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O
verview

 

• fM
R

I Introduction 
• C

ontrolling M
C

P w
ith FW

E m
ethods 

– R
andom

 Field Theory 
– Perm

utation 

• Evaluations 
– R

eal data &
 sim

ulations 
• C

onclusions 
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fM
R

I Perspective 

• 4-D
im

ensional D
ata 

– 1,000 m
ultivariate observations, 

each w
ith 100,000 elem

ents 
– 100,000 tim

e series, each  
w

ith 1,000 observations 
• U

sual approach 
is the tim

e-series 
perspective 

1,000 

1 

2 

3 
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Functional M
agnetic 

R
esonance Im

aging  (fM
R

I) 
• M

agnetic properties of blood vary 
– B

lue blood →
 R

ed blood 
– Param

agnetic →
 D

iam
agnetic 

• B
O

LD
 

– B
lood O

xygenation Level D
ependent effect 

– ↑ B
lood flow

    ↑ fM
R

I Signal 

–   

Tap 
fingers 

R
est 
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H
ypothesis Testing in fM

R
I 

• M
assively U

nivariate M
odeling 

– Fit m
odel at each voxel 

– C
reate statistic im

ages of effect 

• W
hich of 100,000 voxels are significant? 

– α=0.05 ⇒
 5,000 false positives! 

t > 0.5 
t > 1.5 

t > 2.5 
t > 3.5 

t > 4.5 
t > 5.5 

t > 6.5 
M

ust w
e threshold? 
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M
ultiple C

om
parisons 

Problem
 (M

C
P) 

• Standard H
ypothesis Test 

– C
ontrols Type I error of each test, 

at say 5%
 

– �Type I Error� only defined 
for single test 

• M
ust control false positive rate over im

age 
– W

hat false positive rate? 
– C

hance of 1 or m
ore Type I errors 

– C
hance of 50 or m

ore? 
– Expected fraction of false positives? 

5%
 

0 
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M
C

P Solutions: 
M

easuring False Positives 
• Fam

ilyw
ise Error R

ate (FW
ER

) 
– Fam

ilyw
ise Error 

• Existence of one or m
ore false positives 

– FW
ER

 is probability of fam
ilyw

ise error 
• False D

iscovery R
ate (FD

R
) 

– R
 voxels declared active, V

 falsely so 
• O

bserved false discovery rate: V
/R

 
– FD

R
 = E(V

/R
) 
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FW
ER

 M
C

P Solutions 

• B
onferroni 

• M
axim

um
 D

istribution M
ethods 

– R
andom

 Field Theory 
– Perm

utation 
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FW
ER

 M
C

P Solutions:  
C

ontrolling FW
ER

 w
/ M

ax 
• FW

ER
 &

 distribution of m
axim

um
 

 
 FW

ER
 = P(FW

E) 
 

 = P( ∪
i  {T

i  ≥ u} | H
o ) 

 
 = P( m

ax
i  T

i ≥ u | H
o ) 

• 100(1-α)%
ile of m

ax dist n controls FW
ER

 
FW

ER
 = P( m

ax
i  T

i ≥ u
α  | H

o ) = α 
– w

here 
 

 
 u
α  = F

-1m
ax (1-α) 

 

. 
u
α α 
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FW
ER

 M
C

P Solutions 

• B
onferroni 

• M
axim

um
 D

istribution M
ethods 

– R
andom

 Field Theory 
– Perm

utation 
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FW
ER

 M
C

P Solutions: 
R

andom
 Field Theory 

• Euler C
haracteristic χ

u  
– Topological M

easure 
• #blobs - #holes 

– A
t high thresholds, 

just counts blobs
  

– FW
ER

 = P(M
ax voxel ≥ u | H

o ) 
 

 = P(O
ne or m

ore blobs | H
o ) 

 
 ≈ P(χ

u  ≥ 1 | H
o ) 

 
 ≈ E(χ

u  | H
o ) 

R
andom

 Field 

S
uprathreshold S

ets 

Threshold 

N
o holes 

N
ever m

ore 
than 1 blob 
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R
FT D

etails: 
Expected Euler C

haracteristic  
E(χ

u ) ≈ λ(Ω
)  |Λ

| 1/2 (u 2 -1) exp(-u 2/2) / (2π) 2 
–  Ω

 →
 Search region  Ω

 ⊂
 R

3  
–  λ(Ω

) →
 volum

e 
–  |Λ

| 1/2 →
 roughness 

• 
A

ssum
ptions 

– M
ultivariate N

orm
al 

– Stationary* 
– A

C
F tw

ice differentiable at 0 
* Stationary 

– O
nly cluster results need stationary 

– M
ost accurate w

hen stat. holds 

O
nly very 

upper tail 
approxim

ates 
1-F

m
ax (u) 
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• 
G

eneral form
 for expected Euler characteristic 

•  χ
2, F, &

 t fields • restricted search regions • D
 dim

ensions • 

E[χ
u (Ω

)] = Σ
d  R

d (Ω
) ρ

d (u) 

R
FT D

etails: 
Super G

eneral Form
ula 

R
d (Ω

): d-dim
ensional M

inkow
ski 

 
 functional of Ω

	
 – function of dim

ension, 
 

 
 space Ω

 and sm
oothness: 

 
 R

0 (Ω
) =

 χ(Ω
) Euler characteristic of Ω

	

	R
1 (Ω

) =
 resel diam

eter 
	R

2 (Ω
) =

 resel surface area 
	R

3 (Ω
) =

 resel volum
e 

 

ρ
d (Ω

): d-dim
ensional EC

 density of Z(x)	
 – function of dim

ension and threshold, 
 

 
 specific for RF type: 

E.g. G
aussian R

F:  

 ρ
0 (u)

 =
 1- Φ

(u) 	

	ρ
1 (u)

 =
 (4 ln2) 1/2 exp(-u

2/2) / (2π) 

	ρ
2 (u)

 =
 (4 ln2)    exp(-u

2/2) / (2π) 3/2 

	ρ
3 (u)

 =
 (4 ln2) 3/2 (u

2 -1)   exp(-u
2/2) / (2π) 2 

	ρ
4 (u)

 =
 (4 ln2) 2    (u

3 -3u) exp(-u
2/2) / (2π) 5/2 

  
Ω
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5m
m

 FW
H

M
 

10m
m

 FW
H

M
 

15m
m

 FW
H

M
 

• Expected C
luster Size 

– E(S) = E(N
)/E(L) 

– S cluster size 
– N

 suprathreshold volum
e 

λ({T > u
clus }) 

– L num
ber of clusters 

• E(N
) = λ(Ω

) P( T > u
clus ) 

• E(L) ≈ E(χ
u ) 

– A
ssum

ing no holes 

R
andom

 Field Theory 
C

luster Size Tests 



• G
aussian R

andom
 Fields (N

osko, 1969)  
 – D

: D
im

ension of R
F 

• t R
andom

 Fields (C
ao, 1999) 

– B: B
eta dist n 

– U
�s: χ

2�s 
– c chosen s.t. 

E(S) = E(N
) / E(L) 

15 

R
andom

 Field Theory 
C

luster Size D
istribution 
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R
andom

 Field Theory 
C

luster Size C
orrected P-Values 

• Previous results give uncorrected P-value 
• C

orrected P-value 
– B

onferroni 
• C

orrect for expected num
ber of clusters 

• C
orrected P

c = E(L) P
uncorr 

– Poisson C
lum

ping H
euristic (A

dler, 1980) 
• C

orrected P
c = 1 - exp( -E(L) P

uncorr ) 
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R
andom

 Field Theory 
Strengths &

 W
eaknesses  

• C
losed form

 results for E(χ
u ) 

– Z, t, F, C
hi-Squared C

ontinuous R
Fs 

• R
esults depend only on volum

e &
 sm

oothness 

• Sm
oothness assum

ed know
n 

• Sufficient sm
oothness required 

– R
esults are for continuous random

 fields 
– Sm

oothness estim
ate becom

es biased 
• M

ultivariate norm
ality 

• Several layers of approxim
ations 

 

Lattice Im
age 

D
ata 

≈ 

C
ontinuous R

andom
 

Field 
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FW
ER

 M
C

P Solutions 

• B
onferroni 

• M
axim

um
 D

istribution M
ethods 

– R
andom

 Field Theory 
– Perm

utation 
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N
onparam

etric 
 Perm

utation Test 
• Param

etric m
ethods 

– A
ssum

e distribution of 
statistic under null 
hypothesis  

• N
onparam

etric m
ethods 

– U
se data to find  

distribution of statistic 
under null hypothesis 

– A
ny statistic! 

5%
 

P
aram

etric N
ull D

istribution 

5%
 

N
onparam

etric N
ull D

istribution 
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C
ontrolling FW

ER
: 

Perm
utation Test 

• Param
etric m

ethods 
– A

ssum
e distribution of 

m
ax statistic under null 

hypothesis  

• N
onparam

etric m
ethods 

– U
se data to find  

distribution of m
ax statistic 

under null hypothesis 
– A

gain, any m
ax statistic! 

5%
 

P
aram

etric N
ull M

ax D
istribution 

5%
 

N
onparam

etric N
ull M

ax D
istribution 
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R
eal D

ata Exam
ple 

• fM
R

I Study of W
orking M

em
ory    

– 12 subjects, block design  M
arshuetz et al (2000) 

– Item
 R

ecognition 
• A

ctive:V
iew

 five letters, 2s pause, 
 view

 probe letter, respond 
• B

aseline: V
iew

 X
X

X
X

X
, 2s pause, 

 view
 Y

 or N
, respond 

• Second Level R
FX

 
– D

ifference im
age, A

-B
 constructed 

for each subject 
– O

ne sam
ple, sm

oothed variance t test 

D
 yes 

U
B

K
D

A 

A
ctive N

 no 
XXXXX 

B
aseline 
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Perm
utation Test 

Exam
ple 

• Perm
ute! 

– 2
12 = 4,096 w

ays to flip 12 A
/B

 labels 
– For each, note m

axim
um

 of t im
age 

. 

P
erm

utation D
istribution 

M
axim

um
  t 

M
axim

um
 Intensity P

rojection 
Thresholded t 
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Perm
utation Test 

Exam
ple 

• C
om

pare w
ith B

onferroni 
– α = 0.05/110,776 

• C
om

pare w
ith param

etric R
FT 

– 110,776  2×2×2m
m

 voxels 
– 5.1×5.8×6.9m

m
 FW

H
M

 sm
oothness 

– 462.9
 R

ESELs 
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t11  S
tatistic, R

F &
 B

onf. Threshold 
t11  S

tatistic, N
onparam

etric Threshold 

u
R

F   = 9.87 
u

B
onf = 9.80 

5 sig. vox.  

u
Perm = 7.67  

 58 sig. vox. 

S
m

oothed Variance t S
tatistic, 

N
onparam

etric Threshold 

378 sig. vox. 

Test Level vs. t11  Threshold 



D
oes this G

eneralize? 
R

FT vs B
onf. vs Perm

. 
 

 
t Threshold

 
(0.05 C

orrected)
 

 
df 

R
F

 
B

onf 
P

erm
 

V
erbal Fluency

 
4 

4701.32
 

42.59
 

10.14
 

Location S
w

itching
 

9 
11.17

 
9.07

 
5.83

 
Task S

w
itching

 
9 

10.79
 

10.35
 

5.10
 

Faces: M
ain E

ffect
 

11 
10.43

 
9.07

 
7.92

 
Faces: Interaction

 
11 

10.70
 

9.07
 

8.26
 

Item
 R

ecognition
 

11 
9.87

 
9.80

 
7.67

 
V

isual M
otion

 
11 

11.07
 

8.92
 

8.40
 

E
m

otional P
ictures

 
12 

8.48
 

8.41
 

7.15
 

P
ain: W

arn
ing 

22 
5.93

 
6.05

 
4.99

 
P

ain: A
nticipation
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5.87
 

6.05
 

5.05
 

 



M
assive Em

pirical 
Evaluation 

• M
onte C

arlo doesn’t capture w
eirdness of 

real data 
• In last 5 years, explosion 

 of open resting fM
R

I  
data repositories 
– Suddenly null (task) 

fM
R

I data is plentiful 

26 



First-Level (single subject) 
fM

R
I 

• Eklund (2012) analyzed 1,484 resting fM
R

I 
datasets from

 public repositories 
• Fed through standard SPM

 pipeline, w
ith 8 

different “pretend” paradigm
s 

27 
Eklund et al. (2012). D

oes param
etric fM

R
I analysis w

ith SPM
 yield valid 

results? A
n em

pirical study of 1484 rest datasets. N
euroIm

age, 61(3), 565–78.  



C
om

puted Fam
ilyw

ise Error 
(FW

E) R
ates 

• M
any settings had aw

ful FW
E! 

– B
lock w

orse than event; fast TR
 w

orse that slow
 

28 



M
assive Em

pirical 
Evaluation – Take II 

• Previous result only for first level fM
R

I 
• 2

nd level fM
R

I doesn’t depend on 1
st level 

P-values 
• D

ata  
quality 
also an  
issue 

29 

Inter-subject group m
odel	

Intra-subject m
odel for Subject k	



M
assive Em

pirical 
Evaluation – Take II 

• Sam
e fcon1000 repository, just 2 largest 

sites: B
eijing &

 C
am

bridge 
• Second level analyses 

– 1-sam
ple t-test: n = 20,  40 

– 2-sam
ple t-test: n

1 = n
2 =10,  20 

30 
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M
assive G

roup fM
R

I Evaluation 
Voxel-w

ise 
• V

oxel-w
ise inference O

K
 

– Som
etim

es very conservative! 



M
assive G

roup fM
R

I Evaluation 
C

luster-w
ise C

FT p=0.01 
• C

luster-w
ise a catastrophe! 

– R
arely valid at cluster form

ing threshold 
(C

FT) p=0.01 – default C
FT in FSL 

32 



M
assive G

roup fM
R

I Evaluation 
C

luster-w
ise C

FT p=0.001 
• C

luster-w
ise C

FT p=0.001 better 
– V

alid ≈ 50%
 tim

e, depending on design 

33 



M
assive G

roup fM
R

I Eval: 
W

hat’s going w
rong? 

• R
FT A

ssum
ptions 

– G
aussian errors 

– Spatial A
C

F has 2 derivatives at origin 
– For cluster-size only 

• Spatial A
C

F has G
aussian shape 

• C
FT “sufficient” high  

• Stationary (spatially hom
ogeneous sm

oothness) 

34 



M
assive G

roup fM
R

I Eval: 
Spatial A

C
F 

• M
uch heavier tails than G

aussian pdf! 

35 



M
assive G

roup fM
R

I Eval: 
Spatial D

ist n of False C
lusters 

• G
reat sm

oothness in “default m
ode” areas 

36 



W
hat alw

ays w
orks?  

Perm
utation! 

• H
ow

 does this com
pare on real (non-null) 

data? 

37 

U
sually, w

ould say 
“non-param

etric so 
m

uch less pow
erful” 

 In light of 
evaluations, 
“non-param

etric 
valid, param

etric 
inflated signficance” 



O
ther Findings 

 
• A

FN
I softw

are 
– D

iscovered 15 year-old bug 
• Failure to account for edge effects in M

C
 sim

ulation of sm
ooth 

im
ages 

– Inflated FW
E slightly 

• C
D

T P=0.01: 31.0%
 before fix, 27.1%

 after 
• C

D
T P=0.001: 11.5%

 before, 8.6%
 after 

• FSL softw
are 

– W
hen no effect, overestim

ates SE’s,  
counteracts liberal R

FT perform
ance 

– B
ut w

hen σ
B

TW >0 but null true, sam
e 

 bad perform
ance 

• E.g. tw
o-sam

ple t-test; µ
1 =µ

2 >0 
38 

var(FS
L null T) = 0.67 



• s 

39 

This A
ltm

etric score m
eans that 

the article is: 
in the 99 percentile …

 of a sim
ilar 

age in all journals 
in the 99 percentile (ranked 2) of 
…

 a sim
ilar age in P

N
A

S
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C
onclusions 

• G
aussian M

onte C
arlo results only go so far 

• R
eal data evaluations 

– R
FT V

oxel-w
ise O

K
, but conservative 

– C
luster-w

ise P=0.01 invalid danger danger danger 
– C

luster-w
ise P=0.001 – som

etim
es O

K
, som

etim
es invalid 

• 
Perm

utation em
barrassingly parallelizable, G

PU
 friendly 

• 
Pre-print publication (on arX

iv) is the w
ay 

– R
eceived volum

inous feedback that im
proved paper, m

uch 
instigated as Tw

itter conversations 

• 
W

hen publishing in PN
A

S, think carefully about non-
technical readers 
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