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Abstract

Functional Magnetic Resonance Imaging (fMRI) is widely dise study activation in the human brain. In most cases, data a
commonly used to construct activation maps correspondireggiven paradigm. Results can be very variable, hence ifiiagt
certainty of identi ed activation and inactivation oveusies is important. This paper provides a model-based apprio certainty
estimation from data acquired over several replicatesettime experimental paradigm. Speci cally, fh@alues derived from
the statistical analysis of the data are explicitly modelsch mixture of their underlying distributions; thus, ugelinethodology
currently in use, there is no subjective thresholding nesgliin the estimation process. The parameters governingitttare model
are easily obtained by the principle of maximum likelihodeurther, the estimates can also be used to optimally idendikel-
speci ¢ activation regions along with their correspondueggtainty measures. The methodology is applied to a studhhiimg a
motor paradigm performed on a single subject several timesaperiod of two months. Simulation experiments used librete
performance of the method are promising. The methodologisis seen to be robust in determining areas of activatiortteid
corresponding certainties.
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1. Introduction Therefore, fMRI data are subjected to image registratigo-al
rithms which align the sequence of images to sub-pixel accu-
Functional Magnetic Resonance Imaging (fMRI) has becomgacy (Wood et al., 1998). The pre-processing of data immove
an extremely popular noninvasive imaging modality for unde the quality of acquired fMRI data, but identi ed regions af-a
standing human cognitive and motor functions. The main goativation still vary from one replication to the other. Thiaris
of fMRI is to identify regions of the brain that are activateyl  ability needs to be quanti ed in order to determine regiohs o
a given stimulus or while performing some task, but high-vari activation with precision and accuracy (McGonigle et 200@,
ability among replicated studies often leads to inconstste-  Noll et al., 1997; Wei et al., 2004).
sults, causing concern among researchers (see, for iestanc
Buchsbaum et al., (2005), Derrfuss et al., (2005), Ridd&imh Repeatability of results across multiple studies is one @fay
et al (2004), or Uttal (2001). There are a number of factorsaassessing variability and measures that calibrate relpiégta
that a ect the identi cation of activated voxels. A typical fMRI are calledreliability measures Many authors working in the
paradigm consists of the application of a stimulus or perforarea of fMRI image variability used the temaliability to de-
mance of a cognitive or motor task over time. Any neural stim-scribe the extent to which activation was consistently fideah
ulus passes through the so-called hemodynamic Iter (Magtr in multiple fMRI images. However, there is another, perhaps
al., 2002), resulting in a several-seconds delay beforbltaed-  more useful, quantity of interest to practitioners: quiation
oxygen-level-dependent (BOLD) response occurs. Other faof the true status of voxels identi ed as activated or inzatied.
tors also aect the acquired data (Genovese et al., 1997). FoMeasures that attempt to quantify the probability of theetru
example, the cardiac and respiratory motion of a subject magtatus of a voxel given its identi ed state are more corgectl
result in physiological variation, giving rise to ow-aféicts termed measures of con dence certaintyeven though these
which may need to be monitored or digitally ltered (Biswal were also introduced, perhaps confusingly, as reliabiliga-
et al.,, 1996). Subjects also often exhibit voluntary, iowel  sures by earlier authors that included me. In this paper]ll wi
tary andor stimulus-correlated motion during scans (Hajnal etmove towards adopting the nomenclature of certainty inghes
al.,, 1994). Another factor is scanner variability which & e contexts in order to better distinguish it from simple riila
sentially controlled through ective quality control programs. ity. But before proceeding further, | specify that | use thert
Most signal di erences between activated and control or rest“replication” to denote the repetition of the task or expeental
ing states are small, typically on the order of 1-5% (Chen andondition to study variability. These replications areeszarily
Small, 2007), and sub-pixel motions can induce large appatindependent and, in the context of single-subject studiesr
ent signal changes and result in the detection of falseipesit on di erent scanning sessions, reasonably separated in time.
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The issue of quantifying variability (whether reliabilitr  studies combined in a composite meta-analysis, there%re
certainty) of activation has interested researchers indiver-  overlap measureRj, and there is no obvious way to combine
ent frameworks. The rst case involves the analysis of gemip them in a single measure of activation reliability. Thugrthis
fMRI data, which arise when multiple subjects are studied una need for a measure to quantify reliability or certaintyragt
der multiple stimulus or task-performance levets)., fMRI activation at the voxel level across an arbitrary numbeepfir
data acquired while subjecting multiple volunteers to nasi  cates. Ideally, such an assessment would be independém of t
painful stimuli at several graded levels. | will refer to fee experimental condition and method used to identify adtvat
stimulus or task levels as experimental conditions. Thersgéc Some more formal statistical approaches to assessing relia
scenario, which is the focus of this paper, is the test-tegese,  bility in the test-retest fMRI framework have been propoasd
where replicated fMRI data are acquired on the same subjeetell. Genovese et al. (1997) and Noll et al. (1997) speci ed
under the same experimental condition. probabilities that voxels were correctly or incorrectheidi-

For grouped fMRI data, the goal is to determine where the€d as activated at particular thresholds of the test dfatt®
e ect of the stimulus is larger than subject-to-subject viamia determine signi cance of activation for a given experinant

Reliability of activation in response to stimulus has beaarg ~ Paradigm. Their approach modeled the total frequency (but o
ti ed in terms of the intra-class correlation (ICC), which¢al- M replications) of avoxelidenti ed as activated at giveretsh-
culated using voxels identi ed as activated in each subjéer ~ ©!dS in terms of a mixture of binomial distributions. To com-
thresholding separately for each combination of expertaien Pin€ data, they assumed independence over the thresfmlding
condition and subject (Aron et al. (2006); Fernandez et alAll Parameters, such as the mixing proportion of truly aetiv
(2003); Friedman et al., (2008); Manoach et al. (2001); ktiez yoxels (denoted as m their work) or.prob.ablhty of vqxels be-

et al. (2000); Raemekers et al. (2007), Sprecht et al. (3003)IN9 correctly () or incorrectly () identi ed as active were
The ICC (Shrout and Fleiss, 1979; Koch, 1982: McGraw an@ssumgd to be spatially mdependept and estimated using max
Wong, 1996) provides a measure of correlation or conformitymum likelihood (ML) methods. Maitra et al. (2002) extended
between regions identi ed as activated in multiple suljagt- eIl Proposals by incorporating a more accurate model &f mi
der two or more experimental replications #dconditions. tures of conditional binomial distributions, and by alsogeal-

Thus it is inapplicable to the test-retest framework on glgin 129 10 be voxel-speci c. Speci cally, they let; be the prob-
subject considered in this paper. ability that theith voxel is truly active. Lettind. be the number

. of activation threshold levels (assumed without loss ofegen
For test-retest, Rombouts et al. (1998) and Machielsen €}jity to be in increasing order). de n&: = (X1 X0 < - -

al. (2000) have proposed a global reliability measure optire
cent overlap in voxels identi ed as activated between any tw
exper!mental repl_|cat|0ns. For any two replications (Jaand 11 1) be the (global) probability of a truly active (correspond-
m), this measure is calculated By = 2Vim=(Vj + Vm), Where  jnq)0 "truly inactive) voxel being identi ed as activated the
Vim is the number of three-dimensional image voxels identi ed), threshold, given that it has been so identi ed at the {)th

as activated in both thgth andmth replications, and/j and  hreshold level. Also, leta (or ) be the probability that a
Vi represent the number of voxels identi ed as activated, sepg,|y active (correspondingly inactive) voxel is identiles ac-

arately in thejth andmth replicated experiments, respectively. yated at thdth threshold. Then the likelihood function for the
Rjm takes a value between 0 and 1, representing no to perfegt, \oxel is provided by

overlap in identi ed activation at the two ends of the scale.

wherex;, is the number of replications for which tlign voxel
is identi ed as activated at thih threshold. Let 5y 1 (and

The percent overlap measuRg, provides a measurement Y Xl 1 1 —
of the agreement in activation between any two replications ! X AW 1 Al 1)
but it is sensitive to the method of identifying activatiomus- B ! Q)
able for voxel-level analysis, and awkward for more than two + _ Y i Xig X1 X
T ) TP

replicates. To illustrat®;, sensitivity to method, consider a
procedure that liberally identi es activatiord, a naive testing
approach with no correction for multiple testing), the demo  wherex.o L, a0 = a1and aio= 110. Afurther general-
natorV; + Vy, would be large so that small disagreement in theization incorporated spatial context by regularizinthrough a
voxels identi ed as activated would have very little impact  Markov Random Field componentin the penalty term of the es-
Rjm. In contrast, small dierences inVj, would severely aect  timation process. Estimates were obtained by maximizieg th
Rjm whenV; + V, is small, as expected under a conservativepenalized likelihood. Maitra et al. (2002) introduced a@l@ap-
method ég, testing with the Bonferroni correction for multiple proach to quantifying certainty about the true status ofel®x
testing). Another shortcoming is thRiy, is a global measure identi ed as activatetinactivated by de ning a measure rli-

of agreement between replicated experiments giving noesenability — the probability of a voxel identi ed as activated being
of voxel-level reliability of activation. One could commugep-  truly active — andanti-reliability — the probability of a voxel in-
arateR;, for speci ¢ brain regions, but it will never be a high- correctly identi ed as inactivated being active. In namthgse
resolution measure of activation reliability. A third camnis  certainty measures (as mentioned earlier) they aligneoh the
that Rjn is a reliability measure based only on the pgim)  with the layman's notion of reliability: trustworthinessiden-

of experimental replicates. When there Mereplicates oM ti ed activation. Maitra et al. (2002) also extended Gerswet
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al. (1997)'s approach to provide a voxel-speci c method forrection of the alternative) thah,. For a one-sidetttest for the
choosing the optimal threshold for detecting activatiomtax-  null hypothesiHy : = 0 against the alternatiid, : > 0
imizing the “reliability e cient frontier”i.e., the probability of ~ with as the regression coeient of a general linear model t
making a correct decision on the state of a voxel (whethér actto the time series at a voxel, this is given by r( T,), where
vated or inactivated) at a given threshold. Their emphaas w IPr abbreviates probability aniddenotes &distributed random
on assessing certainty of activation and inactivation iesa-t  variable with degrees of freedom and cumulative distribution
retest setting, but the method was also subsequently eedénd and density functions () and () respectively.
grouped functional MR imaging data by Gullapalli et al. (83D0 Let P; be thep-value at thdth voxel of thet-statistic with
The methodology of Genovese et al. (1997) and Maitra et degrees of freedom. Under the (null) hypothesis of no true
al. (2002) is implemented by obtaining a test statistic andactivation at a voxel, the-value follows the standard uniform
thresholding it (or more commonly, ifsvalue) at di erentlev-  distribution. To see this,
els. This is integral to obtaining thes used in (1). However,

there is no clear guideline to choosing the thresholds wisich Pr(Pi  pjHo)=PrPrt To) p

left to the researcher. The choice of the numband value of =Pr To) 1 p _

these thresholds is subjective and can greatly impact tie re -1 PrT, 11 p)l (2)
ability and certainty estimates. Too few threshold levela ¢ i

result in severely biased estimates, while too many may be =1 a p) =p

computationally burdensome besides having high vartsii

the estimates. An additional issue is the subjective chofce On the other hand, under the alternative one-sided hypisthes
spacing between the thresholds, to which there is also no sdhat the voxelis truly activated, we get

isfactory answer. In this paper, we reformulate the problem

in order to eliminate this requirement of threshold choite a Pr(Pi  pjHa) =PrPrt  To) pjt;

together. Speci cally, we model the distribution of the &bx =Pr go) 1 pit,

wise p-value of the test statistic in terms of a mixture of two =1 PrT, 1 p)it. )
distributions. The rst component of the mixture is the stan i '

dard uniform density corresponding to the distributionhef p- =1 ; '@ p;

value under the null hypothesis of no activation. The seésnd ] ]

the distribution of thep-value when there is activation. While USIng the fact that under the alternative, the test statisit

a mixture of beta distributions is sometimes used to approxilOWs @ non-centrat-distribution with non-centrality parameter
mate this latter distribution (Pounds and Morris, 2003js&ih and degrees of freedom, and cumulative distribution and
et al., 2002), we note that it is possible to derive exactidist Probability density functions ; () and ; (). Letting i be
butions in many standard scenarios, such-&sts. Also, the the probab.lllty that theth _voxel is truly active, and; as the
mixing proportion of the mixture component representing th VOX€l-speci ¢ non-centrality parameter,

distribution of thep-value under activation is the same as the h 1 p)iO_ 4

n
in Genovese et al. (1997) or Maitra et al. (2002). Estimation PT(Pi ~ Pi it ) =@ i)p+ i 1
from where it follows upon taking derivatives that the dénsi

is done using ML. Once again, optimal cutscan be esti-
mated by maximizing the reliability ecient frontier. To better

re ect the fact that we are quantifying certainty in the tsia- ofPiis h .

tus of voxels identi ed as activated and inactivated, wearae .1 p)l

the erstwhile reliability measure as ttrge activation certainty ~ fp (p; i; )= (1 i)+ i'l—; O<p<l
and the awkwardly-termed anti-reliability measure in terof 1 p (5)

its complement from unity, calling the latter tireie inactiva- The density of thep-value at a voxel is thus a mixture of the
tion certainty Estimates for both measures are also provided. Y -vail o X
Standard uniform density and another density involving a pa

The meth.odology IS applled_ to an experiment |nvolv.|ng a mo_rameter i. This density, illustrated for = 122 and di erent

tor paradigm that was replicated on the same subject twelve - ; .

. values of and in Figure 1, is used in our assessment method-

times over the course of two months. The performance of theI

suggested method is also validated via simulation expertisne 0logy.-

over a range of replication sizes. Further, we randomly subd

vide the dataset into two subsets of six replications, andyst 3. Methods

the robustness of the identi ed activation and the correspo .

ing true activation and inactivation certainties. We codel ~3-1. Imaging

with some discussion. All MR images were acquired on a GE 1.5 Tesla Signa sys-

tem equipped with echo-planar gradients and using v5.8 soft

ware. Structurall;-weighted images were obtained using a

standard spin-echo sequence with/TE of 10500 ms, and
The p-value of a test statisti€, is the probability, under the slice-positioning following the recommendations of Notl e

null distribution, of obtaining a more extreme value (in thie  al. (1997) to minimize intersession dirences. For the fMRI

2. Theory
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Figure 1: Plot of the mixture density @fvalues for di erent values of and , and for = 122.

sessions, twenty-four 6 mme-thick slices parallel to the AC-formed by the subject, the alternative is one-sided andéntrec
PC line and with no gap between them were acquired using ane-sided-tests were used. The dataset was then transferred
single-shot spiral sequence (with /MR of 354000 ms) undera to a Dell Precision 650 workstation, having two 3.06GHz In-
paradigm which involved eight cycles of a simple nger-thom tel(r) Xeon(tm) processors running the Fedora 10 2.6.259-
opposition task performed for 32s, followed by an equalqukri  Linux kernel, where all the algorithms and statistical geab

of rest, over 128 time-points. The paradigm was repeated fareported in this paper were performed using a combination of
twelve separate sessions over a two-month period on a sing@mmands in the “C” programming language and the statisti-
volunteer after obtaining informed consent. All the pagad$s  cal software package (2008) publicly available for download
were on the dominant right hand of the subject. Reconstrudrom www.R-project.org

tions were performed on an SGI Origin 200 workstation after

transferring the data from the scanner. Automated image re@.2. Statistical Methodology

istration (AIR) was used to correct for motion-relatedfadis Most statistical analyses of fMRI data involve tting a (fyp

in each replication, after which time series were generated cally but not necessarily, general linear) model relathmeydb-
each voxel (Wood et al., 1998) and normalized to remove an¥erved time series at each voxel to the hemodynamic response
linear drift in the data. Cross-session image registraioong  function (HRF). A test statistic is then constructed anctds

the twelve sessions was additionally performed to miniraizg  respondingp-value is obtained and used in identifying activa-
residual misregistration using the intersession redisti@lgo-  tion. In the development here, we use the fact that-fiest is
rithms of AFNI (Cox and Hyde, 1997). The default rstimage commonly used in analyses; similar methodology can be devel
volume was taken to be the target against which the imagegped for the Kolmogorov-Smirnov and other tests. Further, w
were registered. Functional maps were created after compujse a one-sidettest to illustrate and evaluate the methodology
ing voxel-wiset-statistics (and correspondimgvalues) usinga pecause our application uses a one-sided alternative: we ca
general linear model, discarding the rst three image va#sm readily develop similar methodology for two-sidetests.

(to account forT; saturation eects) and assuming rst-order | et M be the number of replications of the experiment. Let
autoregressive errors, using sinusoidal waveforms wigh tf Pi = fpi1; Piz; 0 05 Pi:mg Wherepy; is the observeg-value of

8s. The choice of waveform represented the BOLD responsene one-sidedt-statistic at théth voxel and thejth replication.
while the lag duration corresponded to when the actual BOLDrhe Jikelihood function for théth voxel is then given by

response was seen from the theoretical start of the stimulus h i9
Finally, a composite image cube pfvalues of activation was YW 0 1 piy) 2
created using the same procedure as above on the combined 31 D)+t i—*h 11 3! (6)
voxel-wise data from the twelve replications. (Activatimaps =1 S OO

as well as true activation and inactivation certainty measu TJ‘e above model assumes that the xedbet magnitude (cap-
were computed for this composite image cube and are report(:‘[ured in ;) for each voxel does not vary over the replications.

in the Results section.) Since the goal of this experimetu is . SO . .
. L . o This assumption is similar to that made by the binomial medel
detect regions of activation that are positively assodiatéh .
the right-hand index nger-thumb opposition motor task-per (.)f Maitra et al. (2002) or Genpvese et al.(1997). Howgve{, un
like the former, the model (6) incorporates voxel-specirolp-
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abilities ( ) of true activation as well as non-centrality param- as activated if its observegtvalue P; is less than or equal to
eters (j). The degrees of freedom of the test statistic here de-j. Then the true activation certainty*() of this voxel is the
pend on the replication, but can also be made voxel-speci cposterior probability of a voxel being truly active giverattit
if needed. Under spatial independence, the likelihoodter t has been identi ed as activated. Using Bayes' Theorem,
entire set of voxels in all slices of the corrected image & th
product of (6) over all voxels. i

Pr(ith voxel is truly activg ith voxel is identi ed as activated)

For each voxel, there are two parametersgnd ;) to be _ Pr(ith voxel is truly active angh < )
estimated. Thus, iN is the number of three-dimensional im- Pr(pi< )
age voxels under consideration, there ake farameters that _ IPr(ith voxel is truly active)Pnf; < ; j ith voxelis truly active)
are to be estimated from tHdN observedp-values using the - Pr(p, < )
likelihood model. In our estimation process, we assume that _”l 11 ')i
the observeg-values at each voxel are independent with any  — : UL . io
spatial relationships fully captured in the voxel-specig and @a »i+ ;1 R ¢ R
s. Since these are voxel-speci ¢ and the obserpadilues (7)

are independent, maximization can be separately done ¢br ea

voxel. This has the bene t of speeding up computation, butvhere the numerator follows from (3) and the denominator
has the limitation mentioned above, namely that the xedet  from (4), directly.

magnitude does not vary over the replications. An alteveati  In & similar spirit, thetrue inactivation certainty( ) of a
approach is to have replication-speci s, rather than voxel- voxelidenti ed as inactive is de ned to be the (posteriorpp-
specic xed e ect magnitudes. Direct maximization would, ability that it is truly inactive when it has been correcttien-
however, be computationally impractical then: a possikle r tied as so. Corresponding to the above, this can be obtained
course could be to the expectation-maximization algoridtim as

Eae;;nerr)Ster etal. (1977). We have not pursued this coursesn thi - — py(ith voxel is truly inactive ith voxel is identi ed as inactivated)
We use Nelder-Mead's downhill simplex method (Nelderand = Pr(ith voxelis truly inactive angh i)

Mead, 1965) to nd the ML parameter estimates (MLES). Note _ Pr(p ) N _ o

that the likelihood model assumes thats in the interval (0, 1) _ Pr(ith voxel is truly inactive)Prg; i j ith voxel is truly inactive)

and that ; is positive so that the parameters are, in theory, iden- Pr(pi i)

ti able from the likelihood function. That is, any two derent _ r I W) -

values of (;; ;) in the parameter space give rise to elient - @ e )+ o . h 11 .)IU

values of the likelihood function. Numerically, howevenal ®8)

values of ; make ; unidenti able, since the second compo-

nent density function is then very close to unity, and any®al where the numerator and the denominator follow from the com-

of ;yields essentially the same likelihood value. Figure 1 displement from unity of (2) and (4), respectively.

plays the density function for = 1;2; 3 as the mixing propor- As indicated above, and although not a focus of this pa-

tion increases from 0.05 to 0.95. Note that wher O (not  per, the obtained parameter estimates can also be usechwith t

pictured), the density is standard uniform, thus is a haiab model to obtain threshold values. To see this, {&te the given

line taking the value 1 for alp values This is quite distinct  threshold at théth voxel. Then the probability of making a

from any of the plotted functions in any of the plots in Figre correct decision by thresholding thté voxel at threshold; is

Therefore, we conclude that foy > 1, the two components in equal to

the mixture of (5) seem to be well-separated and identiigbil o ] ] ) ]

in estimation does not appear to be a major issue. Conséguent Pr(correct decisioftruly inactive voxel) Pr(truly inactive voxel)

we restrict ; > 1 in our computations. +Pr(correct decisiontruly active voxel)Pr(truly active voxel)
Once these parameter estimates are available, true amtivat

and inactivation certainty measures of voxels identi echas- N h io

vated and inactivated can be computed. Forilée the thresh- @a Ha H+ i1 . a oy )

old at which theith voxel is declared to be activated if it has v

a lower p-value. The thresholds are not necessarily voxel speThe above is also called thBIL reliability e cient fron-

ci c and can be assumed to be obtained by any method, such der (Maitra et al., 2002; Genovese et al., 1997), and given es-

those obtained by controlling the False Discovery Rate {Gentimates for ; and j, we can maximize the above probability

ovese et al., 2002) or the related methods surveyed in Nichobf making a correct decision with respect toto get an opti-

and Hayasaka (2003). However, we can also use methodatral threshold. It may be noted that the optimal thresholds he

ogy (see below) that maximizes th& reliability e cientfron-  are also voxel-speci ¢, since the parametefsand ; are so.

tier (Maitra et al., 2002; Genovese et al., 1997) voxel-wise Hence, di erent voxels can be declared as activated atidint

which also follows from the methodology developed abovethreshold values, providing a data-driven approach toctietg

From the threshold valuess, we can compute certainty mea- activation after accounting for spatial context and otiméxok

sures. To see this, note that tiik voxel would be identied mogeneities that arise from the experiment.

5
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Figure 2: Radiologic view maps of observpdralues of activation of thetest of motor function for slices 7 through 22 (row-wise)rfrthe (a) rst and (b) twelfth
experiments on a single normal subject, overlaid on stratiy-weighted images and using a right hand nger-thumb oppwsiexperiment. The opacity of the
red overlays are inversely proportional to txalue of the correspondingstatistic.

4. Results Benjamini and Hochberg (1995) approach to determining acti
vation by controlling the expected false discovery rate RfD
4.1. Variability in Activation nominally atg = 0:05 separately, for each of the twelve ex-

periments. Figure 3 displays radiologic views of falues

of voxels determined as activated in the eighteenth through
the twenty- rst slices encompassing the ipsi- and conateral
pre-motor cortices (pre-M1), the primary motor cortex (M1)
the pre-supplementary motor cortex (pre-SMA), and the sup-
plementary motor cortex (SMA). Clearly, there is wide vari-
ability in the results. Thus, while all experiments ideyicti-
vation in the left M1 and in the ipsi-lateral pre-M1 area®rth

is wide variability in identi ed activation in the contraderal
pre-M1, pre-SMA and SMA voxels, with some experiments
(most notably, the fth, eleventh and to a lesser extent|ftive
replications) reporting very localized or no activatiomileg in
other cases, these areas are identi ed as activated anddnde
the identi ed activated regions are sometimes moreudid.
Indeed, the 6@&Rjms range from 0.081 to 0.494, with a median
value of 0.228 and a inter-quartile range of 0.115. Figure 3
illustrates the need for variability assessment very gidgbn-
Elusions based on any of the twelve replications that do oot a
count for the variability in the experiment could be very-dif
ferent and potentially erroneous. Hence, some quantocedif

Figure 2 represents the observedalues of activation for
slices 7 through 22 in the rst and last replications of theent-
ment. All displays reported in this paper are in radiologes
and overlaid on top of the correspondifgweighted anatomi-
cal images. Note the large amount of variability in the otasdr
p-values in between the two replications. In both cases,ghe r
gion of the left primary motor cortex appears to be signi than
activated in response to the task of right nger-thumb oppos
tion. But, let us consider, for instance, slice 20 (bottomw,ro
second image slice) which shows a substantially large area e
compassing the primary left motor cortex with Igwvalues in
the rstreplication (Figure 2a). There are other large aralao
in this slice which have very lowp-values. In Figure 2b how-
ever, the area with lovp-values in this region is far more con-
centrated and primarily in the region of the primary left orot
cortex.

These two gures illustrate the across-session varighifit
observedp-values for the same paradigm on the same subjec
This variability can impact the results of experiments acid s
enti ¢ conclusions. To see this, consider the results afigshe
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Figure 3: Radiologic view maps for (a) slice 18, (b) slice (t9,slice 20 and (d) slice 21, gi-values for activation regions as determined by contrgltine False
Discovery Rate (FDR) at a nominal expected FDRj©0.05. For each slice, we display tipevalues of activation for the thresholded voxels usirgtest of the
motor function for the twelve replications of the right hander-thumb opposition experiment on the same volunteesteNhe di erences in location and extent
of activation over the twelve replications.



Figure 4: Estimated (a) and (b) images for slices 18, 19, 20 and 21 (row-wise) in the righthager-thumb opposition experiment. A contour plot of amaic
detail of each slice is overlaid on the corresponding image.

variability in the observed activation is needed. We derrates
use of our methodology towards this goal in the next section.

4.2. lllustration of Methodology

Our Nelder-Mead minimization routines for the converged
ML estimates of ;s and ;s at each voxel took around 5 mil-
liseconds. Thus calculations on the estimated parameters f
the entire set of images took a little more than half an hoigr. F
ure 4 displays the estimated and s for slices 18, 19, 20 and
21. Note that we process and estimate parameters for akslic
but henceforth only display these four slices for claritypoé-
sentation. The -values are voxel-wise estimates of probability
of true activation and it is encouraging to note from Figuae 4
that they are high in known regions of activation such asefte |
M1, the ipsi- and contra-lateral pre-M1 areas, and also mode
ately so in the pre-SMA and SMA areas. Similar trends are also
reported for the estimateds (see Figure 4b).
Unlike in the setup of Genovese et al. (1997) or Maitra et
al. (2002), every voxel has an individual ROC curve. Alterna
tively, the probabilities of true positives and false néget ( A
and ) take di erentvalues for the same thresholds atdént
voxels. For instance, at the threshold | is alsq, j regardlegs
of voxel while from (3), we get o = 1 )
for theith voxel. Figure 5 summarizes the ROC voxel-wise in
terms of the area under the curve (AUC) for the four slicee Th
AUC is an average of the sensitivity over all possible speiei  Figure 5: Area under the voxel-wise estimated receiveraijrgy characteris-
ties (Swets, 1979: Hanley and McNeil, 1982; Metz, 1986)hWit tic (RO__C) curves for slices 18, 19, 20 and 21 for the right harggr-thumb
high values indicating good discrimination between trutji-a opposition experiment.
vated and inactivated voxels. Thus, it is encouraging te not
that the AUCs are very high in areas such as the left M1 that are
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Table 1: RMSEs of estimateds (left column) and's (middle column) for
the simulation experiments for dérent replication sizes using our method.
Squared Hellinger distances (SHD) averaged over all vaxeteeen the es-
timated densities and the “ground truth” densities are igexin the third col-

umn.
# replications | RMSE( ) | RMSE( ) | Average SHD
2 0.239 2.220 0.092
3 0.222 2.394 0.068
4 0.237 2.597 0.061
5 0.235 2.690 0.062
6 0.223 2.554 0.052
7 0.224 2.633 0.055
8 0.234 2.731 0.042
9 0.235 2.783 0.042
10 0.242 2.854 0.039
11 0.244 2.887 0.036
12 0.224 2.677 0.035

hypotheses are known to be true, as is the case in fMRI experi-
ments where most voxels are known to exhibit no activatian. A
the same time, voxels in the SMA, pre-SMA and contra-lateral
pre-M1 regions that are identi ed as activated using oueshr
) ) o o ) olding but inactivated using FDR have high and  values
Figure 6: Optimal threshold values maximizing the religpié cient frontier

for slices 18, 19, 20 and 21 (row-wise) for the right-hand enghumb opposi- respectively. This IS_ Vvery encouraging because this mesats t_
tion experiment. the more conservative FDR method has missed areas of activa-

tion (such as in the pre-SMA, SMA, and contra-lateral pre-M1

regions) that our thresholding picked up with correspoglyin
known to have a high chance of true activatior) (providing ~ high *-values but these have low -values under the FDR
con dence in the results derived using our modeling apphnoac thresholding. Thus even though these areas were not igehti

Figure 6 displays the derived voxel-wise cutooptimizing &S activated by FDR, they have a good chance of being truly

the ML reliability e cient of (9) for the four slices. These are active, illustrating the value of assessing certainty srtsults
the thresholds at which our con dence in the reliability @-d USINg our estimation method. Further, even thoughecent
tected activation is the greatest. The gures indicate that thresholdings are used in the two approaches of Figuresd’a an
con dence of a correct activation is highest for truly aetivox- P Yielding di erent values for ™ and , the results are con-

els (such as left M1) at higher thresholds whereas very lowiStent. Thus, for any fMR experiment with test-retest dat
thresholds are required for greater accuracy in other nsgio ~ ¢@n not only obtain an activation map, but also a detailed map

Comprehensive activation maps were obtained by threshol d)_f the true activation and inactivation certainties of iexthat
are identi ed as activated or inactivated, providing a tfoolthe

ing the p-values of the composite image with the voxel-wise. : .
thresholds of Figure 6. These maps along with théirand investigator to quantify results.

values are displayed in Figures 7. Note that thevalues
for this gure are quite high, corresponding to a lowest i
0.62. We also calculated the true certainty measures (&idir The methodology was evaluated through a series of numer-
for the areas of activation and inactivation identi ed oreth ical experiments performed by generatikgreplicated three-
composite image by the FDR thresholding methagls 0:05)  dimensional images of simulatggtvalues using the density
of Benjamini and Hochberg (1995) as adapted to fMR datan (5) and with the ;s and ;s estimated from the above
by Genovese et al (2002). (Results obtained using the morgataset as the “ground truth”. Our methodology was then used
liberal approach of Storey and Tibshirani (2003) were esseno estimate the parameters of the model. Estimation perfor-
tially the same as in Figure 7b and are not displayed.) Thesgance was assessed in terms of the Root Mean Squared Er-
two gures very nicely illustrate the value of certainty ass-  ror (RMSE) of the estimated;s and ;s obtained using our
ment and also the performance of our method in the contexhegpodmogy on the simulated data. d:ormally, RMSE (

| i cati ' i Py~ o A Py~ oo

of threshold-identi cation and certainty calculations.o $ee N 12N while RMSE () = NG N

this, note that the areas identi ed as activated by FDR, sucﬁ h . h . d . f i
as the left ipsi-lateral pre-M1 and left M1 areas are a sub:se'furt er, since the estimated parameters impact perfo ¢

of those that are identi ed as activated using the threshgld our methodology together and through the density, we calcu-

of our method. This is encouraging because FDR methods aﬁfea the square quuaAred I—:)ellinger distance between the two desisit
known to be overly conservative when a large number of null J[  fp(p; i 1) fo.(p; i D)]°dpwherefp () is asin (5).

9
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Figure 7: Activation maps on the composite image from twedmications obtained using the cuderived from (a) maximizing the reliability ecient frontier
and (b) the expected false discovery rate, along with theiresponding true activation (in red) and true inactivatiertainties (in blue) for the right-hand nger-
thumb opposition experiment.

We repeated the process tdr= 2; 3;:::;12 to assess how per- measures are essentially the same for both Figures 8a and b,
formance changes with derent numbers of replications. Per- pointing to robustness of the suggested methodology irctdete
formance measures on the RMSEs and the averaged Hellingierg activation.
distance over all the voxels are in Table 1. Note that whiée th
RMSEs are modest fors, they are somewhat higher for the
However, the squared Hellinger distance averaged oveoril v
els is quite low, pointing to good performancg of the methodq Genovese et al. (1997) and Maitra et al. (2002) provided
ogy. We note, however, that performance with only two repli-noye| approaches to estimating the test-retest certaifiy o
cations is not very good, and perhaps at least three reipiisat ,qxe| ysing ML and its penalized version to enforce spatal d
are needed. Interestingly, it is a bit unclear whether thesBSl  yongence between the estimated parameters. In both deses, t
go down consistently with increasing number of replicagion approach needs some processing by thresholding the agdquire
This potentially points to some ill-posedness in the edlitna  f\\R| data before the models can be applied. The number of
process — a view that is further strengthened by noting trét t {hreshold levels and the thresholding values are subjeativ
RMSEs and squared Hellinger distance measures are heaviignend entirely on the investigator. This paper removes the
in ated by a few scattered voxels. Hence, incorporating 80m neeq for this step by modeling thevalues of activation di-
amount of regularization through a penalty function on tf®  rectly as a mixture of two distributions — one under the null
and the js as in Maitra et al. (2002) may be appropriate. hypothesis of no activation, and the other under the altema
The robustness of the methodology in detecting activatiomypothesis of true activation. Most fMRI data are processed
and the certainty measures was also evaluated. The twelwssingt-statistics obtained after tting a general linear model,
replications in the dataset were randomly subdivided imtm t and we illustrate our methodology under this setup. We use th
groups of six each, and our methodology was applied to eacimodel and ML methodology to estimate the voxel-wise proba-
subset to obtain estimated parameters, as well as the tdesh bility of true activation, and also other model parameteishs
maximizing the ML reliability e cient frontier. These were as the non-centrality parameter which is allowed to be voxel
used separately to compute theand measures of the com- speci c in order to account for systematic variations owing
posite image map gf-values. Figure 8 shows these maps usingocal inhomogeneities in the magnetic eld. These estimate
the two random subsets of six replications each. Itis eragpur parameter values can be easily used to obtain optimal thresh
ing to note that the activation maps as well as the true ceytai olding values in order to determine if a voxel is activated or
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Figure 8: Activation maps on slices 18, 19, 20 and 21 (roweyvif the composite image from twelve replications with esponding true activation (red) and
inactivation certainties (blue) obtained from parameterd thresholds estimated using (a) a randomly chosen sarhgbe replications from the data and (b) the
other six replications, complementary to the set in (a)pligs are as in Figure 7.

inactivated. True activation and inactivation certaintyasures dent entirely on the statistical analysis chosen to preplage
of the activated and inactivated voxels can then be caledlat activation maps. Thus, it is imperative that fMR data are ad-
and used by the investigator to obtain a quantitative asssa#s equately cleaned and post-processed before analysis.n¥or i
of the extent of activation. Voxel-speci c ROC curves welgoa  stance, one may have draining veins in an area as determined
obtained for each voxel. Finally, the method was evaluaded f by an MR angiographic scan. In this case, an appropriate ap-
its estimation performance and also for robustness in tietec proach would be to mark the voxels in this region as inactive
and quantifying certainty of activation. and use this additional information in the modeling and-esti
Two reviewers have very kindly asked about the practicamation. Other more sophisticated analysis such as in Saad et
utility of the derived methodology. This paper demonssate al. (2001) may also be considered. Further, data may also be
certainty calculations on replicated single-subject eixpen-  digitally Itered (Genovese et al., 1997) prior to analysisor-
tal data. The end result is an individual activation map glon der to account for physiological factors such as cardiacesd
with corresponding certainty measures of activation amd-n piratory motion which greatly degrade the quality of adiaca
tivation. This provides understanding and quantitatiothef  mMaps.
activation of single-subject brains, which is important¢bni- There are a number of other remaining issues that merit fur-
cal purposes. The methodology can also be used in the conteier attention. In the derivations and analysis in this pape
of replicated and non-replicated data on the same expefimefynored any spatial structure among the parameter valutegin
tal task or condition performed by multiple subjects. Fartea estimation process. Approaches such as in Maitra et al2(200
subject, one would draw an activation map and calculatethe i can be easily incorporated in the model and are a naturaiexte
dividual certainty measures of activation and inactivationce  sion. This would also allow for incorporating smoothnesat th
again, individual certainty measures for each subjectdcpat s introduced, as kindly suggested by a reviewer, in thesregi
tentially be useful for clinical diagnosis: for instancesomay  tration step of pre-processing. This would also help in cedu
be interested in nding out reasons for an individual's loar< ing the number of replications needed, and also in providing
tainty measures of activatiénactivation in understanding how statistical consistency in the estimates, as mentionecem S
his brain compares with the rest. These measures can provigien 4.3. Further, the methodology suggested in this papesr w
the researcher and the neurologist with a starting pointlfor  developed usingtests. One advantage of the thresholding ap-
ical investigation and diagnosis. proach of Genovese et al. (1997) is that replications aedlyz
The certainty measures estimated in this paper were depeunsing di erent testing strategies could be analyzed together us-
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ing very little additional e ort. Though our entire development References

here used the most commonly ugeests, our methodology is
general enough to be modi ed and extended to situations in-
volving other kinds of analysis (such as Kolmogorov-Smirno

tests), or when the replicates are analyzed usingrint test- (2]
ing strategies. In this case, the model underlying theseroth
testing strategies will need to be explicitly incorporaitedhe 3]
development.

A separate issue involves applicability of this methodgltng 4]
grouped fMRI data, such as in Gullapalli et al. (2005). It webu
be illustrative to see how certainty of activatioractivation  [5]

with grouped data using our suggested method compares with
that done in that paper. One could also compare with the[G]
other traditional measures of reliability for grouped datach
as the ICC. Further investigations are also needed in ocder t [7]
test the utility of the methodology to studies done usingeoth
paradigms. Finally, one issue of great interest to reseasch
in cognitive sciences is to determine the certainty of atithn
maps obtained from a single-session study. In many cases, th
nature of the experiment makes it impossible to have more tha
one session (hence replication) to acquire fMRI data. Tsie te [
retest methodology derived in this paper is inapplicabkuich
situations, and there is therefore great need for similahous

for such a scenario. One possibility is to model the runsheacl1]
of which occurs when a task is performed during a single fMRI
visit or replication. Typically, multiple runs occur withithe
same replication. Note that runs necessarily have a depeade
structure between them which will need to be modeled. Thus[12
while this paper introduces promising methodology to asses
ing certainty in test-retest fMRI activation studies, a riemof
issues remain that merit further attention.

(8]

(9]

(23]

6. Acknowledgments (4]
I thank Rao P. Gullapalli of the University of Maryland 15
School of Medicine for providing me with the data used in
this study and for many other helpful discussions related to
this paper. | also am very grateful to two reviewers whose dell6l
tailed suggestions and insightful comments greatly imedov
the quality of this paper. This material is based, in pargrup
work supported by the National Science Foundation (NSF) un-
der its CAREER Grant No. DMS-0437555 and by the National18]
Institutes of Health (NIH) under its Grant No. DC-0006740. [19]

]

(17]

(20]

(21]

(22]

(23]

[24]

12

1] Allison, D.B., Gadbury, G.L., Heo, M., Fernandez, J.Res, C-K., Prolla,

J.A., Weindruch, R. (2002). A mixture model approach forahalysis of
microarray gene expression data. Comput. Stat. Data A8al-30.
Aron A.R., Shohamy D., Clark J., Myers C., Gluck M.A., Brck R.A.,
2004. Human midbrain sensitivity to cognitive feedback andertainty
during classi cation learning. J. Neurophysiol. 10, 10.

Benjamini Y, Hochberg Y. (1995). Controlling false diery rate: A
practical and powerful approach to multiple testing. Jauof the Royal
Statistical Society, Series B 57, 289-300.

Biswal B, DeYoe EA, Hyde JS. Reduction of physiologicalctuations
in fMRI using digital Ilters. Magn Reson Med 1996;35:107-3L1
Buchsbaum BR, Greer S, Chang WL, Berman KF. Meta-analgEneu-
roimaging studies of the Wisconsin Card-sorting task amdpzment pro-
cesses. Hum. Brain Mapp. 2005; 25, 35-45.

Chen EE, Small SL. Test-retest reliability in fMRI of Ilgnage: group
and task eects. Brain and Language 2007; 102:2:176-85.

Cox RW, Hyde JS. Software tools for analysis and visagion of fMRI
data. NMR Biomed 1997;10:171-178.

Dempster, A.P., Laird, N.M., Rubin, D.B. Likelihood fm incomplete
data via the EM algorithm. J. Roy. Stat. Soc. Ser. B 1977;)39(B8.
Derrfuss J, Brass M, Neumann J, von Cramon DY. Involvenuérinfe-
rior frontal junction in cognitive control: meta-analysefsswitching and
Stroop studies. Hum. Brain Mapp. 2005; 25, 22—-34.

] Fernandez G, Sprecht K, Weis S, Tendolkar |, Reuber M| B,

Klaver P, Ruhimann J, Reul J, Elger CE. Intrasubject reprimlity of
presurgical language lateralization and mapping using [fNdRurology
2003;60:969-975.

Friedman L, Stern H, Brown GG, Mathalon DH, Turner J, @ioGH,
Gollub RL, Lauriello J, Lim KO, Cannon T, Greve DN, BockholtJH
Belger A, Mueller B, Doty MJ, He J, Wells W, Smyth P, Pieper S,
Kim S, Kubicki M, Vangel M and Potkin SG. Test-retest and testw-
site reliability in a multicenter fMRI study. Human Brain Idging.
2008;Aug;29(8):958-72.

] Genovese CR, Noll DC, Eddy WF. Estimating test-retetiability in

functional MR imaging. |. Statistical methodology. Magnsea Med
1997;38:497-507.

Genovese CR, Lazar NA, Nichols T. Thresholding of statal maps
in functional neuroimaging using the false discovery r&teuroimage
2002;15:870-878.

Gullapalli RP, Maitra R, Roys, S, Smith G, Alon G, Grepas J. Re-
liability Estimation of grouped functional imaging dataing penalized
maximum likelihood. Magn Reson Med 2005;53:1126-1134.

Hajnal JV, Myers R, Oatridge A, Schweiso JE, Young JRdd@sr GM.
Artifacts due to stimulus-correlated motion in functionalaging of the
brain. Magn Reson Med 1994;31:283—-291.

Hanley JA, McNeil BJ. The meaning and use of the area uadeceiver
operating characteristic curve. Radiology 1982;143:29-3

Koch, GG. (1982). Intraclass correlation cogent. In: Samuel Kotz and
Norman L. Johnson (Ed.), Encyclopedia of Statistical Sz#snVolume
4. John Wiley and Sons, New York. pp. 213-217.

Maitra R, Roys SR, Gullapalli RP. Test-retest religpilestimation of
functional MRI data. Magn Reson Med 2002;48:62—70.

Machielsen, W. C., Rombouts, S. A., Barkhof, F., Scéedt P. Witter, M.
P., 2000. fMRI of visual encoding: reproducibility of action. Human
Brain Mapping. 9, 156-64.

Manoach DS, Halpern EF, Kramer TS, Chang Y, GBC, Rauch SL,
Kennedy DN, Gollub RL. Test-retest reliability of a funaied MRI work-
ing memory paradigm in normal and schizophrenic subjects.JAPsy-
chiatry 2001;158:955-958.

McGraw KO and Wong SP. (1996). Forming inferences alsoate intr-
aclass correlation coecients. Psychological Methods. 1(1), 30-46.
Metz CE. ROC methodology in radiologic imaging. InveRadiolo
1986;21:720-733.

Miezin FM, Maccotta L, Ollinger JM, Petersen SE, Buck®.. Charac-
terizing the hemodynamic responseeets of presentation rate, sampling
procedure, and the possibility of ordering brain activigsed on relative
timing. Neuroimage 2000;11:735-759.

McGonigle DJ, Howseman AM, Athwal BS, Friston KJ, Fraekak RSJ,
Holmes AP. Variability in fMRI: an examination of interséss di er-
ences. Neuroimage 2000;11:708-734.



(25]

(26]

(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

[40]

Nelder JA, Mead R. A simplex method for function minirmafion. Com-
put J 1965;7:308-313.

Nichols T, Hayasaka S. Controlling the familywise emate in functional
neuroimaging: a comparative review. Stat Meth Med Res 200819
446.

Noll FC, Genovese CR, Nystrom LE, Vazquez AL, Forman Bigly WF,
Cohen JD. Estimating test-retest reliability in functibR imaging. II.
Application to motor and cognitive activation studies. Mageson Med
1997;38:508-517.

Pounds, S., Morris, S.W. (2003). Estimating the oceunce of false posi-
tives and false negatives in microarray studies by appratig and par-
titioning the empirical distribution op-values. Bioninf. 19, 1236-1242.
R Development Core Team (2008). R: A language and enmient for
statistical computing. R Foundation for Statistical Cotmmy Vienna,
Austria. ISBN 3-900051-07-0.

Raemekers M., Vink, M., Zandbelt, B., van Wezel, R.J.kahn R.S.,
Ramsey, N.F. (2007). Test-retest reliability of fMRI aetion during
prosaccades and antisaccades. Neuroimage 36, 532-542.
Ridderinkhof KR, Ullsperger M, Cron EA, Nieuwenhuis Bae role of
the medial frontal cortex in cognitive control. Science 20806, 443—
447.

Rombouts, S.A., Barkhof, F., Hoogenraad, F. G., Speenhl., Schel-
tens, P., (1998). Within-subject reproducibility of visw@tivation pat-
terns with functional magnetic resonance imaging usingtistice echo
planar imaging. Magn. Reson. Imaging 16, 105-113.

Saad ZS, Repella KM, Cox RW, DeYoe EA. Analysis and usévil|
response delays. Hum Brain Mapp 2001;13:74-93.

Shrout PE and Fleiss JL (1979). Intraclass Correlatidses in Assess-
ing Rater Reliability, Psychological Bulletin, Vol. 86, 220-428.
Sprecht K, Willmes K, Shah NJ, Jancke L. Assessmentlidbility in
functional imaging studies. J Magn Reson Imaging 2003;83471.
Storey JD, Tibshirani R. (2003). Statistical signireze for genomewide
studies. Proc Natl Acad Sci USA 100, 9440-9445.

Swets JA. ROC analysis applied to the evaluation of eeddimaging
techniques. Invest Radiol 1979;14:109-121.

Uttal WR. The new phrenology: the limits of localizinggnitive pro-
cesses in the brain. The MIT Press, Cambridge, MA.

Wei X, Yoo SS, Dickey CC, Zou KH, Guttman CR, Panych LM€gtional
MRI of auditory verbal working memory: long-term reprodbitity anal-
ysis. Neuroimage 2004;21:1000-1008.

Wood RP, Grafton ST, Watson JDG, Sicotte NL, Mazziot@a Auto-
mated image registration. Il. Intersubject validation iolear and non-
linear models. J Comput Assist Tomogr 1998;22:253—-265.

13



