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ABSTRACT

In recent years, an increased effort has been made to further the development of effec-
tive stress tests that can be used to quantify the resilience of financial institutions.
Here, we propose a stress test methodology for central counterparties (CCPs) based
on a network characterization of clearing members (CMs) that takes into account
the propagation and amplification of financial distress through the network of bilat-
eral exposures between CMs. We apply the proposed framework to the fixed-income
asset class of Cassa di Compensazione e Garanzia (CC&G), the CCP operating in
Italy, whose cleared securities are mainly Italian government bonds. We consider
two different scenarios where exogenous losses may be incurred: a distributed initial
shock and a shock corresponding with the cover 2 regulatory requirement (entailing
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44 G. Poce et al

the simultaneous default of the two most exposed CMs). Network effects turn out to
substantially increase the vulnerability of the CMs in both scenarios, though distress
propagation is much more rapid in the latter case, where we note a large number of
early triggered additional defaults. This shows that setting a default fund to cover
insolvencies on a cover 2 basis alone may not be adequate for the taming of systemic
events. Overall, our network-based stress test methodology represents a refined tool
for calibrating conservative default fund amounts.

Keywords: central counterparty (CCP); default fund; financial network; stress test; systemic risk.

1 INTRODUCTION

The financial crises of the last decade exposed the structural fragility of the finan-
cial system, providing the impetus for the considerable scientific effort that has been
made to characterize the complex patterns of interconnections resulting from direct
and indirect exposures between financial institutions (see, for example, Boss et al
2004; Iori et al 2008; Nier et al 2007). Many studies have focused on understanding
how local events may trigger global instability through the spreading and amplifica-
tion of financial distress, with the aim of quantifying the resulting systemic risk in
capital markets. The relevant literature ranges from the seminal works of Allen and
Gale (2000), Eisenberg and Noe (2001) and Furfine (2003) to the recent contribu-
tions of Acemoglu et al (2015) and Battiston et al (2016a,b). At the same time, regu-
lators were pushed to introduce more stringent microprudential rules around capital
and liquidity requirements that, together with the implementation of extraordinary
monetary policies, eventually increased the robustness of the financial system.

Central counterparties (CCPs) contribute to the stability of the system (Duffie and
Zhu 2011) by acting as contract intermediaries between financial institutions, which
take the name of clearing members (CMs). To fulfil this function, a CCP collects
guarantees from its CMs in the form of daily margins that are used to cover any
potential liquidation costs incurred by the insolvency of a CM as well as in the form
of default fund amounts that may be used to manage market risk above the level
covered by the margins (Cumming and Noss 2013; Murphy and Nahai-Williamson
2014; Nahai-Williamson et al 2013). According to European Market Infrastructure
Regulation (EMIR), the default fund should be calibrated via various stress tests
ensuring compliance with the cover 2 requirement; that is, the CCP must be able
to withstand any losses resulting from the default of the two CMs to which it is
most exposed. (For further details, see EMIR Regulation (EU) 648/2012 on over-
the-counter (OTC) derivatives, CCPs and trade repositories, available at https://bit.ly/
2yyiSgO.)
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The European Securities and Markets Authority (ESMA) recently coordinated the
first assessment across the European Union (EU) of CCP resilience to “extreme but
plausible” market developments (for the full report on ESMA’s EU-wide CCP stress
test, published in April 2016, we refer the reader to https://bit.ly/2Ec7KMA). This
stress exercise focused on the counterparty risk that CCPs would face as a result
of multiple CM defaults and simultaneous market price shocks. The assessment also
included spillover losses associated with the default waterfall mechanism (Article 45,
EMIR); that is, if the guarantees posted by the defaulted CMs are insufficient to cover
the total liquidation costs, guarantees posted by nondefaulting CMs will be used too.
Spillover losses may also arise because the various CCPs are highly interconnected
through common CMs. Although the ESMA exercise found the EU’s system of CCPs
to be resilient overall, it also highlighted that an important protection for CCPs is pro-
vided by the resources posted by nondefaulting CMs, which are thus themselves at
risk of facing significant losses. In severe scenarios, this could trigger second-round
effects via additional losses and defaults. This is why ESMA recommended that
CCPs carefully evaluate the creditworthiness of their CMs as well as their potential
exposures due to their participation with other CCPs.

We address this call by developing a network-based stress test framework. Tai-
lored to the needs of CCPs, it takes into account contagion effects among CMs due
to the reverberation of credit and liquidity shocks over the network of bilateral expo-
sures that exists between them. In doing so, we aim to overcome the current defi-
nition of the CCP stress tests used to determine the size of their default funds. In
particular, we quantitatively challenge the cover 2 rule by assessing the systemic
losses that the default of two CMs may generate as side effects, and by consider-
ing whether these losses are comparable to those arising from a distributed macro-
economic shock. Instead of fixing ex ante the number of CMs that might default at
the same time, we follow an ex post approach, determining how many CMs would
be affected by a given initial shock. Due to the difficulties of collecting (at CCP
level) the data needed to assess the exposures of the CCP’s CMs to other CCPs,
we focus on a single cleared market, namely, the fixed-income asset class of Cassa
di Compensazione e Garanzia (CC&G), the only Italian EMIR-authorized clearing
house.1;2 Note that CC&G’s current fixed-income default fund is generally gauged

1 The cleared products we consider include Italian government bonds, repurchase agreements
(repos) and corporate bonds traded on Borsa Italiana platforms. The fixed-income asset class is
the most significant in terms of cleared volumes and systemic importance in the Italian financial
system.
2 For a complete description of CC&G’s current stress test methodology, please refer to https://
bit.ly/2A4PC37.

www.risk.net/journals Journal of Network Theory in Finance



46 G. Poce et al

on a cover 4 basis (covering the four members with the largest recorded exposures)
via a more conservative process than that prescribed by the cover 2 requirement.3

2 A NETWORK-BASED STRESS TEST

To summarize, our stress test methodology is based on the assessment of the financial
positions and the interconnections between CMs participating in the market cleared
by CC&G. This information is then used to compute the equity losses sustained
by the CMs due to an initial idiosyncratic and macroeconomic shock reverberating
through the bilateral exposures of the CMs in the form of credit and liquidity shocks.
The proposed stress test framework is thus made up of four fundamental steps that
are briefly outlined below. Full details of the method can be found in Poce et al
(2016).

(1) Assessment of daily balance sheets through a Merton-like
model

The financial position of a given CM i (belonging to CC&G’s fixed-income asset
class) at date t is summarized by the balance sheet identity

Ei .t/ D Ai .t/ � Li .t/; (2.1)

where Ai .t/ and Li .t/ represent total assets and liabilities, respectively. CM i is
considered solvent as long as its equity Ei .t/ is positive. Starting from the informa-
tion disclosed periodically in their balance sheets, we compute the financial posi-
tions of the CMs using a Merton-like model (Merton 1974). Crucially, we suppose
that a default occurs the first time a firm’s total assets fall below the default point;
thus, following Tudela and Young (2005), we estimate the equity as the price of a
down-and-out call option on the assets of the firm, with a strike price equal to the
notional amount of issued debt. The option value Ei .t/ is retrieved from the market
as the firm’s market capitalization, from which we can determine the current value
of assets Ai .t/ and liabilities Li .t/ (see the online appendix).

(2) Building a network of inter-clearing member exposures

In order to build the network of bilateral exposures between CMs, we first determine
the daily values of the inter-CM assets AINT

i .t/ and liabilities LINT
i .t/ (resulting from

direct credits and debits among CMs). To do so, we use the interbank assets and

3 CC&G’s default waterfall, including both the margins and the default fund, has been designed in
compliance with both EMIR and the Committee on Payment and Settlement Systems–Technical
Committee of the International Organization of Securities Commissions (CPSS–IOSCO) Princi-
ples for Financial Market Infrastructures (2012).
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liabilities reported on the balance sheet as proxies for these two quantities. Further,
we assume that, for each CM, the proportion of interbank assets (liabilities) over total
assets (liabilities) remains constant over time (Nier et al 2007). Individual contract
values are then inferred through the fitness-induced maximum entropy approach of
Cimini et al (2015); the amount aINT

ij .t/ of the loan granted by i to j at t can be
expressed as4

aINT
ij .t/ D

z�1 C AINT
i .t/LINT

j .t/

C INT.t/
!ij .t/;

!ij .t/ D

(
1 with probability pij .t/ D fŒzAINT

i .t/LINT
j .t/��1 C 1g�1;

0 otherwise,
(2.2)

where !ij .t/ denotes the presence of the link, C INT.t/ D
P
i A

INT
i .t/ is the total

volume of the inter-CM market and z is a parameter that controls for the density of
the network.5;6

(3) Simulation of initial shocks

We model two different types of initial shock hitting the market.

Distributed shock

To model a distributed distress, we decrease the equity of each CM by

Si .t/ D fŒ��i .t/C .1 � �/�x C.t/CmaxŒM STR
i .t/ �Mi .t/; 0�g

Ei .t/P
j Ej .t/

: (2.3)

The first term is an exogenous shock on external assets, which we model using an
idiosyncratic component and a macroeconomic component (Manna and Schiavone
2012), both affecting the CM in a way that is proportional to its equity.7 The magni-
tude of the shock is set by the parameter x, namely, the average total exogenous
shock over the total market volume C.t/ D

P
i Ai .t/. The second term repre-

sents the hypothetical liquidity pressure resulting from the higher margins required

4 See Anand et al (2018) for a recent comparative overview of network reconstruction methods.
5 Here, we set z to have a network density of 5%, like that observed in the Italian interbank market
e-MID on a daily aggregation scale (Finger et al 2013).
6 In principle, CMs may establish contracts with other CMs as well as external firms; the latter
might be included in the network in the form of links pointing out of the system. We use Bank
for International Settlements (BIS) locational banking statistics (https://bit.ly/2Eoq99c) to estimate
that the foreign positions of Italian banks are rather small (amounting to roughly 10% of the total
exposure) and can therefore be neglected in our analysis.
7 The stochastic term is given by the Poisson variable �i .t/ � P .1/. Without loss of generality, we
use � D 1

2 .
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by CC&G in stressed conditions; this term is quantified as the difference between
M STR
i .t/ (ie, the margins posted under conservative stress scenarios) and Mi .t/ (ie,

the margins actually posted by the CM).8 Overall, we consider only shocks that
actually cause decreases in equity, imposing Si .t/ D 0 whenever Si .t/ < 0.

Cover 2 shock

To fit with the cover 2 EMIR requirement, we simulate a scenario where the initial
shock is the straight simultaneous default of CMs Qi and Qj (that is, the two CMs to
which CC&G has the largest exposure). Thus, we obtain

SQi .t/ D EQi .t/; S Qj .t/ D E Qj .t/; Sk.t/ D 0 for all k ¤ Qi ; Qj : (2.4)

(4) Reverberation of credit and liquidity shocks

Initial shocks reverberate throughout the network of bilateral exposures between
CMs, causing additional losses according to two main mechanisms (Chan-Lau et al
2009). They are

� credit shocks, where CMs can fail to meet obligations, resulting in actual losses
for creditors; and

� liquidity shocks, where CMs can start to hoard liquidity, driving other CMs
to restore their liquidity provisions by fire selling their illiquid assets at a
discount.9

These shocks propagate even if no default has occurred, as experiencing equity losses
brings a CM “closer” to default, implying a decrease in both the value of its obliga-
tions (Bardoscia et al 2015) and its capability (or willingness) to lend money to the
market (Cimini and Serri 2016). To quantify the resulting losses that propagate to
other CMs, we define the impact of j on i as

Wi j .t/ D
�aINT

ij .t/C �.t/aINT
j i .t/

Ei .t/
; (2.5)

where 0 6 � 6 1 is the loss given default, 0 6 � 6 1 is the fraction of the lost
liquidity that is to be replenished by asset sales and .t/ quantifies asset deprecia-
tion during the fire sales. According to Bardoscia et al (2015) and Cimini and Serri
(2016), the dynamics of shock propagation consist of several rounds fng. In each

8 This term is also rescaled to obtain margin increases comparable to CM equities.
9 The burst of the interest rate spread between long-term and overnight loans represents another
liquidity hoarding spillover that can hinder the refinancing of assets through long-term loans.
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of these rounds, we iteratively spread individual distress levels given by the rela-
tive changes in equity hŒn�i .t/ D 1 � E

Œn�
i .t/=E

Œ0�
i .t/ and weighted by the wealth

potentially affected.

� At step n D 0, the system is experiencing no distress. Hence, EŒ0�i .t/ �
Ei .t/) h

Œ0�
i .t/ D 0 for all i .

� At step n D 1, the initial shock hits the market so that EŒ1�i .t/ � Ei .t/ �

Si .t/) h
Œ1�
i .t/ D Si .t/=Ei .t/ for all i .

� At steps n > 1, h values are obtained by iterating the equation for the evolution
of the CM’s equity as follows:

h
ŒnC2�
i .t/ D min

�
1; h

ŒnC1�
i .t/C

X
j2AŒnC1�

�aINT
ij .t/C � Œn�.t/aINT

j i .t/

E
Œ0�
i .t/

� Œh
ŒnC1�
j .t/ � h

Œn�
j .t/�

�
;

(2.6)

where we assume that equity losses for CM j translate linearly into equity losses for
CM i .10

In the above expression, AŒnC 1� D fj W hŒn�j .t/ < 1g denotes the set of CMs that
have not defaulted up to iteration n. These CMs may still spread their financial dis-
tress (note that hi D 1 signals the default of i ). The aggregate amount of inter-CM
assets that may potentially be liquidated at n is given by

QŒn�.t/ D
X

j2AŒnC1�

X
k

aINT
jk .t/Œh

ŒnC1�
j .t/ � h

Œn�
j .t/�

so that the fire sale devaluation factor is  Œn�.t/ D fC INT.t/=Œ�QŒn�.t/� � 1g�1. The
dynamics stop at n� when no more CMs can propagate their distress. The set of
vulnerabilities fhŒ��i .t/gi2N then quantifies the final potential equity losses of CMs.

10 Linearity is the simplest possible assumption when the real functional form is unknown. How-
ever, our methodology can easily be extended to generic convex functions of the equity loss, as in
Bardoscia et al (2016). What we observe in these cases (at least when the function is not so close to
zero for small losses, so that shocks can actually propagate) is a difference in the model dynamics
in the early stages. This difference, however, vanishes as stationarity approaches, corresponding to
the extreme scenario with no policy intervention. As a CCP needs to be able to gauge the default
fund on a very conservative basis, linearity seems a more appropriate hypothesis.
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3 RESULTS

We now illustrate the results of the application of our proposed network-based stress
test methodology to the fixed-income market cleared by CC&G.11;12 We omit the
explicit dependence of quantities on the chosen date t .

3.1 Dynamics of clearing member vulnerabilities

In order to show how the method works in detail, we start with a specific case study
and set � D 0:6 (the average loss given default value observed for CC&G’s CMs)
and � D 0:6 (set homogeneously with �). We compare three quantities for each CM
i , namely:

� h
Œ1�
i , the vulnerability, or relative equity loss, given by the initial shock;

� h
Œ2�
i , the vulnerability after the first network reverberation of shocks (ie, the

second-round relative loss); and13

� h
Œ��
i , the vulnerability after the network propagation of shocks has been

exhausted.

By construction, hŒ1�i 6 h
Œ2�
i 6 h

Œ��
i . Figure 1 shows these values for two scenarios,

entailing initial shocks that are (a) distributed (with x D 10�3) and (b) cover 2.14

The first observation that strikes us is the significance of network effects, which
are diverse among CMs and generally amplify losses significantly. The considerable
variation in initial shock conditions gives rise to very different configurations in the
early stages of the shock propagation dynamics (n D 2); if, however, shocks continue
to propagate (n D n�), then the system falls into similar stationary configurations.

11 Input data for the stress test exercise is taken from the CMs’ most recent balance sheet informa-
tion (available as of September 2016) as well as CC&G’s fixed-income margins (collected between
July and October 2016). The results presented in this paper refer to a specific date in such a range.
Our particular choice of date, however, does not significantly alter our results because, throughout
the relevant period, we observe small changes in the total uncovered exposures of the two most
exposed CMs (10%) and in the default fund (11%). These variations are in line with those obtained
over a longer time period (between September 2015 and October 2016), for which the change in
the total uncovered exposures of the two most exposed CMs is 15%, while that of the default fund
is 10%.
12 The results obtained are averages over an ensemble of 1000 realizations of steps (2)–(4) of
our framework. Thanks to the numerosity of the ensemble, relative confidence intervals become
negligible and are not displayed in the plots.
13 Note that stopping the dynamics in the early rounds in this way models corrective actions that
might reasonably be expected to be implemented by regulators.
14 The rationale behind this choice of x is detailed in the next subsection.
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FIGURE 1 Individual vulnerability hi versus leverage value �i D AINT
i =Ei for each CM

i .
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The histograms report, for all i , the triplet hŒ1�

i
(initial relative equity loss), hŒ2�

i
(second-round loss caused by the

first network reverberation) and hŒ��

i
(the final loss when the network reverberation of shocks has been exhausted).

(a) The scenario of distributed initial shocks from (2.3) with x D 10�3. (b) The scenario of cover 2 initial shocks
from (2.4). In both cases, we set � D � D 0.6.

This is consistent with initial shocks leading to similar initial equity losses (2:6% and
3:0%, on average, for the distributed and cover 2 cases, respectively). In the scenario
entailing distributed initial shocks, the system remains mostly stable after the first
network reverberation round, and CMs with greater inter-CM leverage values �i D
AINT
i =Ei are generally characterized by greater vulnerabilities. However, as shocks

continue to propagate, several CMs come very close to default, with a dependency
of vulnerability on leverage that is still evident.15 If we consider the defaulted CMs
in this extreme scenario, their total uncovered exposure (ie, the guarantees that they
require, in addition to those already posted, to cover a hypothetical stressed margin
call, as calculated in CC&G’s stress test) is €3.0 billion. We obtain comparable
results for the cover 2 scenario, in which the total uncovered exposure of defaulted
CMs is €3.2 billion. Both are well covered by CC&G’s default fund at the date
(€3.5 billion), which, however, is gauged far more conservatively than prescribed
by the cover 2 rule. Indeed, the fact that the default of the two CMs is equivalent

15 Note that a CM can default due to shock reverberation only if its inter-CM leverage is greater
than 1. Indeed, we see that the value � D 1 qualitatively separates a regime of low losses from a
regime of high losses.
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FIGURE 2 Color map of the residual default fund ratio RŒn�DF depending on the magnitude
of the distributed initial shocks x and the shock reverberation through network n.
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� and � are both set to 0.6. This kind of analysis can be performed only for the distributed shocks scenario; however,
as Figure 1 has already shown, for large values of n, systemic losses are also representative of the cover 2 scenario
with a similar overall magnitude of initial shocks. Note that the shock propagation dynamics usually converge after
a few iterations n.

in terms of loss to a plausible distributed shock, and can lead to additional defaults,
shows that gauging the default fund solely on a cover 2 basis may not be conservative
enough.

3.2 Stability analysis

We generalize our results by studying the stability regime of the market with the
use of the residual default fund ratio RŒn�DF ; this tells us the fraction of the default
fund that remains after we have subtracted the uncovered exposures of the defaulted
CMs (ie, those with hŒn� D 1).16 We recall that CC&G’s default fund is gauged on
a cover 4 basis and is thus much larger than prescribed by regulation based on the
cover 2 requirement.

First, we study how the residual default fund varies as a function of the magnitude
x of the distributed initial shock and of the progressive network reverberations n
(Figure 2). We find that CC&G’s default fund succeeds in covering all exposures in

16 Here, we adopt a conservative approach that does not consider the netting of liabilities in case
of default. This means that if two or more CMs default at the same time, we assume that the
CCP needs to liquidate all of its positions, without taking into account any possible netting benefit
between the different CMs.
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FIGURE 3 Color map of the (final) residual default fund ratio RŒn
��

DF depending on the
magnitude of credit and liquidity shocks, given by the loss given default � and the lost
funding replenishment ratio �, respectively.
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(a) The scenario of distributed initial shocks with x D 10�3. (b) The scenario of cover 2 initial shocks.

almost every scenario, except where unreasonably high values of x are recorded. To
catch the range of plausible values for x, we can assume that losses arising from
nonperforming loans (NPLs) recorded in the market are likely the result of losses
in the value of assets following an initial shock. In particular, the yearly increase
(for 2014–15) in losses from NPLs sustained by Italian banks ranges from 1.37%
(incorporating the cases where such losses were reduced) to 2.5% (considering only
the increase in losses). Using these values as initial vulnerabilities and inverting (2.3),
we obtain 5 � 10�4 < x < 10�3.
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We then assess the system stability with respect to the intensity of credit and liq-
uidity shocks set by the parameters � and �. The case n D n� turns out to be the
most interesting. Figure 3 shows a rather smooth transition between the regimes of
low and high losses, with the CC&G default fund becoming insufficient for only very
high values of � and � (the worst-case total uncovered exposure would be around
18% of the original default fund). This region corresponds, however, to very intense
and rather unrealistic shocks, which would mean CMs losing the full amount of any
loan made to their defaulted counterpart and having no means of recovering liquid-
ity other than fire selling their assets. Note that in the cover 2 scenario, the default
fund is at least halved by covering the two most exposed CMs. Overall, CC&G’s
default fund is appropriate in a wide range of economic scenarios because it is more
conservatively gauged than that prescribed by the cover 2 requirement.

4 SUMMARY

We proposed a network-based stress test methodology for CCPs aimed at assessing
the proportion of equity at risk from their CMs. The model is based on a network
characterization of direct credits and debits among CMs as well as the propagation
of financial distress mediated by these connections, that is, equity losses caused by an
initial shock with both exogenous and endogenous components reverberating within
the network (in the form of credit and liquidity shocks) and becoming amplified.
We applied the proposed framework to a real case study, namely, the fixed-income
asset class of CC&G, the CCP operating in Italy, whose cleared securities are mainly
Italian government bonds. We considered two different scenarios: a distributed ini-
tial shock as well as a shock corresponding to the cover 2 regulatory requirement
(namely, the simultaneous default of the two most exposed CMs). In a nutshell, we
found that network effects lead to significant losses and even additional defaults, nei-
ther of which should be neglected when calibrating default fund amounts. According
to our results, setting the default fund to cover insolvencies on a cover 2 basis alone
is not always adequate for taming systemic events; that is, only very conservative
default funds can withstand total losses due to the propagation of shocks. In this
respect, the fixed-income default fund of CC&G, gauged on a cover 4 basis, appears
to be conservative enough. Overall, our network-based stress test can be deemed a
refined tool for calibrating default fund amounts.

This model represents an advancement compared with existing stress testing
methodologies as well as a response to ESMA’s call for an innovative modeling of
interconnections in the financial system. The model can also be extended to cover
multiple asset classes within the same CCP or to CMs belonging to multiple CCPs
(Barker et al 2017; Cont 2015; Glasserman et al 2016; Vicente et al 2015). This
would allow us to build a fully comprehensive stress testing framework that considers
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the whole financial landscape as a single system made up of interconnected clearing
houses and members.
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