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•  Fourth	  Paradigm:	  Data-‐intensive	  Science	  
– Efficiency	  and	  Reliability	  

•  Itemset	  mining	  
•  Novel	  mul.ple	  tes.ng	  procedure	  for	  
discovering	  combinatorial	  factors	  (LAMP)	



Fourth	  Paradigm	  
Data-‐intensive	  Science	

•  1st:	  Empirical	  Science	  
•  2nd:	  Theore.cal	  Science	  
•  3rd:	  Computa.onal	  Science	  (Simula.on)	  
•  4th:	  Data-‐intensive	  Science	  
	  	  
•  Hypothesis	  determined	  by	  humans　⇒　
Verifica.on	  by	  data	  

•  NEW：Hypothesis	  generated	  by	  data	  analysis	  
⇒Verifica.on	  by	  data	  
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Ever	  increasing	  demand	  for	  	  
data	  scien.sts	

	  

　　	

Biology	

Chemistry	 Pharmacology	

Environmental	  
Science	

Materials	  
Science	

Smart	  grid	

Economics	

Machine	  
learning	



5 

“There will be a shortage of talent necessary for organizations to take  
advantage of big data. By 2018, the United States alone could face a  
shortage of 140,000 to 190,000 people with deep analytical skills  
as well as 1.5 million managers and analysts with the know-how to  
use the analysis of big data to make effective decisions.”	

BIG DATA	



What’s	  important	  in	  	  
data-‐intensive	  science	

Efficiency	
Prove	  the	  credibility	  of	  	  
your	  result	  of	  data	  analysis.	  
“Sta.s.cal	  Significance?”	  

Reliability	

Common	  Big-‐Data	  Studies	
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Quotes	

•  In	  2005,	  John	  Ioannidis,	  an	  epidemiologist,	  
published	  a	  research	  paper	  with	  the	  self-‐
explanatory	  .tle,	  “Why	  Most	  Published	  
Research	  Findings	  Are	  False”.	  The	  paper	  
became	  famous	  as	  a	  provoca.ve	  diagnosis	  of	  
a	  serious	  issue.	  One	  of	  the	  key	  ideas	  behind	  
Ioannidis’s	  work	  is	  what	  sta.s.cians	  call	  the	  
“mul.ple-‐comparisons	  problem”.	  
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Publishing	  system	  in	  life	  sciences	

Gene	  1	  causes	  disease	  	

Gene	  2	  causes	  disease	

Gene	  3	  causes	  disease	

…	

Gene	  N	  causes	  disease	

Hypotheses	  Set	
Data	

Sta.s.cal	  Test	

Significant?	

×	
◎	

×	

◎	

OK,	  publish!	  

OK,	  publish!	  



Reproducibility Crisis! 
(and statistics is to blame)	

•  Biological	  results	  reported	  in	  journals	  cannot	  
be	  reproduced	  
– Bayer:	  could	  not	  reproduce	  43	  of	  67	  studies	  
– Amgen:	  could	  not	  reproduce	  47	  of	  53	  studies	  

	  

	  
	  
	  
J.	  Ioannidis	  (Stanford)	

Data	  that	  are	  mul.dimensional	  (ie	  contain	  many	  
	  features)	  are	  par.cularly	  at	  risk	  of	  false	  posi.ves	  	  
and	  overfiing,	  par.cularly	  when	  analyzed	  by	  	  
inexperienced	  or	  untrained	  analysts.	  	  
(Lancet,	  2014)	



Huge increase in explanatory variables!
No increase in examples   	

False	  posi.ve	  more	  likely	  	  
→Have	  to	  apply	  stricter	  criterion	  	  
→Fewer	  discovery	  (!)	  
	

Curse	  of	  Dimensionality	  in	  Tes.ng	



Trans-‐omics	  Data	
•  DNA（muta(on,	  inser(on,	  

dele(on,	  CNV	  etc）	  

•  DNA	  methyla(on,	  Histon	  
modifica(on	  

•  mRNA	  expression,	  ncRNA	  
•  Protein	  expression,	  

modifica(on	  
•  Metabolite（Sugar,	  Amino	  

acids,	  Nucleo(des,	  lipids)	  
	  
	  

Clinical	  Data	  
Survival	  rate,	  Drug	  
resistance,	  Relapse,	  	  

Family	  history	



Drawbacks	  of	  “Single	  Factor	  Screening”	

•  Discover	  single	  factor	  
causing	  phenotype	  (e.g.,	  
disease)	  

•  BUT	  cellular	  processes	  are	  
highly	  combinatorial	

Single	  Factor	  
Screening	  

(e.g.,	  Chi2	  test）	  

Trans-‐omics	  data	  
Clinical	  data	  

Knock-‐down	  
Experiment	  
	

MycN	  

Knock	  down	  Experiments	  

Single	  Gene	  	

Single	  factor	  screening	  misses	  
combinatorial	  causes	  



Challenge:	  	  
Discovering	  Combinatorial	  Factors	  Associated	  

with	  Biological	  Phenomena	
•  Combinatorial	  Explosion	  

–  100m	  SNP	  x	  	  10,000	  Expression	  x	  10,000	  CNV	  =	  100	  trillion	  scores	  

•  Search	  tree,	  Evalua.on	  scores,	  Pruning,	  Ranking	  branches	  
•  Develop	  sophis.cated	  algorithms	  including	  itemset	  mining	  

…
	

…	

…	

{     }	

…	

…	

…	

…	

介入実験	

評価関数	

細胞ビッグデータ	  
臨床データ	  

パスウエイデータ	

探索木	

介入実験済	

介入実験	

評価値最大	  
介入実験へ	

評価関数	 評価関数	



Limitless	  Arity	  Mul.ple	  tes.ng	  Procedure	  (LAMP)	  	  
	  	

•  Reliability	  of	  scien(fic	  discovery	  is	  assessed	  by	  P-‐values	  
•  Mul(ple	  test	  (Bonferroni):	  If	  n	  candidate	  factors	  are	  available,	  

use	  0.05/n	  as	  significance	  level	  
•  Number	  of	  combinatorial	  factors	  is	  huge:	  No	  chance	  of	  

discovery	  
•  Reduce	  the	  Bonferroni	  factor	  drama(cally	  by	  itemset	  mining-‐

based	  algorithm	

Terada,	  Okada-‐Hatakeyama,	  Tsuda	  and	  Sese,	  PNAS,	  published	  (July	  23)	  	

GR	

EVI1	

LEF1	

OCT1	

NFAT	

FOXO4	

C/EBP	

8-Motif#
EGF#
0.5nM#
15min	

CTTTAAR	

>1	
>1	

>1	

>1	
>1	

>1	

>1	

>1	

0.0137	

> 1	
1.0	

0.0	

0.025	

0.05	

0.5	

p-value	
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Itemset mining 
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Data Mining 

n  A formal study of efficient 
methods for extracting 
interesting rules and patterns 
from massive data 

 
n Frequent itemset mining 

(Agrawal and Srikant 1994) 
n Closed pattern mining 
n Structured data mining 

(Sequence, Trees, and 
Graphs) 

email 

people 

@age @id 

60
8	

name 

#text 
#text 

person 

name 
@id 

60
9	

tel 

#text 

#text 

person 

2
5	

john@abc.com 

Joh
n 555-4567	

Mary 
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Frequent Itemset Mining  
[Agrawal, Srikant, VLDB'94] 

l  Finding all "frequent" sets of elements 
(items) appearing σ times or more in a 
database 

1 2 3 4 5

t1 ○ ○

t2 ○ ○

t3 ○ ○ ○ ○

t4 ○ ○ ○

t5 ○ ○ ○

1 2 3 4 5

t1 ○ ○

t2 ○ ○

t3 ○ ○ ○ ○

t4 ○ ○ ○

t5 ○ ○ ○

database

Minsup σ= 2 

The itemset lattice (2Σ, ⊆)	

Frequent setsFrequent 
sets 
∅,  
1, 2, 3, 4,  
12, 13, 14, 
23, 24, 124 	

X = {2, 4} appears  
three times, thus  

frequent 



  

Market Basket Data	

n  Popular application of itemset mining 
n  Business and Market data analysis 	
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ID Chips Mustard Sausage Softdrink Beer
001 1 0 0 0 1
002 1 1 1 1 1
003 1 0 1 0 0
004 0 0 1 0 1
005 0 1 1 1 1
006 1 1 1 0 1
007 1 0 1 1 1
008 1 1 1 0 0
009 1 0 0 1 0
010 0 1 1 0 1

003 1 0 1 0 0

•  Transaction Data 
of purchase	

•  a transaction  
or a "basket"	

• Item 

• Meaning of the transaction 003 
    "Custmer 003 bought Chips and Sausage together in his basket"	



  

Backtracking Algorithm: 
FP Growth etc.	

n  Monotonicity: Support only decreases 
n  Depth First Traversal, Prune if support < σ 	
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Frequent sets



  

Summary: Itemset mining	

n  Itemset mining is the simplest of all 
mining algorithms 

n Need to maintain occurrence of each 
pattern in database 

n Tree by lexicographical order is 
(implicitly) used	
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Novel multiple testing 
procedure for discovering 

combinatorial factors (LAMP) 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PNAS,	  2013	



Transcription factors (TFs) work in 
combination 

•  Omen	  several	  TFs	  are	  necessary	  to	  induce	  the	  
expression	  of	  downstream	  genes	

24	
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iPS Cell 

Example: Yamanaka Factor（K. Okita et al., Nature, 2007） 

OCT3/4 SOX2 KLF4 C-MYC 

Fibroblast 

DNA 
Gene 

Express#

TF 
Combinations of TFs 



Find statistically significant 
combinations of TF binding motifs  
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… Motifs 

Up-‐regulated	 No-‐regulated	

With	  Mo(f	  	  
Combina(on	

4	 0	
Without	 0	 5	

Con.ngency	  table	  for	  	

P-‐value	  by	  Fisher	  exact	  test	  
0.0079	

Significant?	  
No	  –	  You	  have	  to	  apply	  mul.ple	  
	  	  	  	  	  	  	  	  	  	  tes.ng	  procedure	



•  100 motifs in total#
•  Number of tests#

•  Corrected threshold#
　　δ=0.05/5050#
         = 9.9×10-6#

•  Bonferroni is too 
conservative!#

#

#

Bonferroni Correction 

•  Family-wise error 
rate(FWER)#
–  At least one false 

discovery occurs#
•  P-value threshold δ is 

determined such that 
FWER is below α#

•  For m tests,#

26 

m
α

δ =



New Proposal:  
Limitless Arity Multiple testing Procedure  

(LAMP) 
•  Count the exact number of “testable” 

combinations#
–  Infrequent combinations do not affect family-wise 

error rate#
– Stepwise procedure involving itemset mining#

•  Calibrate the correction factor to the smallest 
possible value#

•  Discovered statistically significant motif 
combinations in yeast and breast cancer 
expression data 
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Raw	  p-‐value	

•  Null	  Hypothesis	  H	  
– Two	  variables	  are	  independent	  

•  P-‐value:	  p(a,b,c,d)	  
– Probability	  of	  observing	  stronger	  table	  than	  observed	  
–  If	  smaller	  than	  α,	  reject	  H	  (discovery!)	  

•  Type-‐I	  error:	  reject	  H	  when	  it	  is	  true	  
•  Probability	  of	  type-‐I	  error	  must	  sa.sfy	  

Up	  regulated	 No	  regulated	

With	  Mo(f	  
Combina(on	

a	 b	

Without	 c	 d	

P(p <α |H ) ≤α



Mul.ple	  Tests	

•  m	  null	  hypotheses	  H1,…,Hm	  

•  V:	  Number	  of	  rejec.ons	  in	  m	  tests	  
•  Probability	  that	  more	  than	  one	  type-‐I	  error	  
occurs:	  Family-‐wise	  error	  rate	  (FWER)	  	  

	  

•  Mul.ple	  tes.ng	  procedures	  aim	  to	  control	  
FWER	  under	  α	

∩
m

i
iHVP

1

)|0(
=

>



Bonferroni	  Correc.on	

•  Given	  threshold	  δ、FWER	  is	  bounded	  as	  

•  Thus,	  seing	  δ=α/m	  calibrate	  FWER	  bound	  to	  
α	  	

∩
m

i
iHVP

1

)|0(
=

>

δ

δ

m

HpP
m

i
ii

≤

≤≤∑
=1

)|( Union	  bound	  

Defini.on	  of	  p-‐value	  



•  P-‐value	  by	  Fisher	  exact	  test	  cannot	  be	  smaller	  
than	  	  	  

	  

•  No	  chance	  of	  false	  discovery,	  if	  	  
	  	

Up-‐regulated	 Not	  regulated	

With	  Mo(f	  
Combina(on	

a	 b	 x	

Without	 c	 d	 N-‐x	

nu	 N-‐nu	 N	

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
=

x
N

x
n

xf u /)(

δ≥)(xf

0)|( =< HpP δ

Occurrence	  
Frequency	



Tarone	  Correc.on	  (Biometrics,	  1990)	
•  	  Considering	  minimum	  p-‐value,	  FWER	  is	  
bounded	  as	  follows	  

•  Take	  maximum	  δ	  that	  keeps	  FWER	  bound	  below	  
α	  	  

	

∑
==

≤≤>
m

i
ii

m

i
i HpPHVP
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δδ

δ
δ

|})(|{|

)|(
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≥

i

xfi
ii

xfi

HpP
i

Union	  bound	  

Use	  minimum	  p-‐value	  
to	  remove	  hypotheses	  

Defini.on	  of	  p-‐value	  



•  FWER	  is	  represented	  as	  	  

•  Iden.fy	  all	  mo.f	  combina.ons	  that	  sa.sfy	  	  

•  Inverse	  func.on	  	  

•  Find	  all	  combina.ons	  whose	  frequency	  is	  λ	  or	  
more	  by	  itemset	  mining	  

•  FWER	  bound	  is	  computed	  as	  	  	  	

δ≥)(xf

)1()(..)(1 −≤≤=− λδλλδ fftsf

δδ mg ʹ′=)(

δδδ |})(|{|)( ≥= ixfig

m’:	  Number	  of	  mo.f	  combin.ons	  whose	  	  
	  	  	  	  	  	  	  frequency	  is	  λ	  or	  more	



Finding	  op.mal	  δ	  that	  calibrates	  FWER	  
bound	  to	  α	

•  FWER	  bound	  is	  	  
piecewise	  linear	  

•  Repeat	  itemset	  mining	  
with	  decremen.ng	  the	  
frequency	  parameter	  

•  A	  line	  segment	  drawn	  
by	  a	  mining	  call	  

•  Finish	  if	  line	  segment	  
reaches	  α	





Applica.ons	  to	  Yeast	  Transcriptome	

•  Microarray	  data	  by	  Gasch	  et	  al	  
•  Binding	  mo.f	  data	  by	  SGD	  Database	  
•  102	  mo.fs,	  each	  binding	  to	  30.1	  genes	  on	  
average	  

•  Expressions	  of	  about	  6000	  genes	  measured	  on	  
173	  different	  condi.ons	



Sta.s.cally	  significant	  TF	  
combina.ons	  under	  a	  heat	  shock	  

condi.on	

37	

Combination	
LAMP (≦102)	 Bonferroni (≦4)	

K = 303	 K = 4,426,528	

HSF1# 4.41E-24# 6.44E-20#
MSN2# 3.73E-11# 5.45E-07#
MSN4# 0.00053# > 1#
SKO1# 0.00839# > 1#
SNT2# 0.0192# > 1#
PHD1, SUT1, SOK2, SKN7# 0.0272# > 1#

Corrected p-value（p-value*K）#

Red：significant 





Applica.on	  to	  MCF7	  human	  breast	  
cancer	  cells	  (GSE6462)	

•  Treated	  with	  epidermal	  growth	  factor	  (EGF)	  or	  
heregulin	  (HRG)	  
– 0.1,	  0.5,	  1,	  10	  nM	  

•  Expression	  measured	  5,	  10,	  15,	  30,	  45,	  60	  
mins	  amer	  

•  Mo.fs	  taken	  from	  MSigDB	  
•  397	  mo.fs,	  Approx.	  12000	  genes	  
•  LAMP	  K=	  1,174,108	  ～	  3,750,336	  
•  Bonferroni	  K=1.4	  	  x	  1016	  	  (maximum	  arity	  =8)	  





Empirical	  FWER	

•  LAMP’s	  FWER	  is	  much	  closer	  to	  the	  
designated	  value	  0.05	



Computa.onal	  Time	



Concluding	  Remarks	  (LAMP)	

•  LAMP	  is	  much	  more	  sensi.ve	  than	  Bonferroni,	  
whereas	  FWER	  is	  strictly	  kept	  under	  threshold	  

•  Immediately	  applicable	  to	  sequences,	  trees	  
and	  graphs	  

•  Minimum	  p-‐value	  must	  be	  strictly	  posi.ve	  
– LAMP	  cannot	  be	  applied	  to	  t-‐test	  
– Sta.s.cal	  tests	  with	  “robustness”	  can	  be	  
combined	  with	  LAMP	



Everything	  goes	  “Personal”	

•  Reference	  genome　→　Personal	  genomes	  
•  Cell	  popula.on　→　Single	  cell	  measurement	  
•  Similar	  to	  current	  status	  of	  data	  mining	  	  

– Analyze	  average	  behavior	  of	  customers	  （Obsolete!）	  
– Focus	  on	  difference	  among	  customers	  

•  You	  do	  not	  need	  sophis.cated	  algorithms	  for	  
studying	  averages	  

•  Knowledge	  discovery	  tools	  to	  the	  center	  stage	  of	  
sciences	  	


