Multilevel Models

for fMRI analysis
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What | wanted to do

® Present multilevel linear, nonlinear, and
generalized linear models.

° DISCUSS how they have been applled in fMRI
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Data

fMRI data are often hierarchical. This means that we
have nested observation units. Trials are nested within
sessions, sessions within subjects, subjects within
certain well-defined groups.

~ To fix our framework, let us consider the fMRI time
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Two-step Analysis

For each series we assume a linear model of the form
L T XjP; A
€;~ N[0, Z;(6)]




Linear Multilevel Analysis

Multilevel analysis makes this two-step approach
more precise and rigorous.We specify the first step
as

X]—X,B—I—é




To make us statisticians happy, we also assume
€;~ N[0, Z;(6)]
8, ~N|0,Q;()]




The two specifications can be combined to
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In classical multilevel analysis we have some
additional specifications

$2(§) = 82(8),

> (0) = 8L,
but especially the last one is usually inappropriate
for time series data. Also
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In that case the cross level interactions are precisely the
products of one first level and one second level
predictor.

/ / /
X;Zj = %12 Xj52; X ipZ;]

If the regress
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Estimation

® We distinguish between the maximum
likelihood estimate (FIML) and the residual
or restricted maximum likelihood estimate

(REML).

® Algorithms use either scoring, or iterative
- generalized least squares, or EM, or MCMC.
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fMRI Applications

® Pan et al (Human Brain Mapping 2003).
Simple two-level model.

® Friston et al (Neurolmage 2002ab). Theory
(linear multilevel models, more tha two
levels, EM estimation) and applications.
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Nonlinear MLM’s

Work of statisticians such as Bates and Pinheiro
(NLME in R) and of educational statisticians such

as Goldstein (MLWIN) has generalized the basic
multilevel model to
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Generalized MLM’s

We get a GLM by generalizing an LM. We get a
GMLM by generalizing an MLM.
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The usual GLM notions of link function and canonical link
apply. As an example we use the mixed linear logit model,
with likelihood

m J
=) log / | [exp(vijuijy +xi;8 )11 +expuijy +xi;8 )17 ¥ (8)ds;
e iy

This is generally difficult to evaluate, Iet alone optimize,
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Computation

Computationally there are a large number of possible
approaches to avoid computing the integral.

® Quadrature (for instance Hermite)

andlng the likelihood around a fixed delta
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Software




Discussion

® How Bayesian do you want to be ? And who
cares !

® |s MCMC really the computational tool of choice
or just another sampling/optimization method!?

® |n multilevel analysis multivariate responses are
beessaincotporatediasianiaaditional ginneciilevelidiaint s




