Group Modeling
for fMRI

Thomas Nichols, Ph.D.
Assistant Professor
Department of Biostatistics

http://www.sph.umich.edu/~nichols

Introductionto fMRI
August 17, 2005

Overview

Mixed effects motivation
Evaluating mixed effects methods
e Case Studies

— Summary statistic approach (HF)

— SnPM

— SPM2

¢ Conclusions

Overview

Mixed effects motivation
Evaluating mixed effects methods
o Case Studies

— Summary statistic approach (HF)

— SnPM

— SPM2

» Conclusions

Lexicon

Hierarchica Modes
¢ Mixed EffectsModds
« Random Effects (RFX) Models

« Componentsof Variance
... al the same

... al aluding to multiple sources of variation
(in contrast to fixed effects)

Random Effects
[llustration

¢ Standard linear model

assumes only one source
of iid random variation
¢ Consider this RT data
* Here, two sources
— Within subject var.
— Between subject var.
— Causes dependenceine

Residuals

3Ss, 5replicatedRT’s
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Fixed Effects

Animation over replications of one subject’s experiment

« Only variation ismeasurement error

* True response magnitude isfixed

— Significance based on estimated response
relative to measurement error variance




Random/Mixed Effects

Animation over different subjects

Random/Mixed Effects

Animation over different subjects

» Two sourcesof variation

— Measurement error (scanto-scanvar.)
— Individua differences (subj.-to-subyj. var.)

¢ Response magnitude israndom
— Each subject has a different magnitude

Random/Mixed Effects

Animation over different subjects

» Response magnitude israndom
— Each subject has a different magnitude
— But note, population mean magnitudeis fixed

s2

— Significance based on estimated response population not ) N

relative to sum of measurement error & very different from —===== YW
intersubject variability s zero et :

Fixed vs. i
Random estimated effect o /\
Effects in fMRI Subj.1 ,\\ : J\
* Fixed Effects Subi-2 N "\\ )
— Intrarsubject Subj- 3 A
variation suggests Qbj.4 . \ H

all these subjects _ ]
different from zero %92

¢ Random Effects Subj.6
— Intersubject

\
\
A
variation suggests / \> FX

Fixed vs. Random

* Fixedisn't“wrong,” just usually isn’t of
interest

 Fixed Effects Inference
—“I can see this effect in this cohort”

» Random Effects Inference

— “If I were to sample anew cohort from the
population | would get the same result”
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Assessing RFX Models
Issues to Consider

¢ Assumptions& Limitations
— What must | assume?
— Whencan| useit
« Efficiency & Power
— How sensitiveisit?
¢ Validity & Robustness
— Can | trust the P-vaues?
— Arethe standard errors correct?
— If assumptions off, things still OK?

Issues: Assumptions

Distributional Assumptions
— Gaussian? Nonparametric?
» Homogeneous Variance
— Over subjects?
— Over conditions?
* Independence
— Across subjects?
— Across conditions/repeated measures
— Note:

» Nonsphericity = (Heterogeneous Var) or (Dependence) 14

Issues: Soft Assumptions
Regularization

« Regularization

— Weakened homogeneity assumption

— Usually variance/autocorrelation regul arized over space
* Examples

— fmristat - local pooling (smoothing) of (S%gex)/(S2rx)

— SnPM - local pooling (smoothing) of S%gex

— FSL3 - Bayesian (noninformative) prior on s?gex

Issues: Efficiency & Power

« Efficiency: 1/(Estmator Variance)
— Goes up withn

« Power: Chance of detecting effect
— Goes up withn

— Also goes up with degrees of freedom (DF)
« DF accounts for uncertainty in estimate of s2ge¢
« Usually DF and n yoked, e.g. DF =n-p

Issues: Validity

 Are Pvaluesaccurate?
— | reject my null whenP <0.05
Ismy risk of false positives controlled at 5%7?
— “Exact” control
«FPR=a
— Valid control (possibly conservative)
« FPR£a
* Problemswhen

— Standard Errors inaccurate
— Degrees of freedom inaccurate
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Four RFX Approaches in fMRI

* Holmes & Friston (HF)
— Summary Statistic approach (contrasts only)

- Holmes & Friston (HBM 1998). Generalisabity, Random Efects & Populaton Inference. NI, 74
(2/3)) S754,1999

. Holmeset al (SnPM)
— Permutation inference on summary statistics

Nichals & Holmes (2001). Nonparametric Permuaion Tess or Fu ncional Neuroimaging: A Primer
with Examples. Hi

Holmes, Blair, Watson & Ford {1996). Nonparametic Analyssof Statistic mages fom Funcional
Mapping Experiments. JCBFM, 16:7 -2

« Fristonetal. (SPM2)
— Empirical Bayesian approach

- Erstonetal. Classical and Bayesian nference innevroimagining: theory. NI 16(2) 465483, 2002

~ Fristonetal. Cl d Bayesian estimation in
MRI. NI: 16(2): 484512 2002

« Beckmannetal. & Woolrichetal. (FSL3)
- Summary Statistics (contrast estimatesand variance)

~ Beckmann, Jenkinson & Smith. General Multlevel inear modeling for group analysis in MR NI
op ittt

Woolich, Behrens et al. Multilevel linear modeling for fMRI group analysis using Bayesian inference.
NI21:1732 1747(2004)
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Case Studies:
Holmes & Friston

» Unweighted summary statistic approach
* 1- or 2-samplet test on contrast images

— Intrasubject variance images not used (c.f. FSL)
* Proceedure

— Fit GLM for each subject i

— Computecb;, contrast estimate

Case Studies: HF
Assumptions
« Digtribution
— Normality
— Independent subjects
* Homogeneous Variance

— Intrasubject variance homogeneous
5%y same for al subjects

— Analyze {d}, — Balanced designs
Case Studies: HF j\ A Case Studies: HF jL I\
EfflClengy fl P Validity | IAX P
* |If assumptionstrue \ Y * |f assumptionstrue \ y'y
— Optimal, fully efficient 4/ — Exact P-values v
. If E‘ZFFX differs between —H ),/\\  If % dliffersbtw subj. ——F—13 R
subjects — Standard errors OK
— Reduced efficiency -—// Y \\ « Est. of s2ge unbiased 3 \\
— Here, optimal b requires — DF not OK )
down-weighting the 3 « Here, 3 Ssdominate L
highly variable subjects « DF<5=6-1 "

o
N
3




Case Studies: HF
Robustness

 Heterogeneity of S2., across subjects...
— How bad is bad?

* Dramatic imbalance (roughrulesof thumb only!)
— Some subjects missing 1/2 or more sessions

— Measured covariates of interest having dramatically
different efficiency
« E.g. Split event related predictor by correct/incorrect
* One sy 5% trials correct, other subj 80% trials correct
¢ Dramatic heteroscedasticity

— A “bad” subject, e.g. head movement, spike artifacts
25
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Case Studies: ShPM

* No Gaussian assumption

* Instead, usesdatato find empirical
distribution

5%
Parametric Null Distribution ' Nonparametric Null Distribution
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Case Studies: ShPM
Assumptions

¢ 1-Samplet on differencedata
— Under null, differences dist" symmetric about O

o OK if s%y differs btw subjects!
— Subjects independent

e 2-Samplet
— Under null, dist" of all datathe same

« Implies s?; must be the same across subjects

— Subjects independent
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Case Studies: SnPM
Efficiency

» Just aswith HF...
— Lower efficiency if heterogeneous variance
— Efficiency increases withn
— Efficiency increases with DF

» How to increase DF w/out increasingn?
* Variance smoothing!

Case Studies: SnPM
Validity
* |f assumptionstrue
— P-values' sexact
* Note on* Scope of inference’
— SnPM can make inference on population

— Simply need to assume random sampling of
population

« Just aswith parametric methods!
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Case Studies: SnPM
Robustness
« |If datanot exchangeable under null

— Can beinvalid, P-valuestoo liberal
— Moretypically, valid but conservative
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Case Study: SPM2

« 1 effect per subject
— Uses Holmes & Friston approach
» >1 effect per subject
— Variance basis function approach used...

SPM2 Notation: iid case

i
I
X i )
12 subjects, §h Error covariance
4 conditions 13‘ . N

— UseF-testtofind
differences btw conditions
 Standard Assumptions N
— ldentical distn
— Independence

— “Sphericity”... but here
not realistic!

Multiple Variance Components

y=Xgq+e

N1 ONp p1 N1

Error covariance

12 subjects, 4 conditions
Measurements btw
subjects uncorrel ated
Measurements w/in
subjects correl ated

Errors can now have
different variances and
there can be correlations

Allowsfor ‘ nonsphericity’

Non-Sphericity Modeling

Error Covariance

— Errorsare '
independent

but not identical

— Errorsare not
independent
and not identical




Case Study: SPM2

* Assumptions & Limitations
- assumed to globally
homogeneous

— |’ sonly estimated from voxels with largeF
— Most redlistically, Cor(€) spatially heterogeneous

— Intrasubject variance assumed homogeneous

Case Study: SPM2

« Efficiency & Power
— If assumptions true, fully efficient
« Validity & Robustness

— P-values could be wrong (over or under) if

local Cor(e) very different from globally
assumed

— Stronger assumptions than Holmes & Friston
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Conclusions

« Random Effects crucial for pop. inference
* SPM2
— Most RFX analyses proceed just like SPM99

— But nonsphericity modeling can handle
multiple contrasts per subject

« FSL
— Accounts for different intrasubject var.

— More valid, may be more sensitive
— Usually will be similar to SPM results a0




