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miRNA	
  stabiliza-on	
  of	
  gene	
  regulatory	
  networks	
  

miRNA	
  knockouts	
  o.en	
  don’t	
  cause	
  
differences	
  in	
  phenotype	
  

Li	
  et	
  	
  al.	
  (Cell	
  2009)	
  showed	
  a	
  mir-­‐7	
  
knockout	
  created	
  a	
  phenotypic	
  change	
  
only	
  when	
  the	
  regulatory	
  network	
  is	
  
perturbed	
  

	
   	
  	
  



What	
  does	
  the	
  miRNA	
  regulatory	
  network	
  look	
  like?	
  

How	
  is	
  it	
  connected	
  to	
  the	
  transcripIon	
  factor	
  network?	
  

Is	
  there	
  evidence	
  in	
  the	
  network	
  structure	
  that	
  miRNAs	
  confer	
  robustness	
  
to	
  the	
  geneIc	
  regulatory	
  network?	
  

To	
  parIally	
  answer	
  these	
  quesIons:	
  	
  
miRNA:mRNA	
  interacIons	
  were	
  collected	
  from	
  String	
  and	
  from	
  miRNA	
  
target	
  predicIon	
  so.ware	
  Pita,	
  Pictar,	
  MicroT,	
  TargetScan,	
  Miranda	
  and	
  
RNA22	
  

TranscripIon	
  binding	
  sites	
  were	
  predicted	
  from	
  JASPAR	
  



A	
  database	
  of	
  known	
  and	
  predicted	
  protein	
  interacIons	
  derived	
  from	
  four	
  
sources:	
   	
  	
  
•  Genomic	
  Context	
  
•  High-­‐throughput	
  Experiments	
  
•  (Conserved)	
  Coexpression	
  
•  	
  Previous	
  Knowledge	
  such	
  as	
  textmined	
  PubMed	
  abstracts	
  
We	
  added	
  a	
  new	
  miRNA	
  dataset	
  to	
  String	
  using	
  the	
  PubMed	
  textmining	
  
pipeline.	
  This	
  produced	
  1800	
  human	
  miRNA:protein	
  pairs.	
  300	
  were	
  
validated	
  manually	
  	
  with	
  correct	
  recogniIon	
  in	
  80%	
  of	
  pairs.	
  

A	
  database	
  of	
  orthologous	
  groups	
  of	
  genes.	
  The	
  orthologous	
  groups	
  are	
  annotated	
  
with	
  funcIonal	
  categories	
  parsed	
  from	
  COG/KOG	
  categories.	
  



hsa-­‐miR-­‐7	
   ENSG00000149269	
  

PMID:	
  18922890	
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all	
  proteins	
  	
  	
  proteins	
  idenIfied	
  by	
  textmining	
  	
  	
  	
  proteins	
  with	
  miRNA	
  associaIon	
  (in	
  PubMed	
  abstracts)	
  

	
   	
   	
   	
  	
  

String	
  –	
  textmining	
  of	
  PubMed	
  abstracts	
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EggNog	
  funcIonal	
  class	
  

K	
  =	
  transcripIon	
  class 	
   	
  T	
  =	
  	
  Signal	
  transducIon	
  class	
  

transcripIon	
  

Signal	
  transducIon	
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Texmining	
  proteins	
   	
  TarBase	
   	
  TarBase	
  high	
  quality	
  subset*	
  

*	
  TarBase	
  entries	
  with	
  experimental	
  

TarBase	
  –	
  manually	
  curated	
  miRNA	
  dataset	
  derived	
  from	
  literature	
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  class 	
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  =	
  	
  Signal	
  transducIon	
  class	
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All	
  textmined	
  proteins 	
  	
  	
  Pita 	
  	
  	
  	
  	
  Pictar	
  	
  	
  	
  	
  	
  	
  	
  MicroT 	
  TargetScan 	
  Miranda 	
  	
  	
  	
  	
  RNA22	
  

K	
  –transcripIon	
  class 	
   	
  T	
  –	
  Signal	
  transducIon	
  class	
  

All	
  miRNA	
  targets	
  predicted	
  using	
  6	
  methods	
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miRNA target network summary 

Textmining was used to identify miRNA suppression of mRNAs using all PubMed 
abstracts 

Transcription factors are preferentially targeted by miRNAs 

Random textmining  sets were checked by eye to validate this targeting 
preference 

6 miRNA target prediction methods were compared. The 3 methods generally 
accepted as more accurate also show miRNAs preferentially target transcription 
factors 

If miRNAs target TFs more often than other classes of gene, do TFs target 
miRNA genes more often than protein genes? 



Predicted	
  (JASPAR)	
  transcripIon	
  factor	
  binding	
  sites	
  
within	
  1kb	
  of	
  transcript	
  start	
  of	
  gene	
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A	
  miRNA:transcrip-on	
  factor	
  network?	
  

miRNAs	
  and	
  transcripIon	
  factors	
  target	
  each	
  other	
  more	
  than	
  other	
  genes	
  

This	
  suggests	
  a	
  miRNA	
  <==>	
  transcripIon	
  factor	
  network	
  which	
  we	
  can	
  only	
  
parIally	
  observe	
  due	
  to	
  the	
  false	
  negaIve	
  rate	
  

The	
  high	
  false	
  posiIve	
  rates	
  of	
  TF	
  and	
  miRNA	
  binding	
  sites	
  change	
  the	
  baseline	
  but	
  
not	
  the	
  difference	
  between	
  different	
  funcIonal	
  classes	
  in	
  the	
  previous	
  analyses	
  

We	
  parIally	
  reconstruct	
  the	
  human	
  miRNA:transcripIon	
  factor	
  network	
  based	
  
upon	
  Pictar,	
  TargetScan	
  and	
  Miranda	
  predicted	
  miRNA:mRNA	
  binding	
  and	
  JASPAR	
  
predicted	
  transcripIon	
  factor	
  binding	
  sites	
  

This	
  produced	
  a	
  cyclic,	
  directed	
  graph	
  with	
  coloured	
  edges.	
  Each	
  edge	
  is	
  “coloured”	
  
suppressive	
  (miRNAs)	
  or	
  acIvaIng	
  (transcripIon	
  factor	
  binding	
  sites)	
  



Human	
  miRNA:transcrip-on	
  factor	
  network	
  analysis	
  

Number	
  of	
  nodes 	
   	
   	
  1,870	
  
Number	
  of	
  edges 	
   	
   	
  52,063	
  
Percent	
  acIvaIng	
  edges 	
   	
  59%	
  
Percent	
  suppressive	
  edges 	
  41%	
  

transcripIon	
  
factor	
  

miRNA	
  
transcripIon	
  

factor	
  
transcripIon	
  

factor	
  83%	
   17%	
  

2	
  element	
  loops	
  iden-fied	
  by	
  Perl	
  hashes	
  



Fanmod	
  analysis	
  of	
  3	
  element	
  mo-fs	
  

Type	
  1	
  coherent	
  	
  
feedforward	
  loop	
  

Type	
  1	
  coherent	
  	
  
feedforward	
  loop	
  

Type	
  1	
  incoherent	
  	
  
feedforward	
  loop	
  
with	
  feedback	
  

Latch	
  

Latch	
  

Possible	
  role?	
  

Fold	
  change	
  sensor	
  with	
  
possible	
  gain	
  control	
  

(Goentoro	
  2009)	
  

3	
  element	
  loops	
  were	
  idenIfied	
  by	
  Fanmod	
  using	
  
exhausIve	
  enumeraIon	
  and	
  compared	
  to	
  the	
  moIf	
  
staIsIcs	
  of	
  10,000	
  random	
  networks	
  built	
  by	
  random	
  
edge	
  flipping	
  maintaining	
  local	
  in	
  and	
  out	
  node	
  
connecIviIes	
  of	
  the	
  original	
  network	
  



miRNA	
  
transcripIon	
  

factor	
  

transcripIon	
  
factor	
  

Signal	
  in	
  

Signal	
  out	
  

Incoherent	
  feedforward	
  loop	
  with	
  feedback	
  



TranscripIonal	
  amplificaIon	
  is	
  stochasIc,	
  showing	
  burst	
  paserns	
  of	
  	
  “shot	
  noise”	
  

Noise	
  is	
  inherent	
  in	
  all	
  physical	
  systems	
  (quantum,	
  thermal,	
  etc)	
  

Noise,	
  amplificaIon	
  and	
  feedback	
  are	
  a	
  potent	
  mix	
  which	
  can	
  easily	
  lead	
  to	
  propagaIon	
  and	
  
amplificaIon	
  of	
  noise	
  throughout	
  a	
  network	
  at	
  the	
  expense	
  of	
  any	
  signal	
  

Analog	
  computers	
  grew	
  to	
  a	
  certain	
  size	
  then	
  noise	
  propagaIon	
  halted	
  their	
  evoluIon	
  

GaIng	
  is	
  necessary	
  in	
  any	
  computer	
  to	
  inhibit	
  amplified	
  feedback	
  of	
  noise	
  causing	
  a	
  chaoIc	
  
output	
  

GeneIc	
  regulatory	
  networks	
  are	
  full	
  of	
  feedback	
  loops	
  

GaIng	
  is	
  necessary	
  to	
  halt	
  noise	
  propagaIon	
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