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HT	  analysis	  for	  personalized	  genomic	  medicine	  	  

•  Generate,	  analyze	  and	  integrate	  various	  types	  of	  data	  to	  understand	  the	  
mechanis8c	  details	  of	  the	  underlying	  cellular	  processes	  in	  disease	  states.	  	  
•  (1)	  Development	  of	  novel	  HT	  data	  analysis	  techniques	  based	  on	  the	  concepts	  

of	  biophysics,	  gene8cs,	  genomics,	  ngineering	  and	  sta8s8cs,	  including	  
modeling,	  reverse	  engineering,	  network	  analysis	  and	  visualiza8on	  and	  
combinatorial	  op8miza8on.	  

•  (2)	  Integra8ve	  analysis	  of	  various	  –omics	  and	  other	  HT	  databases	  using	  
op8miza8on	  and	  machine	  learning	  technologies	  to	  iden8fy	  disease-‐specific	  
features,	  such	  as	  biomarkers.	  

•  (3)	  U8liza8on	  of	  our	  or	  other	  methods	  to	  address	  mechanisms	  in	  cancer	  and	  
neurodegenera8ve	  disease.	  

•  In	  specific	  areas,	  such	  as	  in	  neurodegenera8on,	  the	  goal	  of	  the	  cumula8ve	  effort	  is	  
to	  find	  causal	  changes	  related	  to	  disease	  pathogenesis,	  and	  iden8fy	  therapy	  targets	  
that	  lead	  to	  the	  design	  of	  therapeu8c	  methods	  and	  their	  implementa8on	  in	  
personalized	  medicine.	  Within	  this	  framework,	  I	  will	  present	  how,	  fiMng	  model	  
parameters	  to	  data,	  sensi8vity	  and	  robustness	  tests	  of	  ODEs	  fit	  into	  our	  research.	  	  	  
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•  A	  massively	  large	  scale	  mul8-‐ins8tute	  undertaking	  to	  increase	  our	  understanding	  
of	  the	  molecular	  basis	  of	  cancer	  to	  aid	  diagnosis,	  treatment	  and	  preven8on.	  

•  Started	  in	  2005;	  Na8onal	  Cancer	  Ins8tute	  and	  Na8onal	  Human	  Genome	  Research	  
Ins8tute	  selected	  par8cipa8ng	  people	  and	  laboratories.	  

•  Unique	  in	  (i)	  the	  number	  of	  pa8ents	  (500/cancer,	  500/normal)	  and	  (ii)	  number	  of	  
high-‐throughput	  genomic	  techniques	  used	  to	  analyze	  pa8ent	  samples:	  	  
–  (~80%	  cases)	  
–  Gene	  expression	  profiling	  
–  miRNA	  expression	  profiling	  
–  DNA	  methyla%on	  profiling	  
–  SNP	  genotyping	  
–  Copy	  number	  varia%on	  profiling	  
–  Exon	  sequencing	  
–  Whole	  genome-‐sequencing	  (some	  tumors)	  	  
–  whole	  exon-‐sequencing	  (~80%	  of	  cases)	  
–  Phenotype	  informa%on	  (age,	  gender,	  tumor	  stage)	  

•  20-‐25	  tumor	  types	  
•  In	  FY	  2010,	  new	  centers	  funded	  to	  characterize	  these	  tumors:	  

–  Genome	  Characteriza%on	  Centers	  (GCCs)	  	  
–  Genome	  Data	  Analysis	  Centers	  (GDACs)	  *dedicated	  funding	  to	  bioinforma%cs	  

h]p://cancergenome.nih.gov/	  

Integra%ve	  data	  analysis	  



TCGA	  Objec%ve:	  Iden%fy	  all	  the	  changes	  in	  DNA	  of	  cancer	  cell.	  Why?	  

•  TCGA	  laying	  the	  founda%on	  for	  Personalized	  Medicine.	  

•  Catalogs	  all	  the	  changes	  in	  the	  genomes	  and	  epigenomes	  of	  many	  samples	  
•  Data	  from	  several	  different	  technology	  pla\orms,	  producing	  different	  type	  of	  genomic	  informa8on	  

–  single	  base	  pair	  changes,	  extra	  copies	  or	  dele8on	  of	  genes,	  increased	  or	  decreased	  gene	  expression,	  changes	  
in	  chemical	  marks	  on	  DNA	  (methyla8on)	  

•  Specific	  genomic	  changes	  connected	  to	  specific	  outcome	  helps	  develop	  more	  effec%ve,	  
individualized	  therapies	  

•  Changes	  may	  reflect	  	  
–  affected	  areas	  of	  the	  genome	  
–  func%ons/pathways	  controlled	  by	  those	  areas	  
–  What	  drugs	  can	  target	  them?	  

•  Or	  a	  change	  is	  linked	  to	  	  
–  how	  fast	  the	  disease	  progresses	  or	  comes	  back	  aber	  treatment	  
–  Disease	  subtype,	  pa%ent	  phenotype	  
–  Specific	  signatures	  may	  respond	  differently	  to	  various	  treatments	  

•  Many	  steps	  needed	  to	  translate	  genomic	  data	  to	  pa8ent	  care:	  
–  which	  genomic	  changes	  are	  truly	  responsible	  for	  the	  disease	  
–  iden%fying	  or	  developing	  therapies	  to	  correct	  the	  impact	  of	  those	  changes.	  

•  This	  type	  of	  Personalized	  Medicine	  is	  not	  yet	  common,	  but	  studies	  like	  TCGA	  will	  make	  it	  a	  reality	  
in	  the	  future.	  

•  We	  are	  u%lizing	  the	  TCGA	  data	  to	  iden%fy	  biomarkers	  for	  Colon	  Cancer	  prognosis.	  



•  423	  Pa8ents	  with	  samples	  	  

•  333	  Downloadable	  Tumor	  
Samples	  

(Last	  Update	  09/02/11) 	  	  

COAD	   Total	  
Copy	  

Number	   Methyla%on	  
Gene	  

Expression	  
miRNA	  

Expression	  

Tumor	   333	   333	   166	   154	   186	  

Matched	  Normal	   386	   386	   37	   12	   0	  

Unmatched	  Normal	   29	   19	   3	   9	   0	  

TCGA	  Colon	  Cancer	  Samples	  	  

Unmatched	  
Normal	  

Matched	  
Normal	  

Tumor	  

h]p://cancergenome.nih.gov/	  
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Experimental	  and	  computa8onal	  studies	  at	  various	  scales	  
•  Molecular	  
•  Cellular	  
•  Organismal	  
•  Mechanisms	  of	  hallucinogenic	  drugs	  of	  abuse?	  
•  Mathema8cal	  models	  of	  receptor-‐mediated	  signaling	  proper8es	  

used	  to	  connect	  to	  experimentally	  determined	  signaling.	  
•  Molecular	  complexes	  and	  interac8ons	  of	  these	  compounds	  with	  

serotonin	  receptors	  in	  the	  G	  protein	  coupled	  receptors	  GPCRs	  
family	  and	  follow	  the	  mechanisms	  through	  ensuing	  interac8on	  
processes	  with	  other	  components	  of	  signaling	  cascades	  such	  as	  
membrane	  proteins	  (e.g.	  PIP2)	  and	  PDZ	  domains.	  



Example:	  What	  are	  the	  signaling	  mechanisms	  of	  
hallucinogenic	  drugs	  of	  abuse?	  

•  Hallucinogens:	  psychedelics,	  dissocia8ves,	  and	  deliriants.	  
•  Models	  necessary	  to	  develop	  a	  clear	  understanding	  of	  signal	  

propaga%on	  into	  the	  cell.	  	  
•  Example:	  experimental	  &	  computa%onal	  study	  to	  understand	  the	  

design	  principles	  of	  cell	  signaling	  mechanisms	  of	  hallucinogens	  
binding	  to	  	  serotonin	  receptors	  that	  cause	  ERK1/2	  ac%va%on.	  
(Chang,	  Gumus,	  Weinsten	  2009).	  

•  Computa%onal:	  develop	  a	  mathema8cal	  model	  of	  receptor-‐mediated	  
ERK1/2	  ac8va8on	  in	  cells	  expressing	  5-‐HT1A,	  5-‐HT2A	  subtype	  
serotonin	  receptors	  individually	  and	  together.	  

•  Experimental:	  measure	  ac8va8on	  of	  ERK1/2	  by	  ac8on	  of	  selec8ve	  
agonists	  on	  these	  receptors.	  

•  Inves8ga8on	  performed	  in	  HEK293	  cells	  originally	  derived	  from	  
Human	  Embryonic	  Kidney	  cells	  grown	  in	  8ssue	  culture	  (source	  a	  
healthy	  aborted	  fetus).	  

•  HEK293	  are	  ideal	  in	  inves8ga8on	  of	  protein-‐protein	  interac8on:	  (i)	  
extremely	  easy	  to	  culture	  and	  to	  transfect;	  (ii)	  used	  simply	  as	  a	  test	  
tube	  with	  a	  membrane,	  where	  the	  cell	  behavior	  itself	  is	  not	  of	  
interest..	  

www.altogen.com	  

serotonin	  



MAPK	  cascade	  ac%va%on	  by	  serotonin	  receptors:	  topological	  network	  	  
(5-‐HT1A	  and	  5-‐HT2A)	  

•  MAPK	  cascade	  ubiquitously	  expressed	  in	  diverse	  biological	  processes	  
•  MAPK	  signal	  transduc8on	  pathways	  mediate	  

–  short-‐term	  effects	  (modula8on	  of	  potassium	  channel	  and	  glutamate	  receptor	  func8on)	  
–  Long-‐term	  effects	  (cell	  differen8a8on,	  long-‐term	  poten8a8on,	  learning	  and	  memory)	  
–  Signaling	  through	  MAPK	  pathway	  posi8vely	  regulates	  immediate	  early	  genes	  
–  Tightly	  regulated	  in	  a	  variety	  of	  cells	  by	  mul8ple	  feedback	  loops	  
–  basic	  structure	  of	  all	  MAPK	  cascades	  is	  the	  same,	  but	  differences	  in	  feedback	  control	  enable	  them	  to	  generate	  a	  

plethora	  of	  biological	  responses,	  including	  oscilla8ons,	  gradual	  and	  ultrasensi8ve	  responses	  



Why	  do	  modeling?	  

•  5-‐HT2A	  receptors…	  	  direct	  targets	  of	  hallucinogens…	  	  but	  balance	  of	  signaling	  
ac8vi8es	  that	  produce	  hallucinogenic	  effect	  remains	  unknown.	  

•  How	  are	  ac%vated	  receptors	  integrated	  into	  signaling	  pathways?	  

•  How	  can	  specific	  conforma8ons	  of	  the	  ac8vated	  receptor	  establish	  the	  dis8nct	  
paherns	  of	  signal	  transduc8on	  observed	  when	  they	  bind	  different	  ligands?	  

•  E.g.	  hallucinogens	  produce	  en8rely	  different	  transcriptome	  fingerprints	  compared	  
to	  non-‐hallucinogenic	  congeners.	  

•  Which	  of	  the	  reac%ons	  in	  these	  complex	  networks	  are	  important?	  

•  Where	  are	  the	  cross-‐talk	  points	  regulated	  by	  upstream,	  downstream	  
components?	  

•  Essen8al	  to	  acquire	  qualita8ve	  informa8on	  on	  which	  interac8ons	  take	  place	  and	  
quan8ta8ve	  data	  on	  their	  strength	  and	  modeling	  to	  integrate	  such	  informa8on.	  



•  Representa8ve	  Western	  blot	  (A,	  C,	  D)	  and	  quan8ta8ve	  analysis	  (B)	  of	  8me-‐course	  ac8va8on	  of	  MAPK	  in	  
HEK293	  cell	  lines,	  stably	  expressing	  only	  human	  5-‐HT1A	  or	  5-‐HT2A	  receptors.	  Note	  that	  B	  is	  the	  
quan8ta8ve	  result	  of	  three	  experiments	  in	  HEK293-‐h5-‐HT1AR	  cells	  with	  1μM	  of	  Xaliproden	  HCl	  (shown	  by	  
solid	  squares).	  Serum	  (Bovine	  Calf	  Serum)	  was	  used	  as	  the	  posi8ve	  control.	  C	  and	  D	  show	  experiments	  in	  
which	  the	  HEK293-‐h5-‐HT2A	  receptors	  were	  treated	  with	  1nM	  TCB-‐2	  and	  10μM	  α-‐methyl-‐5-‐HT,	  
respec8vely.	  Both	  C	  and	  D	  indicate	  that	  5-‐HT2AR	  ac8va8on	  resulted	  in	  a	  sustained	  ERK	  ac8va8on.	  



ERK-‐ac8va8on	  

•  Xaliproden	  HCl:	  5-‐HT1AR	  agonist.	  
•  TCB-‐2:	  high-‐affinity	  5-‐HT2AR	  agonist.	  

•  Ketanserin:	  5-‐HT2AR	  antagonist.	  	  



•  Time-‐course	  ac8va8on	  of	  ERK	  in	  HEK293	  cell	  lines,	  stably	  expressing	  both	  human	  5-‐HT1A	  and	  5-‐HT2A	  receptors.	  Representa8ve	  Western	  blots	  are	  
shown	  in	  A,	  C	  and	  quan8ta8ve	  analyses	  of	  three	  experiments	  are	  displayed	  in	  B,	  D.	  The	  agonists	  Xaliproden	  HCl	  (1	  μM)	  and	  TCB-‐2	  (10	  nM)	  were	  used	  
to	  ac8vate	  5-‐HT1A	  and	  5-‐HT2A	  receptors,	  respec8vely,	  in	  the	  presence	  (C,	  D)	  or	  absence	  (A,	  B)	  of	  50nM	  Ketanserin.	  In	  panel	  B,	  solid	  squares	  denote	  
5-‐HT1A-‐specific	  response;	  open	  triangles	  denote	  the	  5-‐HT2A	  response;	  and	  open	  circles	  denote	  the	  combined	  response	  of	  the	  two	  receptors.	  In	  panel	  
D,	  solid	  squares	  denote	  the	  combined	  response	  of	  5-‐HT1A	  and	  5-‐HT2A	  in	  the	  presence	  of	  Ketanserin;	  open	  triangles	  denote	  the	  5-‐HT2A-‐mediated	  
ERK	  ac8va8on;	  open	  circles	  denote	  the	  same	  response	  in	  the	  presence	  of	  Ketanserin.	  



MAPK	  cascade	  ac%va%on	  by	  serotonin	  receptors:	  mathema%cal	  model	  
(5-‐HT1A	  and	  5-‐HT2A)	  

Integra8ve	  representa8on	  of	  currently	  known	  kine8cs.	  	  
light	  grey	  area	  is	  cell-‐type	  specific/not	  demonstrated	  in	  HEK293.	  
Network	  representa8ons	  are	  incomplete;	  parameters	  have	  significant	  uncertain8es	  
*	  Model	  simula8ons	  can	  aid	  ongoing	  efforts	  to	  construct	  an	  increasingly	  comprehensive	  mechanis8c	  
understanding	  by	  valida8ng/elimina8ng	  specific	  assump8ons,	  answering	  par8cular	  ques8ons	  and	  guide	  
experiments	  by	  producing	  testable	  hypotheses.	  	  



The	  mathema%cal	  model	  &	  simula%on	  

•  112	  species	  
•  228	  parameters	  
•  128	  real	  reac8ons	  
•  Simulate	  at	  

–  (i)	  steady	  state	  (no	  
concentra8on	  changes	  prior	  
to	  s8mula8on)	  

–  Time	  course	  (variables	  are	  
determined	  as	  at	  8me	  
series	  upon	  ligand	  
treatment,	  using	  the	  steady-‐
state	  concentra8ons	  as	  
star8ng	  values)	  

–  Simulate	  each	  receptor	  
alone,	  and	  together.	  	  

Simula%on	  of	  %me-‐course	  MAPK	  ac%va%on	  in	  cells	  stably	  expressing	  human	  5-‐HT1A	  and	  5-‐HT2A	  receptors.	  	  
A:	  Phosphorylated	  ERK	  (ERK_PP)	  5-‐HT1AR	  s8mula8on	  by	  ligands	  w/	  different	  efficacy/	  receptor	  ac8vity	  values.	  
	  B:	  ERK_PP	  aqer	  s8mula8on	  of	  5-‐HT2AR	  by	  ligands	  w/	  2	  different	  efficacy/receptor	  ac8vity	  values.	  
C	  &	  D:	  results	  of	  parameter	  op8miza8on.	  Circles-‐average	  experimental	  values	  from	  three	  experiments	  in	  cells	  expressing	  both	  receptors,	  s8mulated	  
with	  either	  1A	  agonist	  (in	  C)	  or	  2A	  agonist	  (D).	  In	  both,	  solid-‐	  ini8al	  results,	  interrupted	  -‐	  result	  from	  op8miza8on	  of	  the	  most	  sensi8ve	  parameter	  (k51	  
in	  C;	  k82	  in	  D).	  Dohed-‐	  results	  of	  simula8on	  with	  op8mized	  parameters	  (all	  parameters	  with	  |S|	  >	  0.3	  from	  the	  sensi8vity	  analysis).	  Final	  R2	  values	  for	  
this	  simula8on	  are	  0.983	  in	  6C,	  and	  0.995	  in	  6D.	  



Signal	  transmission	  mechanisms	  

•  (i)	  protein	  protein	  interac8ons	  and	  enzyma8c	  reac8ons	  such	  as	  
protein	  phosphoryla8on	  and	  dephosphoryla8on	  

•  (ii)	  protein	  degrada8on	  or	  produc8on	  of	  intracellular	  messengers.	  
•  Basic	  chemical	  reac8on	  schemes:	  

•  The	  reac8ons	  are	  completely	  specified	  by	  rate	  constants	  and	  ini8al	  
concentra8on	  of	  each	  reactant	  (A,	  B,	  C,	  D).	  

•  How	  do	  you	  es8mate	  the	  parameters?	  
–  published	  experimental	  studies	  
–  Op8miza8on	  
–  The	  mathema8cal/kine8c	  pathway	  model	  should	  yield	  results	  very	  similar	  

to	  experimental	  data	  



Sensi%vity	  analysis	  

•  To	  capture	  essen8al	  model	  characteris8cs	  	  

•  To	  determine	  cri8cal	  parameters	  that	  control	  peak	  phosphoryla8on	  of	  
ERK1/2:	  

–  Ini8al	  condi8ons	  of	  species	  states	  
–  Kine8c	  rate	  constants	  
–  Plot	  8me-‐dependent	  sensi8vi8es	  of	  phosphorylated	  ERK1/2	  to	  

changes	  in	  parameters	  and	  iden8fy	  sensi8vity	  values	  at	  the	  8me	  point	  
of	  phosphorylated	  ERK1/2	  peaks	  



•  In	  silico	  experiment	  of	  parameter	  perturba8on	  for	  state	  variables	  ERK	  ac8va8on.	  A.	  Increase	  of	  Raf	  in	  the	  
5-‐HT1AR-‐triggered	  pathway,	  B.	  Varia8on	  of	  MKP	  in	  the	  5-‐HT2AR-‐triggered	  pathway;	  C	  &D.	  Changes	  of	  
PP2A	  (in	  C)	  and	  of	  PKC	  (in	  D)	  in	  the	  combined	  pathways	  triggered	  by	  the	  two	  receptors	  (5-‐	  HT1A/2AR).	  
Note	  that	  concentra8ons	  of	  ligands	  in	  models	  are	  as	  used	  in	  the	  experiment:	  1	  μM	  Xaliproden	  HCl	  for	  the	  
5-‐HT1A	  receptor;	  10	  nM	  of	  TCB-‐2	  for	  the	  5-‐HT2A	  receptor.	  



Parameter	  Es%ma%on	  
•  Mathema%cal	  model:	  a	  set	  of	  coupled	  ODEs;	  parametric	  reac%on	  rate	  constants;	  ini%al	  concentra%ons.	  

•  Can	  modifying	  cri%cal	  parameters	  lead	  to	  a	  be]er	  model	  fit	  of	  experimental	  ERK1/2	  data?	  
–  Min.	  sum	  of	  squared	  errors	  between	  experimental	  and	  simulated	  phosphorylated	  ERK1/2	  concentra8on	  at	  different	  

8me	  points	  by	  manipula8ng	  these	  parameters.	  

–  Assume	  experimental	  error	  normally	  distributed	  with	  zero	  mean	  and	  covariance	  matrix	  same	  in	  each	  8me	  point	  and	  
diagonal.	  

–  Iden8fy	  a	  set	  of	  parameter	  combina8ons	  that	  lead	  to	  observed	  phosphorylated	  ERK1/2	  behavior.	  

–  Best	  parameter	  combina%on	  is	  not	  unique:	  different	  sets	  of	  combina%ons	  can	  lead	  to	  the	  same	  observed	  output,	  an	  
inherent	  property	  of	  mul%-‐parameter	  nonlinear	  systems	  biology	  models.	  

i	  -‐index	  of	  components	  with	  explicit	  8me	  deriva8ves	  in	  the	  model	  of	  size	  I,	  	  
y	  -‐vector	  of	  8me-‐dependent	  species	  concentra8ons	  (state	  variables);	  	  
y0-‐	  ini8al	  concentra8on	  of	  	  at	  t0;	  	  
K-‐	  vector	  of	  rate	  constants	  to	  be	  es8mated;	  	  
ERK_PPM-‐	  experimental	  and	  simulated	  values	  of	  phospho-‐ERK1/2	  at	  mth	  data	  point,	  	  
Func8on	  g	  involves	  changes	  of	  species	  upon	  8me	  and	  rate	  constants.	  	  
Four	  experimental	  data	  points	  of	  phospho-‐ERK1/2:	  0,	  5,	  15,	  45	  minutes,	  each	  based	  on	  the	  average	  of	  three	  experimental	  results.	  Lower	  and	  upper	  bounds	  of	  y	  and	  k	  are	  indicated	  by	  L	  and	  U,	  
respec8vely.	  	  

Convex	  objec%ve	  func%on	  ,	  but	  the	  reac8on	  rate	  terms	  in	  constraints	  g	  are	  nonlinear	  and	  nonconvex;	  problem	  is	  nonconvex.	  
Mminimiza8on	  is	  over	  both	  the	  rate	  constants	  (k)	  and	  the	  state	  variables	  (y),	  this	  is	  true	  for	  constraints	  involving	  even	  the	  simplest	  
linear	  reac8on	  rate	  term	  ,	  which	  is	  bilinear	  (nonconvex).	  	  
Solu%on	  of	  this	  nonconvex	  problem	  with	  local	  op%mizers	  leads	  to	  a	  local	  op%mum.	  	  



Simula%ons	  and	  Op%miza%on	  Algorithm	  

•  Simula8ons	  carried	  out	  using	  SimBiology	  
Toolbox	  within	  MATLAB	  

•  Differen8al	  equa8ons	  were	  integrated	  using	  
ode15s	  func8on,	  which	  as	  a	  variable	  order	  
solver,	  based	  on	  the	  numerical	  differen8a8on	  
formulas	  and	  designed	  for	  s8ff	  systems	  

•  Local	  op8miza8on	  performed	  using	  fmincon	  
and	  lsqnonlin	  func8ons	  in	  SimBiology	  toolbox	  



Mechanisms	  of	  signal	  transfer	  

•  Regula8on	  by	  protein-‐protein	  interac8ons	  
•  Protein	  phosphoryla8on	  
•  Regula8on	  of	  enzyma8c	  ac8vity	  
•  Produc8on	  of	  second	  messengers	  
•  Cell	  surface	  signal	  transduc8on	  systems	  
Networking	  results	  in	  persistent	  ac8va8on	  of	  protein	  kinases	  

aqer	  transient	  s8mulus–	  implicated	  in	  diverse	  processes	  such	  
as	  neoplas8c	  transforma8on	  and	  learning	  and	  memory.	  
Muta8ons	  or	  altered	  gene	  expression	  can	  lead	  to	  persistent	  
ac8va8on.	  

Do	  connec8ons	  between	  pre-‐exis8ng	  signaling	  pathways	  result	  
in	  persistently	  ac8vated	  protein	  kinases	  capable	  of	  elici8ng	  
end-‐point	  biological	  effects?	  



Conclusions	  

•  Detailed	  topological	  representa8on	  of	  5-‐HT1A	  and	  5-‐HT2A	  receptors-‐
mediated	  ERK	  ac8va8on	  

•  Based	  on	  known	  reac8ons	  and	  assump8ons	  derived	  from	  canonical	  
pathways	  

•  Translate	  into	  mathema8cal	  equa8ons	  that	  describe	  the	  network	  topology	  
•  Computa8onally	  simulate	  the	  equa8ons	  
•  Lead	  to	  predic8ons	  of	  species	  concentra8on	  profiles	  that	  vary	  with	  respect	  

to	  8me	  upon	  ligand	  s8mula8on	  
•  Cells	  that	  express	  both	  receptors	  produce	  dynamics	  dis8nct	  from	  

receptors	  that	  are	  expressed	  alone.	  
•  When	  both	  are	  expressed,	  5-‐HT2A	  dominates	  the	  ERK	  signal.	  
•  Treatment	  with	  5-‐HT2A	  antagonist	  (Ketanserin)	  produces	  a	  switch	  in	  ERK	  

ac8va8on	  pahern	  from	  sustained	  to	  transient.	  
•  Individual	  pathway	  models	  produce	  results	  in	  qualita8vely	  good	  

agreement	  with	  the	  experimental	  data,	  and	  parameter	  op8miza8on	  
establishes	  quan8ta8ve	  agreeement.	  



Conclusions	  

•  Important	  parameters	  and	  intrinsic	  behaviors	  of	  the	  system	  are	  further	  revealed	  by	  
sensi8vity	  analysis	  and	  parameter	  op8miza8on.	  

•  Models	  suggest	  that	  cons8tu8ve	  ac8vity	  combined	  with	  specific	  drug	  efficacy	  may	  
determine	  dis8nct	  dynamics	  of	  5-‐HT	  receptors	  mediated	  ERK1/2	  pathway,	  affec8ng	  
the	  receptor	  ac8va8on	  phenotypes.	  

•  In	  silico	  experiments	  provide	  insights	  to	  the	  underlying	  mechanisms	  of	  ERK	  
pathways	  via	  5-‐HT	  receptors	  which	  can	  be	  further	  valided	  by	  inhibitors	  or	  
ac8vators,	  siRNA	  or	  trasfec8ons	  to	  influence	  the	  ac8vity	  and	  expression	  of	  target	  
genes.	  


