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Abstract

Objective: MEG dipole localization of epileptic spikes is useful in epilepsy surgery
for mapping the extent of abnormal cortex and to focus intracranial electrodes.Vi-
sually analyzing large amounts of data producesfatigue and error. Most automated
techniquesare basedon matching of interictal spike templates or predictive ¯ltering
of the data and do not explicitly include sourcelocalization as part of the analysis.
This leads to poor sensitivity versusspeci¯cit y characteristics. We describe a fully
automated method that combines time-series analysis with source localization to
detect clusters of focal neuronal current generatorswithin the brain that produce
interictal spike activit y.

Methods: We ¯rst use an ICA (Independent Components Analysis) method to
decompose the multichannel MEG data and identify those components that ex-
hibit spike-like characteristics. From thesedetectedspikeswe then ¯nd thosewhose
spatial topographiesacrossthe array are consistent with focal neural sources,and
determine the foci of equivalent current dipoles and their associated time courses.
We then perform a clustering of the localizeddipolesbasedon distancemetrics that
takesinto consideration both their locations and time courses.The ¯nal step of re-
¯nement consistsof retaining only those clusters that are statistically signi¯cant.
The average locations and time seriesfrom signi¯cant clusters comprise the ¯nal
output of our method.

Resultsand Signi¯cance:Data wereprocessedfrom four patients with partial focal
epilepsy. In all three subjects for whom surgical resection was performed, clusters
were found in the vicinit y of the resectionedarea.

Conclusion: The presented procedure is promising and likely to be useful to the
physician asa more sensitive, automated and objective method to help in the local-
ization of the interictal spike zone of intractable partial seizures.The ¯nal output
canbevisually veri¯ed by neurologistsin terms of both the location and distribution
of the dipole clusters and their associated time series.Due to the clinical relevance
and demonstrated promise of this method, further investigation of this approach is
warranted.
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1 Introduction

Publishedmethods for automatic spike detection in interictal EEG and MEG
data employ oneor more of the following approaches:morphologicalanalysis,
template matching, predictive ¯ltering, and independent component analysis
(ICA). Methods from the ¯rst categoryusea morphologicaldescriptionof the
epileptic spikes.Morphological information includessuch characteristicsof a
waveform assharpness,amplitude, duration and convexity (Faure, 1985).For
example,(Gotman and Gloor, 1976)describe a method basedon splitting the
waveformsinto a setof elementary half-waves.For each such half-wave,param-
etersdescribingits shape are calculatedand a decisionis madeon the basisof
comparingthe estimatedparametersto a set of previously determinedvalues
typical for interictal spikes.A thorough reviewof this and other morphological
methods can be found in (Gotman, 1999,1993).

Template matching approachesalso usea priori information about the spike
shape, which is embodied in the ¯nite impulseresponseof a matched ¯lter. A
decisionis madeby comparingthe output of the ¯lter with a prede¯nedthresh-
old that controls the sensitivity vs. speci¯cit y characteristics of the method.
For optimal performance,template matching methods require knowledgeof
the noisecorrelation matrix and a good agreement betweenthe hypothesized
and real spike shapes(Therrien, 1992).

The majorit y of the methods from these¯rst two categorieswere developed
for single channel data and do not take advantage of spatial structure in
the measurements. Performanceis also limited by the variabilit y of interictal
spike shapes between subjects as well as within a single subject (Flanagan
et al., 2002).The fact that the methods wereoriginally developed for usewith
EEG measurements makes it di±cult to apply them to MEG data, which is
characterizedby a signi¯cantly lower SNR.

Methodsusingwavelet transforms,neuralnetwork and expert systemarchitec-
tures to detect interictal patterns canbealsocategorizedastemplate matching
approaches.One disadvantage of such methods is that featuresare extracted
separately from each channel, which does not make good use of the spatial
structure of the data. A reviewand comparisonof thesemethodscanbe found
in (Wilson and Emerson,2002).

Useof single-channel or multichannel predictive ¯ltering techniquesfor spike
detection is basedon an assumptionof local stationarity of background ac-
tivit y (Diambra and Malta, 1999). Interictal spikes are then detected as a
deviation from stationarity. Implicit in this approach is that non-stationary
behavior comesonly from interictal discharges.In reality, there are many dif-
ferent sourcesof non-stationary bursts in the data which can leadto high false
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positive rates.Multic hannelautoregressive modelswereusedby (Franaszczuk
and Bergey, 1999) for detecting dynamic changesin brain activit y due to
bursts of interictal and ictal activit y. This method operateson intracranially
recordeddata with relatively high SNR and is capable of identifying spike
trains rather than single spikes.As with the previous two classes,predictive
¯ltering techniquesfor interictal spike detection weredeveloped for EEG data
and may not perform well with noisier MEG data.

Useof context for elimination of falsepositive detectionswas originally pro-
posedby (Glover et al., 1989) who described a knowledgebasedsystem for
detection of epileptic sharpwavesin 16 channelEEG data. The context infor-
mation extracted from electrooculogram, electrocardiogram and electromyo-
gram is used to eliminate false positive detections not speci¯c to abnormal
epileptic activit y. (Flanagan et al., 2002) proposedusing sharp wave source
location to eliminate events whosespatial pattern cannot be explained by a
dipolar model. A sourcelocalization procedureis applied to the multichannel
data around each detectedsharp transient to obtain a set of dipole locations.
A subsetof thesedipolar events is then retained through visual inspection and
selectionof thosewhich form interesting clusters.

Several spike detection approachesbasedon ICA have recently beenreported
in applications to EEG recordings. (Kobayashi et al., 1999) perform both
model basedand real data demonstrationsof the useof ICA to isolateepilep-
tic dischargesfrom multichannel EEG data. In this approach ICA is applied
to spatio-temporal data and components resembling abnormalepileptic activ-
it y are selectedby visual inspection; thesecomponents are then interpeted by
an expert. (Kobayashi et al., 2002a,b)useICA decomposition together with
the RAP-MUSIC sourcelocalization approach (Mosher and Leahy, 1999) to
detect potential epileptogenicregions. Rather than ¯tting a dipole to each
independent component separately(Zhukov et al., 2000), (Kobayashi et al.,
2002a)followed the multidimensional ICA paradigm (Cardoso,1998)and de-
¯ned an interictal subspacespannedby the columnsof the estimated mixing
matrix visually identi¯ed as corresponding to epileptic components. A dipole
model is then ¯tted to this subspace.While this approach doesmakeuseof the
spatial topography of the detected spikes, the method requiresvisual inter-
pretation of independent components to identify the interictal subspaceand
manual cluster analysisto discard spurioussources.

In this paper we describe a novel method that combinesseveral aspectsof the
approachesreviewed above but in such a way that the technique is completely
automated. We ¯rst use ICA (Bell and Sejnowski, 1995) to decompose the
spike-like and background components of the MEG signal into separatespa-
tial topographiesand associated time series.We then perform spike detection
basedon a subsetof the most spiky independent components using a simple
thresholding technique. We usesourcelocalization to retain only thosespikes
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whosetopographiescan be explained by a current dipole pattern with a ¯t
of 95% or higher. Post-processingof the localizedsourcesof spiky activit y is
basedon the concept of spatio-temporal clustering. We group the localized
dipolesinto a set of spatially tight clusterswith similar activation waveforms.
To improve speci¯cit y we retain only those clusters that satisfy a statistical
signi¯cancetest. The ¯nal output of the algorithm is the setof signi¯cant clus-
ters with their averagedipole location and time series.We report on realistic
simulations in which performanceis evaluated by computing ROC (receiver
operating characteristic) curves(Metz, 1986)for the method at each level of re-
¯nement. We demonstratethat each consecutive step improvesthe speci¯cit y
vs. sensitivity characteristicsof the method. We also present the application
of our method to four clinical interictal MEG datasetsand compareresults
with expert analysisof this data in which spikes are ¯rst visually identi¯ed
and current dipolesthen ¯tted to each identi¯ed spike. Preliminary reports on
this method were presented in (Ossadtchi et al., 2001)and (Ossadtchi et al.,
2002).

2 Method

2.1 The Data Model

We begin by describing our spatio-temporal model for MEG data, which is
assumedto consist of spike activit y, spatially and temporally correlated or
coherent background activit y, and additive white noise.The method for spike
detectiondescribed below is basedon identifying the spike-like components in
this data.

We represent interictal MEG data at time t as an [M£ 1] spatial vector x (t),
which wemodel asa linear combination of focal sourcetopographiescorrupted
by additive noisewith non-stationary spatial structure:

x (t) =
·
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whereek(t) is the time courseof the k-th of K dipole components responsible
for interictal spikes, with corresponding spatial topography a k (Mosher and
Leahy, 1999,1998).Time coursepl (t) represents the l-th of L additional non-
spike related spatially coherent sources(e.g. ®, ° , ± waves,sharp sleepwaves,
eye-blink and cardiacartifacts) with correspondingspatial topography bl . The
[M£ 1] vector n (t) modelsadditional incoherent noisepresent in the data.
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Weassumethat each of the components responsiblefor interictal activit y ek(t)
hasa heavy tailed marginal probability density function f k(ek) at time t with
the cumulative distribution function:

P (f k(ek) < x) =
1

1 + e¡ ®k x
; 8x (2)

The form of this density is consistent with that assumedin the ICA method
usedfor spike detection that we describe in Section2.2.1.The corresponding
spatial topography ak is assumedto be formed by a single current dipole
representing focal neural activation at someunknown location in the brain.

We assumea spatially coherent background activit y that exhibits correla-
tions between sources.We model this using a multichannel autoregressive
model (MAR) (Kaminski and Blinowska, 1991)in order to capturenon-instan-
taneousinteractions betweensources.While this model is not explicitly used
in our automated spike detection method, we do use this model to simulate
data to explorethe sensitivity and speci¯cit y characteristicsof our approach as
described in Section3.1.The MAR model and its usein modelingspontaneous
background brain acticity is described in Appendix A.

2.2 Spike Detection, Localization and Clustering

2.2.1 Independent Components Analysis

Independent Components Analysis (ICA) is a method for ¯nding statistically
independent components in multisensor data. The original model for ICA
assumesinstantaneousmixing (Bell and Sejnowski, 1995), which holds well
for the quasistaticelectromagneticproperties of MEG data. We useICA asa
preprocessingstep that allows us to perform spatial ¯ltering of the data and
separateinterictal spikesfrom background activit y.

Application of ICA to the data vector x (t) results in an unmixing matrix W
and a set of independent components z(t) related as:

z(t) =

2
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4

z1(t)
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zM (t)

3

7
7
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7
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5

= Wx (t) (3)

wherethe unmixing matrix is selectedto optimize somemeasureof statistical
independencebetweenthe components of the vector z(t). A number of ICA
methods, di®eringin the metrics usedto measurestatistical dependence,have
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beendescribed in the literature (Cardoso,1989;Hyvarinen and Oja, 1997;Bell
and Sejnowski, 1995).Herewe usethe Infomax method of Bell and Sejnowski
for reasonsdescribed below.

Considerthe casewhere(i) the dimensionof x (t) is M = K + L with K and
L the number of spike and coherent background components respectively, (ii)
each of thesecomponents is statistically independent, and (iii) the background
noiseprocessis negligible.Then the unmixing matrix W will approximately re-
cover the components ek(t) and pl (t) in equation(1), within a permutation and
scalefactor. In practice the above conditions will not be met: the background
components arecorrelated,K + L may be lessthan M , and there is additional
background noise.However, provided that the spike components are indepen-
dent of the background components, and the spike SNR is reasonablylarge,
then ICA will ¯nd an unmixing matrix that approximately separatesthe spike
components from background components, with the remainder being due to
background noise(Knuth, 99). As we describe below, this is su±cient for our
purposes.Thus ICA applied to data conforming to the model in equation (1)
will result in a set of independent components of which K can be attributed
to interictal spike activit y in the brain and L to spatially coherent electrical
activit y unrelated to the interictal spikes. In this setting the estimated com-
ponents are no longer scaledcopiesof either ek(t) or pl (t), but rather linear
combinations of either ek(t); k = f 1; : : : ; K g or pl (t); l = f 1; : : : ; Lg. We still
bene¯t from such a decomposition since interictal activit y time coursesare
sparseand thus their linear combinations will tend to preserve most of the
spikesso that they are detectablein the independent components of z(t).

Weusethe Infomax method (Bell andSejnowski, 1995)for ICA decomposition.
The key idea of this approach is to ¯nd an unmixing matrix W for which the
joint entropy of the the quantities yi (t) = Á(w i x (t ) + bi ), i = 1: : : M , is
maximized;Á() is a nonlinearscalarfunction, w i are the rows of the unmixing
matrix W, and bi are bias terms estimated from the data and are zero when
the data is zero mean with a symmetric density. Using a natural gradient
approach (Amari, 1998),the adaptation procedurefor the k + 1st iteration is
(Bell and Sejnowski, 1995):

Wk+1 = Wk + ¹E
³
I + Á(Wx (t ))x (t )T

´
Wk (4)

whereÁ(y (t )) = (Á(y1(t)) ; : : : ; Á(yM (t))) :

We have chosenthis ICA procedureas it allows us to specify a probability
density function for the interictal time series.Our analysisof the time courses
of interictal paroxysmal activit y allows us to conclude that the probability
density function of this activit y has higher kurtosis values than the normal
background brain activit y. High kurtosis corresponds to distributions with
heavy tails, i.e. distributions for which outliers are more likely than for a
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Gaussiandistribution of the samevariance.Similar observations regardingthe
non-Gaussiandistribution of spike waveforms have been reported by others
(Robinson et al., 2002;Kobayashi et al., 1999,2002a).We assumethe spike
data follow the heavy tailed distribution in equation (2), which corresponds
to the useof the nonlinear function: Á(x) = 1=(1 + e¡ ®x). Interestingly, the
parameter® of the distribution usedin ICA doesnot a®ectthe results other
than through a scaling of the unmixing matrix which does not a®ect the
subsequent processingthat we perform.

2.2.2 SpikynessSpectrum and Spike Detection

To select those independent components that are indicative of interictal ac-
tivit y we introduce a "spikynessindex" which is applied to each of the com-
ponents computed from equation (3):

I m =
maxjzm (t)j
1
T

R
jzm (t)jdt

; m = 1; : : : ; M : (5)

wherethe maximum is computedover the entire observation interval T. This
index does not necessarilydetect only epileptic spikes since any component
with a strong maximum-to-absolute averageratio will produce large values.
However, since we later prune the components basedon other spatial and
temporal features,at this point in the processingwe are primarily concerned
with high sensitivity rather than speci¯cit y.

We de¯ne the spikynessspectrum asthe rank orderedelements I m with I m ¸
I m+1 , m = 1; : : : M ¡ 1. We can now seethe e®ectof the unmixing performed
by ICA. Fig. 1 shows a typical normalized spikynessspectrum for interictal
MEG data from a patient with temporal lobeepilepsycomputedon (i) the raw
data, (ii) the independent components, and (iii) the right singular vectorsof
the principal component or singularvaluedecomposition (SVD) of the spatial-
temporal data matrix

The ¯gure clearly shows that ICA concentrates spikynessinto fewer compo-
nents than either the raw data or principal components analysis.

To ¯nd candidateepileptic spikesand their sourceswe ¯rst selectthe subset=
of independent components with the largest spikyness.We then createa new
time coursed(t) by non-linearly mapping this set of independent components
into a singletime seriesaccordingto:

d(t) = max
m2=

jzm (t)j (6)

To detect spikeswe then apply a simple thresholding rule. As a result of this
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Fig. 1. Normalized "spikyness" spectrum for interictal MEG data computed from
raw data and its decompositions using ICA and SVD. A decomposition that sep-
arates components containing spikes from those that do not will tend to exhibit
a faster decreasein spikynessthan the raw data; we refer to this characteristic as
an increaseddegreeof spikyness.Note that ICA increasesthe degreeof spikyness
comparedto raw data while SVD actually reducesit.

spike detection procedurewe obtain a vector of time markersµ = [µ1; : : : µN ]
that point to the indices corresponding to the maximum of each detected
spike.

2.2.3 Candidate spike localization and RAP-MUSIC

To improve the speci¯cit y of the detection procedurewe selectthe subsetof
the detectedspikesthat can be localizedas focal neuronalsources.To do this
we ¯t an equivalent current dipole model to the data in the vicinit y of each
spike and accept the solution only if there is at least a 95% ¯t of a dipole
model to the data.

We use the RAP-MUSIC algorithm (Mosher and Leahy, 1999) to localize
the equivalent current dipoles from spatio-temporal data over a time win-
dow of § ¿, with ¿ = 16ms, around the apex of each detected spike. The
spatio-temporal data is ¯rst ¯ltered by retaining only the temporal compo-
nents and their corresponding spatial topographiesfrom the set = of most
spiky components i.e. we form a lower rank approximation x̂ (t) of the vector
of measurements x (t) as

x̂ (t) =
X

m2=

vmzm (t) (7)
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wherevm is the mth column of the inverseof the unmixing matrix W. For the
i -th element of the vector µ found during the initial spike detection step, we
form an estimate of the signal subspace©̂s as the spacespannedby the ¯rst
r left singular vectorsof the cropped spatial temporal matrix X̂c:

X̂c = [x̂ ((µi ¡ ¿)) ; : : : x̂ ((µi + ¿))] (8)

The number of samplesin the temporal window centeredaroundthe maximum
of the spike is 2¿f s + 1 The signal subspaceis found from the SVD of X̂c as

X̂cX̂c
T

=
h
©̂s; ©̂e

i
2

6
4

¤ s 0

0 ¤ e

3

7
5

h
©̂s; ©̂e

i T
(9)

where the columnsof ©̂s and ©̂e span, respectively, the estimated signal and
noisesubspaces(Mosher and Leahy, 1999).The dimensionof the signal sub-
space,r = 4, was selectedto be one or two dimensionslarger than the max-
imum expected number of sourcesin each spike interval, which in practice
rarely exceededtwo.

RAP MUSIC ¯nds sourcesin an automated and recursive fashion by pro-
jecting the topography for candidate sourcelocations against the estimated
signal subspace.The method is robust to non-dipolar components in the data
and can ¯nd multiple sourcesin a singlesignal subspace(Mosher and Leahy,
1999).Importantly, dipoleswill only be found with this procedureif the signal
subspacecontains a strong dipolar topography. The algorithm is applied to
data in the vicinit y of each spike in turn. The resulting set of dipolesis then
further processedusing the clustering proceduredescribed below.

2.2.4 Clustering

Associated with each localizeddipole is a location vector ½̂i = [ ½̂x
i ½̂y

i ½̂z
i ]

and its time course êT
i = [êi ((µi ¡ ¿)) ; : : : êi ((µi + ¿))]T . A single isolated

source is of little diagnostic value and consequently we further reduce the
number of detectedsourcesthrough a clusteringprocedure.Only thosesources
that fall within one of a number of automatically determined clusters are
retained in the ¯nal set of detectedsources.

To perform clustering we ¯rst compute the matrix containing Euclidean dis-
tancesbetweeneach pair of estimatedlocation vectors,i.e. dij =

¯
¯
¯½̂i ¡ ½̂j

¯
¯
¯. To

¯nd the ¯rst cluster we choserow i 0 accordingto the following criterion:

i 0 = argmax
i

X

j

I (dij < ±) (10)
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whereI () is the indicator function and ± is a userspeci¯ed threshold param-
eter that determines the maximum radius of the clusters. The ¯rst cluster
is then the set of dipoles I 0 = f j : di 0 j < ±g. The entries of the matrix
corresponding to the dipolesfrom the identi¯ed cluster are removed and the
procedurerepeateduntil the remainingclusterscontain lessthan Nmin dipoles,
whereNmin is a userspeci¯ed parameter.

Each spatial cluster is then subdivided into smallerclusterswith similar wave-
formsof activation usingthe sameprocedureasabove,but with the Euclidean
distancemetric applied to the time seriesrather than locations.This two-step
procedure allows us to sort localized spikes into tight spatial clusters with
similar temporal properties.

2.2.5 Cluster signi¯cance

Onefurther re¯nement is applied beforethe procedureis complete.We reduce
the number of clustersby removing those that do not exceeda user selected
signi¯cancethreshold.With a largenumber of sourcesplacedat randomwithin
the head,clusterswould naturally ariseby chance.Wethereforetest for cluster
signi¯cance under the null hypothesisof randomly located sourcesover the
headvolume.Sincethe dipolesin each cluster have time seriesthat aresimilar
to each other but distinct from the other clusters,we apply the test separately
for each cluster with a Bonferoni correction for multiple hypothesistests.

To test cluster signi¯cance we use as a statistic ^́, the number of dipoles
in the cluster. Under the null hypothesisall of the Nd detected dipoles are
uniformly scatteredthroughout a sphericalvolume containing the brain. We
computethe distribution of the statistic ´ , under the null hypothesis,equalto
the maximum number of dipolesenclosedin a sphericalvolume with radius r
equalto half the distancebetweenthe two furthest dipolesin the cluster being
tested. The maximum is taken over all possiblelocations within the spherical
brain volume. We assesscluster signi¯cance by computing the probability of
the statistic ´ exceedingthe observed value ^́ under the null hypothesis.We
derive an approximate distribution for the maximum statistic ´ under the null
hypothesesin Appendix B.

The testing procedureis applied to each cluster in turn. To control for false
positives causedby multiple hypothesis tests, we usea Bonferoni correction
schemein which we adjust the sign¯cancelevel to ® = 0:01=Nc where Nc is
the total number of detectedclusters.
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3 Simulation Studies

3.1 Simulation Description

To validate the method we performeda set of realistic simulations. Our goal
was to obtain ROC (Metz, 1986)to understandthe sensitivity and speci¯cit y
characteristics of our approach, and to investigate whether each of the con-
secutive stepsdescribed above delivered improved accuracy.

Wesimulated spatio-temporal vectorsof spontaneousinterictal activit y on the
basisof real subject data. As described in equation (1), the spatial-temporal
vectorx (t) is comprisedof threeadditiveparts: focal interictal activit y with in-
dependent topographiesak , spatially coherent background brain activit y with
topographiesbl and spatially non-coherent sensornoise n (t). We simulated
each of thosethree components separately.

We simulated interictal spikes on the basis of averagedwaveforms of spikes
detected in MEG data collected from a patient with temporal lobe epilepsy
using the acquisition systemdescribed in Section4.1. The time courseof the
averagedspike s(t) is shown in Fig. 2a. The sourcelocation of the simulated
interictal spike was chosento coincide with that determined from the same
subject dataset and to lie in the right temporal lobe, Fig. 2b. The spatial
topography a int associated with this sourcewas calculated using a spherical
headmodel; this sphericalmodel was alsousedin all subsequent processing.

We generateda pseudo-randomsequenceof interictal spikes using a 2-state
(binary) Markov chain sequencef (t). The activit y at the sensorsdue to the
spike generatorwas then computedas:

x int (t) = a int (s(t) ¤ f (t)) (11)

where¤ denotesthe convolution operator.

Spike detection in simulated spatially and temporally incoherent noiseis rel-
atively straightforward and doesnot re°ect the di±cult y of the true problem.
Consequently, to perform a more realistic evaluation of our approach under
known conditions, we used a more realistic model for background brain ac-
tivit y by training the MAR model described in Appendix A on spontaneous
activit y recordedfrom a normal subject at rest. Details of the training pro-
cedureand related statistical tests are also contained in the Appendix. The
resulting spatially coherent background noisexbckg(t) sampledfrom the MAR
model is the secondadditive component in our data model.

The third component of our data model, spatially incoherent sensornoise
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Fig. 2. Location and waveform of interictal spike usedin computer simulation stud-
ies: a) AveragedMEG spike waveform from subject with temporal lobe epilepsy, b)
Location of the spike generator for the simulated data.

n (t), was simulated as Gaussianwhite noise ¯ltered with a low-pass ¯lter
(f c = 40H z). The simulated data were then computed as a sum of the three
components described above:

~x (t) = x int (t) + x bckg(t) + n (t): (12)
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3.2 Simulation Results

To evaluate our approach we applied spike detection and localization method
described above to the simulated data and computed the true positive rate
(i.e. the fraction of true spikesdetected)vs. falsepositive rate (i.e. the rate of
detectedevents with peaksfurther than 100ms from the nearesttrue spike).
We plot theseperformancevaluesas ROC (receiver operating characteristic)
curves(Metz, 1986).We evaluated the performanceof our approach at three
distinct stages:

1. ICA + spike detection basedon the spikynessspectrum and thresholding
2. Spikedetectionbasedon dipole localization for each spikedetectedin Step1
3. Clusteringandsigni¯cancetesting of spikesdetectedand localizedasdipoles
in Step 2

To generatedi®erent operating points in Stage1 we varied the threshold used
to locate spikes from equation (6). To generatedi®erent points in Stages2
and 3 we kept the spike threshold constant at a value which achieved better
than .98 true positive rate in Stage1 and varied the threshold for the RAP
MUSIC method in the ¯t of the dipole model to the signal subspace.As this
threshold is dropped, sensitivity will increaseat the expenseof speci¯cit y.

Three ROC curvescorresponding to the three stagesare shown in Fig. 3. The
true positive rate is computedasthe fraction of true spikesthat are detected.
The false positive rate is given as both the probability of a false positive at
each samplepoint and also as the rate of false positives per true spike. The
ideal ROC curve would show 100% sensitivity at the lowest possible false
positive rate, i.e. the ideal curve risesrapidly towards a true positive fraction
approaching unity. The results in Fig. 3 indicate that each stageof re¯nement
substantially improvesspeci¯cit y without a®ectingthe achievable sensitivity.
The false positive rate at the end of Stage3, expressedrelative to the true
spike rate, shows a worsecaseof approximately 30%chanceof a falsepositive
per true spike with a true positive rate exceeding98%.

In this study wehaveattempted to perform a realistic simulation, but whether
performanceafter Stages2 and 3 for real data will approach the accuracy
indicated in these ROC curves will require application to a wide range of
clinical data sets. In Section 4 we report on our preliminary studies with
clinical MEG data.
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Fig. 3. Receiver Operating Characteristic (ROC) curves showing performance at
three stagesin the detection algorithm. Plotted for each stageof the processingare
the true positive rate vs. false positive rate as described in the text. The results
show clear improvement in sensitivity vs. speci¯cit y performancefrom Stage1 to 2
and from Stage2 to 3.

4 Results

We applied the spike detection method described above to spontaneousMEG
data sets collected from four di®erent subjects. The four patients had com-
plicated clinical presentations and required invasive electrode recordingsfor
localization of the seizureorigin for surgical planning. Their intractable com-
plex partial seizurescould not be localized by standard non-invasive Video-
EEG and imaging criteria. In each casethere was a clinical hypothesiswhich
justi¯ed proceedingto invasive electrodesdue to the likelihood of ¯nding an
operableseizurefocus.
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Sub ject
Age

(Gender)
Phase

I
MEG

Phase
I I

Phase
I I I

Phase
IV

(mos)

Automatic
detection
outcome

A 36M LF LTP LSMA d , LH g no NA LT[58],LP[33], C[73,66,78,56,31]

B 17M RF RF,R T RF g RF, RT 1(32) RF[57,71],R T[82]

C 34F RT RTlat RTlat g RT an t 1(18) RTlat[26]

D 32M LT,RH RP , RT RT g ,RT d RT 3(9) RTp ost[35,35,51], RTmes[46]

Table 1
Summary of data for the 4 clinical subjects for which MEG data wasanalyzedin this
study. A description of each column follows. PhaseI: Scalpand sphenoidalinpatient
Video-EEG telemetry; MEG: Magnetoencephalography and magnetic sourceimag-
ing(MSI); PhaseI I: Intracranial monitoring with depth (d) or grid (g) electrodes;
PhaseI I I: Focal excisionalsurgery;PhaseIV: Outcomeclassi¯cation with number of
follow-up months (mos), follow-up outcomeclass:1=seizure-free,3=90 % seizurere-
duction; Automated detection outcome:Location of dipoleclusters[number of spikes
in each cluster]. Abbreviations: L=left, R=righ t, T=temp oral, H=hipp ocampus,P
= Parietal, F=fron tal, SMA = somatosensoryarea, C=deep white matter, ant =
anterior, lat=lateral, post=p osterior, mes=mesial

4.1 MEG data acquisition

MEG wasrecordedusinga wholecortex CTF neuromagnetometer(CTF Cor-
poration, Port Coquitlam, Canada)in a magneticallyshieldedchamber (Vaku-
umSchmelze,Hanau, Germany). The magnetometerhas 68 sensorchannels
(1st derivative co-axial gradiometers,coil diameter 1.98cm, baseline5.0 cm)
and 32 referencechannels.The data samplerate was250Hz per channelwith
a band-passof 1-70 Hz, a dynamic range of 16 bits and system noise of 5
to 7 f T=

q
(H z). For data analysis,we computedan approximate third order

spatial gradient using the referencechannels.The systemaccuracywastested
with a dry calibration phantom and localization error for a singledipole mea-
suredat 1:0 § 0:4mm.

4.2 Comparisonto the four phaseclinical procedure

There are four parametersto be set in the automated procedure:the thresh-
old for initial spike detection in the ICA time series,the threshold to use in
dipole localization in RAP MUSIC, and thresholdsfor determiningcluster size
and signi¯cance. After adapting theseparametersduring initial studies with
human data, we wereable to processall four clinical data setswith the same
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parametersettings.We comparedthe result of our automatic method to that
of the four phases(PhaseI - PhaseIV ) of the clinical proceduresummarized
in Table1. For each patient the table givesabbreviatedloci of the detectedfoci
of abnormal activit y during PhaseI (excluding MEG) and of resultsobtained
from MEG using standard analysis, i.e. visual selectionof spikes followed by
single dipole localization. The PhaseII column reports locations of foci ob-
tained from intracranial monitoring. The column corresponding to PhaseII I
(resection) indicates the location of surgical resectionif performed.PhaseIV
summarizesthe results of post-surgicalmonitoring of the patient. The table
shows the outcome class of each patient and number of months that have
passedsincesurgery. The results of the automatic procedureare summarized
in the right-most column. The table shows that regionsof abnormal activit y
detectedby the automatic procedureweresimilar to thoseon which the four
phaseclinical procedure were focused.The brain region in which resection
wasperformedcoincidedwith the location of oneof the clustersfound by our
automatic procedurein all three casesin which a resectionwas performed.

4.3 Graphical comparisonto the results of PhaseI.

One of the steps in PhaseI of the clinical procedure is manual analysis of
spontaneous interictal MEG recordings. The goal of this step is to detect
abnormal spike activit y and determineits spatial origin. In Figs. 4, 5, 6, 7 we
graphically comparethe results of manual detection performedby a quali¯ed
examinerto that obtained by our method.
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Fig. 4. Automated detection and clustering results for subject A, compared to the
manual detection procedure.Results of the automated procedureare shown as cir-
cles with radii equal to 3 standard deviations of the distance of dipoles from the
centroid for all sourcesin the cluster. Circles with thicker lines indicate probable
epileptogenicclusters while thinner lines indicate non-epileptogenicclusters as de-
termined by their location and averagedtime courses.The number of spikesin each
cluster is shown on the coronal sections. Manual detection results are shown as
bright squaredots.

The number of clustersfor the four subjects using our procedurewasA: 7, B:
3, C: 1, and D: 4. Visual inspection of the temporal properties of the cluster
time-coursesallowed us to attribute clusterslocalizedin white matter regions
in the center of the headin subject A to the normal sleepactivit y spreadover
the entire cortex. Theseclusterswereexcludedfrom further consideration.In
Fig. (8) we show two clusters for subject C. Fig. (8)a shows distinct spike-
like behavior in the temporal lobe. The secondexample,Fig. (8)b, alsoshows
tight spatial clustering but inspection of the time seriesshows little structure
so that this cluster, which is possiblydue to muscleartifacts, can be rejected
as a potentially epileptogenicregion. In fact this cluster was rejected by our
automated procedurebecauseof the large variabilit y in the time series,and
wasincludedhereonly to demonstratethe importanceof consideringboth the
spatial and temporal characteristicsof putativ e clustersof localizedsources.

18



70
58

17

25
17

Fig. 5. Automated and manual detection and clustering results for subject B. Details
as for Fig. 4.

To quantitativ ely comparehuman observer performancewith our automated
procedurewe performed a further analysisof this clinical data. For di®erent
valuesof the RAP-MUSIC correlation threshold we computedthe proportion
of spikes found by a quali¯ed examiner which were also found by our auto-
matic procedure.We counted spikesas matching if the distancebetweenthe
time markersfor the human and automateddetetectorwerelessthan 120ms.
The results of this analysisare shown in Fig. 9. For a typical RAP MUSIC
thesholdof 95%,the automatedprocedurefound between48%and 93%of the
spikes found by the human examiner. It should be noted however, that the
automated procedure¯nds far more sources,even after clustering and signif-
icancetesting of the clusters, than is practical for a human examiner.As an
example,in one10 min recordof spontaneousMEG data from a patient with
partial epilepsyconsistingof 150,000samplesand 68 channels,the manual ex-
aminer selected13 spikes.The initial spike detection (Stage1 in Section3.2)
produced1342spikes,including 12 of the 13 manually detectedspikes.Stage
2 reducedthis number to 376 dipoles keeping11 out of 13 of the manually
detected.Keeping only statistically signi¯cant clusters resulted in 91 dipoles
split into two clusters.As shown in the earlier ¯gures, many of thesesources
clustered into regionsconsistent with the foci of interictal epileptic activit y.
This indicates the potential power of the automated procedure,not only in
reducingtime required for manual analysisof data, but in ¯nding much larger
sets of plausible focal sourcesthat can potentially be used by physicians in
treatment planning.
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Fig. 6. Automated and manual detection and clustering results for subject C. Details
as for Fig. 4.

5 Discussionand conclusions

We have described a procedurefor detection of signi¯cant clustersof dipolar
sourceswith spike-like time coursesin interictal MEG data. The method ¯rst
¯nds candidate spikes in the MEG data, then attempts to localize current
dipolesto account for each spike and retains only the sourceswhich conform
to this model. Thesedipolesare then clusteredaccordingto their spatial and
temporal characterisicsand ¯nally the clusters tested for statistical signi¯-
canceto yield a set of signi¯cant clustersas candidateepilpetogenicregions.

Oncefour userspeci¯ed parametersarechosen,the proceduredescribedabove
is a fully automated method for screeningof spontaneousMEG data for in-
terictal events. It suppliesthe physicianwith a morecompleteand potentially
more meaningful dataset of sourcefoci and time seriesthan is feasibleusing
a manual spike detection protocol.

Our simulation studieswerebasedon a realistic model for coherent background
noisewith parametersdeterminedfrom a normal subject at rest. ROC studies
of the method were basedon dipolar spike-like sourcesembeddedin this co-
herent background activit y. Thesestudiesshow the bene¯t of the multistage
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Fig. 7. Automated and manual detection and clustering results for subject D. Details
as for Fig. 4.

re¯nement of the initially detectedspikes in terms of substantially improved
speci¯cit y with near constant maximum sensitivity.

In practice, the method was found to produceclustersin MEG data from pa-
tients with partial focal epilepsywho werecandidatesfor surgicalresection.In
the 3 of 4 casesin which a resectionwasperformed,the automatedprocedure
found a signi¯cant cluster in the vicinit y of the area that was subsequently
resectioned.In thesereal cases,somespurious clusters remained,even after
application of the signi¯cance test. However, most of thesecan be easily re-
jected by a neurologist since their centroids fall in deep white matter and
the time seriesare inconsistent with epileptogenicactivit y. Sharptransients of
sleepmight potentially causeconfusion,but theseare usually either low am-
plitude or mid line in location and therefore likely to be excluded.Occipital
partial epilepsyis uncommonand usually obvious clinically, thus the normal
sharp transients from the occipital lobe should not causea signi¯cant clinical
problem.

In summary, the above procedureis promising and likely to be useful to the
physician asa more sensitive, automated and objective method to help in the
localization of the interictal spikezoneof intractable partial seizures.The ¯nal
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Fig. 8. Location in three orthogonal views of two apparent dipole clusters found
for subject C and their corresponding time series.The bold line in the time series
graph is the averagetime courseover all dipoles. (a) This cluster in the temporal
lobe shows clear spike activit y in the time coursesand represents a potentially
epileptogenicregion; (b) this cluster, while also spatially tight, shows a high degree
of variabilit y in the time coursesand little evidenceof spike activit y and is believed
to be due to muscleartifacts in the data. This apparent cluster wasdiscardedby our
automated proceduredue to the varabilit y in the time coursesand is included here
as a demonstration of the importance of consideringboth the spatial and temporal
characteristics of detected sources.
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Fig. 9. Comparison of manual and automatic spike detection procedures.For each
of the 4 subjects, we plot the fraction of the manually detecteddipolar sourcesthat
are also found by the automated procedure.Di®erent points on the curve are found
using di®erent acceptancethresholds during RAP MUSIC dipole localization. For
the 4 subjects the following number of dipoles were found by the quali¯ed reader:
A: 13, B: 26, C: 12, D: 12

output can be visually veri¯ed by neurologistsin terms of both the location
and distribution of the dipole clusters and their associated time series.Due
to the clinical relevance and demonstratedpromise of this method, further
investigation of this approach is warranted.
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Appendix

A Multic hannelAutoregressive(MAR) Model of SpontaneousBrain Activit y

The MAR model (FranaszczukandBergey,1999)is an extensionof the autore-
gressive model characterizedby a seriesof coe±cient matricesAk k = 1; : : : P,
whereP is the order of the MAR model. The (m; n) th element of Ak represents
the interaction from the nth to the mth sourceat time lag k. Formally, the time
seriesgeneratedby the model can be written as

p(t) = ¡
PX

k=1

Akp(t ¡ k) + ² (t) (A.1)

where² (t) is a spatially and temporally white vector representing the "inno-
vations" processthat drivesthe model.

The MAR model can be written in terms of a matrix transfer function, i.e. in
the z-domain:

P(z) = (H(z)) ¡ 1 E(z) (A.2)
wherethe matrix transfer function H(z) = f hij (z)g is de¯ned as

H(z) = 1 +
PX

k=1

Akzk (A.3)

The degreeof interaction betweenthe sourcesof background activit y at di®er-
ent frequenciescan be computed using the directed transfer function (DTF)
matrix ¡ =

n
° 2

ij

o
(Kaminski and Blinowska, 1991):

° 2
ij (f ) =

jhij (f )j2
P L

k=1 jhik (f )j2
(A.4)

wherejhij (f )j2 is the crossspectral density betweenthe i th and j th sources.

A matrix of scalar parametersre°ecting interaction for a frequencyband of
interest ¢ can be computedby integrating over that frequencyband:

gij =
R

¢ jhij (f )j2
R

¢
P L

k=1 jhik (f )j2
(A.5)

The matrix G = f gij g is called integrated directed transfer function (IDTF)
matrix for the MAR model (Kaminski and Blinowska, 1991).
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Herewe usethe MAR model to represent coherent background brain activit y.
Wenow describehow wetrained the model usingspontaneousMEG data from
a normal subject at rest. Wede¯ne a coherent backgroundactivit y subspaceas
that spannedby the dominant left singular vectorsof the SVD of the spatial-
temporal data matrix X collectedfrom the subject using the setup described
in 4.1 at the samplerate of 250 Hz. We retained only those singular vectors
such that the subspacespannedby them captures95%of the variancein the
data; in the data usedin this simulation, this correspondedto the ¯rst r = 48
singular vectors.From thesevectorswe constructedthe matrix:

Ybckg =

2

6
6
6
6
6
4

vT
1
...

vT
r

3

7
7
7
7
7
5

: (A.6)

wherevi is the i th right singular vector of X.

To simulate temporal activit y in this subspacewe use the MAR model de-
scribed in equation (A.1). Parameters for MAR models of di®erent orders
were estimated from Ybckg by solving a system of normal equations (Kay,
1988). The estimated models were then cross-validated on independent seg-
ments of data (Golub et al., 1979).Using the estimatedcoe±cient matricesfor
each model order, we computedthe total prediction error acrossall channels,
i.e. the trace of the prediction error correlation matrix. The prediction errors
plotted in Fig. A.10 indicate an appropriate model order of P = 4. The IDTF
matrix, equation (A.5), is shown in Fig. A.1b. This matrix indicatesa strong
degreeof interaction betweenthe di®erent components in the model sinceif
each component were independent, the IDTF matrix would be diagonal.

The useof the normal equationsto solve for MAR parametersis optimal in a
maximum likelihood senseonly for a Gaussianinnovation process² (t). To in-
vestigatethe normality of the residualswe usedthe Kolmogorov-Smirnov test.
The p-valuesfor this test for each channel are shown in Fig. A.2b. The plot
shows that the null hypothesisof normality cannot be rejectedat the signi¯-
cancelevel ® = 0:05. We can thereforeusenormally distributed noiseto drive
our MAR model in order to simulate realistic spatially coherent background
brain activit y.

The MAR model and coherent background signal subspacewerecombined to
generatecoherent background activit y accordingto:

x bckg(t) =
·

u 1; : : : ; u r

¸

y bckg(t) (A.7)

where u r are the ¯rst r = 48 left (spatial) singular vectors of the spatial-
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Fig. A.1. a)Prediction Error variancevs. MAR model order for estimatedparameters
whenapplied to cross-validation data. Note that the crossvalidation prediction error
indicates a distinct minimum at model order P=4; b) The Integrated Directed
Transfer Matrix for the estimated 4th order MAR parameters; the ¯gure shows a
high degreeof correlation betweenchannels in the data.

temporal data matrix X and y bckg(t) is the MAR processgeneratedusing the
estimatedMAR parametersand driven by white Gaussiannoise.
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Fig. A.2. Computed p-valuesfor Kolmolgorov-Smirnov test for normalit y applied to
residual or prediction errors using cross-validation data. The results indicate that
there is no evidencein this data to support useof a distribution other than Gaussian
to drive the MAR models.

B Cluster Signi¯canceComputation

We describe the statistic usedto test the null hypothesisas described in Sec-
tion 2.2.5that each dipole cluster aroseby chancethrough a uniform random
distribtion of the dipoles within the brain volume. In order to compute an
analytical expressionfor the signi¯cancelevel of an observation under the null
hypothesiswe divide the sphericalheadvolume V into a 3-D grid with cubic
voxels of small size±£ ±£ ±, yielding the total number of voxels Nv =

j
V
±3

k
.

For a particular placement of dipoleswe then compute the number of dipoles
in each such voxel, i.e.

N i =
NdX

j =1

I i (j ); i = 1; : : : Nv; j = 1; : : : Nd (B.1)

whereNd is total number of detecteddipolesand I i (j ) is an indicator function
equal to 1 if the j -th dipole falls in the i -th voxel.

We now compute the probability of observing more that ^́ dipoles within
a spherical patch of radius r under the null hypothesis. The probability of
observing´ · ´ 0 dipoleswithin a sphericalpatch of radius r located in a ¯xed
position canbe computedusingthe binomial cumulative distribution function
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as

P (´ · ´ 0) =
´ 0X

t=0

0

B
@

Nd

t

1

C
A

µ m
Nv

¶ t µ

1 ¡
m
Nv

¶ Nd ¡ t

(B.2)

wherem = 4
3¼

³
r
±

´ 3
is the number of voxels within the sphericalvolume.

To computethe maximum distribution over all possiblelocationsof the patch
we make the approximating assumptionthat the number of dipoleswithin the
sphericalvolumeis independent for di®erent locationsof this volumewhenthe
allowed spherecenters are spacedby distance r from each other. Under this
assumptionthe signi¯cancelevel ® for the maximum statistic canbecomputed
as

® = P
³
max(´ 1; : : : ; ´ Np ) > ^́

´
= 1 ¡

NpY

i =1

p(´ i · ^́) = 1 ¡ P (´ i · ^́)Np (B.3)

where ´ i is the number of dipoles within the spherical volume in the i -th
position and Np = 4

3¼
³

Rh ¡ r
r

´ 3
is the number of possiblelocationsof the patch

within the sphereof radius Rh.

To assessthe accuracy of the independenceapproximation we performed
Monte Carlo simulations in which we compute the number of dipoles re-
quired to achieve a given signi¯cance level ® for di®erent cluster sizes.In
Fig. B.1 we show resultsof computation usingequation(B.3) for di®erent lev-
els of signi¯cance®. We also show the number of dipolesrequired to achieve
® = 0:01 basedon 100 Monte Carlo trials. Theseresults show that equation
(B.3) provides a mildly conservative number comparedto Monte Carlo trials
and thereforecan be usedto control falsepositiveswith reasonableaccuracy.
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