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Overview	  

Boos$ng	  Sta$s$cal	  Network	  Inference	  by	  Incorpora$ng	  Prior	  
Knowledge	  from	  Mul$ple	  Sources	  

Mo$va$on	  

Approach	  (LFM	  and	  
NOM)	  

Test	  and	  valida$on	  

Applica$on	  
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Mo$va$on	  

Inherent	  noise	  data	  	  
Low	  sample	  size	  	  

	  
High	  false	  posi$ves	  and	  false	  

nega$ves.	  

●BCL10

●EGFR

●ESPL1

●GSK3A●GSK3B

●ITGB4●LEPR

●LKB1●mTOR

●p70S6K

●P90S6K

●PIK3C3

●PRKAA1

●PRKAB1 ●RAF1

●SRC

●TRUB2

●TSC1

●TSC2

●WDR3
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Mo$va$on	  

Knowledge	  from	  databases,	  
ontologies,	  literature	  etc.	  

A	  quan$fied	  prior	  from	  exis$ng	  
biological	  knowledge	  and	  informa$on	  

together	  with	  data	  

	  
ü  Reduced	  false	  posi$ve	  and	  

false	  nega$ve	  	  
ü  Network	  closer	  to	  real	  

world	  
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Problem	  Defini$on	  

•  Heterogeneous	  Biological	  Informa$on	  
–  Interac(on	  data	  
–  Ontology	  informa(on	  
–  Literature	  informa(on	  

•  Missing	  informa$on	  
– Missing	  annota(ons	  
–  Incomplete	  interac(on	  data	  

•  Numerical	  handling	  of	  knowledge	  
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Prior	  

•  Bayes	  Rule	  

	  

•  Example:	  
	  
	  

•  Biases	  the	  learning	  to	  consider	  known	  interac$ons.	  
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(Fröhlich et al., 2007, 2008) 

P (Φ) = P (Φij )
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Idea	  

Assemble	  knowledge	  sources	  

Get	  edge	  confidence	  value	  for	  each	  
interac$on	  	  

Combine	  all	  the	  knowledge	  
into	  a	  quan$fied	  prior	  

Validate	  
Test	  
Apply	  
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Idea	  

Assemble	  knowledge	  sources	  

Get	  edge	  confidence	  value	  for	  each	  
interac$on	  	  

Combine	  all	  the	  knowledge	  
into	  a	  quan$fied	  prior	  

Validate	  
Test	  
Apply	  

What	  sources	  ?	  

How	  to	  get	  the	  numbers	  ?	  

How	  to	  combine	  diverse	  
sources	  into	  one	  prior	  ?	  
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Informa$on	  Sources	  

•  Interac$on	  Databases	  
–  PathwayCommons,	  String,	  HPRD	  etc.	  

•  Gene	  Ontologies	  
–  Consider	  similarity	  in	  annota$on	  of	  two	  genes	  

•  Protein	  Domain	  Informa$on	  
–  Similarity	  in	  domains	  of	  interac$ng	  protein	  

•  Interac$ng	  Domain	  Informa$on	  
–  Domains	  that	  can	  interact	  in	  the	  proteins	  

•  Literature	  Data	  
–  Interac$on	  quoted	  in	  exis$ng	  literature	  
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Edge	  Confidence	  

•  Interac$on	  graph	  from	  databases	  or	  literature	  
–  1/Shortest	  path	  length	  (To	  be	  updated	  to	  Graph	  Diffusion	  
Kernel)	  

•  Ontologies	  (GO	  terms)	  
–  Similarity	  in	  GO	  terms	  (Lin	  et.al.	  1989)	  

•  Protein	  domain	  data	  
–  Domain	  similarity	  (cosine	  similarity	  of	  protein	  domain	  signature	  vector)	  

•  Interac$ng	  domain	  data	  
–  Occurrence	  of	  interac$ng	  domains	  pairs	  in	  the	  query	  protein	  	  

	  
	  

Confidence	  in	  the	  edge	  or	  interac$on	  from	  different	  sources	  
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Latent	  Factor	  Model	  (LFM)	  

Assump(on:	  Highly	  related	  
knowledge	  sources	  originate	  from	  a	  
true	  but	  unknown	  network	  
	  
•  Correlated	  interac$on	  networks	  

originate	  from	  the	  true	  network	  

•  The	  true	  network	  is	  a	  latent	  
variable	  Φ	  

•  We	  intend	  to	  use	  the	  informa$on	  
from	  knowledge	  sources	  to	  learn	  Φ 

	  
	  
	  
	  
	  
	  
Where,	  
x1,	  x2,	  x3	  are	  correlated	  variables	  
	  
Φ is	  the	  latent	  variable	  and	  parent	  for	  
x1,	  x2,	  x3	  	  	  	  
	  
	  
	  
	  
	  
	  

�

x3	
x2	


x1	


x2	
x1	
 x3	
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Latent	  Factor	  Model	  

10	  

	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

•  We	  assume	  that	  the	  confidence	  
values	  from	  different	  sources	  
follow	  a	  beta	  distribu$on	  (1)	  

•  The	  log	  likelihood	  of	  the	  network	  
can	  be	  given	  as	  (2)	  

•  Learning	  by	  “Nested”	  MCMC	  
sampling	  using	  Metropolis	  Has(ngs	  
Algorithm	  	  

•  ‘Nested’	  MCMC	  
-  Edge	  inser$on,	  dele$on,	  and	  reversal	  
-  Modifica$on	  of	  α, β every	  ith	  itera(on	  

(1)	  

(2)	  
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Noisy-‐OR	  Model	  (NOM)	  

	  
	  
	  
	  
	  
	  
Where,	  
x1,	  x2	  …	  xn	  are	  sources	  of	  informa$on	  
	  
Φ	  is	  the	  effect	  and	  combina$on	  of	  all	  
the	  informa$on	  listed	  above	  using	  the	  
func$on	  g 
	  

The	  Noisy-‐OR	  func$on	  given	  as	  	  
	  
	  
	  

x2	
x1	
 xn	
…… 

g=f ((xi � xj)i ≠j)	


�

Assump(on:	  Given	  a	  set	  of	  causes	  
xi	  for	  an	  effect	  Φ	  the	  probability	  of	  
each	  cause	  to	  be	  sufficient	  to	  prove	  
the	  effect	  is	  independent	  of	  presence	  
of	  other	  causes.	  
	  

•  Source	  of	  informa$on	  xi	  is	  the	  cause	  
	  
•  Overall	  prior	  knowledge	  is	  effect	  Φ.	  

•  The	  cause	  xi	  	  consists	  of	  confidence	  
for	  every	  edge	  (Pab)	  in	  the	  network	  

12	  Paurush	  Praveen	  



Noisy-‐OR	  Model	  

•  We	  apply	  the	  Noisy-‐OR	  model	  on	  the	  sources	  of	  
informa$on	  to	  get	  the	  overall	  prior	  knowledge.	  

•  The	  knowledge	  sources	  have	  the	  confidence	  for	  each	  
possible	  edge	  in	  the	  desired	  set	  of	  genes	  

Both	  the	  methods	  result	  into	  a	  matrix	  with	  values	  
ranging	  between	  0	  and	  1	  
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Simula$ons	  I	  

Value	  Range	  and	  Data	  Correla$on	  
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Data sets with different shape parameters
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•  With	  higher	  correla$on	  
among	  the	  informa$on	  
sources	  LFM	  and	  NOM	  
perform	  beeer	  
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Simula$ons	  I	  

Value	  Range	  and	  Data	  Correla$on	  
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Shape parameters
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•  The	  IP	  method	  shows	  poor	  performance	  if	  the	  informa$on	  data	  has	  low	  
content	  compared	  to	  LFM	  and	  NOM	  
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Simula$ons	  I	  

Value	  Range	  and	  Data	  Correla$on	  
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•  The	  LFM	  and	  NOM	  methods	  maintain	  their	  performance	  even	  if	  the	  
informa$on	  content	  is	  not	  very	  strong	  

•  NOM	  performs	  well	  in	  case	  of	  weak	  informa$on	  
	  
•  LFM	  outperforms	  the	  IP	  method	  throughout	  this	  test	   Paurush	  Praveen	  



Number of sources
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Number	  of	  Sources	  
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•  The	  IP	  method	  performs	  
worse	  compared	  to	  LFM	  and	  
NOM	  with	  the	  inclusion	  of	  
more	  source	  

•  LFM	  and	  NOM	  perform	  
beeer	  with	  it	  
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Simula$ons	  II	  

Network	  Size	  
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•  LFM	  performed	  beeer	  
even	  for	  larger	  networks	  

•  But,	  NOM	  methods	  are	  
faster	  compared	  to	  LFM	  
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Simula$ons	  III	  

Measuring	  for	  KEGG	  Pathways	  
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•  Reconstruc$on	  of	  KEGG	  
pathways	  only	  from	  prior	  
knowledge	  derived	  from	  real	  
informa$on	  sources	  

•  Influence	  of	  
§  Lower	  values	  of	  	  informa$on	  	  
§ Missing	  informa$on	  

•  This	  leads	  to	  	  
•  Sensi$vity	  close	  to	  0	  
•  Specificity=1	  	  
even	  at	  very	  low	  probability	  
cutoffs	  for	  IP	  method	  
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Applica$on	  I	  

Reconstruc$ng	  KEGG	  acyclic	  sub-‐graphs	  via	  Bayesian	  Networks	  

19	  

•  Even	  for	  very	  low	  sample	  size	  the	  reconstruc$on	  with	  prior	  could	  achieve	  
higher	  sensi$vity	  

•  The	  result	  was	  restricted	  in	  terms	  of	  maximum	  number	  of	  parents	  for	  
computa$onal	  feasibility.	  	  

•  The	  LFM	  method	  maintained	  the	  highest	  specificity	  at	  the	  same	  $me.	  
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Applica$on	  II	  

Bayesian	  Network	  for	  Breast	  Cancer	  Data	  from	  van’t	  Veer	  et.al	  (2002).	  
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Applica$on	  II	  

Bayesian	  Network	  for	  Breast	  Cancer	  Data	  from	  van’t	  Veer	  et.al	  (2002).	  

With	  prior	  
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Summary	  

•  Two	  approaches	  for	  probabilis$c	  knowledge	  
integra$on	  for	  network	  inference	  from	  data	  

•  Can	  use	  heterogeneous	  biological	  knowledge	  
•  Flexible	  with	  the	  number	  of	  sources	  
•  Can	  handle	  missing	  informa$on	  
•  Good	  agreement	  with	  known	  networks	  
•  Improvement	  in	  network	  reconstruc$on	  
accuracy	  using	  Bayesian	  network	  
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Thank-‐you	  

•  Please	  visit	  the	  poster	  at	  MSLB-‐2012	  	  
•  Please	  visit	  the	  poster	  (I-‐23)	  at	  ECCB-‐2012	  
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