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Stats	  in	  EEGLAB	  

•  Many	  op(ons:	  channels,	  IC,	  ERP,	  power,	  ERSP	  
•  All	  type	  of	  stats:	  t-‐tests,	  ANOVA,	  etc	  
•  No	  peaks	  !	  Typically	  the	  whole	  (me	  course	  is	  
analysed	  to	  look	  for	  differences	  of	  amplitude/
intensity	  

•  Difference	  in	  latency	  is	  anyway	  translated	  in	  
the	  difference	  of	  amplitude/intensity	  

•  Issue:	  many	  tests	  =	  many	  errors	  



Overview	  

1.  Type	  I	  error	  rate	  
2.  Mul(ple	  tes(ng	  and	  the	  Family	  Wise	  Error	  rate	  
3.  Correc(ng	  using	  the	  maximum	  under	  H0	  
4.  Computa(onal	  approaches	  to	  es(mate	  H0	  

Ø  Bootstrap	  
5.  Cluster	  Mass	  for	  MEEG	  
6.  TFCE	  for	  MEEG	  



Type	  I	  error	  rate	  



Pearson-‐Newman	  hypothesis	  tes(ng	  

•  H0:	  no	  effect	  	  
•  H1:	  there	  is	  an	  effect	  

Results	  is	  null	   Results	  is	  
significant	  

H0	  is	  true	   True	  nega(ve	   False	  posi(ve	  
H1	  is	  true	   False	  nega(ve	   True	  posi(ve	  

The	  false	  posi(ve	  rate	  is	  called	  type	  1	  error,	  and	  	  
corresponds	  to	  the	  set	  alpha	  value	  (i.e.	  if	  you	  choose	  	  
0.05	  then	  the	  test	  will	  ‘fail’	  5%	  of	  the	  (me)	  



Mul(ple	  tes(ng	  and	  	  
the	  Family	  Wise	  Error	  rate	  



What	  is	  the	  problem?	  

•  Assuming	   tests	   are	   independents	   from	   each	   other,	  
the	  famillywise	  error	  rate	  FWER	  =	  1	  -‐	  (1	  -‐	  alpha)^n	  

•  for	   alpha	   =5/100,	   if	   we	   do	   2	   tests	   we	   should	   get	  
about	   1-‐(1-‐5/100)^2	   ~	   9%	   false	   posi(ves,	   if	   we	   do	  
126	   electrodes	   *	   150	   (me	   frames	   tests,	   we	   should	  
get	  about	  1-‐(1-‐5/100)^18900	  ~	  100%	  false	  posi(ves!	  
i.e.	   you	   can’t	   be	   certain	   of	   any	   of	   the	   sta(s(cal	  
results	  you	  observe	  	  



What	  is	  the	  problem?	  

•  Illustra(on	  with	  5	  independent	  variables	  from	  N(0,1)	  
•  Repeat	  1000	  (mes	  and	  measures	  type	  1	  error	  rate	  

22%	  
	  

18%	  
	  
	  

14%	  
	  
	  
	  

9%	  

5%	  



What	  is	  the	  problem?	  

•  Illustra(on	   with	   18900	   independent	   variables	   (126	  
electrodes	  and	  150	  (me	  frames)	  

we	  know	  there	  are	  false	  posi(ves	  –	  which	  ones	  is	  it?	  



Family	  Wise	  Error	  rate	  

•  FWER	  is	  the	  probability	  of	  making	  one	  or	  more	  Type	  I	  
errors	  in	  a	  family	  of	  tests,	  under	  H0	  

•  H0	  =	  no	  effect	  in	  any	  channel/(me	  and/or	  frequency	  
bins	  à	  implies	  that	  rejec(ng	  a	  single	  bin	  null	  hyp.	  is	  
equal	  to	  rejec(ng	  H0	  

	  𝑃(⋃𝑖∈𝑉↑▒{𝑇↓𝑖 ≥𝑢}| 𝐻↓0  )≤  ∝	  

We	  want	  to	  find	  the	  threshod	  u	  such	  the	  prob	  of	  any	  
false	  posi(ves	  under	  H0	  is	  controlled	  at	  value	  alpha	  



Bonferroni	  Correc(on	  

	  𝑃(𝑇↓𝑖 ≥𝑢|𝐻0)≤   ∝/𝑚 	  

	  FWER=  𝑃(⋃𝑖∈𝑉↑▒{𝑇↓𝑖 ≥𝑢}| 𝐻↓0  )≤  ∝	  

	  ≤∑↑▒𝑃(𝑇↓𝑖 ≥𝑢|𝐻0) 	  

	  ≤∑𝑖↑▒∝/𝑚 =  ∝ 	  
Boole’s	  inequality	  

Find	  u	  to	  keep	  the	  FWER	  <	  α/m	  

Bonferroni	  correc(on	  allows	  to	  keep	  the	  FWER	  at	  5%	  
by	  simply	  dividing	  alpha	  by	  the	  number	  of	  tests	  



Bonferroni	  Correc(on	  

•  Assumes	  all	  tests	  are	  independent	  
•  Too	  conserva(ve	  
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One	  sample	  t	  test	  >	  0	  ?	  



Correc(ng	  using	  	  
the	  maximum	  under	  H0	  



Maximum	  Sta(s(cs	  

•  Since	  the	  FWER	  is	  the	  prob	  that	  any	  stats	  >	  u,	  then	  
the	  FWER	  is	  also	  the	  prob.	  that	  the	  max	  stats	  >	  u	  

•  All	  we	  have	  to	  do,	  is	  thus	  to	  find	  a	  threshold	  u	  such	  
that	  the	  max	  only	  exceed	  u	  alpha	  percent	  of	  the	  
(me.	  

Distribu(on	  of	  max	  F	  value	  under	  H0	  

Threshold	  u	  such	  alpha	  	  
Percent	  are	  above	  it	  



Maximum	  Sta(s(cs	  

•  Es(mate	   the	   distribu(on	   of	   max	   under	   H0	   and	  
simply	  threshold	  the	  observed	  results	  a	  threshold	  u	  

•  S(ll	  	  assumes	  all	  tests	  are	  independent	  

Max	  F	  values	  
Under	  H0	  



Computa(onal	  approaches	  
to	  es(mate	  H0	  

Slides	  provided	  by	  G.	  Rousselet	  –	  University	  of	  Glasgow	  



Bootstrap:	  central	  idea	  

•  “The	   bootstrap	   is	   a	   computer-‐based	   method	   for	  
assigning	   measures	   of	   accuracy	   to	   sta(s(cal	  
es(mates.”	  Efron	  &	  Tibshirani,	  1993	  

•  “The	   central	   idea	   is	   that	   it	   may	   some(mes	   be	  
beoer	   to	   d raw	   conc lus ions	   about	   the	  
characteris(cs	   of	   a	   popula(on	   strictly	   from	   the	  
sample	   at	   hand,	   rather	   than	   by	   making	   perhaps	  
unrealis(c	   assump(ons	   about	   the	   popula(on.”	  
Mooney	  &	  Duval,	  1993	  



original	  data	  

(3)	  repeat	  (1)	  &	  (2)	  b	  (mes	  
(4)	  sort	  the	  b	  es(mates*	  
(5)	  get	  1-‐alpha	  confidence	  interval	  

5	   6	  3	  2	   7	  1	   4	   8	  

(2)	  compute	  es(mate	  
e.g.	  sum,	  trimmed	  mean	  

∑ 

Percen(le	  bootstrap:	  general	  recipe	  

(1)	  sample	  WITH	  
replacement	  n	  
observa(ons	  (under	  
H1	  for	  CI	  of	  an	  
es(mate,	  under	  H0	  
for	  the	  null	  
distribu(on)	  

bootstrapped	  data	  

5	   6	  3	  2	   7	  1	   4	   8	  2	   8	  2	  

∑1 ∑2 ∑3 ∑4 ∑5 ∑6 ... ∑b 



Percen(le	  bootstrap	  es(mate	  of	  mean	  

%	  self-‐awarness	  data,	  Wilcox,	  2005,	  p58	  

data	  

Sample	  with	  
replacement	  b	  (mes	  

compute	  es(mate	  

Bootstrapped	  es(mates	  

Distribu(on	  of	  bootstrapped	  	  
es(mates	  of	  the	  mean	  

Sort	  &	  get	  CI	  



2.5%	   97.5%	  

Distribu(ons	  can	  take	  any	  shape	  

2.5%	   97.5%	   2.5%	   97.5%	  

Signif. value 

Non signif. value 

The	   percen(le	   bootstrap	   method	   allows	   the	   bootstrap	   es(mate	   of	   the	  
sampling	  distribu(on	  to	  conform	  to	  any	  shape	  the	  data	  suggest,	  taking	  into	  
account	   the	   variance	   and	   the	   skewness	   of	   the	   sample.	   This	   can	   be	   the	  
distribu(on	  of	  all	  T/F	  values,	  and	  thus	  we	  can	  es(mate	  the	  distribu(on	  of	  
the	  maximum	  T/F	  value	  under	  the	  null.	  	  



Cluster	  Mass	  for	  MEEG	  



Let’s	  analyse	  clusters	  

•  In	  MEEG,	  instead	  of	  the	  max,	  we	  consider	  clusters	  as	  it	  is	  
much	  less	  likely	  that	  sta(s(cs	  are	  significant	  in	  groups	  
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One	  sample	  t	  test	  >	  0	  ?	  



Let’s	  analyse	  clusters	  

•  In	  MEEG,	  instead	  of	  the	  max,	  we	  consider	  clusters	  as	  it	  is	  
much	  less	  likely	  that	  sta(s(cs	  are	  significant	  in	  groups	  
because	  data	  are	  smooth	  in	  space	  and	  (me!	  
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One	  sample	  t	  test	  >	  0	  ?	  



The	  clustering	  solu(on	  
•  Clustering	  is	  a	  good	  op(on	  because	  it	  accounts	  for	  topological	  

features	   in	   the	   data.	   Techniques	   like	   Bonferroni,	   FDR,	  
max(stats)	   control	   the	   FWER	   but	   independently	   of	   the	  
correla(on	  between	  tests.	  

•  To	  use	  clustering	  we	  need	  to	  consider	  cluster	  sta(s(cs	  rather	  
than	  individual	  sta(s(cs	  

•  Cluster	  sta(s(cs	  depend	  on	  (i)	  the	  cluster	  size,	  which	  depends	  
on	  the	  data	  at	  hand	  (how	  correlated	  data	  are	  in	  space	  and	  in	  
(me/frequency),	   and	   (ii)	   the	   strength	   of	   the	   signal	   (how	  
strong	  are	  the	  t,	  F	  values	  in	  a	  cluster)	  or	  (iii)	  a	  combina(on	  of	  
both.	  









The	  clustering	  solu(on	  
•  In	   LIMO	   EEG,	   we	   bootstrap	   the	   data	   under	   H0:	   center	   the	  

data	  or	  break	  the	  link	  between	  the	  design	  matrix	  and	  the	  data	  
and	   then	   resample	   and	   test.	   This	   way	   we	   can	   find	   u	   for	   a	  
single	  bin,	  the	  the	  whole	  space,	  or	  for	  clusters.	  	  

Observed	  F	  values	   F	  values	  under	  H0	  



The	  clustering	  solu(on	  
•  Spa(al-‐Temporal	   clustering:	   for	  each	  bootstrap,	   threshold	  at	  

alpha	  and	  record	   the	  max(cluster	  mass),	   i.e.	   sum	  of	  F	  values	  
within	  a	  cluster.	  Then	  threshold	   the	  observed	  clusters	  based	  
on	   there	   mass	   using	   this	   distribu(on	   à	   accounts	   for	  
correla(ons	  in	  space	  and	  (me.	  	  	  

Loss	  of	  resolu(on:	  inference	  is	  about	  the	  cluster,	  not	  max	  in	  (me	  or	  a	  specific	  electrode	  !	  

Max	  cluster	  mass	  
Under	  H0	  



TFCE	  for	  MEEG	  



Threshold	  Free	  Cluster	  Enhancement	  

•  Threshold	   Free	   Cluster	   Enhancement	   (TFCE):	   Integrate	   the	  
cluster	   mass	   at	   mul(ple	   thresholds.	   A	   TFCE	   score	   is	   thus	  
obtain	   per	   cell	   but	   the	   value	   is	   a	   weighted	   func(on	   of	   the	  
sta(s(cs	  by	  it’s	  belonging	  to	  a	  cluster.	  	  
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Threshold	  Free	  Cluster	  Enhancement	  

•  Threshold	   Free	   Cluster	   Enhancement	   (TFCE):	   Integrate	   the	  
cluster	   mass	   at	   mul(ple	   thresholds.	   A	   TFCE	   score	   is	   thus	  
obtain	   per	   cell	   but	   the	   value	   is	   a	   weighted	   func(on	   of	   the	  
sta(s(cs	   by	   it’s	   belonging	   to	   a	   cluster.	   As	   before,	   bootstrap	  
under	  H0	  and	  get	  max(sce).	  

Excellent	  resolu(on:	  inference	  is	  about	  cells,	  but	  we	  accounted	  for	  space/(me	  dependence	  

Observed	  F	  values	   TFCE	  scores	  

Max	  Uce	  values	  
Under	  H0	  



Review	  of	  techniques	  

•  All	   techniques	   (including	   permuta(on	   not	   shown	  
here)	   control	   well	   the	   FWER	   under	   H0	   with	   some	  
limita(ons	  for	  small	  sample	  sizes	  



Review	  of	  techniques	  

•  All	   techniques	   (including	   permuta(on	   not	   shown	  
here)	   control	   well	   the	   FWER	   under	   H0	   with	   some	  
limita(ons	  for	  small	  sample	  sizes	  



MCC	  summary	  

•  Simula(on	   work	   show	   that	   overall	   permuta(on	   /	  
bootstrap	  /	  cluster-‐mass	  /	  TFCE	  control	  well	  the	  type	  
1	  FWER.	  

•  a	  minimum	  of	  800	  itera(ons	  are	  necessary	  to	  obtain	  
stable	  results	  

•  for	   low	  cri(cal	   family-‐wise	  error	   rates	   (e.g.	  p	   =	  1%),	  
permuta(ons	  can	  be	  too	  liberal;	  

•  For	  within	   subject	   bootstrap,	   a	  min	   of	   50	   trials	   per	  
condi(on	   is	   requested	   at	   the	   risk	   to	   be	   too	  
conserva(ve	  



Conclusions	  

•  When	   performing	   mul(ple	   tests,	   sta(s(cal	  
correc(on	  MUST	  be	  applied.	  

•  All	  techniques	  provide	  a	  FWER	  at	  the	  specified	  level	  
but	  not	  all	  techniques	  have	  the	  same	  power.	  

•  Spa(al-‐temporal	   clustering	   and	   TFCE	   seem	   to	  
provide	   good	   es(mates,	   with	   TFCE	   giving	   higher	  
spa(o-‐temporal	  inference	  resolu(on,	  but	  at	  the	  cost	  
of	  long	  compu(ng	  (me.	  
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