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Financial	  markets	  as	  complex	  systems	  
A	  financial	  market	  can	  be	  described	  as	  a	  	  `model’	  complex	  system.	  	  

In	  a	  financial	  market	  there	  are	  many	  agents	  	  interacIng	  to	  perform	  the	  collecIve	  task	  of	  	  
finding	  the	  best	  price	  for	  a	  financial	  asset.	  

There are many different types of financial markets	


     - Stock exchanges (New York, London, Tokyo) 	

     - Foreign exchange markets (Global market)	

     - Derivative markets (Chicago, New York, Paris)	

     - Bond markets (London)	

     - Commodities	

     - ….. 	




• 	  The	  study	  of	  financial	  markets	  has	  an	  obvious	  importance	  on	  
his	  own.	  	  
• 	  However	  I	  believe	  that	  financial	  markets	  are	  an	  ideal	  model	  
system	  to	  study	  the	  interacIon	  of	  many	  individuals	  taking	  
decisions	  under	  risk.	  The	  system	  is	  ideal	  because	  

• 	  It	  is	  an	  extremely	  compeIIve	  environment	  where	  the	  
fitness	  of	  an	  investor	  can	  oLen	  be	  idenIfied	  with	  her	  ability	  
of	  generaIng	  profit	  
• 	  The	  interacIon	  mechanism	  is	  clearly	  defined	  
• 	  The	  availability	  of	  very	  detailed	  and	  large	  datasets	  (down	  to	  
individual	  behavior)	  allows	  to	  perform	  careful	  empirical	  
analyses	  	  
• 	  In	  some	  cases	  the	  flow	  of	  external	  informaIon	  can	  be	  
idenIfied	  and	  monitored	  (news	  stream,	  financial	  analyst's	  
forecasts,	  etc)	  	  
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QuanItaIve	  approach	  to	  financial	  
markets	  

Roughly speaking two types of approaches are possible in the 
study of financial markets, and, more generally, of social 
systems.	

•  Assume that agents in the system have a given amount 
(homogeneous or heterogeneous) of rationality. The process of 
price formation is based on the decision making of agents.	

•  Make use of a more pragmatic approach consisting in 
analyzing the dynamical properties of financial variables 
looking for statistical regularities   	
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Perfect	  raIonality	  

•  The	  standard	  approach	  in	  financial	  economics	  consists	  in	  
assuming	  that	  agents	  in	  the	  market	  have	  perfect	  
raIonality	  and	  perfect	  knowledge	  of	  other	  agents’	  
preferences	  

•  In	  this	  idealized	  market	  it	  is	  possible	  to	  invesIgate	  the	  
condiIons	  allowing	  an	  equilibrium	  between	  supply	  and	  
demand	  

•  Moreover	  the	  model	  is	  (someImes)	  able	  to	  make	  
falsifiable	  predicIon	  on	  the	  behavior	  of	  aggregate	  
quanIIes,	  such	  as	  price	  (e.g.	  Capital	  Asset	  Pricing	  Model)	  	  	  
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Bounded	  raIonality	  

•  In	  recent	  years	  there	  has	  been	  an	  increasing	  interest	  
of	  scienIfic	  community	  on	  models	  of	  bounded	  
raIonality	  (H.	  Simon),	  i.e.	  models	  where	  agents	  
have	  only	  limited	  cogniIve	  and	  computaIonal	  
abiliIes.	  

•  An	  extreme	  approach	  consists	  in	  assuming	  that	  
agents	  have	  zero	  intelligence,	  i.e.	  they	  act	  randomly.	  
Surprisingly	  some	  empirical	  facts	  can	  be	  explained	  
by	  this	  kind	  of	  model,	  proving	  the	  importance	  of	  
interacIon	  rules	  



Zero-‐intelligence	  model	  
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Strategy	  or	  structure?	  



9	  

Efficient	  Market	  Hypothesis	  

Samuelson (1965) stated that  in  an informationally efficient 
market,  price  changes  must  be  unforecastable  if  they  fully 
incorporate  the  expectations  and  information  of  all  market 
participants	


“The  market  is  said  to  be  efficient  with  respect  to  some 
information set if prices would be unaffected by revealing that 
information  to  all  participants.  Moreover,  efficiency  with 
respect to an information set implies that it is impossible to 
make  economic  profits  by  trading  on  the  basis  of  that 
information set”	


(Malkiel, 1992)	
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Efficient	  Market	  Hypothesis	  

•  Therefore,	  under	  the	  efficient	  market	  hypothesis,	  
price	  changes	  must	  be	  unforecastable	  

•  The	  more	  efficient	  the	  market,	  the	  more	  random	  
is	  the	  sequence	  of	  price	  changes	  

•  A	  widespread	  model	  of	  price	  that	  incorporates	  
the	  efficiency	  of	  the	  market	  is	  the	  Random	  Walk	  
Hypothesis	  	  	  
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Random	  Walk	  Hypothesis	  

The	  adempts	  to	  model	  the	  price	  of	  a	  	  financial	  asset	  as	  a	  
stochasIc	  process	  go	  back	  to	  the	  1900	  pioneering	  work	  	  of	  
Louis	  Bachelier	  
The	  simplest	  model	  for	  price	  dynamics	  in	  discrete	  Ime	  is	  	  	  

where	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  is	  a	  constant,	  and	  	  	  	  	  	  	  is	  a	  noise	  term	  
consistent	  with	  the	  Efficient	  Market	  Hypothesis	  	  

• 	  The	  Efficient	  Market	  Hypothesis	  suggests	  that	  a	  good	  framework	  to	  
describe	  price	  dynamics	  is	  conInuous	  or	  discrete	  Ime	  stochasIc	  
processes	  
• 	  The	  price	  must	  be	  described	  by	  a	  marIngale	  

i.e.	  the	  best	  forecast	  of	  tomorrow’s	  price	  is	  simply	  today’s	  price	  	  
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Random	  walk	  hypothesis	  

Depending	  on	  the	  properIes	  of	  	  	  	  	  	  	  ,	  we	  disInguish	  

•  Independent	  IdenIcally	  Distributed	  increments:	  for	  example	  
Gaussian	  distributed	  (stable	  laws)	  

•  Independent	  increments	  

•  Uncorrelated	  increments:	  the	  weaker	  form	  implies	  the	  
vanishing	  of	  the	  linear	  autocorrelaIon	  
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This	  equaIon	  is	  used	  as	  one	  of	  the	  fundamental	  assumpIons	  of	  the	  so-‐called	  
Black	  and	  Scholes	  (B&S)	  model.	  The	  B&S	  	  
model	  allows	  to	  obtain	  the	  raIonal	  price	  for	  a	  simple	  financial	  contract	  (an	  
European	  opIon)	  issued	  on	  an	  underlying	  fluctuaIng	  financial	  asset.	  

dWtPdttPtdP )()()( σµ +=

In	  conInuous	  Ime	  the	  geometric	  Brownian	  moBon	  is	  considered	  the	  simplest	  
random	  process	  describing	  the	  price	  dynamics	  of	  a	  	  financial	  asset.	  	  
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Random	  walk	  hypothesis	  
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Ideal	  vs	  real	  

What	  do	  real	  data	  say?	  

An	  idealized	  model	  of	  stock	  market	  where	  the	  stock	  price	  
dynamics	  is	  described	  by	  a	  geometric	  Brownian	  moIon	  exists	  
and	  provides	  the	  theoreIcal	  foundaIon	  for	  quanItaIve	  
finance.	  



Financial	  data	  

•  Data	  are	  essenIal	  for	  the	  development	  and	  
tesIng	  of	  scienIfic	  theories	  

•  In	  the	  last	  years	  social	  sciences	  have	  
experienced	  a	  transiIon	  from	  a	  low	  rate	  of	  
data	  producIon	  to	  an	  high	  rate	  of	  data	  
producIon	  

•  This	  is	  due	  to	  the	  availability	  of	  datasets	  
combining	  an	  high	  resoluIon	  and	  a	  large	  size	  

•  New	  levels	  of	  resoluIon	  raise	  new	  issues	  in	  
data	  handling,	  visualizaIon,	  and	  analysis	  	  



Financial	  data	  

•  In	  the	  last	  thirty	  years	  the	  degree	  of	  resoluIon	  
of	  financial	  data	  has	  increased	  
– Daily	  data	  
– Tick	  by	  Ick	  data	  
– Order	  book	  data	  
– “Agent”	  resolved	  data	  	  



Daily	  data	  
•  Daily	  financial	  data	  are	  available	  at	  least	  since	  nineteenth	  
century	  

•  Usually	  these	  data	  contains	  opening,	  closing,	  high,	  and	  low	  
price	  in	  the	  day	  together	  with	  the	  daily	  volume	  

•  Standard	  Ime	  series	  methods	  to	  invesIgate	  these	  data	  

(from	  Gopikrishnan	  et	  al	  1999)	  



Tick	  by	  Ick	  data	  

•  Financial	  high	  frequency	  data	  usually	  refer	  to	  
data	  sampled	  at	  a	  Ime	  horizon	  smaller	  than	  
the	  trading	  day	  	  

•  The	  usage	  of	  such	  data	  in	  finance	  dates	  back	  
to	  the	  eighIes	  of	  the	  last	  century	  	  
– Berkeley	  OpIon	  Data	  (CBOE)	  
– TORQ	  database	  (NYSE)	  
– HFDF93	  by	  Olsen	  and	  Associates	  (FX)	  
– CFTC	  (Futures)	  



•  Higher	  resoluIon	  means	  new	  problems	  	  
•  data	  size:	  example	  of	  a	  year	  of	  a	  LSE	  stock	  

– 12kB	  (daily	  data)	  
– 15MB	  	  (Ick	  by	  Ick	  data)	  
– 100MB	  (order	  book	  data)	  

•  irregular	  temporal	  spacing	  of	  events	  
•  the	  discreteness	  of	  the	  financial	  variables	  under	  
invesIgaIon	  

•  problems	  related	  to	  proper	  definiIon	  of	  financial	  variables	  
•  intraday	  paderns	  
•  strong	  temporal	  correlaIons	  
•  specificity	  of	  the	  market	  structure	  and	  trading	  rules.	  	  



Data	  size	   Irregular	  temporal	  spacing	  

PeriodiciIes	  
Temporal	  correlaIons	  

Lillo	  and	  Miccichè,	  Encyclopedia	  of	  QuanItaIve	  Finance,	  2010	  



• More	  structured	  data	  require	  more	  sophisIcated	  
staIsIcal	  tools	  	  	  

•  data	  size:	  	  
• more	  computaIonal	  power	  

•  beder	  filtering	  procedures	  	  
•  irregular	  temporal	  spacing	  of	  events	  

•  point	  processes,	  ACD	  model,	  CTRW	  model…	  
•  the	  discreteness	  of	  the	  financial	  variables	  under	  invesIgaIon	  

•  discrete	  variable	  processes	  	  
•  problems	  related	  to	  proper	  definiIon	  of	  financial	  variables	  
•  intraday	  paderns	  
•  strong	  temporal	  correlaIons	  

• market	  microstructure	  
•  specificity	  of	  the	  market	  structure	  and	  trading	  rules.	  

•  beder	  understanding	  of	  the	  trading	  process	  	  



Order	  book	  data	  
•  The	  next	  resoluIon	  of	  financial	  data	  contains	  
data	  on	  all	  the	  orders	  placed	  or	  canceled	  in	  the	  
market	  

•  Many	  stock	  exchanges	  (NYSE,	  LSE,	  Paris)	  works	  
through	  a	  double	  aucIon	  mechanism	  	  

•  Order	  book	  data	  are	  
fundamental	  to	  	  
invesIgate	  the	  price	  	  
formaIon	  mechanisms	  	  



(Ponzi,	  Lillo,	  Mantegna	  2007)	  



Eisler,	  Kertesz,	  Lillo,	  2007	  

More	  structured	  
data	  require	  	  

more	  sophisIcated	  
visualizaIon	  tools	  	  



Agent	  resolved	  data	  

•  In	  the	  recent	  years	  there	  has	  been	  an	  
increasing	  availability	  and	  interest	  toward	  
databases	  allowing	  to	  disInguish,	  at	  least	  
partly,	  the	  trading	  acIvity	  of	  “agents”	  or	  
“classes	  of	  agents”.	  

•  In	  principle,	  this	  type	  of	  databases	  allows	  to	  
invesIgate	  empirically	  the	  agent’s	  behavior	  
and	  strategies,	  and	  to	  study	  the	  interacIon	  
between	  agents.	  	  



Structure	  of	  a	  financial	  market	  
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Example:	  Momentum	  and	  contrarian	  strategies	  

Momentum	  investors	  are	  buying	  stocks	  that	  were	  past	  winners.	  	  

A	  contrarian	  strategy	  consists	  of	  buying	  stocks	  that	  have	  been	  	  
losers	  (or	  selling	  short	  stocks	  that	  have	  been	  winners).	  	  

The	  contrarian	  strategy	  is	  formulated	  on	  the	  assumpIon	  that	  the	  	  
stock	  market	  overreacts	  and	  a	  contrarian	  investor	  can	  exploit	  the	  	  
inefficiency	  related	  to	  market	  overreacIon	  by	  reverIng	  stock	  	  
prices	  to	  fundamental	  values.	  

• 	  Is	  it	  possible	  to	  detect	  empirically	  such	  strategies?	  
• 	  Are	  there	  classes	  of	  agents	  using	  preferenIally	  these	  strategies?	  	  
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Grinblad,	  Titman	  and	  Wermers	  (1995)	  

¶M.Grinblad	  et	  al,	  American	  Economic	  
Review	  85,	  1088-‐1105	  (1995)	  

They	  invesIgated	  the	  trading	  padern	  of	  fund	  managers	  by	  examining	  the	  quarterly	  
holdings	  of	  155	  mutual	  funds	  (informaIon	  from	  CDA	  Investment	  Technologies	  and	  
CRSP	  data)	  over	  the	  1975-‐1984	  period.	  

• 	  The	  large	  majority	  of	  funds	  (77%)	  had	  a	  momentum	  investment	  profile.	  
• 	  Authors	  found	  relaIvely	  weak	  evidence	  that	  funds	  tended	  to	  	  
buy	  and	  sell	  the	  same	  stocks	  at	  the	  same	  Ime	  (herding).	  



Grinblad	  and	  Keloharju	  (2000)	  

Grinblad	  and	  Keloharju¶	  invesIgated	  the	  central	  register	  of	  shareholdings	  for	  	  
Finnish	  Central	  SecuriIes	  Depository,	  a	  comprehensive	  data	  source.	  This	  data	  set	  reports	  
individual	  and	  insItuIonal	  holdings	  and	  stock	  trades	  on	  a	  daily	  basis.	  Data	  consists	  of	  each	  
owner’s	  stock	  exchange	  trades	  from	  Dec	  27,	  1994	  through	  Dec	  30,	  1996.	  

¶M.Grinblad	  and	  M.Keloharju,	  J.	  of	  
Financial	  Economics	  55,	  43-‐67	  
(2000)	  

• 	  Foreign	  investors	  tend	  to	  be	  momentum	  investors	  
• 	  Individual	  investors	  tend	  to	  be	  contrarian	  
• 	  DomesIc	  insItuIonal	  investor	  tend	  to	  present	  a	  mixed	  behavior.	  	  

30	
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Example:	  profitability	  of	  classes	  of	  agents	  

Studies	  performed	  by	  Barber,	  Lee,	  Liu	  and	  Odean¶	  have	  the	  performance	  of	  individual	  and	  
insItuIonal	  investors	  at	  the	  Taiwan	  Stock	  Exchange.	  Data	  allow	  authors	  to	  idenIfy	  trades	  
made	  by	  individuals	  and	  by	  insItuIons,	  which	  fall	  into	  one	  of	  four	  categories	  
(corporaIons,	  dealers,	  foreigners,	  or	  mutual	  funds).	  

• 	  	  Individual	  investor	  trading	  results	  in	  systemaIc	  and,	  more	  importantly,	  economically	  
large	  losses	  
• 	  In	  contrast,	  insItuIons	  enjoy	  an	  annual	  performance	  boost	  of	  1.5	  percentage	  points	  	  

¶	  B.M.Barber,	  Y.-‐T.Lee,	  Y.-‐J.Liu	  and	  
T.Odean,	  Do	  Individual	  Day	  Traders	  Make	  
Money?	  	  	  
	  	  Evidence	  from	  Taiwan	  	  (2004).	  
¶	  B.M.Barber,	  Y.-‐T.Lee,	  Y.-‐J.Liu	  and	  
T.Odean,	  Just	  How	  Much	  Do	  Individual	  
Investors	  Lose	  by	  Trading?	  	  (2005).	  



What	  do	  the	  data	  say?	  

StaIsIcal	  regulariIes	  or	  stylized	  facts	  



Random	  walk	  hypothesis	  

Depending	  on	  the	  properIes	  of	  	  	  	  	  	  	  ,	  we	  disInguish	  

•  Independent	  IdenIcally	  Distributed	  increments:	  for	  example	  
Gaussian	  distributed	  (stable	  laws)	  

•  Independent	  increments	  

•  Uncorrelated	  increments:	  the	  weaker	  form	  implies	  the	  
vanishing	  of	  the	  linear	  autocorrelaIon	  



Linear	  efficiency	  

Example:	  S&P	  500	  
sampled	  at	  1	  min	  
Ime	  horizon	  
1983	  -‐	  2004	  

CharacterisIc	  decay	  Ime:	  
378s	  (1983-‐1988)	  
144s	  (1988-‐1993)	  
96s	  	  	  (1994-‐1999)	  
36s	  	  	  (1999-‐2004)	  
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Higher-‐order	  correlaIons	  
Are	  higher	  order	  correlaIon	  present?	  

Example:	  General	  Electric	  	  
Co.	  1995-‐1998	  

The	  volaIlity,	  i.e.	  the	  	  
standard	  deviaIon	  
of	  returns,	  is	  itself	  	  
a	  stochasIc	  process.	  
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VolaIlity	  autocorrelaIon	  
The	  volaIlity	  autocorrelaIon	  is	  a	  slow-‐decaying	  funcIon	  

The	  decay	  is	  compa'ble	  
with	  a	  power-‐law	  decay	  

( )( ) ηττσ −∝ACF

S&P	  500	  sampled	  at	  	  
1	  min	  Ime	  horizon	  
1984	  -‐	  1996	  

3.0≈η
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Empirical	  properIes	  of	  return	  pdf	  
Leptokurtosis	  increases	  at	  short	  Ime	  horizons	  

Example:	  Xerox	  Co.	  	  
10	  minutes	  data	  	  	  
1994-‐1995	  
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The	  return	  variance	  is	  finite	  

Several	  empirical	  studies	  have	  shown	  that	  the	  variance	  
of	  return	  pdfs	  is	  finite	  	  

High-‐frequency	  
invesIgaIon	  of	  the	  	  
S&P	  500	  index	  
(1	  minute	  Ime	  
horizon	  1984-‐1989)	  

(Mantegna and Stanley 1995) 
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Rare	  events	  
Rare	  events	  are	  described	  by	  a	  power-‐law	  tail	  with	  an	  
exponent	  α	  ≈	  3	  in	  the	  cumulaIve	  probability	  Fp=1-‐F(x)	  	  

ΔT=20	  min	  

(Gopikrishnan et al 2000) 



Can	  we	  understand	  the	  
microscopic	  origin	  of	  these	  stylized	  

facts?	  



Market	  microstructure	  

• Market	  microstructure	  “is	  devoted	  to	  
theoreIcal,	  empirical,	  and	  experimental	  
research	  on	  the	  economics	  of	  securiIes	  
markets,	  including	  the	  role	  of	  informaIon	  in	  
the	  price	  discovery	  process,	  the	  definiIon,	  
measurement,	  control,	  and	  determinants	  of	  
liquidity	  and	  transacIons	  costs,	  and	  their	  
implicaIons	  for	  the	  efficiency,	  welfare,	  and	  
regulaIon	  of	  alternaIve	  trading	  mechanisms	  
and	  market	  structures”	  (NBER	  Working	  Group)	  



Strategic	  model:	  Kyle	  (1985)	  

•  The	  model	  describes	  a	  case	  of	  informaIon	  
asymmetry	  and	  the	  way	  in	  which	  informaIon	  
is	  incorporated	  into	  price.	  

•  It	  is	  an	  equilibrium	  model	  

•  There	  are	  several	  variants:	  single	  period,	  
mulIple	  period,	  conInuous	  Ime	  

•  The	  model	  postulates	  three	  (types	  of)	  agents:	  
an	  informed	  trader,	  a	  noise	  trader,	  and	  a	  
market	  maker	  (MM)	  



•  The	  terminal	  (liquidaIon)	  value	  of	  the	  asset	  is	  
v,	  normally	  distributed	  with	  mean	  p0	  and	  
variance	  Σ0.	  

•  The	  informed	  trader	  knows	  v	  and	  enters	  a	  
demand	  x	  

•  Noise	  traders	  submit	  a	  net	  order	  flow	  u,	  
normally	  distributed	  with	  mean	  0	  and	  variance	  
σ2

u.	  

•  The	  MM	  observes	  the	  total	  demand	  y=x+u	  and	  
then	  sets	  a	  price	  p.	  All	  the	  trades	  are	  cleared	  
at	  p,	  any	  imbalance	  is	  exchanged	  by	  the	  MM.	  



•  The	  informed	  trader	  wants	  to	  trade	  as	  much	  
as	  possible	  to	  exploit	  her	  informaIonal	  
advantage	  

•  However	  the	  MM	  knows	  that	  there	  is	  an	  
informed	  trader	  and	  if	  the	  total	  demand	  is	  
large	  (in	  absolute	  value)	  she	  is	  likely	  to	  incur	  in	  
a	  loss.	  Thus	  the	  MM	  protects	  herself	  by	  seyng	  
a	  price	  that	  is	  increasing	  in	  the	  net	  order	  flow.	  

•  The	  soluIon	  to	  the	  model	  is	  an	  expression	  of	  
this	  trade-‐off	  	  	  



Informed	  trader	  
•  The	  informed	  trader	  conjectures	  that	  the	  MM	  
uses	  a	  linear	  price	  adjustment	  rule	  p=λy+µ,	  
where	  λ is	  inversely	  related	  to	  liquidity.	  

•  The	  informed	  trader’s	  profit	  is	  	  
π=(v-‐p)x	  =x[v-‐λ(u+x)-‐µ]	


and	  the	  expected	  profit	  is	  
E[π]=x(v-‐λx-‐µ)	  

•  The	  informed	  traders	  maximizes	  the	  expected	  
profit,	  i.e.	  

x=(v-‐µ)/2λ	  
•  In	  Kyle’s	  model	  the	  informed	  trader	  can	  loose	  
money,	  but	  on	  average	  she	  makes	  a	  profit	  	  	  



Market	  maker	  

•  The	  MM	  conjectures	  that	  the	  informed	  trader’s	  
demand	  is	  linear	  in	  v,	  i.e.	  x=α+βv	  

•  Knowing	  the	  opImizaIon	  process	  of	  the	  
informed	  trader,	  the	  MM	  solves	  

(v-‐µ)/2λ=α+βv	  
α=-µ/2λ               β=1/2λ	


•  As	  liquidity	  drops	  the	  informed	  agent	  trades	  less	  
•  The	  MM	  observes	  y	  and	  sets	  

p=E[v|y]	  



SoluIon	  

•  If	  X	  and	  Y	  are	  bivariate	  normal	  variables,	  it	  is	  
E[Y|X=x]=µY+(σXY/σx

2)(x-‐µX)	  

•  This	  can	  be	  used	  to	  find	  	  
E[v|y]=E[v|u+α+βv]	  

•  The	  soluIon	  is	  

€ 

α = −p0
σ u
2

Σ0
; µ = p0; λ =

1
2

Σ0
σ u
2 ; β =

σ u
2

Σ0
;



SoluIon	  (II)	  
•  The	  impact	  is	  linear	  and	  the	  liquidity	  increases	  
with	  the	  amount	  of	  noise	  traders	  

•  The	  informed	  agent	  trades	  more	  when	  she	  can	  
hide	  her	  demand	  in	  the	  noise	  traders	  demand	  

•  The	  expected	  profit	  of	  the	  informed	  agent	  
depends	  on	  the	  amount	  of	  noise	  traders	  

•  The	  noise	  traders	  loose	  money	  and	  the	  MM	  
breaks	  even	  (on	  average)	  

€ 

p = p0 +
1
2

Σ0
σ u
2 y

€ 

x = (v − p0)
σ u
2

Σ0

€ 

E π[ ] =
(v − p0)

2

2
σ u
2

Σ0



Kyle	  model	  -‐	  summary	  

•  The	  model	  can	  be	  extended	  to	  mulIple	  
periods	  in	  discrete	  or	  in	  conInuous	  Ime	  

•  The	  main	  predicIons	  of	  the	  model	  are	  
– The	  informed	  agent	  “slices	  and	  dices”	  her	  order	  
flow	  in	  order	  to	  hide	  in	  the	  noise	  trader	  order	  flow	  

– Linear	  price	  impact	  
– Uncorrelated	  total	  order	  flow	  
– Permanent	  and	  fixed	  impact	  



Price	  formaIon	  and	  random	  walk	  

•  Price	  dynamics	  is	  oLen	  modeled	  	  
in	  terms	  of	  a	  random	  walk	  
•  This	  process	  is	  mechanically	  	  
determined	  by	  the	  interplay	  between	  
order	  flow	  and	  price	  response	  
•  Specifically,	  from	  a	  staIsIcal	  point	  of	  view,	  price	  dynamics	  is	  

determined	  by	  three	  components	  
–  The	  market	  structure	  
–  The	  (uncondiIonal)	  price	  response	  to	  individual	  transacIons	  (or	  

events)	  -‐>	  Price	  (or	  market)	  impact	  as	  a	  funcIon	  of	  volume	  	  
–  The	  staIsIcal	  properIes	  of	  the	  flow	  of	  orders	  iniIaIng	  transacIons	  

Random	  walk	  



•  There	  are	  two	  types	  of	  traders:	  informed	  and	  uninformed	  

•  Informed	  traders	  have	  access	  to	  valuable	  informaIon	  about	  
the	  future	  price	  of	  the	  asset	  (fundamental	  value)	  

•  Informed	  traders	  sell	  (buy)	  over-‐	  (under-‐)priced	  stocks	  
making	  profit	  AND,	  through	  their	  own	  impact,	  drive	  quickly	  
back	  the	  price	  toward	  its	  fundamental	  value	  

•  In	  this	  way	  informaIon	  is	  incorporated	  into	  prices,	  	  
markets	  are	  efficient,	  and	  prices	  are	  unpredictable	  



Current	  paradigm	  

mispricing	  Δ	


news	  arrives	  



Is	  this	  the	  right	  explanaIon?	  	  
Orders	  of	  magnitude	  

•  InformaIon	  
–  How	  large	  is	  the	  relaIve	  uncertainty	  on	  the	  fundamental	  value?	  10-‐3	  

or	  1	  (Black	  1986)	  
–  Financial	  experts	  are	  on	  the	  whole	  predy	  bad	  in	  forecasIng	  earnings	  

and	  target	  prices	  
•  Time	  

–  Time	  scale	  for	  news:	  1	  hour-‐1day	  (?)	  
–  Time	  scale	  for	  trading:	  10-‐1s:100s	  
–  Time	  scale	  for	  market	  events:	  10-‐2:10-‐1s	  
–  Time	  scale	  for	  “large”	  price	  fluctuaIons:	  10	  per	  day	  

•  Volume	  
–  Daily	  volume:	  10-‐3:10-‐2	  of	  the	  market	  capitalizaIon	  of	  a	  stock	  
–  Volume	  available	  in	  the	  book	  at	  a	  given	  Ime:	  10-‐4:10-‐5	  of	  the	  market	  

capitalizaIon	  
–  Volume	  investment	  funds	  want	  to	  buy:	  up	  to	  1%	  of	  a	  company	  



Consequences	  

•  Financial	  markets	  are	  in	  a	  state	  of	  latent	  liquidity,	  
meaning	  that	  the	  displayed	  liquidity	  is	  a	  Iny	  fracIon	  
of	  the	  true	  (hidden)	  liquidity	  supplied/demanded	  

•  Delayed	  market	  clearing:	  traders	  are	  forced	  to	  split	  
their	  large	  orders	  in	  pieces	  traded	  incrementally	  as	  
the	  liquidity	  becomes	  available	  	  

•  Market	  parIcipants	  forms	  a	  kind	  of	  ecology,	  where	  
different	  species	  act	  on	  different	  sides	  of	  liquidity	  
demand/supply	  and	  trade	  with	  very	  different	  Ime	  
scales	  



Price	  (or	  market)	  impact	  

•  Price	  impact	  is	  the	  correlaIon	  between	  an	  
incoming	  order	  and	  the	  subsequent	  price	  
change	  

•  For	  traders	  impact	  is	  a	  cost	  -‐>	  Controlling	  
impact	  

•  Volume	  vs	  temporal	  dependence	  of	  the	  
impact	  	  	  



Why	  price	  impact?	  

•  Given	  that	  in	  any	  transacIon	  there	  is	  a	  buyer	  and	  a	  
seller,	  why	  is	  there	  price	  impact?	  
– Agents	  successfully	  forecast	  short	  term	  price	  movements	  
and	  trade	  accordingly	  (i.e.	  trade	  has	  no	  effect	  on	  price	  
and	  noise	  trades	  have	  no	  impact)	  	  

– The	  impact	  of	  trades	  reveals	  some	  private	  informaIon	  
(but	  if	  trades	  are	  anonymous,	  how	  is	  it	  possible	  to	  
disInguish	  informed	  trades?)	  

– Impact	  is	  a	  staIsIcal	  effect	  due	  to	  order	  flow	  fluctuaIons	  
(zero-‐intelligence	  models,	  self-‐fulfilling	  prophecy)	  	  	  

“Orders	  do	  not	  impact	  prices.	  It	  is	  more	  accurate	  to	  say	  that	  
orders	  forecast	  prices”	  (Hasbrouck	  2007)	  



Market	  impact	  

•  Market	  impact	  is	  the	  price	  reacIon	  to	  trades	  

•  However	  it	  may	  indicate	  many	  different	  quanIIes	  
– Price	  reacIon	  to	  individual	  trades	  
– Price	  reacIon	  to	  an	  aggregate	  number	  of	  trades	  
– Price	  reacIon	  to	  a	  set	  of	  orders	  of	  the	  same	  sign	  placed	  
consecuIvely	  by	  the	  same	  trader	  (hidden	  order)	  

– Price	  reacIon	  in	  a	  market	  to	  a	  trade	  in	  another	  market	  
(e.g.	  electronic	  market	  and	  block	  market)	  



Volume	  and	  temporal	  component	  of	  
market	  impact	  of	  individual	  trades	  

• Market	  impact	  is	  the	  expected	  price	  change	  
due	  to	  a	  transacIon	  of	  a	  given	  volume.	  The	  
response	  funcIon	  is	  the	  expected	  price	  
change	  at	  a	  future	  Ime	  

  

€ 

R() = E[(pt+ − pt )ε t ]

€ 

f (V ) ≡ E[(pt+1 − pt )ε t vt =V ]



Impact	  of	  
individual	  
transacIon	  is	  NOT	  
universal	  

Paris	  Bourse	  	  
(Poders	  et	  al.	  2003)	  

London	  Stock	  Exchange	  

Individual	  market	  impact	  is	  a	  concave	  funcIon	  of	  the	  volume	  

NYSE	  



GROUP	  A	  -‐>	  least	  capitalized	  group	  
GROUP	  	  T	  -‐>	  most	  capitalized	  group	  

NYSE	  

(Lillo	  et	  al.	  Nature	  2003)	  



Let us decompose the conditional probability of a 
return r conditioned to an order of volume V as  

and we investigate the cumulative probability 

for several different value of V.  

This is the cumulative probability of a price return r 
conditioned to the volume and to the fact that price moves 



• 	  The	  role	  of	  the	  transacIon	  volume	  is	  negligible.	  The	  volume	  is	  important	  in	  
determining	  whether	  the	  price	  moves	  or	  not	  

• 	  The	  fluctuaBons	  in	  market	  impact	  are	  important	  
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ConInuous	  double	  aucIon	  

• Many	  stock	  exchanges	  (NYSE,	  LSE,	  Paris)	  works	  
through	  a	  double	  aucIon	  mechanism	  	  	  

Limit	  order	  book	  
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• 	  Large	  price	  changes	  are	  due	  to	  the	  granularity	  of	  
supply	  and	  demand	  	  	  
• 	  The	  granularity	  is	  quanIfied	  by	  the	  size	  of	  gaps	  in	  
the	  Limit	  Order	  Book	  

first gap 



Origin	  of	  large	  price	  returns	  

• 	  First	  gap	  
distribuIon	  (red)	  
and	  return	  
distribuIon	  (black)	  

Large price returns are caused by the 
presence of large gaps in the order book  



Low	  liquidity	  (red),	  medium	  liquidity	  (blue),	  high	  liquidity	  (green)	  	  

A	  similar	  exponent	  describes	  also	  the	  probability	  density	  of	  the	  	  
successive	  gaps	  	  



Walking	  up	  the	  book?	  

#	  of	  gaps	   0	   1	   2	   3	   4	   5	   >5	  

AZN	   44%	   49%	   5.8%	   0.80%	   0.15%	   0.026%	   0.22%	  

VOD	   64%	   34%	   1.7%	   0.094%	   0.010%	   0.0002%	   0.19%	  

• 	  The	  analysis	  of	  transacIons	  in	  both	  large	  and	  small	  Ick	  size	  LSE	  
stocks	  reveal	  that	  the	  “walking	  up”	  of	  the	  book,	  i.e.	  a	  trades	  that	  
involves	  more	  than	  one	  price	  level	  in	  the	  limit	  order	  book,	  is	  an	  
extremely	  rare	  event	  

• 	  This	  again	  strengthens	  the	  idea	  that	  market	  order	  traders	  strongly	  
condiIon	  their	  order	  size	  to	  the	  best	  available	  volume	  

• 	  Thus	  the	  use	  of	  the	  instantaneous	  shape	  of	  the	  limit	  order	  book	  for	  
compuIng	  the	  market	  liquidity	  risk	  can	  be	  very	  misleading	  
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	  	  	  	  Financial	  markets	  are	  someImes	  found	  in	  a	  
state	  of	  temporary	  liquidity	  crisis,	  given	  by	  
a	  sparse	  state	  of	  the	  book.	  Even	  small	  

transacIons	  can	  trigger	  large	  spread	  and	  
market	  instabiliIes.	  

•  Are	  these	  crises	  persistent?	  
•  How	  does	  the	  market	  react	  to	  these	  crises?	  

• What	  is	  the	  permanent	  effect	  of	  the	  crises	  
on	  prices?	  



DFA of spread (Plerou et al 2005) 



• 	  We	  quanIfy	  the	  market	  reacIon	  to	  large	  spread	  changes.	  	  
• 	  The	  presence	  of	  large	  spread	  poses	  challenging	  quesIons	  to	  the	  
traders	  on	  the	  opImal	  way	  to	  trade.	  
• 	  Liquidity	  takers	  have	  a	  strong	  disincenIve	  for	  submiyng	  market	  
orders	  given	  that	  the	  cost,	  	  
the	  bid-‐ask	  spread,	  is	  large	  
• 	  Liquidity	  provider	  can	  	  
profit	  of	  a	  large	  spread	  by	  
placing	  limit	  orders	  and	  	  
obtaining	  the	  best	  posiIon.	  
However	  the	  opImal	  order	  
	  placement	  inside	  the	  spread	  is	  
	  a	  nontrivial	  problem.	  

• 	  Rapidly	  closing	  the	  spread	  -‐>	  priority	  but	  risk	  of	  informed	  traders	  
• 	  Slowly	  closing	  the	  spread	  -‐>	  “tesIng”	  the	  informed	  traders	  but	  
risk	  of	  losing	  priority	  
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zero	  permanent	  impact	  

completely	  permanent	  	  
impact	  

Permanent	  impact	  is	  roughly	  proporIonal	  to	  immediate	  impact	  
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What	  is	  the	  origin	  of	  fat	  tails	  and	  
clustered	  volaIlity?	  

• 	  A	  common	  belief	  is	  that	  large	  part	  of	  the	  story	  is	  
explained	  by	  the	  inhomogeneous	  rate	  of	  trading	  	  

• 	  Theories	  making	  use	  of	  this	  point	  of	  view	  are	  
for	  example:	  
– Subordinated	  processes	  (Mandelbrot	  and	  Taylor	  1967,	  
Clark	  1973,	  Ane	  and	  Geman	  2000)	  

• 	  price	  shiL	  due	  to	  individual	  transacIons	  are	  Gaussian	  (or	  
thin	  tailed),	  but	  when	  many	  trades	  are	  aggregated	  in	  a	  Ime	  
interval,	  the	  return	  distribuIon	  can	  be	  fat	  tailed.	  This	  is	  due	  to	  
the	  fluctuaIon	  of	  number	  of	  trades	  or	  volume	  in	  the	  Ime	  
interval	  	  

– 	  Volume	  fluctuaIons	  (Gabaix	  et	  al.	  2003)	  	  
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AlternaIve	  Ime	  clocks	  

• We	  define	  shuffled	  transacBon	  Bme	  as	  follows:	  
• 	  We	  associate	  to	  each	  trade	  the	  corresponding	  price	  change.	  	  
• Then	  we	  randomly	  shuffle	  transacIons.	  	  We	  do	  this	  so	  that	  we	  
match	  the	  number	  of	  transacIons	  in	  each	  real	  Ime	  interval,	  
while	  preserving	  the	  uncondiIonal	  distribuIon	  of	  returns	  but	  
destroying	  any	  temporal	  correlaIons.	  

Which	  Bme	  reproduces	  beNer	  the	  real	  Bme	  volaBlity?	  
TransacBon	  Bme	  or	  shuffled	  transacBon	  Bme	  ?	  
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Shuffling	  experiments:	  	  
return	  distribuIon	  
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NYSE1	   NYSE2	  

• 	  solid	  circles	  =	  trans.	  
Ime	  	  	  

• 	  solid	  diamond=	  
volume	  Ime	  

• 	  open	  circles=	  shuffled	  
trans.Ime	  

• 	  open	  diamond=	  
shuffled	  volume	  Ime	  

€ 

Corr σ(t)σ(t + τ)[ ] ≈ τ 2H−2

0<H<1	  	  Hurst	  exponent	  
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Return distribution for fixed number of transactions 

The type of aggregation (time or number of trades) does not matter 
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•  Fat	  tails	  of	  return	  distribuIon	  and	  clustered	  
volaIlity	  are	  closer	  to	  the	  real	  one	  in	  
transacIon	  (volume)	  Ime	  rather	  than	  in	  
shuffled	  transacIon	  (volume)	  Ime.	  

•  These	  results	  indicate	  that	  the	  main	  drivers	  of	  
heavy	  tails	  are	  the	  fluctuaIons	  of	  the	  price	  
reacIon	  to	  individual	  transacIons.	  	  

•  Tick	  size	  is	  also	  important	  as	  emphasized	  by	  
the	  comparison	  of	  NYSE1	  and	  NYSE2	  dataset.	  

•  Our	  analysis	  suggests	  that	  fluctuaIons	  in	  
trading	  rate	  are	  not	  the	  most	  important	  
determinant	  of	  return’s	  fat	  tails	  and	  clustered	  
volaIlity	  



•  One	  of	  the	  key	  problem	  in	  the	  analysis	  of	  
markets	  is	  the	  understanding	  of	  the	  relaIon	  	  
between	  the	  order	  flow	  and	  the	  process	  of	  
price	  formaIon.	  

•  The	  order	  flow	  is	  strongly	  depending	  on	  	  
	  	   	  -‐	  the	  decisions	  and	  strategies	  of	  traders	  	  
	  	   	  -‐	  the	  exploiIng	  of	  arbitrage	  opportuniIes	  
•  This	  problem	  is	  thus	  related	  to	  the	  balance	  
between	  supply	  and	  demand	  and	  to	  the	  
origin	  of	  the	  market	  efficiency.	  	  



....+1,+1,-1,-1,-1,+1,-1,+1,+1,+1,-1,-1,+1,... 



Order	  flow	  dynamics	  

Time series of signs of market 
orders is a long memory process 
(Lillo and Farmer 2004, Bouchaud 
et al 2004)  

€ 

C(τ) ≈ τ−γ ≈ τ−0.5

• 	  Why	  is	  the	  order	  flow	  a	  long-‐memory	  process	  ?	  	  
• 	  We	  show	  (empirically)	  that:	  

• 	  It	  is	  likely	  due	  to	  spliyng	  
• 	  It	  requires	  a	  huge	  heterogeneity	  in	  agent	  size	  



Limit Orders Cancellations 

The sign time series of the three types of orders 
 is a long-memory process 















• 	  In	  financial	  markets	  large	  investors	  usually	  need	  to	  trade	  large	  
quanIIes	  that	  can	  significantly	  affect	  prices.	  The	  associated	  cost	  is	  
called	  market	  impact	  	  
• 	  For	  this	  reason	  large	  investors	  refrain	  from	  revealing	  their	  demand	  
or	  supply	  and	  they	  typically	  trade	  their	  large	  orders	  incrementally	  
over	  an	  extended	  period	  of	  Ime.	  	  
• 	  These	  large	  orders	  are	  called	  packages	  or	  hidden	  orders	  and	  are	  
split	  in	  smaller	  trades	  as	  the	  result	  of	  a	  complex	  opImizaIon	  
procedure	  which	  takes	  into	  account	  the	  investor’s	  preference,	  risk	  
aversion,	  investment	  horizon,	  etc..	  

• 	  We	  want	  to	  detect	  empirically	  the	  presence	  of	  hidden	  orders	  from	  
the	  trading	  profile	  of	  the	  investors	  



• 	  There	  are	  N	  hidden	  orders	  (traders).	  	  
• 	  An	  hidden	  order	  of	  size	  L	  is	  composed	  by	  L	  revealed	  
orders	  
• 	  The	  iniIal	  size	  L	  of	  each	  hidden	  order	  is	  taken	  by	  a	  given	  
probability	  distribuIon	  P(L).	  The	  sign	  si	  (buy	  or	  sell)	  of	  the	  
hidden	  order	  is	  iniIally	  set	  to	  +1	  or	  -‐1	  in	  a	  random	  way.	  	  
• 	  	  At	  each	  Ime	  step	  an	  hidden	  order	  i	  is	  picked	  randomly	  
and	  a	  revealed	  order	  of	  sign	  si	  is	  placed	  in	  the	  market.	  The	  
size	  of	  the	  hidden	  order	  is	  decreased	  by	  one	  unit..	  	  	  
• 	  When	  an	  hidden	  order	  is	  completely	  executed,	  a	  new	  
hidden	  order	  is	  created	  with	  a	  new	  size	  and	  a	  new	  sign.	  	  



•  We	  assume	  that	  the	  distribuIon	  of	  iniIal	  hidden	  order	  size	  
is	  a	  Pareto	  distribuIon	  

The	  raIonale	  behind	  this	  assumpIon	  is	  that	  	  

1.  It	  is	  known	  that	  the	  market	  value	  of	  mutual	  funds	  is	  
distributed	  as	  a	  Pareto	  distribuIon	  (Gabaix	  et	  al.,	  2003)	  

2.  It	  is	  likely	  that	  the	  size	  of	  an	  hidden	  order	  is	  proporIonal	  to	  
the	  firm	  placing	  the	  order	  



We	  prove	  that	  the	  Ime	  series	  of	  the	  signs	  of	  the	  revealed	  
order	  has	  an	  autocorrelaIon	  funcIon	  decaying	  asymptoIcally	  
as	  



• 	  It	  is	  very	  difficult	  to	  test	  the	  model	  because	  it	  is	  difficult	  to	  have	  informaIon	  on	  the	  
size	  and	  number	  of	  hidden	  orders	  present	  at	  a	  given	  Ime.	  
• 	  We	  try	  to	  cope	  with	  this	  problem	  by	  taking	  advantage	  of	  the	  structure	  of	  financial	  
markets	  such	  as	  London	  Stock	  Exchange	  (LSE).	  
• 	  	  At	  LSE	  there	  are	  two	  alternaIve	  methods	  of	  trading	  
	   -‐	  The	  on-‐book	  (or	  downstairs)	  market	  is	  public	  and	  execuIon	  is	  completely	  
automated	  (Limit	  Order	  Book)	  
	   -‐	  The	  off-‐book	  (or	  upstairs)	  market	  is	  based	  on	  personal	  bilateral	  exchange	  
of	  informaIon	  and	  trading.	  

We	  assume	  that	  revealed	  orders	  are	  placed	  in	  the	  on-‐book	  
market,	  whereas	  off-‐book	  orders	  are	  proxies	  of	  hidden	  

orders	  	  



• 	  The	  exponent α=1.5	  for	  the	  hidden	  order	  size	  and	  the	  market	  order	  sign	  
autocorrelaIon	  exponent	  γ	  are	  consistent	  with	  the	  order	  spliyng	  model	  which	  
predicts	  the	  relaIon	  γ=α-1.	  

Is	  it	  possible	  to	  idenIfy	  directly	  hidden	  orders?	  



  Firms	  are	  credit	  enIIes	  and	  investment	  firms	  
which	  are	  members	  of	  the	  stock	  exchange	  and	  
are	  enItled	  to	  trade	  in	  the	  market.	    
  200 Firms in the BME (350/250 in 
the NYSE)  

Our	  invesIgaIon	  

• 	  InvesIgaIon	  at	  the	  level	  of	  
market	  members	  and	  not	  of	  the	  
agents	  (individuals	  and	  
insItuIons	  
• 	  The	  dataset	  covers	  the	  whole	  
market	  
• 	  The	  resoluIon	  is	  at	  the	  level	  of	  
individual	  trade	  (no	  temporal	  
aggregaIon)	  	  



A	  typical	  inventory	  profile	  

Credit	  Agricole	  trading	  Santander	  





Investment	  horizon	  

Volume	  of	  the	  order	  

Number	  of	  transacIons	  

Circles	  and	  squares	  are	  
data	  taken	  from	  Chan	  and	  
Lakonishok	  at	  NYSE	  (1995)	  
and	  Gallagher	  and	  Looi	  at	  
Australian	  Stock	  Exchange	  
(2006)	  



Large	  hidden	  orders	  
The	  distribuIons	  of	  large	  hidden	  orders	  sizes	  are	  characterized	  by	  power	  law	  tails.	  

Power	  law	  heterogeneity	  of	  investor	  typical	  (Ime	  or	  volume)	  scale	  

These	  results	  are	  not	  consistent	  with	  the	  theory	  of	  Gabaix	  et	  al.	  Nature	  2003)	  



We	  measure	  the	  relaIon	  between	  the	  variables	  characterizing	  hidden	  orders	  by	  
performing	  a	  Principal	  Component	  Analysis	  to	  the	  logarithm	  of	  variables.	  



Comments	  
•  The	  almost	  linear	  relaIon	  between	  N	  and	  V	  indicates	  that	  

traders	  do	  not	  increase	  the	  transacIon	  size	  above	  the	  
available	  liquidity	  at	  the	  best	  (see	  also	  Farmer	  et	  al	  2004)	  

•  For	  the	  Nm-‐Vm	  and	  the	  T-‐Nm	  relaIons	  the	  fracIon	  of	  variance	  
explained	  by	  the	  first	  principal	  value	  is	  predy	  high	  

•  For	  the	  T-‐Vm	  relaIon	  the	  fracIon	  of	  variance	  explained	  by	  the	  
first	  principal	  value	  is	  smaller,	  probably	  indicaIng	  an	  	  
heterogeneity	  in	  the	  level	  of	  aggressiveness	  of	  the	  firm.	  

•  Also	  in	  this	  case	  our	  exponents	  (1.9,	  0.66,	  1.1)	  are	  quite	  
different	  from	  the	  one	  predicted	  by	  Gabaix	  et	  al	  theory	  (1/2,	  
1,	  1/2)	  



Role	  of	  agents	  heterogeneity	  

• We	  have	  obtained	  the	  distribuIonal	  
properIes	  and	  the	  allometric	  relaIons	  of	  the	  
variables	  characterizing	  hidden	  orders	  by	  
pooling	  together	  all	  the	  invesIgated	  firms	  

•  Are	  these	  results	  an	  effect	  of	  the	  aggregaIon	  
of	  firms	  or	  do	  they	  hold	  also	  at	  the	  level	  of	  
individual	  firm?	  



Heterogeneity	  and	  power	  law	  tails	  

•  For	  each	  firm	  with	  at	  least	  10	  detected	  hidden	  
orders	  we	  performed	  a	  Jarque-‐Bera	  test	  of	  the	  
lognormality	  of	  the	  distribuIon	  of	  T,	  Nm,	  	  and	  Vm	  

•  For	  the	  vast	  majority	  of	  the	  firms	  we	  cannot	  reject	  
the	  hypothesis	  of	  lognormality	  

•  The	  power	  law	  tails	  of	  hidden	  order	  distribuIons	  
is	  mainly	  due	  to	  firms	  (size?)	  heterogeneity	  	  

BBVA	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  SAN	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  TEF	  



Individual	  firms	  	  



•  Order	  flow	  is	  a	  long	  memory	  process	  

•  The	  origin	  is	  delayed	  market	  clearing	  and	  hidden	  
orders	  

•  Hidden	  order	  size	  is	  very	  broadly	  distributed	  	  
•  Heterogeneity	  of	  market	  parIcipants	  plays	  a	  key	  
role	  in	  explaining	  fat	  tails	  of	  hidden	  order	  size	  

Can	  we	  use	  the	  detected	  hidden	  
orders	  to	  compute	  the	  market	  
impact	  of	  hidden	  orders?	  



Moro,	  Vicente,	  Moyano,	  Gerig,	  Farmer,	  Vaglica,	  Lillo,	  Mantegna,	  Physical	  Review	  E	  2009	  

Market	  impact	  of	  hidden	  orders	  



Impact	  vs	  N	  

We	  find	  that	  for	  both	  groups	  the	  relaIon	  <R|N>	  is	  well	  described	  by:	  



Market	  impact	  versus	  Ime	  

Solid	  lines	  are	  power-‐law	  fits	  while	  dashed	  lines	  correspond	  to	  temporary	  (upper)	  and	  permanent	  
(lower)	  market	  impact.	  Temporary	  impact	  Rtemp	  is	  measured	  at	  the	  end	  of	  the	  hidden	  order	  t/T=1	  
while	  permanent	  impact	  Rperm	  is	  obtained	  through	  an	  average	  of	  R(t/T)	  with	  1.5<t/T<3.	  Data	  are	  
only	  for	  fmo>	  0.8.	  

Moro,	  Vicente,	  Moyano,	  Gerig,	  Farmer,	  Vaglica,	  Lillo,	  Mantegna,	  Physical	  Review	  E	  2009	  



Rperm	  and	  Rtemp	  

The	  power	  low	  fits	  give:	  

The	  drop	  in	  impact	  is:	  

Rperm/Rtemp=	  0.51	  ±	  0.22	  for	  BME	  

Rperm/Rtemp=	  0.73	  ±	  0.18	  	  	  	  for	  LSE	  



If	  during	  execuIon	  price	  impact	  grows	  like	  A	  X	  (t/τ)β  then	  the	  average	  price	  paid	  by	  the	  
agent	  who	  executes	  the	  order	  is:	


i.e.	  the	  permanent	  impact	  is	  1/(1+β)	  of	  the	  peak	  impact	  	  

In	  our	  case	  by	  using	  the	  values	  of	  β obtained	  in	  the	  previous	  figure	  we	  get	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1/(1+β)	  ≈	  0.58	  	  	  	  	  0.01	  for	  the	  BME	  and	  1/(1+β)	  ≈	  0.62	  	  	  	  	  0.02	  for	  the	  LSE	  which	  are	  
staIsIcally	  similar	  to	  the	  raIos	  Rperm/Rtemp	  for	  each	  market	  .	  	  	  	  	  	  	  

Suppose	  that	  the	  price	  aLer	  reversion	  is	  equal	  to	  the	  average	  price	  paid	  during	  
execuIon.	  

Fair	  pricing	  condiBon	  



• 	  How	  can	  the	  long	  memory	  of	  order	  flow	  be	  compaBble	  
with	  market	  efficiency?	  

• 	  In	  the	  previous	  slides	  we	  have	  shown	  two	  empirical	  facts	  

• 	  Single	  transacIon	  impact	  is	  on	  average	  non	  zero	  and	  
given	  by	  

• 	  The	  sign	  Ime	  series	  is	  a	  long	  memory	  process	  

€ 

E r v[ ] = sign(v) f (v) = εf (v)

€ 

E εtεt+τ[ ] ≈ τ−γ



Naïve	  model	  

• Consider	  a	  naïve	  random	  walk	  model	  of	  price	  
dynamics	  

•  It	  follows	  that	  

•  If	  market	  order	  signs	  εt	  are	  strongly	  correlated	  in	  
Ime,	  price	  returns	  are	  also	  strongly	  correlated,	  
prices	  are	  easily	  predictable,	  and	  the	  market	  
inefficient.	  

€ 

pt+1 − pt ≡ rt = εt f vt( ) +ηt

€ 

E rtrt+τ[ ]∝ E εtεt+τ[ ] ≈ τ−γ



•  It	  is	  not	  possible	  to	  have	  an	  impact	  model	  
where	  the	  impact	  is	  both	  fixed	  and	  permanent	  

•  There	  are	  two	  possible	  modificaIons	  
– A	  fixed	  but	  transient	  impact	  model	  (Bouchaud	  et	  
al.	  2004)	  

– A	  permanent	  but	  variable	  (history	  dependent)	  
impact	  model	  (Lillo	  and	  Farmer	  2004,	  Gerig	  2007,	  
Farmer,	  Gerig,	  Lillo,	  Waelbroeck)	  	  



Fixed	  but	  transient	  impact	  model	  (Bouchaud	  et	  al	  2004)	  

where	  the	  propagator	  G0(k)	  is	  a	  decreasing	  funcIon.	  	  

The	  propagator	  can	  be	  chosen	  such	  as	  to	  make	  the	  market	  exactly	  efficient.	  This	  can	  be	  done	  
by	  imposing	  that	  the	  volaIlity	  diffuses	  normally.	  The	  volaIlity	  at	  scale	  	  	  	  is	  

where	  Δ	  is	  a	  correlation-induced contribution	  	  	  

The	  model	  assumes	  that	  the	  price	  just	  aLer	  the	  (t-‐1)-‐th	  transacIon	  is	  	  

and	  return	  is	  

€ 

pt = p−∞ + G0(k)ε t−k f (vt−k ) + noise
k=1

∞

∑

€ 

rt = pt+1 − pt =G0(1)ε t f (vt ) + [G0(k +1) −G0(k)]ε t−k f (vt−k ) + noise
k=1

∞

∑

  

€ 

V ≡ E[(pn+ − pn )
2] = G0

2( − j) + [G0( + j) −G0( j)]
2 + 2Δ() +Σ2

j>0
∑

j=0



∑

  

€ 





The correlation in the order flow decays as a power law with exponent γ	




The model is able to make predictions on the response function defined as 

which can be re-expressed in terms of the propagator and of the order sign 
correlation Cj 

  

€ 

R ≡ E[εn (pn+ − pn )]





History	  dependent,	  permanent	  impact	  
model	  

•  We	  assume	  that	  agents	  can	  be	  divided	  in	  three	  
classes	  
– DirecIonal	  traders	  (liquidity	  takers)	  which	  have	  large	  
hidden	  orders	  to	  unload	  and	  create	  a	  correlated	  order	  
flow	  

– Liquidity	  providers,	  who	  post	  bid	  and	  offer	  and	  adempt	  
to	  earn	  the	  spread	  

– Noise	  traders	  
•  The	  strategies	  of	  the	  first	  two	  types	  of	  agents	  will	  
adjust	  to	  remove	  the	  predictability	  of	  price	  changes	  



	  We	  neglect	  volume	  fluctuaIons	  and	  we	  assume	  that	  the	  naïve	  model	  is	  modified	  as	  

€ 

pt+1 − pt ≡ rt = θ εt − ˆ ε t( ) +ηt

€ 

ˆ ε t = Et−1 εt Ω[ ]

where	  Ω is	  the	  informaIon	  set	  of	  the	  liquidity	  provider.	  	  

Model	  for	  price	  diffusion	  

	  Ex	  post	  there	  are	  two	  possibiliIes,	  either	  the	  predictor	  was	  right	  or	  wrong	  
Let	  p+t	  (p-‐t)	  be	  the	  probability	  that	  the	  next	  order	  has	  the	  same	  (opposite)	  sign	  of	  the	  
predictor	  and	  r+t	  (r-‐t)	  are	  the	  corresponding	  price	  change	  





Empirical	  evidence	  of	  asymmetric	  liquidity	  



A	  linear	  model	  
	  The	  history	  dependent,	  permanent	  model	  is	  completely	  defined	  when	  
one	  fixes	  	  
	   -‐	  the	  informaIon	  set	  Ω of	  the	  liquidity	  provider	  	  
	   -‐	  the	  model	  used	  by	  the	  liquidity	  provider	  to	  build	  her	  forecast	  	  

As	  an	  important	  example	  we	  consider	  the	  case	  in	  which	  
	   -‐	  the	  informaIon	  set	  is	  made	  only	  by	  the	  past	  order	  flow	  
	   -‐	  the	  liquidity	  provider	  uses	  a	  finite	  or	  infinite	  order	  autoregressive	  	  
	   	  	  model	  to	  forecast	  order	  flow	  	  	  

€ 

ˆ ε t

€ 

rt = θ εt − aiεt− i
i=1

K

∑
⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ +ηt



If	  the	  order	  flow	  is	  long	  memory,	  i.e.	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  opImal	  
parameters	  of	  the	  autoregressive	  model	  are	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  and	  the	  
number	  of	  lags	  K	  in	  the	  model	  should	  be	  infinite.	  

If,	  more	  realisIcally,	  K	  is	  finite	  the	  opImal	  parameters	  of	  the	  
autoregressive	  model	  follows	  the	  same	  scaling	  behavior	  with	  k	  

Under	  these	  assumpIons	  and	  if	  K	  is	  infinite	  the	  linear	  model	  
becomes	  mathemaIcally	  equivalent	  to	  the	  fixed-‐temporary	  model	  
(or	  propagator)	  model	  by	  Bouchaud	  et	  al.	  with	  	  	  	  

€ 

E εtεt+τ[ ] ≈ τ−γ

€ 

ak ≈ k
γ −3
2 ≡ k−β −1



Impact	  of	  hidden	  orders	  

The	  above	  model	  allows	  to	  make	  quanItaIve	  predicIon	  on	  the	  
impact	  of	  an	  hidden	  order	  
Assume	  an	  hidden	  order	  of	  length	  N	  is	  placed	  by	  a	  liquidity	  taker	  by	  
using	  a	  slice	  and	  dice	  strategy	  which	  mixes	  the	  trades	  with	  the	  flow	  
of	  noise	  traders	  with	  a	  constant	  parIcipaIon	  rate	  π	

The	  impact	  of	  the	  hidden	  order	  is	  	  	  

€ 

E pN[ ] − p0 ≈ εθ 1+
2β −1π β

1−β
(2N −1)1−β −1[ ]

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ ≈ π

βN1−β

An	  empirical	  value	  γ=0.5,	  gives	  β=0.25,which	  in	  turn	  implies	  that	  	  
the	  impact	  of	  an	  hidden	  order	  should	  grow	  as	  the	  ¾	  power	  of	  its	  size.	  	  
Moreover,	  as	  expected,	  the	  impact	  is	  smaller	  for	  slower	  execuIon	  	  
(i.e.	  smaller π)	  	  	  	  



Permanent	  impact	  

The	  model	  allows	  to	  compute	  the	  
permanent	  impact,	  i.e.	  the	  price	  change	  
aLer	  the	  price	  has	  relaxed	  back	  to	  its	  long	  
term	  value	  
If	  π=1	  then	  

€ 

E p∞[ ] − p0 = εθN
4H−1 πΓ H( )sec K −H( )π[ ]
Γ(3/2 + K −H)Γ(2H −1−K)

≈ εθ
N
Κβ

The	  permanent	  impact	  is	  linear	  and	  vanishes	  only	  if	  K	  is	  infinite,	  
recovering	  the	  Bouchaud	  et	  al	  idea	  of	  a	  completely	  temporary	  
market	  impact	  



•  Asymmetric	  liquidity	  depends	  on	  the	  informaIon	  
set	  Ω.	  

•  This	  model	  predicts	  the	  existence	  of	  two	  classes	  
of	  traders	  that	  are	  natural	  counterparIes	  in	  many	  
transacIons	  	  
– Large	  insItuIons	  creates	  predictable	  component	  of	  
order	  flow	  by	  spliyng	  their	  large	  hidden	  orders	  

– Hedge	  funds	  and	  high	  frequency	  traders	  removes	  this	  
predictability	  by	  adjusIng	  liquidity	  (and	  making	  profit)	  

•  This	  ecology	  of	  market	  parIcipants	  is	  empirically	  
detectable?	  

•  What	  is	  the	  interacIon	  padern	  between	  market	  
parIcipants?	  



Coping	  with	  heterogeneity	  

•  One	  of	  the	  disInguishing	  features	  of	  physics	  is	  that	  it	  has	  to	  do	  with	  
collecIons	  of	  enIIes	  which	  are	  idenIcal	  one	  to	  the	  other.	  There	  is	  
no	  way	  of	  disInguishing	  an	  electron	  from	  another,	  given	  that	  they	  
are	  	  idenIcal	  in	  essence.	  	  

•  The	  representaIve	  agent	  paradigm	  assumes	  "that	  the	  choices	  of	  all	  
the	  diverse	  agents	  in	  one	  sector	  can	  be	  considered	  as	  the	  choices	  of	  
one	  ‘representaIve’	  standard	  uIlity	  maximizing	  individual	  whose	  
choices	  coincide	  with	  the	  aggregate	  choices	  of	  the	  heterogeneous	  
individuals”	  (Kirman	  1992).	  This	  paradigm	  has	  been	  severely	  
criIcized.	  	  

•  In	  my	  opinion,	  heterogeneity	  is	  an	  open	  problem	  	  and	  the	  challenge	  
is	  to	  find	  classes	  of	  models	  of	  an	  economy	  with	  heterogeneous	  
interacIng	  agents.	  
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A	  possible	  approach	  
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(from Zovko and Farmer 2002) 

Limit order price is power law distributed with a tail exponent in the range  1.5-2.5 
Moreover limit order price is correlated with volatility 



For a given limit price Δ, volatility σ, and investment horizon T the investor is faced 
with the lottery 

From first passage time 
of the price random walk 

So the expected utility is                                                              where u(Δ) is the 
utility function. 
Agent optimizes her limit order placement by choosing the lottery (i.e. the value of Δ) 
which maximizes the expected utility.  
For several choices of u(Δ) it is possible to solve the problem analytically. For 
example for power utility function u(x)=C xα  

Some variable must be highly fluctuating: market (σ) or agent (α or T)? 



It is possible to show that heterogeneity in volatility or utility function cannot explain 
the value of the exponent empirically observed. 
The only possibility is a strong heterogeneity in investment horizon T 

Heterogeneity in volatility Heterogeneity in traders preferences 

Curiously, the same exponent of the time scale distribution is obtained by considering 
the time to fill of limit orders, metaorder splitting, and a modified GARCH (Borland and 
Bouchaud 2005) 



How	  the	  market	  adapt	  to	  your	  trading?	  	  

• We	  decompose	  the	  total	  impact	  of	  a	  given	  
type	  of	  order	  book	  event	  into	  a	  contribuIon	  
from	  the	  same	  broker	  and	  a	  contribuIon	  from	  
all	  other	  brokers.	  

	  	  	  	  	  	  Response	  funcIon	  -‐>	  	  

(with B. Toth, Z. Eisler, J. Kockelkoren, J.-P. Bouchaud, and J.D. Farmer) 



Response	  funcIon	  is	  a	  delicate	  balance	  

These two contributions very nearly offset each other, leading to a total impact 
that is nearly constant in time and much smaller than both these contributions.  

Dynamical liquidity picture -> the highly persistent sign of market orders must 
be buffered by a fine-tuned counteracting limit order flow in order to maintain 
statistical efficiency (i.e. that the price changes are close to unpredictable, in 
spite of the long-ranged correlation of the order flow). 



Daily	  inventory	  variaIon	  Ime	  series	  

• 	  Inventory	  variaIon	  is	  a	  measure	  of	  the	  
net	  buy/sell	  posiIon	  of	  agent	  i	  

We	  quanIfy	  the	  trading	  acIvity	  of	  a	  firm	  in	  a	  given	  Ime	  
period	  τ	  by	  introducing	  the	  inventory	  variaIon	  



Cross	  correlaIon	  matrix	  of	  inventory	  
variaIon	  

min=-‐0.53	   max=0.75	  

Trading	  acIvity	  is	  significantly	  cross	  correlated	  among	  firms	  



Origin	  of	  collecIve	  behavior	  

• 	   The	   first	   eigenvalue	   is	   not	   compaIble	   with	   random	   trading	   and	   is	   therefore	   carrying	  
informaIon	  about	  the	  collecIve	  dynamics	  of	  firms.	  
• 	  The	  corresponding	  factor	  is	  significantly	  correlated	  with	  price	  return.	  	  
• 	   There	  are	  groups	  of	  firms	  having	  systemaIcally	   the	  same	  posiIon	   (buy/sell)	  as	   the	  other	  
members	  of	  the	  group	  they	  belong	  to.	  



Few	  large	  trending	  firms	  

Many	  heterogeneous	  reversing	  firms	  
Size	  =	  average	  daily	  fracIon	  of	  volume	  

JP	  Morgan,	  
Merryl	  Lynch,	  
Credit	  Suisse,,	  
Credit	  Agricole,	  
BNP	  Paribas,	  
UBS	  Warburg,	  
Societé	  General	  

Renta	  4,	  
Mercavalor	  

Undetermined	  	  
	   firms	  

	  	  	  	  	  	  BBVA	  
	  	  	  	  Santander	  



Inventory	  variaIon	  
correlaIon	  matrix	  	  
obtained	  by	  sorIng	  
the	  firms	  in	  the	  rows	  
and	  columns	  
according	  to	  their	  
correlaIon	  of	  
inventory	  variaIon	  
with	  price	  return	  



Granger	  causality	  

Correlated	  order	  flow	  

<vi(s+τ)	  vi(s)>	  ≈	  τ-α	


• 	  Returns	  cause	  inventory	  	  
variaIons	  
• 	  Inventory	  variaIons	  does	  not	  
	  cause	  returns	  

Inventory	  variaIon	  is	  long	  	  
range	  correlated	  



Herding	  

reversing	  

noise	  

trending	  

	  Herding	  indicator	  (see	  also	  Lakonishok	  et	  al,	  1992)	  

	   	  
We	  infer	  that	  herding	  is	  
present	  in	  a	  given	  
group	  when	  the	  
probability	  of	  the	  
observed	  number	  of	  
buying	  or	  selling	  firms	  
is	  smaller	  than	  5%	  
under	  the	  binomial	  null	  
hypothesis.	  



PhD	  opportunity	  

The CALL FOR APPLICATIONS FOR ADMISSION TO PhD 
PROGRAM in Mathematics for Finance at the  

Scuola Normale Superiore di Pisa  
is open  

(see http://www.sns.it/en/scuola/ammissione/corsodiperfezionamento/scienze/).  

The deadline for application is Thursday March 31, 2011  
(Note that there is another available deadline on Monday 
September 12, 2011).  
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