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Rare	
  events	
  are	
  common	
  

Twi>er:	
  8	
  TB/day	
  

ICU:	
  5	
  sec	
  measurements	
  

Financial	
  markets	
  



Why	
  causality?	
  

•  Usual	
  approach:	
  data	
  mining	
  
–  Iden%fy	
  rare	
  events	
  
– E.g.	
  credit	
  card	
  fraud,	
  network	
  intrusions	
  

•  But	
  for	
  ac%on…	
  
– How	
  do	
  events	
  affect	
  system?	
  
– E.g.	
  medical	
  treatment,	
  public	
  policy	
  



Why	
  not	
  use	
  current	
  methods?	
  

•  Rare	
  event	
  mining	
  
– No	
  informa%on	
  about	
  impact	
  of	
  events	
  
– False	
  alarms	
  

•  Causal	
  inference	
  
– Probabilis%c:	
  can’t	
  handle	
  infrequent	
  events	
  
– Granger:	
  assesses	
  whole	
  %me	
  series	
  
– Complexity:	
  efficiency	
  is	
  key	
  with	
  big	
  data	
  



What’s	
  needed? 	
  	
  

•  Way	
  of	
  assessing	
  events	
  that	
  may	
  only	
  occur	
  
once	
  or	
  twice	
  

•  Ability	
  to	
  dis%nguish	
  between	
  rare	
  event	
  and	
  
unmeasured	
  variables	
  

•  Assessment	
  of	
  sta%s%cal	
  significance	
  
•  Method	
  for	
  assessing	
  immediate	
  impact	
  vs.	
  
regime	
  change	
  



Linking	
  type	
  and	
  token	
  

•  Type-­‐level	
  model	
  gives	
  expecta%on	
  for	
  each	
  
%mepoint	
  

•  Difference	
  between	
  actual	
  observa%on	
  and	
  
predic%on	
  is	
  what’s	
  omi>ed	
  –	
  rare	
  events,	
  
hidden	
  variables	
  

lactate	
   pyruvate	
   LéPé….LêPê…LéPê	
  



Overview	
  

•  Infer	
  “normal”	
  model	
  
– Use	
  huge	
  volume	
  of	
  data	
  

•  Find	
  how	
  much	
  is	
  not	
  explained	
  by	
  model	
  
•  Determine	
  how	
  explanatory	
  rare	
  event	
  is	
  
– Comparing	
  to	
  average	
  dis%nguishes	
  between	
  
unmeasured	
  and	
  infrequent	
  events	
  



Normal	
  model	
  

•  Causes	
  of	
  con%nuous-­‐valued	
  effects	
  
– Average	
  difference	
  cause	
  makes	
  to	
  value,	
  rather	
  
than	
  probability	
  of	
  effect	
  

•  Remove	
  %mepoints	
  immediately	
  aaer	
  (or	
  
around)	
  effect	
  when	
  doing	
  inference	
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How	
  explanatory	
  is	
  model?	
  

•  For	
  each	
  instance	
  of	
  variable,	
  compare	
  value	
  
to	
  that	
  predicted	
  by	
  model	
  

	
  

A	
  =	
  set	
  of	
  causes	
  instan%ated	
  for	
  %me	
  t	
  
	
  	
  	
  	
  	
  	
  	
  	
  =	
  actual	
  value	
  of	
  e	
  at	
  %me	
  t	
  
	
  

E[et ]= sum of εavg(a,e)

et

P
et
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What	
  is	
  impact	
  of	
  rare	
  event?	
  

•  How	
  much	
  of	
  E	
  is	
  unexplained	
  aaer	
  rare	
  event	
  
r	
  (aaer	
  accoun%ng	
  for	
  known	
  causes)?	
  

•  Compare	
  to	
  average	
  unexplained	
  value	
  
– Event	
  with	
  no	
  impact	
  will	
  not	
  differ	
  significantly	
  
– Factors	
  out	
  unmeasured	
  variables	
  

P
et
(E[et]� et|r)
(#e|r)



Computa%onal	
  complexity	
  

•  O(r),	
  r=	
  number	
  of	
  occurrences	
  of	
  rare	
  event	
  
•  O(n3T)	
  for	
  finding	
  normal	
  model	
  



Example	
  

•  Normal	
  model	
  

•  Observa%ons	
  

c ; e "avg(c, e) = 4

d ; e "avg(d, e) = 3
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Example	
  

•  Normal	
  model	
  and	
  observa%ons	
  

•  Average	
  unexplained	
  value	
  of	
  e:	
  4	
  
	
  

c ; e "avg(c, e) = 4

d ; e "avg(d, e) = 3
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Example	
  

•  Normal	
  model	
  and	
  observa%ons	
  

•  Average	
  unexplained	
  value	
  of	
  e:	
  4	
  
•  Average	
  unexplained	
  value	
  of	
  e	
  aaer	
  f?	
  

11+10/2	
  =	
  10.5	
  

c ; e "avg(c, e) = 4

d ; e "avg(d, e) = 3
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Example	
  

•  Normal	
  model	
  and	
  observa%ons	
  

•  Average	
  unexplained	
  value	
  of	
  e:	
  4	
  
•  Average	
  unexplained	
  value	
  of	
  e	
  aaer	
  f?	
  

11+10/2	
  =	
  10.5	
  
p-­‐value	
  (from	
  unpaired	
  t-­‐test):	
  0.0035	
  
	
  

c ; e "avg(c, e) = 4

d ; e "avg(d, e) = 3
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Simulated	
  data	
  

•  Synthe%c	
  data	
  based	
  on	
  Fama-­‐French	
  factor	
  
model	
  [Fama	
  &	
  French	
  1992]	
  

•  Causality	
  
– Through	
  epsilons	
  (return	
  of	
  stock	
  i	
  at	
  %me	
  t	
  
depends	
  on	
  return	
  of	
  stock	
  j	
  at	
  %me	
  t-­‐1)	
  

– Through	
  constant	
  term	
  (return	
  of	
  stock	
  i	
  at	
  %me	
  t	
  
increases	
  by	
  set	
  amount	
  if	
  j	
  is	
  up	
  at	
  %me	
  t-­‐1)	
  

ti
j

tjijti fr ,,, εβ +=∑



Experiments	
  

•  Simulated	
  financial	
  %me	
  series	
  data	
  
–  5	
  structures	
  [next	
  slide]:	
  2	
  with	
  10	
  causal	
  
rela%onships,	
  3	
  with	
  20	
  

–  1-­‐3	
  rare	
  causes	
  in	
  each	
  
–  3	
  different	
  probabili%es	
  for	
  rare	
  events	
  (0.005,	
  0.0025,	
  
0.0005)	
  

–  25	
  variables	
  4,000	
  %me	
  points	
  

•  60	
  datasets	
  (5	
  structures,	
  3	
  probabili%es,	
  4	
  runs	
  
each)	
  



Structures	
  



Results	
  
•  1-­‐recall:	
  propor%on	
  of	
  sig.	
  
rare	
  events	
  discovered	
  out	
  
of	
  all	
  embedded	
  

•  In	
  4K	
  events,	
  prob	
  0.0025	
  =	
  
Expecta%on	
  of	
  2	
  
occurrences.	
  

•  T-­‐stat	
  can’t	
  be	
  calc	
  with	
  
event	
  that	
  occurs	
  once	
  
(this	
  happened	
  7	
  %mes,	
  
didn’t	
  occur	
  at	
  all	
  5	
  
others).	
  This	
  accounts	
  for	
  
12/16	
  FNS.	
  Effec%ve	
  rate	
  
9%	
  when	
  p=0.0005	
  

P	
  (rare	
  event)	
   FDR	
   1-­‐recall	
  

0.005	
   0	
   2/44	
  (~5%)	
  

0.0025	
   0	
   4/44	
  (~9%)	
  

0.0005	
   0	
   16/44	
  (~36%)	
  

TOTAL	
   0	
   22/132	
  (~17%)	
  



Results	
  
•  10,000	
  %mepoints	
  and	
  two	
  different	
  %me	
  periods	
  
(120	
  datasets)	
  

•  Results	
  
–  FDR:	
  2/262	
  (~.008%)	
  
–  1-­‐recall:	
  4/264	
  (~.015%)	
  
– Normal	
  model:	
  FDR	
  ~8%,	
  1-­‐recall	
  ~	
  13%	
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Conclusions	
  

•  Rare	
  events	
  are	
  prevalent,	
  important	
  for	
  big	
  
data,	
  and	
  need	
  to	
  be	
  understood	
  causally	
  

•  Feasible	
  to	
  infer	
  impact	
  with	
  low	
  FDR,	
  even	
  
with	
  errors	
  in	
  normal	
  model	
  

•  Future	
  work	
  
– Nonlinear	
  rela%onships	
  
– Con%nuous	
  +	
  discrete	
  variables	
  
– Latent	
  variables	
  



Also…	
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