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Outline	  

•  Some	  research	  quesEons	  omics	  projects	  
•  Omics	  data?	  
•  Genomics	  and	  epigenomics	  
•  Breast	  cancer	  project	  
•  Drought	  resistant	  rice	  project	  
•  Discussion	  
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Drug Resistant Cancer 

•  The OSU-IU Center for Cancer Systems Biology has 
been investigating the mechanism of developing drug 
resistance in  

  breast, prostate, and ovarian cancer. 
•  In particular, we are interested in investigating  

 changes in epigenetic mechanisms in terms of  
 gene regulation and pathway activation  
 while in transition to a hormone-/chemo-sensitive  
 to a hormone-/chemo-insensitive phenotype in 
cancer. 
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Breast Cancer Subtypes 

•  Human biology underlying breast cancer 
subtypes. 

•  A collection of breast cancer cell lines for the 
study of functionally distinct cancer subtypes.  
 Cancer Cell. 2006. 10:515–527  
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Drought	  Resistant	  Rice	  

•  HunEng	  for	  genes	  that	  can	  be	  modified	  	  -‐-‐	  
hopefully	  safely	  –	  for	  more	  drought	  resistant	  
rice	  	  
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These Questions Can Be Better Answered by 
Constructing Networks of Biological Entities of 

Multiple Types. 

•  (Current research)  
 genomic variations 

 à cancer susceptibility, etc  
 
•  (New direction) 

 Networks of genetic and  
 epigenetic elements 
 à cancer susceptibility, etc 
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Image from Nature Reviews Genetics 7, 664-665 



Genomics, epigenomics, and 
phenotypes 
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Omics	  
•  Complete	  measurement	  of	  biological	  events	  in	  the	  whole	  cell.	  
•  Genomics	  

–  Genome	  sequence	  
–  Expression	  of	  genes	  

•  Epigenomics	  
–  “Epi”	  means	  “on”	  or	  “upon”,	  thus	  control	  mechanisms	  for	  geneEc	  
elements	  

–  DNA	  methylaEon	  

–  Histone	  modificaEon	  
–  Non-‐coding	  RNA	  interference	  with	  coding	  genes.	  
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Genetic and Epigenetic Elements  
literature	  



Genomics and Disease 

http://www.cdc.gov/genomics/public/index.htm 
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http://www.cancer.gov/cancertopics/understandingcancer/geneticvariation/page2 
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Normal  Cancer 

Region-Specific Hyp
ermethylation 

Accumulation of Genetic and  

Epigenetic Abnormalities 

Global  
Hypomethylation 

+ 

Progressive Accumulation of DNA Methylation in Cancer 
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The	  1st	  and	  2nd	  RevoluEon	  in	  Sequencing	  
Technologies	  

Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	   13	  



TF	  and	  microRNA	  Regulates	  Many	  Genes	  

microRNAs 

Exp conditions 
Exp  conditions 

genes 

TF	  
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Breast cancer subtypes (since 2005) 
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Breast Cancer Project 
•  A collection of breast cancer cell lines for the study of 

functionally distinct cancer subtypes. Cancer Cell. 2006. 
10:515–527  
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•  Already available 
–  Genome-wide DNA methylation

 data 
–  Gene expression data  

•  We plan to do: 
–  Sequencing of selected genes 

and CpG islands. 
–  TF ChIP-seq 
–  RNA-seq 



•  h]p://cancergenome.nih.gov/	  
•  To	  chart	  the	  genomic	  changes	  involved	  in	  
more	  than	  20	  types	  of	  cancer.	  	  

•  To	  date,	  TCGA	  has	  achieved	  comprehensive	  
sequencing,	  characterizaEon,	  and	  analysis	  of	  
the	  genomic	  changes	  in	  the	  brain	  cancer,	  
glioblastoma	  mulEforme,	  and	  ovarian	  cancer.	  
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Mutual	  exclusively	  modules	  in	  cancer	  (MEMo)	  analysis	  
DC Koboldt et al. Nature 000, 1-10 (2012) doi:10.1038/nature11412 
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3	  Research	  QuesEons	  

•  Towards	  transcripEonal	  network	  biomarkers.	  
•  TF-‐DNA	  interacEons	  and	  their	  effect	  on	  
downstream	  gene	  regulaEon.	  

•  Integrated	  analysis	  of	  microRNA	  and	  mRNA	  
omics	  data.	  
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TF Networks of 30 Breast Cancer Cells 

Basal-‐B 

Basal-‐A 

Luminal 

Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	   20	  



10	  Basal-‐B	  Cell	  Lines 

7	  Basal-‐A	  Cell	  Lines 

10	  Luminal	  Cell	  Lines 

Network Constructed from TCGA BRC Normal Data 
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Network Constructed from TCGA BRC Tumor Data 
 

10	  Basal-‐B	  Cell	  Lines 10	  Luminal	  Cell	  Lines 
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Network	  of	  microRNAs	  and	  Genes	  

microRNAs 

Exp conditions 
Exp  conditions 

genes 
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microRNA	  Networks	  	  
•  ComputaEonal	  Analysis	  of	  MicroRNA	  Profiles	  and	  Their	  Target	  Genes	  Suggests	  Significant	  

Involvement	  in	  Breast	  Cancer	  AnEestrogen	  Resistance.	  	  Bioinforma)cs.	  2009	  Feb	  
15;25(4):430-‐4.	  

•  Nam	  S,	  Li	  M,	  Choi	  K,	  Balch	  C,	  Kim	  S,	  Nephew	  KP.	  MicroRNA	  and	  mRNA	  integrated	  analysis	  
(MMIA):	  a	  web	  tool	  for	  examining	  biological	  funcEons	  of	  microRNA	  expression.	  Nucleic	  
Acids	  Res.	  2009	  May	  6.	  

•  An	  integraEve	  analysis	  of	  cellular	  contexts,	  miRNAs	  and	  mRNAs	  reveals	  network	  clusters	  
associated	  with	  anEestrogen-‐resistant	  breast	  cancer	  cells.	  BMC	  Genomics.	  2012	  Dec	  
27;13:732.	  

•  We	  are	  expanding	  MMIA	  for	  the	  sequencing	  data	  and	  also	  developing	  new	  algorithms.	  

•  Sequence	  microRNA	  Champiagn!	  
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TranscripEon	  Factor	  &	  DNA	  MethylaEon	  	  
Analysis	  in	  Cancer	  

•  A	  mixture	  model-‐based	  discriminate	  analysis	  for	  idenEfying	  ordered	  transcripEon	  factor	  binding	  site	  
pairs	  in	  gene	  promoters	  	  directly	  regulated	  by	  estrogen	  receptor-‐alpha.	  	  Bioinforma)cs.	  2006;22(18):
2210-‐6.	  

•  dPa]ern:	  transcripEon	  factor	  binding	  site	  (TFBS)	  discovery	  in	  human	  genome	  using	  a	  discriminaEve	  
pa]ern	  analysis.	  	  Bioinforma)cs.	  2007	  Oct	  1;23(19):2619-‐21.	  

•  PredicEng	  DNA	  methylaEon	  suscepEbility	  using	  CpG	  flanking	  sequences.	  	  Pac	  Symp	  Biocomput.	  
2008:315-‐26.	  

•  Enriched	  transcripEon	  factor	  binding	  sites	  in	  hypermethylated	  gene	  promoters	  in	  drug	  resistant	  
cancer	  cells.	  	  Bioinforma)cs.	  2008	  Aug	  15;24(16):1745-‐8.	  

•  Integrated	  Analysis	  of	  DNA	  MethylaEon	  and	  Gene	  Expression	  Reveals	  Specific	  Signaling	  Pathways	  
Associated	  with	  PlaEnum	  Resistance	  in	  Ovarian	  Cancer.	  BMC	  Medical	  Genomics,	  2009,	  2:34	  

•  Genome-‐wide	  DNA	  methylaEon	  maps	  in	  follicular	  lymphoma	  cells	  determined	  by	  methylaEon-‐
enriched	  bisulfite	  sequencing,	  PLoS	  ONE,	  2010	  Sep	  29;5(9)	  

•  Oncogenic	  ETS	  proteins	  mimic	  acEvated	  RAS/MAPK	  signaling	  in	  prostate	  cells.	  	  Genes	  and	  
Development,	  2011.	  25:	  2147-‐2157.	  

•  A	  Novel	  K-‐mer	  Mixture	  LogisEc	  Regression	  for	  MethylaEon	  SuscepEbility	  Modeling	  of	  CpG	  
DinucleoEdes	  in	  Human	  Gene	  Promoters,	  BMC	  Bioinforma)cs,	  2012,	  13(suppl	  3)	  

•  CpG	  island	  shore	  methylaEon	  regulates	  caveolin-‐1	  expression	  in	  breast	  cancer.	  Oncogene,	  2012	  	  
•  Genome-‐wide	  analysis	  and	  modeling	  of	  DNA	  methylaEon	  suscepEbility	  in	  30	  breast	  cancer	  cell	  lines	  

by	  using	  CpG	  flanking	  sequences.	  Journal	  of	  Bioinforma)cs	  and	  Computa)onal	  Biology.	  in	  press.	  
•  Integrated	  Analysis	  of	  Genome-‐wide	  DNA	  MethylaEon	  and	  Gene	  Expression	  Profiles	  in	  Molecular	  

Subtypes	  of	  Breast	  Cancer,	  NAR,	  in	  press.	  Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	   25	  
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Step	  1.	  TF	  network	  construcKon	  
Step	  2.	  Adding	  DNA	  methylaKon	  è	  중요 TF	  발굴	  

Step	  3.	  중요 TF의 TF-‐Chip	  Sequencing	  

NAR,	  2013	  
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Target  gene Binding TF TFBS 
support rate 

CDH1 SMAD1 100.0  
CDH1 FOXO1 100.0  
CLDN4 CEBPA 62.5  
CLDN4 CEBPB 62.5  
CLDN4 CEBPD 62.5  
CLDN4 CEBPE 62.5  
CLDN4 CEBPG 62.5  
ESRP1 CUX1 90.0  
GRHL2 PDX1 100.0  
KRT19 PAX6 60.0  
PRR15L IKZF1 50.0  
AKR1B1 E2F1 91.7  
PLOD2 PAX3 100.0  

Downregulated	  target	  gene	  with	  TFBS	  on	  h
ypermethylated	  region 

SchemaEc	  overview	  of	  the	  phenotype-‐comparaEve	  analysis	  for	  interference	  of	  TF	  binding	  by	  
DNA	  methylaEon	  resulEng	  in	  the	  suppression	  of	  downstream	  gene	  expression 



Are	  These	  TF	  Related	  to	  Breast	  Cancer?	  
•  Genes	  CDH1,	  ESRP1	  and	  GRHL2	  have	  been	  shown	  to	  play	  

criEcal	  roles	  in	  epithelial-‐mesenchymal	  transiEon	  (EMT),	  a	  
process	  associated	  with	  metastaEc	  events	  in	  cancer	  and	  also	  
highly	  relevant	  to	  tumor	  progression	  (32,33).	  	  

•  A	  study	  by	  Dumont	  et	  al.	  (35)	  showed	  that	  the	  inducEon	  of	  
EMT	  was	  accompanied	  by	  repression	  of	  CDH1	  expression	  and	  
subsequent	  DNA	  hypermethylaEon	  at	  its	  promoter	  in	  basal-‐
like	  breast	  cancer.	  

•  Lombaerts	  et	  al.	  (34)	  reported	  that	  CDH1	  is	  downregulated	  by	  
promoter	  methylaEon	  and	  related	  to	  EMT	  in	  breast	  cancer	  
cell	  lines.	  	  



Are	  These	  TF	  Related	  to	  Breast	  Cancer?	  
(conEnued)	  

•  AddiEonally,	  recent	  studies	  showed	  that	  GRHL2	  and	  CDH1	  in	  
human	  breast	  cancer	  cells	  were	  highly	  correlated	  and	  
suppressed	  EMT	  by	  repressing	  expression	  of	  the	  ZEB1	  gene	  
(36,37).	  	  

•  ESRP1	  was	  shown	  to	  regulate	  a	  switch	  in	  CD44	  alternaEve	  
splicing,	  an	  event	  required	  for	  EMT	  and	  breast	  cancer	  
progression	  (38).	  	  

•  Moreover,	  there	  might	  be	  potenEal	  interplay	  between	  target	  
genes.	  Overexpression	  of	  GRHL2	  upregulated	  ESRP1	  
expression	  (36)	  and	  GRHL2	  was	  shown	  to	  be	  essenEal	  for	  
adequate	  expression	  of	  the	  CDH1	  and	  CLDN4	  (39).	  	  



Complex	  RelaEonship	  Analysis	  Among	  
TranscripEon	  Factor,	  DNA	  MethylaEon,	  

MutaEon,	  and	  	  Gene	  Expression	  
•  Integrated	  Analysis	  of	  Genome-‐wide	  DNA	  MethylaKon	  and	  Gene	  Expression	  Profiles	  in	  

Molecular	  Subtypes	  of	  Breast	  Cancer,	  NAR,	  in	  press.	  

•  mCpG-‐SNP-‐EXPRESS	  (h]p://biohealth.snu.ac.kr/mcpg-‐snp-‐express/)	  
•  mCpG-‐SNP-‐EXPRESS:	  An	  Integrated	  Analysis	  of	  DNA	  MethylaKon,	  Sequence	  VariaKon	  

(SNPs),	  and	  Gene	  Expression	  for	  DisKnguishing	  Cellular	  Phenotypes	  	  

•  Modeling	  DNA	  methylaKon	  suscepKbility	  and	  CpG	  islands.	  

•  A	  long	  long	  way	  to	  go!	  

Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	   29	  



A	  3-‐Step	  Strategy	  to	  Construct	  TF	  Networks	  

•  (1st	  Step):	  PutaEve	  TF	  network	  construcEon	  by	  
analyzing	  transcriptome	  data	  from	  cell	  lines	  of	  mulEple	  
phenotypes	  and	  also	  from	  data	  in	  the	  public	  domain.	  

•  (2nd	  Step):	  DNA	  methylaEon	  and/or	  histone	  data	  to	  
idenEfy	  and	  rank	  DNA-‐TF	  interacEons.	  
–  Suggest	  TF	  ChIP-‐seq	  experiments.	  

•  (3rd	  Step):	  Reconstruct	  TF	  network	  uElizing	  
transcriptome,	  methylome,	  and	  TF	  ChIP-‐seq	  data.	  



Drought resistant rice (since 2012) 
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Drought Resistant Rice 

•  Difference in biological mechanisms 
between drought resistant rice and non- 
drought resistant rice  

•  mRNA-seq 
•  MicroRNA 
•  DNA methylation 
•  TF ChIP-seq 

32	Bio & Health Informatics Lab, SNU	



The	  Same	  Biological	  Mechanisms	  Were	  
Highlighted	  by	  Four	  Omics	  Data	  Analyses	  	  	  

•  DifferenEally	  expressed	  pathways	  in	  drought	  
resistant	  condiEons	  

•  TF	  network	  analysis	  in	  drought	  resistant	  condiEons	  
•  Gene	  fusion,	  alternaEve	  splicing,	  and	  isoforms	  in	  
drought	  resistant	  condiEons	  

•  Non-‐coding	  RNA	  interference	  with	  coding	  genes	  in	  
drought	  resistant	  condiEons	  
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-‐ 	  DegradaEon	  of	  misfolded	  proteins 

-‐ 	  The	  addiEon	  of	  ubiquiEn	  to	  proteins	  being	  
degraded	  

Pathways	  InteracEons	  in	  Drought	  CondiEons 

Protein processing in 
endoplasmic reticulum  

Ubiquitin mediated 
proteolysis Proteasome JAZ 

Endocytosis 

Proteasome 

nucleus 
ER(소포체) 

Plasma	  membrane 

RNA 
degradation 

mRNA 
surveillance 
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Van 

	  	  	  0	  hour	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1hour	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  6hour 

Module	  1.	  	  
	  
Module	  2.	  
	  
Module	  3 
  

TF	  
Networks	  	  
in	  Drought	  
CondiKons	  
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Other	  Omics	  Projects 	  	  

•  Prostrate	  cancer	  
•  Ovarian	  cancer	  
•  Autoimmune	  disease	  
•  Organ	  transplant	  and	  immune	  systems	  
•  HunEngton	  disease	  
•  Global	  warming	  and	  plants	  
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Nice	  Marriage	  Between	  ComputaEonal	  
and	  Experimental	  Biology	  

microRNAs 

Exp conditions 

Exp  conditions 

genes 

TF	  

Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	   37	  

Next	  step	  experiments:	  
-‐  Knocking	  down	  genes	  including	  TFs	  
-‐  Targets	  
-‐  Data-‐driven	  biological	  networks:	  

-‐  TF-‐ChIP	  seq,	  HITS-‐CLIP,	  etc	  



BioVLAB: A Reconfigurable Cloud Infrastructure  
for Bioinformatics 

•  Collaboration between biologists and informaticians. 
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PuXng	  Altogether 
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+

(+	  DNA	  메틸화 정보) 

클라우드 시스템을 활용한 	  
	  전문가들의 연구 

TF	  

TF	  유전자 조절 네트워크	  

miRNA	  유전자 조절 네트워크	  

TF	  와 miRNA	  가 통합된  유전자 조절네트워크	  

Protein 
RN

A 
DN

A 

§  BioVLAB을 통한 의학/생물 연구자들과의 공동 연구 인프라구축 

 유전자 조절 네트워크와 	  
바이오마커 정보를 	  
클라우드 상에 업로드 



Imaging	  +	  GeneKcs	  +	  EpigeneKcs	  

Bio	  &	  Health	  InformaEcs	  Lab,	  SNU	  	  

h]p://medimoon.com/2012/11/amyloid-‐imaging-‐helps-‐in-‐evaluaEng-‐possible-‐alzheimer-‐disease/	  
h]p://coloradodemenEa.org/alzheimers-‐disease-‐in-‐colorado/	  
	  

Unfortunately,	  
Altzheimer.	  

Why?	  



Proteins,	  Enyzmes,	  MoEfs	  
•  Gene	  Cluster	  Profile	  Vectors:	  a	  method	  to	  infer	  funcEonally	  related	  gene	  
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