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Quotes

• In	
  2005,	
  John	
  Ioannidis,	
  an	
  epidemiologist,	
  
published	
  a	
  research	
  paper	
  with	
  the	
  self-­‐
explanatory	
  title,	
  “Why	
  Most	
  Published	
  
Research	
  Findings	
  Are	
  False”.	
  The	
  paper	
  
became	
  famous	
  as	
  a	
  provocative	
  diagnosis	
  of	
  
a	
  serious	
  issue.	
  One	
  of	
  the	
  key	
  ideas	
  behind	
  
Ioannidis’s	
  work	
  is	
  what	
  statisticians	
  call	
  the	
  
“multiple-­‐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

Statistical	
  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	
  multidimensional	
  (ie contain	
  many
features)	
  are	
  particularly	
  at	
  risk	
  of	
  false	
  positives	
  
and	
  overfitting,	
  particularly	
  when	
  analyzed	
  by	
  
inexperienced	
  or	
  untrained	
  analysts.	
  
(Lancet,	
  2014)



Huge increase in explanatory variables
No increase in examples   

False	
  positive	
  more	
  likely	
  
→Have	
  to	
  apply	
  stricter	
  criterion	
  
→Fewer	
  discovery	
  (!)

Curse	
  of	
  Dimensionality	
  in	
  Testing





Trans-­‐omics Data • DNA（mutation,	
  insertion,	
  
deletion,	
  CNV	
  etc）

• DNAmethylation,	
  Histon
modification

• mRNA	
  expression,	
  ncRNA
• Protein	
  expression,	
  

modification
• Metabolite（Sugar,	
  Amino	
  

acids,	
  Nucleotides,	
  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

…

…

…

{     }

…

…

…

…

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 Multiple	
  testing	
  Procedure	
  (LAMP)	
  

• Reliability	
  of	
  scientific	
  discovery	
  is	
  assessed	
  by	
  P-­‐values
• Multiple	
  test (Bonferroni):	
  If	
  n	
  candidates	
  are	
  available,	
  use	
  

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

discovery
• Reduce	
  the	
  Bonferroni factor	
  dramatically	
  by	
  itemset mining-­‐

based	
  algorithm

Terada,	
  Okada-­‐Hatakeyama,	
  Tsuda and	
  Sese,	
  PNAS,	
  2013	
  

GR
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Talk	
  Agenda

• Theory	
  of	
  LAMP
– Set	
  Bonferroni factor	
  to	
  the	
  number	
  of	
  “testable	
  
patterns”	
  (Terada	
  et	
  al.,	
  PNAS	
  2013)	
  

• Efficient	
  Algorithms	
  of	
  LAMP
– Support	
  increase	
  algorithm	
  (Minato	
  et	
  al.,	
  ECMLPKDD	
  2014)

– Parallel	
  implementation	
  for	
  cloud	
  platforms	
  (NEW)	
  	
  
• Selective	
  inference	
  in	
  pattern	
  mining	
  	
  
– P-­‐value	
  conditional	
  on	
  selection	
  event	
  (Taylor	
  and	
  

Tibshirani,	
  PNAS	
  2015)

14



Limitless	
  Arity Multiple	
  testing	
  Procedure	
  (LAMP)	
  
Terada,	
  Okada-­‐Hatakeyama,	
  Tsuda and	
  Sese,	
  PNAS,	
  2013	
  



Transcription factors (TFs) work in 
combination

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

16
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	
  Motif	
  	
  
Combination

4 0
Without 0 5

Contingency	
  table	
  for	
  

P-­‐value	
  by	
  Fisher	
  exact	
  test
0.0079

Significant?
No	
  – You	
  have	
  to	
  apply	
  multiple

testing	
  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,

18

m
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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
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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	
  satisfy

Up regulated No regulated
With	
  Motif	
  
Combination

a b

Without c d

aa £< )|( HpP



Multiple	
  Tests

• m	
  null	
  hypotheses	
  H1,…,Hm

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

• Multiple	
  testing	
  procedures	
  aim	
  to	
  control	
  
FWER	
  under	
  α

!
m

i
iHVP

1

)|0(
=

>



Bonferroni Correction

• Given	
  threshold	
  δ、FWER	
  is	
  bounded	
  as

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

!
m

i
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Definition	
  of	
  p-­‐value



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

• No	
  chance	
  of	
  false	
  discovery,	
  if	
  

Up-­‐regulated Not regulated
With Motif	
  
Combination

a b x
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Tarone Correction	
  (Biometrics,	
  1990)
• Considering	
  minimum	
  p-­‐value,	
  FWER	
  is	
  
bounded	
  as	
  follows

• Take	
  maximum	
  δ that	
  keeps	
  FWER	
  bound	
  below	
  
α	
  

å
==

££>
m

i
ii

m

i
i HpPHVP
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Finding	
  optimal	
  cut-­‐off	
  δ that	
  
calibrates	
  FWER	
  bound	
  to	
  α

• FWER	
  bound is	
  	
  
piecewise	
  linear

• Repeat	
  itemset mining	
  
with	
  decrementing	
  the	
  
frequency	
  parameter

• A	
  line	
  segment	
  drawn	
  
by	
  a	
  mining	
  call

• Finish	
  if	
  line	
  segment	
  
reaches	
  α



Repeat	
  itemset mining	
  with	
  decrementing	
  support	
  
until	
  all	
  testable	
  patterns	
  are	
  found



Statistically	
  significant	
  TF	
  combinations	
  
under	
  a	
  heat	
  shock	
  condition	
  (Yeast)

27

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





Application	
  to	
  MCF7	
  human	
  breast	
  
cancer	
  cells	
  (GSE6462)



Fast	
  Westfall-­‐Young	
  Methods
• A.	
  Terada,	
  K.	
  Tsuda,	
  and	
  J.	
  Sese. Fast	
  Westfall-­‐Young	
  Permutation	
  

Procedure	
  for	
  Combinatorial	
  Regulation	
  Discovery, IEEE	
  
International	
  Conference	
  on	
  Bioinformatics	
  and	
  Biomedicine	
  (BIBM),	
  
pages	
  153-­‐158,	
  2013.

• Sugiyama,	
  M.,	
  Llinares-­‐López,	
  F.,	
  Kasenburg,	
  N.,	
  &	
  Borgwardt,	
  K.	
  M.	
  
(2015).	
  Significant	
  subgraph mining	
  with	
  multiple	
  testing	
  correction.	
  
In SIAM	
  SDM (pp.	
  37-­‐45).

• Llinares-­‐López,	
  F.,	
  Sugiyama,	
  M.,	
  Papaxanthos,	
  L.,	
  &	
  Borgwardt,	
  K.	
  
(2015).	
  Fast	
  and	
  Memory-­‐Efficient	
  Significant	
  Pattern	
  Mining	
  via	
  
Permutation	
  Testing.	
  In Proceedings	
  of	
  the	
  21th	
  ACM	
  SIGKDD	
  
International	
  Conference	
  on	
  Knowledge	
  Discovery	
  and	
  Data	
  
Mining (pp.	
  725-­‐734).	
  ACM.

• Llinares-­‐López,	
  F.,	
  Grimm,	
  D.	
  G.,	
  Bodenham,	
  D.	
  A.,	
  Gieraths,	
  U.,	
  
Sugiyama,	
  M.,	
  Rowan,	
  B.,	
  &	
  Borgwardt,	
  K.	
  (2015).	
  Genome-­‐wide	
  
detection	
  of	
  intervals	
  of	
  genetic	
  heterogeneity	
  associated	
  with	
  
complex	
  traits. Bioinformatics,31(12),	
  i240-­‐i249.



Development	
  of	
  LAMP	
  
implementations

• Stepwise	
  search	
  (Terada	
  et	
  al.,	
  PNAS	
  2013)
– Repeats	
  itemset mining	
  with	
  decrementing	
  support
– SLOW:	
  up	
  to	
  several	
  hundreds	
  of	
  variables

• Support	
  increase	
  algorithm	
  (Minato	
  et	
  al.,	
  ECMLPKDD	
  2014)

– Depth	
  first	
  search	
  with	
  incrementing	
  support
– 100x	
  speed	
  up

• Massively	
  Parallel	
  LAMP	
  (NEW)
– 1000	
  cores	
  in	
  cloud	
  or	
  on-­‐premises
– MPI:	
  Work	
  stealing	
  and	
  Reduce-­‐Broadcast
– https://github.com/tsudalab/mp-­‐lamp



Support	
  Increase	
  Algorithm
• Depth	
  first	
  search	
  of	
  testable	
  patterns	
  	
  
– Deliberately	
  overshoot	
  by	
  starting	
  from	
  a	
  small	
  
support	
  

– Pruning	
  based	
  on	
  count	
  table:	
  Number	
  of	
  closed	
  
patterns	
  of	
  different	
  values	
  of	
  support	
  	
  	
  

Testable	
  patterns



LAMPLINK	
  (Terada	
  et	
  al.,	
  Bioinformatics	
  2016)	
  

• LAMP	
  implementation	
  for	
  genome-­‐wide	
  
association	
  study	
  (GWAS)	
  datasets

• Same	
  input/output	
  format	
  as	
  PLINK	
  



• Human	
  exome	
  data	
  by	
  1000	
  Genomes	
  Project	
  
12758	
  SNPs	
  and	
  697	
  individuals	
  

• Japanese	
  vs	
  Non-­‐Japanese
• 106	
  significant	
  patterns	
  (21	
  sec)	
  by	
  LAMPLINK



Parallel	
  Implementation	
  of	
  LAMP

• Tree	
  splitting	
  is	
  not	
  good
• Dynamic	
  load	
  balancing	
  is	
  
necessary
– Passing	
  tasks	
  among	
  
computing	
  nodes

• Count	
  table	
  must	
  be	
  
shared	
  

0 1 2 3



Stack-­‐based	
  depth	
  first	
  search

• Each	
  worker	
  starts	
  exploring	
  under	
  an	
  assigned	
  first-­‐
level	
  child

• Each	
  worker	
  has	
  a	
  stack
• Search	
  by	
  popping	
  a	
  node	
  from	
  stack	
  and	
  pushing	
  its	
  
children	
  back	
  to	
  the	
  stack

r

ba c

c
b
a

c
b
d

r

ba c

d e

e

r

pop r
push c,b,a

pop a
push e,d



Dynamic	
  load	
  balancing	
  
(Saraswat et	
  al.,2011)

• Hypercube-­‐like	
  communication	
  graph
• When	
  the	
  stack	
  of	
  a	
  worker	
  becomes	
  empty,	
  it	
  sends	
  requests	
  to	
  neighbors
• If	
  a	
  neighbor	
  has	
  nodes	
  in	
  stack,	
  it	
  gives	
  a	
  half	
  	
  
• If	
  not,	
  the	
  worker	
  quiesces after	
  informing	
  neighbors
• When	
  neighbors	
  get	
  new	
  tasks,	
  the	
  worker	
  revives	
  



Sharing	
  count	
  table	
  by	
  reduce-­‐broadcast
• Tree-­‐shaped	
  communication	
  graph	
  
• Root	
  worker	
  maintains	
  the	
  total	
  count	
  table
• Every	
  1ms,	
  the	
  root	
  worker	
  emits	
  an	
  exploration	
  message	
  including	
  the	
  

total	
  table.	
  Every	
  worker	
  pass	
  it	
  to	
  its	
  children
• Leaf	
  worker	
  gives	
  back	
  an	
  echo	
  message	
  including	
  its	
  count	
  table	
  to	
  its	
  

parent.	
  
• The	
  parent	
  sums	
  up	
  childrens’	
  tables	
  with	
  its	
  own	
  and	
  give	
  it	
  to	
  its	
  parent	
  

Exploration	
  messages Echo	
  messages



• eQTL study	
  of	
  Alzheimer	
  disease:	
  114658	
  SNPs.	
  
364	
  samples
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HapMap dom.	
  10%
item:	
  11253,	
  trans:697,	
  dens:1.0%

HapMap dom.	
  20%
item:11914,	
  trans:697,	
  dens:1.9%

Alz.	
  dom.	
  5%
item:44052,	
  trans:364,	
  dens:5.4%

Alz.	
  dom.	
  10%
item:	
  91126,	
  trans:	
  364,	
  dens:9.8%

Alz.	
  rec.	
  30%
item:	
  250,20,	
  trans:364,	
  dens:2.9%

MCF7
item:397,	
  trans:12773,	
  dens:2.9%

Speedup	
  on	
  a	
  computer	
  cluster	
  	
  (1,200	
  cores	
  =	
  100	
  nodes)

126	
  →	
  0.444

48285	
  →	
  41.1
1174 fold!

258	
  →	
  0.409

17646	
  →	
  16.0

4361	
  →	
  9.58

1330	
  →	
  5.11



Comparison	
  to	
  Naïve	
  Approach	
  
(Tree	
  Splitting)

41

1	
  core 126 48285 258 17646 4361 1330

12	
  cores 10.7 4108 22.4 1535 415 121

48	
  cores 2.79 1029 5.8 387 115 31.7

Naive12 13.7 6559 24.1 3486 657 385

Naive48 7.26 3611 9.9 3480 398 387



Selective	
  Inference



Finding	
  significant	
  features
• xi:	
  Vector	
  of	
  i-­‐th feature
• y:	
  Outcome	
  vector	
  subject	
  to	
  Gaussian
• Correlation:	
  

y

ex
am

pl
es

features

xi

si =
dX

j=1

xijyj



Selection	
  event

• Compute	
  correlation	
  si for	
  all	
  features,	
  select	
  
top-­‐k

• The	
  set	
  of	
  all	
  outcome	
  vectors	
  leading	
  to	
  the	
  
same	
  selection	
  is	
  described	
  as

• Null	
  distribution	
  of	
  si conditioned	
  on	
  the	
  
selection	
  event	
  is	
  truncated	
  Gaussian	
  (Lee	
  et	
  al.,	
  
2013)

Y = {y | Ay  b}





Our	
  contribution:	
  Applying	
  selective	
  
inference	
  to	
  pattern	
  mining

• Computation	
  of	
  selective	
  null	
  distribution	
  needs	
  
reference	
  to	
  all	
  features

• Impossible	
  in	
  combinatorial	
  cases	
  !

• New	
  bound	
  for	
  disregarding	
  large	
  patterns
• Applicable	
  to	
  stepwise	
  selection,	
  LASSO	
  selection

• Suzumura et	
  al.,	
  Selective	
  Inference	
  Approach	
  for	
  Statistically	
  
Sound	
  Discriminative	
  Pattern	
  Discovery,	
  arXiv 2016.



Geometric	
  View
• Pick	
  a	
  selected	
  pattern.	
  Occ.	
  Vec.：η
• Need	
  θmin and	
  θmax to	
  compute	
  the	
  null	
  
distribution

Selection	
  Polyhedron

ŷ

y = ŷ + ✓⌘

✓min

✓
max

Y = {y | Ay  b}



Identifying	
  intersection	
  points

• A	
  pattern	
  =	
  A	
  face	
  of	
  selection	
  polyhedron
• Rerun	
  pattern	
  mining	
  to	
  identify	
  the	
  cross	
  
points	
  θmin and	
  θmax



Discriminative	
  itemset mining	
  (k=5):
Family-­‐wise	
  error



Discriminative	
  itemset mining	
  (k=5):
Power



HIV	
  drug	
  resistance:	
  
significant	
  combination	
  of	
  mutations



Conclusion

• False	
  positive	
  control	
  is	
  crucial	
  in	
  sciences
• Statistics	
  need	
  to	
  change	
  !
• Compromise	
  without	
  principles	
  (p-­‐hacking)	
  
can	
  kill	
  sciences

• LAMP	
  and	
  selective	
  inference	
  methods	
  
enhance	
  chance	
  of	
  discovery	
  	
  



10th international	
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  on	
  
multiple	
  comparison	
  procedures

(MCP	
  2017)
• Session:	
  Data	
  mining	
  methods	
  under	
  
multiplicity	
  control

• June	
  20-­‐23,	
  2017,	
  UC	
  Riverside

• Abstract	
  deadline:	
  January	
  31,	
  2017

• http://www.mcp-­‐conference.org/hp/2017/


