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Mixtures of General Linear Models for
Functional Neuroimaging

Will Penny* and Karl Friston

Abstract—We set out a new general framework for making in- readily captured using a Markov random field (MRF) model,
ferences from neuroimaging data, which includes a standard ap- and a number of MRF approaches have appeared in the litera-
proach to neuroimaging analysis, statistical parametric mapping 1 ,re Descombest al. [7], for example, use a spatio-temporal
(SPM), as a special case. The model offers numerous conceptual . . o ’
and statistical advantages that derive from analyzing data at the RFin Wh'ch both the spatial and temporal smoothness of the
“cluster level” rather than the “voxel level” and from explicitmod- ~hemodynamic response are modeled. Sveesanh [25] use a
eling of the shape and position of clusters of activation. This pro- spatial MRF to cluster images into regions with homogeneous
vides a natural and principled way to pool data from nearby voxels responses, and Rajapakse and Piyaratna [22] use a spatial MRF
for parameter and variance-component estimation. The model can to cluster maps of statistical parameters.

s be viwed 2 periorning & spalemporl cluter 73, ™ The MGLM approach sits ouiside the MRF framework. The
maximization (EM) algorithm. most fundamental difference is that MGLMs explicitly model
Index Terms—Functional MRI, mapping, mixture models, the po.smons an_d shapes pf activated regions. This .offers. the
spatio-temporal clustering, statistical parametric. potential of making formal inferences about the location, size,
and spatial variability of responses. The MGLM approach may
also be viewed as a spatio-temporal clustering algorithm, and as
such, generalizes existing cluster-based methods for analyzing
E PROPOSE a new approach to the analysis of funitnctional data (see, for example, [4]).
tional neuroimaging data [8]. The approach is based onlIn Section II-A, we describe statistical parametric mapping,
a family of models called mixtures of general linear model dominant paradigm for analyzing functional imaging data.
(MGLMs), which include a standard approach to neuroimagilg Section 1I-B, we describe the generative process underlying
data analysis, statistical parametric mapping (SPM) [10], adv65LM and use it to generate “fMRI-like” time series. In
special case. The central tenet of these models is that the fungaection 1I-C, we show how the parameters of an MGLM can
mental quantities of interest to the neuroimager are the locati®e, estimated from real fMRI time series and how inferences
shape, and temporal signature dfistersof voxels showing about clusters of activation are made. We then describe how the
task-related activity. In these models, data are analyzed at thedels are initialized and, in Section Ill, apply the models to
“cluster level.” This is to be contrasted with established methotwo fMRI data sets, a block-design paradigm and an event-re-
ologies in which data are analyzed at the “voxel level.” lated paradigm [17]. The results are compared with those from
Our work is inspired by the notion of “borrowing strength,"SPM.
described by Genovese as follows [11]. The shape and magni-
tude of the hemodynamic response and the impact of physiolog- II. MATERIALS AND METHODS
ical variations tend to be consistent across localized groups of
voxels. These localized groups represent regions with comnfon
physiological and/or functional properties. These consistenciesSPM [10] has been adopted by a large contingent of the neu-
induce dependencies among the model parameters associaigdaging community and, in this sense, may be viewed as a
with different voxels. By identifying these “dependence neigtstandard approach to neuroimaging analysis. SPM is based on a
borhoods,” we can borrow strength in estimating the model pgeneral linear model (GLM) operating at each voxel in a func-
rameters. That is, we use data from multiple voxels to estimatenal image. This is termed a “mass-inivariate” approach. This
common parameters. Genovese suggests that these neighinodel consists of a design matrix, common to all voxels, and
hoods are best identified using an adaptive partitioning of tlaeset of parameter estimates that are voxel-specific. The de-
data based on the temporal signal at each voxel. This ideasign matrix contains information about the activation paradigm
and possible confounding variables. The parameter estimates
Manuscript received November 30, 2001; revised November 10, 1002. THidicate the strength of the activations and confounds at each
work was supported by the Wellcome Trust. The Associate Editor responsibiexel. After basic preprocessing, data are spatially smoothed
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Fig. 1. Generative model underlying MGLM. Voxet is chosen
deterministically. For time point, we choose componett with probability
p(k|v;). A data point is then selected with probabilityy!|x). This is then
repeated for all voxels and all time points. The probabilistic dependence meal i
that we can write(y?, k|v;) = p(y!|k)p(k|v;). Summing ovek gives (1).

such maps are shown in Figs. 4 and 8. Notice that although tt8
analysis has proceeded at the voxel level, the end result is a m#
containing a small number of blobs that constitabestersof _
voxels showing task-related activity. It is this structure that is @
exploited in the MGLM model.

B. Generative Model

null components. Active components define spatially localizec i
clusters of activity that are temporally correlated with the activa =S

background activity that is temporally uncorrelated with the
paradigm. Active components are characterized spatially by Silagsl

components are given in Figs. 5, 6, and 9. They are temporal
characterized by a GLM, defining the activation and possible
confounds. Time series defined by GLMs are shown as the soli

spatially by a uniform distribution and temporally by a Gaussiar
process, with mean and variance that do not vary over time.

(see Fig. 1). At each voxel, at each time point, a probabilistie :
decision is made as to which component to draw a sample from. (b)

This decision is based on a spatial prior—components Neaggy 2. Iimages from generative model at timest(a) 8 and (b)t = 9. This
to that voxel are more likely to be chosen. A sample is themdel comprises a null componerit & 1) and two active components (top

drawn from the GLM corresponding to the chosen componeffilt: ¥ = 2; bottom rightk = 3). Note that the shape of the active regions is
consistent between scans, butitis notidentical. This is due to the mixing process

In this way, voxel time Ser!es ConSi_St Omxture of §amples operating at each time point. The arrow in figure (b) indicates the voxels whose
from different GLMs at different time points. This mixingtime series are plotted in Fig. 3.

process couples the spatial and temporal domains—voxels at

the very edge of a “signal” (active) component nearly always Mathematically, the fundamental assumption of our model is
draw “noise” (null) samples, but occasionally draw signahat the likelihood of an observation at tith voxel and theth
samples. More signal samples are drawn as we get closetitoe point,y!, is given by the mixture model

the local activation center. In this way, the overall correlation «

of voxels with the activation paradigm can vary smoothly

over the image—as observed empirically. A sample of images p (yilvi,0) = ZP (i |k, 0) p(k|vi, 0) (1)
from such a generative model is shown in Figs. 2 and 3. The =t

spatio-temporal model underlying this process is separablewhere the spatial location of thgéh voxel isv; = [x;,y:, 2i]

the sense that the spatial prior is the same at all time points. and the parameters of the model (introduced below) are collec-
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Fig. 3. Time series from generative model. Going down the page, we see time series from voxels at positions indicated by the arrow in Fig. 2,ittwat is, leav
the center of the bottom right clusterat= [40, 40] and going down ta = [40, 50]. Time series are plotted every two voxels. As we leave the cluster, the time
series gradually become more noisy.

tively written asé. Note that this is a conditional probability, wherey}, is the prediction from théth GLM at timet. If we let
with the fundamental dependence being on spatial location. The= [4i, 42, ..., §Y]T whereN is the number of time points,
first factor on the right-hand side of (1) is the probabilistic prethen
diction from thekth component, and the second factor is the .
prior probability. The generative model is shown graphically in Vi = Xpwg (®)
Fig. 1.

In what follows, the notation Ny, >) denotes al-variate
Gaussian distribution with meanand covariancé..

The spatial prior is specified by the likelihood ratio

whereX, is the “design matrix” ana;, are the regression coef-

ficients. This is the same as the usual GLM model used in SPM.
The design matrix contains, for example, details of when the
various experimental stimuli were given and information about

p(vilk) possible confounds (see, for example, [8] for more details). For
p(klvi, ) = 5Pl (2 a null component, we have
where p(yelk, ) = Ni (pr, o) ®)

wherey, is the average activity angf is the temporal variance.
i|k) =N DY : i , . .
p(vilk) 3, X 3) This can be viewed as a GLM with a single column of ones in

andmy, = [zy,yx, 2] is the spatial location of the cluster andhe design matrix and. = .
¥, is its spatial covariance. This says that the probability that The parameters of the overall MGLM model are
voxel v; belongs to clustet: falls as a Gaussian function off = {Xk, wk, 0%, mx, ¥y}, We again stress that we are
distance from the cluster's center. The ensuing probability BPt analyzing the data at the voxel level. That is, we do not
sampling fromk given voxel; is this renormalized “belonging” have a separate GLM model for each voxel—we have a single
probability. GLM model for all voxels in clustek, and information from

In the experiments in this paper, we have a single null corill of these voxels is used to estimate the parametgrss7,
ponent with a uniform spatial prigr(v;|k) = 1/V, whereV is 7, andXy (i.e., we are borrowing strength).
the number of voxels in the image. Importantly, this means that!n this paper, we consider the design matkix to be known
voxels are by default assigned to the nonactivating class. TR&¢ to be the same for all(except for the null component). In

is, if p(v;| k) falls below1/V for all of the active components, the limit that each voxel comprises a clustér— V', we then
then the voxel i& priori assigned to the null Component_ recover the voxel-wise GLM appl’oaCh that underlies SPM. SPM

For an active Component, we have iS, in this sense, a I|m|t|ng case of the MGLM model.
Figs. 2 and 3 show data generated from an MGLM model
p (yi|k,0) = Ny (9}, 07) (4) with a null componentX = 1) and two active components
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(k = 2,3). The active components are Gaussian in shape (3
Fig. 2) and have a temporal activation given by the regresso
the top of Fig. 3. This consists of a boxcar that has been pas
through a “canonical hemodynamic response function” (HR
comprising two overlaid gamma functions [10]. This capture
the temporal aspects of the HRF. In [20], it is surmised that t
variability of the magnitude of the HRF from voxel to voxe
arises because of differences in the diameter of the local v|
culature or the proximity of the voxel to neurally active tissug
This latter component is captured by the Gaussian nature of
spatial prior. The overall MGLM model is, therefore, capable ¢
capturing both the temporal and spatial aspects of the HRF.

An important feature of MGLM models is that they havd
far fewer parameters than mass-univariate models. Give
columns in each design matrix and three-dimensional (3-
imaging data, we requirg + 10 parameters per active com-
ponent (three forn, six for X, p for w; and one fora,%).
For, say,p = 10 and K — 1 = 20 active components, we
have a total of 400 model parameters. Mass-univariate modyd
however, require + 1 parameterper voxel Typical sized 3-D
fMRI images (of dimension 48 64 x 64) contain roughly
200000 voxels giving approximately 2000000 paramete
The difference is stark; the MGLM model provides a muc
more parsimonious representation of the data.

C. Parameter Estimation

; ; ig. 4. Auditory Data SPM showing active voxel® (< 0.05, corrected for
The generative model underlying MGLM assumes that trllr#jltiple comparisons). The bright pixels correspond to the SRlues and

observation noise is independent over voxels and time poini scaled so that= 5.23 (this corresponds tp = 0.05, corrected) is gray

The likelihood of the data under the model is therefore and the maximun value is white.
P(D|9) = Hp (yilvi, 0) (7) method for finding the parametetswhich maximize the model
it likelihood.

An EM algorithm for the MGLM model is derived in the
where D = {y!}. Note that although the observation noisgppendix and results in the following update rules. The E-step
shows this independence, the deterministic component of #lgply consists of computing the posterior probability of voxel
observations, the signal, will show strong regularities both ovgrat time ¢ having been sampled from componéntthat is
time, due to the temporal regularity 9f, and over space, duep(k|yf,w), which we also write asg/!(k). This is given by

to the spatial smoothness of the prior probabilities. Bayes’ rule as
An important feature of fMRI time series, however, is that the .
observation noise is temporally autocorrelated. In the MGLM t(k) = p (yilk) p(klvi) _ 8)
model, we believe there is no need to take this into account (see 2o P (YR p(k'|vi)
Section 1V). For brevity, we have dropped the dependence on the model

MGLM model, then at each voxel and at each time point it will,. k) = Zi\f_l ~E(k)/N andye = 327 ~;(k)/V. In the M-step

have been decided which component was used to produce gghe EM algorithm, the parameters of the spatial and temporal
sample. Let us denote this Y. For examples; = 3 forallt 1 qdels are updated.

for voxeli at the top of Fig. 3 (i.e., all samples were generated 11, parameters of the temporal model are estimated as fol-
from the active component= 3). If we were given the variable |os. 1f we letT; (k) = diaglyl (k), v2(k),. .., 7N (k)] be a di-
s; along with each data set, then parameter estimation wouldf¢,na| matrix with entries being the temporal weights for that

easy (thekth GLM, for example, would be inferred by simply,,qye| and; = [y}, 42, ...,yN]” be the time series for voxe|
fitting it to all data points for whichs! = ). But of course, this hen for cluster:. we can define

variable is not generally available and we must regard it as a

hiddenvariable. Fortunately, we can use a general procedure for Y = Z i(k)Y;. 9)
parameter estimation in models with hidden variables. This is i

the expectation maximization (EM) algorithm [6]. In the E-steg¢ e also letC(k) = 3, T;(k), then the regression coefficients
we compute the probability distribution over hidden variableg,q estimated as !

and in the M-step, we maximize the joint log-likelihood of the

data and hidden variables under that distribution. EM is a proven w = (X,fF(k)Xk) - XYy, (20)

If we imagine that a given data set has been generated byﬁametersﬂ given in (2) and (4). We then also compute
i
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This is equivalent to iteratively reweighted least squares (IRL
[19] but with the addition that the voxel time series receive di
ferent weightings at different locatiorend at different time
points. This arises because the mixing process operates at ¢
voxel and at each time point. The observation noise can the
reestimated using

=TI YA G- @

The means and covariances of the spatial parameters are
dated using gradient ascent. To ensure that the covariances
main positive definite, we use the decomposition (see, for ¢
ample, [27])

Y = Tsz + A1 (12)

with the constraint that,, > 0. This effectively renders the spa-
tial density of active componemtan ellipsoid with major and

minor axes pointing along the columnsf. The parameters
are then updated using

dQs
mr =mg + a1

dmk

dQ, Fig. 5. Auditory Data PPM from an MGLM model with two active
Tk =Tk T 02 components. The bright pixels correspond to voxels for whi 0.95.

+ dr he bright pixel d Is for whigh>
k

dQs

A = Ak + o dA 13 b, Inference

whereQ, is the “EM auxiliary function” for the spatial param_gi\;lt;t:]ebsrobablllty that a voxel belongs to an active cluster is

eters. The functio); and the gradients are given in the Ap-
pendix. Each gradient ascent step is implemented with Brent's " ,

line search algorithm (see [21, p. 402]), which implicitly finds Vi = Z i (k) (14)
the optimal step size;. A small, positive minimal value for w

Ak is naturally enforced in the initial bracketing used in Brent'§;nere 1/ are the active components. An image~gf consti-

algorithm. _ _ tutes a “posterior probability map” (PPM). Three such maps are
To summarize, the EM algorithm operates as follows. In thg,own in Figs. 5, 6, and 9, which superimpose PPMs, thresh-

E-step, the posterior probabilities are updated using (8). In thgied ath, — 0.95, on structural MRI images. Voxels can be

M-step,wy, o, my., andXy, are updated using (10), (11), (12) geclared active by comparing to some threshold.

and (13). The E and M steps are iterated until the proportionateye can also define a likelihood rati¢ as the ratio of the

increase in model log-likelihood from one step to the next s lefiRelihood of the data under the active models to the likelihood

thanle—ﬁ,.an arbitrary convergence criterion. _ of the data under the null model. The posterior probabilities and
The main computational overheads of the EM algorithm a[gelinood ratios are related as follows:

in the gradient ascent steps of (13). Within these updates, the

main bottleneck is in the evaluations €f; in the line search o — Vi

algorithm. This can be speeded up by noting that the Gaussians B v

have only local support; changing; andX; will only make N 2

a difference toQ in a small region. Therefore, by restricting Ti T e (15)
the domain in which); is computed, we can greatly reduce the ‘

amount of computation required. Now, if we know the prior probability of observing an active

The algorithm we have described is, strictly speaking, a gevexel p*, then the optimum threshold for the likelihood ratio is
eralized EM algorithm, since each M-step does not maximizé — p®)/p® [5]. This then implicitly defines the optimum value
the auxiliary function but merely increases it (see, for examplir k. For example, in a sensory study, we naagriori expect
[14]). We have also considered the use of a conditional EB%o of voxels to activate. This correspondsite- 0.95.
algorithm as described in [16], but found no computational A second quantity of interest is the number of active com-
advantage. ponents. This can, in principle, be found using Bayesian model
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to guarantee that this is a useful solution, the spatial priors
are set so that the active components are initially centered
on voxels strongly correlated with the activation paradigm.
More principled solutions include the use of split and merge
heuristics where components are divided or combined and the
resulting model kept, depending on whether a probabilistic
fitness criterion is met [28]. A fully Bayesian solution to this
problem can be implemented using reversible jump Markov
chain Monte Carlo (RJ-MCMC) [12]. These approaches can,
in principle, be applied to the MGLM model and will be the
subject of future work.

The current initialization method proceeds as follows. We
first find the voxel positions of th& largest maxima in the cor-
relation ort-statistic image that are at least 15 mm apart. These
are used a#( “seed points.” We then fit GLMs to the data at
these voxels and so infar, ando;. The meann, is set to the
seed position and the diagonal terms in the covariahcare set
so as to correspond to a full-width at half-maximum (FWHM)
of 6 mm. The initial solutions thus correspond to strong, focal
activations. By optimizinguy, my, andX, we can find weaker
or stronger, more or less diffuse activations. The extent to which
the MGLM homes in on each is decided by the model likelihood
and the EM optimization process.

F. Data Sets

We use two fMRI data sets.Both were acquired on a
2T VISION system (Siemens, Erlangen, Germany), which
produces T2-weighted transverse echo-planar images (EPIs)
with blood oxygen level dependent (BOLD) contrast. The
order selection methods (see, for example, [23]), but this is Bfst was recorded during an auditory stimulation task. This
yond the scope of the present paper. Instead, we use the {QInsisted of bisyllabic words (e.g., “motor,” “robust”) being
lowing heuristic. We fit a family of MGLM models with in- presented at a rate of 60/min. The data set is made up of six
creasingK and for eachk = 2..K compute a value; thatis plocks of auditory stimulation alternated with six blocks of
thet statistic corresponding the inferred valuesdgrando}. rest, each block lasting 30 s (this block structure is reflected
If p(t > tx) < 0.001, then we declare that at least— 1 com- i the time series in Fig. 7). Whole-brain fMRI images were
ponents are active:(= 1 is the null component), and proceedacquired every 7 s using 30 transverse slices.
to fit an MGLM model with K active Components. OtherWise, The second data set was recorded during an experiment con-

Fig. 6. Auditory Data PPM from an MGLM model with three active
components.

the model order selection process stops. cerned with the processing of images of faces [15]. This was an
By noting that the mean activity of voxelsin clusteis given  event-related study in which grayscale images of faces were pre-
by sented for 500 ms, replacing a baseline of an oval checkerboard
v, that was present throughout the interstimulus interval (ISI). The
Ve = —2 (16) ISl followed a stochastic distribution with a minimal interval of
(k) 4.5 s. In this paper, we focus on only a subset of this data con-

erned with the differential activation of voxels subsequent to

we can extract an “unsupervised” or a “semisupervised” es i i ) X .
e presentation of face trials versus baseline trials. Differen-

mate of the temporal activity underlying each cluster. By this, ) : X i )
we mean that inference could also proceed on the basig 0ftlally activated areas will be involved in face processing rather
an the processing of images per se. Whole-brain EPIs con-

rather than on the basis of parameters from the GLM. T ) ; . X .
would be in the spirit of cluster-based analyses of fMRI (Seglstlng of 24 transverse slices were acquired with an effective

for example, [4]) repetition time of 2 s.
' ' All functional images were realigned to the first functional

image using a six-parameter rigid-body transformation [9].
i ) ) Functional images were then spatially normalized to a standard
One potential problem with the MGLM model is the possigp| template using a nonlinear warping method [1]. The images

bility that there may be many local maxima in the likelihoogyere then scaled to remove global effects using proportional
landscape. The current optimization approach does not warrgghjing.

that the global maximum is found, especially with a large
number of mixture components. The_emp”’_'cal work in this IThese data sets and a full description of the experiments and data prepro-
paper concedes that only a local maxima will be reached, lvgtsing are available from http://mwww.fil.ion.ucl.ac.uk/spm/data.

E. Initialization
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Fig. 7. Auditory Data Time series for the right-hemisphere component of the MGLM model. The solid lines show the responses estimated underithe GLM,
and the dotted lines show the mean voxel activify, The boxcar at the bottom is high when the auditory stimulus was present (this demarcates a 30-s period).

We then created two different sets of images. For analysis Ill. RESULTS

using SPM, the images were spatially smoothed using ary . .

. X T e results of a standard SPM analysis are givenin Fig. 4. The
Gaussian with FWHM= 6 mm (this is necessary to ensure thqt N ys! givenin =g

. . esults are displayed in the form oftsstatistic image overlaid
GRF theory is not too conservative [8]). Importantly, howeve{jn a structural fMRI scan from that subject. The plot shows

Images to be analyzed using the MGLM model werat diffuse bilateral activation of primary auditory cortex. We then
spatially smoothed. Instead, they were procgs;ed so that e?glied a series of MGLM models to the data with increaging
voxel had zero mean and unit variance. This is necessarysig model order selection heuristic (see Section I1-D) stopped
the signal components will only be driven to areas containing , madel with three active components: two covering the left
signals if the residual error in the signal areas is less than th&; ation and one covering the right. The corresponding PPM
error in the noise areas; otherwise, the overall model would n@tspown in Fig. 6. We also show the MGLM model with two
have a higher likelihood. Note that this normalization does ngtijye components in Fig. 5. The PPMs have been thresholded
affect thet values in a conventional SPimap. ath = 0.95.

For both data sets, we focus on single slices. For the auditoryrne ppMs and SPMs are in general agreement, with the PPMs
data, we chose a transverse slice at 10 mm and for the face peing somewhat more conservative. This is, however, an artifact
data atransverse sliceat= —24 mm (these positions are givengye to the choice of thresholds for which the images are plotted,
in Talairach coordinates [26]). i.e., SPMs corrected at < 0.01 rather tharp < 0.05 show a

For the auditory data, the design matrices, for both SPM agﬁln“aﬂy conservative pattern.

MGLM, contained a column of ones and a variable indicating Fig. 7 shows the corresponding time course of activations for
the experimental condition. This variable consisted of a boxcge right active component, the block structure reflecting the
with ones indicating the presence of an auditory stimulus aRgbck-like nature of the stimulus and the peaks and troughs re-
zeros indicating its absence, convolved with a hemodynanjigcting the hemodynamic over- and under-shoot. The consis-
response function [10], a standard way of modeling the hement excessive undershoot in later blocks shows that the fit of
dynamic response. For the face data, the design matrices ag-GLM could be improved by adding regressors to the design
tained a column of ones and four other columns indicating whefatrix (e.g., a time effect).

the face images were presented. There were four such columnas mentioned earlier, the MGLM model is a much more eco-
rather than one as there were two types of images—famous aaehic model of functional activation than is the mass-univariate
nonfamous—and each face was presented twice. Modeling #igproach underlying SPM. For this data set, the three-compo-
response in this way, rather than with a single variable, resultsiant MGLM model has 24 parameters whereas the SPM model
a more accurate model fit. It also allows for the investigation ¢fas 15 010 parameters. If one were interested in finding efficient
repetition effects [15], although this is not explored in the cucodes for storing the data, then MGLM would offer a consider-
rent paper. able advantage. We note that if this were truly the case, then a
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Fig. 8. Face DataSPM showing active voxelsp( < 0.05, corrected for
multiple comparisons).

finessed characterization of the null component would be ap-
propriate (see discussion).

The result of a standard SPM analysis of the event-related
study is given in Fig. 8. This shows bilateral activation of
fusiform cortex and earlier visual areas. We then applied a
series of MGLM models to the data with increasihg Our
model order selection heuristic stopped at a model with two
active components, one covering the left activation and one
covering the right. The PPM, thresholdedat 0.95, is shown
in Fig. 9. Again, the PPM and SPM are in general agreement,
with the more conservative nature of the PPM being attributable
to differences in thresholding and possibly smoothing.

Fig. 10 shows the corresponding time course of activations
for the active component in the right hemisphere. The solid line
shows the estimated response from the GIviM,and the dotted
line shows the unsupervised estimate of temporal actijty
This is the quantity of interest in cluster-based analysis [4]. By
comparingY;,s from different clusters, inferences can be made,
albeit informally, about differential delays in hemodynamic
response. We note, however, that this can also be achieved
by including the temporal derivates of the canonical HRF in
the design matrix and making formal inferences about the
corresponding regression coefficient. The middle time series
in Fig. 10 show how the estimated GLM responses can be
improved by including more regressors. We used a model with
19 regressors (as in [15]), and this led to a 20% reduction in
the fitted error.

For this data set, the MGLM model has 45 parameters
whereas the SPM model has 20 034. Again, a great saving.

IV. DISCUSSION

We have proposed a new approach to the analysis of func-
tional neuroimaging data. The central tenet of these models is
that the fundamental quantities of interest to the neuroimager
are the location, shape, and temporal signaturelustersof
voxels showing task-related activity. SPM is a special case of
our model, recovered when the number of clusters equals the
number of voxels and all active clusters have the same design
matrix.

For each cluster of activation, we have a single representative
time series. This means that the MGLM model may be partic-
ularly helpful in the analysis of effective connectivity [3] that
examines the interactions among different brain regions. Previ-
ously, the requisite time series have been derived by defining a
region of interest using, for example, a sphere of arbitrary size
and then finding the principal eigen-time series [3]. MGLM of-
fers a much more precise and principled approach.

The model we have proposed is similar in spirit to the sto-
chastic geometry model (SGM) of Hartvig [13]. This models
the activations as a sum of Gaussians of unknown location and
scale whose parameters are estimated using Bayesian methods.
The generative models underyling MGLM and SGM are, how-
ever, very different. The most fundamental difference is that the
SGM Gaussians reflect the magnitude of activations, whereas

Fig.9. Face DataPPMs from MGLM model with two active components. Thethe MGLM Gaussians reflect the likelihood that a voxel belongs
single active component model consisted of just the left-hemisphere activatith.a cluster.
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Fig. 10. Face DataTime series for the right-hemisphere component of the MGLM model. A 400-s period is shown. The top time series show the estimated
responses (solid line);;,, and the mean voxel activity (dotted ling),, for an MGLM model with five regressors in each design matrix. The middle time series

show how the estimated responses are improved when using 19 regressors in each design matrix. The spikes at the bottom indicate when the faee images wer
presented.

We also note similarities with the nonlinear spatio-tempora, however, an attribute shared by other spatio-temporal models
(NST) model proposed by Soéi al.[24]. A common feature is [7], [24], [13], and appears to be the price we pay for more
that information is pooled across voxels using an adaptive sprsimonious yet informed characterizations of fMRI data.
tial kernel. Again, the MGLM and NST generative models are We also note that the MGLM model is closely related to
very different. For example, in NST, pooling is used to estimatduster-analysis methods. An important difference between the
noise parameters rather than signal parameters. PPMs from the MGLM model and the maps of spatial activation

An important feature of fMRI time series is that the observgroduced by cluster analysis, however, is that the PPMs have
tion noise is temporally autocorrelated. In the mass-univaridiobs whereas the cluster maps have speckles (see, e.g., [4]).
approach, it is necessary to take this correlation into account,Tdss is because for a voxel to belong to a cluster in the MGLM
to neglect it would severely bias the subsequent inferences. BEsdel, it must have an appropriate time seid@s be in the
sentially, instead of the degrees of freedom (DoF) being eqwdpropriate position. In essence, MGLM performs a semisuper-
to the length of each time series, it is much less. For MGLMsed spatio-temporal cluster analysis.
models, however, the DoF in each temporal model is equal toThe model we have proposed could be usefully enhanced
the length of the time series times the number of voxels by greater use of prior information. For example, instead of
longing to that cluster (because we have borrowed strength). Beving a single prior for the null class, being a uniform den-
this is so large, any reduction due to temporal autocorrelatisity over the whole brain, we envisage the use of tissue-spe-
is likely to make little difference to the subsequent inferencesific priors describing the spatial distribution of white matter
Those not persuaded by this argument could alter the genexad cerebro-spinal fluid would make a useful contribution. This
tive model underlying MGLM so that the mixing process takesould increase the probability of functional activations being
place at each voxel, rather than at each voxel and at each tiaentified in gray matter. This is in the spirit of previous work
point. Standard time series models that allow for temporal auio-the area by Kiebel and Friston [18].
correlation such as GLMs with autoregressive error terms could
then be implemented. We note that since the amount of auto- APPENDIX
correlation is dependent on space, the resulting cluster shapes EM ALGORITHM
may be different. Howeyer, this is likely to be a subtle effect _be- The log-likelihood of the data is given by
cause, on average, weighted-least-squares parameter estimates
(which take into account error autocorrelation) are identical to _ +
ordinary-least-squares estimates (which do not). L= Z Xt:logp (yl |vi) ’ (17)

On a more critical note, the amount of computation required '
to estimate the parameters in a MGLM model is an order @he likelihood can be maximized by maximizing an EM auxil-
magnitude greater than that for the mass-univariate approaiehny function). Maximizing Q provably maximizes the model
taking several minutes per slice instead of several seconds. Tikislihood, as shown in [6]. For models with hidden variables,
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this@ function has a standard form: Itis the log of the joint probwhere
ability of observed and hidden variables averaged over the pos-

terior distribution of hidden variables. For the MGLM model, —d 1
we have ai(k) = - log(2m) — 7 log [Tr]
1 _
_ <Z S o (o] k|1}:)> (18) = 5(vi— mi) T8 (v — my). (27)

et We have
where the angled brackets denote expectation over the distri-
bution p(k|y?, v;). For brevity, we writey!(k) = p(k|yt, v;), Z Z% Ylog g;(k (28)
which can be expressed as

) p(y!, kvi) (19) We can then use the standard result (see, for example, [2, pp.
and rewritten in terms of the temporal and spatial probabilities CZ;(%Z) = (k) — g:(k) (29)

[see Fig. 1 and (1)]

‘ ' and combine it with

Zk’ (i) p(k'|vi) dai (k)

dmk

vi(k) =

= Z;l(vi - mk) (30)
The E-step of the EM algorithm simply consists of computmgnd
this d|str|but|on We also computg(k) = Zt 1 7i(k)/N and

Tk = Zz Yi(k)/V. da;(k) 1 1
The joint distribution in (18) is given by A 5(u —my)(v; —my)T — §Zk (31)

st
p{vi:Klei) = p (vilk) p(kfes) 1) to get(dQs)/(dmy) and (dQ;)/(dXy). These gradients can
Hence, its expectation ovef (k) is then be used in a line search to find updatesrfqr and Xy,.
Whilst this is straightforward for the mean, it does not ensure
Q= Z Z Z ~E(k)logp (y!|k) positive definiteness fax;.. We, therefore, decompose the spa-
tial covariance usin@, = rkrf + AxI and use gradient-based
n Z Z Z ~H(R) log p(k|v;) 22) line searches to optimizg, and\. The required gradients can

be derived using the chain rule or estimated using central differ-
ences (see, for example, [2, p. 146]).
which can be written in terms of a temporal term (first) and a

spatial term (second) B. Temporal Model
We letl'; (k) = diag[v}(k),v2(k),...,vY (k)] be adiagonal
Q=0+ NQs. (23) matnx with entnes be|ng the temporal welghts for that voxel and
= [y}, 2, ..., yN]T be the time series for voxel For the

The update rules are derived by finding the turning points of tr)ﬁh o

mponent, we have
above function.

A. Spatial Model Qi(k) = ZYT(i)Fi(k)Y(i)
The likelihood is given b
g Y - 2ZwkTX,’{F ZwkTXk k) X pwg.
(uilk) !
V; =——7
S RNCEESAE .

1
X exp <—§(v1: —my) T8 (vi - mk)) (24) For the regression coefficients, we have

and
d
g{;k =2 Z X{TR(i)Y (1) 42X > " Ti(k) Xwy,.
_ p(ilk) ‘
p(klv;) = (25) (33)
> pwilk') Letting
We can rewrite the above equation in terms ofsb&maxfunc-
tion Vi = Zri(k)y i
ail) = exp [a; (k)] (26) rkZE:Ew) (34)

>k exp [ai(k)]
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we have [11]
dQuk) _ o xTy, 1+ 9XTTy Xy @5 M
dwk
which has a turning point at [13]
[14]
wy, = (X{TeXe) ' XY (36)
[15]
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