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Abstract

Noise confounds present serious complications to

accurate data analysis in functional magnetic resonance

imaging (fMRI). Simply relying on contextual image
information often results in unsatisfactory segmentation
of active brain regions.To renedy this, & propose a
novel Group Markov Random FieldGroup MRF)that
extends the neighborhood system to other subjects t
incorporate group information in modeling each
subject’sbrain activation.Our approach has the distinct
advantage obeing able toregularize the states of both
intra- and intersubject neighborswithout having to
create astringentoneto-one voxel correspondenasin
standard fMRI group analysi&lso, air method can be
efficiently implemented as a single MRIEnceenabing
activation maps of a group of subjects to be
simultaneously and collaboratively segmented. We
validate on both synthetic and real fMRI data and
demonstrate superior performance over standard
analysis techniques.

1. Introduction

Image mise remains amajor challege to accurate
segmentationin scenarios with only a moderate level of
sparselydistributed noise, regularizationapproacheshat
exploit contextualimage information such as Markov
Random Field (MRF), typically perform well in
segmentingthe objects ofinterest [1]. Howeverjf the
majority of image voxels are corrupted by stramgse,
MRFs may not be effective due to the lack of reliable

neighborsThe heart of the problem is that, in certain cases,

there may simply bensufficient information withina
single image toenablereliable segmentationAdditional
informationis thus needed in these situationsmiiltiple
imagescontainingobjectsof the same class are availgble
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or template from a set of training imagest tisathen used

to segment new images [2]. Alternatively, one may use
multiple templats to generate candidatabels that are
subsequently reconcilagsing e.g. majority voting to fuse
these labels into a single segmentatiofd]. Generating
representativenodels however, can be quite difficult for
certain applications, such as medical imaging where even
experts oftentimes cannot provid®nsistent, accurate
ground tuth segmentationsUnder such circumstances,

&nsupervised approaches are needed.

A few recent unsupervised approaches have alluded to
the importance of aggregating information over a set of
candidate segmentations. A notable approach called
“ensemble clustering” that combines outputs from multiple
clustering algorithms has shown superior penfance over
using each algorithm separately [6]. In [7], Ward and
Hamarneh proposed extracting skeletons frognoaup of
images and applied majority voting to prune each skeleton
with robust results demonstratdd.this work, we extend
this fundamentaidea of drawing consensus across images
to the analysis ofunctional magnetic resonance imaging
(fMRI) datg where the highly complex noise structure and
the lack of ground truth segmentaticendergroupwise
unsupervised approach particulatiyractive.

In a typical fMRI experiment, multiple subjects (usually
10-15) are recruited to perform a certain task.finger
tapping, while three dimensiona@) MRI scansof their
brains areacquired at regular time intervals.eions
within brain regions invaled will fire in response to task
stimulus which alters the oxygenation level in nearby
tissues, resulting in an intensity change in the NMjRad.

This induced signal contragt referred to as blood oxygen
level dependent (BOLD) contrasthichis widely used as a
basis for inferring brain actation However, confounds
such as scanner noise, head motion, and oxygen level
changes arising from the cardiac and respiratory cycles have
perplexing effects on the BOLD signal, which greatly
complicates accuratnalysis of fMRI data.

The gandard way of analyzing fMRI data involves

onecan exploittommon features shared among the imagesexamining the intensity changes of each voxel over time

to enhance the segmatibn of each image. Thgeneral
idea of incorporating group information is widely used in
many areas including recognition [2], registration [3], and
reconstruction [4]A popular approach is to build a model

and statistically comparing each voxel's intenditye
courseagainst ahypothesizedesponse A general linear
model (GLM) is typically used for this purpose, where
statistics reflecting the degree of similarity between the



stimulus and voxel time courses are generated andstudied.In our proposed formulatioMRFs of all subjects
assembled into an activation statistics map [8]. A thresholdcan bejointly and cooperativelgolved as a single MRF.

is then applied to identify the activated visxeSince each ~ Wethusrefer toour propogd method asGroupMRF .

voxel is analyzed independently, voxel interactions are

ignored despite that each voxel is unlikely to function in o Proposedmethod

isolation. Therefore, some have proposed modeling - - .
activation statistics maps as MRFs to incorporate Our pro_posed_ meth_Od mimics a negrologlst_s_expertlse
contextual image informathn [9], while others employed deploye_:d n deC|d|_ng if a .VOX?I. Is active. Spemflcal!y, to
Bayesian approaches to directly integrate neighborhooodeterr_mne if voxe_lj n s_ubjectl IS active, one may first
information into the activation statistics estimates [10]. €X@mine the spatial neighbors of voxeHowever, if the

Encouraging neighboring voxels to have similar labels (e_g.nelghborlr;]g voxels are_;ound tolbe ;OO ;O'Sy (t))'r unrelllable,d
active or noractive) helps reduce the number oflased ~ ON€ May have to consider voxels of other subjects locate

voxels falsely declared as active. However, solely relying!n Proximity to voxelj. Since only voxels proximal to each
on contextual image information is oftémadequate to other are hypothesized to be in a similar state, the stringent

deal with thenherently low signato-noise (SNR) of fMRI ~ féduirement for a ont-one voxel correspondence is
data. Thus,pooling alditional information from other alleviated. Instead, a relaxed condition of requiring only the
subjectsma;} provebendicial [11] brain structures of the subjects to be approximately aligned
IN most fMRI studies thé standard approach for is in place. Based on this intuition, we propose to model
aggregating information across subjects is to first-non €aCh Subject’s actation statistics map as an MRF whose

rigidly register the anatomical image of each subject onto g€/9hborhood system extends to other subjects (Fig. 1).

common brain template with the same transform applied tooince the vast anatomlca_l vana_blllty_ In re_al_ MR data
renders accurate whel#ain registration difficult, we

the activation staties map. Statistical testing is then

applied to activation statistics assembled across subjects tsmploy an alternative approac_h, where we defmneg)f
delineate the commonly active voxels. The resulting groupmterest (ROIs) and perform alignment at the regional level.

map is then taken as representative of all subjects. Thd NS approach ensures that no brain structures will be
implicit assumption is that a o#e-one correspondence mistakenly dec_lared as part Of. anofcher struciure as often
exists between the active voxels across subjects and that tffgcountered with wholbrain registration

voxels are perfectly aligned in the template space. 4

However, due to the large anatomical irdabject "

variability, rarely can the anatomical images be perfectly - - L/ o

aligned to the tmplate. Hence, registration errors pose AT

major limitations to the standard analysis approach. In fact, voxele/f/::»”’:_ '/bm‘e'q

even if one manages to align the anatomical images S (I ,3_- subject 1

perfectly, whether a orm®-one functional correspondence - L“?;::\

exists between voxels is debatable. The cmable . RN
functional intersubject variability observed in past studies stibject SR e
[12] suggests that such voxel correspondence does not RN N D
likely exist. Nevertheless, active voxels within brain L/ b

regions involved with the experimental tasks are often &

consistently found aoss subjects, though the exact '/L

locations are usually different [12]. The question thus

becomes whether the observed functional variability is due_. o o

to noise or true intesubject differences. If the obs{:rved Fig. 1. Proposedsroup MRF. Each subject's ROI activation
Lo . - . . . map is modeled as an MRF with its neighborhood system

Yar'ab'“t_y mainly arises from noise, '”Corpomfi'@m“l? . _extended to other subjects to incorporate group information.

information to segment each subject’s activation statistics

map may better reveal intsubject commonalities.
In this paper, we propose expiad group information 2.1.Group MRF

in fMRI analysisby modeling the activation map of each Let G = (V,,E)) be a graph, wherlg = QU 0;, V; and Q

subject as an MRF with ¢hneighborhood system extended are the sets of voxels and edges within subjg&®OlI, and

to other subjects. Our approatttus jointly accounts for 0; is the set of edges between subjemtd other subjects.

the states of bothntra- and intersubject neighbors in Also, letjp * Qbe the intrasubject edge between voxgls

estimating the state of each vaxalso, by incorporating  andp andjq * 0; be the inteisubject edge between voxel

group information in segmenting each subject’svatittn and g. Delineation of subject’s ROI activation statistics

map as opposed to estimating a group map, both-inter map can be formulated as the following MRF energy

subject commonalities as well as differences can beminimization problem:

subjectN,
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wherex™ « L = {1...K} is the label assigned to voxe] m
indicates the experimental task;(x™) denotes a unary

potential, and »*" %) and =("%) are intra and inter

subject pairwise potentials. is used to adjust the
contributionof the pairwise ptentialswhile balances the
contribution of intraandinter-subject pairwise potent&l
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2.2.Unary potential

Let ;" be the activation statistic of voxellf voxelj has
a low probability of being activated during task we
penalize labelingg as active and vice versa. Our unary
potential is thus defined as:
(" k) 1op(x; k[t (2)

wherep(x™ =k [t;™) is the probability ok™ being assigne
h X" =k ") is th babili Mpei igned

this implementation strategy, activation statistics maps of
all subjects can beintly and collaboatively segmented.

We set . in (5) to 1/Ns to scale the cumulative
contribution of the subjects to a level similar to that of a
single subject, and thus ensures that the pairwise potentials
will not dominate over thenarypotential. The choiceof
depends on the degree of irgabject variabiliy, which is
unknown a priori. We havéhus set to 0.5to weight
subject i's own information more than that of other
subjects. Nevertheless, varyindy +0.2 (i.e. £40%) did
not significantly affect the result§o computep(x™ =
k™) in (2), we first estimatg™ using a GLM [8]:

yi X§ 4, (6)
t' E'/sd E"), (7)

where y; is the intensity time course of voxgl & is
assumed to be white Gaussian noisg,is a vector
containing the estimated effects' for the various tasks,
andsg ;") is the standard error of" [15]. X is a design
matrix with boxcar functions (timecked to task stimuli)
convolved with the hemodynamic response (HDR) as

label k given ", estimated using a constrained Gaussian regressor$s8]. Based ort™, p(x™ = ki) can be estimated

mixture model (CGMM) [13], as detailed in Sexti2.4.

2.3.Pairwise potentials

The proposed extended neighborhood system consists of

an intra and an intesubject component. For thetra-
subjectcomponent, we use the Pott’s model potential:

To (x(xg) 1 QXY 3)
where /(y) = 1 if y = 0 and O otherwise, and edges are
added between the dnd 6connected spatial neighbors for
the 2D and 3D case, respectively. For thter-subject

component, we also use the Pott’s model potential:
Ta(Xxg) 1 Gx) xg). 4)

Edges are atbd between voxdl of subjecti andits ¢
nearest intesubject neighbors for every subject pair

Xp) s

2.4. Algorithm i mplementation

The proposed method can be implemented as a single

using aCGMM [13], as shown graphically in Fig. 2.
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Fig. 2. Graphical depiction of constrained GMM for computing
the unary potential™(x™.
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In CGMM, t;™ is assumed to be generated from a mixture
of K Gaussian distributions withmixing coefficients @&,

means =, and variance\g?. Conjugate priors are uséal
constrain the model parametet§, y*, and GE"

MRF by treating the voxels of all subjects as a single set

and adding edges withiand between all subjects in the

manner described in Section 2.3. Since we are labeling the

voxels as either active or naative (i.e.K = 2) asin[13],
globally optimal labels for thisGroup MRF's energy
function (5) can be estimated using binary grayg{14].
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R ~N(KW, (9)
Y ~1G(@ab), (10)
' ~Dir(D, (11)

where 1G(a,b) and Dir gBote inverse Gamma and
Dirichlet distributions. Adding priors mitigates the
singularity problem in maximum likelihood solutions, i.e.
-« collapsing ontot™ with * approaching 0, thus

assigning infiniteprobability att™. Also, having priors
allows us to encode our knowledge ¥ into the model.
Specifically, we know that™ of norractive voxels should

whereN;s is the number of subjects and 0.5 is introduced to theoretically be 0 and the threshold used for delineating the

avoid penalizing each intaubject edge twice. By using

active voxels givemy" is roughly béween 3 and 4 based on



Gaussian Random Field (GRF) theory [8]. This prior varying cluseér location (VCL) caséFig. 3(e) & (f)) we
knowledge is encoded intowith 3setto 1. As for‘inz' randomly varied the locations of the two largerstéus
across subjects. This case models the situation where the
active regions of the subjects do not completely overlap.
The maximum cluster misalignment was set to two voxels
(~30% of the cluster width) in both the vertical and
horizontal directions. Thenaximum SNR was set as 0.5
for both cases in Fig. 3, i.e. voxels near the activation

we use an uninformative prior by setting bathndb to

0.5 [13], since little is known about this parametés set

to 1K assuming equal prior probabilities of being assigned
any one of theK labels. Gibbs sampling is employed to

computep(x™=k ™) [13]:

p($|2", 0 Dir 3 N:szm,l, o N:VZJm,K . (12) centroids had an SNR close to 0.5, whereas voxels away
© i1 i1 1 from the activation centroids had an SNR below 0.5.
m _m For comparisons, we also tested the following methods:

PC A It 2") (i) GLM with Gaussian smoothing and a threshold based
&Y mkym 2 : on GRF theory for a -palue of 0.05 [8], (i) MRF
l"jllzj WKy Wy (13)  separately applied to each subject’® map, and (i)
MY VALY ’ W gmk 2 second level GLM (i.e. substituting spatially smooth&d
© i1’ « i K s of all subjects intoy; in (6) and setting as a column of

2 ones) with a GRF thresho[8]. We refer to methods (i),
PV It",2",a,b) (i), and (iii) as individual GLM (iGLM), individual MRF
'y v - 14 i i .

-} 0.5N: 2% b 0.5N: ey (14) (iIMRF), and group GLM (gGLM), respectively
© i1 it 1
3.1.Common duster location

mo 2 %), 15
Pz _ kI, AU, S0 v NG ng W _)_ (15) Fig. 3(a)(d) shows the qualitative results for the CCL

whereN, is the number of voxels in subjecs ROl and 4™ Only results from four of the ten subjects in one of
z " Is an indicar variable set to 1 if voxglduring taskm  1he synthetic datasets are plotted due to space limitations.
is estimated to be in steteand 0 otherwisetor the inter  jging iGLM missed most of the active voxels away from
subject pairwise potential, we have empiricallyGét 3, he activation centroids, whereas using iIMRF resulted in
but increasing to 4 or 5 had little effects onthe results  gre active voxels identifi, although active voxels with

" below 3 were largely undetected. Also, the smaller
3. Synthetic data experiments cluster was missed due to lack of irttzbject active

To validate our proposed method, we generated 500'€ighbors. Using gGLM detected more mildly activated
synthetic datasets, each consisting of ten subjects. Th¥0Xels, but the spatial smoothing required for using GRF
activation pattern comprised three clusters (Fig. 3). Thethreshold resulted in many false positives. Ustapup
signal intensity of the active voxels (marked with circles in MRF detected most of the active voxels, including those
Fig. 3) was set to decreaseponentially as a function of ~With = well below 3. Also,Group MRF consistently
distance from the respective activation centroid of eachdetected the smaller cluster in all subjects. To quantify the
cluster. The smaller cluster was added to test whetheP€rformance, we computed the agerdice similarity
GroupMRF can detect spatially isolated active voxels that CO€fficient (DSC) over the 500 synthetic datagétg. 4)
areconsistently preseraicross subjects. The syntldime DSC 2TP (16)
courses of active voxels were generated by convolving a 2TP FP FN’
box-car function, having the same stimulus timing as in where TP, FP, and FN dendkenumber of true positives,
our experimeni(Section 4.], with a canonical HDR [8]  false positives, and false negatives, respectively.
and adding Gaussian noise. We introduced additionat inter  As evident from the lowDSC for iGLM andiMRF, a
subject variability toemulate two potential cases. In the single subject’s information may be insufficient to obtain
first case, which we refer to as the common clustersatisfactory segmentation at low SNR, even when
location (CCL) case (Fig. 3(ajd)), the location of the  contextual information is considered. This reswlbfirms
clusters were fixed but the placement of the activationour argument for incorporatingdditional information.
centroids (i.e. location away from which the signati@  Solely relying on grougnformation, however, can also be
active voxels decrease) were varied across subjects angroblematic as apparent from the gGLM results, where
permitted to be anywhere within the clusters. This caseincreasing SNR reducedSC. This countefintuitive
emulates the situation where the active regions completelyinding can be explained as follow8ince the locations of
overlap between subjects but the location at which thethe activation centroids are randomly variegdross
BOLD signal concentratesaxies. Hence,it will appear  subjets, ;™ at each voxel location will thus be different
that there is little overlap between thetive regionsof the between subjects. Considering that the rangg"bfalues
subjects.In the second case, which we refer to as thejs governed by the SNR, increasing SNR will increase
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Fig. 3. Synthetic data result§” plotted with dots and circles indicating detected and ground truth active v¢Xetsaps along each
column correspond to the same subject’s activation map for each test case, but appears differeptatiaesmoothing ergyed in
GLM. For the CCL case, GrpuMRF (d) detected the majority of active voxels, whereas iGLM (a) and iMRF (b) failed to obtain suc
delineation. gGLM (c) also detected most of the active voxels, but included many false positithe \FeL caseGroupMRF (f) was
able to adapt to theluster variations, whereas the single group map approach of gGLM (e) does not faciltate satibradapt



1 — outperformed all other methods (Fig. 6). We note that
o2 B increasing the maber of subjects did not increase DSC
0.7 initially (Fig. 7), since when the number of subject is low,

o it is difficult to draw consensus with the added cluster
So.4 | — - misalignments. Nevertheless, after adding seven subjects,
03 :1 ] — DSC began and continued to increase, tferaonstrating
0.2  — — . . . .
01 Group MRF's robustness to intsubject variability.
© 0.25 0.5 0.75 1 SNR :

0.9

=ZiGLM ®IMRF LgGLM L Group MRF os i
Fig. 4. DSC of the four contrasted methods for the CCL case at 0.7 - —K
various SNR levels. Group MRF consistently outperformed all ~ ©- 1
the other methods. NetDSC of iGLM = 0 at SNR = 0.25. 227
inter-subject variability in ;", which decreaseBP, hence a oo E'
reduction in DSC. In contrast, using Group MRF resulted o1
o T T T
0.5

in higher DSC for all SNR levels compared to the other - ) 0.75 .

methods. Also, unlike gGLM, the DSC of Group MRF MIGLM - MIMRE CgGLM - T Group MRF

increased with increasing SNR. The reason is that Groug9: 6. DSC Olf thel four contrasted methods foifthe Vé:L Hcasﬁ at
: m ; various SNR levels. Group MRF again outperformed all other

MRF d_oes notd_lrec:_tly_compare}J across s_ub_Jectinstead, methods. Note: DSC of iIGLM = 0 at SNR = 0.95.

group information is integrated liyst assigning a label to

][]

(0]
4
X

each voxel and then estimating the state of a voxel based ONos —— 1
consensus of labels between the intad intersubject gj . . . .
neighbors. Note that dtigher SNR where more reliable 0.6 .

information is available within each subject, adding group §g-i
information still improved results over using iGLM and
iIMRF alone. Moreover, increasing the number of subjects o2

0.1

increased DSC as shown in Fig. 5. o . . .
1 1 2 3 4 5 6 7 8 9 10
0.9 " = o a1 Number of Subjects
os .‘:,/-: e P . —~+SNR 0.25 +SNR0.50 -SNRO.75 —SNR 1.00
07 . t Fig. 7. DSC vsnumber of subjects for VCL case using Group
0.6 MRF. DSC decreased initially due to cluster misalignments, but
ﬁgi eventually increased when enough subjects were deployed.
0.3
o2 4. Real data analysis
T T 2 s a4 s e 4 s o 10 4.1.Materials
Number of Subjects
T SNRO.25 - rSNRO.S0 -+ SNROTS = SNR1.00 After obtaining informed consent, fMRI data were

Fig. 5 DSC vs number of subjects fothe CCL synthetic test  cojlected fran 10 healthy subjects (3 men, 7 women, mean
using Group MRF at varying levels of SNR. Increasing the oo 57 4r 14 years). Each subject used thaht hand to
number of subjects consistently increased DSC. ; - O

squeeze a bulb with sufficient presstwemaintain abar
. . shown on a screen within an undulating pathway. The
3.2.Varying cluster location pathway remained straight during baseliperiods and
Qualitative results for the VCL test case are shown in Fig.became sinusoidal at a frequency of 0.25 Hz (slow), 0.5 Hz
3(e)(f). iGLM and iMRF resulted in similar performance (medium) or 0.75 Hz (fasfuring time of stimulusEach
as in the CCL case, since neither method depends on grougession lasted 260 s, alternating between baseline and
information. Therefore, we omitted these results from Fig. Stimulus of 20 s duratiounctional MRI was performed
3. Using gGLM, many active voxels near the cluster on a Philips Gyrscan Intera 3.0 T scanner (Philips, Best,
borders were missed due to cluster misalignments. InNetherlands) equipped with a hezall. T2*-weighted
contrast, Group MRF was able to adapt to the istesject images with BOLD contrast were acquired using an-echo
differences with more active voxels identified and fewer planar (EPI) sequence with an echo time of 3.7 ms, a
false positives declared. This adaptability arises from therepetition time of 1985 ms, a flip angle of 90°, apliane
fact that, unlike gGLM, Group MRF does not solely rely resolution of 128x128 pixels, and a pixel size of 1.9x1.9
on group consensus but alsoses subjeespecific mm. Each volume consisted of 36 axial slices of 3 mm
information to segment each subjed{8 map. Thus, the  thickness with a 1 mm gap. A 3D -ieighted image

more pronounced intesubject differences were preserved. consisting of 170 axial slices was further acquired to
Quantitative results show that Group MRF again facilitate anatomical localizatioof activationSlice timing



and motion correction were performedsing Brain
Voyager (Brain Innovation B.V.) Further motion
correction was performed wusing motion corrected
independent component analysis (MCIGAp|. The voxel
time courses were highas filtered to account for
temporal drifts and temporally whitened using an
autoregressive AR(1) model. Neholebrain registration
or spatial smoothing was performed. For testing our
proposed method, we selectélge left primary motor
cortex (M1)as the rgion of interestsince the left Mlis
known to activate during rightand motor movements
(Fig. 8. Anatomical delineation of #hleft M1 was

general. However, closely comparing t& maps (Fig.
9(a)) with the thresholded maps (Fig. 9(d)) showed that a
number of voxels directly adjacent to the detected region
hadt™ above some of the voxels within the detected region
but were falsely declared as nantive. These voxels, in
addition to thehand region, were correctly detected using
Group MRF despite the apparent high degree of inter
subject variability (Fig. 9(a)). Thus, the results again
demonstrate thaiGroup MRF has the highly desired
capability of identifying inteisubject commonalitiesyhile
preserving the more pronounced irseibject differences.

performed by an expert based on anatomical landmarks ang_Conclusions

guided by a neurological atlas. The segmented ROIs were

resliced at fMRIresolutionfor extractng preprocessed
voxel time courses within each ROI. TaatomicaROls
were rigidly alignedFig. 8) using a method that models

We proposed a novel method that incorporates group
information for accurate segmentation of fMRI activation
maps. By modeling activation maps of a group of subjects

each ROI point cloud as a Gaussian mixture and register&S @ Group MRF, all subjects’ information is jointly

the ROIs by aligning themixture distributions [3].
Enhanced robustness noise and outliers was shown with
this methodverstandardechnique$3].

104
Fig. 8. Homunculus Hand area of M1 is circled in Homunculus

diagram. Approximate corresponding area in the rigidly aligned
ROIs isindicated. Homunculus courtesytbebrain.mcgil.ca

Motor area

4.2.Results anddiscussion

Results obtained witlsroup MRF applied to real data
are shown in Fig9. Again for comparisons, we tested
iGLM, iIMRF, and gGLM. For gGLM, we took the union
of the ROI point clods (Fig. 8) to create an ROI template,
interpolated ;™ in the template space, spatially smoothed
the ;™ with a 8mm fultwidth halfmaximum Gaussian
kernel, and applied a second level GLM to compli@].

For both iGLM and gGLM, a GREresholdat a pvalue
of 0.05 was used8]. Note that activation @nges in M1

may be very subtle between the task and baselings
conditions, since both required motor squeezing. We thus

expect a low SNFor the ™ maps. Onlyt™ of the fast
condition is plotted due to space limitations.

Due to low SNR, iGLM missed most xels in the hand
region(Fig. 8. In contrast, IMRF detected many voxels in
the hand region, but also falsely declared wide area
adjacent to the hand region as active. We suspect the
falsely detected areas arose from insufficient information
in each suject’s ™ map to correctly determine which
voxels were truly active. For gGLM, we interpolated the
group map back onto each subject’'s ROI to facilitate

clearer comparisons. gGLM detected the hand region in

exploited. Also, our presented formulation enables all
subjects’ activation maps to be simultaneously segmented
using binary graph cut, which guarantees global optimality.
Moreover, our proposed approach permits group
information to be integrated without havingédstablish a
oneto-one voxel correspondenesin conventional fMRI
groupanalysis. ApplyingGroupMRF to synthetic data for

a range of SNR showed superior performance over
standard techniques. On real d@apupMRF was able to
consistently detect active voxels in regions known to be
involved with the experimental task employed, whsre
techniques relying on singdeibject failed. Our results thus
indicate great promise for the proposedgroupwise
approachn handling noisy data.
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(b) iGLM with Gaussian smoothing attireshold estimated based on GRF theory
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(c) iIMRF separately applied to each subject
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(e) Proposed GroupIRF
Fig. 9. Real data results for all 10 subjects. Blub)r(d) indicates detected active voxels in the left M1. iGLM(b) failed to detect the hand
region shown in Fig. 8, whereas iIMRF(c) detected the hand region but also falsely declared @dps e active. gGLM (detected
the hand region, but neglecteeveral adjacent voxels that were moderately active. Examples of such voxels (that can benéfiesilyiride
the ROI orientation shown) are indicated with a red arrow. Group MRF (e) correctly detected theglmamahcluding the maatately
active voxed neglected by gGLM, thus demonstrating Group MRF’s ability to adapt tesurtgzct differences.
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