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What	  is	  this	  talk	  about?	  
•  The	  structure	  of	  the	  social	  (random)	  network	  
over	  which	  financial	  informa2on	  flows	  (chat	  
rooms	  and	  message	  boards),	  and	  sen2ment	  
extrac2on.	  And	  three	  illustra2ve	  applica2ons:	  	  
–  The	  web	  graph	  of	  stock	  linkages	  and	  trading	  rules.	  	  
–  Extrac2ng	  systemic	  risk	  from	  the	  web	  graph	  of	  interbank	  

lending	  rela2onships.	  	  
–  Extrac2ng	  communi2es	  in	  the	  venture	  capital	  industry.	  

	  

•  If	  there	  is	  2me	  I’ll	  talk	  about	  sen2ment	  
extrac2on	  from	  web	  talk.	  	  	  

The interface of finance, statistics, computer science, sociology, 
psychology 



Social links in Canberra, 
AUS. 

Finance sentiment is 
more complex than 
usual content parsing 
because…. 

1.  Dual layered (stocks & agents). 
2.  Multivalent connection definitions (varied criteria). 

3.  Connection quality also matters. 

4.  Human behavior is less structured. 

5.  Content parsing is required.  

WOM = word of 
mouth 

1.  Much more 
information than 
before. 

2.  How to quantify 
and analyze it? 





Theore2cal	  Implica2ons	  

•  The	  spread	  of	  a	  social	  influence	  depends	  on	  the	  
network	  graph	  on	  which	  it	  lies:	  
–  Is	  it	  a	  regular	  graph	  or	  scale-‐free?	  Scale	  free	  graphs	  
propagate	  informa2on	  faster	  from	  “pipelining”	  

–  How	  much	  influence	  do	  central	  nodes	  have?	  Graphs	  
propagate	  faster	  when	  central	  nodes	  fire	  more.	  	  

–  How	  does	  informa2on	  entering	  the	  graph	  impact	  
sen2ment	  forma2on?	  Can	  we	  extract	  sen2ment?	  

–  How	  does	  network	  fragility	  impact	  markets?	  	  



Network	  Structure	  
•  Can	  we	  figure	  out	  the	  mathema2cal	  structure	  of	  
the	  network?	  	  

•  Which	  structure	  maximizes	  social	  communica2on,	  
and	  how	  is	  this	  measured?	  

1.  Centrality scores (Bonacich). 
2.  6 degrees of freedom (a la Erdos# 

network) (Milgram). 
3.  Power laws (Barabasi, Strogatz, Watts). 

Metcalfe’s Law: The utility of a network is proportional to the 
square of the number of users. 



Financial	  Communi2es	  
Sanjiv	  Das	  &	  Jacob	  Sisk	  (2005)	  

Journal	  of	  Por+olio	  Management	  
•  Studies	  the	  sociological	  mechanics	  of	  the	  link	  between	  stock	  returns	  and	  

informa2on.	  
•  Understand	  how	  opinions	  are	  linked	  across	  2ckers	  during	  small	  investor	  

discussion	  based	  on	  collec2ve	  informa2on	  unit,	  the	  financial	  community.	  
These	  are	  clusters	  of	  2ckers	  sharing	  and	  accessing	  the	  same	  informa2on	  
generators.	  	  

•  Graph	  theore2c	  techniques	  are	  used	  to	  detect	  financial	  communi2es	  and	  to	  
summarize	  their	  proper2es.	  	  

•  Community	  stocks	  display	  connectedness,	  and	  we	  find	  that	  the	  greater	  the	  
connectedness	  in	  a	  financial	  community,	  the	  greater	  the	  covariance	  of	  
returns	  within	  the	  community	  as	  opposed	  to	  that	  amongst	  stocks	  that	  are	  not	  
part	  of	  a	  major	  financial	  community.	  

•  	  Highly	  connected	  stocks,	  on	  average,	  have	  lower	  return	  variance	  and	  higher	  
mean	  returns.	  	  

•  Using	  eigenvector	  techniques,	  we	  detect	  stocks	  that	  are	  hubs	  for	  informa2on	  
flow,	  using	  a	  sociological	  measure	  known	  as	  centrality.	  Stocks	  with	  high	  
centrality	  scores	  	  tend	  to	  have	  greater	  average	  covariance	  with	  other	  stocks	  
than	  those	  with	  low	  scores.	  	  





From “Financial Communities” -  
Evidence of a Power-Law structure 

(a,b) : a = size of community, b = number of communities of size a. 





A rendering of a graph of the 6k+ stocks for which someone requested a quote from Yahoo finance.  There is an edge 
between two stocks if someone requested quotes on those stocks at the same time. They are from about 2% of the 
traffic on Yahoo, on April 1, 2002. 
Based on rendering software by: Adai AT, Date SV, Wieland S, Marcotte EM. LGL: 
creating a map of protein function with an algorithm for visualizing very large 
biological networks. J Mol Biol. 2004 Jun 25;340(1):179-90. Courtesy, Jacob Sisk, Yahoo Search Marketing 



Communities and Returns 





Centrality: “Big Mouth” Effect? 



Centrality scores = {0.71, 
0.50, 0.50}   

Centrality scores = {0.58, 
0.58, 0.58}   

Centrality scores = {0.71, 
0.63, 0.32}   

Centrality scores = eigenvector for biggest eigenvalue. 



Connectedness & 
Centrality 





Systemic	  Risk	  &	  Co-‐lending	  Networks	  
	  
	  An	  Applica2on	  based	  on	  IBM’s	  

MIDAS	  System	  

Joint work with Doug Burdick, Mauricio Hernandez, Howard 
Ho, Georgia Koutrika, Rajasekar Krishnamurthy, Lucian Popa, 
Ioana R. Stanoi, & Shivakumar Vaithyanathan (IBM) 
 
See the paper at:  
http://algo.scu.edu/~sanjivdas/midas-deb_July2011.pdf 
Older version: 
http://algo.scu.edu/~sanjivdas/midaswww2011_FINAL.pdf 
 
Copyright: IBM & Das (please do not circulate without permission) 



Overview	  
•  Focus	  on	  financial	  companies	  that	  are	  the	  domain	  
for	  systemic	  risk	  (SIFIs).	  

•  Extract	  informa2on	  from	  unstructured	  text	  
(filings).	  

•  Informa2on	  can	  be	  analyzed	  at	  the	  ins2tu2onal	  
level	  or	  aggregated	  system-‐wide.	  

•  Applica2ons:	  Systemic	  risk	  metrics;	  governance.	  
•  Technology:	  informa2on	  extrac2on	  (IE),	  en2ty	  
resolu2on,	  mapping	  and	  fusion,	  scalable	  Hadoop	  
architecture.	  



Financial	  Applica2ons	  

•  Aggregate	  level:	  Co-‐lending	  network	  analysis	  
to	  construct	  a	  measure	  of	  systemic	  risk.	  	  

•  Ins2tu2onal	  level:	  (a)	  key	  execu2ves	  and	  their	  
governance	  history,	  (b)	  insider	  transac2ons,	  
(c)	  rela2onships	  of	  the	  ins2tu2on	  to	  other	  
en22es,	  such	  as	  subsidiaries,	  cross-‐holdings,	  
execu2ve	  connec2ons,	  and	  borrowing/
lending	  ac2vites.	  



Midas	  provides	  an	  en5ty	  view	  around	  new	  sources	  of	  data	  
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FDIC Call Data 
Records Public 

Data 
OTS Thrift 

Financial Records 

SEC Filings 

News 

Blogs 

Web Data 

Private 
Data 

Midas 
Financial 
Insights 

•  Extraction and cleansing of financial entities, their 
resolution and linkage across multiple sources 

 
•  Uncovering non-obvious relationships between 

financial entities   
 
•  Computation of key financial metrics using data 

extracted from multiple sources of public data 

•  Information analyzed at the institutional level or 
aggregated system-wide. 

•  Regulators  
•  Credit committees 
•  Investment analysts 
•  Portfolio managers 
•  Equity managers  D&B 

Private Wall Street Journal 

Hoovers FINRA 

Reviews 



Midas	  Financial	  Insights	  
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Annual Report 

Proxy Statement 

Insider Transaction 

Loan Agreement 

Extract                          
Integrate 

Related Companies 

Loan Exposure 

Exposure by subsidiary 

…

…

Raw Unstructured Data 

Data for Analysis 

Raw Unstructured Data 



Example	  of	  Midas	  Financial	  Insights	  
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Company 

Person 

Extract Integrate 

Over 2200 financial companies 

Over 32000 key officials 
in financial companies 

SEC Filings 

Over 1 Million documents 

   2005              2010     

Filing 
timeline 

Filings of 
Financial  

Companies 
 

(Forms 10-K,8-k, 10-Q, 
DEF 14A, 3/4/5, 13F, SC 

13D SC 13 G 
FDIC Call Reports)  

Call Data 
Records 
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employment, director, officer 

insider, 5% owner, 10% owner 

holdings, 

transactions  

Event 

Company Person 

Security Loan 

subsidiaries, insider, 5%, 
10% owner, banking 

subsidiaries  

borrower, 
lender 

Forms 8-K 

Forms 10-K, DEF 14A, 8-K, 3/4/5 

Forms 10-K, DEF 
14A, 8-K, 3/4/5, 13F, 
SC 13D, SC 13G, 
FDIC Call Report 

Reference SEC table 
Forms 13F, Forms 3/4/5 

Forms 3/4/5, SC 13D, SC 13G, 10-K, 
FDIC Call Report 

Forms 3/4/5, SC 13D, SC 13G 

Forms 10-K, 10-Q, 8-K  

5% beneficial ownership 
•  owner 
•  issuer 
•  % owned 
•  date 

Shareholders 
•  related institutional managers 
•  Holdings in different securities 

Subsidiaries 
•  list subsidiaries of a 

company 

Current Events 
•  merger and acquisition 
•  bankruptcy 
•  change of officers and directors 
•  material definitive agreements 

Loan Agreements 
•  loan summary details 
•  counterparties (borrower, lender, 

other agents) 
•  commitments 

Insider filings 
•  transactions 
•  holdings 
•  Insider relationship 

Officers & Directors 
•  mention 
•  bio range, age, current 

position, past position 
•  signed by 
•  committee membership 

Midas provides Analytical Insights into company relationships by exposing information concepts and 
relationships within extracted concepts 



Id Agreement Name Date Total Amount 

1 Credit Agreement June 12, 2009 $800,000,000 

… 
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Id Company Role Commitment 

1 Charles Schwab Corporation Borrower   

1 Citibank, N.A. Administrative Agent   

1 Citibank, N.A.  Lender $90,000,000 

1 JPMorgan Chase Bank, N.A. Lender $90,000,000 

1 Bank of America, N.A.  Lender $80,000,000 

… 

Example Analysis : Extraction of Loan Information Data 

Loan Information 

Loan Company Information Notes:  Loan Document filed by Charles Schwab Corporation On Aug 6, 2009  

Extract and cleanse information from headers, tables main content and signatures 



26 

position 
history 

committee 
membership 

Who Is James Dimon? 

Example Analysis : Integration of person information across documents 

Do these filings refer to the same person ? 

§  variability in the person’s name 

§  lack of a key identifier 

§  supporting attributes vary depending on the context (form type) 



Midas	  Architecture	  	  
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DB Export 

Index 
Generation 

Hadoop (Map/Reduce) 

Distributed File System 

Nutch Jaql + SystemT 

Analytic 
DB 

Inde
x 

Applications 

Crawl Extract 

Entity Integration 

Entity 
Resolution 

Map 

Fuse 

Temporal 
Analyze 

Healthcare	   Telecom	   Government	   Insurance	  … Finance	  

Analytic + 
Search UI 

Cognos 
Reports 

BigInsights 

Extraction & Integration Flow 
Midas 

  Domain-Specific 
Applications 

AQL Nutch 

HIL 



Systemic	  Analysis	  

•  Defini2on:	  the	  measurement	  and	  analysis	  of	  
rela2onships	  across	  en22es	  with	  a	  view	  to	  
understanding	  the	  impact	  of	  these	  
rela2onships	  on	  the	  system	  as	  a	  whole.	  	  

•  Challenge:	  requires	  most	  or	  all	  of	  the	  data	  in	  
the	  system;	  therefore,	  high-‐quality	  
informa2on	  extrac2on	  and	  integra2on	  is	  
cri2cal.	  	  



Systemic	  Risk	  

•  Current	  approaches:	  use	  stock	  return	  correla2ons	  
(indirect).	  [Acharya,	  et	  al	  2010;	  Adrian	  and	  
Brunnermeier	  2009;	  Billio,	  Getmansky,	  Lo	  2010;	  
Kritzman,	  Li,	  Page,	  Rigobon	  2010]	  

•  Midas:	  uses	  semi-‐structured	  archival	  data	  from	  
SEC	  and	  FDIC	  to	  construct	  a	  co-‐lending	  network;	  
network	  analysis	  is	  then	  used	  to	  determine	  which	  
banks	  pose	  the	  greatest	  risk	  to	  the	  system.	  	  
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Analyze	  Recent	  Loan	  Issued	  by	  Counterparty	  	  

30 

Loan details : lender names, commitments 

Link to borrower’s original SEC filing 

Joint loans issued with 
other lenders 

Recent loans issued by 
Citigroup’s subsidiaries 

e.g. Loans issued by Citigroup 
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Analyze	  the	  Aggregate	  Lending	  ac2vity	  

31 

Key financial metrics for 
banking subsidiaries 

Breakdown of overall 
loans outstanding by 
subsidiary 

Breakdown by type of loan 

e.g. drill down on Citigroup loan activity by subsidiaries (from FDIC Call Records) 



Co-‐lending	  Network	  

•  Defini2on:	  a	  network	  based	  on	  links	  between	  
banks	  that	  lend	  together.	  	  

•  Loans	  used	  are	  not	  overnight	  loans.	  We	  look	  
at	  longer-‐term	  lending	  rela2onships.	  	  

•  Lending	  adjacency	  matrix:	  	  
•  Undirected	  graph,	  i.e.,	  symmetric	  	  	  
•  Total	  lending	  impact	  for	  each	  bank:	  
	  	  



Centrality	  
•  Influence	  rela2ons	  are	  circular:	  

•  Pre-‐mul2ply	  by	  scalar	  to	  get	  an	  eigensystem:	  

•  Principal	  eigenvector	  of	  this	  system	  gives	  the	  
“centrality”	  score	  for	  a	  bank.	  

•  This	  score	  is	  a	  measure	  of	  the	  systemic	  risk	  of	  
a	  bank.	  	  



Data	  

•  Five	  years:	  2005—2009.	  
•  Loans	  between	  FIs	  only.	  	  
•  Filings	  made	  with	  the	  SEC.	  
•  No	  overnight	  loans.	  
•  Example:	  364-‐day	  bridge	  loans,	  longer-‐term	  credit	  
arrangement,	  Libor	  notes,	  etc.	  	  

•  Remove	  all	  edge	  weights	  <	  2	  to	  remove	  banks	  
that	  are	  minimally	  ac2ve.	  Remove	  all	  nodes	  with	  
no	  edges.	  (This	  is	  a	  choice	  for	  the	  regulator.)	  



2005 

Citigroup Inc. 

J.P. Morgan Chase 

Bank of America Corp. 



2006 2007 

2008 2009 



Network	  Fragility	  

•  Defini2on:	  how	  quickly	  will	  the	  failure	  of	  any	  
one	  bank	  trigger	  failures	  across	  the	  network?	  

•  Metric:	  expected	  degree	  of	  neighboring	  
nodes	  averaged	  across	  all	  nodes.	  	  

•  Neighborhoods	  are	  expected	  to	  “expand”	  
when	  	  

•  Metric:	  diameter	  of	  the	  network.	  
R ≥ 2



Top	  25	  banks	  by	  systemic	  risk	  



Possible	  Next	  Steps	  

•  Analyze	  the	  lending	  network	  via	  a	  directed	  
graph.	  Power	  in	  the	  system?	  

•  Would	  the	  regulators	  be	  interested	  in	  
circula2ng	  this	  measure	  to	  banks	  and	  the	  
public?	  At	  what	  frequency?	  

•  Are	  there	  other	  domains	  of	  supervision	  in	  
which	  a	  similar	  analysis	  might	  be	  useful?	  
What	  data	  does	  it	  need?	  Central	  informa2on	  
clearing	  warehouses?	  



Venture	  Capital	  Communi2es	  
	  

Joint	  work	  with	  	  
Amit	  Bubna	  (Indian	  School	  of	  Business);	  	  
N.R.	  Prabhala	  (University	  of	  Maryland)	  

40 



Communities:  
Multi-Disciplinary Applications 

q  Biology 
o  Metabolic networks of cellular organisms (Duch and Arenas, 2005) 
o  Community structure of the human brain (Wu et al, 2011) 
o  Compartmentalization of food chain webs (Dunne, 2006)  

 
q  Political Science  

o  Political preferences through voting patterns (Porter et al, 2007) 
 

q  Social interaction 
o  Mobile phone and online networks (Porter et al, 2009) 
o  Collaboration between scientists (Newman, 2001) 
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Syndication 
q The VC Market 

o  56,000 deals, $146 billion from 1980-1999 
o  39,002 deals, $316 billion from 2000-2010 

 
q Syndication 

o  44% of # deals 
o  66% of amount invested 

•  There	  is	  a	  large	  literature	  showing	  that	  syndicate-‐
financed	  ventures	  perform	  bener.	  Some	  of	  the	  
performance	  comes	  from	  individual	  influence	  -‐	  
centrality:	  Hochberg,	  Ljungqvist,	  Lu	  (JF	  2007).	  

•  But	  does	  team	  work	  through	  repeated	  interac2on	  play	  
a	  role?	  What	  is	  the	  deeper	  structure	  of	  VC	  syndicates?	  

•  S 
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Choosing Syndication Partners 

q If partners are chosen at random  
o Spatially diffuse VC network 

q If VCs have preferred partners  
o Spatial clustering of VC networks 

 
 
q  We term spatial clusters as VC communities. 
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Example: J. P. Morgan 

44 
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Why are Communities Important? 
q  Syndication: acquiring or improving skills 
 
q  How does familiarity help? 

o  Familiar norms, processes, and people [Gertler (1995), Porter (2000)] 
o  Flow of informal knowledge 
o  Mitigates incomplete contracting problems, builds trust and enhances reciprocity [Guiso, 

Sapienza and Zingales (2004);  Bottazzi, Da Rin and Hellmann (2011)] 
 
q  Pure transaction cost effect 

o  Less administrative overheads and paperwork 
o  Behavioral affinity for the familiar 

q  Knowledge spillovers through repeated interactions 
o  Acquiring or improving skills 
o  Learning facilitated through familiar norms, processes, and people 
 

q  Resource sharing without burden of organizational inflexibility 

q  Economics literature on clustering 
o  Krugman (1991), Porter (1998): new organizational paradigm to capture benefits of 

externalities.  

o  Lindsey (2007): VCs blur boundaries between portfolio firms. Communities similarly blur 
lines between VCs.  
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Detecting Communities 

q  Community identification should 
o  Accommodate large number of players  
o  Not pre-specify the # of communities 
o  Allow for VC communities of varying sizes  
o  Permit fuzzy boundaries between communities  

 
q  This is a computationally hard clustering problem. 

q   Modularity optimization 
o  Modularity – strength of internal ties compared to ties outside 

(Girvan and Newman, 2003) 
o  We implement an agglomerative algorithm 

o  “Walktrap” algorithm (Pons and Latapy, 2005)  
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Community 
Mathematical Construct 

q  Adjacency matrix of a graph A  
o  A [i,j] = nij  
o  nij = # syndicates involving VC i and VC j.  

q  Partition, P, divides A into collections of nodes, P = (P1, P2, … Pn ) 
o  mutually exclusive and collectively exhaustive  

q  The best community structure maximizes in-community deals 
relative to the predicted in-community deals, or the  modularity 

 
 where, ki = # syndicates involving VC i and m = # deals in Pn     
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Modularity (P) = Aij −
kik j
2m

"

#
$

%

&
'

i, j∈Pn

∑pn
∑
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Example	  



Quick	  R	  
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Communities 
•  Group-focused concept 
•  Members learn-by-doing 

through social interactions.  

Centrality 
•  Hub focused concept 
•  Resources and skill of 

central players.  

Community v. Centrality 

51 



Data 
Sources:  SDC  

o  VentureExpert database (VE) - 1980-1999 
o  Exits data - IPO, M&A: 1980-2010 

 
q Level of observation in the VE database: 

o  Company × Round × Investor 
 
q Community identification using VE database: 

o  Not Individuals, Management or Undisclosed 
 
q Filters used in exit analysis: 

o  U.S. investments 
o  Investment is not at "Buyout/Acquisition" stage 
o  Not “Angel or individual” investors 
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A Low Centrality Community 
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High Centrality but No Community 
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