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Abstract

Credit default swaps (CDS) which constitute up 80%f credit derivatives have had
a unigue, endemic and pernicious role to play exdtrrent financial crisis. However,
there are few in depth empirical studies of theritial network interconnections
among banks and between banks and non-banks invalveCDS protection buyers
and protection sellers. The ongoing problems rélatetechnical insolvency of US
commercial banks is not just confined to the steddegacy/toxic RMBS assets on
balance sheets but also because of their creditesiposures from SPVs (Special
Purpose Vehicles) and the CDS markets. The dom@aha few big players in the
chains of insurance and reinsurance for CDS crefitmitigation in banks’ assets has
led to the idea of “too interconnected to fail’ uétg, as in the case of AIG, of
having to maintain the fiction of non-failure indar to avert a credit event that can
bring down the CDS pyramid and the financial syst@imis paper also includes a
brief discussion of the complex system Agent-bag€smputational Economics
(ACE) approach to financial network modeling fors@mic risk assessment.
Quantitative analysis is confined to the empiricaconstruction of the US CDS
network based on the FDIC Quarter 4 data in oml@onhduct a series of stress tests
that investigate the consequences of the factttipa5 US banks account for $16 tn
of the $34 tn gross notional value of CDS repoligdhe BIS and DTCC for the end
of 20082 The May-Wigner stability condition for networksdsnsidered for the hub
like dominance of a few financial entities in th& @DS structures to understand the
lack of robustness. We provideSystemic Risk Ratifor major US banks for their
CDS activity in terms of the loss of aggregate coapital. We also compare our
stress test results with those provided by SCARéBisory Capital Assessment
Program.) A multi-agent simulator for the stresggdor CDS financial networks for
US banks will be demonstrated.
Keywords: Credit Default Swaps; Financial Networks; SysteRisk; Agent Based
Models; Complex Systems; Stress Testing
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Too Interconnected To Fail: Financial Networks &@f€and
Other Credit Enhancement Obligations of US Banks

1. Introduction

1.1. Background

The origins of the 2007 financial contagion, thgger for which was the sub-prime
crisis in the US, can be traced back to the dewetay of financial products such as
Residential Mortgage Backed Securities (RMBSFollateralized Mortgage/Debt
Obligations (CM/DOs) and Credit Default Swaps (CD&)ich were subjected to
little or no regulatory scrutiny for their systenmisk impact. These products have
been dubbed ‘weapons of mass destruction’ (by WeBtdfet in 2002) as they led to
multiple levels of debt/leverage with little commition to returns from investment in
the real econonfy They worked to bring about a system wide Ponaeste which
collapsed, serially engulfing the Wall Street inwesnt banks starting with Bear
Stearns in March 2008 and followed by Lehman Bn@tlas the largest ever corporate
failure® in September 2008. The collapse of Freddie Mac feamthy Mae and the
severe mark downs on a global scale of the maideevof retail banks, institutional
investors and hedge funds which harboured sub-pagsets, has placed the financial
system under unprecedented stress. As noted byaial®009), the loss of 90% of
market value of the top 23 US and European bamke 2007 when viewed as the
decimation of a highly interconnected species ineansystem can only result in
catastrophic consequences for the system as a whakatter which is averted with
the use of $7.4 tn in the US and Euro 4 tn in Uld &urope of tax payer money for
the bailout of financial system.

The global economic implications of the financiagltdown at this point have been
noted to be greater than those for the Great Dspresf 1929 at the same number of
months into the crisis, Eichengreen and Rourke $p00/hile all major crisis have
generic features in terms of the macro-economicrandetary indicators of a boom
and bust, every crisis has specific institutiopabpagators’ unique to them. The 1929
crisis cannot be understood without knowledge efwlorkings of the Gold Standard,
the return to it by the UK at an overvalued pantyl925 and the attempts of the
regulatory authorities of the day to ‘nobble’ theol& Standard to avert the
deflationary pressures in the UK with little recdagm of the systemic risk
consequences of thisLikewise, it is the case that the 2007 finanailtdown and

% Note, asset backed Securities, ABS, refers tomter class of receivables from credit cards, car
loans and other credit. If not specified, ABS taaiude MBS as well.

4 See, Brunnermeier (2008), Duffie (2007), Ashcrarfid Schuermann (2008). They, respectively,
cover the unfolding phases of the crisis, the $igecharacteristics of the credit derivatives ahd t
features relevant to sub-prime securitization.

*The asset value of Lehman Brothers at time ofdfilvas estimated at $691,063m. In contrast, the
largest non-financial corporate that has filed ttedis General Motors with $91,047m, Source
Bankruptcydata.com

6 With regard to the 1929 crash and the Great Depresat least four major studies including that of
Keynes (1971), Robbins (1934), Rothbard (1963) Fmedman and Schwartz (F-S, for short,1963)
have identified this crisis surrounding Gold Staddas the abiding factor behind the events that
followed. However, as noted by Temin (1976), Keyar, Austrian and Monetarist views differed
considerably from this point onwards, especiallytbe cause of a drastic liquidity crunch in the
system that took the form of a 33% fall in broadnew from 1929-1933. This epitomized the



the on going economic crisis require analysis efcredit derivatives market and the
Basel II micro-prudential ethos. The latter orchetsd the so called synthetic
securitization within the ratings based assesswofamk which effectively substituted

default risk of bank assets with counterparty rgkprotection providers for these
assets via the use of credit derivatives witheligpkior quantitative stress testing of
consequences of the collective adoption of thigitrprotection scheme on the
financial system as a whole.

Figure 1. Credit Default Swaps Outstanding — Gros$lotional
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The ongoing problems of bank solvency are not oeuffito the legacy/toxic RMBS
assets on balance sheets but arise also becatrs®rafredit risk exposures from the
Special Purpose Vehicles (SPV) and the CDS marketsarticular, we will analyse
the FDIC data (See, Table A.1 in the Appendix X)tfip 25 US banks which are
involved in CDS activity and account for $16 tntlbé $34 tn gross notional value of
CDS reported by the BIS (Bank of International Batent) and DTCC (Depository
Trust and Clearing Corporation) for the end of 20BBure 1 shows how by mid
2007 which coincided with the onset of the crithig gross notional value of the CDS
market stood at an explosive level of about $58Rost Lehman crisis, the gross
notional value of CDS contracts has contracted thighamounts in multi-name index
and tranche CDS shrinking faster than that forlsimgme CDS. Pre Lehman crisis,
some 20% of multi-name CDS was backed by RMBS CDisle these assets are
included in the recovery plan of the TARP and TALke growth in these assets has

collapse of the banking sector and was accompaegrice deflation and economic contraction.
Despite an increase of 15% of high powered moneynii (1976, p.5) indicates that monetary
authorities could do little to increase the sto€kbmad money as the latter depends on consumer
confidence and lending activity of financial interdiaries who retained reserves rather than lent it.
Nevertheless, the influential view propagated b$ gbid, pp 300-301,346) is that the Fed was
responsible for the fall in broad money in the rafigh of the 1929 stock market crash.



virtually ceased marking the endemic nature ofdteslit crunch as these were main
conduits by which banks raised funds for lending.

Data given below from British Bankers Associatiam 2006 gives a breakdown of
the types of financial institutions involved glolyalas protection buyers and
protection sellers in the CDS market. In the rurtaufhe Basel Il regime, while heavy
micro prescriptions on capital adequacy of bankstea which also permitted them to
use CDS credit mitigants in lieu of reserves, tama capital adequacy rules did not
equally apply to all participants of the creditkrisansfer system. Only banks were
subject to capital regulation while about 50% ($@gure 2) of those institutions
which were CDS sellers in the form of thinly caliitad hedge funds and Monolirfes
were outside the regulatory boundary. This intredusignificant weakness to the
scheme leading to the criticism that the credk transfer, CRT, scheme was more
akin to banks and other net beneficiaries of CDSclpasing insurance from
passengers on the Titanic. As we will see, the fiisrtbat accrued to banks fell far
short of the intended default risk mitigation oltfges and participants of the scheme
were driven primarily by short term returns frome tleveraged lending using CDS
and CDOs as collateral in a carry trade.

Since the recent tax payer bailouts of large fifgniostitutions such as AfG the
dominance of a few big players in the CDS chainsmsifirance and reinsurance for
credit risk mitigation has led to the idea of “tmderconnected to fail’. Maintaining
the fiction of non-failure of such a financial ittgtion averts a key credit event that
can trigger a chain of obligations with itself dee treference entity and also as
guarantor of large swathes of balance sheet itdnbarks, the loss of which render
these banks undercapitalized and threatened wsiiviency. The failure to monitor
and regulate the CDS market or to design enouglralsrio prevent the oversupply
of cheap and inadequate bank credit insurance ¢edvioy financial entities such as
the Monolines and hedge funds outside the so calgdlatory boundary’, has meant
that the financial crisis not only could not be tomed within the financial system,
the clean up costs are impacting on tax payersipgiuity.

" At the end of 2007, AMBAC, MBIA and FSA account fd0% of the CDS contracts provided by
Monolines with the first two accounting for $625dmd $546 bn of this. The capital base of Monolines
is approximately $20 bn and their insurance guaganare to the tune of $2.3 tn, implying leverafge o
115.

& While the current cost to the US tax payer of M@ bailout stands at $170 bn, the initial $85 bn
payment to AIG was geared toward honouring its GibSgations totalling over $66.2 bn. These
include payouts to Goldman Sachs ($12.9 billiongriil Lynch ($6.8 billion), Bank of America ($5.2
billion), Citigroup ($2.3 billion) and Wachovia (8L billion). Foreign banks were also beneficiaries
including Société Générale of France and Deutselik Bf Germany, which each received nearly $12
billion; Barclays of Britain ($8.5 billion); and UBof Switzerland ($5 billion).



Figure 2: Counterparties for CDS: Q4 2006. Threat ® system comes from CDS
sellers: 49% Hedge Funds and Monolines, which haweafer thin capital base
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This has manifested in an increase in the solveisgyof governments and also in a
contraction of employment and growth. There isrgjrevidence that the imminent
collapse of Lehman Brothers in 2008 led to meltddewel CDS spreads of other
financial entities and the massive flight to safétat froze the short term money
markets which started the credit crunch. The gmossonal value of the CDS
obligations of Lehman Brothers, ranked the 10tlgdat counterparty, is placed at
between $5tn and $3.65tnThe $400 bn CDS with Lehman Brothers itself as th
reference entity on a face value of Lehman debordy $150 bn resulted in CDS
protections sellers on Lehman CDS potentially hgwtan deliver as much as $365 bn
as the recovery rate was about 8.625 cents pard@ihile the actual net payments
on this was about $6 bn, the direct losses on Lehbwends has been estimated at
about $34 to $47 BA The simultaneous failure of Lehman and AIG witlGAas a
credit event that triggers CDS payments would heweesponded to the so called
Armageddon scenario considered in the stresswest®nduct.

Figures 3.A, 3.B and 3.C on CDS spreads indicate thefault risk on corporate debt
and on bank assets which was first transmuted a@otanterparty risk within the
banking and financial sector with the Basel Il dareéik transfer process using CDS,
has since the demise of Lehman Brothers also be¢bmédomain of growing and
persistent sovereign risk due to the large sizéawfpayer bailouts of the financial

® On the 15 September 2008, Financial Times estimabe size of Lehman’s largest CDS
counterparties to be $473.33 bn (Société Génér&e33.99 bn (Credit Agricole), $729.56 bn
(Barclays), $1138.09 bn (Deutsche Bank), $277r860vedit Suisse) and $652.97 (UBS). This totals
about $3655bn. Losses arising from reassignmeniSQf$ cover from Lehman as counterparty at
much higher premia is estimated at about $20bnb&5Batyajit Das is of the view that these estithate
CDS related losses of about $100bn, which inclutthes direct loss from Lehman bonds due to
inadequate cover, roughly corresponds to the reeeapitalization of US banks via SCAP.

10 This includes the bailout needed for Dexia whiehdr$500m of Lehman bonds. Among the others
with declared exposure: Swedbank $1.2bn; Freddie $2bn; State Street $1bn; Allianz €400m;
BNP Paribas €400m; AXA €300m; Intesa Sanpaolo €2&affeissen Bank €252m; Unicredit €120m;
ING €100m; Danske Bank $100m; Aviva £270m; Australnd New Zealand Bank $120m; Mistubishi
$235m; China Citic Bank $76m; China ConstructiomiB&191m, Industrial Commercial Bank of
China $152m and Bank of China $76m. For a fulleroant of the losses on $1.84 bn Lehman
minibonds and $8.76 bn of Lehman equity linked atited notes, see
http://www.bloomberg.com/apps/news?pid=20601109&€aMFuVRL73wJc



sector. Starting from August 07 to August 08 theSC&preads of top US banks
increased a hundred fold (the CDS spreads for Wa&hocan be seen to be
particularly high which led to a US Government &xddakeover for it in December
2008 by Wells Fargo). In Figure 3.A, note also eosel wave of spikes in April 2009

when Citigroup and Bank of America show great friahdistress. The structural

break post October 2008 marking a large upward jumnthe sovereign CDS spreads
and the increased correlations between the CD&dprE major banks that of their
respective sovereigns has been recently analysdddblyieu Gex of the Banque de
Francé’. Non-bank corporate CDS and sovereign CDS havesa pronounced

upward co-movement and they are less persistent ttiea relationship of the latter
and CDS spreads of financials.

Figure 3. ADaily CDS Spreads for Major US Banks (1)
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1 This was presented at the Aix en Provence GREQAMISer School on Financial Market Micro
Structure and Contagion 6- 10 July 2009.



Figure 3. C Daily CDS Spreads for Sovereigns
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Figure 3. D Daily CDS Spreads for Monolines
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Finally, Figure 3.D which shows the CDS spreadgHterMonolines that were not fit
for purpose to provide credit risk mitigants fonkassets in the period running up to
the 2007 crisis and even continue to be so, a matieh will be emphasized in the
stress tests conducted in this research. Indeétleaknown Monoline called ACA
which failed to deliver on the CDS protection foMBS held by Merrill Lynch is
what led to its absorption by Bank of Amefitarhus, many have acknowledged that
CDS credit derivatives have had a unique, endenmdcpernicious role to play in the
current financial crisis crisis. However, few ifyam depth empirical studies have
been carried out to map the CDS financial netwaidk he systemic risk implications
of this.

12 standard and Poor Report of August 2008 statésvtbgill had CDS cover from Monolines to the
tune of $18.8bn and of that ACA accounted for $5BKCA , 29% of which was owned by Bear
Stearns, along with other Monolines suffered angastidowngrade in early 2008 and ACA demised in
2008 defaulting on its CDS obligations. ACA had®$th of CDS obligations and only had $425
million worth of capital.



1.2. Quantitative Modelling I ssues for the 2007 Financial Contagion

This brings to the forefront what has perplexed yhawWhy economists’ models did
not have anything of relevance in them to analyse dngoing financial crisis, let
alone present early warning signals. There wasotspmicro-prescriptive oversight
by regulators under Basel | and extensive guidamgeeparation for the Basel Il for
ensuring the capital adequacy of banks by managiedit risk transfer from bank
balance sheets and also no dearth of data (thaaveasble at the time and earlier)
showing the build up of pressures. Hence, threenmgthodological issues need to
be raised: (i) Why was the need for macro-prudefitaanework eschewed? (ii) Why
were there no system wide quantitative models deesel for how the financial
network would function under these micro rulesrafividual bank behaviour? And
(i) Why are there no modelling tools to monitaydidity gridlocks and the direction
of an ongoing financial contagion?

Over the period of the last 15 years or so whesmioml innovations were progressing
at a rapid rate, there has been a marked undeogeneht of a modelling framework
to articulate the massive interrelationships in fimancial system implied by the
workings of these new financial products. Acadesdonomists, policy makers and
regulators were and continue to be restricted ®irthnalysis of the crisis by a
woefully inadequate set of modelling tools. Thess lbeen longstanding failure of
academe in economics and the regulatory bodiegép kbreast of the institutional
and technological innovations which have creategkresedented volumes of ‘inside’
money* via securitization, a shrinking of state suppliedtside’ money with an IT

based payments technology which has changed pagrhabits irrevocably, Markose
and Loke (2003), and a vast interconnected sysfedigital transference of financial

liquidity in real time with very low latendy. Financial institutions represent a
complex system of claims on one another. In trad@l monetary and macro-
economics, a highly aggregative view of this systally nets out private claims and
an understanding of financial contagion in termsaaddtructural model of financial

networks which is critical for liquidity provisiolss obscured. In view of the paucity of

13 During her visit to the London School of EconomicsNovember 2008, the Queen is reported to
have asked why economists at the pre-eminentutistit did not see it coming. John Eatwell in the
Guardian in Sept 2008 asked “while financial firmsee encouraged by supervisors to conduct
thousands of stress tests on their risk models,d@vconducted by the regulator on a system-wide
scale. If it is possible to have system-wide sttests on the impact of Y2K, or of avian flu, whyton
liquidity ?” The recent 2009 UK Select Committeguiry into models used by the Bank of England
asked why the Dynamic Stochastic General Equilibrinodels that they used neither had the banking
and financial system in it nor any significant aséinsolvencies.

1 Inside money refers to private sector credit éoe@atvhich though in principle is self-liquidating,
when a debt is repaid, the unconstrained growtheroutstanding quantities of inside money can only
fuel asset and housing price bubbles. The burstihghis not only has huge redistributive
consequences as in a Ponzi scheme, it is destagiliar the real side of the economy. It must be
noted that the decade spanning 2000 was analogdhs period of strong productivity in the 1920’'s
when price of white goods fell. Hence, a lack mifationary pressure on the consume price index
masked the massive growth of inside money.

15 Reforms in the large value payment systems inattee1980’s from end of day netting to a real time
gross settlement system (RTGS) is fully cognizainthe fact that the large size of gross payment
positions in a banking system with big asymmetiieshe relative size and timing of participants’
payments can pose systemic risks from insolvencya dfrge player. Computational simulation
framework based on the real time large value payrflew networks was pioneered by the Bank of
Finland. In simulations done by Alentorn et.(@005) failed payments from the unwinding due to a
large bank failure is for a UK Chaps type LVS i84% bn as compared to a much smaller amount of
meagre $21.1bn for the relatively symmetric congplraph of bilateral obligations.



such financial contagion crisis modelling, Andrewldtane’s recent speech of April
2009 (Haldane, 2009) which shows serious intenhatFinancial Stability group at
the Bank of England to make the study of financiatworks and the complex
adaptive system paradigm central to financial #tgboversight, is a welcome
changé®.

Economic and financial contagion refers to the apieg of a negative shock on the
solvency conditions of an economic or financialtgnih a physical supply chain or in

terms of generic credit/debt and liquidity obligaus governing interbank, payment
and settlement systems and/or claims in other ¢iahmarkets. Such a structural
model based on default causality of chain reactignserned by the network

connections of the financial entities is the foodighis paper. As will be seen, while

empirical mapping of the structure of the finanatworks implied by the CDS

obligations is important to understand the potéfdiacontagion and systemic risk, it

is also important to have a modelling approach ¢thatincorporate institutional rules

and behavioural aspects of the participants. Intrashh models made popular by
Kaminsky and Reinhart (2000) view financial contagias the downward co-

movement of asset prices across different marketSa@r different asset classes. This
is based on statistical or econometric methods lwhidy on measuring (amongst
other ways) the increased correlations of asseepracross markets with a flight to
cash or quality triggering fire sales of assetsasd a reduction of liquidity across all
markets under a fully fledged financial contagiés. already noted in a recent IMF
survey of systemic risk modelling, by Jorge Chan-kea al. (2009), especially in the
use of contagion models based on CDS price co-merntnthese models can be
viewed as complimentary to the causal default nwdeat use financial network

simulations.

David Jones (2000) from the Division of Researcll &tatistics of the Board of
Governors of the Federal Reserve System wroteyainsightful paper which stated
up front: “in recent years, securitization and otreancial innovations have provided
unprecedented opportunities for banks to reducstantially their regulatory capital
requirements with little or no corresponding redtuctin their overall economic
risks”. Jones goes on to conclude “absent meastoeseduce incentives or
opportunities for regulatory capital arbitrage (RCAver time such developments
could undermine the usefulness of formal capitglnements as prudential policy
tools”. Jones notes that RCA has attracted scaadesagic attention and appears to
think that a lack of data has impeded econometralyais to investigate RCA. But
are econometric models up to the task and are therether tools to test bed
regulatory systems?

We will first briefly outline below why an econompmlicy analysis framework which
relies on a complex systems perspective has beenirsicoming and we will contrast
some of the extant literature to date on the rblEDS in the financial contagion with
our perspective on the problem.

18 Indeed, it is well known that though the work ompping financial networks for inter-bank and
payment and settlement systems for purposes ofdialastability was started by several researchers
the Bank of England as early as 2000, this wagjivein prominence and resources due to the narrow
pursuit of fulfilling the fixed inflation rule. S talk by Danny Gabay (2009) at Glasgow IAS.
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1.2.1. Complex Adaptive System and Agent-based Computational
Economics (ACE) Approach

Scientists in other disciplines have adopted com@gstems thinking and its
pragmatic tool kit, variously referred to as makjent modelling and Artificial Life.
This framework harnesses the IT environment taaligimap real or artificial worlds
and real time systems to investigate their dynanaicd emergent features that cannot
be deduced from individual rules of engagement. gieenance of ACE as a new
economic paradigm rather than just a tool kit, Wwhigpholds markets as a complex
adaptive system with interconnected networks markine interactions between
economic actors, has been reviewed in Markose (22066) and Markoset al.
(2007) which include three Special Issues. AgentACE models are computer
programs with varying degrees of computationalliigeence from fixed rules to fully
fledged capacity for adaptive behaviour within avieenment which can be replicas
of, for instance, the financial system. The intdmas of agents produce system wide
dynamics that are not restricted to pre-specifigglagions which have to be estimated
using past data in econometric or time series @ghres. The main draw back of
equation oriented analyses is that structure clsarfigen strategic behaviour and
tracing of causal links are almost impossible to do

The key element of a complex adaptive system (CAsS)the fundamental
mathematical and computational incompleteness @& #ystem which makes
algorithmic solutions or inference solely as a d#ga process impossible. This
impossibility is brought about by intelligent agentho are capable of self-referential
calculations and contrarian behaviour which prodece&logenous computational
undecidability or uncertainty that accounts for lationary trial and error strategies,
mimetic behaviour or herding which is interspersatth the necessity for contrarian
innovative anti-herd behaviour or strategic heteraaty!’ This can be shown to set
in motion the so calledine qua norof a complex adaptive system, viz. structure
changing dynamics which manifests as novelty orgsses’ and the co-evolutionary
Red Queen type arms race in strategic innovatioarkbbe (2004). As in other
complex adaptive systems such as biological ores Red Queen competitive co-
evolution is known to be rampant among market pigeints and between regulators
and market participants. The implications of thas fregulatory arbitrage endemic to
the current financial crisis should be noted. Inkjélke nail in the coffin of large scale
macro-econometric models came with the Lucas @etign the capacity of a rule
breaking private sector which can anticipate pobryd negate policy or jeopardize
the system by a process of regulatory arbitrageh Strategic behaviour results in a
lack of structural invariance of the equations gemstimated highlighting the

" The traditional rationality framework operatesifathe domain of economic decision problems is
closed and complete and amenable to computablécss@and hence perfect rationality. Brian Arthur
(1994) challenged the foundations of homogenousnalt expectations equilibria as being a logical
impossibility, in systems such as stock marketsre/tiewards accrue to the extent to which ageats ar
contrarian or are in the minority. That is, ifdtmost profitable to buy when the majority is isgjland

sell when the majority is buying, then all puntets acted on an identical homogenous model of what
others will do, would fail in their objective to Ipeofitable. Despite the significance of Brian rt’s
challenge to orthodoxy which is often held up asriotivation behind ACE models, few economists
have acknowledged that the problems posed byrefeifence (where outcomes are the result of
agents’ actions based on their beliefs on the sant@mes which can be modelled as a recursive fixed
point) and contrarian structures constitute thenélaions of endogenous uncertainty modelled as
mathematical non-computability or undecidabilitydahe spur to the growth of novelty in complex
adaptive market systems, Markose (2005).
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restrictiveness of econometric modelling for polayalysis. Further, a longstanding
misunderstanding by macro-economists of the notiba ‘surprise’ strategy in the
Lucas thesis on policy design resulted in the damtnview that good monetary
policy is one where authorities are engaged ineacpommitment strategy of fulfilling
a fixed quantitative rule (see, Markose, 1998 abd52Sections 3 and 4) rather than
set up a macro-prudential framework that will eealthem to co-evolve with
regulatees and produce countervailing measuresdp kegulatory arbitrage in check.
In the two decades of Basel | and 1l when the gteestapital adequacy in banks has
been pursued, an unintended consequence of pescjted in an unmitigated growth
of an off balance sheet shadow banking sector wha left the banking system
severely undercapitalized, Markose (2009). The eggive securitization process of
the asset side of bank balance sheet in pursshaft term increase in market share
of residential mortgages and return on equity,ctffely became a money pump. In
the format of the risk weighted capital regime adsBI I, low risk weighting on
certain assets which can be achieved by procurenfeimsurance in the form of
credit default swaps from unequally regulated ssatontributed to a carry trade and
a bloated $57 tn (BIS June 2008) market for CDS.

There has been great resistance among economastkin and monetary policy

makers to deviate from the view that the substantiationality subscribed to

individual units in their models will guaranteeieiént and stable outcomes for the
system as a whole. The conflation of the so caligaesentative agent with a sector
or a system as whole has dogged neoclassical eaooendering it useless for

analysis of stability of systems that arise frorteiactions between a multiplicity of

heterogeneouagents (see, Kirman, 1992, 1997, for a longstanclitigue of this).

Brunnermeieret al. (2009) in laying down the new “Fundamental Prinegplof
Financial Regulation’have admonished the precepts that drove the Bam®l b
supervisory framework that all that was neededhit tindividual banks follow
measures that reduce credit risk on their own lgalssheets by transferring them
elsewhere for a fee in order to keep the systena ashole saf’. Brunnermeier
et al.(2009) state that individual rationality alonedsato collective good “sounds
like a truism, but in practice it represents aaf@jl of composition”. They also raise
the issue of regulatory boundary in design of ragoh, which we will see has dire
consequences for the robustness of the US and Igbb& networks. Another
regulation related study of the recent crisis Alekeret al. (2007) also critiqued the
role of Basel | and Il in having produced procyaliand homogenous liquidity
demanding activity during a crisis which exacerbatke down turn leaving no
stabilizers from within the sector. While it is Wkhown that marginal cost pricing at
the level of an individual unit is fallacious foriggng and modelling economic
activities that have negative externalities everfanshack as Pigou (1948) and the
Tragedy of Commons (Hardin, 1968), it is interegtithat neither Alexander
et al.(2007) nor Brunnermeieat al. (2009) come up with a practical modelling tool
that is useful in delivering quantitative analysis systemic risks in the financial
sector, let alone a model for pricing negative eéties from an oversupply of
leverage. The main contribution of this paper ioW@rcome the shortcomings of a
policy of prescribing capital adequacy of banksasstand alone basis by proposing a

18 The role of poorly designed regulation in the eshbf credit risk transfer resulting in systenigkr
is also investigated in a theoretical frameworkAtign and Gale (2005) and Allen and Carletti (2Q05)
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framework where the network connectivity and pragtgnto spread contagion from
specific rather than generic properties of credik mitigants is considered. Our
proposed systemic risk ratio for each bank soletytlie CDS market is based on the
proportionate loss of collective Tier 1 core capithall the bank participants of this
market from the demise of the trigger bank Thisl wéd done using an empirically
reconstructed network structure of CDS obligatioh&)S banks. Assumptions about
netting of mutual obligations vis-a-vis the triggeank and also various levels of
exposure relative to core capital of banks willhbade. The specific structural aspects
of CDS obligations that have the potential to s@reantagion that needs to be
incorporated will be discussed.

1.2.2. Financial Network Approach
Theoretical and empirical studies of financial netkgé for purposes of analysing
systemic risk implications of the banking sectorvéhgprogressed somewfiht
Typically in a financial network, the nodes are financial institutions and there are
in-degrees representing obligations from others @rtellegrees represent a financial
entity’s obligations to others. Financial netwohesve small world network properties
like other real world socio-economic, communicatanrd information networks such
as the www. These manifest high concentrationsadriout degrees to and from a
few members with a so called skewed or power lawreke distribution, high
clustering coefficients which are brought aboutnbginy connected via a few hubs
with high interconnectivity between the hébsThe consequence of this is short path
lengths between a node and any other node in gtersy This is efficient in terms of
liquidity and informational flows in good times bedqually pose fragility in bad times
when so called hub banks fail or suffer illiquidityy other words, the hub banks
accelerate the speed of the spread of a finanmbhgion among themselves and then
to the extremities. Haldane (2009) calls them ‘stgpeeaders’ and we will retain this
epithet in the financial network modelling thatlfaVs. Haldane (2009) recommends
that super-spreaders (large banks who are hubseimeétwork) should have larger
buffers. He notes that the current system doesetrerse.

Other aspects of Haldane (2009) contagion persfeathile interesting are of less
practical use. He uses the physical manifestatainepidemics as an analogy for
financial contagions and focussed on contagionagiimg and contagion inhibiting
characteristics (in the forms of “hide” or “flightthat are found in epidemiology as
being applicable to a financial contagion. Whilstltdoarding (“hide”) and fire sales
(“flight”) are individually rational behaviour toectify a bank’s the balance sheet
under threat to losses in asset value, they haltdimtagion by system failure which is
unlike the case with the “hide” and “flight” respges in the spread of disease.
Further, these are too generic in terms of bankawebhr and do not address the
unique developments that correspond to the CDSyatimins. On dwelling on the
physical manifestations of epidemics as an anafogyinancial contagions, what is
obscured in the Haldane (2009) narrative is theetimdy Red Queen like arms race,
we discussed above, between the virus/parasitetlamchost and their respective

at this underlying level of the arms race, of ceursvill produce premptive
containment before any symptom of an epidemic. Alsp complete the

19 Allen and Babus (2008) gives a survey of the dsetwork theory in finance.
2 5ee, Giansante (2009) on the dynamics of finanei@bork formation that result in high clustering
and hub formation.
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epidemiological analogy of viruses attacking bey&ndwn hosts, we have infectious
jumps across asset classes with the crisis haverged in the credit system and
moving to the equity markets and vice versa ard kvedwn. Thus, in the design of
robust regulatory systems, there are no obviouslaggy boundaries. In summary,
the most important aspect of Haldane (2009) is lenimplications of the network
topology for the spreading of contagion and is éefking with the approach in this
paper. We will sharpen the stability analysis oé ttmpirical financial network

linkages for US banks from CDS networks using tre/MVigner criteria.

It must be noted that the financial network apphoaspecially has actively been
studied in the case of interbank markets for thele of the spread of financial
contagion (see, Freixast. al. (2000), Furfine (2003), Upper (2007)). Earlier work
remained cursory exercises on abstract modelsnahdial networks. Latterly, there
has been a number of studies which conduct an ®apmapping of interbank
markets for their propensity for financial contagior different countries (see, Wells
(2004) for the UK, lyer and Peydro-Alcade (2005)erl (2006) for India, Muller
(2006), Sheldon and Maurer (1998) for SwitzerlaBodss et al. (2004) for the
Austria). The most recent discussion in this agale found in Chapter 2 ‘Assessing
the systemic implications of financial linkages’ Bgrge Chan-Lau et al. (2009) who
cite the work at the Bank of Mexico (Marquiz-Diezi@@do and Martinez-Jaramillo
(2007)), and the forthcoming risk assessment mddel systemic institutions
(RAMSI) at the Bank of England (Aikmaet al. 2009). Nevertheless, it is fair to say
that neither regulators nor academics have idedtite significance of modelling and
monitoring inter-institutional financial exposuresising the financial networks
involved for stress tests for financial stabilifyhis is particularly pertinent for new
financial institutions such as the CDS market &dyi\being promoted for interbank
risk management in the Basel Il regulation.

1.2.3. CDS Market Analysisof Financial Contagion

The CDS market premia integrate market expectationsolvency conditions of the
reference entity and hence the study of correlatohCDS premia across different
classes of firms such as non-financial corporatidimaincial corporations and also
sovereign debt can give an indication of the extenwhich the economic contagion
has spread and also the direction of future defatdlbwever, there are few papers
which study the role played by CDS in financial tagion and the main ones of
Jorian and Zhang (2007) and Coudert and Gex (2A088)correlation as a measure of
contagion in the CDS market. Coudert and Gex (20£18yly the evolution of
correlations between CDS premia of 226 five yeatumitst contracts on major US
and European firms that constitute the respectbX @nd ITraxx CDS indexes. They
aim to see if the crisis experienced by Generaldwotind Ford in May 2005 had
repercussions for the corporate CDS market. CowtettGex (2008) use a dynamic
measure of correlations across CDS premia of abligons in the form of the
Exponentially Weighted Moving Averages (EWMA) andyriamic Conditional
Heteroskedasticity (DCC-GARCH). They find evidertbat crisis affecting the big
car manufacturers did affect the CDS premia foeottorporate entities in both the
US and Europe for a limited period of a week. Asedan a recent talk, Gex (2009)
indicated that the detection of a structural breatk a upward jump in sovereign
CDS premia post the Lehman debacle (something wdigthnot occur at the time of
the above mentioned GM crisis in the corporatecsias evidence that the moral
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hazard costs of tax payer bailouts of the finans&dtor has now transferred in a
persistent way to sovereign risk.

The distress dependence approach (Chan-Lau e0@)Rand the distress intensity
matrix approach (Giesecke and Kim (2009)) are ailsteworthy as important
complimentary means of monitoring the directionwhich a financial contagion is
likely to spread.

Econometric model of CDS use by US banks by Mingbnal (2005) covers the

period of 1999 to 2003. They regress CDS (buy/sell)a number of bank balance
sheet items. Econometric analysis is hampered lagkaof enough time series data.
They conclude that banks that are net protectioretsuare also likely to engage in
asset securitization, originate foreign loans aadehlower capital ratios. However,
structural systemic risk implications are hard ®&sess within such econometric
models.

The full structural mapping of the network inteatdnships between banks in terms
of their balance sheet and off balance sheet éieswould need ACE type modelling
especially to bring about the endogenous dynamigvark link attachment and
breaking that characterizes the different phasd®ofm and bust cycle. The dynamic
changes in interlinkages signalling successfulaidled payments and the dynamic
matrix thereof is an essential part of estimatiaglofailure from contagion arising
from an initial trigger event. Ball park figures akt core capital losses for each
financial institution involved can be obtained fthifferent scenarios. In contrast, the
complementary approaches to assessing systemidisiskssed by Jorge Chan-Lau et
al (2009) such as the co-risk model (Adrian and rermeier (2008)), the distress
dependence approach (Chan-Lau et al (2009)) anddigteess intensity matrix
approach (Giesecke and Kim (2009)) while usefulirdiagnostic way have the
disadvantages of reduced form models. That is,vefirag and changed behaviour of
institutions under stress which set in motion noedr negative feedback loops are
impossible to track in frameworks other than an AfiE.

In the context of needing to monitor the finansiettor for systemic risk implications
on an on going basis, without a multi-agent simotaframework capable of digitally
recording fine grained data bases of the diffeferaincial players involved and also
mapping the links between sectors, we are condenongelctor by sector analysis or a
simplistic modelling of interrelations between sastoften assumed for analytical
tractability. The empirical mapping of the US CD®ligation in CDS banks
undertaken in this paper is part of a larger EC C&BF project which is concerned
with developing a multi-agent based computatiocahemics (ACE) framework that
can articulate and demonstrate the interrelatigossbf the financial contagion with a
view to aid policy analysis.

1.3. Structure of the paper

The rest of the paper is organized as follows. éttiSns 2.1, 2.2 and 2.3, the
structure, scale and scope of the CDS market ir2@0/8 crisis will be discussed
with the view to inform us of the challenges invedvin the design of regulatory
framework that can prevent system failure from itragk transfer. In Section 2.4,
some issues relating to the recent SCAP (SupewiSapital Assessment Program)
will be covered in order that some comparisonshmmade between the stress tests
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results specific to the CDS and CRT specific nekntopology driven contagion and
other estimates of bank losses. Section 3.1 givekoat technical note on network
statistics and contrast between small world netevakd other graphs. The May-
Wigner stability condition for networks is brieflgdiscussed for the hub like
dominance of a few financial entities in the US C&fictures to understand the lack
of robustness. In Section 3.2, we set out the arapireconstruction of the US CDS
network based on the FDIC 2008 Quarter 4 dataderoio conduct a series of stress
tests to investigate the consequences of theHattdp 25 US banks account for $16
tn of the $34 tn gross notional value of CDS repaby the BIS and DTCC for the
end of 2008. In Section 4 the financial stabilityplications of the financial network
CDS linkages of banks are analyzed under diffestréss conditions. The trigger
events include the demise of a US commercial barikkggest, 1 medium sized and 1
small cap), and also of non-bank net protectioterselsuch as the Monolines. In
addition to the normal weakness of bank balancetsh#uring times of recessions
with growing charge offs on bank loans, explicicaent of US bank exposure to
credit enhancements of equity tranche of ABS CM@dg &DOs in less than
bankruptcy remote SPVs and failed CDS protectisangements will also be given.
Section 5 gives concluding remarks and an outbmdifture work.

2. Challenges for Modelling a Regulatory Framework forCDS

2.1. CDS Structure, Obligations, Offset and Counterparty Risk

Here we give the salient structural aspects ofGBS market with the view to see

how strategic aspects of participants in the mankay jeopardize the objectives of
the market in terms to providing protection agathsfault risk of debt obligations in

the system. Other objectives that has been clafore@DS is the support it gives for

raising capital and for economizing on capital. Tatter role that CDS played in

Basel Il synthetic collateralized debt obligati@CDOs) based on receivables from
pools of mortgages and their credit risk transfemf bank sheet to minimize capital
requirements will be discussed to explain the iaseel involvement of top US banks
in the CDO based CDS market.

2.1.1. SingleNameCDS
A single name credit default swap is a bilatera&ddr derivative contract specified
over a period, typically 5 years, with its payolifsked to a credit event such as a
default on debt, restructuring or bankruptcy of thederlying corporate or
government entity. The occurrence of such a credént can trigger the CDS
insurance payment by the protection seller whao ireceipt of periodic premia from
the protection buyer. Figure 4 sets out the streabfia CDS contract.

Every over the counter (OTC) CDS contract is braltg and privately negotiated and
the respective counterparties and the contractsirem force till the maturity date.
As we will see, this raises problems with regarddanterparty risk and also indicates
why gross exposure matters.

- CDS spreads
The periodic payments of premia are based on th& §@read and quoted as the
percentage of the gross notional value of the ClDBeastart of the contract. The CDS
spreads being quoted fluctuate over time. As itaggnts the probability of default on
the underlying, all else being equal, higher spseaadicate growing market
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expectations of the default on the debt with a jumpefault spike at the time of the
default event. The spreads are known to have stsetigeflexive properties in that
they do not merely reflect the financial state leé tinderlying obligor, they can in
turn accelerate the default event as ratings doadwegfollow, cost of capital rises and
stock market valuation falls for the obligor as @I@S spreads on them increase.

Figure 4 Credit Default Swap Structure (CDS) and Bar Raids

Reference Entity
A (Bond Issuer)
or CDOs

A “LENDS” to A

Reference e
H 4
Entity /
Default Default Protection
Protectionfrom ~ ~~~~ """~~~ ~—- > Seller, C
CDS B B Premium in bps “INSURER”
uyer &
YERE < (AIG)
~
DR Payment in case of Default of
S~ X=100 (1-R)
~
N Buyer D
Recovery rate, R, is the ratio of ~< .Naked CDS_" 3 party D
the value of the bond issued by S~ _ fecelves
reference entity immediately B sells S~ Insurance.when A ’
after default to the face value of ~| defaults; B still owns A’s
the bond CDStoD Bonds and D does not !

Note: Direction of CDS sale or cover is the unbrokgrow.

- The CDS Settlement Price
The default event can result in either a physicacash settlement. For physical
settlement, the protection buyer has to presentitiserlying debt and the protection
seller has to pay at par (full face value). In casftlement, the CDS buyer will
receive face value of the debt of the referencéyel@ss the market value for the
recovery rate of the defaulted debt at the pointh&f credit event. A settlement
auction is conducted by the International Swaps @edvatives Association (ISDA)
where participants submit bids and offers for teierence entity’s debt obligations
and a final price is set for all cash and physsedtiement. Note, the cost to the CDS
seller to do a cash or physical settlement is gmeesper dollar of cover, i.e. 100(1-R),
where R is the final settlement price given as eceugage of the par value of
defaulted reference entity bonds.

2.1.2. Potential Perverse I ncentives, Offset and Counterparty risk
The controversial aspect about a CDS that makesatiadogy with an insurance
contract of limited use is that the buyer of a CB&d not own any underlying
security or have any credit exposure to the refaramtity that needs to be hedged.
The so called naked CDS buy position is therefospeculative one undertaken for
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pecuniary gain from either the full cash settlemienthe event of a default or a
chance to offset the CDS purchase with a sale amanoved CDS spread. This
implies that gross CDS notional values can be sé¢v@-10) multiples of the
underlying value of the debt obligations of theerehce entity. It has been widely
noted that naked CDS buyers with no insurable éstewill gain considerably from
the bankruptcy of the reference entity. Note tharlraid in Figure 4 refers to the
possibility that when the CDS protection cover oefarence entity has been sold on
to a third party, here D, who does not own the lsamitthe reference entity, D has an
incentive to short the stock of the reference endittrigger its insolvency in order to
collect the insurance to be paid up on the CDShértssqueeze can be put on the
bonds by naked CDS buyers so as to maximize paywles the reference entity
defaults. However, shorting bonds is harder tohdm tshorting stock of the reference
entity. It is the case that even those CDS buyéis mave exposure to the default risk
on the debt of the reference entity may, after iatpéind it more lucrative to cash in
on the protection payment on the CDS with the baptiay of the reference entity
rather than continue holding its d&bt

CDS protection sellers, if not part of the regudatbanking sector, unlike the
insurance market, need not have to hold reservesale the pay offs in case of a
credit event. Note, that there are capital requanets for banks that sell CDS. A CDS
seller uses strategies relating to derivatives etarkather than standard insurance
markets to make provision for potential payoutsirMaDS dealers have been known
(as was the case with AIG) not to post initial atdral and only post mark to market
variation margin which in a jump to default stylgnémics for the CDS spread can
imply abrupt jumps in additional collateral need&dose CDS contracts operating on
the ISDA (International Swaps and Derivatives Asatian) rules also have a
provision of cross-default. If a counterparty canpost collateral in a specified time
frame, it can deem to have defaulted and if thertilbof collateral exceeds a
threshold, the counterparty is deemed to have dethwacross other ISDA CDS.
These cross-defaults (a potential situation tha® Avas in) can trigger a domino
effect.

The other strategy adopted by CDS dealers and emarties is a practice called
“offsets” which though individually rational may lectively contribute to systemic
risk as the chains of CDS obligations increase @ad merge. Offsets can generate
revenue for parties from premia as well as redhe# final payouts. In the above
Figure 4, B having bought CDS cover from C, finbattthe spreads have increased
and may chose to eschew its hedge on the bond® séterence entity A to earn the
difference between the premia it pays to C anchibleer premia it can now charge by
an offset sale of CDS to D. This is marked by th@nm arrows in Figure 4. In this
system the ultimate beneficiary of CDS cover inecakdefault of reference entity A
is the speculative party D. Note C has an absalbtigation to settle on $10 mn in
order that B’s obligations net to zero.

2L Gillian Tett (FT, May 1 2009) suggests that theryém Stanley which has lent considerable sums to
BTA, the largest bank in Kazakhstan, was keen tbtha plug on BTA for the reason that the CDS
protection cover that it had taken out on BTA chant be triggered. Note Morgan Stanley was
hedging its credit risk and the pure profiteeriognponent of a naked CDS position is not involved
here.
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Now consider the case that C offsets with D (theegrarrows in Figure 4 are active)
and we now have a closed chain of obligations. #hite reference entity A default,
then at settlement, dll parties to the CDS remain solvent, though B losesedge
on the reference entity, net CDS payouts for Bn@ @ are zero. If, however, any one
of the parties fails in the closed chain of CDSigdilons, the whole chain may be
brought down. On the other hand, in an open chdierevfor example C does not
offset its sale to B with a buy from D (ie. the gmearrows do not apply), the system
requires more liquidity (310 mn) to settle. Butan open chain, B’s failure need not
threaten counterparties up stream in the CDS chiaias,'complete’ offsets not only
do not eliminate counterparty risk, they can glaealt over the network with very
little benefit for hedging default risk of the unlyeng. The network topology that is
efficient in terms of liquidity could be less stalithan the one that requires more net
liquidity to settle. Also, as parties do not kndwe tfull extent of the interconnectivity
of the CDS chain, the failure of a large countespaan send shock waves across the
network as was seen in the case of AIG and Lehnmath&s. To point out that the
back office settlement process in the case of CDhSLehman Brothers as the
reference entity took place smoothly, misses thetpbat a mere $6bn net final value
of CDS that was settled, must have left holder$X#0 bn worth of Lehman’s debt
with very poor protection. The value of net setisrn relative to the value of
underlying debt is evidence of hedge effectivernd<3DS.

The process of offsets can nullify gross obligasishould the reference entity default,

but this requires that net CDS sellers settle. ilitalbo do so, can make CDS sellers

become propagators of a financial contagion whesdtwho are sole buyers may lose
their gross exposure to underlying. To summarise failure of a counterparty can be
dealt in the following ways with a number of econooonsequences.

(i) The parties involved in CDS positions with tlemised counterparty can agree a
termination ortear up of mutual bilateral obligations across all CDS tracts. The
loss of net cover for the CDS buyer if it is a hetyer vis-a-vis the defaulting
counterparty remains. The stress tests in thisrpafiencorporate the so callegkar

up variant of settlement with the failure of a couptety.

(i) If CDS buyers want to continue the cover fbetremaining period of the contract,
they can enter into aovation which involves reassigning the CDS protection
obligations to a new counterparty. This can onlcurcat a new CDS premia.

Novations require consent of all parties involveddaoften are subject to

administrative backlogs. There can be increasets ajcollateral and margin for the

new counterparty and also higher concentratiorettkesnent risk.

(i) Finally, as the counterparty itself can beaederence entity for CDS contracts,
which is certainly the case for large banks, tlas trigger settlement obligations on
other parties on top of the potential unwind castsh as novation and also losses on
physical side exposures on the bonds of the deméderence entity.

A fair premia in any competitive insurance marketich is determined as the

probability of the default times the cover requjredn exist only in the absence of
moral hazard and adverse selection. The probabilithe default event should not be
manipulable by the beneficiaries. Those naked C&Is who have no physical side
obligation to protect, especially, as net or salgdrs could place large demands on



the liquidity of the system at settlement. Advessdection exists in an unregulated
CDS market, if the net CDS sellers are those whee lirasufficient reserves to meet
obligations at settlement. As we will see in thetrgection, due to low capital costs
involved in the case of unregulated credit protecisellers, an oversupply of CDS
insurance with low spreads put in place a carrddravhich further increased the
liquidity available to banks for bank lending amal gecuritize even poor quality
subprime loans without the necessary capital edghan individual or collective level

of the financial system.

2.2. TheBasdl Il Risk Capital and Credit Risk Transfer (CRT)Rules

Under Basel | since 1988, a standard 8% regulatapital requirement applied to
banks irrespective of the economic default riskh&f debt instruments being held by
banks. This led to two main outcomes. Firstly, rean®PV sale of RMBS mortgages
and receivables from other loans which brought altbe saving (of .08 x .5) of
capital charg€ was primarily a regulatory arbitrage activity. Thgins from
additional loans made from the capital so reledstito be offset against the cost of
remote securitization. In retrospect, much of tlaggressive lending from
securitization far from being profitable turned éabe a financial disaster, something
that can be seen only in a multi-period model, Magkand Dong (2004). They show
that the very high percentage of RMBS (such as apd% in entities such as
Washington Mutual) that was securitized could onéwe been possible due to the
underpricing of the coupon on RMBS and the cogtreflit enhancements. Secondly,
there is also evidence of balance sheet assetygdalerioration, as it is cheaper to
remotely securitize better quality assets and tasgets began to be retained on the
balance sheet (see Davidsetral, 2003: 294-297).

A combination of factors set in motion an extranatty explosion of CDS activity by
banks by 2004 in anticipation of the Ratings Ba&sdessment (RBA) of capital for
banks. It is important to note that unlike remoR/Sales of RMBS, it is far from the
case that synthetic securitization and CDS actieitypbanks was to escape capital
regulation. Indeed, as seen from documents sucthe@d-ederal Reserve Board
Basel Il Capital Accord Notice of Proposed Rulemgki(NPR) and supporting
Documents (2006%, a step by step guide is given for permissibitifythe ratings
based assessment (RBA) for risk capital in bankst ¥ Sections 7 and 43 on
synthetic securitization holds up as best praatidganks on how to reduce risk based
capital requirements encouraged the use of thraturks that mark this current
crisis®. There was encouragement to use external ratiggsobcalled Nationally

22 Capital charge is obtained by multiplying the ns&ight with the 8% reserve requirement. Appendix
2 sets out the risk weights under Basel | and tlwendiscriminating risk weights for different
categories of rating for securitized assets undeeBlI.

2 Fed Reserve Board Basel Il Capital Accord Notit®mposed Rulemaking (NPR) and Supporting
Board Documents Draft Basel Il NPR - Proposed Raguy Text - Part V Risk-Weighted Assets for
Securitization Exposures March 30, 2006
http://www.federalreserve.gov/Generallnfo/basel2ZfINPR/NPR/part_5.htm

See also Federal Register Vol. 71, No. 247, Ded2@0oposed Rules and Basle Committee for
Banking Supervision. Less prescriptive discussamselationship between Basel Il CRT and CDS and
CDOs can be found in Ansan. al(2004), Deacon (2003).

24 Another feature, viz. the use of VaR models timete risk capital to be held by banks will not be
discussed here. The dangers of historically basadlaions for VaR rather than the use of option
market implied measures that have the capacityitk pp on extreme market events have been
discussed in Markose and Alentorn (2007).
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Recognized Statistical Rating Organization (NRSR@§ncies so that securitizations
can be retained on the bank own balance sheetredticed risk capital requirements.
The mainstay of the ratings based assessmentkoinrisanks is to assign the risk
weight for claims against a obligor or referencgess according to (i) the credit rating
of obligors or the reference assets given by atléao external ratings given by
NRSRO , or (ii) the credit ratings of the credgkriprotection providers. The practice
that bank balance sheet items can assume the esghtwof the rating of the
protection provider brought about a complex sysbgmvhich ratings replaced actual
reserves of the system.

Figure 5 Collateralized Debt Obligation, CDO: Weapa of mass destruction
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Tranche structure at timg;tat time §, pool’s losses (shaded in black) absorbed by Edtanche;
Mezzanine Jr., Mezzanine, Senior and Super-Sanioches are not yet affected by pool losses.

In synthetic securitization, an originating banlesigredit derivatives or guarantees to
transfer the credit risk, in whole or in part, afeoor more underlying exposures to
third-party protection providers. The credit detiva or guarantee may be either
collateralized or uncollateralized. In the typicaynthetic securitization, the
underlying exposures remain on the balance sheé&teobriginating bank, but the
credit exposure of the originating bank is transf@rto the protection provider or
covered by collateral pledged by the protectiorvigler. Hence, in the run up to Basel
I, remote SPV based RMB securitizations were ssgoled by synthetic
securitizations where the exposures were retaindabok balance sheets and the 50%
risk weight which implied a capital charge of 4% @sidential mortgages could be
reduced to a mere 1.6% through the process of sijathecuritization and external
ratings. As Table A.2 in the Appendix 2 shows siigzed assets on bank balance
sheet with external ratings of up to BBB could reel.capital requirements. The
maximum capital charge reduction is achieved with lowest risk weight of 20% for
assets with AAA and AA rating, a risk weight of 354 A rated assets, 50% for
BBB+ and 75% for BBB. BBB- rated assets has a 10&% weight. The role of
synthetic Collateralized Debt Obligations (S-CDQ@ssed on pools of mortgage
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backed securities as an underlying came about éyiehup with CDS cover for the
tranche default of the CDO. Figure 5 gives the ated waterfall tranche structure of
a CDO whereby junior tranches bear the brunt ofndral losses in the pool of

underlying assets, leaving senior tranches withuahmeduced default rate.

The Federal Reserve Board Basel Il Capital Accoodidd of Proposed Rulemaking

(NPR) and supporting Documents (2006) also givese@ragement as best practice of
the use of multi-name CDO type securitizations Whace prone to correlated risks

rather than single name credit derivatives. Thisvislent in the so called effective N

number of exposures: the risk weights for secatitins backed by exposures fewer
than 6 are higher (at 20%) than for those thatthadmore (at 7% - 12%).

Finally, the particular paragraphs below bear styuas they encourage banks to
maintain the fiction of n@x anteinclusion of provisions for an increase in badestat
contingent cost of risk due to growth of countetpaisk or deterioration in the value
of collateral which leads to increased costs inube of credit derivatives.

Section 41 Paragraph (b) (2) of the NPR states laatks seeking risk capital
reduction using third party risk cover shouldt have thathe terms and conditions in
the credit risk mitigants which imply the following:

(i) Allow for the termination of the credit protémh due to deterioration in the credit
quality of the underlying exposures;

(i) Require the bank to alter or replace the ulyiley exposures to improve the credit
guality of the pool of underlying exposures;

(i) Increase the bank’s cost of credit protectionresponse to deterioration in the
credit quality of the underlying exposures;

(iv) Increase the yield payable to parties otheantithe bank in response to a
deterioration in the credit quality of the underlyiexposures; or

(v) Provide for increases in a retained first Igsssition or credit enhancement
provided by the bank after the inception of theusiézation.

Not only is this premise of an unconditional guaeana patently false one in theory,
but also when such a bad state occurs, banks bamerease their risk capital after
the event, in practice. A ratings down grade ofréference assets requires increased
collateral from the CDS protection seller and polgsiatings downgrades on the CDS
seller itself which leads to the CDS buyer haviogrtake good the reserves to the
tune of the ratings downgrade These increased demands for liquidity are highly

% The credit risk mitigant is financial collateran eligible credit derivative from an eligible
securitization guarantor, or an eligible guaraiftem an eligible securitization guarantor.

% Consider a down grade of an AAA rating to say Bi#lies increased capital requirements of at
least 4.4% is needed. This is determined by hatangplace the low capital charge of 1.6% for the
AAA rating (0.08x 0.2) with the new capital chargeé6% for the BBB (0.08 x 0.75). If the asset
reaches junk status, the increased capital chailbben6.4 %. The saga of how AIG was killed by
collateral calls on its CDS guarantees (which idetliguarantees on $80 bn multi-sector loan backed
CDOs) is given by Mollenkampt. al.(2008). They also state how the Gary Gorton modlehIG
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proclycical and is clearly an important ingrediefitcontagion producing propensity
of the CDS financial network. It is conceivable ttliae unrealistic fiction to vitiate
any conditionality of the credit risk mitigant pided by third parties, may be part of
the reason why Basel II micro-regulators overlookbeé need to subject their
proposals to stress tests for their robustness.

In summary, the Basel Il regulation is akin to g@a®lwho give prisoners the keys to
the goal in order that they make a successful weatyaClear step by step guide has
been given on the ‘best practice’ on how to redistecapital by using the services of
credit risk protection issued by institutions ndioMy within the regulated sector. A

chronic underpricing of credit risk became endermnicthe system as seemingly
competitive low CDS spreads could be provided leyuhregulated participants to the
CDS based credit risk transfer scheme.

2.2.1 The mechanicsof the CDS carry trade

A fully fledged agent based model of bank behaviollowing the above regulatory

injunctions should incorporate the dynamics of aSCéarry trade that developed in
2004-2007. For sake of completeness this is digcuksre, though it will not feature
in the stress test results of this draft of thegpapete and6;, respectively, denote the
8% regulatory capital requirement and fheaisk weight (see, Appendix 2) on the
asset commensurate with its credit risk mitigarie $avings in risk capital is given
by €(1-6) and if the credit risk mitigant is issued by aAMrated company in the

form of a CDS cover, which was the major instrumesed, the maximum savings in
risk capital that could be achieved is by reduciagital charge from 8% to 1.6%.

e (1-6) (FVH) > n FVA

FV: Face Value of the Asset.
M. CDS spread
0; : Risk weight

In general, banks’ propensity to become CDS prmtedbuyers in a carry trade is
governed by the extent to which the saving in oagital is greater than the cost of
the credit risk mitigant which can be proxied bg DS spread on the appropriately
rated tranche. The CDS market due to mispricingsgmreed banks with further
incentives in the form of large leverage opporiaaithat has been called the negative
basis carry trade from CDS.

In principle, a perfect hedge can be achieved batveebond of a given maturity and
a CDS of the same maturity. Denoting the yield lmnliond by yand the CDS spread
asii, on purchasing a bond and its matching CDS, adrecln lock in the risk free

rate, r. In the period, such as in 2006, when interesisratere low (3%), the S-CDO
yields (about 10% for the mezzanine tranche) wégk aAnd the CDS spread low, we
have :

yt'yt> It.

exposures on their CDS positions failed to flag tet collateral calls that came thick and fast from
AIG’s counterparties in 2008.
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This fuelled a CDS carry trade. Consider a loaa 8Lm at 3% interest which costs
$30,000. This $1m loan is used to purchase a CDhwienerates $100,000 gross
return on $1m. The CDS spread at a low rate ofd&slpoints (0.5 %) implies costs
of $5000 per annum. Note the loan of $1m investe@DO and a CDS nets a risk
free ‘carry’ of $65,000 that is gained from the CBiBld of $100,000 less the interest
rate and CDS spread costs which total $35,000.$685000 carry will enable further
self-financed leverage where the CDO and CDS agel as collateral to borrow a
further $2.16 m which in turn will cost approximigt&75,600. The leveraged $2.16m
if invested in more CDOs at a yield of 10%, we hawether round of carry equal to
$140,400*'which is obtained by the deducting the interes tatsts and CDS spread
($75,600) from the $216,000 yielded from the CDQcls pyramiding of leverage
from CDO/CDS activity characterized the heighthod financial boom.

Equivalently, the above is referred to as the negdiasis CDS carry trade as the
CDS basis is defined as the difference betweenC& spready;, and the bond
spread, % on the bond less the risk free rate :

yt-th<0.

Note the bond spread is the difference betweeryi¢ieé on the bond and the interest
rate, $; = yi— . During the height of the carry trade it can bénested that when S-
CDO tranches on sub-prime yielded 15% and with ilmerest rates and CDS spreads
that were underpriced by the likes of AIG, negat®®S basis on sub-prime was
close to 1000 basis points. In contrast, the negdtasis on say the CDX was about
150-300 basis points. The spikes in CDS spreadstlamdack of market value on
RMBS CDO, post Lehman, has more or less wiped loeinegative carry trade and
the money pump phenomena that it entailed.

2.3. The Scale and Scope of the US Bank | nvolvement in CDS Market

As discussed above, the bloat in the CDS markét witreased involvement of
commercial banks in CDS protection buying and rsglicame about in the period
after 2004 in anticipation of the Basel Il risk weied regime with lower risk

weighting given to bank assets and pools of asgleish can be shown to have CDS
insurance from a AAA rated insurer.

We study the 25 US commercial banks as reportetid¥DIC which are involved in
the CDS market as protection buyers or sellersadhdr credit risk transfer activity
from 2001 as the FDIC data starts at this poinbld@.1 in the Appendix reports the
key data for 2008 Q4. In order to exclusively foausthe systemic risk from credit
risk transfer to US banks from the new credit ddnxes - the conventional aspects of
bank balance sheet weakness arising from chargeoftlifferent loan categories will
not be directly included in the CDS orientated streests. Analysis will centre on the
three following balance sheet and off balance statt:

(i) RMBS held as assets on bank balance sheetslingl CDOs which suffer mark to
market losses,

2" Note the amount of leverage $2.16m that can beohed in a self-financing strategy when the carry
is $65,000 is worked out by dividing $65,000 Iy 8% interest rate. The interest rate cost ore$2.1
at 3% is $64,800 and the CDS spread costs at 59 fuzsts is $10,800 which totals $75,600.
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(i) Exposure to credit enhancement obligationSkVs and other structures,
(i) Obligations arising as CDS protection sellersoff balance sheet items ,

(iv) Potential counterparty risk leading to losscolver from CDS where banks are
protection buyers.

Figure 6: US FDIC Banks (25) Aggregate Data on Cordier 1 Capital, MBS
Assets and Credit Risk Exposure as CDS Protection eflers and SPV
Enhancements (in USD)
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From Figure 6, we see that the threat to US balesoy began to accelerate in 2005
when the total credit risk exposure for the 25 WHKs from CDS obligations and
SPV enhancements alone became greater than thee ofatheir assets. In 2008 Q4,
the gross notional value of CDS positions of thiege25 US FDIC banks was $7.89
tn on the protection buy side and $7.73 tn on #llesgle. US commercial banks are
net protection buyers to the tune of $162.7 bn0A&Q4. In this period mortgage
backed securities on banks’ assets totalled abd@.8 bn and the SPV and related
credit enhancements was only about $8.3 bn. JP amgpgovides the largest amount
of credit enhancements at about $3.53 bn. The atadanthe SPV and related credit
enhancements given in Table A.1 in the Appeffdixclude the maximum amount of
credit exposure arising from (i) credit enhancerag@movided by the reporting bank to
other institutions’ securitizations structures lre ttorm of stand by letter of credit,
purchase subordinated securities and other enhamtgn(ii) recourse or other seller
provided credit enhancements for assets that wddeasd not securitized, and (iii)
recourse or other seller provided credit enhancésnamovided to structures reported
in RC-S, item 1, in the form of retained interestyostrips included in the schedule
and/or other assets. All of these are on 1-4 fapedydential loans. The MBS held as
assets by these 25 US banks was $709.86 bn inQ@08B contrast, the value of the
FDIC estimate of Tier 1 core capital remained neddy unchanged during this period
at about $480.80 bn. The adequacy of this amouob e capital was justified on the

2 These items respectively have the acronyms ENGERBCERES and SZIORES, in the FDIC
data set.
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grounds of AAA rating of the CDS insurance coverABS securities such as balance
sheet CMOs.

The justification of little or no counterparty riskh CDS contracts is no longer a valid
one, not least since the 2007 ratings downgradeSl@mlines which resulted in a
massive collapse in their share prices (see Figdté in Appendix 4) and the CDS
spreads shown in Figures 3.A, 3.B and%.mVe will scrutinize the network of CDS
obligations of US banks along with their exposwuréhte non-bank provision of CDS
cover where Monolines dominate.

Figure 7 CDS Buy and CDS Sell Gross Notional Valugsor Top 5 US Banks(in
USD)
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Considering the US CDS market shares for the 2%darhich are involved in this
activity, as seen in Figure 7, JP Morgan Chase dates the market with $4.199 tn as
protection seller and $4.166 tn of CDS as buydhatend of 2008. The other banks,
Citigroup, Bank of America, New York Mellon and WelFargo trail far behind
respectively at $1.37 tn, $1.03 tn, $1.17 bn an@3bn for CDS cover. These banks
are net protection buyers and up to 6 of the 2&$ane only CDS buyers. While the
net notional value of CDS obligations of these Isaiskrelatively small (JP Morgan
Chase has a net CDS sell position of $33 bn), we laagued that it is an error to
conclude from this that there is negligible systemsk from the very large gross
positions. The gross positions are not on the sanuerlying reference entity and
triggers for payouts on CDS where the bank is aaniar may not be synchronised in
time with incoming CDS cover for the bank. More omantly due to counterparty
risk, promises to pay cannot be accounted as astualpts. Indeed, the failure of
protection selling counterparty can impair the cayaof banks to meet potential

2 There has been some restoration of confidencdénability of the Monolines to service their
guarantees with the reinsurance provided by BemkdHathaway since February 2008. But, see Table
A4.1 in Appendix 4 with the most recent CDS sprefadsas many of the financial entities included in
our model.
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CDS pay outs due to having to find new capital takengood the loss. Clearly, with
many banks being only CDS buyers, the possibiltya@ero or small bilaterally

netted position with the failed counterparty isikedly. Also, weakness in the markets
for the collateral underpinning the tranched CD®Odpicts relating to the CDS or the
failure of a reference entity can simultaneousiyger multiple payment obligations
across the system.

In order to assess the potential systemic impboatiof the failure of a reference
entity and/or of a protection selling counterpadythe banking sector as a whole, in
Section 3 we construct the financial network irgi&tionships between the 25 banks
and the external non-bank insurers. The dominahseroe banks and the interrelated
CDS links between banks as buyers and sellers aiegifion make it important to
guantitatively model the contagion effect on tmafiloss of CDS cover and the threat
to insolvency of other banks in due course.

2.4. Outline of Supervisory Capital Assessment Program (SCAP)

On 7th of May 2009 Board of Governors of the FedReserve System announced
results of stress test of US banking system unaerabric of SCAP (Supervisory
Capital Assessment Program). SCAP has been comdoctel9 biggest US largest
banks which account for in total two-thirds of @dposits. The assessment was aimed
to measure how much additional capital is needdatienbanking system in the view
of recent financial crisis. Regulatory authoritigisn to recapitalize banks that had
been denuded of capital by loss of value on asgetiefault and increased collateral
requirements due to failures in the credit risk igamt scheme. From the
announcement date financial institutions have oonatmin order to present a plan of
acquiring additional capital, the plan is supposede in place by mid November
2009. Banks involved included: GMAC, Regions FinahcBank of America,
KeyCorp, SunTrust, Wells Fargo, Fifth Third Banco@itigroup, Morgan Stanley,
PNC Financial Services, Bank of New York Mellon, tMé, BB&T, Capital One
Financial, Goldman Sachs. Stress testing differech fusual sensitivity tests. The Fed
gathered very detailed information on assets ok&and undertook tests based on
two scenarios. The baseline scenario assumechthacbnomy would follow the path
of consensus forecast and a more adverse scenasomas non-positive
developments in the economy and further deeperfifigancial crisis®. Banks were
instructed to estimate potential losses on theitfplms in each of the scenarios and
in two-year time horizon starting from beginning2809.

The SCAP results show that until end of 2010 them need for additional $185bn,
which after developments of Q1 2009 translates $nbbn of capital that has to be
raised by November 2009. It is worth underliningttthis amount is shared by the 10
out of 19 institutions as the remaining 9 were,oagmg to SCAP, in possession of
adequate capital levels. Losses expected in thee radverse scenario amount to
$600bn in the two year period. This combined wihsks that banks have already
suffered from since mid-2007 gives a very high amaf $950bn. The big share of it
— around $455bn comes from losses on loan porsfadb banks, especially from

30 More information and details on the SCAP prograan be found in Board of Governors of the
Federal Reserve System (2009) “The Supervisory t@laghssessment Program: Design and
Implementation” White Paper (Washington DC: Boafr€overnors, April 24).
http://www.federalreserve.gov/newsevents/pressgizf®90424a.htm.
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losses on residential mortgages and consumerdd@des. The estimated cumulative
loss on these assets is equal to 9.1%, whichtsrioally a high number — higher than
a peak loss during the Great Depression. Additipngiere is $135bn of estimated
potential losses from trading-related exposures seclrities. Firms trading with

assets of $100bn or more, were asked to estimatentied trading-related and

counterparty credit losses under a scenario basetharket shocks similar to those
that have occurred in 2008. The estimated losses wlese to $100bn cumulated
over the five companies that were asked to perthertest.

Table 1 : Supervisory Capital Assessment Program Agegate Results for 19
Participating Bank Holding Companies for the More Adverse Scenario

At December 31, 2008 $ Billions
Tier 1 Capital 836,7
Tier 1 Common Capital 4125
Risk Weighted Assets 78148

More Adverse Scenario

Estimated for 2009 and 2010 for the More Adversge

Scenario $ Billions As % of Loans
Total Estimated Losses (Before purchase accounting

adjustments) 599,2

First Lien Mortgages 102,3 8,80%
Second/Junior Lien Mortgages 83,2 13,80%
Commercial and Industrial Loans 60,1 6,10%
Commercial Real Estate Loans 53 8,50%
Credit Card Loans 824 22,50%
Securities (AFS and HTM) 35,2 Na
Trading & Counterparty 99,3 Na
Other (1) 83,7 Na
Memo: Purchase Accounting Adjustments 64,3

Resources Other Than Capital to Absorb Lossesearivibire
Adverse Scenario (2) 362,9

SCAP Buffer Added for More Adverse Scenario
(SCAP buffer is defined as additional Tier | 1
Common/contingent Common)

Indicated SCAP Buffer as of December 31, 2008 185
Less: Capital Actions and Effects of Q1 2009 Res{®} (4)| 110,4
SCAP Buffer (5) 74,6
Notes:

(1) Includes other consumer and non-consumer lagadsmiscellaneous commitments and obligations
(2) Resources to absorb losses include pre-pravisit revenue less the change in the allowance for
loan and lease losses

(3) Capital actions include completed or contractethsactions since Q4 2008

(4) Total includes only capital actions and effext€)12009 results for firms that need to estaldish
SCAP buffer

(5) There may be a need to establish an additidiezl 1capital buffer, but this would be satisfieg b
the additional Tier 1 Common capital buffer unlefiserwise specified for a particular BHC

Source: Board of Governors of the Federal Reseygte®, “The Supervisory Capital Assessment
Program: Overview of Results”, 7 May 2009
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In Section 4.5, the results of the SCAP stress te#t be compared with those from
the ACE network model for CDS obligations.

3. Financial Networks: Theory and Empirics for the US CDS
Obligations

The core thesis of the diversification claims foedst risk transfer of underlying
default risk on bank loans by using CDS credit\d#ives has been found practically
not to have delivered. It is the purpose of thitiea to see to what extent this is due
to the typical structures of real world financigtworks which imply vulnerability of
the system from hub like core banks and hence giilhicorrelated pathways
emanating from them to the rest of the system.t&h@ ‘too interconnected to fail
has entered the lexicon of the recent crisis. Wi hwviefly discuss the technical
aspects of network topology and their stability dtions as studied by May-Wigner
(May, 1972, 1973) and recently extended by Sinh@0%2 and Sinha and
Sinha (2006). A digital and empirical map of thghly interconnected links from
CDS obligations among US banks is constructed ghlight issues relating to a
structural model of financial contagion, systemsgkrand the extent to which the
delivery of promised protection via CDS and credk transfer is feasible.

3.1. Some Properties of Socio-Economic Networks

Considerable empirical work has been done by plsgsicecono-physicists and
biologists on the network properties of the worlddevweb (www) (Watts and
Strogatz (1998), Watts (1999), Newman (2003)),se@conomic networks on chains
of influence and co-authorships (Jackson and Wa@92), Jackson (2005)) and
biological networks, Montoya and Sole (2001). Thastwvorks have been found to
have so called “small world” network structures efhthough distinct from those for
text book prototypes of random, regular and scede hetworks, share important
properties with them. Networks are mainly charamter by (a) the density of
connectivity between nodes with high locally intaraectivity called clustering; (b)
the links between nodes measured in terms of patths; and (c) when direction of
links matter differentiated as in degrees and oegrekes, the so called degree
distribution in either direction represents diaitibn of links to and from nodes.
Small world networks have dense local clustersnaegular networks but globally
have properties of a random network with short gatigths between one node and
any other nod€.

Note in a random network and a small world one,aferage shortest path between
any two randomly chosen agents is found to be ‘1Sraatl bounded by the logarithm
of the total number of nodes in the system. In @stf in regular networks while
nodes are highly interconnected locally, the dis¢aim terms of average links needed
between a given node and another node randomligteel&om the system is high.

Finally, small world networks are characterisedaldyighly skewed fat tailed or power
law distribution in terms of large number of conti@ts (in-degrees and out degrees)
and payoffs to a relatively few individual nodesr&basi and Albert (1999), which
make them structurally different from the randond aegular networks. In the latter

3L This is named after the work of the sociologiin®y Milgram (1967) on the six degrees of
separation in that everybody is linked to everyyb@ilse in a communication type network by no more
than six indirect links.



all nodes have equal numbers of links to and froemt, while in a random network
the degree distribution is exponentially or Gaussistributed. To generate power
law statistics for nodes either in terms of theesor the numbers of links to/from
them, a process called preferential attachmensesl whereby nodes acquire size or
numbers of links in proportion to their existingesior connectivity. Due to the nature
of the asymmetry created in the system, these yhighhnected nodes have the
potential to be greatly disruptive for the systesnaawhole. In the context of banks
and their interrelations such highly connected sodecome ‘super spreaders’ (see,
Haldane 2009) during contagion like situations. jixesthe potential for instability of
highly connected systems, as we will see, the gtheaf clustered hub like structures
as opposed to their randomly connected counterpgpears to be that the rate of
deterioration leading to full demise of the systas whole is more gradual in
clustered structures than in the random networks.

The properties of the broad classes of networkssanemarized in Table 2. Figures
8.A and 8.B that follow show the hub like structu@ a small world network and
also the contrast between the exponential degstabdition of a random graph and
the skewed degree distribution of a small worldvoek.

Table 2: Properties of Networks: Diagonal Elementsharacterize Small World
Networks

Properties Clustering Average Path Degree
Coefficient Length Distribution
Networks
Equal and fixed
Regular High High In/Out degrees to
each node
Random Low Low Exponential
Eg\?\,le Free / Power Low Variable Fat Tail Distribution

Source: Markose et. al. (2004)
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Figure 8. A A graphical representation of random gaph and small world
graph with hubs
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Figure 8.B  Degree distributions
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3.2. Some technical notes on network statistics and stability analysis
As the phenomena of too interconnected to fail Hred speed of systemic collapse
depend on the network topology, the technical dedims for the network properties
of the bilateral relations given by the adjacenatnr, connectivity, clustering and
path length will be given here.

In financial networks, nodes which will be genelicaeferred to as agents stand for
financial entities such as banks, other intermélaand/or their customers. The
edges or connective links represent flows of ligyichand/or obligations to make
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payments and receive payments. There is a fixed fimité set of such players,
N={1,2,3,.....,n}, with n > 3. We can consider all manmf groupings i.e. subsets of
N, {S ON, S# O }. The network structure will be denoted asag at each time t,
t=1,2,....., the network can be altered by exogenaugirastances or by agents
making and breaking links.

Letiand j be two members of the set N. When edtliink originates with i and ends
with j, viz. an out degree for i, we say that pmesents payments for which i is the

guarantor this will be denoted b';T( ). A link from j to i yields an in degree for idn
represents cash inflows or financial obligatiorsfrj to i. If vice versa, we have

(f,_j) . The latter yields an in degree for i fromfjtHe links exist in both directions

we will denote it aqi, j) . Note, an agent’s out degrees corresponding totiheer
of its immediate neighbours is denotedkayVe will use directed graphs, as we aim
to model agents as having complete discretion theeiitiation of any link that they
may choose to form. In a system of linkages modédllg undirected graphs, the
relationships between N agents when viewed in Nx&tron form will produce a
symmetric matrix as a link between two agents wibduce the same outcome
whichever of the two partners initiated it. In c@st, directed graphs are useful to
study relative asymmetries and imbalances in larknftion and their weights.

Key to the network topology is the bilateral redats between agents and is given by
the adjacency matrix. Denote the (N+1) x (N+1) eeljcy matrix X = () with
xij=1 (x;*, for short ) if there is a link betweémndj and =0 if not. The N+1th agent
in our model will represent the non-bank particigain the CDS market. The set of
agent’s k; direct neighbourg; = {O j, j # i, such that x= 1} gives the list of those to
whom whichi has to make payments or other financial obligatiorhe adjacency
matrix can give the gross financial obligationsiestn N+1 financial entities in terms
of proportions of their respective total gross gdiions as follows:

r=>¢
(0 Xy X X e Xwa || G
Xy 0 X5 e Xoua G,
X1 : 0 Xin+1 G
X= 0
_XN+11 X+ 0 ] (C

©=>B,B . . B .. By
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The summation for each row across the columns; Qxij , represents the gross
i

payment obligations that i is guarantor for. In 8®S market, Grepresents i's

obligations as a CDS protection seller. The sunonatif each column j across the

row entriesB; = Z X; represents payments from i for which j is the liersy or j's

exposure to all other i banks. In the CDS markgtrdpresents the CDS cover j is
entitled to from others as a CDS buyer. The zelasgathe diagonal imply that banks
do not lend to themselves or self-insure (see, Y#7). There can be asymmetry
of entries such that for instance i2ed not equal GFor example, in the case where
bank 1 is only a CDS buyers; & zero while B is not. Section 3.4 discusses how
entries for matrix X is obtained for the CDS obfligas of the 25 US banks.

Connectivity of a network:
Connectivity is a statistic that measures the éxtéfinks between nodes relative to
all possible links in a complete graph. For a dedaraph, denoting the total number

N
of out degrees to equal KZki and N is the total number of nodes, connectivity o
i=1

L. K
h .
agrapnis given &Sm

Cluster Coefficient:

Clustering in networks measures how interconneetath agent’s neighbours are and
is considered to be the hallmark of social and isgemriented networks. Specifically,
there should be an increased probability that tivaroagent’s neighbours are also
neighbours of one another. For each agent Witleighbours the total number of all
possible directed links between them is givenkbyk-1). Let E; denote the actual
number of links between agent Ksneighbours, viz. those of ik neighbours who
are also neighbours. The clustering coefficienfo€agent i is given by

. E, 32
= k(k -1)

The clustering coefficient of the network as a vehisl the average of all’€ and is
given by

N
S
c="2 .
N

Note that the clustering coefficient for a randorapdp is

Crandom: p.

32 Numerically , E is calculated as follows. Using the NxN adjagematrix X = (g)" with a;=1 (g*
, for short) if there is a link betweerndj and §=0, if not. Agent’s k; neighbours=; = {0Oj,j#1,

s.tg=1}, E foradirected graph is calculated asEz Zajml NEANE
JEE; mi=
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This is because in a random graph the probabifityoale pairs being connected by
edges are by definition independent, so there imc@ase in the probability for two
agents to being connected if they were neighboliesmother agent than if they were
not.

Average Path Length:

A useful measure of the distance between two agentggven by the number of
directed edges that separate them and this isredféo as their path length. In a
random graph, the average shortest path lengtheleeatvall (i,j) pairs denoted by

grandem s given by

grandom —_ |Og N
logNp

If we keep the average number of degrees constantip = z we see that the
average path length increases logarithmically wWithsizeN of the network. Random
networks have quite a short path length which s tuthe fact that many “shortcuts”
between nodes arise from the random nature of gdmmections. In small world
networks, the possibility of random reconnectionalde two randomly chosen nodes
in a network to have short path lengths. Regulawaorks miss these shortcuts and
hence the average path length between an agentaafat flung one will be
significantly longer. The exact path length depewrdscially on the form of the
network generated. Scale-free networks show amagegpath length which in most
cases is also proportional to the logarithm ofrthewvork size, but the details depend
on the way the preferential attachment is modelled.

3.3. May-Wigner Condition for Network Stability

Here we will give a brief discussion of the May-\Wey condition for network
stability in the context of small world networksaly1(1972,1973) and Wigner (1957)
derived the critical threshold below which any ramdnetwork has a high probability
of stability in terms of 3 parameters, N, the safe¢he network in terms of the total
number of nodes, density of connections, D, andsthength of average interactions
between nodes. The network stability condition can be given egiewtly as :

1

2
D<DMwW= NI°

or:

VND o <1

The May-Wigner stability condition implies that amcreasing the complexity of a
network measured by its size (N), density of cotioes (D) and the strength of
average interactions between nodgsifcreases the instability of the network. This
condition was originally shown in May (1972) to trae of a random graph. This
created controversy as complexity is associateth wiversity and the latter is
understood to be tantamount to stability. Furtherthe random graph construction in
May (1972) does not have the high clustering tBadssociated with small world
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networks which manifest the property that intematti between species and social
interactions are not random, it became importandemonstrate what bearing the
small world network properties of clustering andohormations will have on the
May-Wigner stability condition for networks. SinH2005) and Sinha and Sinha
(2006) found that the transition point between italand instability with respect to
the given parameters (N, D aodl does not differ between random and small world
networks. However, they found that the speed andnerain which these different
network systems transited into instability differedh unstable clustered network
system will disintegrate much less comprehensitiedyn an unstable random network
system. These aspects of network stability will ibeestigated for the US CDS
network for banks. As far as the authors are awhigemay be the first analysis of the
May-Wigner type stability properties of financiadtworks.

3.4. The Network Topology of US CDS Financial I nterrelations

The key to constructing the network interrelatiaqpshbetween the 25 US banks in
their CDS activity is the relative CDS market sisaté the banks involved. This
reflects the notion of preferential attachment ussed earlier that Barabasi and
Albert (1999) and others relate to power law outesnn complex systems. From
Table 3 we see that the top 3 banks ranked in tefrtiseir dominance in this market
(JP Morgan, Citibank and Bank of America) accoumt 83% of the total CDS
purchases (and sales) for US banks. Note thisfaleevs the same rank in terms of
the value of their assets. Goldman Sachs is thergedt CDS player and with its
inclusion® these 4 banks account for about 92% of CDS actiwit US banks. The
CDS network is a directed graph with inward linke @degrees) representing
purchases and out going links (out degrees) reptiagethe cover provided by the
bank. As already discussed, the role of non-banis @viders in the form of the
Monoline and other non-bank insurers is importarthat not all of the $7. 89 tn CDS
cover bought by US banks is from within the banlgegtor.

Our algorithm assigns in degrees and out degreeslbank in terms of its respective
market shares for CDS purchases and sales. Thiodian with a 53% share will
have approximately direct links (in and out) with hanks and these are arranged
assortatively, ie. 14 banks are chosen from tlged#rto the smallest. The following
describes the algorithm that creates the CDS nktwod the CDS values being
bought and sold between banks and the non-banknektentity. Here, N banks are
indexed as i = 1, 2, ... N. The N+1 agent is the s@& non-US and/or non-bank
sector.

Gi : Gross Notional Amount of CDS for which Baigkguarantor

B; . Gross Notional Amount of CDS for which Baig<beneficiary

= % Bank market share on the sell side of CDS

33 Note, in terms of assets, Goldman Sachs is rahkeshd Wells Fargo which is the 4 th largest in
terms of assets (how that Wachovia has been takan), oranks only 13 in terms of CDS activity.
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Shi= EI Bank market share on the buy side of CDS

G

Let jO=° j#i where=.° refers to bank i's direct ‘neighbours’(counterjest

here) to whom it supplies (or buys from,”) CDS.

The algorithm allocates to each of bank i's coyrdadies, | DEiG j #1, a value of

CDS sales equal to°S5 and if >.S,°G, < G, , then bank i sells the remaining to
JOnS;

the external non-bank entity which is the N+1 agdot satisfy the demand for CDS

cover, B, for each bank the following allocation rule isedssuch that if

ZSJ.G B, < B, ,the remaining is bought from the external entity.
joa®

Table 3: US Bank Market Share in CDS Purchases

CDS Market
Share (Among
Bank 25 US Banks)
JPMorgan 0.53
Citibank 0.18
Bank of America 0.13
Goldman Sachs USA 0.08
HSBC USA 0.05
Wachovia 0.02
Morgan Stanley 0.003
Merrill Lynch USA 0.001
Keybank 0.0005
PNC 0.0003
National City 0.0002
Bank of New York Mellon 0.00015
Wells Fargo 0.000131
SunTrust 0.0000741
Northem Trust 0.0000298
State Street and Trust 0.0000184
Deutsche Bank Americas 0.0000127
Regions 0.0000097
U.S. Bank 0.00000804
Commerce 0.0000022
MERCANTIL
COMMERCEBANK 0.00000133
Associated Bank 0.00000095
Comerica 0.000000668
Signature 0.00000038
RBS Citizens 0

Source : FDIC 2008 Q4.

The matrix so constructed will have CDS salgsaléng the rows and the columns
give the purchases;.Brable A.2 gives the initial Adjacency matrix fibre US CDS
system. This is graphed below.
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Figure 9 The Empirically Constructed CDS Network fo US Banks Empirical
(Small World) initial network.

. Seller

Only

Net Selle

. Buyer

Only

Net Buyet

Margan Stanley

State Street&Trust

. Defaultec

Banks which are exclusively CDS buyers (these @eldMorgan Stanley, Merrill
Lynch, Northern Trust, State Street and Trust, Behwt Bank, US Bank and
Signature) are coloured in dark blue while net bsiyee marked in light blue. An
entity that is exclusively a CDS protection selemarked in red (there are no such
entities) while net sellers are marked in lightipin

Table 4 Network Statistics for Degree Distributionfor CDS Network: Small
World Network Properties Compared with Random Graph with Same

Connectivity

N Standard . : May-
In|t|a_l I_\Ietwork Mean | Deviation | Skewness Kurtosis Con_necu- Clust_er_lng Wigner
Statistics vity Coefficient .

(o) Stability

In Degrees CDS| 5o, | 444 3.13 9.12 0.12 0.92 7.814
Buyers
Out Degrees CDS| 5 5, | 534 3.60 1412 | 012 0.92 9.432
Sellers
Random Graph | 3.48 | 1.50 0.70 0.04 0.12 0.09 2.64

The algorithm that assigns network links on theshamarket shares can be seen to
reflect the very high concentration of network cections among the top 6 banks in
terms of bilateral interrelationships and triangalaistering which marks small world
network structures, see Figure 9. This is also rsudeed by the large cluster
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coefficient of 0.92. In contrast with a random natkof the same connectivity, the
clustering coefficient is close to the connectiyitgrameter. The highly asymmetric
nature of the empirical CDS network is manifestedhe large kurtosis in degree
distribution which shows fat tails in degree distition which is characterized by a
few (two banks in this case) which have a relayiv@lge number of in degrees (up to
14) while many have only a few (1). Note the asymnie® are greater in the out
degree distribution in terms of bank activity as protection sellers. The largest
pink node represents JP Morgan as dominant net selthe system. The pure blue
circles are banks that are sole buyers, whileigig blue nodes are net buyers and the
larger of these represent Bank of America and ©@itig. The pink triangular node
represents the external non-bank insurers anthés seller as is required. On the buy
side, the external entity accounts for about $3t@DS sold to it by the banks and on
the sell side it accounts for $3.2 tn and henceeiims of dominance, the non-bank
sector comes second after JP Morgan.

Using the May-Wigner network stability criteria giv in Section 3.4, we note from
Table 4 that both the empirically constructed CBfmork and the random graph
with the same connectivit§ are unstable. These parameters have to be las®riea
for stability. Also, given the important role of GDprotections sellers, the greater
instability of this network is to be noted. In wiiallows, we will see the elucidation
of the epithet ‘too interconnected too fail' ane grim consequences of the excessive
size of the gross CDS obligations in the handgwflianks and non-banks.

4. ACE Model Stress Tests: Threats to US bank solvencjrom
exposure to CDS and credit enhancement SPV obligats

4.1. ACE Modd Stress Tests

We will now discus the main stress tests that waduooted to understand the
implications of trigger events such as the failofea large bank or an external non-
bank CDS provider who is assumed to be the N+1tggemassume 30% default of
the extant non-bank CDS provider) on the solverfagmaining banks.

4.1.1. Experiment 1: Contagion from CDS loss of Cover Only
The stress tests conducted involved the failuréheffollowing banks: JP Morgan,
Citibank, Bank of America, Wells Fargo, NationatyCand Commerica. We follow
the round by round or sequential algorithm for dating contagion that is now well
known from Furfine (2003). The steps involved adalows:

I. Consider i as the exogenously selected trigger bHaatkdemises.

il. A bank j fails if its direct bilateral net loss &DS cover vis-a-vis the
trigger bank i is greater than or equal to 20%otore capital (reported in
the third column of Table A.1 in the Appendix). Ths (x; - X;j) > 20%
Core Capital(CG). The implied recovery rate from exposures of biank
given a 20% threshold of core capital as a sudifEriass may be too high
during crisis periods. Experiments with lower singthle losses such as
15%, 10% or 5% of core capital of the bank sholdd be considered.

34 Note the random graph variant for the CDS netveystem has the same aggregate gross CDS buy
and sell functionalities as given by the data. équgix 5 gives the algorithm that constructs theloam
network.
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iii. A second order effect of contagion follows if bgni (i) demises and
when a bank z#j, which has not demised in the first round lose% 28
core capital as per the rule g XXz ) + ( %z - Xz )) > 20% Core Capital
(CC).

Note, following the Adjacency Matrix given in Appdir 2, as % denotes gross CDS
protection cover that is lost to j due to the dema$ bank i (or N+1 non bank CDS
provider), the size of (x x;) depends on the dominance of i as the CDS protecti
seller. Hence, dominant protection sellers are magaential propagators of a CDS
contagion.

4.1.2. Experiment 2: Formula for CDS/SPV impact
As it is not just the loss of CDS protection coteat is instrumental to contagion
within the credit risk transfer system, we considepne off impact of liquidity
requirements arising from a bankaving to settle on the CDS cover with the failed
bankj being the reference entity and also the latterudifig on the SPV and other
credit enhancements @r assets. Each banlcomputes its CDS/SPV impact loss for
each bankwhich has defaulted in the previous round as Viegto

SpV!

G'sl +10%MBS ————
> SPV’

where:

- G' is the gross notional CDS cover provided by biank
sé is the CDS market share on the sell side of thaudtrig bankj

- ZZSP\/z is the total value of SPV enhancements in the atark

The first termG's. is meant to proxy banks share of CDS sales on the defaulting
bank or non-bankas reference entity. The larger the CDS protec®&lling activity,
denoted bys. , not only indicates prominence as a bank or deaileé this could also

increasq’s vulnerability to default and hence may increasesSGtivity on it as a
reference entity. It is assumed, in these prelingisé&ress tests in Experiment 2 that
has to settle in full with zero recovery rate atsbas if zero offsets are involved in
i's positions on CDS witlj as reference entity. Thus, while it is likely thé&tr
instance, Citigroup and Bank of America can becdiable for a very large
proportion of their gross CDS sell positions with Morgan as the reference entity
which fails (the estimates for this using the abfmrenula is $683.86 bn for Citigroup
and $532.51 for Bank of Americd)the liquidity needed at time of settlement at
default may be considerably less. However, thegg@BS sell obligations can be
mitigated only if the counterparties its offsets do pay up. Citibank, as a very large
net CDS buyer, is assumed to be particularly valplerto the non-bank CDS sellers.
Its plight as shown in Table A.2 in the Appendixddmom Figure 9, is that it is as
good as dead in the water in terms of its capacigomplete the offsets needed in the

% These figures are obtained as follows: MultiplytilZink's gross CDS sell position given in
Appendix Table A.1 at $1290.31bn by 0.53 where 0s58° Morgan’s share of the CDS market given
in Table 3. Likewise, multiply Bank of America’sags CDS sell position of $1004.74 bn by 0.53 to
yield an estimate of BoA's gross CDS sell posittonJP Morgan as reference entity.



closed CDS chains, once two major CDS sellers, drRgdh and a large non-bank,
fail. Hence, the Armageddon scenario implied in &ipent 2 with the demise from
contagion of all of the top 3 US banks and a large-bank CDS protection provider
is not an unlikely one. The second term is meantdpture the loss of SPV
enhancement provided by the defaulting bank towl&@¥%h of the MBS of bank.
Table A.1 in Appendix 1 provides the FDIC data bis.tThe 10% of MBS of a bank
is the component most likely to lose value in tatext of synthetic securitization.
As can be seen from Table A.1 in the Appendix i@ top US banks liquidity losses
from 10% of MBS assets can be sizeable though rieuat of that lost from failed
counterparties defaulting on credit enhancemensdganore modest. Hence, these
two terms represent what a bank involved in credk transfer could face as an
additional loss over and above the loss in CDS rcdivectly or indirectly due to the
trigger bank defaulting.

These two terms have a one off impact on the capéat of a bank in the event of the
stress. In contrast, the loss of CDS cover duehé failed bank suspending its
guarantees will have a contagion like first and tiplel order effects. The latter
include the possibility that substantial reductimincore capital of a bank heavily
dependent on the trigger bank for CDS cover cao a8 and renege on its CDS
obligations. Note every failed bank in sequencebxperiment 2, triggers the credit
event as a failed CDS reference entity (dependng the market trades CDS on it)
as well as the losses on SPV enhancements. Asishezey high correlation between
the dominance of market share in CDS and netwarnkectivity, the sheer size of the
CDS/CRT obligations can plunge and already fragi® banking system into a tall
spin.

4.2. ACE Model Stress Tests Results

The ACE simulator monitors and outputs the redacté CDS cover for each bank
and in aggregate to the loss of the core capitalhfe 25 US banks. The main results
of the stress tests of the two experiments arestinemarized in Tables 5 and 6 in
terms of net core capi?aGI The Systemic Risk Ratio (SRR) of each triggerkbin
reported in the last row of these tables and itmeges the percentage loss in
aggregate core capital as a result of the failidra given bank or non-bank CDS
provider. The red tabs are applied in these Taloldhose banks that fail (i.e. their
losses exceed 20% of core capital) in the givessstiest.

4.2.1. Experiment 1 Results: Contagion from CDS loss of Cover Only
Here we first and foremost confirm the idea abdwat ole of ‘super spreaders’ of
contagion in terms of their network connectivitydatilominance as CDS protection
sellers. JP Morgan has a SBRf 46.96% implying that in aggregate the 25 USKsan
will lose this percentage of core capital with Qamk, Goldman Sachs, Morgan
Stanley and Merrill Lynch being brought down. Thighlty likely scenario of the

36 Net core capital is given as the core capital hedosses entailed from the stress tests.

37 Note the Systemic Risk Ratio for a financial ingtbn can be given in a ‘marginal’ form (MSSR).
MSSR is estimated with the loss of aggregate capia not to include the 100% loss of core capital
assumed with the stress event of failure of ttggén bank. For instance in the MSSR variant for JP
Morgan we have 26% impact as opposed to 46.96% gikeve once the $100.61bn core capital, that
is assumed to be lost when JP Morgan fails agitget bank, is not included in the aggregate tfss
core capital of other banks. As a result, we fimat the failure of a sizeable non-bank CDS paudict

is likely to wreak more havoc on the banking systkam the failure of any of the banks themselves.
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demise of 30% of a non-bank CDS protection sedlacly as a Monoline) has a SRR
of 33.38% with up to 7 banks being brought dowmiBaf America has an SSR of
21.5%, followed by Citibank at 14.76% and then W/&hrgo at 6.88%. The least
connected banks in terms of the CDS network, Nati@ity and Comerica have

SSRs of 2.51% and 1.18%. The premise behind tacmmnected to fail can be

addressed only if the systemic risk consequencéseoéctivities of individual banks

can be rectified with a price or tax reflecting thegative externalities of their

systemic risk impact to mitigate the over supphaafiven financial activity.

The ‘superspreader’ role of JP Morgan in the CDSketacan be explained as
follows. JP Morgan as dominant CDS seller is sedpeta net seller of CDS cover to
Citibank to the tune of $62.33bn which is over 8%/ of Citibank’'s $70.98bn core
capital. The failure of JP Morgan will lead to fhemediate demise of Citibank and as
net CDS supplier to the tune of $16.83 bn to thekBaf America, it places the latter
on the brink of failure with a potential 19.03% dosf core capital. Morgan Stanley,
Merrill Lynch and Goldman Sachs which are recipgeot a high proportion of CDS
cover from JP Morgan are all brought down due &ir thery low core capital relative
to their CDS positions. In contrast, Mellon Ban&uigh a sole buyer of CDS, and also
Wells Fargo and other smaller banks survive thes goss of CDS cover from JP
Morgan because of their high core capital relativeheir CDS activity

To understand the somewhat surprising outcome Glitdtank which ranks "8 in
CDS sales after JP Morgan and the non-bank ougsitiey, with $1.290 tn in CDS
sales, has less of a contagious effect on therayttan Bank of America which has
CDS sales of $1.004 tn. (See column marked G irnttial Adjacency Matrix, Table
A.2 given in Appendix). The failure of Bank of Amea, leads to the demise of
Goldman Sachs and a 16.97% loss of capital fob&itt. The reason why Citibank
does not bring down other banks in terms of add$3DS cover, is because it is a net
CDS buyer to the tune of $112.354 and it sells tessach of its counterparties than it
buys. So it simply does not propagate contagiothen CDS framework. However,
when the non-bank outside entity fails (see laktma of Table 5), Citigroup appears
to be most exposed as a net CDS buyer, losingettutie of $82.43 bn or 116% of its
core capital of $70.98 bn.

4.2.2. Experiment 2 Results: Contagion from CDS Cover and CDS/SPV
| mpact

What can be seen from Table 6 is that the whenfulhdorce of the obligations
implied by the CDS and credit transfer system awtofed in, and not just the loss
from CDS cover, the system is simply not fit fompase. The net core capital row
(last row) in Table 6 shows what effectively amauiat the subsidy that the tax payers
are in effect having to provide to ‘prop’ up thessgm as the aggregate core capital of
$480.80 of the 25 US banks is far short of whateeded to implement a clean up
operation relating to these financial activitie®sk any of the key participants fail.
This ranges from: $1743.08bn in the case of JP Mofgilure, $1316.45 bn if a large
non-bank CDS participant fails, $749.54 bn if Girnllx fails, $578.88 bn if Bank of
America fails. As expected those banks, such a®hNdtCity and Commerica that
have little CDS related interconnections haveeliglystemic impact. Wells Fargo,
despite being the™largest US bank, with small CDS positions ($1.64dbuy and
$.0.49 bn to sell) relative to its large core capdf $33.07 is seen to stand out as
being innocuous in the CDS related financial coiotag
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Table 5 : 20% Net Core Capital Post Contagion Los®f CDS Cover Only: Stress test from defaulting bankor outside entity ($bn)
(Trigger bank top row)

Net Core Capital (loss CDS Cover only)
Original Citibank Bank of America HSBC Wachovia National City Wells Fargo Comerica 30% off OE

JPMorgan 100.61 100.61]  0.00%| 93.75] -6.82%]100.61] 0.00%|100.61]  0.00%|100.61]  0.00%] 10058

Citibank 70.98 58.93| -16.97%| 61.84] -12.87%| 70.98] 0.00%| 70.98] 0.00%| 70.98] 0.00%| 70.98

Bank of America 88.50 88.50] 0.00%| 88.50] 0.00%| 8850 0.00%| 8850] 0.00%| 88.50

Goldman Sachs 13.19 13.19]  0.00%| 13.19] 0.00%| 13.19] o0.00%| 13.19] 0.00%| 13.19

HSBC 10.81] 0.00%| 10.81] 0.00%] 10.81] 0.00%| 10.81 10.81]  0.00%| 10.81] 0.00%| 10.81] 0.00%| 1081

Wachovia 32.71 32.71]  0.00% 32.71] 0.00%| 32.71 32.71]  0.00%| 3271] 0.00%| 3271
Morgan Stanley 5.80 5.80| 0.00% 5.80] 0.00%| 580 0.00% 5.80] 0.00%| 5.80] 0.00%| 580 0.00% 5.80

Merrill Lynch 4.09 409 o000% 409 o0.00% 409 000%| 409 o000% 409 o0.00% 409 o0.00%] 409

Keybank 8.00] 000%] 7.69] -3.94% 8.00] 0.00% 8.00] 0.00% 800 000% 800 o000% 800 o0.00%| 800 o0.00% 800 o0.00% 767 -424%
PNC Bank 8.34] 000%] 7.83] -6.09% 8.34] 0.00% 834 0.00% 834 000% 834 o0.00% 834 0.00%| 834 0.00% 834 o0.00% 782 -6.24%
National City 12.05] 0.00%| 11.86] -1.54%| 12.05] 0.00%| 12.05] 0.00%| 12.05] 0.00%| 12.05] 0.00% 12.05]  0.00%] 12.05] 0.00%| 11.85] -1.61%
New York Mellon 11.15] 0.00%| 1052 -5.60%| 11.15] 0.00% 11.15] 0.00%| 11.15] 0.00%| 11.15] 0.00%| 11.15 11.15]  0.00%] 11.15] 0.00%| 1052] -5.66%
Wells Fargo 33.07[ 0.00%| 32.78] -0.80%] 33.07| 0.00% 33.07] o0.00%| 33.07] 0.00%| 33.07] o0.00%| 33.07] 0.00% 33.07] 0.00%| 3277] -0.91%
SunTrust 12.56] 0.00%| 12.36] -1.65%] 12.56] 0.00%] 12.56] 0.00%| 12.56] 0.00%| 12.56] 0.00%| 12.56] 0.00%| 12.56] 0.00%| 1256] 0.00%| 1235 -1.68%
Northern Trust 439] 0.00% 4.39] 0.00% 439 0.00% 4.39] o0.00%] 4.39] 0.00%| 439 o0.00% 439 o0.00% 439 0.00%| 439 o0.00% 438 -0.03%
State Street&Trust | 13.42| 0.00%| 13.42] 0.00%| 13.42| 0.00%| 13.42] o0.00%| 13.42] o0.00%| 13.42] 0.00%| 13.42] 0.00%| 1342] 0.00%| 13.42] 0.00%| 13.42] -0.01%
Deutsche Bank 7.87]000%] 7.87] o0.00% 7.87] o0.00% 7.87] o0.00% 7.87] o0.00% 7.87] o0.00% 7.87] o0.00%| 787 o0.00%| 7.87] o0.00% 787 -0.01%
Regions 9.64| 000%] 9.64] 0.00% 9.64] 000% 9.64] 0.00% 964 000% 9.64] o0.00% 964 0.00%| 964 o0.00% 9.64] o0.00% 964 0.00%
U.S. Bank 14.56] 0.00%| 14.56] 0.00%| 14.56] 0.00%| 14.56] 0.00%| 14.56] 0.00%| 14.56] 0.00%| 14.56] 0.00%] 14.56] 0.00%| 1456] 0.00%| 14.56] 0.00%
Commerce 1.37[ 0.00%] 1370 o0.00% 1.37] o0.00% 137 0.00% 137 o0.00% 1.37] o0.00%] 137 0.00%| 137] o0.00%| 1370 o0.00%] 137] -0.01%
MERCANTIL 0.54] 000%] 054] 0.00% 054 000% o054 0.00% 054 0.00% 054 o0.00% 054 0.00%] 054 0.00% 054] o0.00% 054 -0.01%
Associated 1.58] 0.00%| 158 000% 1.58] 0.00% 158 o0.00% 158 o0.00% 1.58] o0.00%| 158 0.00%| 158 o0.00% 158] o0.00%| 158 0.00%
Comerica 5.66[ 0.00% 5.66] 0.00%] 5.66] 0.00%| 566 0.00% 5.66] 0.00%| 5.66] 0.00%| 5.66] 0.00%| 5.66] 0.00% |GKOEN00N00% 5.56] 0.00%
Signature 0.76] 0.00%] 0.76] 0.00%] 0.76] 0.00% 0.76] 0.00%| 0.76] 0.00%| 0.76] o0.00%] 0.76] 0.00%] 076] 0.00% o076 0.00%] 0.76] 0.00%
RBS Citizens 8.47| 000% 8.47] 0.00% 847] o0.00% 847] 0.00% 847 0.00% 847] o0.00%| 847 o0.00%| 847 o0.00% 847] 0.00%| 847 0.00%
Mitsubishi UFJ 0.70] 000%] 0.70] 0.00% 070] o0.00% o0.70] 0.00%] 070 o0.00%| 070] o0.00% 070 0.00%] 070 o0.00% o070] o0.00%] 070 0.00%
Aggregate CC 480.80| 0.00%| 255.00] -46.96%) 409.82| -14.76%| 377.41| -21.50%| 454.00] -5.57%|448.09] -6.80%|468.76] -2.51%|447.73] -6.88%|475.12] -1.18%|32031] -33.38%




Table 6: Net Core Capital Post Contagion Loss of C® Cover and CDS/SPV Impact: Stress test from defatihg bank or outside entity
($bn) (Trigger bank top row)

Net Core Capital (loss CDS Cover & CDS/SPV impact)
Bank of America Wachovia National City Wells Fargo Comerica 30% off OE
96.75] -3.83%| 97.56] -3.02%| 100.56
69.42] -2.19%| 69.74] -1.75%| 70.97
82.93| -6.30%| 83.91] -5.19%| 88.50
13.12) -0.57%| 13.15] -0.29%] 13.19
10.21) -5.50%| 10.33] -4.40%] 10.81

Citibank

Original
JPMorgan 100.61
Citibank 70.98
Bank of America 88.50
Goldman Sachs 13.19
HSBC 10.81

Wachovia 32.71 31.85 -2.63%| 32.00] -2.17%] 32.71
Morgan Stanley 5.80 5.80 0.00%| 5.80 0.00%| 5.80
Merrill Lynch 4.09 4.02 -1.88%| 4.03 -1.56%] 4.09
Keybank 8.00 7.80 -2.60%| 7.83] -2.16%] 8.00
PNC Bank 8.34 7.70 -7.69%| 7.81] -6.38%] 8.34

National City 12.05
New York Mellon 11.15
Wells Fargo 33.07
SunTrust 12.56
Northern Trust 4.39
State Street&Trust 13.42
Deutsche Bank 7.87

11.79 -2.11%| 12.05
10.52] -5.60%| 11.15

12.18 12.25]

435] -080%| 436 -0.67% 439 . -9.43%

12.83 -4.40%| 12.93] -3.66%| 13.42

787]  0.00%| 7.87] o0.00%| 7.87 . -0.01%

Regions 9.64 9.27 -3.81%| 9.34] -3.16%| 9.64
U.S. Bank 14.56 13.81 -5.17%| 13.93 -4.29%| 14.56
Commerce 1.37 1.31 -4.37% 1.32 -3.63% 1.37
MERCANTIL 0.54 0.50 -6.81%| 0.51 -5.65%| 0.54

Associated 1.58
Comerica 5.66

1.47 -6.63%| 1.49 -5.51%| 1.58
5.46 -3.56%| 5.49 -2.96%
Signature 0.76 0.69 -9.39%| 0.70) -7.80%| 0.76
RBS Citizens 8.47 7.96 -5.98%| 8.05) -4.97%| 8.47
Mitsubishi UF) 0.70] 0.00% 0.64 -7.74% 0.63] -9.47% 0.63 -9.47% 0.63 -9.47%| 0.63] -9.47%| 0.69 -0.20%| 0.69] -0.16%| 0.70 0.00% 0.65 -7.26%
Aggregate CC 480.80| 0.00%) -1743.08| -462.54%| -749.54| -255.89%)| -578.88] -220.40%| -74.22| -115.44%| 200.94| -58.21%| 449.91 -6.42%| 433.40]  -9.86%) 475.07 -1.19%| -1316.45] -373.80%
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4.3. Comparisons of Contagion between a CDS Network with Clustered Small
World Properties and a Random Graph

We also compare the CDS network stability of a camdyraph of the same size and
connectivity’®to verify what if any consequences the May—Wigrabiity hypothesis
has for the differently structured financial sysserSome very interesting issues are
highlighted. As found in Sinha (2005) and Sinha &mrtha (2006), the random graph
shows worse outcomes in terms of stability and lo#iya of propagation of the
contagion. Recall the marked difference in struetarthe clustering coefficient of the
two networks (see, Table 4). The high clusteringhefsmall world network in terms
of what we understand to be the most likely stmectar the CDS network along with
the specifics of what induces loss of CDS covepeaps to show that there are only
direct failures in a closed sector rather than érighrder failures spreading to the
whole system. In contrast, in the random graph agtwhe whole system unravels in
a series of multiple knock on effects. This carsben by comparing the last columns
on the number of demised banks as a result ofatived of the trigger bank listed in
bold in the same row. In the random graph caseonlytdo more banks fail for the
same stress event, also the connectivity of thearktcollapses substantially after the
stress from about 12% to about 2%. This is showfigare 10.

Figure 10: Instability propagation in Clustered CDS Network and in Equivalent
Random Network

Contagion when JP Morgan Demises in Clustered CDS Network ( Left
5 banks fail in first step and crisis contained) v
In Random Graph (Right 22 banks fail I! Over many steps)

ETrust

Morgan Stanley

P

SunTrust

AT

mMerrill Lynch
Flational City

~ Associated

Mitsubishi lLWRErrill Lynch

NB: Black denotes failed banks with successivearic circles denoting the n-steps of the knock on
effects

This poses interesting and subtle issues on hampoove the stability properties of
the empirical CDS network with small world propesti This will be tackled in future
research. We will report below the network statistor the stress test outcomes from
Experiment 1.

38 The Appendix 5 outlines the algorithm for how #wiivalent random graph for the empirically
based CDS network is produced.
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Table 7 Clustered Small World Empirical CDS Network

Out Degrees (loss CDS only)
mean |std |skewness |kurtosis |[connectivity |cluster coeff |%loss CDS Cover |num DB
no 3.04| 5.34 3.60 14.12 0.12 0.92 0.00% 0
JPMorgan Chase Bank 1.33] 3.96 5.07 26.07 0.05 0.96 94.24% 5
Citibank 2.67|5.10 3.78 15.30 0.10 0.93 30.84% 1
Bank of America 2.52| 4.88 3.79 15.57 0.10 0.93 35.77% 2
HSBC Bank USA 2.81)5.11 3.66 14.58 0.11 0.93 10.16% 1
Wachovia Bank 2.89| 5.12 3.59 14.20 0.11 0.93 2.85% 1
National City Bank 2.89| 5.12 3.59 14.20 0.11 0.93 0.03% 1
Wells Fargo Bank 2.89| 5.12 3.59 14.20 0.11 0.93 0.01% 1
Comerica Bank 2.93| 5.20 3.51 13.36 0.11 0.93 0.00% 1
30% off OE 1.19| 3.60 5.03 25.84 0.05 0.96 99.37% 7

NB: Num DB stands for number of demised banks duhia stress test
The first row corresponds to the initial state with failed banks

Table 8 Random Graph With Same Connectivity As Empical CDS Network

Degrees (loss CDS only)

mean |std |skewness |kurtosis |[connectivity |cluster coeff |%loss CDS Cover |num DB
no 3.48 1.50 0.70 -0.04 0.13 0.09 0.00% 0
JPMorgan Chase Bank 0.59| 0.89 1.30 0.63 0.02 0.81 73.26% 17
Citibank 3.33]1.71 0.18 0.08 0.13 0.12 5.59% 2
Bank of America 0.44]| 0.80 1.89 3.17 0.02 0.89 79.70% 17
HSBC Bank USA 0.52]| 0.85 1.97 3.85 0.02 0.93 81.83% 17
Wachovia Bank 0.37|0.74 2.32 5.60 0.01 0.93 86.14% 20
National City Bank 0.44]| 0.75 1.97 4.22 0.02 0.93 83.49% 18
Wells Fargo Bank 3.33]1.71 0.18 0.08 0.13 0.12 5.59% 1
Comerica Bank 0.44]| 0.75 1.97 4.22 0.02 0.93 85.05% 18
30% off OE 0.37|0.74 2.32 5.60 0.01 0.93 86.56% 19

NB: Num DB stands for number of demised banks duhia stress test

The direct failure versus multiple order failurenche illustrated in the following
graphs when JP Morgan fails in the stress testhénclustered network case, this
leads to the direct failure of 5 banks in the fiaind while in the random graph case,
it leads to the collapse of 17 banks over multipters (up to to 12) of contagion.

Figure 11 Trigger: JPMORGAN DEFAULTS: Clustered Smal World Empirical
CDS Network

i JPMorgan defaults - loss CDS Only @E@E i 0 JPMorgan defaults - loss CDS Only @EEE
_ 36 g %3 i 1
S3ar g §a L |
;3.2 r — 8
%3.0 r B Sl _
B2af 1 )
26 1 §2 F J
24 C_1 1 I 1 1 1 I 1 1 I
0t Tt 2t It 41 5t Bt 71 at 91 ot 1t 2t 1 1t 5t 61t =0 - B
arder arder
Figure 12 Trigger: JPMORGAN DEFAULTS: Random Graph Case
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4.4. Comparison of SCAP Stress Test with ACE Contagion between a CDS
Network with Clustered Small World Properties and a Random Graph

We conclude this Section by making a brief comparisetween the SCAP stress test
results and those obtained from the ACE model feedsolely on the systemic risk
consequences of the new credit derivatives. Thesalts are given below. Note we
have also given the conventional losses assoamtadcharge offs on bank loans and
leases with the FDIC charge off rate of 1.92% f60& Q4. The main point of
difference between the SCAP and the ACE Stressstéisé scope of the trigger. The
failure of a large bank or non-bank with CDS prtitetobligations in excess of $1 tn
is a large stress event. The likelihood of suclewnt is high especially for a non-
bank CDS protection provider such as a large MaedSee, Appendix Table A.4 for
the latest CDS spreads on US banks and Monolikkesice, we report here the losses
for the US banks involved in the CDS market witk thigger in the ACE stress test
corresponding to the ‘outside entity’ in the lastuenn for Table 6. The losses for
each of the banks on the SCAP list includes thess lof CDS cover, and SPV
enhancements due to the failed institutions and ihereased obligations
corresponding to providing CDS cover with the failiastitution as the reference
entity. The numbers in red relate to the ExperinBieAtmageddon scenario when the
offset process which works to net off gross CD$ sdbligations fails to deliver as
counterparties default in the chain. Recall, failof a large non-bank CDS protection
seller will first and foremost bring down JP Morgand hence, the unraveling of the
CDS offset chain for the CDS on the failed refeeeantity. Thus, losses entailing the
full gamut of credit risk transfer items given iretlast column of Table 9 appear to be
markedly larger in the case of all but one banklier ACE stress test than the SCAP

one. (As net core capital (NCC) reported in Tabie given as NCC = Core Capital —
Losses, losses reported here are accordingly esdculfrom this.) As already
discussed, Citigroup and the Bank of America seerhet particularly vulnerable to
the demise of a large non-bank CDS seller.

Table 9: Supervisory Capital Assessment Program (S&P) vs. CDS Network

based Stress Test Results (**Denotes Added Item$) Ifn)

C(l) c @ I (€) @ | (©) | (6)

ore apita . ; Projected loss

Capital neg ded Area with Ialtcr)gse;st potential AP Charé ~offs| ACE Tosi
08 Q4**| SCAP FDIC** | CDS/SPV**

GMAC 11.5| Other 9.2

Regions Financial 9.64 2.5| Commercial real estate loans 9.2 1.9 1.77

Bank of America 88.50  33.9| Trading and derivatives 136/.6 13.68 690.94

KeyCorp 8.0d 1.8| Commercial real estate loans 6.7 1.49 3.31

SunTrust 12.56 2.2| Second mortgages 31 2.52 4.42

Wells Fargo 330  13.7| First mortgages 324 6.69 8.3

Fifth Third Bancorp 1.1| Commercial real estate loans 2.9

Citigroup 70.19 5.5| Trading and derivatives 2214 10.8 918.54

Morgan Stanley 5.80 1.8| Trading and derivatives 18\7 0.29 11.87

PNC Financial Services 8.34  0.6| Second mortgages 4.6 1.46 4.34

Bank of NY Mellon 11.1% None| Securities 4.2 0.05 4.39

MetLife None| Securities 8.3

BB&T None| Commercial real estate loans 4.5

Capital One Financial None| Other 4.3

Goldman Sachs 13.19 None| Trading and derivatives 17|14 0.08 4.03

J.P Morgan 100.61 12.75 2538
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Source: Board of Governors of the Federal Reseygte®, “The Supervisory Capital Assessment
Program: Overview of Results”, 7 May 2009.

Note figures in column (1) (FDIC Q4 2008 figuresTaer 1 capital) and in columns (5) FDIC data
from last column in Table A.1 in Appendix) andf(6n Table 7 last column.

5. Concluding Remarks and Future Work

We have made a case for using a computationakstiess platform to examine the
robustness of the use of the CDS credit risk mitiggithin a Basel 1l framework. A
micro-prudential framework with strong incentives teduce risk capital with a
capital charge of 4% (0.08 x 0.5) on RMBS to a nfe686 (0.08 x 0.02) with AAA
CDS guarantee on these assets - should as a ofattaurse been subjected to stress
tests for systemic risk implications to see if #ad AAA rated credit risk mitigant
can be delivered. The technical insolvency and reeumder-capitalization of a
banking system that followed from increases in fage from 25 to 62.5 under the
premise of an AAA rated CDS risk mitigant, stands as one of the worst lapses in
financial modelling and regulatory supervision.

Using FDIC 2008 Q4 data we study 26 US banks aladya non-bank sector that are
involved in this scheme encompassing the CDS marfket ACE framework used to
build an empirically based network for the CDS gédlions between US banks and
non-banks reveals the high clustering phenomensmaill world networks that are
known to characterize real world networks. We ubednarket share of CDS activity
by banks to determine the network structures asug#ed in Section 3. This highly
clustered network has a hierarchy of banks andcplt pathways by which the
contagion spreads. The CDS network is found to ristable by the May—Wigner
criteria. However, the equivalent random network@®S obligations with no banks
which aretoo interconnectedsee Figure 10) endured a worse case of financial
contagion and unravelling than did the highly cwstl empirically based CDS
network. Future work will focus on whether reforrhosld aim at changing the
network topology or installing super-spreader reseror both. Also, the sequence of
failure of banks of this network structure needbedurther empirically validated by
using time series information from the CDS markeierms CDS spread correlations.

We conduct stress tests under two scenarios. lerxpnt 1, loss of CDS cover is
the threat leading to insolvency and contagion Wwithteral tear ups of CDS positions
between a bank and the failed trigger entity b@agnitted. In Experiment 2, which
is an Armageddon scenario, the CDS offset chainG[@8 on the failed bank or non-
bank institution as reference entity effectivelyisfao provide netting for the large
gross CDS obligations of surviving banks on theemafice entity. (For instance,
netting via offsets of CDS obligations for Citiggoand Bank of America when both a
large non-bank CDS insurer and JP Morgan havelfal@roblematic.) Both of these
experiments use the Furfine (2003) format of thetagion algorithm, applied to the
empirically based adjacency matrix for the CDS meky assuming that an
exogenously specified trigger bank fails. Futurelnmims to endogenize the stresses
and also implement the microstructure of the CDSkatabased on collateral
requirement and mark to market conditions whichmisre attuned to ratings and
movements in CDS spreads. Further integration \eéhaviour of participants
especially the demand side for CDS as a creditmgigant by banks needs to be
modelled within the ACE framework to analyse magenously the factors within the
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CRT system of Basel Il on whether it continuesdbis force a system of perverse
incentives or whether it can become a functionakéste capable of delivering policy
objectives.

It must be noted that in Experiment 1, it is assdithat the loss of cover after tear ups
translates into a full loss of capital rather thast an increase in liquidity needed for
cover obtained by reassignment of counterparty frioenfailed entity to others. It is
reasonable to assume that with the failure of drigetop three banks or a large non-
bank CDS seller, given the very large gross siz@surviving banks’ guarantees on
CDS on the failed bank as reference entity, furtssumption of CDS cover from the
latter will not find voluntary assignees. Fed cotsfmn and ‘sweeteners’ will be the
order of the day. The resultant increase in comason risk following reassignment
is likely to jeopardize the system. A facility imet simulator will be built to implement
CDS reassignments to quantify concentration risk.

The analysis shows that three top US banks anddhebank net CDS protection
sellers have beconteo interconnected to faillhe significance of this epithet lies in
the fact that the CDS financial network is fundataliy unstable and the failure of
any of the large players in it is likely to bringwin a large chunk or the whole system
down as in Experiment 2. The fiction of non-failaemajor players and implied tax
payer bailout is effectively what is propping up tystem. The figures here (given in
the bottom row of Table 6) ranges from: $1743.08ibrihe case of JP Morgan
failure, $1316.45 bn if a large non-bank CDS pégéint fails, $749.54 bn if Citibank
fails, $578.88 bn if Bank of America fails. Manylwiegard $1tn-$2tn as being the
liquidity/capital deficit in the US financial systethat is still explicitly or implicitly
being financed by the tax payer not withstandingemé¢ recapitalization and
accelerated attempts of leading banks to repayT&RP loans. We identified so
called ‘superspreaders’ (these include JP Morganlange non-bank CDS protection
sellers) in the CDS financial network and the gaysterisk consequences of their
failure is quantified in terms of &ystemic Risk Ratwhich indicates how much core
capital is lost collectively due to failure of tiwgger entity. A strong case is made
that such large CDS sellers who in the past haea legempt from initial collateral
requirements should instead provide sufficient atelial in keeping with their
superspreader status to mitigate the tax payeyuiaibsts. An urgent requirement of
the continued activity of non-bank CDS protectiaedlers toward the credit risk
mitigant scheme is that they increase their capéaérves by a minimum of 33%
which should be sequestered in this superspreashet. fThe proposal of a more
transparent clearing house for CDS contracts isy farward. However, there is no
silver bullet regarding its success. The cleariogde itself should have access to
sufficient capital or liquidity to alleviate coumparty risk and we recommend that a
super-spreader fund which reflects the systemicp@sed by network impacts of key
participants in it. This fund can also add an ¢égadin dimension to the mutualisation
of losses that counterparties in the CDS settleragstiem may have to bear in the
face of default by large players.

Our analysis shows that the CDS market in the abwtethe ratings based credit risk
transfer system of Basel Il as it stands with ordjorms regarding clearing and
settlement still poses serious systemic risk camseces. Clearly, the centralized
multilateral clearing will overcome some of theadlifects of offsets which lead to
long bilateral chains in the extant OTS settingaihtan pose liquidity issues from
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needing to settle gross as counterparties fail lsimeously. However, the inherent
dynamic for offsets in the CDS market will continleepose the problem that it results
in far too little being settled relative to the diterisk mitigant needed for the
outstanding credit on the failed entity. Problentso aelate to the strong adverse
selection incentive especially to non-bank paréiois to the CDS based CRT scheme
which is arguably what fuelled the dysfunctions tlu¢he excessive carry trade with
underpricing of CDS spreads. Finally, two problesiate to naked CDS buying. One
is the additional liquidity requirements it imposastime of settlement relative to
needs of hedgers. The second problem which mangtitgmaers, notably George
Soros, have held up as its greatest danger idb#dee raid’ which relate to naked CDS
buyers or those who have ‘overhedged’ with largelpositions in a reference entity
could short the stock of the company or simply klattempts at restructuring and so
push healthy companies into bankruptcy. The CD&etanay have a price discovery
role to play on the probability of default of refece assets or entities. The analysis of
this paper shows that it is highly doubtful that iDS market can deliver at system
level effective credit risk mitigation for bank ats and hence it is advisable to
suspend the link in Basel Il between the use of €BD&r and a reduction in capital
charges. It will be interesting to see, in the AGBdel, to what extent the CDS
market will contract once this regulatory incentisgemoved.

A major policy imperative for the fully fledged quitative analysis at a fine grained
disaggregated level using multi-agent models ofltheking and financial sector in
data based driven format requires that the all icrextensions should be
electronically tagged so that their circulatiorihie system can be traced electronically
within a publicly available repository. Model vérior full digital rebuilds is possible
for many banking and financial systems and alsoelettronic markets. This
‘infformation gap’ on gross inter-institutional exqoes, cross market, cross currency
and cross country linkages has been highlighteZhian-Lauet al.(2009).It has been
argued that such digital mapping of institutionatadls with automatic updates from
data feeds is essential as the starting point fi@ss tests of the systems. The
development of state of the art simulators baseda atigital mapping of actual
financial systems is essential to understand fhetiential vulnerabilities and also to
give quantitative analysis of contagion. Study efwork connectivity of financial
systems can illuminate potential areas of fragillty contrast, current reliance on
analytical or equation based models which have akensimplifying assumptions for
purposes of tractability may often fail to highhtgthe negative feedback loops that
arise from network asymmetries over multi periodsiuThis ACE framework is both
radically and subtly different from the extant nweconometric modelling for
purposes of policy analysis. Further, while mufjeat digital modelling of the
financial, banking and payment and settlement systand that of the macro-
economy can subsume elements of extant macro-e@&riomand time series
modelling, the latter cannot incorporate the hefeneity at the level of actual
individual agents be they mortgagees/householdsaoks. It is in tended as part of
the larger project that the involvement of US bairkshe CDS market will be
integrated with other sectors of bank activity jpent to the current contagion.



Appendix 1
Table A.1:FDIC Data (2008 Q4) for 27 US Banks WithCDS Positions ($ bn)
SPV
CDS Core Loans & | Charge
Cert Name Buy CDS Sell Capital MBS Eenmh:?]f[: Leases Offc*
628 JP Morgan Chasg 4,166.Y6 4,199.10 100J61  130.353 663.90 12.75
7213 | Citibank 1,397.55 1,290.3] 70.98 54.47% 0.11| 3.6 1081
3510 | Bank of America| 1,028.6p 1,004.7¢%  88.5( 212.68.16 712.32 13.68
57485| Goldman Sachs 651.35 614.40 13.19 0.00 0.00 404 | .08 0
57890| HSBC 457.09 473.63 10.81 20.92 0.01 83.25 1.60
33869| Wachovia 150.75 141.96 3271 32.83 2.44 38499 973
32992| Morgan Stanley | 22.06 0.00 5.80 0.00 0.00 14.85 0.29
27374| Merrill Lynch 8.90 0.00 4.09 3.00 0.00 2459 0.47
17534| Keybank 3.88 3.31 8.00 8.09 0.00 77.39 1.49
6384 | PNC 2.00 1.05 8.34 2498 0.00 7591 1.46
6557 | National City 1.29 0.94 12.05 11.95 0.71 402. | 1.97
The Bank of NY
639 Mellon 1.18 0.00 11.15 29.29 0.00 2.85 0.05
3511 | Wells Fargo 1.04 0.49 33.07 60.15 0.59 348.3% 6.69
867 SunTrust 0.59 0.20 1256 14.85 0.00 131.04§ 225
The Northern
913 Trust Company 0.24 0.00 4.39 1.37 0.00 18.98 0.36
State Street Bank
and Trust
14 Company 0.15 0.00 1342 23.03 0.00 9.13 0.18
Deutsche Bank
Trust Company
623 Americas 0.10 0.00 7.87 0.00 0.00 12.86 0.25
12368| Regions Bank 0.08 0.41 9.64 14.30 0.21 98.73 1.90
6548 | U.S.Bank 0.06 0.00 1456 29.34 0.42 183.7¢ .53 3
24998| Commerce Bank| 0.02 0.03 1.37 2.33 0.00 11.64 0.27
Mercantil
22953| Commercebank 0.01 0.00 0.54 1.43 0.00 0.00 0.0d
5296 | Associated Bank 0.01 0.12 1.58 4.08 0.10 36.1 | 0.31
983 Comerica Bank 0.01 0.05 5.66 7.86 0.00 5054 97 0.
57053| Signature Bank 0.00 0.00 0.76 2.78 0.00 3.69 0.07
57957| RBS Citizen, 0.00 0.06 8.47 19.75 0.01 92.24 1.77
Aggregate 7,893.7| 7,730.8 480.1 709.8 8.3 3,686.8 70.8

For Charge offs we use the 1.92% given by the FDIZD09.



Appendix 2
Table A.2 Initial matrix of bilateral CDS buys (B) sell (G) obligations of US Banks ($bns)

5C

g i § z ' H 2
& = .E H 2 % B = = % 3 t é 2 “ B g g i g £ b §
& S @ © 2 = S S M a 2 S & 2 & a & =1 S s < S % 3 s ] ©

JPMorgan 0.0000| 743.4323| 547.1959| 346.4871| 243.1515| 80.1912 11.7339( 4.7330| 2.0623| 1.0642| 0.6837] 0.6250| 0.5511] 0.3113| 0.0000) 0.0000| 0.0000f 0.0000| 0.0000) 0.0000| 0.0000§ 0.0000{ 0.0000| 0.0000| 0.0000f 0.0000| 2216.8815| 4199.1040|
Citibank 681.0997 0.0000| 168.1436| 106.4693| 74.7161] 0.0000( 0.0000( 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000f 0.0000| 0.0000f 0.0000| 0.0000) 0.0000| 0.0000j 0.0000{ 0.0000| 0.0000| 0.0000f 0.0000| 259.8813| 1290.3100]
Bank of America 530.3574| 177.8840 0.0000f 82.9053 0.0000] 0.0000{ 0.0000{ 0.0000f 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000f 0.0000| 0.0000) 0.0000| 0.0000j 0.0000{ 0.0000| 0.0000| 0.0000f 0.0000| 213.5894| 1004.7361|
Goldman 324.3167| 108.7771| 80.0643 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000f 0.0000| 0.0000f 0.0000] 0.0000| 0.0000| 0.0000{ 0.0000{ 0.0000| 0.0000f 0.0000| 0.0000) 0.0000| 0.0000§ 0.0000{ 0.0000| 0.0000| 0.0000f 0.0000| 101.2440| e14.4020|
HSBC 250.0088| 83.8539 0.0000 0.0000 0.0000] 0.0000{ 0.0000{ 0.0000f 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000f 0.0000| 0.0000{ 0.0000| 0.0000} 0.0000{ 0.0000| 0.0000| 0.0000f 0.0000| 139.7667| 473.6293|
Wachovia 749341 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000f 0.0000f 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 67.0249| 141.9590)
Morgan Stanley 0.0000 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000| 0.0000| 0.0000) 0.0000 0.0000 0.0000
Merrill Lynch 0.0000 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
Keybank 1.7468| 0.0000 0.0000 0.0000 0.0000{ 0.0000( 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 1.5625 3.3093
PNC 0.5566 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000| 0.0000| 0.0000) 0.0000 0.4979 1.0545|
National City 0.4979 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000f 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.4453 0.9432
Mellon 0.0011 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000( 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0009 0.0020
Wells Fargo 0.2576 0.0000 0.0000 0.0000 0.0000{ 0.0000( 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.2304 0.4880
SunTrust 0.1034 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000( 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000| 0.0000| 0.0000) 0.0000 0.0925 0.1958
NorthernTrust 0.0000 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
State Street 0.0000 0.0000 0.0000 0.0000 0.0000{ 0.0000( 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
Deutsche Bank 0.0000 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000( 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
Regions 0.2149 0.0000 0.0000 0.0000 0.0000{ 0.0000( 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.1922 0.4070
U.S. Bank 0.0000 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000| 0.0000| 0.0000) 0.0000 0.0000 0.0000
Commerce 0.0160 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0143 0.0304
MERCANTIL 0.0000 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
Associated 0.0637 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000| 0.0000| 0.0000) 0.0000 0.0570 0.1206
Comerica 0.0240 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000f 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0215 0.0456
Signature 0.0000 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0000 0.0000
RBS 0.0293 0.0000 0.0000 0.0000 0.0000{ 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000] 0.0000f 0.0000{ 0.0000( 0.0000§ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0262 0.0555
Mitsubis hi 0.0264 0.0000 0.0000 0.0000 0.0000] 0.0000( 0.0000{ 0.0000{ 0.0000| 0.0000] 0.0000] 0.0000| 0.0000] 0.0000{ 0.0000{ 0.0000| 0.0000) 0.0000| 0.0000{ 0.0000( 0.0000f 0.0000{ 0.0000f 0.0000| 0.0000) 0.0000 0.0236 0.0500
Outside Entity 2302.8540| 288.7168| 234.8135| 114.6832| 149.1978| 70.1353| 0.4551| 0.1836| 1.6425( 0.5392| 0.4719] 0.0252| 0.2518| 0.1045| 0.0049| 0.0030{ 0.0021| 0.1938( 0.0013| 0.0147| 0.0002| 0.0571| 0.0216 0.0001| 0.0262| 0.0236 0.0000/ 3164.4227

B 4167.1083] 1402 6640{ 1030.2173| 650.5449] 467.0653] 150.3265 12.1890 4.9166| 3.7047 1.6033) 1.1555]  0.6502] 0.8029] 0.4158 0.0049| 0.0030f 0.0021 0.1938 0.0013 0.0147 0.0002f 0.0571 0.0216f 0.0001 0.0262f 0.0236 3001.5520]
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Type of Exposure Risk Weight Capital Charge*
OECD Governments 0 0

Non OECD Banks and 100 % 8%
Corporates

OECD Banks 20% 1.6%
Home Mortgages 50% 4%

*The capital charge is obtained by multiplying tigk weights by 8% capital asset ratio.

Table A3.2 Basel Il Risk Weights Based on ExternaRatings for Long- Term

Exposures

Long Term Rating External Sovereign Non-Sovereign Securitization

Category Ratings | Risk Weight Risk Weight (%) | Exposure* Risk
(%) Weight (%)

Highest Investment Grade¢  AAA 0 20 20

Second Highest AA 20 20 20

Investment Grade

Third Highest Investment | A 20 35 35

Grade

Lowest Investment Grade| BBB + 35 50 50

Plus

Lowest Investment Grade, BBB 50 75 75

Lowest Investment Grade, BBB- 75 100 100

Minus

One category below BB- 75 150 100

investment grade

One category below B, CCC 150 200 200

investment grade

Two or more categories | B, CCC 150 200 *

below investment grade

Unrated n/a 200 200 *

Source: Federal Register Vol 71, No. 247 Dec. 2862roposed Rules

* A securitization exposure includes asset and gaaré backed securities, recourse obligations, CDS

and residuals (other then credit enhancing intecedy strip).
* For securitization exposure more than two oneegaty below investment grade uses risk based
capital treatment described in Agencies’ RecounsieR

Table A3.3 Risk Weights Based on External Rating foShort Term Exposures

Short Term  Rating Rating Sovereign Non-sovereign Securitization
Category Risk Weight Risk Weight (%) Exposure (%)
Highest Investment Grade| A-1, P-1 0 20 20
Second Highest InvestmentA-2 , P-2 20 35 35
Grade

Lowest Investment Grade A-3, P-3 50 75 75
Unrated n/a 100 100
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Table A4.1 Chosen quotes for spreads on CDS with darlying banks®® or
Monolines and the value of the contracts written 209 June

# of CDS
Bank Contracts Net Notional CDS Price Price Type
Outstanding
JPMorgan 12,329 $6,029,868,411 114 Spread (bps)
Citibank 5,197 $4,028,234,319 450 Spread (bps)
Bank of America 11,035 $6,838,768,981 6 Upfront+3i30
Goldman Sachs USA 6,4 $5,283,462,68[1 3 Upfront+p&Qdb
HSBC Bank PLC 2,043 $2,118,164,662 80 Spread (bps)
HSBC Fin Corp 2,594 $1,912,550,3184 44 Spread (bps)
Morgan Stanley 6,792 $6,138,349,565% 6 Upfront+160pp
Merrill Lynch USA 8,027 $5,273,482,103 8 Upfront-0ps
Wells Fargo 10,092 $5,164,620,928 3 Upfront+100bps
Deutsche Bk AG 6,098 $7,304,531,832 116 Spread (bps
Monoline
Ambac Assurance Corp 3,141 $2,824,878,591 56 UpfEiObps
Financial Guaranty Insurance
Company (FGIC) 1,828 $1,079,179,793 70 Upfront+$80b
Financial Security Assurance
Inc. (FSA) 2,658 $1,718,650,976 20 Upfront+500hps
MBIA Insurance Corporation 5,243 $3,180,696,689 29 Upfront+500bps
Xl Capital Assurance Inc 3,395 $1,659,565,85[ 440  pre&d (bps)
Berkshire Hathaway 2,579 $4,955,795,701 6 UpfroBdtips
Source: Marktit
Figure A4.1 Decline of Share Prices of Leading Motioe Insurers
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3 These were some banks in the FDIC data set that ma reference entity for CDS.



Appendix 5 Random network algorithm

The algorithm that creates a random network of GIdSers proceeds using the
following steps:

1. An adjacency matria(NxN)is created where each element has value 1 with

probabilityp (this probability is set to be equal to the coriivég of the empirical
network we want to compare with), 0 otherwise.

2. A matrixr(NxN) of random numbers is created where each elementU [01]

3. The matrixb(NxN)of random values is generated as follovs: alr (element by
element multiplication).
4. The final matrix of CDS covan(NxN)is defined as

E'#
Zi:lezlbivJ'

whereTc is the total CDS cover in the market.
: N N _
By construction we have thii:lz om; =T

m=b
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