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Overview

» Nonparametric Permutation test
« Multiple Comparisons Problem
— Which of my 100,000 voxels are “active’?
« SPM
— Permutation test to find threshold
— Control chance of any false positives (FWER)

Hypothesis Testing

Null Hypothesis H,
Test statistic T Uy
— t observedrealizationof T

a level

— Acceptable false positiverate
- P(T>u, | Ho) =a

P-vaue

— Assessment of t assuming H,
- P(T>t|Hy)

* Prob. of obtaining stat. aslarge
or larger in anew experiment

— P(DataNull) not P(Null|Data)

Nonparametric Inference

¢ Parametric methods

— Assume distribution of

statistic under null

hypothesis &
— Needed to find P-values, u,

» Nonparametric methods

— Use data to find
distribution of statistic
under null hypothesis

— Any dtigtic!

Permutation Test
Toy Example

« Datafrom V1 voxe in visua stim. experiment
A: Active, flashing checkerboard B: Baseline, fixation
6 blocks, ABABAB Just consider block averages...

A B A B A B
103.00 90.48 99.93 87.83 99.76 96.06

* Null hypothesis H,

— No experimental effect, A & B labelsarbitrary
o Statistic

— Mean difference

Permutation Test
Toy Example

o Under H,
— Consider al equivalentrelabelings

AAABBB ABABAB BAAABB BABBAA
AABABB ABABBA BAABAB BBAAAB
AABBAB ABBAAB BAABBA BBAABA
AABBBA ABBABA BABAAB BBABAA

ABAABB ABBBAA BABABA BBBAAA




Permutation Test
Toy Example

* Under H,
— Consider all equivalentrelabelings
— Compute all possible statistic values

AAABBB 4.82 ABABAB 9.45 BAAABB -148 BABBAA -6.86
AABABB -325 ABABBA 6.97 BAABAB 1.10 BBAAAB 3.15
AABBAB -067 ABBAAB 1.38 BAABBA -133 BBAABA 0.67
AABBBA -315 ABBABA -110 BABAAB -697 BBABAA 3.25
ABAABB 6.86 ABBBAA 148 BABABA -945 BBBAAA -482

Permutation Test
Toy Example

e Under H,

— Consider all equivaentrelabelings

— Compute al possible statistic values

— Find 95%ile of permutation distribution
AAABBB 4.82 ABABAB 9.45 BAAABB -148 BABBAA -6.86
AABABB -325 ABABBA 6.97 BAABAB 1.10 BBAAAB 3.15
AABBAB -067 ABBAAB 1.38 BAABBA -138 BBAABA 0.67

AABBBA -315 ABBABA -110 BABAAB -697 BBABAA 3.25
ABAABB 6.86 ABBBAA 148 BABABA -945 BBBAAA -482
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Permutation Test
Toy Example

* Under H,

— Consider all equivalentrelabelings

— Compute all possible statistic values

— Find 95%ile of permutation distribution
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Permutation Test
Toy Example

e Under H,
— Consider al equivalentrelabelings
— Compute al possible statistic values
— Find 95%ile of permutation distribution

Nonparametric Inference:

Permutation Test
¢ Assumptions

— Null Hypothesis Exchangeability
* Method
— Compute statistic t
— Resample data (without replacement), compute t*
— {t"} permutation distribution of test statistic
— P-value=#{t">t} / #{t"}
¢ Theory
— Given dataandH,, eacht” has equal probability

— Still can assume data randomly drawn from popul ation
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Permutation Test
Strengths

» Requiresonly assumption of exchangeability

— Under Ho, distribution unperturbed by permutation

— Allows us to build permutation distribution
¢ Subjectsare exchangeable

— Under Ho, each subject’'s A/B labels can be flipped
« fMRI scansnot exchangeable under Ho

— Dueto tempora autocorrelation




Permutation Test
Limitations

» Computationa Intensity
— Analysis repeated for each relabeling
— Not so bad on modern hardware
» No analysis discussed below took more than 3 hours
* Implementation Generality

— Each experimental design type needs unique
code to generate permutations

* Not so bad for population inference with t-tests

Multiple Comparisons
Problem (MCP)

» Standard Hypothesis Test
— Controls Type error of each test,
at say 5% 9%
— Butwhat if | have 100,000 voxels? ~ ————0——

« 5,000 false positives on average!

¢ Must control false positiverate
— What false positive rate?
— Chance of 1 or more Type | errors

— Chance of 50 or more?
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MCP Solutions:
Measuring False Positives

 Familywise Error Rate (FWER)
— Familywise Error
« Existence of one or more false positives
— FWER is probability of familywise error
 False Discovery Rate (FDR)
— R voxels declared active, V fasely so

 Observed false discovery rate: V/IR
—FDR=E(V/R)

FWER MCP Solutions:
Controlling FWER w/ Max

¢ FWER & distribution of maximum
FWER= P(FWE)
= P(One or morevoxels 3 u|H)
=P(Max voxel 3 u | H,)
* 100(1-a)%ile of max dist" controls FWER
FWER = P(Max voxel 2 u, |[H.) £ a

Controlling FWER:
Permutation Test

» Parametric methods
— Assume distribution of
max statistic under null
hypothesis
 Nonparametric methods
— Use data to find
distribution of max statistic
under null hypothesis 5%
— Again, any max statistic! ic Null Max Distributi

5%

Parametric Null Max Distribution
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Permutation Test
Other Statistics
 Collect max distribution
— Tofind threshold that controls FWER

 Consider smoothed variancet statistic
— Toregularize low-df variance estimate




Permutation Test
Smoothed Variance t

 Collect max distribution
— Tofind threshold that controls FWER
» Consider smoothed variancet statistic

Permutation Test
Smoothed Variance t

¢ Collect max distribution
— Tofind threshold that controls FWER
» Consider smoothed variancet statistic

Permutation Test
Example

- fMRI Study of Working Memory Active
— 12 subjects, block design marshuetz et a (2000) D
— Item Recognitipn UEKDA ves
« Active:Viewfive letters, 2s pause,
view probe letter, respond
* Baseline: ViewXXXXX, 2s pause, Baseline

view Y or N, respond
¢ Second Level RFX

— Differenceimage, A -B constructed XXXXX
for each subject

— One sample, smoothed variancet test

Permutation Test
Example
¢ Permute!

— 212 =4,096 waysto flip 12 A/B labels
— For each, note maximum of t image

i
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Permutation Test
Example - i
. . L uRm =767 ufF =987
» Compare with Bonferroni T =i K
~a =005/110,776 o o

» Comparewith parametric RFT
— 110,776 2" 2" 2mmvoxels

—5.1"5.8" 6.9mm FWHM smoothness
—462.9 RESELs
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Does this Generalize?
RFT vs Bonf. vs Perm.

RFT vs Bonf. vs Perm.

Monte Carlo Evaluations

» What' sgoing wrong?

— Normality assumptions?

— Smoothness assumptions?

Use Monte Carlo Simulations

— Normality strictly true

— Compare over range of smoothness, df
Previous work

— Gaussian (Z) image results well-validated
— t image results hardly validated at all!

Monte Carlo Evaluations
Challenges
¢ Accurately simulatingt images
— Cannot directly smulate smooth t images
— Need to simulate n smooth Gaussian images
(n = degrees of freedom)
 Accounting for al sources of variability
— Most M.C. evauations use known smoothness
— Smoothness not known
— We estimated it residual images

Monte Carlo Evaluations

¢ Simulated One Sample T test

Familywise : \
Error dr "

Thresholds £+
£ — Truth
« RFT valid 13
but
conservative T

— 32x32x32 Images (32767 voxels)

— Smoothness: 0, 1.5, 3, 6,12 FWHM ﬁj[: FWH

— Degrees of Freedom: 9, 19, 29 \_

— Realizations: 3000 +__ Autocorrelation Function !
¢ Permutation

— 100 relabelings
— Threshold: 95%ile of permutation dist" of maximum
* Random Field
— Threshold: { u: E(c,|Hy) =0.05}
¢ Also Gaussian 2

* t,, Somewhat

e Gaussiannot ,g
sobed - at ! 3
(FWHM >3) .
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Performance Summary

Bonferroni

— Not adaptive to smoothness

— Not so conservative for low smoothness
Random Field

— Adaptive

— Conservative for low smoothness & df
Permutation

— Adaptive (Exact)

Understanding Performance
Differences

* RFT Troubles
— Multivariate Normality assumption
« Trueby simulation
— Smoothness estimation
« Not much impact
— Smoothness
* You need |lots, more at |ow df
— High threshold assumption
« Doesn’t improve fora, less than 0.05 (not shown) "

HighThr
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Bonferroni surprisingly satisfactory for low
smoothness
Nonparametric methods perform well overall
More data and simulations needed
— Need guidelines asto when RF is useful
— Better understand what assumption/approximation fails
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Conclusions

df=9 FWHM=1.5 . df=9 FWHM=3 df=9 FWHM=6 df=9 FWHM=12
10 10 1

Cumulative Probability

0° 10

7 10° 10° 0
df=29 FWHM=3
0

Z

§ ///

10" P
//

w7

Probabilty

/

107 107° 107 10
o dEinf FWHM=3
= o

o o
Minimum P-value Minimum P-value Minimum P-value Minimum P-value




