
Systemic risk mitigation in financial networks

Agostino Capponi a,n, Peng-Chu Chen b

a Department of Industrial Engineering and Operations Research, Columbia University, NY 10027, United States
b School of Industrial Engineering, Purdue University, West Lafayette, IN 47906, United States

a r t i c l e i n f o

Article history:
Received 7 November 2013
Received in revised form
23 April 2015
Accepted 21 June 2015
Available online 29 June 2015

Keywords:
Systemic risk
Financial networks
Default contagion
Mitigation policies
Lender of last resort

JEL classification:
E32
D85
L14
L22

a b s t r a c t

We propose a multi-period clearing framework, where the level of systemic risk is
mitigated through the provision of liquidity assistance. The interbank liability network
evolves stochastically over time, and assets of defaulted banks are sold to qualified banks
within the network through a first-price sealed-bid auction. We find that policies
targeting systemically important banks are more effective in core-periphery network
structures, whereas those maximizing the total liquidity in the system are preferred in
random network configurations. We assess sensitivity of systemic risk to variations in
interbank liabilities as well as to their correlation structure.

& 2015 Elsevier B.V. All rights reserved.

1. Introduction

Financial institutions are connected to each other via a sophisticated network of multilateral exposures. Through these
linkages, distress or failure of a financial institution triggering large unexpected losses on its trades can seriously affect the
financial status of its counterparties. It is such negative externalities and the significant spillovers to the real economy that
are the essence of systemic risk, see also Caruana (2010) and Markose et al. (2012).

The intricate structure of linkages can be naturally captured via a network representation of the financial system. Such a
network models the interlinking exposures between financial institutions, and can thus assist in detecting important shock
transmission mechanisms. This is also stressed by Allen and Babus (2008), who discuss how the use of network theories can
enrich our understanding of financial systems, helping to answer questions related to how resilient financial networks are to
contagion, and how financial institutions form connections when exposed to risk of contagion. Such a machinery becomes
even more relevant if we consider the current post-crisis regime, where a series of decisions are being taken by
governmental authorities to better monitor systemically important entities. Moreover, as also mentioned in IMF (2010),
most policy recommendations are targeted towards structural changes which can mitigate the adverse consequences
emerging in such closely intertwined systems during times of crisis. Those include refinements in the lender of last resort
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principles, new funding liquidity and leverage restrictions for banks, as well as capital surcharges based on an institution's
likely contribution to systemic risk.

Starting with the seminal paper by Allen and Gale (2001), who employed an equilibrium approach to model the
propagation of financial distress in a credit network, many other approaches have recently been proposed to explain
systemic risk. Gai and Kapadia (2010) use statistical techniques from network theory to model how contagion spreads, and
analyze how the knock-on effects of distress at some financial institutions can force other entities to write down the value of
their assets. Battiston et al. (2012) introduce the financial accelerator to characterize the feedback effect arising from
changes in the financial conditions of an agent. Battiston et al. (2012) demonstrate that systemic risk does not necessarily
decrease if the connectivity of the underlying financial network increases.

Our paper belongs to the stream of literature generated from the seminal work of Eisenberg and Noe (2001), who developed a
clearing system framework consistent with bankruptcy laws, to analyze systemic risk in interbank networks. Such a framework
was utilized and extended along several directions. Staum and Liu (2012) analyze how systemic risk in financial networks should
be quantified and allocated to individual institutions. Rogers and Veraart (2013) relax the assumption made in Eisenberg and Noe
(2001) that a defaulting bank can liquidate its assets at face value to repay due liabilities, and identify circumstances under which
banks have incentives to rescue others. Blanchet and Shi (2012) consider a financial network with insurance and reinsurance
companies, and provide a model to capture the total losses generated from default cascades originated from a reinsurance
company. Elliott et al. (2013) study the impact of diversification and integration of a financial network on cascades of default
events. On a more empirical side, Cont et al. (2013) and Angelini et al. (1996) analyze, respectively, Brazilian and Italian interbank
systems, showing how defaults transmit through the payment system and originate systemic crisis.

The above mentioned studies have analyzed the consequences caused by defaults using a static model of counterparty
exposures. Although static models provide insights about immediate consequences caused by defaults, they do not capture
the propagation and aftershocks of default events. We advance the above literature by developing a multi-period clearing
system, where the level of systemic risk can be controlled through the provision of liquidity assistance loans. Such loans are
provided by a regulatory entity, hereon referred to as the lender of last resort (LOLR), who has complete information on the
liability structure of the network and mitigates systemic risk by providing liquidity loans to illiquid, but solvent banks.1

These liquidity assistance policies are supported by the classical doctrine of the LOLR elaborated by Bagehot (1873), and
theoretically justified by Rochet and Vives (2004).

We consider a stochastically evolving interbank liability structure where clearing, or settlement, of interbank claims is done
using a dynamic extension of the algorithm originally proposed by Eisenberg and Noe (2001). We show that if the subgraph of
the financial network induced by the surviving banks is regular at all times, then the time sequence of clearing payments is
unique when a liquidity loan allocation strategy is specified. The time evolving nature of the network allows modeling the
dynamic component of systemic risk. Merton et al. (2013) also analyze macro risk changes occurring over time and find that
interbank exposures are very sensitive to changes in values of the underlying assets. The time related perspective of systemic
risk is also emphasized in ECB (2009, p. 127). Our network model is well suited to analyze systemic risk in networks of insured
commercial banks. The latter are supervised by the Federal Deposit Insurance Corporation (FDIC), which usually uses the
Purchase and Assumption (P&A) transaction to sell non-cash assets of defaulted banks in the network. Following Giliberto and
Varaiya (1989), we assume that the sale is done through a first-price sealed-bid auction using the common value model. We
assess systemic risk mitigation on the core-periphery network model. Craig and von Peter (2014) perform an empirical
analysis using bilateral interbank data from German banks from 1999 to 2007 and find that the matrix of interbank liabilities
follows a tiered core-periphery structure. Such findings are also confirmed by Fricke and Lux (2015) who employ a detailed
dataset containing all overnight interbank transactions in the Italian market from 1999 to 2010, and find that a core-periphery
structure provides the best fit for these interbank data, with high degree of persistence over time.

We analyze the performance of two liquidity assistance strategies. The first, called Systemic Importance Driven and abbreviated
with SID, provides liquidity assistance loans to systemically important banks. The second policy, called Max-Liquidity and
abbreviated with ML, maximizes the instantaneous total liquidity in the network. We find that policies rescuing systemically
important banks are preferred to those maximizing the total liquidity in the system when the network has a core-periphery
structure. The reason is that, under the ML policy, there is a higher probability for systemically important banks to default.
Failures of core banks use up the cash of solvent banks which need to purchase them through the auction, and hence become
less liquid. This in turn increases the likelihood of defaults occurring in later periods and results in large increases of systemic risk
in the network. When the variation in interbank liabilities is higher, a larger systemic risk reduction is obtained by SID, given that
the systemic consequences originated from failures of systemically important banks are stronger. We find that systemic risk
levels tend to maintain similar levels over time when the SID policy is employed, while they manifest higher fluctuations in time
under the ML strategy given the network is subject to a latency before stabilizing after early failures of systemically important
banks. We also provide comparisons with a baseline random network and find that the ML policy is slightly preferred in this
case. This is because all banks are equally systemically important and hence reducing systemic risk by maximizing the total
liquidity in the system is preferable to targeting a specific set of banks to which provide liquidity assistance if the need arises.

1 If complete information of the financial network is not readily available, the regulator may also construct accurate proxies for interbank liabilities
using standard methodologies, see for instance Docherty and Wang (2010). Such procedures use transaction data from the U.S. Federal Fund Markets as
proxies for decomposing the observed total liabilities into interbank liabilities.
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