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•  Systemic	  Risk	  	  
– The	  risk	  caused	  cascading	  default	  of	  
financial	  insAtuAon	  

1997	  
Asian	  Financial	  Crisis	  

1998	  
Russian	  Financial	  Crisis	  

1999	  
ArgenAne	  economic	  crisis	  

2008	  
Lehman	  Shock	   Global	  financial	  crisis	  
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Background (1) 	

 The systemic risk of financial systems	
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Background (2)  	

 The systemic risk of financial systems	


Between 2000 ~ 2007:	

 29 banks failed.	


Between 2007 ~ present:	

 469 banks failed.	
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The	  importance	  of	  understanding	  banking	  networks	

Bankruptcy	  of	  Lehman	  in	  Sept.	  
2008	  caused	  the	  global	  
financial	  crisis.	
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Focus	  of	  financial	  study	  shiT	

•  Maximizing	  returns	  
with	  minimum	  risk	  

•  Stabilizing	  finances	  
	  for	  individual	  banks	

ATer	  	  
financial	  crisis	

•  Focus	  on	  banking	  
networks	  as	  complex	  
dynamical	  systems	  

•  Systemic	  risk	  

•  Asian	  financial	  crisis	  
•  Russian	  financial	  crisis	  
•  Bankruptcy	  of	  Lehman	  brothers	  
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	  Contagion,	  Cascade,	  Systemic	  Risk 

•  “Contagion”	  arise	  quite	  generally	  in	  biology	  and	  social	  sciences	  	  
–  Spread	  of	  infecAous	  disease	  
–  Diffusion	  of	  innovaAons	  

•  “Cascade”	  arises	  in	  social	  sciences	  and	  engineering	  
–  Cascade	  phenomena	  
–  Cascade	  of	  failures	  

•  “Systemic	  risk”	  arises	  quite	  recently	  in	  finance	  	  
–  Transmission	  of	  financial	  distress	  
–  Networked	  risks	  
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 Systemic	  Risks	  and	  Cascading	  Failures	

 iniAal	  disturbance	  	  
in	  some	  area	  

Largest	  blackout	  	  Internet	  collapse	  

congesAon	  and	  drop	  in	  
speed	  	  

Power	  grids	  Internet	  

Systemic	  risks	  in	  financial	  networks	  

Cascading	  failures	  in	  engineering	  networks	  
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Cascading	  failure:	  Blackout	
•  Concepts	  of	  “cascade”	  arise	  quite	  generally	  in	  computer	  

science	  and	  social	  sciences	  
Ø One	  applicaAon	  component	  can	  trigger	  failures	  in	  others.	  
Ø  The	  down	  of	  some	  sub-‐systems	  can	  make	  the	  enAre	  system	  down.	  	

Blackout	  Hits	  U.S.	  and	  Canadian	  CiAes	  	  	  	  	  Aug.	  14,	  2003.	

Before	 ATer	

Failure	  makes	  another	  failure	 How	  about	  global	  cascade	  ?	  	  
IniAal	  failure	  break	  the	  system	  
completely.	



10GECSS Phuket(26.1.11-12) 

PublicaAons:	  Systemic	  risk	  to	  the	  financial	  system	  	  	  
 

 

 
1 ©2012 The MITRE Corporation. ALL RIGHTS RESERVED. 

Introduction 
The recent financial crisis has focused attention on systemic risk to the financial system and led 
to an explosion of research in the field. The data displayed in Figure 1 evince this. Figure 1 
shows the annual output of research publications, as measured by searching on Google Scholar 
in the Business, Administration, Finance, and Economics subject areas for documents containing 
both the terms “systemic risk” and “financial system”. These data suggest that the literature in 
the field is growing at a rate on the order of thousands of publications per annum. Although it is 
not possible for us to keep abreast of all new developments, we have reviewed some of the recent 
literature and present this report as a sequel to our previous literature review (Markeloff et al, 
2011). 
In the sections that follow, we summarize recent publications that we have found particularly 
interesting. We begin with an article by Darrell Duffie, Dean Witter Distinguished Professor of 
Finance at the Graduate School of Business, Stanford University, and follow with an article by 
two equally illustrious authors: Andrew Haldane, Executive Director for Financial Stability at 
the Bank of England, and Robert M. May, a renowned theoretical ecologist. Neither of these 
articles describes a specific systemic risk model, although their subject matter is certainly 
germane to the field. We go on to delineate seven models and summarize a valuable study that 
rigorously evaluates the performance of various systemic risk models. 
 

 
Figure 1. The annual output of publications in the field of systemic risk to the financial system for the 

period 1998-2011. 
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Markeloff , R, ”Modeling Systemic Risk to the Financial System” (MITRE, 2012)	
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What	  is	  known	  about	  financial	  networks?	  
•  Contagion	  models	  have	  mostly	  been	  studied	  on	  
Erdos-‐Renyi	  random	  graphs	  or	  scale-‐free	  networks,	  
while	  we	  know	  from	  emperical	  studies	  that	  real	  
financial	  networks	  are	  much	  more	  complex.	  

–  G.	  Iori,,	  G.	  De	  Masi,	  O.	  V.	  Precup,	  G.	  Gabbi,	  G.	  Caldarelli,	  A	  
network	  analysis	  of	  the	  Italian	  overnight	  money	  market,	  
JEBO	  32	  (2008).	  

–  	  M.	  Boss,	  H.	  Elsinger,	  M.	  Summer,	  S.	  Thurner,	  The	  Network	  
Topology	  of	  the	  Interbank	  Market	  (Austria),	  arXiv:cond-‐
mat/0309582v1	  (2003)	  
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Network	  Structures	  of	  Real-‐world	  Banking	  Systems	

Chapter 2. Network Structure of Financial Systems 26

Figure 2.1: Network structures of real-world banking systems. Germany: two-tier structure
(Upper and Worms, 2004), Austria: scale-free structure (Boss et al., 2004), Switzerland: sparse
and centralized structure (Müller, 2006), Finland: three-tier structure (Toivanen, 2009), Hungry:
multiple money center structure (Ágnes Lublóy, 2006), Brazil: scale-free structure (see chapter 4).

Chapter 2. Network Structure of Financial Systems 26

Figure 2.1: Network structures of real-world banking systems. Germany: two-tier structure
(Upper and Worms, 2004), Austria: scale-free structure (Boss et al., 2004), Switzerland: sparse
and centralized structure (Müller, 2006), Finland: three-tier structure (Toivanen, 2009), Hungry:
multiple money center structure (Ágnes Lublóy, 2006), Brazil: scale-free structure (see chapter 4).

“The	  network	  topology	  of	  the	  Interbank	  market”,	  Boss	  et	  al, QuantaAAve	  Finance,4(2006).	

Brazil:	  scale-‐free	  	

Interbank	  networks	  are	  mulA-‐Aered	  
and	  community	  structure	

Austria:	  Ared	  and	  community	  structure	  	  	  

Santos,	  E,	  Cont.R,	  “The	  Brazilian	  Interbank	  Network	  Structure	  and	  Systemic	  Risk”	  Central	  Bank	  of	  Brazil	  
working	  paper,	  2010)	

Interbank	  networks	  are	  roughly	  scale-‐free.	
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Interbank	  TransacAon	  Network	  in	  Japan	

Figure 5 Interbank Transaction Network

December 1997

December 2005

Note: We produced this graph using the network analysis software Pajek, and the drawing is
based on the Kamada-Kawai algorithm, which uses the attractive and repulsive forces
between linked nodes, and positions the nodes with the greater number of links closer to
the nodes with many links (the repulsive force acts between nodes, but this is
superseded by the resultant force of attractive forces acting within the node group).
Nodes connected by a single link have a strong repulsive force between them, resulting
in nodes being positioned farther apart. Nodes are positioned overall to minimize the
total energy from all attractive and repulsive forces, but because results are initial
node-positioning dependent, creation of the graph requires repeated attempts until
stable results can be achieved. The sizes of the circles within the graph are proportional
to the log of strength (transaction value), while color identifies the subsector. The
Kamada-Kawai algorithm does not require data on strength or on the weight of each link
(the value and volume of transactions for each pair), but estimates node positioning
based only on whether there is a link.

128 MONETARY AND ECONOMIC STUDIES/NOVEMBER 2010

The Transaction Network in Japan’s Interbank Money Markets

Figure 6 Star-Shaped Network (Centralized) and Complete Network (Decentralized)

Figure 7 Distribution of Degree by Direction of Funds Flow (In Log Form)

129

Figure 12 Two-Tier Structure with Core and Periphery

all members in its core were linked to every other member in what was close to a
complete network, (3) the core served as a hub for the periphery, and (4) the periphery
had clustering (there were either mutual links among a small number of peripheral
members, or links to a certain node of the core. Figure 12 diagrams this concept, which
we think can represent one of properties of the actual network in the bottom panel
of Figure 5.

C. Small-World Network
The structural changes that have occurred in the interbank transaction network are
critical from the systemic risk perspective. The mechanism by which liquidity shocks
caused by delayed or failed settlements at some financial institutions are propagated
to the entire interbank market, or likewise absorbed in the process of propagation, de-
pends greatly on network topology. The literature confirms that the entire payment and
settlement network is connected through a very small number of steps. In this paper as
well, we measure the number of steps required for a given financial institution to reach
other financial institutions throughout the network and the average number of the steps,
namely, average distance.

The distribution of average distance in 2005 showed that the top 200 nodes were
linked to all other nodes in the network in no more than three steps, on average, an
indication that the interbank transaction network represents a very small world (Fig-
ure 13). As explained in Section II, a small-world network has a small number of
links relative to the number of nodes and thus sparse network density, and a tendency
to cluster among nodes of similar relevancy. Despite these properties, the network’s
average distance is short and can reach a very wide domain in only a few steps. Recent
research on social networks has shown that these interesting features can be attributed
to the presence of a small number of hubs and short-cut links, and in our study this
appears to be the role played by the core described above. Particularly because the core
is nearly a complete network, even if two given peripheral nodes are not linked to the
same hub, they can be linked via a single step within the core.

134 MONETARY AND ECONOMIC STUDIES/NOVEMBER 2010

Single	  core(centralized)	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (1997)	

Two-‐Tier	  Structure	  with	  Core-‐Periphery	  (2005)	

MulA-‐	  core	  
	  (decentralized,	  2005)	

“The	  TransacAon	  Network	  in	  Japan’s	  Interbank	  Money	  Markets”	  	  Imakubo,	  K,	  et	  al. Monetary	  
and	  Economic	  Studies	  Vol.28	  (2010)	
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Federal	  Reserve	  Wire	  Network:	  existence	  of	  cores	  

“The	  topology	  of	  interbank	  payment	  flows”,	  Soramaki,	  K,	  M.L.	  Bech,	  J.	  Arnold,	  
R.J.	  Glass	  and	  W.E.	  Beyeler, Physica	  A,	  Vol.	  379,	  pp	  317-‐333,	  2007.	
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FIG. 1: a) Simple networks and some commonly used terms. b) Fedwire interbank payment network. First day of sample. 6600

nodes and 70.000 links. c) Core of Fedwire Interbank Payment Network, largest links equivalent to 75 percent of daily value

transferred. d) Network Components. GWCC = giant weakly connected component, DC = disconnected component, GSCC

= giant strongly connected component, GIN = giant in component, GOUT = giant out component.

value payment systems e.g. CHIPS and CLS.
1

We analyze at the network of the actual payments flows
transferred over Fedwire. We choose to model the pay-

ment flows as a directed network and establish a link
from the sender of payment to the receiver of payment

on the basis of payments sent. While Fedwire partici-

pants include a variety of entities, including government

agencies, we consider only the subset of payments be-

tween commercial banks. Thus, commercial banks con-

stitute the nodes in the network, and a directed link from

one bank to another is present in a day if at least one

transaction debits the account of former and credits the

account of the latter.
2
Additional transactions between

any two banks add to the associated link weights in terms

of value and volume (number) of payments settled. The

network could be defined in alternative ways. From a

technical perspective, Fedwire is a star network where

all participants are linked to a central hub, i.e., the Fed-

1
The Clearing House Inter-bank Payment System (CHIPS) and

Continuous Linked Settlement (CLS).
2
We use master-accounts, and exclude loops that result from

banks making transfers across their own sub-accounts.

eral Reserve, via a proprietary telecommunications net-

work. From a payment processing perspective Fedwire is

a complete network as all nodes (particpants) are linked

in the sense that they can send and receive payments

from each other. However, these representations do not

represent the actual behavior of participants and the flow
of liquidity in the system.

We consider data for the first quarter of 2004. Each
day is modeled as a separate network, for an ensemble of

62 daily networks. The average daily value of funds trans-
fers between commercial banks amounts to $1=3 trillion
and the daily number of payments to 345> 000. On the
peak activity day, 644> 000 payments worth more than
$1=6 trillion were processed. The average value per pay-
ment is $3 million, but the distribution is highly right-
skewed with a median payment of only $30> 000. Both
the daily value and volume of payments show periodicity

around the first and last days of the month as well as
on mid month settlement days for fixed income securities
(see Fig. 2).
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eral Reserve, via a proprietary telecommunications net-
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We consider data for the first quarter of 2004. Each
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62 daily networks. The average daily value of funds trans-
fers between commercial banks amounts to $1=3 trillion
and the daily number of payments to 345> 000. On the
peak activity day, 644> 000 payments worth more than
$1=6 trillion were processed. The average value per pay-
ment is $3 million, but the distribution is highly right-
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2

Fedwire	  interbank	  payment	  network.	  	  
6600	  nodes	  and	  70.000	  links.	

GSCC:	  Core	  of	  Fedwire	  Interbank	  Payment	  Network	

GWCC	  =	  giant	  weakly	  connected	  component,	  DC	  =	  disconnected	  component,	  	  
GSCC	  =	  giant	  strongly	  connected	  component,	  GIN	  =	  giant	  in	  component,	  	  
GOUT	  =	  giant	  out	  component.	

GSCC	  ,	  the	  undirected	  links	  that	  comprise	  75	  percent	  of	  the	  
value	  transferred	  in	  Fedwire.	  This	  network	  consists	  of	  only	  66	  
nodes	  and	  181	  links.	  The	  prominent	  feature	  of	  this	  network	  is	  
that	  25	  nodes	  form	  a	  densely	  connected	  sub-‐graph	
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The	  global	  financial	  networks	  	  
	•  Minoiu,	  et	  al.	  construct	  a	  global	  banking	  network	  

using	  cross-‐border	  banking	  data	  for	  184	  countries	  
for	  the	  period	  1978-‐2007.	  	  

•  Hale	  constructs	  a	  global	  banking	  network	  of	  7938	  
banking	  insAtuAons	  from	  141	  countries	  using	  
interbank	  lending	  data	  from	  a	  database	  of	  
internaAonal	  syndicated	  bank	  loans.	  	  

	  :	  This	  is	  the	  first	  study	  in	  which	  bank-‐level	  network	  is	  
analyzed	  in	  a	  global	  scale.	  	  

	  
	  “A	  network	  analysis	  of	  global	  banking”,	  Minoiu, IMF	  working	  paper,	  (2012)	  	

	  “Bank	  RelaAonships,	  Business	  Cycles,	  and	  Financial	  Crises”, Hale, Federal	  Reserve	  Bank,	  (2012)	  	
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Figure 3. Network view of cross-border banking, 1980 and 2007 
 

Panel A. Core-periphery 
1980 2007 

 
 
  

Network	  View	  of	  Cross-‐border	  Banking	  (1980	  and	  2007)	

	  “A	  network	  analysis	  of	  global	  banking”,	  Minoiu, IMF	  working	  paper,	  2012)	  	

Minoiu	  et	  al.	  (2012)	  calculate	  network	  staAsAcs	  with	  the	  goal	  of	  
understanding	  how	  the	  flow	  of	  global	  capital	  changes	  over	  Ame.	  	  
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The	  Value	  of	  DerivaAve	  Contracts	  
600	  Trillions	  US$	  	  (1016	  )	

•  1. A. Haldane, R.May ”Systemic risk in banking ecosystems” Nature 
boom time that preceded the bust, APT seemed to be very successful. In its
imaginary world, market failures are caused by regulatory carelessness,
resulting in a focus on creating institutional arrangements that seek to
guarantee the premises upon which APT is based22. To the contrary,
Caccioli and colleagues argued21 that APT is not a ‘theory’ in the sense
habitually used in the sciences, but rather a set of idealized assumptions on
which financial engineering is based; that is, APT is part of the problem
itself.

Caccioli and colleagues21 illustrate their point by exploring the
dynamical properties of a model that gives a more realistic caricature
of markets, going beyond the idealized world of APT to include the
effects of individual trades on prices. Prices now depend on the balance
between demand and supply. The outcome is that ‘‘the road to efficient,
arbitrage-free, complete markets can be plagued by singularities which
arise upon increasing financial complexity’’21.

Figure 2 illustrates the main results of the analysis by Caccioli and
colleagues21. Here n is essentially a measure of the proliferation of deriva-
tives or similar financial instruments, and s is the overall average value of
the supply of any one such derivative/financial instrument. The parameter
e encodes the risk premium that banks require for trading derivatives21.

We see from Fig. 2 that if n is less than n* (here n*5 4.14), the average
supply of derivatives, s, is relatively steady and essentially independent
of the banks’ risk premium (as measured by e). But as market complexity
increases, so that n approaches n*, there is a sharp singularity at e 5 0.

For n . n*, the average supply increases with increasing n (that is,
increasing proliferation of financial instruments) if e . 0. Conversely,
for e , 0 the supply decreases with increasing complexity once n . n*. It
is emphasized21 that such sensitivity in market behaviour in the neigh-
bourhood of the singularity can easily produce very strong fluctuations—
either positive or negative—in the volume of trading in derivative
markets.

Note that the consequences of this singularity are not easily intuited
from the competitive equilibrium setting. It seems to us that the basic
process—in grossly simplified terms—is that once there are enough deri-
vatives to span the space of available states of nature (the net supply of
derivatives within the system necessary to meet true hedging demand
from non-banks), the market is essentially complete in the sense of the
Arrow–Debreu23 model. Once that happens, gross derivatives positions
within the system are essentially unbounded. So long as there is an
incentive to supply new instruments—a positive premium to trading—
banks will continue to expand gross positions, independent of true
hedging demand from non-banks. Such trades are essentially redundant,
increasing the dimensionality and complexity of the network at a cost in
terms of stability, with no welfare gain because market completeness has
already been achieved.

Caccioli and colleagues21 also examine a measure of market volatility as
the risk premium parameter e varies. If they calculate this quantity under
the approximation that the fluctuations in the values of the individual
‘supply variables’ (si; derivatives, etc) are completely uncorrelated, they in
effect recover the happy world of APT, with no singularities. This
strongly indicates that the highly important singularities in their accurate
and self-consistent calculations, with market dynamics included, are
associated with the supplies of different derivatives being strongly corre-
lated in this domain, as has found to be the case among derivatives
markets in practice.

In summary, Caccioli and colleagues suggest that the idealized
assumptions upon which recent financial engineering has been based
can give a misleading account of potential instabilities in markets. They
also note that these instabilities echo those that can develop in ecosys-
tems as complexity increases4,24.

Propagation of shocks within financial systems
In ecology’s models of food webs, aimed at qualitative understanding of
their dynamical response to perturbation, the nodes are simply species,
linked to other nodes/species as prey, predator, competitor or mutualist.
In epidemiological networks, the nodes are susceptible, infected/infectious
or recovered/immune individuals linked by sexual or other contacts. But
in a minimally realistic caricature of financial networks—henceforth
called banks—the nodes have a more complex structure.

Following Nier and colleagues25 and Gai and Kapadia26, we define such
a bank/node as schematically illustrated in Fig. 3. In this deliberately
oversimplified scheme, a bank’s activities are partitioned among four
categories. Two represent assets: interbank loans (li) and external assets
(ei). The other two represent liabilities: interbank borrowing (bi) and
deposits (di). The subscript i labels the specific bank (i 5 1, 2, ..., N for
a total of N banks). Solvency requires that the difference between a bank’s
assets and its liabilities (the capital reserve or ‘net worth’, labelled ci in
Fig. 3) be positive. That is, cI ; (ei 1 li) 2 (di 1 bi) $ 0.

These banks are now assumed to be interlinked in a random, Erdős–
Rényi network, with any one of the N banks connected to any other as
lender or borrower, or possibly both, each with probability p. A bank’s
average number of incoming/borrowing or outgoing/lending links is
then z 5 p(N 2 1).

Various further assumptions are now made to carry these Bank of
England/Federal Reserve Bank of New York models to the point where
the knock-on effects of a single bank failure can be explored in numerical
simulations. Much of the essential findings of such studies can be captured,
and made more transparent, by a ‘mean-field’ approximation in which
each bank has exactly average behaviour27. This means all banks are the
same size (rescaled to 1), every bank is linked to exactly z others, all loans
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Figure 2 | Discontinuous transition to instability of derivatives as
complexity increases. Average supply of any one derivative, s, at competitive
equilibrium as a function of the number, n, of different derivatives being traded,
for various values of banks’ risk premium, e. Adapted with permission from ref.
21. For fuller discussion, see text.
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Assessing contagion risks in the CDS market 
Markus Brunnermeier, Laurent Clerc and Martin Scheicher

in Chart 1). Part of the increase in gross notional 
outstanding is due to the fact that market participants 
do not cancel out CDS contracts but, rather, add 
an offsetting CDS contract. With the exception of 
occasional compression trades, in which offsetting 
CDS positions are eliminated, the gross notional 
outstanding amount thus increases with every trade. 
The net notional outstanding amount adjusts the gross 
notional amount for offsetting positions. It is calculated 
as the sum of net protection bought by counterparties 
that are net buyers of protection for a particular 
reference entity. Net notional amounts followed 
quite a similar pattern than gross notional but have 
stabilised, if not slightly declined, since October 2009. 
This development is driven by the reduction of net 
CDS positions written against non-financial reference 
entities, which more than compensates the sustained 
increase in the amount of CDS protection sold against 
the risk of default of EU sovereigns.

It is instructive to put the size of the CDS market in 
perspective to other derivatives markets. For example, 
interest rate swaps amount to a gross notional of 
USD 379.40 trillion and by far exceed the notional 
values of CDSs, which amount to USD 26.9 trillion 
according to the BIS June 2012 global derivatives 
statistics. The total size of the global bond market is 
around USD 98.4 trillion.

The CDS market for European reference entities is 
highly concentrated on the level of counterparties but 
less so on the level of reference entities. The top-ten 
most active traders account for more than 70% of gross 
protection bought or sold and are active in more than 

half of sovereign and financial reference entities. The 
top-ten names account for less than half of the aggregate 
exposure. In aggregate terms, there are indications that 
major traders sell and smaller traders buy (net) CDS 
protection, which parallels the finding that smaller 
banks tend to lend to bigger, “money-centre” banks. 

The data provided by DTCC allows seeing which 
categories of market participants buy/sell CDS 
protection on EU reference entities. Hedge funds 
represent 40% of the total number of buyers at the 
start of 2012, asset managers slightly more than 33% 
and banks about 18%. However, asset managers and 
hedge funds account (on average) for only 2.1% of 
the total notional outstanding over the sample period. 
By contrast, banks represent more than 96% of gross 
CDS sales until the end of 2009, and about 88% at the 
start of 2012. Therefore, banks are the most prominent 
players in this market. It is interesting to note that the 
decline in banks’ share follows the regulatory move to 
centralised clearing for standardised OTC derivatives. 
In effect, over this period, the percentage of contracts 
sold by central clearing counterparties (CCPs) has 
rapidly risen from less than 1% in January 2010 up 
to almost 10% at the start of 2012.

In Europe, fear of contagion appeared in the context of 
the euro area sovereign debt crisis and the perspective 
of the default of Greece. Lack of transparency regarding 
banks’ exposures raised three main concerns: 

• the capacity of the CDS market to settle the failure 
of a major reference entity, and for the first time that 
of a EU sovereign; 

Charts 1
Evolution of the EU CDS market since 2008
(USD EQ billions)
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The	  Value	  of	  DerivaAve	  Contracts:	  Key	  players	
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!is is just an illustration of how 
information technology can help in 
quantifying subtle collective behaviours. In 
the context of economics, such experiments 
could be enormously valuable. For example, 
it has been shown11 that the volume of 
transactions of a company at a certain time is 
correlated to the volume of searches related 
to that company at the previous time-step — 
the reason is unclear, but it could be that the 
number of searches is a rough measure of the 
interest (generated by worry or enthusiasm) 
in that company. Notably, similar systems 
have been employed to predict other 
phenomena, such as #u epidemics12.

!e coincidence of new theoretical tools, 
a wealth of new data and the will to change 
paradigms provides a chance for a leap 
forward in our understanding of $nancial 

and economic systems, with an attendant 
increase in our capacity to manage them and 
avoid the worst problems. One important 
challenge, among many others, is to make 
scienti$c advances both available to the 
public, and useful for policymakers. No 
one believes that better science alone will 
make economic crises a thing of the past, or 
allow the precise prediction of the economic 
or $nancial future. But better models that 
take into account feedbacks and network 
dynamics should greatly boost the ability of 
everyone to foresee the kinds of events to 
which markets and economies are prone, 
to understand the conditions that are likely 
to create them, and to o%er some guidance 
on how to avoid those circumstances. 
Even a little more knowledge could be of 
great value. ❐

Michele Catanzaro and Mark Buchanan are 
freelance science writers. 
e-mails: catanzaro.michele@gmail.com;  
buchanan.mark@gmail.com
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Complex derivatives
Stefano Battiston, Guido Caldarelli, Co-Pierre Georg, Robert May and Joseph Stiglitz

The intrinsic complexity of the financial derivatives market has emerged as both an incentive to engage 
in it, and a key source of its inherent instability. Regulators now faced with the challenge of taming this 
beast may find inspiration in the budding science of complex systems.

When $nancial derivatives were 
cast1 in 2002 as latent ‘weapons 
of mass destruction’, one might 

have expected the world at large to sit up 
and listen — particularly in the wake of 
subsequent events that led to the $nancial 
crisis of 2008. Instead, the derivatives 
market continues to grow in size and 
complexity (Fig. 1), spawning a new 
generation of $nancial innovations, and 
raising concerns about its potential impact 
on the economy as a whole.

A derivative instrument is a $nancial 
contract between two parties, in which 
the value of the payo% is derived from 
the value of another $nancial instrument 
or asset, called the underlying entity. In 
some cases, this contract acts as a kind 
of insurance: in a credit default swap, for 
example, a lender might buy protection 
from a third party to insure against the 
default of the borrower. However, unlike 
conventional insurance, in which a person 
necessarily owns the house she wants 
to insure, derivatives can be negotiated 
on any underlying entity — meaning 
anyone could take out insurance on the 
house in question. Speculation therefore 
emerges as another reason to trade 
in derivatives.

By engaging in a speculative derivatives 
market, players can potentially amplify 
their gains, which is arguably the most 
plausible explanation for the proliferation of 
derivatives in recent years. Needless to say, 
losses are also ampli$ed. Unlike bets on, say, 
dice — where the chances of the outcome 

are not a%ected by the bet itself — the 
more market players bet on the default of a 
country, the more likely the default becomes. 
Eventually the game becomes a self-ful$lling 
prophecy, as in a bank run, where if each 
party believes that others will withdraw their 
money from the bank, it pays each to do so. 
More perversely, in some cases parties have 
incentives (and opportunities) to precipitate 
these events, by spreading rumours or 
by manipulating the prices on which the 
derivatives are contingent — a situation 
seen most recently in the London Interbank 
O%ered Rate (LIBOR) a%air.

Proponents of derivatives have long 
argued that these instruments help to 
stabilize markets by distributing risk, 
but it has been shown recently that in 
many situations risk sharing can also lead 
to instabilities2,3.

Market as network
Players engaging in the derivatives market 
can enter into an unlimited number of 
contracts with other parties, so the market 
can be seen as a complex $nancial network, 
in which interactions between the nodes 
are nonlinear4. A derivative contract can 
itself be made arbitrarily complex — it has 
been estimated5 that if one of these contracts 

Deutsche
Bank

Barclays
RBS

UBS AG
BNP
Paribas
HSBC

1.5

1.0

0.5D
er

iv
at

iv
es

 (m
ill

io
ns

)

Year
20102005

Figure 1 | The largest players in the derivatives 
market. Despite a downturn following the 2008 
financial crisis, the volume of derivative contracts 
for 30 top market players continues to increase, 
with the 7 biggest labelled in colour. Data from 
Bankscope © 2013 Bureau van Dijk. 
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The	  largest	  players	  in	  the	  derivaAves	  market.	  Despite	  a	  downturn	  following	  the	  2008	  financial	  
crisis,	  the	  volume	  of	  derivaAve	  contracts	  for	  30	  top	  market	  players	  conAnues	  to	  increase,	  with	  
the	  7	  biggest	  labelled	  in	  colour.	  Data	  from	  Bankscope	  ©	  2013	  Bureau	  van	  Dijk.	

S．Basston,	  et	  al.	  Complex	  derivaAves	  ,	  NATURE	  PHYSICS,	  2013.3	  
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	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Global	  DerivaAves	  Market	  	  
	  	  
:	  JP	  and	  BoA	  central	  Tier;	  22	  other	  banks	  in	  Tier	  2	  	  all	  banks	  
in	  the	  top	  Aers	  will	  fail	  if	  any	  other	  fails	  of	  this	  group	  	
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Modeling	  of	  Financial	  Network	  (1)	

•  Node:	  Bank	  

	  
•  Links:	  Interbank	  liabiliAes	  

=

=

Bank A	

Bank B	A B	
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Liability	  RelaAons	  among	  Banks	
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X = 

The	  matrix	  of	  bilateral	  exposures	  

3. Cascading Failures on the Banking Network 12

Figure 2: Netting of interbank liabilities. Arrows indicate flow of debt settlement. a) Original
bidirectional network, b) Netted bidirectional network, c) Uni-directional network. Node 1 is the
debtor, node 2 the creditor

.

There were points to note about the matrices B and J:

• Fifteen banks in the B-matrix were completely isolated, they have no incoming or
outgoing connections. Their row/column indices in the matrix are: 160, 161, 163, 167,
174, 175, 176, 177, 180, 181, 185, 187, 194, 195, 199

• The tier 1 capital for all banks is nonzero.

• After calculating the J matrix bank #23 lost all of its incoming/outgoing connec-
tions.

The isolated banks, including bank #23 were removed from the B and J-matrix and
their tier 1 capital was excluded from the dataset.

The final B-matrix of bidirectional interbank liabilities had 186 ⇥ 186 entries out of
which 576 were nonzero. It is a highly sparse matrix with only 1.65 % nonzero entries.

The final J-matrix of netted interbank liabilities had 186 ⇥ 186 entries out of which
424 (1.21 %) were nonzero. Since there are a number of symmetric entries in the B-
matrix that cancel out when calculating J = B � BT the J-matrix has fewer nonzero
entries than the B-matrix.

3.1.2. Software used

MATLAB Commercial software, used for matrix manipulations, statistics and visual-
ization.

Pajek Pajek is a freeware graph visualization software that can also be used for network
analysis of large datasets. It is being developed by Slovenian computer scientists
Vladimir Batagelj and Andrej Mrvar.

MatlabBGL MatlabBGL is a freeware toolbox of network-analysis tools for MATLAB
and was developed by David Gleich of Stanford University. It contains functions
to calculate network-properties like clustering coefficients, average pathlengths,
core numbers, etc.

Brain Connectivity Toolbox This is a freeware toolbox developed for the analysis
of neural networks and contains a large selection of complex network measures
implemented in MATLAB.15

15It can be found at http://www.brain-connectivity-toolbox.net, a good overview of
complex network measures and their application to neuroscience is given in [46].

M. Thess AG Schöll, TU Berlin
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Arrows	  indicate	  flow	  of	  debt	  sevlement.	

Node	  1	  is	  the	  debtor,	  node	  2	  the	  creditor	
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SchemaAc	  model	  for	  a	  node	  with	  interbank	  network	  
(Balance	  sheet)	  

Capital buffer (net-worth) 
	

External assets 
	Deposit 

	

Interbank borrowing 
	

Interbank assets (loans) 
	IB

iL
IB
iA

M
iA

iD

iK

(IN) 
Liabilities 

(OUT) 
Assets 

j i

1

: resale price of the illiquid asset 
: net-worth (capital buffer) 

i
IB
i

IB
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M
ii DLAAK −−+=
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Solvency	  CondiAon	  (1)	

(1-p)Ai
IB + qAi

M − Li
IB −Di > 0

Bank i suvives if : (1-p)Ai
IB + qAi

M − Li
IB −Di > 0

Bank i defaults if : (1-p)Ai
IB + qAi

M − Li
IB −Di < 0

	  	  p:	  	  the	  fracAon	  of	  banks	  with	  obligaAons	  to	  bank	  i	  have	  defaulted	  	  
	  	  q	  :	  	  the	  resale	  price	  of	  the	  illiquid	  	  asset.	

Ai
IB : Intterbank asset (loans)

Li
IB : Interbank liabilities
Di : Customer deposit

Binary	  rule	  of	  each	  node	  i	
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Solvency	  CondiAon	  (2)	

Ai
IB + qAi

M − Li
IB −Di

Ai
IB < p

(Ai
IB + Ai

M − Li
IB −Di )− (1− q)Ai

M

Ai
IB < p

Ki − (1− q)Ai
M

Ai
IB < p     (Ki = Ai

IB + Ai
M − Li

IB −Di:capital buffer)

p > Ki

Ai
IB ≡ φ      ( if we set  q =1)

Default condition: (1-p)Ai
IB + qAi

M − Li
IB −Di < 0

	  	  p:	  	  the	  fracAon	  of	  default	  	  
	  	  Ki:	  	  the	  capital	  buffer	  	  
	  	  	  AIB:	  Interbank	  loan	

Threshold	  rule	  	
Bank i defaults	
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Windows	  to	  Cascade	  Failure	

φ* = arg min
φ∈[0,1]

1
z

k2P(k)
k≥1

1/φ#$ %&

∑

s.t.   1
z

k2P(k)
k≥1

1/ϕ"# $%

∑ >1

[Lopez,  Watts,  2006]
Cascade	  can	  occur	  at	  some	  region	  
of	  threshold	  and	  average	  degree

P(k):	  degree	  distribuAon	  
z:	  average	  degree,	  	  
φ:threshold,  

?? < φHomo
* < φRND

* < φSF (BA)
* < ??

Most	  suscep=ble	  network	  Least	  suscep=ble	  network	  

<Cascade window> 	
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SimulaAon	  Results	  (1)	  
(Benchmark	  and	  analyAcal	  soluAons	  compared)	
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SimulaAon	  results	  (2)	  
:Effects	  of	  increasing	  Ki	  (the	  capital	  buffer)	

φ ≡
Ki

Ai
IB =

Ki

0,2

Ki=0.03	

Ki=0.04	

Ki=0.05	

(φ = 0.15)

(φ = 0.2)

(φ = 0.25)

Ai
IB = 0.2, Ai

M = 0.8, Ai
IB + Ai

M =1
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Systemic	  Risks	  on	  Modular	  Networks	  	  
	  	

•  Contagion	  process	  was	  invesAgated	  using	  the	  percolaAon	  
method,	  which	  basically	  assumes	  uncorrelated	  networks.	  

•  ConcentraAon	  and	  complexity	  may	  be	  key	  amplifiers	  of	  
the	  fragility.	  

•  Real	  financial	  networks	  are	  correlated	  and	  fragmented	  
into	  	  modules.	
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	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Global	  Financial	  Networks	  
Global	  financial	  risks	  can	  be	  drasAcally	  reduced	  if	  we	  can	  
reconstruct	  them	  properly	  	  
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Outline	  

Ø  IntroducAon	  
Ø  Financial	  Network	  in	  Reality	  	  
Ø  SimulaAon	  Study	  on	  Systemic	  Risk	  	  
Ø  InnovaAon	  in	  Finance	  destabilize	  markets	  
	  	  	  	  :	  AutomaAc	  trading	  agents	  	  
	  	  	  	  :	  High	  frequency	  trading	  
Ø  Toward	  more	  resilient	  financial	  networks	  

3
2
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13/08/25 17:05Algorithms Take Control of Wall Street | Wired Magazine | Wired.com

1/15 ページhttp://www.wired.com/magazine/2010/12/ff_ai_flashtrading/all/1

Artificial intelligence is here. In fact, it’s all around us. But it’s nothing like we expected.
Features
The Internet Catches a Viral Epidemic
Start
Breaking Down Tesla's Captivating Model S
Play
Mr. Know-It-All: Super Villains, Porcine Smarts, and Network Netiquette
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Share on Facebook
1.6k shares
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Algorithms Take Control of Wall Street
By Felix Salmon and Jon StokesEmail Author
December 27, 2010 | 
12:00 pm | 
Categories: Wired January 2011

Today Wall Street is ruled by thousands of little algorithms, and they've created a new market—
volatile, unpredictable, and impossible for humans to comprehend.
Photo: Mauricio Alejo

Algorithms	  Take	  Control	  of	  Wall	  Street	

Wired	  January	  2011	

Share	  of	  automaAc	  trading:	  70%	  of	  US	  stock	  markets,	  50%	  of	  Europe	  and	  Japan,	  	  
	  	  	  70%	  of	  foreign	  exchange	  markets	

Computers	   (algorithms	   or	   trading	   agents	   )	   help	   prospecAve	   buyers	   and	   sellers	   of	   stocks	  
find	  one	  another.	  Trading	  agents	  tend	  to	  follow	  a	  fairly	  simple	  set	  of	  rules.	  High-‐frequency	  
traders,	  flash	  traders,	  execute	  deals	  so	  quickly,	  and	  on	  such	  a	  massive	  scale,	  that	  they	  can	  
win	  or	  lose	  a	  fortune	  if	  the	  price	  of	  a	  stock	  fluctuates	  by	  even	  a	  few	  cents.	  The	  result	  is	  a	  
system	   that	   is	   more	   efficient,	   faster,	   and	   smarter	   than	   any	   human.	   However,	   it	   is	   also	  
harder	   to	   understand,	   predict,	   and	   regulate.	   They	   respond	   instantly	   to	   shiTing	   market	  
condiAons,	  taking	  into	  account	  thousands	  or	  millions	  of	  data	  points	  every	  second.	  	
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TED	  Global	  Conference	  	  
Kevin	  Slavin:	  How	  algorithms	  shape	  our	  world

September	  15,	  2012	  

Kevin	  Slavin	  is	  the	  co-‐founder	  of	  gaming	  company	  Area/Code.	  	

Kevin	  Slavin	  argues	  that	  we're	  living	  in	  a	  world	  designed	  
for	  -‐-‐	  and	  increasingly	  controlled	  by	  algorithms.	
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High	  Frequency	  Trading	  with	  Trading	  Agents

13/09/03 14:20Sixty Seconds of Chaos - Businessweek

10/13 ページhttp://www.businessweek.com/articles/2013-06-06/sixty-seconds-of-chaos

`Limited' U.S. Military Action Expected on Syria

Merkel Spars With Steinbrueck in TV Debate

Features

Sixty Seconds of Chaos
June 06, 2013

San Francisco design firm Stamen teamed up with Nasdaq to visualize the frenzy of automated trading. This is one minute of bids and offers on March 8,
2011.

More To Watch  by Taboola

San	  Francisco	  design	  firm	  Stamen	  teamed	  up	  with	  Nasdaq	  to	  visualize	  the	  frenzy	  of	  
automated	  trading.	  This	  is	  one	  minute	  of	  bids	  and	  offers	  on	  March	  8,	  2011.	
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Flash	  crash,	  May	  6th	  2010
The	  Stock	  Market’s	  Flash	  Crash:	  How	  to	  Destroy	  $1	  Billion	  in	  60	  Minutes	
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How	  a	  flash	  crash	  happens?

"  When	  a	  very	  large	  market	  sell	  order	  is	  placed,	  it	  can	  
execute	  against	  all	  of	  the	  limit	  buy	  orders,	  which	  
makes	  the	  buy	  order	  curve	  disappear	  and	  the	  price	  
plunge.	  This	  is	  what	  happened	  in	  the	  May	  2010	  flash	  
crash.	  

"   Even	  if	  a	  single	  order	  is	  not	  quite	  large	  enough	  to	  
deplete	  all	  the	  buy	  orders,	  traders	  might	  panic	  if	  the	  
price	  of	  a	  security	  is	  going	  down	  rapidly	  and	  add	  more	  
sell	  orders,	  resulAng	  in	  a	  flash	  crash.	  
	  
Market	  Instability:	  Why	  Flash	  Crashes	  Happen　Vedant	  
Misra,	  Yaneer	  Bar-‐Yam	  NECSI	  Report	  #2011-‐08-‐02	
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Relaxed	  static	  stability

"   The	  new	  domain	  in	  fact	  made	  possible	  a	  new	  genera=on	  of	  
military	  aircraB	  designed	  to	  be	  inherently	  unstable	  (in	  technology	  
jargon,	  to	  have	  “relaxed	  sta=c	  stability”).	  This	  gave	  an	  advantage.	  
Just	  as	  you	  can	  maneuver	  an	  unstable	  bicycle	  more	  easily	  than	  a	  
stable	  tri-‐cycle,	  you	  can	  maneuver	  an	  inherently	  unstable	  aircraT	  
more	  easily	  than	  a	  stable	  one.	  	  

"   The	  new	  controls	  could	  act	  to	  stabilize	  the	  aircraT	  much	  as	  a	  cyclist	  
stabilizes	  a	  bicycle	  by	  offsesng	  its	  instabiliAes	  with	  countering	  
moAons.	  	  

"   A	  human	  pilot	  could	  not	  react	  quickly	  enough	  to	  do	  this;	  under	  the	  
earlier	  manual	  technology,	  an	  inherently	  unstable	  aircraT	  would	  be	  
unflyable.	  

"   (Arthur	  2009,	  73)	
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F-‐35	  Lightning	  II	  (Lockheed	  Martin)
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Outline	  

Ø  IntroducAon	  
Ø  Financial	  Network	  in	  Reality	  	  
Ø  SimulaAon	  Study	  on	  Systemic	  Risk	  	  
Ø  InnovaAon	  in	  Finance	  destabilize	  markets	  
	  	  	  	  :	  AutomaAc	  trading	  agents	  	  
	  	  	  	  :	  High	  frequency	  trading	  
Ø  Toward	  more	  resilient	  financial	  networks	  
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1.  The	  event	  is	  a	  surprise	  (to	  the	  observer).	   	  	  
2.  The	  event	  has	  a	  major	  impact.	
3.  ATer	  its	  first	  recording,	  the	  event	  is	  raAonalized	  

by	  hindsight,	  as	  if	  it	  could	  have	  been	  expected.	

“Unknown	  unknown”,	  “Black	  Swan	  Event”	  	

Black	  Swan	  (2007)	  
Developed	  by	  N.	  Nicholas	  Taleb	  
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Compound	  Risks	  
•  In	  most	  cases,	  failures	  due	  to	  a	  combinaAon	  of	  both	  exogenous	  

and	  endogenous	  risk	  

•  We	  need	  to	  consider	  both	  exogenous	  and	  endogenous	  risks	  
•  Endogenous	  risk	  is	  amplified	  by	  the	  interacAons	  among	  agents	  

Endogenous	  
Risk	  

Exogenous	  Risk	  
(external	  shock)	  

Compound	  Risk	  
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ClassificaAon	  of	  Extreme	  Events	

Data	 No data	

Model	
Known Knows 

 
・dynamical system theory 
・ network analysis 

Unknown Knows 
　　　 
・simulation 

No Model	

Known Unknown 
（Gray Swan） 

 
・statistical techniques 

 

Unknown Unknown 
（Black Swan） 

 
・scenarios thinking 
 

J. Casti “Four faces of Tomorrow” (OECD, 2011)  
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ASIAN	  ECONOMIC	  
OBSERVATORY	  NETWORK	  
A	  Data-‐Driven	  Approach	  to	  Finance	  

CHEONG,	  Ann	  	  
(Nanyang	  Technological	  University,	  Singapore)	  
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Why	  Network	  of	  Observatories?	  

Impossible	  to	  perform	  experiments	  

Each	  observatory	  sees	  a	  
different	  facet	  of	  night	  
sky	  

Difficult	  &	  unethical	  to	  
perform	  experiments	  

Each	  observatory	  sees	  a	  
difficult	  cultural	  facet	  of	  
Asian	  economy	  
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　　　　           Thank you for listening!! 
 
                             Question Time 	

 


