after, while TIPS offers final and irrevocable settlement
for instant payments in central bank money on a 24/7/365 basis. It allows participating banks
to set aside part of their liquidity on a dedicated account opened with their central bank, from
which instant payments could be settled around the clock. The balance on these accounts
counts towards their required minimum reserve. These infrastructures process instant SEPA
credit transfers and operate around the clock on any day of the year and support payment
service providers in transferring euro transactions between payment accounts in less than 10
seconds end to end, with immediate availability of the payment amount to the beneficiary.
These systems can settle basically the same type of transactions of classic RPS plus mobile
and peer-to-peer transfers, which can be increasingly used by customers, even to run their
bank. With classic RPS it takes up to one business day for a payment in euro to reach
the beneficiary. With instant payments, the funds are available immediately for use by the
recipient, 24/7/365. Observe that this feature is particularly appealing for depositors willing
to run their bank. We may call this situation a sort of ’instant run’.
Much before the introduction of instant payments TARGET2 offered real-time settlement
in central bank money for customer payments to participating banks using MT103 SWIFT
payment messages, this is the third source of information available. These are gross bilateral
interbank money transfers settled directly in the RTGS on behalf of customers. They are
more likely to be used for high value transactions and B2B transfers. Nevertheless, banks
use these payments intensively also for small transactions, probably because instant payment
solutions started to appear just by the end of 2017. We label this type of transfers as realtime settlement transfers (RT STi ). As bilateral gross interbank transfers, they also provide
information on the counterparty -i.e. the bank that receives the funds-.
Finally, as both reserve accounts and banknotes are the only forms of central bank money
(so far), net cash withdrawals by commercial banks have to be exchanged with funds in
TARGET2 (CASHi ). Thanks to the high granularity of the Bank of Italy’s cash management
data warehouse, we also have data on the denomination of banknotes. Under the assumption
of constant bank i’s inventory, this is a good and timely proxy of the conversion of deposits
into cash.
In practice we can construct bank i’s net position on each of these channels during a
time interval t by subtracting the outgoing payments to the ingoing payments related to that
specific payment category. The first three variables capture deposits of customers flying from
a bank to another one, leaving the deposit currency ratio unaltered, while the second captures
11

For more information about STEP2 see https://www.ebaclearing.eu/services/step2-t-platform/
overview/.
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the conversion from commercial to central bank money. These fundamental difference can also
provide us with more information about the type of fear that depositors feel. If they do not
trust the entire banking system anymore or they predict significant negative spillovers to other
banks (Goldsmith-Pinkham and Yorulmazer, 2010), they are more likely to get cash instead
of deposits. If they do not trust only a specific bank, then they can just move their deposits
to another one. There is no need to stress the salience of this information from a financial
stability perspective.

3.2

Methodology

From a methodological perspective, the goal of our analysis is twofold. First, we want to
identify bank runs from payment system data. Second, we want to do it in real-time. From an
econometric perspective the first problem consists in finding a structural break in depositors
behavior with high frequency data. The second problem is more peculiar and close to a early
warning method. On this topic, the economics and finance literatures have developed several
methods mostly for banking, currency and balance of payments crises. A not fully exhaustive
list includes minimization of the noise-to-signal ratio (Kaminsky and Reinhart, 1999), fullyparametric (Logit/Probit) models (Berg and Pattillo, 1999), semiparametric models (Arduini
et al., 2012), classification trees and random forest (Alessi and Detken, 2017).
In all these approaches the econometrician (i) observes ex-post Wct = 1 if a crisis occurred
at time t in country c, (ii) chooses a set of covariates Xct that should predict a specific type of
crisis, (iii) specifies f (Xct ) as a valid function of the observables, (iv) selects a crisis threshold
τ for f and (v) predicts a crisis if f > τ . Observe that in this case it is also possible to assess
the quality of the method and possibly type I and II errors.
Unfortunately, our problem is different from a classical early warning exercise. Usually the
crisis is known and researchers try to use some information to predict these events, based on
previous cases. In our context, we have no evidence on these events because we are trying
to uncover them. In this sense, the exercise is substantially different. Furthermore, the
coexistence of these two goals makes our task more difficult.
To overcome these issues, we propose to adapt a statistical tool that is very popular
in industrial production: the control charts. The control chart was invented by Walter A.
Shewhart while working for Bell Labs in the 1920s (Shewhart, 1926). Shewhart framed the
problem in terms of common- and special-causes of variation. The control charts is now the
most used tool to control industrial production processes. The tool was designed to monitor
the quality of products in the continuum and to real-time detect anomalies in the production
process. The aim was to minimize the cost of the production of wrong pieces. Here the logic
is close, as we are interested in minimizing the social costs of a bank run by identifying it
as soon as possible. We discuss in Section 8 how the timely identification of runs creates a
important added value for the society.
Indeed control charts have the following appealing features. They are designed to be
applied on real-time data (as in an RTGS systems), without any ex-post and known definition
of previous crises (Wct ). They allow us to detect timely ’special-causes’ with high-frequency
and firm-specific data. They do not provide a strictly binary indicator.
Nevertheless, they also have some undesired features. They are ad hoc designed for controlled processes of a specific firm with very standardized outputs. They rely on quite strong
distributional assumption (usually normality) and do not consider seasonality and other com-
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mon and problematic features of financial time series. These are substantial limitations in
our context for the following reasons. Customer payments are not normally distributed and
it is in general difficult to find realistic parametric assumptions. Banks have often structural
unbalances generated by their clients’ heterogeneity, some banks have more merchants than
buyers among their clients or the other way around, thus they can have persistently or cyclically positive or negative positions on customer payments. There are many technical features
and intermediary chains that make these time series less predictable, banks may change their
participation in RPS and LVPS or change the way they route their payments. There is high
and specific seasonality and complex idiosyncratic time patterns in cash withdrawals (like
before holidays and weekends) and in payments related to taxes or fiscal dates.
For these reasons we propose a method that preserves the nice features but treats the
drawbacks of the classic control chart method.

3.3

ReNoSCh

To offset the undesired features of classic control charts, we basically introduce two important
steps, one at the beginning and one at the end. The first consists in regularizing the input to
the control chart (CC), the second tackles the way an anomalous situation is identified in the
CC with nonparametric methods. We name the method proposed ’Regularized Nonparametric
Shewhart Chart’ (ReNoSCh).
In the first step we regularize the time series adding knowledge about the monetary phenomena under analysis.
t=1
X
V (f (zt ), yt ) + λR(f )
(1)
min
f

T

where V is an underlying loss function that describes the cost of predicting f (x) when the label
is y, such as the square loss or hinge loss; and λ is a parameter which controls the importance
of the regularization term. R(f ) is typically chosen to impose a penalty on the complexity of
f . Concrete notions of complexity used include restrictions for smoothness and bounds on the
vector space norm. After this step the target variable becomes Ỹ = Y − f (Z). In our case the
target vector is set Y = RT STi , IN STi , DN STi or CASHi , the proxies for depositors behavior
introduced in Section 3.1, and their sum. Z can be chosen in several ways. In our practical
experience, when daily payment system time series are used, it is important to add (or let the
method add) many day, week and month dummies in addition to the constant, the trend and
cyclical effects. An additional difficulty associated with daily time series is that there are also
non calendar-constant effects. For example, many transfers and cash withdrawals are made
around Easter, whose date varies. It is important to include it to not have false runs that are
just holiday-implied abnormal reductions in deposits. A very simple specification (1) would
be a simple OLS with important dummies included in Z, thus having f (zt ) = zt β, λ = 0 and
V (.) the squared difference. After having chosen the model the target variable becomes the
residual, i.e. the difference between the observed and the predicted. In the OLS case it is
Ỹ = MX Y = (I − X(X 0 X)−1 X 0 )Y . The resulting time series is much more similar to the
usual CC input.
As mentioned before, the CC input is usually a measure of some industrial output, as such
it looks like a white noise floating around the desired expected value for the specific measure
under analysis. The process is said to be under control when the measure floats between a
upper and a lower bound. These bounds are defined assuming a normal distribution for the
10

measure and summing and subtracting 2 or 3 standard deviation points from the expected
value for the measure. For some examples and a review see Lowry and Montgomery (1995).12
Now that we have a well-behaving input we need to define a sound way to assess timely
when customer payments are not ’under control’. The issue here is that normality is far from
reality in financial time series and especially in customer payments. For this reason in the
second step we derive nonparametrically critical thresholds, avoiding inadequate distributional
assumptions. Given that we are interested in bank runs, we are worried only by a divergence
towards the lower bound, i.e. when the bank starts to have significant outflows of deposits.
Once we set a critical percentile p, we estimate nonparametrically the distribution of the target
series, we can use kernel density methods or if we have many observations we can also use
simple sorting and counting. The distribution can be updated regularly using a given time
support.
In practice, ReNoSCh is based on the following simple algorithm:
1. Regularize (with model M ) the target variable YT on a big time support T and set the
new target variable Y˜T equal to the residuals;
2. Take a smaller time interval t that ends when T ends;
3. Estimate the distribution of Ỹt (with a nonparametric method D);
4. Estimate a threshold ψp for the p percentile such that P (y˜lt < ψp |M (T ), D(t)) = p;
P
5. A warning at time j can be defined as binary: Wjk,p = 1 if jl=j−k I(y˜lt < ψp ) > s, where
s < k;13
6. A run occurs if we have U consecutive warnings;14
7. The run ends when the bank fails or when we have E consecutive non-warnings days;
where y˜lt is the lth element of Ỹt . Observe that the number of choices involved is inevitably
pretty big C = (M, T, t, D, p, s, k, U, E), and there is not strictly preferable ones a priori. For
this reason the practitioner has to fine tune these choices depending on the environment and
constraints she faces. If we have multiple target variables, the algorithm can be used for each
target time series separately, or they can be jointly considered using multivariate control charts
(see Lowry and Montgomery, 1995). In the empirical application we stick with the simplest
set of choices, using OLS in step 1 and sorting and counting in step 4, and we show that even
with not very sophisticated methodology the algorithm works pretty well. The MATLAB code
for the construction of the control chart is available at the following link: ReNoSCh.m.
A way to see this problem could be in terms of an omitted unobserved treatment variable.
Suppose that the deposit time series is generated by the following simple linear model
yt = zt β + ỹt .

(2)

12
See also Montgomery (1980) and Lorenzen and Vance (1986) for a discussion on the economic design of
control charts. See also Scheffe (1947), Nelson (1989), Iacobini (1994), Nelson (1984), Lowry et al. (1992),
Roberts (1959) among others for interesting discussions, interpretations and extensions of control charts.
Pj
13
It can also be continuous: Wjk,p = l=j−k I(y˜lt < ψp )/k
14
If W is continuous, U is a threshold.
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Thus deposit variation is fully explained by a deterministic observable term zt and a unobservable component ỹt , which is the input of our control chart. If a run occur, but we cannot
observe it, a new term adds in the unobserved term
ỹt = −dt + t ,

(3)

where dt captures the additional net withdrawals by customers running their bank at time t
and  is a zero mean random component with a certain cumulative distribution function m .
When there is no run ỹt = t , thus we expect P (ỹt < τ ) = m (τ ), where τ is a threshold. If a
run occurs, i.e dt > 0, then ỹt = −dt + t , thus we expect P (ỹt < τ ) = ρ > m (τ ). It follows
that if a run occurs, the probability of observing significantly negative deposit withdrawals
above the threshold τ increases. Our goal is to identify the time when the run kicks in and dt
turns greater than zero. If the empirical frequency of ỹt < τ increases in sequence, significantly
exceeding m (τ ) in a persistent way, we can interpret it as a shift generated by a run (dt ).
The greater the intensity of the run the higher the probability of detecting it. From this
perspective it is easy to see the importance of distributional assumptions. If  is assumed to
−2
Rτ
be normal, then we have m (τ ) = F (τ ) = σ √1 2π −∞ e 2σ2 d. If this assumption is not correct,

we can severely misspecify P (ỹt < τ ). What is particularly dangerous is if we overestimate
P (ỹt < τ ) and set a potential critical value τ to a too small value. In such situation we may
have abnormal situations not detected. Given that we have high frequency data, we can use
nonparametric methods to estimate the actual density m when dt is zero. Figure 2 provides
evidences of it. The blue lines report the empirical density of , which is estimated from our
sample of pre-run periods (more details are provided in the next section). The orange lines
depict instead the relative normal distribution computed with the same sample. While for cash
withdrawals the density is very close to the normal, for digital transfers it does not hold. If we
set a critical threshold to correspond with the fifth percentile of the normal distribution, we
will not label as a warning a value largely below the real fifth percentile, thus not identifying
timely any bank run. Such evidence highlights the importance of the nonparametric step.

4

Empirical Application

After having described the source of information to keep track of bank runs and the methodology to timely identify them, we move to the empirical part.

4.1

Setting

With respect of the subjective choices mentioned before, let us detail our settings in what
follows.
We constructed bank i’s net position on each of the channels listed in Section 3.1 during a
time interval j of one day by subtracting the total amount of outgoing payments to the total
amount of ingoing payments related to the respective payment category.15 Here we focused on
four relevant time series that proxy customer deposits behavior. Given that summing up these
variables gives us an appropriate aggregate view on deposits, we use it as the target variable
15

In principle deposits run-in (Martin et al., 2017) and asset side runs (Ippolito et al., 2016; Ivashina and
Scharfstein, 2010) may be included in the net positions, but they should be a residual part compared to the
deposit run-off.
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for ReNoSCh. We then summed all the positions belonging to the same day.16 We regularize
payment data via simple OLS on a time support T between 2 and 7 years, depending on the
length of the period the bank is operating on TARGET2. We included a constant, a trend,
monthly and daily dummies, pre/post/during holiday periods fixed effects -namely Christmas,
Easter and Ferragosto (the Italian bank holiday on 15 of August)-, start/middle/end of the
month dummies, fiscal and tax payment dates (around the 20th of each month some taxes
are paid, generating significant payment burden for the banks). We then take a smaller time
interval t of six months; we estimate the distribution of Ỹt by simple sorting and counting.
Kernel density estimate does not provide superior results. We estimate a threshold for the
p percentile such that P (y˜it < ψp ) = p = 7.5. A warning is defined as a sequence s ≥ 3 of
observations below the threshold on k = 5 consecutive days. Finally, a run occurs if we have
U = 5 (a week) consecutive warning days. The run ends when we have M = 5 consecutive
non-warnings days.
Given that payments data is highly confidential, we cannot name the banks that we took
into consideration and for which we eventually identified silent bank runs. What we can
safely say is just that we did two exercises. In the first we ran the algorithm systematically
from a certain date for the whole banking Italian community. In the second we focused on
publicly well-known bank-specific cases and tested whether there were silent runs, as we know
that there were not noisy runs. The first exercise reveals that the algorithm is able to early
detect runs, with a very small portion of false alarms, mainly due to the need to include more
information in the regularization process.17 In the second exercise we considered the universe
of payments settled in TARGET2 by the Italian banking community from 19 May 2008 to
19 January 2018, and join this information with publicly well-known bank-specific crisis that
had big resonance on newspapers, potentially raising the concerns of the depositors. We
excluded the Sovereign debt crisis period from the sample, because it was almost impossible
to disentangle idiosyncratic from systemic risk perception.

4.2

Evidence of Silent Bank Runs

The first evidence is that not all of the crises considered turned into a silent run, but some did.
The second evidence is that silent runs always start when many newspapers start to diffuse
bad news about the same bank. As we said before, we cannot name these cases, so in what
follows we give an aggregate view of them in a way that does not allow the reader to identify
any bank. In the identified runs, there were no instant payments available so we cannot asses
the potential relevance of ’instant runs’.
Figure 3 provides an aggregate overview of the sudden decline of deposits when the silent
run triggers. In this plot we averaged and then cumulated the run banks’ positions in digital
transfers (RT STi,t +DN STi,t ) and banknotes CASHi,t across the detected r̄ runs. The vertical
line is the starting date of the runs estimated by ReNoSCh. We can see that it gets the break
quite precisely, and more importantly in real-time. The drop in digital transfers (both realtime RT STt and net-deferred DN STt ) is pretty impressive as well as that for cash withdrawals
(CASHt ). Nevertheless, the magnitude is quite different.
16

We also have considered each series separately. The algorithm performs worse because some banks are
more active on some channels and not in others.
17
Once we enriched this step, we basically had no false alarms anymore. Such evidence highlights the
potential gains from the use of machine learning techniques. Here the scope is to give an introduction to this
framework and offer a simple toolkit to the practitioner. We leave such refinements to future research.
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The average length of an intense silent run is about two weeks, with a significant liquidity
drain. There is a following less intense period of about two additional weeks. The overall
effect is about 5 billion, 295% of the average reserve requirement of run banks.

4.3

Running Routes

Let us now explore in more detail the features of these runs. After having identified these
silent run cases, we may be interested in understanding how they occurred and what are their
most salient features. Thanks to the detailed information available in payments data, we can
uncover the behavior of depositors as never done before. Figure 4 depicts the potential running
routes available to a depositor.
She can convert deposits into cash at the bank teller or at the ATM, facing the cost
of holding banknotes instead of deposits. As an alternative she can move her money to
another bank, domestic or foreign. She may prefer a big bank, if she believes in a toobig-to-fail policy (Oliveira et al., 2014). The increasing development of financial services
and financial integration in Europe makes nowadays very easy to open and transfer euro
from one participating country to another. In addition the fast spread of new mobile and
fintech products is eliminating many frictions. This is a particularly important aspect for the
eurozone, as the entity ultimately backing money could change across countries.
In order to reduce the incentive to withdraw deposits from a bank the government can guarantee deposits (Bryant, 1980; Diamond and Dybvig, 1983). In Italy, the Interbank Deposits
Protection Fund (FITD - Fondo Interbancario di Tutela dei Depositi) guarantees deposits up
to 100.000 euro. Therefore, at least for eurozone countries, the institution guaranteeing banknotes (ECB) is different from the one guaranteeing deposits (depending on the single State).
This difference, together with the disutility represented by holding a credit with the FITD
instead of deposits (in case of default of the bank), produces a clear disparity between holding
cash and keeping having a current account in the shocked bank, in same-country banks or in
different-country banks. Here we want to investigate these aspects by studying the behavior of
depositors of silently run banks. We excluded the possibility of converting deposits in assets,
bitcoins, metal or gemstones, from our analysis because we cannot observe it. Our analysis is
limited to customers who do not want to change drastically the nature or their deposits. Perhaps, it would also be a quite credible assumption, as nowadays there are not strong barriers
to easily and quickly open an account to a bank.

4.4

Digital Transfers vs Cash

A relevant advantage that payment system data offers to us is that we can not only timely
detect runs, we can also understand what they were more likely to be converted into. As mentioned before, both cash withdrawals and electronic transfers are visible in the LVPS. While an
electronic transfer to a different bank keeps the deposit currency ratio unaltered, a conversion
to cash modifies it. In addition disentangling these two different choices helps us understand
the nature of depositors’ fears. As banknotes are central bank money, depositors shall prefer it
over deposits, especially if they trust less the entire banking system or they believe that there
will be negative spillovers to other banks (Goldsmith-Pinkham and Yorulmazer, 2010).18
18

They may also withdraw cash and then deposit it to another bank, but this hypothesis is quite unlikely
as the direct transfer is much easier and cheaper (the transfer costs few euro).
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On the other hand, if they do not trust only their bank anymore, they may prefer moving
their deposits to other banks that they see as more solid. In this case their credits remain
in commercial bank money and deposit currency ratio holds constant. Clearly, timely having
information on these preferences is very helpful from a financial stability and a monetary
policy perspective (Waldo, 1985).
Table 1 reports some empirical evidence for the cases considered here. We estimated simple
regression models having the daily net position (credits minus debits) of the bank for digital
transfers and cash operations on the left hand side. On the right hand side we included a
dummy switching to one when the run occurred. The control period is the 100 settlement
days before the run. The treatment period coincides with two weeks after the run started. We
pooled together all the identified runs. The table reports the coefficients with and without
bank run fixed effects (respectively in the second and in the first column). In the upper
panel we use the raw daily net position of the bank. In the lower panel we consider the
regularized time series used in ReNoSCh, thus controlling also for the trend, monthly and
daily dummies, pre/post/during holiday periods, start/middle/end of the month, fiscal and
tax payment effects. It follows that the latter provides the cleanest effect of the run on bank’s
cash flows.
Let us focus on the bottom of the second column, where we compare run days with non
run days controlling for the widest set of controls. As we can see, digital transfers are bigger in
magnitude. The average daily drain is more than 250 million w.r.t. the 8 million outflow generated by cash withdrawals. The relative outflows compared to normal times are comparable
and respectively equal to about +900% and +700%.
Depositors seemed worried about their bank’s solidity and moved their funds mainly to
other banks, keeping the deposit currency ratio constant. This is good news for the financial
stability of the system. Taking other financial intermediaries’ perspective it can also be seen
as a positive externality. In a ten day bank run (the average estimated length) almost 3 billion
euro (about a fifth of the reserve requirements of the Italian banking system) were transfered
to other banks. Such positive externalities may alleviate negative ones, like those reported in
Goldsmith-Pinkham and Yorulmazer (2010).

4.5

Cash Component

Let us now focus on cash. Depositors can withdraw banknotes in two ways, via ATM and
directly at the bank teller.
When people thinks about bank runs, the image of the long lines at the bank tellers is
the first to come into our minds. That is the usual noisy run, which is easily recognizable by
everybody and translates in the ultimate form of panic. We showed that in terms of magnitude
silent runs are mostly digital and thus invisible. Nevertheless, cash can still have an important
role. So far, if a bank’s client does not want to convert its deposits into deposits to another
bank, the only way she has to get central bank money instead of commercial bank money
is withdrawing banknotes. Some central banks, like the Riksbank, have recently expressed
their interest in studying the possibility of adopting digital central bank money. As noted
by the Deutsche Bundesbank Governor Jens Weidmann, it entails a risk from a bank run
perspective.19 The evidences collected in this study could provide some useful insights.
19

See the minutes of his speech here https://www.bundesbank.de/Redaktion/EN/Reden/2018/2018_02_
14_weidmann.html.
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The advantage of the ATM is that it is faster to withdraw cash from almost everywhere and
there is no face-to-face interaction. The latter is a desirable feature for the depositor running
her bank. In Italy, if a depositor withdraw a large amount of money in large denominations
suddenly at the bank teller, the bank has to ask a series of questions about the nature of
the operation. This process is due to the Italian law on prevention of money-laundering
and terrorism financing which obliges banks to report ’suspect operations’ to the financial
intelligence unit (FIU).20 In this case the depositor has to declare that she is running the bank
or lie and risk to be filed by the bank.
Nevertheless, depositors cannot withdraw large amounts of money at the ATM, there are
pretty tight limits on daily operations, and only denominations up to 50 euro are available, at
least in Italy, which are not the best cut to store big amounts of cash (especially because the
ATM denomination is not known ex ante by the depositor).
Depending on the depositor’s preferences, she may get a big amount of cash in large
denomination at the bank teller, facing the risk of being filed, or repeatedly get smaller
amounts at the ATM, taking the risk of not getting the last tranches because the bank is
failed in the meanwhile. The smaller the deposits the fewer ATM operations needed.
Assuming a constant inventory of banknotes, if the depositors start to go to the bank
teller, the bank will need large denomination banknotes. On the contrary, if the demand
of cash is mostly via ATMs it will need small denominations (≤ 50 euro). Thanks to the
Cash Management Department of the Bank of Italy, we have granular information on which
denomination is taken by each commercial bank on a daily basis. We use this information
to get more insights about depositors’ preferences. To see which of the two strategies was
the most chosen, we regressed the daily net position of run banks on each denomination on a
dummy taking value one when the run kicks in and zero before, the control period is 100 days
before the first run day estimated by ReNoSCh. We also control for month, day, holiday, part
of the month dummies, a trend and run fixed effects. Table 2 reports our results. During run
days there were about 9 million euro additional withdrawals (or missing banknotes deposits)
of ATM denominations and almost a million in 100 euro, about 400% more than before the
run occurred for both. The largest denominations, 200 and 500 euro, show an increase but
smaller in value and not significant. Interestingly both changed sign, meaning that the bank
was a net absorber and after the run it became a net injector of such denominations.
From our evidences we can see that even if silent runs are mainly digital, cash still plays a
role. Surprisingly, small denominations are the most affected, signaling a higher incidence of
preference towards withdrawing small amounts repeatedly instead of big amounts at the bank
teller.21 This is probably more rationale for small depositors, who may also not be aware of
the deposit insurance (Bartiloro, 2011). Big depositors may not want to store huge amount
of money with banknotes and probably prefer to use electronic transfers, even if they would
prefer to convert deposits in central bank money. This finding has significant implications for
financial stability, since even some insured funds are likely to flee banks in response to stress,
and can serve to inform banking theory models (Dávila and Goldstein, 2016).
These results may provide useful thoughts for the policy makers. Central banks interested
in offering digital central bank money should take into consideration that big depositors not
choosing banknotes for the reasons highlighted above may instead choose digital central bank
20

See https://uif.bancaditalia.it/homepage/index.html?com.dotmarketing.htmlpage.language=1
It is not possible to exclude that the bank also imposes the denomination to the customer, trying to
disincentivize big withdrawals.
21
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money, which has the pro of both being central bank money and electronically storable. An
easy-to-implement policy would be to let digital central bank money be convertible only against
banknotes and not against deposits. Unfortunately, such restriction would only slow this side
effect, as depositors can still convert deposits into banknotes and only after in digital central
bank money. We discuss these aspects more in detail in Section 8.

4.6

Positive Externalities

Another interesting aspect to investigate is about the banks that received these positive externalities. Banks are not identical and depositors may have heterogeneous preferences. Furthermore, as a unique feature, the Eurosystem is composed by many nations having the same
currency. With the integration of the European financial market and payment systems, moving money from one state to another is increasingly easy. In addition, the diffusion of fintech
products makes much more cheap and easy for customers to open foreign accounts and transfer
money there.
When trying to address these curiosities we face a small constraint imposed by classic retail
payment systems. Given that these systems send net multilateral positions in TARGET2,
we do not have bilateral interbank flows, so we cannot identify the receiver of the funds.
Nevertheless, this is possible for real-time bilateral transfers settled directly in TARGET2.
Even if this is a portion of all the digital transfers, it accounts for about a half of the total
digital liquidity drain and can thus provide us with useful information.
To explore this aspect we focused on bilateral transfers settled in TARGET2, RT STij,t ,
where i is the run bank and j is another bank not hit at time t. We run simple pairwise
regressions where the dependent is the variation of the net bilateral position of bank i versus
bank j (credits minus debits). Such variation is computed as the difference of the daily
average net position before and during the run. The period before the run is taken as the
100 settlement days preceding the start of the run. The treatment period coincides with two
weeks after the run started. We pooled together all the identified runs, and use bank run fixed
effects. On the right hand side we put a dummy taking value equal to one if bank j has the
same nationality of bank i. We also interacted this dummy with a proxy of the size of the
bank, computed as the sum of payments sent in TARGET2 in the previous five years.22
Table 3 reports our results. In column (1) we take all the variations, in column (2) we
restrict to the sample of negative variations. From the first row of the table we can see that
the change in bilateral interbank flows to domestic banks was much bigger. These outflows
were more likely to be directed to bigger banks, as witnessed by the second row. This evidence
can also reconcile to a premium generated by the perception of depositors of a possible ’toobig-to-fail’ policy (Oliveira et al., 2014). An alternative explanation could also be that big
banks have more reach and visibility than small ones, and thus people willing to open a new
account is more likely to be exposed to their advertising and marketing. For this reason we
label it simply as a size premium.
This is again somehow reassuring from a (national) financial stability perspective. If outflows are mainly cross-border the national deposit currency ratio is not constant, while the
euro deposit currency ratio is constant. Such evidence is relevant because on the one hand we
may think that a bank run triggers negative externalities to other banks in the same national
component (Goldsmith-Pinkham and Yorulmazer, 2010), while on the other hand positive
22

The volume of payments is also used for the computation of the weight of the G-SIBs.
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externalities may come from depositors moving their funds to other banks. Furthermore, as
we are able to identify this events in real-time, understanding whether depositors are running
away from a single bank or from the entire banking community is clearly key.
Here we show that depositors who did not converted deposits in cash and moved them
real-time to other banks mainly chose domestic big banks. These banks benefit the most from
the positive spillover generated by the silent bank runs. It has to be noted that depositors
using real-time settlement may be different from the other ones who chose deferred settlement.
The latter could have smaller deposits or be less reactive to bad news. Then we cannot claim
any external validity to the whole population of depositors.
An additional interesting aspect to explore is about the destination of funds once they flew
away from the country. Table 4 reports the top five countries in terms of absolute outflows.
The first column contain the country label, the second the number of bilateral bank-to-bank
relationships involved, the third the difference in terms of net bilateral country-to-country
position, the fourth and the fifth the pre and post-shock net positions, and the last the relative
percentage change. We already observed that the majority of funds remained in the country.
The other top four countries are, in order of net change, Germany, Belgium, Great Britain
and Luxembourg.23 Not surprisingly these countries are more financially developed and seen
as sound places to store money. In addition, it is also likely that depositors that move funds
across the borders are on average more sophisticated than the others and thus have accounts
in countries where the financial services industry is more advanced.

4.7

Running Speed

As mentioned in the previous section, the time to settlement could be an important discriminant during a bank run. Advances in the technologies used to transfer money created the
possibility to move money from one account to another in increasingly smaller time intervals.
While before the recent innovations, like ATMs, home-banking and so on, there were significant spatial and temporal frictions for people to take their deposits out of the bank. Today,
with the rise of instant and mobile payments is even possible to have full disposal of funds in
seconds from wherever there is an internet connection.
Even though digital transactions facilitate personal finance and do boost the efficiency
of banking, lending, and commerce overall, they may have side effects. Oppositely to the
old bank teller, instant payments guarantee 24/7/365 transfers, thus depositors can act when
the bank is close, even in the weekend. It follows that there is a potential for continuous
outpouring of deposits and no moment of respite for bankers to manage the draining. Clearly,
such possibility can be exploited by banks’ clients, especially when the fear of loosing money
kicks in suddenly. A series of important questions are related to this argument and connect to
the potential risks of faster payments (Weyman, 2016). Can these technological innovations
accelerate the speed and depth of bank runs? Can/Do banks shut their digital doors down to
prevent a bank run?24 Can it significantly increase the volatility of banks’ reserves? What is
the additional liquidity pressure created by the possibility of use real-time settlement?
23

Great Britain is a virtual partition in TARGET2 as it did not joined the euro, nevertheless British banks
can have accounts in euro in National Central Banks books. The majority of British banks have accounts at
the Deutsche Bundesbank.
24
There were rumors on the possibility of such episodes during the ”global stock market turmoil” on 6
February 2018 with the Dow’s worst point drop ever.
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Despite the prominent role of new technologies in payments there are not evidences on the
effects of the speed of settlement because of the scarcity of critical episodes and data availability. Having the possibility to identify real-time and deferred settlement payments offers us
the possibility to play with these numbers and quantify the potential pressure generated by a
full real-time vs a full deferred settlement run.
As first step we are interested in quantifying the magnitude of real-time vs deferred runs.
As the real-time settlement anticipates the outpouring of about one day, it puts additional
pressure on the stressed bank. It is then important to quantify the incidence of real time
settlement on run-related outflows. We regress the daily net position of the run bank for
real-time and deferred settled transfers. On the RHS we include a dummy that switches to
one when the run occurs, its coefficients are reported in Table 5. In the upper panel we use
the raw data, while in the lower panel we use the regularized data from ReNoSCh. In the first
column we do not include run fixed effects, in the second column we do. If we look at the
raw data without including run fixed effects (the upper left panel) it seems that most of the
outflows are generated by the deferred transfers, real-time payments are not even significant.
When we control for regular pattern in the payment data and we include run fixed effects the
effects are pretty comparable (the lower right panel). When the run triggers banks experience
an average outflow of 139 million and 121 million per day respectively for deferred and real
time payments. The relative increase of outflows is big, about a thousand more than the
control period, which is the 100 days before the runs occurs. In our sample, the funds moved
in real-time are then comparable to the ones with deferred settlement. The liquidity drain
triggered by the run seems to be equally split between these two channels.
Subsequent natural questions would be: how much pressure is created by the possibility of
choosing different settlement times? How much does real-time settlement accelerate the run?
To give a flavor from our sample, we depict in Figure 5 two counterfactuals. The light blue
line depicts the cumulated outflows generated in the first 20 days of a run if all the payments
were settled on a deferred basis. The blue line depicts the cumulated outflows generated in the
same time span if all the payments were settled real-time.25 The difference is represented by
the dark blue area. Real-time settlement increases the immediate liquidity pressure by about
half billion in the first 10 days. To then decrease by about a half in the following 10 days.
This a significant magnitude, and if the bank has not excessive reserves to cover such outflows,
it has to resort on the money market or on the central bank or on the liquidation of assets.
In the first case, the costs can be quite high for the bank because, if the average depositor is
already running, it is unlikely that other banks would lend money to the run bank. It is also
possible that the perceived risk is so high that the bank would not find any counterparty in
the unsecured money market. In this case, it has to go to the secured with the implied need
of collateral. In the next section we provide evidences on the liquidity sources used by banks
in our sample.

5

Offsetting the Liquidity Drain

When a run occurs the bank has to seek for liquidity. In practical terms a run implies a drain
of central bank money from its reserve account. These funds are converted into banknotes
25
To construct the first (second) counterfactual we postponed (anticipated) the settlement of real-time
(deferred) payments.
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or move to other banks’ reserve accounts. From a balance sheet perspective, the bank needs
to substitute deposits with other liabilities or to shrink its assets, both implies injection of
central bank money in its reserve account to compensate the drain. In our sample, the bank’s
reserves do not dramatically drop during the run -and this is also why the level of reserves
is not a good indicator to timely capture runs-, meaning that banks offset the liquidity drain
immediately. Here we are interested in understanding how they did it.
In principle, the bank has several options. Here we discuss three main ways: the unsecured
money market, the use of collateral and operations with the central bank.
The unsecured money market used to be the most important channel to reallocate liquidity
among banks. Even if the market was dramatically hit by the 2007-08 global financial crisis, it
did not totally freeze (Afonso et al., 2011; Angelini et al., 2011).26 Since then the conditions on
interbank markets have changed dramatically also after the Sovereign crisis (Rainone, 2017).
Unlike in most other European countries, the majority of the loans in Italy are settled on a
central trading platform e-MID.27 It was founded in Italy in 1990 for Italian Lira transactions
and denominated in Euros in 1999. Both Italian banks and foreign banks can exchange
funds on the e-MID. Overnight loans constitute the by far largest share of all transactions.
In TARGET2 we can identify the unsecured money market operations of the e-MID. The
information about the parties involved in a transaction allows us to reconstruct the trades
done by the run bank before and during the shock.
As mentioned before, another way to get liquidity is from securities. The bank can sell
or pledge them to get a secured loan. The interest rate in the unsecured money market can
be much higher or it would even be difficult to find a lender, considering the OTC nature
of this market (Rainone, 2018). Collateral can be a remedy. Indeed, we observed a shift
from unsecured interbank market funding to funding by CCPs during the recent crises, in
addition to an increase of credit spreads in the unsecured market. Since it is quite complex
to reconstruct securities and repo (repurchase agreement) activity of banks on a daily basis,28
and we yearn to use payment system data to easily follow up on ReNoSCh inputs, here
we try to keep track of such sources using transactions settled in TARGET2.29 As Italian
banks trade mostly Italian securities, we can proxy these positions using cash transactions
sent by Monte Titoli, the Italian central securities depository (CSD), to TARGET2. The
central securities depository was created in 1978 as a service to support trading in financial
instruments. Italian law 289/1986 gave Monte Titoli the monopoly of central safekeeping
and administration services for shares and private-sector bonds. Monte Titoli, is a leader in
post-trade industry, with about 3.3 trillion euro of assets under custody in 2018. It offers presettlement, settlement, custody, asset servicing and collateral management services as Issuer
and Investor CSD as well as issuer services to a large domestic and international client base
of 184 banks, brokers, CCPs and stock exchanges and 2,400 issuers. Before 2015 Monte Titoli
settled its transactions as an ancillary system (called Express II) in TARGET2, thus it was
easy to identify its transactions using TARGET2 data.30 In 2015 Monte Titoli migrated to
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Since the 2008 financial crisis the overall interest in the linkages between banks has risen (Ashcraft and
Duffie, 2007; Cocco et al., 2009; Furfine, 2003; Hartmann et al., 2001; Iori et al., 2008; Soramäki et al., 2007).
27
See http://www.e-mid.it/. Information on loans is also available by applying the Furfine algorithm
(Arciero et al., 2016; Rainone and Vacirca, 2016).
28
A repurchase agreement (repo) is a form of short-term borrowing for dealers in securities. The dealer sells
the securities to investors, usually on an overnight basis, and buys them back the following day.
29
We could resort on other datasets but we would also loose the high-frequency of our data.
30
Even if many transactions were settled on a net-basis.

20

TARGET2-Securities (T2S), a technical platform offered to CSDs for the settlement in central
bank money of both domestic and cross-border securities transactions. Even if cash accounts
in T2S are in central bank money and in the legal perimeter of TARGET2, no granular
information is available on transactions settled in this platform. Nevertheless, given that
commercial banks have to move money in their accounts in T2S at beginning of the day and
get them back at the end, we can reconstruct daily bank-specific net positions from TARGET2
data. Given that T2S is the common platform used by the majority of CSDs, from 2015 it
possible that other CSDs transactions are included. This could be even better for our analysis,
but the vast majority of positions are in Monte Titoli accounts.
Alternatively, the commercial bank can go to the central bank and borrow funds. A
core function of central banks is to act as a ’lender of last resort’ to the banking system
(Garcia-de Andoain et al., 2016). In the US, the Federal Reserve uses the Discount Window
(DW) to fulfill this task, while the Eurosystem uses the Marginal Lending (ML) against
collateral. Historically, both the DW and ML have been little used, even when banks faced
acute liquidity shortages. Although other explanations may exist, this lack of borrowing is
commonly attributed to stigma (Armantier et al., 2015; Bernanke, 2009). In October 2011,
during the sovereign debt crisis, the Eurosystem adopted additional monetary policy measures
in the form of a commitment to continue the fixed-rate full allotment policy initiated during the
financial crisis of 2007-2008. This tool is significantly different from the term auction facility
(TAF, see McAndrews et al., 2017; Wu, 2011, for more details) implemented by the FED.
Under fixed-rate full allotment, counterparties have their bids fully satisfied, against adequate
collateral, and on the condition of financial soundness. The Eurosystem’s regular open market
operations (OMO) consist of one-week liquidity-providing operations in euro (main refinancing
operations, or MROs) as well as three-month liquidity-providing operations in euro (longerterm refinancing operations, or LTROs). MROs serve to steer short-term interest rates, to
manage the liquidity situation and to signal the monetary policy stance in the euro area, while
LTROs provide additional, longer-term refinancing to the financial sector. The fixed-rate full
allotment policy has proven a very efficient way of offsetting liquidity risk in the market by
ensuring banks’ continued access to liquidity. These operations are then much more attractive
for a bank, especially because the rate is lower than the ML rate.31 The only drawback is that
MROs are done weekly, and not daily like the ML. This limit can be particularly problematic
in the case of a sudden run.
Usually all these operations are settled in the LVPS, as they involve large value payments
that need to be settled in real-time on reserve accounts. From this standpoint, using payment
system data offers a pretty wide view on funding sources. Transactional data in TARGET2
allows us to identify payments related to these three liquidity channels.32
To understand which source was most used we regressed the net bank positions on these
three channels. For the e-MID, we use the daily variation in the outstanding position of the
bank as a lender minus the position as a borrower. An increase means that the bank has
borrowed more than lent. To capture the amount of liquidity got from the use of collateral,
31

See
https://www.ecb.europa.eu/stats/policy_and_exchange_rates/key_ecb_interest_rates/
html/index.en.html.
32
This is not always given. In practice the central bank has to have rich granular information on settled
transaction and being able to label them properly. If for example OMO are not marked somehow, they are
not distinguishable from other central bank operations. The practitioner should then rely on external data
sources, which makes the analysis much more slow and laborious. The Bank of Italy made acknowledgeable
efforts to get to this point. The usability of TARGET2 granular data is also appreciated.
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we used the daily net position of the bank, before 2015 in Express II, after 2015 in T2S,
including the transactions with the Italian CCP CC&G.33 If positive it means that the bank
sold securities or borrowed money through a repo. For the technical reasons outlined above,
unfortunately we cannot exactly disentangle the part that belongs to repos from the trading
part. The two operations are very different, but for what concerns this liquidity analysis it
is informative enough to aggregate them. For monetary policy operations, we computed the
daily change in the outstanding amount of liquidity borrowed and lent from the central bank.
We regressed these daily positions on a dummy switching to one when the run occurred,
being the control period the 100 days before the event. We also included run fixed effects.
Table 6 reports our results. On average the run bank got half billion more per day during
run days from all these channels. More than 70 per cent of this offsetting liquidity came
from OMO. The rest was mainly taken using collateral, whose coefficient is not significant
at all. The unsecured market played definitely a minor role, with a small magnitude and
significance. This analysis showed that during the period under analysis the liquidity drain
generated by silent bank runs were mostly offset by OMO. As mentioned before, this feature
is clearly peculiar of that period. The fixed-rate full allotment represents a good option for
a bank that is having liquidity problems. It could be almost impossible to get money in the
unsecured money market, in that period was even difficult to find a counterparty. One could
have expected a more prominent role played by the secured money market. At the end of the
day, a repo has features similar to a OMO. The bank needs collateral for both operations, and
the rate of general collateral (GC) repos has often been below the MRO rate.d In addition
if there is a stigma effect, it is better to get money from the market than from the central
bank, especially if the counterparty are anonymous and the contract is secured. Nevertheless,
there are important differences between repo and OMO. The first is the potential length of
the maturity. The second is the barrier to the market, a bank has to be a member of the
CCP and have proper infrastructures to participate to the secured market. The third is the
type of collateral. While the repo market is thick for GC, especially for government bonds,
it is much more thin for less popular securities. In this sense, the rate for GC is not fully
comparable with the MRO rate, because the GC is for specific securities, while for the MRO
the bank can use a wider set of eligible assets. Another fundamental aspect is the computation
of the liquidity cover ratio (LCR) within the Basel III framework. When the banks have to
estimate the total net cash outflows over the next 30 calendar days, in the computation of the
secured funding run-off, the amount to add to cash outflows for outstanding maturing secured
funding transactions with the central bank is 0 per cent (Basel III, 2013). The same amount
is reachable only for secured funding backed by Level 1 assets, which may be scarce. Level
2A assets add 15 per cent, while Level 2B add 50 per cent. This feature reflects the different
loan roll-over probability. While the secured market may suddenly dry-up, this does not hold
for central bank liquidity.
To better get a sense of the timing of these operations, we leverage again the high frequency
of our data. In Figure 6 we plot the daily cumulated net position of run banks for each channel.
To maintain the anonymity of the banks we summed their position over the days. Day 0,
tracked by a horizontal red line, is the first day in which ReNoSCh identified a run. as before
we considered 100 days before and 20 after. The yellow line reports the net position of the
banks in the unsecured money market. The scale is not even comparable with the others. We
can notice a slight increase after the red vertical line, but is even difficult to see it. The orange
33

The CCP margins are excluded.
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line is the collateral source, it was slightly increasing before the run occurred, but we can see
a clear jump after the red line that brought on average 2 billion in the first five days after the
run. The light blue line represent the outstanding position in the OMO. Also visually, it is
clear that it played the major role in offsetting the liquidity drain. It looks as a step function
because the auctions are not available everyday, as mentioned before. Interestingly we can
see that the banks were able to get the first tranche slightly before the run triggered. That
operations were particularly small, about half a billion. The next week, when the run kicked
in, the amount borrowed was four times higher - about 2 billion-. The week after it was about
the half of the previous week. In the last week it was slightly smaller.
This figure is somehow specular to Figure 3 and represents a sort of reassuring picture in
terms of correct identification of runs timing and offsetting liquidity sources as the numbers
roughly square, 5 billion in 20 days out, 5 billion in 20 days in.

6

Backtesting

Our analysis is based on the ability of ReNoSCh to identify bank runs. ReNoSCh works on
real-time, when we are at time t it says to us whether a run is occurring exactly at time t. This
is not only a desirable feature, it is partly the scope of this work. We already showed some
salient features of these runs also using high-frequency data, like the offsetting funding sources,
that was not used in the algorithm and showed a high level of coherence in the estimated bank
run timing (see Figure 6). Even if it is rather difficult that suddenly banks start seeking for
funds exactly with the same timing of the estimated bank run for other random reasons, we
want to assess the quality of our algorithm more formally.
A straight way to assess the quality of ReNoSCh’s output is to backtest it. After it identified
a running period, we can check whether a different method would have done the same. For
example, we can use methods that need post-shock information to identify structural breaks.
Clearly these methods are not substitutes of ReNoSCh, because they cannot identify breaks
in real-time, but they can tell whether they would ex-post spot a break at the date identified
by ReNoSCh in real-time.
A classic methodology to test for structural breaks is the Chow test. As ReNoSCh works
directly on residuals of a regularization step and we are not interested on any particular
structural relationship of customer payments with other financial or economic variables, we
can just test whether the average daily net position on customer payments changes its expected
value exactly when ReNoSCh says. As before, we took a period from the 100 days before
the first run day and the following 20 days. We took separately cash, real-time, deferred
settlement payments and the sum of them. We run the test giving that day as a candidate
for the breakpoint. The test statistics are reported in the upper panel of Table 7, the pvalues are always very small. There is significant evidence to reject the null hypothesis that
the coefficients are stable when the ReNoSCh-break points occurred for all the time series
considered.
The Chow test takes the breakpoint as given, thus the method is good for backtesting our
model but is not fully comparable to it. To check its sensitivity we can change the breakpoint
around the true one and see how the test performs. We took the 10 days before and the 10
days after the estimated day. In Figure 7 we reported the Chow test statistic in blue and its
critical value in violet. We can see that the statistic reaches its maximum around the estimated
break point, tracked by a black vertical line. Nevertheless, the blue line is above the violet
23

in a small neighborhood of the estimated break point, between 5 and 9 days wide. To get a
more reliable assessment of the quality of our algorithm, we consider a structural change test
where the breakpoint is endogenous. The test proposed by Bai and Perron (1998) is suited
for this task and very popular among scholars doing this type of econometric exercises.34 In
their test there is no input regarding the breakpoint, and the method is free to estimate the
optimal one. A useful feature of their estimator is also that it constructs confidence intervals
for the break dates.
In the lower panel of Table 7, we report the expected break date estimated with the
algorithm of Bai and Perron (2003) and the 95 per cent confidence intervals.35 All the days
are expressed as their relative distance to the first day of a run estimated by ReNoSCh. The
estimated break date for the aggregate time series of customer payments, in the first column,
is the day after. For the deferred electronic transfers the estimated day is two days after,
for the real-time transfers it is two days before, while for the cash withdrawals it is exactly
the same day. The confidence intervals vary between 9 and 21 days and are narrower for
DNST and the aggregate time series. Figure 8 depicts the time series of the cumulated daily
net position on customer payments, the ReNoSCh break date (the solid vertical line), the
estimated endogenous break point (the dotted vertical line) and its confidence interval (the
red segment) using the algorithm in Bai and Perron (2003). ReNoSCh break dates are always
included in the confidence interval, and very close to the estimated expected date. As a whole
it seems that the ReNoSCh provides a good outcome when compared with structural break
methods. For the aggregate time series of customer payments, the beginning of the run is
estimated even one day before. On average, it slightly anticipates the break date, which in
our case is better that postpone it.

7

Alternative Information

Given that there are many viewpoints from which the health status of a bank can be observed, it seems that we need at least to discuss why payment systems are better than other
information sources to timely identify silent runs.
If we restrict our comparison to central bank-internal information, we see at least two
potential candidates for monitoring banks’ deposits. If the central bank is also the supervisory
authority, it is likely to receive reports from the commercial bank with a certain frequency.
In addition, inspections and other forms of control can be implemented. The quality and the
frequency of this information depends on many factors. Even if supervisory reports can give
a deeper view on the balance sheet of the bank, they have two major drawbacks. First, the
frequency is usually low, and thus it can happen that a silent run occurs (and even ends) in
between two observations. Second, the bank may temporarily misreport some items. As an
alternative, the central bank can monitor other aggregates that can be under its direct control
at a high frequency. The reserve account is an example, given it is recorded every day for
every bank for the reserve requirements. Nevertheless, we have showed how the drain is offset
immediately by the banks, making the reserve account flat and uninformative.
Alternatively, one can look at central bank-external data. A straight source of information is market data. One can follow several indexes computed for a bank for example on
34
35

See also Bai and Perron (2003) for a description af the relative algorithm and applications.
We use the R function ’breakpoints’ in the package ’strucchange’. We set the break points to be up to

one.
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Thomson Reuters, Bloomberg and so on. The problem is that market data is by construction
informative for marketable debt, it can tell us whether people is selling bank’s bonds or other
type liabilities, but it is uninformative about deposits. Another popular sources of information is of course Google. Google trends has been used in several economic research papers to
nowcast economic aggregates (see Choi and Varian, 2012; D’Amuri and Marcucci, 2017, for
example). To test this possibility, we generated several time series combining the name of the
bank with the Italian words ’crisi’, ’fallimento’, ’corsa agli sportelli’ and the correspondent
English words (’crisis’, ’failure’, ’bank run’) and summed them up. The indicator obviously
works pretty well in tracking these bad news episodes. Unfortunately, there is always an increase of these searches when bad news pop up, even without a silent run. Probably people
start to search these words even if they are not that bank’s depositors and even if they are
it is not automatic that they then withdraw their money. It then seems a much more noisy
measurement than the punctual outflows detected in payment systems.

8

Final Remarks and Policy Discussion

Our results are relevant from several policy standpoints.
The fact that depositors started to withdraw even small denomination banknotes is surprising and should raise concerns on the effectiveness of the deposit insurance. While it can
be just due to unawareness (Bartiloro, 2011), it may also point to the intrinsic disutility of
having an insured credit instead of central bank money. This is particularly possible in the
Eurosystem where banknotes are guaranteed by a supranational authority, the Eurosystem,
while deposits are not.36
From a financial stability perspective, runs are bad for all the reasons outlined in Section
2. By constructing an algorithm to real-time detecting silent runs, we provided a tool to
significantly reduce the timing of potential interventions. Indeed point 18.(a) of Basel III
(2013) says:
”Supervisors should assess conditions at an early stage, and take actions if deemed necessary, to address potential liquidity risk.”
As many recent cases (Northern rock included) taught to us, time is key in these situations.
If the central bank or the government can intervene and make the impact of the run less
dramatic, any gain in terms of time adds an enormous value. This is well captured by the following statement made by an employee of a National Resolution Authority of the Eurosystem
interested in our algorithm:
”If a bank is stressed and a bank run occurs, it could force a bank to go into resolution in
a fast-moving adverse event. Consequently, we need to be able to act and provide analytical
resources for the specific institution. This tool allows us to adequately monitor the likelihood
of such an event.”
Our estimates on the liquidity drain generated by a silent bank run are informative for the
calculation of 30 days potential outflows due to retail deposit run-off in the LCR (Basel III,
36

The insurance schemes are still national in the eurozone.
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2013). To the best of our knowledge there is no estimate of the liquidity stress generated by
silent bank runs. Here we showed that the run-off rate is about 3 per cent of the deposits,
which is close to the minimum rate for stable deposits in the LCR.37 Most of these outflows
occurred in the first two weeks, the remaining part in the following two weeks.
If the information in payment data is rich enough, we can also get more insights on the
nature of the fear that is governing depositors’ actions. We showed how, having detailed
bilateral transactions at hand, one can assess whether depositors are also concerned with
other banks in the same country or whether they even distrust the entire banking system by
converting deposits into cash.
Regarding the spillovers to the rest of the banking system, we showed the existence of a
size premium and a financial services industry premium. Big domestic banks enjoyed large
positive liquidity spillovers by digital transfers from the run bank. Countries with a more
developed financial services industry benefited from inflows from customers of the run bank.
These are relevant externalities that have to be taken into account. By applying this tool, we
then uncovered novel depositor’s actions that could be useful for modeling their behavior in
models with financial panics.
From a monetary policy perspective, bank runs can hamper the transmission of impulses
directly through money and financial markets. In addition they can create important disruptions and even generate problems in the smooth operations on payment systems. In this paper
we have seen how both monetary policy operations and payment system evolution interact
with bank runs. Under a fixed-rate full allotment regime, the OMO did a good job in offsetting
the liquidity drain generated by the run. Actually this non-standard monetary policy tool was
there not for this purpose, but it did its part. What do we learn from these facts? Would
have it been worse without this possibility?
We also uncovered some side effects that innovation in payment systems may pose. Differently from the queues in front of the bank’s branch during the old-fashioned noisy runs, we
described here a different behavior of depositors. They took advantage of the new financial
services available and used mainly electronic transfers and (to a lower extent) ATMs to run
their bank. In this sense we offered a new view on some side effects that financial digital
evolution may have. As an example, we used to see real-time transfers just as an important
tool to mitigate credit risk in payments between banks (Kahn and Roberds, 1998), we saw
here that it could have unexpected negative effects if it is at disposal of their depositors. It
may put an additional liquidity pressure on the bank of about half billion in the first 10 days,
according to our cases. As such, central banks should take it into consideration when they
operate and oversee new payment services. Are we sure that the movement towards a cashless
society does more good than harm? Is it just part of a general shift toward a ’digital financial
life’ (see also the issues related to financial cyber security)? The recent diffusion of instant
payments, which offers the possibility to settle 24/7/365, can be a structural change. Can all
these technological innovations accelerate the speed, the depth and the nature of bank runs?
Digital transactions speed up commerce, facilitate personal finance and boost the efficiency of
banking, lending, and commerce overall, but into 24/7/365 banking there is no pause during a
bank run to regroup and no moment of respite for bankers to manage the draining, turning into
a potential for continuous outpouring of deposits. Can central banks combine polices to get
37
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only the positive consequences of instant payments and financial innovation? Or should them
let commercial banks manage these issues? In a increasingly more digital life they can just
shout their digital doors. Nevertheless, the central bank can help mitigating distrust cycles.
How different would be the reaction of a depositor if her transaction is stopped by the bank
or by a service feature? One thing is that the depositor is stopped by the bank when trying
to move a lot of money suddenly, a different thing is that a lot of money cannot be transfered
within a small time interval by design. Clearly, the first would generate additional panic. We
described silent runs in which the more intense part was two weeks long, with a weekend in
between with everything frozen. Imagine that the depositors could keep withdrawing during
the weekend. What would have happened? Maybe it would have turned into a earlier drain,
if nothing went wrong. What if withdrawals started to be rejected by the bank? Would it
turn into a noisy run the next Monday? These are questions that cannot be neglected.
Another important innovation that has been intensively discussed recently is the implementation of digital central bank money. We showed here that the majority of depositors
preferred to transfer their money to a different bank. If such preference was just driven by the
inconvenience of storing a large amount of money in banknotes, the existence of digital central
bank money would constitute an appealing alternative. While on one hand, central banks
can resist calls to issue their own virtual currency if they ensure that the technology behind
payment transactions is always up to date, they must consider potential drawbacks. Could
digital central bank money worsen the situation? Such risk is well described by Deutsche
Bundesbank Governor Weidmann’s words:
”In a classic bank run, customers have to find another way of storing the money that they
withdraw, and this entails either risk or costs. In a digital bank run, all it takes is a few mouse
clicks to transfer savings out of the private financial system and into a central bank account.
Customers are less likely to think twice about doing that. It is fairly safe to say that, had such
an option been available back then, it would not have been just Northern Rock’s customers but
also those of other UK banks that would have wanted to place their savings out of harm’s way
at the central bank just in case, and precisely this action would have completely destabilised
the entire banking system” (Weidmann, 2018)
An unlimited possibility of converting deposits into digital central bank money could create
serious problems and dramatically change the deposit currency ratio, thus mitigating the
significant positive externalities to sounder banks found in this paper. An easy-to-implement
policy would be to let digital central bank money be convertible only against banknotes and
not against deposits. Unfortunately, such restriction would only slow down this side effect,
as depositors can still convert deposits into banknotes and only after in digital central bank
money. Maybe a daily limit on the amount of deposits that could be converted would do
the job, as in principle there should not be any information on the amount owned by each
individual (as it is for cash). Would the central banks give up on digital currencies? Or tailor
some specific features of digital central bank money that avoid it being a good instrument to
use in a bank run? Would it imply to create a new type of central bank money that has not
all the features of cash? What is clear from this section is that we are unfortunately left with
more questions than answers, but this frequently happens in alive and evolving economic and
financial systems and works as a stimulus for further research on this topic.
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Tables
Table 1: Runs - Digital Transfers vs Cash
Dependent: Daily bank-specific net position in

Digital transfers
Cash withdrawals

Digital transfer
Cash withdrawals

Run FE
Month Dummies
Day Dummies
Holiday FE
Part of the month FE
Trend

(1)

(2)

% increase

Raw data
-121,587,321 ***
( 47,500,855 )
12,557,830 ***
( 4,762,268 )

-251,740,297 ***
( 40,299,189 )
-7,951,568 ***
( 2,486,092 )

194 (s)

Regularized data
-289,895,457 ***
-261,295,973 ***
( 41,201,901 )
( 42,376,381 )
-10,125,804 ***
-8,879,669 ***
( 1,971,173 )
( 1,985,025 )
No
Yes
Yes
Yes
Yes
Yes

38 (s)

942
718

Yes
Yes
Yes
Yes
Yes
Yes

Notes: * : p < 0.10; **: p < 0.05; ***: p < 0.01. Estimated coefficients
of a dummy switching from zero to one when a silent run occurs. The
dependent is the daily net position respectively for digital transfers and
cash withdrawals computed as the sum of credits minus the sum of debits
for each bank hit by a silent run. The control period is the 100 settlement
days before the run. The treatment period coincides with two weeks after
the run started, 11 day in total. We pooled together all the identified runs.
(s) means that the net flow changed sign.

Table 2: Cash - ATM vs Bank Tellers
Dependent: Bank-specific withdrawals
% increase
ATM (≤ 50)
100
200
500

9,088,699 ***
( 1,955,436 )
813,993 ***
( 276,710 )
39,005
( 32,001 )
383,347
( 264,093 )

Run FE
Month Dummies
Day Dummies
Holiday FE
Part of the month FE
Trend

355
362
10(s)
20(s)

Yes
Yes
Yes
Yes
Yes
Yes

Notes: * : p < 0.10; **: p < 0.05; ***: p < 0.01.
Estimated coefficients of a dummy switching from
zero to one when a silent run occurs. The dependent
is the daily net position for each banknote denomination and for each bank hit by a silent run. Any
cash operation of each commercial bank with the local branch of the Italian central bank is used. The
control period is the 100 settlement days before the
run. We pooled together all the identified runs. (s)
means that the net flow changed sign.
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Table 3: Bilateral Digital Transfers - Nationality and Size
Dependent: ∆ pair-specific customer payments net position

Domestic banks
Size of domestic banks

All
(1)

Negative
(2)

% ratio

-1.280.795,06 ***
( 289.706,97 )
-2,57E-09 ***
( 6,77E-10 )

-2.401.810,94 ***
( 304.135,52 )
-5,57E-09 ***
( 6,32E-10 )

1,9

Yes

Yes

Run FE

2,2

Notes: * : p < 0.10; **: p < 0.05; ***: p < 0.01. Estimated coefficients of
a dummy switching from zero to one when a silent run occurs. The dependent
is the change in the daily net position for each bank hit by a silent run via-avis with other banks. Any RTST is included. We restrict this analysis to such
transactions because for DNST the counterparty is not identifiable as ACH send
multilateral positions to the LVPS. The control period is the 100 settlement days
before the run. We pooled together all the identified runs. in the ’All’ column
all the bilateral positions are taken, in the ’Negative’ only positions with negative
deltas are considered. The ratio is between all vs negative. If bilateral positions
are missing before or after the shock the observation is dropped.

Table 4: Bilateral Digital Transfers - Country of Destination
Top five countries in terms of absolute outflows
Country
IT
DE
BE
GB
LU

# Pairs

∆

Pre shock

Post shock

% change

204
158
19
25
18

-310.379.390
-13.940.832
-8.686.221
-4.279.550
-3.514.911

257.379.668
20.080.077
2.969.934
15.133.515
2.424.271

-52.999.722
6.139.245
-5.716.287
10.853.965
-1.090.640

-121%
-69%
-292%
-28%
-145%

Notes: Any RTST is included. We restrict this analysis to such transactions because for DNST the counterparty is not identifiable as ACH send multilateral
positions to the LVPS. The control period is the 100 settlement days before the
run. We pooled together all the identified runs. If bilateral positions are missing
before or after the shock the observation is dropped. The country of destination
is extracted from the BIC code which identifies the bank’s account in TARGET2.

Table 5: Runs - time to settlement
Dependent: Daily bank-specific net position in

Real-time Settlement
Deferred Net Settlement

Real-time Settlement
Deferred Net Settlement

Run FE
Month Dummies
Day Dummies
Holiday FE
Part of the month FE
Trend

(1)

(2)

Raw data
-12.958.560
( 36.713.240 )
-108.628.761 ***
( 26.431.622 )

-116.273.864 ***
( 29.168.869 )
-135.466.433 ***
( 27.243.596 )

Regularized data
-136.366.347 ***
-121.429.241 ***
( 30.989.167 )
( 32.157.983 )
-153.529.110 ***
-139.866.732 ***
( 24.788.278 )
( 25.576.895 )
No
Yes
Yes
Yes
Yes
Yes

% increase

507 (s)
113 (s)

840
1.054

Yes
Yes
Yes
Yes
Yes
Yes

Notes: * : p < 0.10; **: p < 0.05; ***: p < 0.01. Estimated coefficients of a
dummy switching from zero to one when a silent run occurs. The dependent is the
daily net position respectively for real-time settlement transfers and deferred net
settlement transfers computed as the sum of credits minus the sum of debits for
each bank hit by a silent run. The control period is the 100 settlement days before
the run. We pooled together all the identified runs. (s) means that the net flow
changed sign.
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Table 6: Sources of Funding
Dependent: net position in each channel
All sources
OMO
Collateral
Unsecured

454.700.480 ***
( 117.086.877 )
330.757.061 ***
( 108.475.816 )
118.906.581
( 79.484.782 )
5.040.007
( 11.820.019 )

Run FE

Yes

Notes: * : p < 0.10; **: p < 0.05; ***:
p < 0.01. The estimated coefficients of a
dummy switching from zero to one when a
silent run occurs are reported. We pooled
together all the identified runs, all the specifications include run fixed effects. Collateral
is computed by taking the net position on
the national CSD, Montetitoli, it includes the
the transactions with the CCP, CC&G. The
unsecured channel is computed using e-MID
transactions.

Table 7: Backtesting - Structural Change Test, Exogenous and endogenous break points
All

DNST

RTST

Cash

Chow test statistic
Critical value
p-value

22.5592
3.0759
0.0000

14.7802
3.0759
0.0000

8.3452
3.0759
0.0000

10.9819
3.0759
0.0000

2.5% bound
Expected
97.5% bound

-4 days
+1 day
+5 days

-4 days
+2 days
+6 days

-12 days
-2 days
+9 days

-4 days
0 days
10 days

Exogenous break point

Endogenous break point

Notes: day 0 is the first estimated day of bank run. Daily Change in the net position
for each channel summed for all the cases considered. The first column reports all the
customer payments, the second reports the deferred net settlement transfers, the third
reports the real-time settlement payments, the last reports the cash withdrawals. We
considered 120 days, 100 before the run starts. We use a standard Chow test for the
exogenous break point. The test proposed by Bai and Perron (1998) and the algorithm
in Bai and Perron (2003) are used to endogenously estimate the break date. ’Expected’
reports the relative position of the estimated break point w.r.t. the estimated first day
of bank run. The bounds of the 95% confidence interval are also reported in terms of
distance from the first estimated day of bank run.
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Figures
Figure 1: A simplified schema of how bank’s customers can move their deposits in payment
systems

Notes: The big box is a stylized representation of a LVPS, where the central bank does its operations with commercial banks
and where the latter held their reserve accounts, all is settled in central bank money. The small box represents a RPS/ACH. The
circle is depositor i of bank A. The blue dotted line represents an instruction of payment made by the RPS on th LVPS. The
blue arrows represent outflows of central bank money from bank A account, to bank B account or to banknotes in the pockets of
depositor i. The red dotted lines represent the trhee ways that depositor i has to convert her funds in bank A into deposits to
another bank b, via a RPS or directly through the LVPS, or into cash.

Figure 2: Parametric vs Nonparametric Densities

Notes: empirical kernel densities in blue, theoretical normal distributions in orange.
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Figure 3: Visual Evidence for Identified Runs

Notes: day 0 is the first estimated day of bank run. Cumulated net unexpected position for each channel averaged for all the cases considered. The
position is centered to the estimated silent run beginning (red vertical line).

Figure 4: Running Routes
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Figure 5: Counterfactuals - Pure Real-time vs Deferred Settlement

Notes: day 0 is the first estimated day of bank run. The lines represent cumulated net positions in two scenarios. The blue line depicts a scenario
where everything is settled real-time. The light blue line depicts a scenario where everything is settled deferred. In the first scenario the observed
DNST are shifted one day before, in the second the observed RTST are shifted one day after. The dark blue area is the difference between the two
scenarios.

Figure 6: Offsetting Liquidity Drains

Notes: day 0 is the first estimated day of bank run. Cumulated net positions for each channel summed for all the cases considered. The position
is centered to the estimated silent run beginning (red vertical line). The blue bold line is the sum of the others. OMO stands for open market
operations, the outstanding position is represented. ’Collateral’ represents the net position for securities related settlements. It includes trades and
repo contracts, CCP included. ’Unsecured’ represents the net outstanding position in the unsecured money market in e-MID.
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Figure 7: Exploring the exogenous break point - Range Chow test.

(a) All outflows

(b) Deferred

(c) Real-time

(d) Cash

Notes: day 11 is the first estimated day of bank run. Blue line: Chow test run on every day on changes of net positions for each channel summed for
all the cases considered. Time range for the test is 20 days around the pivotal day for which the test is computed. The position is centered to the
estimated silent run beginning (black vertical line). The violet line is the critical value.
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Figure 8: Endogenous break points - Graphical analysis.

(a) All outflows

(b) Deferred

(c) Real-time

(d) Cash

Notes: day 97 is the first estimated day of bank run, a black vertical line keeps track of it. Black line: cumulated net positions for each channel
summed for all the cases considered. The test proposed by Bai and Perron (2003) is used to endogenously estimate the break point on changes in
the net positions. The endogenous break point estimate is represented with a vertical dotted line. Its 95% confidence interval is in red.
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