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SUMMARY  Objective: To evauate the eficiency of diding-window technique in extracting and ana
lyzing somatosensory evoked potentids (SEP) from multichannel electroencephalogram (EEG) data.
Methods: A time window of certain window sze was moved aong the time dimenson of data sets.
Values within the window were averaged for each tria , and then compared with a preset control win-
dow. The probability of randomly appeared sgnificance resulting from repeated statistical comparion
was calculated utilizing Smulated EEG data sets. Cluster sze (number of successve sgnificant data
points with given individua significance threshold) was determined to keep the generd dpha vaue un-
der 0.05. To test thisprocedure, multichanne EEG dgnals were recorded and anayzed from fourteen
heathy right-handed volunteers, with painful and nonrpainful eectricd stimuli delivered to the right
middle fingers. Results: Cluster dze increased in parallel with window dze and individua satistical
threshold. The mgor SEP components of red EEG data, as well as the difference between pain and
non-pain SEPs, were demongtrated to be dgnificant with the diding-window method. Conclusion :
Siding-window method is an efective tool for the anadyssof SEP data.

(J Peking Univ [ Health Sci], 2003,35:231-235)
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Cerebra evoked potentials (EPs) are esentid in
the diagnodsof various neurologica diseases. Howev-
er, direct measurement of EPs are difficult because
they are embedded in a background of sontaneous
electroencephalographic activity (recorded as eectro-
encephadogram, EEG) , which is 10 times larger in
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amplitude. The conventional way to extract EP isto
average data from n trids of simulation. This will
increase the sgna-noise ratio (SNR) by times, be
cauee /n EPs are timelocked with stimulation but
noises are not. However, the latency variability
(i.e. ,jitter) of the dgna leads to a decrement in
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this maximal potentia enhancement!*!. Al it isimr
posshble to identify whether the observed change of
average potentia is due to variations across most of
the trias, or merely some extreordinary changesin a
few trials, i.e. , it provides no infformation about the
statistical dgnificance. Certain gpproaches have been
adapted to dea with the lack of timelocking for de-
sred sgnals, such as weighted averaging!?! , adaptive
filter method!*! , and single-tria extract process anal-
yss®! | which are of ecid interest in recent
methodologica investigations. However , up to now
no effort has been made to evd uate the statistical sg-
nificance of an extracted EP.

In the current paper, we evaluated a diding
window method in the analyss of EPs, which has
been previoudy used in the study of neuronal activi-
tied*). Our aim is to provide the information of star
tistica dgnificance, dong with getting the averaged
EPsfrom the EEG recording data.

1 Materialsand Methods

1.1 diding windows technique

1.1. 1  Generd procedure EEG sgnas were
recorded as continuous data series with certain time
reolution. A time window with certain window dze
was did across the time dimenson of EEG data sets
with certain step Sze. Voltage values within the win-
dow were averaged for each trid of gimulation. This
will be the firs step to reduce random noise while
keeping sngle-trid information intact. It could A
compensate for the decrement of SNR due to the in
consstency of latencies. These mean vaues will then
be statigticaly compared with the correponding sn-
gle-trid mean valuesof apresst control window (usu
aly a period before stimulation) with paired t-test.
By moving of the window , the crosstrid mean vaues
within each window as well as the satistica dgnifi-
cance of these mean vad ues were extracted.

Window Szeisavery important factor that could
influence the validity of the resultsin diding-window
anayds. A larger window will usudly generate
smoother result. However , it will al9 decrease the
time resolution and blur away osme details of the e
voked potentials. Thus, it should be sslected accord
ing to the nature of the interested potentias.

1.1.2 dgnificance threshold for repeated statistical
tet By ddfinition, datigtics is the cdculation of
probabilities. Thus, repeated satistica comparions
will raise the chance of random sgnificance. In order
to achieve a satifying overall dpha vdue, the indi-
vidua test threshold hasto be modified. Ward'®! used
a combination of minimum cluster sze threshold for
successve sgnificant points and maxi mum individua
test threshold to keep the overal satigtica level be
low 0. 05 for fMRI data andyss, which we adgpted
inour caculation. The underlying assumption is that
true dgnasof dgnificance should occur over continu
ous data points, whereas noise has much lessof aten-
dency to form clusters of dgnificant data points.

Thus, smulated random sgnas with the same length
and number of channds as the true EEG data sets
were generated to perform the diding window analy-
dsfor 1 000 times. With a given threshold for indi-
vidua test, number of clusters of successve dgnifi-
cant points with different cluster sze in each of the
1 000 iterations was counted. Then the number of it-
erationsout of the 1 000 iteration that had a given
maximum cluster sze was counted. This will be the
estimation for the probability of afalse detection oc-
curring in the entire data set. In this way the overdl
alpha value with gecific window sze, individua test
threshold, and cluster 9ze was caculated. A dgnifi-
cant cluster sze threshold could then be nominated
under these given parameters.
1.2 Subjects

Fourteen right-handed male young adults (19 -
26 yearsold) were recruited aspaid volunteers. They
were al in good hedlth, without neurologica prob-
lems, and free of medication that might afect their
alertness. None of the subjects had ever taken part in
a dmilar laboratory experiment. Informed consent
was obtained from dl participants prior to the study.
1.3 Stimuli and apparatus

The dectrical stimulus was a congtant current
sguarewave pulse generated from a DS7A digitd
stimulator (Digitimer , Ltd, England) , delivered di-
rectly to the right index finger viaa pair of skin eec
trodes (1 cm in diameter). Two different leves of
amplitude were adopted, i.e., intense sensation
without pain and moderate strong pain. The ampli-
tude was usudly 2 - 4 mA for the former and 5- 10
mA for the latter , depending on the subjective feding
of each subject. The inter-stimulus interval was ran-
domly distributed around 5s[ (5% 1) s], and the du
ration of each stimulus was one millisecond.
1.4 Reoording

The recordingsof EEG were carried out under u
niform oconditions ( minimum noise environment ,
temperature 22 - 24, confortably sat and relaxed ,
with eyes open) with an ANT EEG ERP system
(ANT, Inc. , the Netherlands) via a 64-channel cep
including 4 EOG channd's (EBectro-Cap Internation
d, Inc. , Dayton, OH, USA). EEG data was sanr
pled at 256 Hz together with the parametersof stimu-
lation and event markers, with 50 triasof stimuli in
a ssgon for each amplitude , order counter-balanced.
Subjects were instructed further to carefully rate the
perceived painful or painless snsation 3 - 4 s ater
each stimulusfollowing a continuous 0 - 10 visua rat-
ing scde (VRS). The VRS was marked with ten
steps: no sensation (0) , weak sensation (1) , intense
sensation (2) , pain threshold (3) , dight pain (4) ,
mild pain (5) , moderate pain (6) , moderate strong
pain (7) , srong pain (8) , very strong pain (9) , and
unbearable pain (10). There was a 5-minute break
ater thefirgst sesdgon.
1.5 Dataandyss
1.5.1 Procedures to withdraw SEP  Raw data
were preprocessed (visud artifact control , rereferenc
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ing to the average of al the channds, filtering with a
band passof 0- 30 Hz, and detrending) , resampled
every 1/256 second around the event of interest
(- 50- 450 mg) , with the eye-movement contami-
nated portion removed , and then exported asa matrix
to MatLab (The MathWorks, Inc.). It was then
subjected to the diding-window technique with 1-
point moving step. The 50-msperiod immediatedly be-
fore simulation was st as the control window.
1.5.2 Procedures to compare SEPs from different
gimuli  To compare SEPs evoked by pain and non-
pain electrica stimuli , resampled EEG data were pro-
cesed with a dmilar diding-window technique.
Within the moving window , the mean vauesof trids
from one data st were compared with those from the
other data st fadling in the same window with a
grouped t-test. Raw EEG data often drifted dramati-
caly across trids. Thus, potentid levelsfrom differ-
ent trids are highly fluctuated (Fig. 1A). Thisinr
pared the power of grouped t-test to pick up differ-
ence between two SEPs. We made a D-tour around
this problem by calculating the diff erence between the
mean values of each trial and the average level of the
whole data set , and subtracted it from the data set.
Thus, dl vauesfrom different trias were detrended
in alarge scae and pulled to gpproximately the same
level (Fig. 1B).
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A jorigind sndetrid data,the average levels of potentid vaues from
different triasvary a great ded and the event-related changes are hard to
see;B ,dter detrending ,the spontaneous shifting of data were diminated
and event-related changes become clear ; C, SEP generated by conven-
tiond averaging method ,the smal peak is usualy consdered a compo-
nent ;D ,result of diding-window method. Note that the arrow-indicated
small peak is actudly not sgnificant.
Figure 1 Advantagesof diding-window method

2 Results

2.1 Influence of window dze on SEP caculation
Four window widths (3, 6, 9, and 12 points)
were applied to generate SEP from the same data et.
Asshown in Fig. 2, increment of the window sze
lowered the tempora resolution of the population sg-
nal , yet kept the main peaksand troughs. The ampli-
tude of the sharp peak indicated by a small arrow de-
creaed gradualy with the increment of window sze,
till nearly dissppeared at last. Snce a too-small win-

dow sze will impact the noisereducing function of
the scan process, a proper window width needs to be
selected according to the nature of the evoked poten-
tial under invegtigation. A 3point window was s
lected for our real data andydsaswill be shown later.
2.2 Determination of parameters

The smulated data were subjected to the diding
windows procedure for 1 000 iterations with each
window dze and individua test threshold. Asan ex-
ample , the result with one set of parameters (window
width 3 and test threshold 0. 005) was summarized in
table 1.
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The narrow peak indicated by the arrow wave decreased gradudly asthe
window sze increased from 3 to 12 data points.
Figure 2  Infuence of window sze on the SEP extracted
with the diding window
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Tablel Summary of 1 000 iterations through the diding-
windows procedure with smulated data

Cluger sze Frequency Maximd frequency Overdl dpha

1 22 858 4 1

2 5015 329 0.996
3 1059 504 0.667
4 153 119 0.163
5 35 33 0.044
6 6 6 0.011
7 4 4 0. 005
8 1 1 0.001

Window dze was st to 3 points, and individua threshold for paired
t-test was set to 0. 005.

The second column in table 1 lists the observed
number of a cluster with given sze. For example,
within the 1 000 iterations under given condition,
clusters of exactly five succesdve sgnificant data
points occurred 35 times. The third column shows
the number of iterationsin which a given cluster sze
turned out to be the maxima one observed. For ex-
ample, in 33 of the 1 000 scanning, the largest sSg-
nificant cluster contained exactly 5 data points. The
lagt column lists the overadll alphaleve ,i.e. , it edti-
mates the probability to make a fase detection from
the entire data set if agiven cluster Szeis used asthe
threshold. Thus, table 1 leads to the concluson that
if window sze was set to 3 data points, individua
test threshold to 0. 005, and cluster sze to 5, the
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overall alpha value would be 0.044. In other words,
the probability of afalse detection herein was 0. 044.

This evaluation was repeated with window
widthsof 3,7, 9, and 11 points, and individud test
threshold of 0. 001, 0.005, 0.01, and 0. 05(Fig.
3) . Larger window and looser individua test threshr
old leads to larger dgnificant cluster Sze to keep the
overal dgnificance levd satifying. Acoording to
these results, awindow dzeof 3 points, an individual
test threshold of 0.005, and a cluster sze of 5 were
finally chosen as the parameters for procesing rea
EEG data.
2.3 Componentsof SEP

The waveformsof SEPfollowing non-painful and
painful electrical stimuli were smilar. The waveforms
of pain SEP were shown in Fig. 4. Pan SEP dis
played a N150 and a P250 component , maxi mized at
Cz.
2.4 Difference between painful and painless SEPs

The subjective sensation rating for painful stimu-
lation was 5.43+0.65 (x £s, n=14) , for painless
stimulation 1.73+0.50 (x +s, n=14). Panful or
painless gimulation generated SEPs are dmilar in
components and distribution with our experimental
stup. Thus, further gatistical comparion between

these SEPs is necessary to reved pan ecific
changes. The grouped t-test-based diding windows
comparion was gpplied for thispurpose. Asshownin
Fig. 5, dgnificant difference could be observed.
They are mainly distributed at Fz, Cz, CPz, and Pz.
The maximum difference was d < located at Cz.
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The cluster szeincreasesin pardld with window sze and individud test
threshold.
Figure 3 Reationship between cduster sze ,window sze,
and individud test threshold
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The trgpezoid markers at the bottom of each subplot indicate the periods where statisticaly sgnificant potentia changes occur. Two components,N150

and P250 ,can be discriminated ,especidly in the channds near CZ.

Figure 4 The extracted pan SEP waveforms from one subject

3 Discussion
SEP or event-related potentials (ERP) are essen-

tid for the observation of central functiona activities
with very high timeresolution. However , the conr
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ventiona averaging method could not give any infor-
mation about the datistical sgnificance of various
SEPor ERP components. Beddes, it as requires a
relatively large amount of triasto get a stable compo-
nent from a noisy background of pontaneous EEG ac-
tivity. The current study took the first step to lve
these problems. Asshown in Fig. 1C and 1D, some
small peaks that would usualy be conddered a SEP
component turned out to be satigtically indgnificant
when calculated with our didina-window method.
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Pain and non-pain SEP have smilar waveform and man components.
The amplitudes of the former (lidine) are dgnificantly higher than
those of thelatter (dash line) ,esecidly in FCZ,CZ,CPZ ,and PZ chan-
nd.
Figure 5 Difference between pain and norn-pain SEP of one
subject in four channds
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With theiteration of 9mulated data, we relved
the standard to judge whether a component of SEP or
ERPis datigicaly dgnificant by setting the thresh-
old cluster sze with a given window Sze and individu
a testing threshold. Thus, one may vary the window
dze according to the nature of the interested EP conr
ponent and the amount of background activities or
noiseincluded in the data set. A wider window will
usudly remove more high-frequency changes like
background noise, but it will A eliminate narrow
peaksin EP waveform. On theother hand, narrower
window will keep these high-frequency components of
EP together with some background noise if the tria
numbers are limited. Individua test threshold should
a2 be modified according to the features of the data
st. For a data with more posshility to generate Sg-
nificant changes, this threshold should be st more
grictly , hence to raise the tempora reolution of the
statistica result.

Repeated statistical comparion and repeated us
age of data often make it difficult to decide theoreti-
cadly how to set the sgnificant threshold. In the
method we proposed , we made a D-tour around this
problem by performing the iteration with smulated

data and st the threshold according to the result of
smulation. Thisis a general methodologica maneu-
ver with large amount of data, asappliedinfMRI da
ta analyss®!.

The SEP components we detected with the did-
ingwindow method (Fig. 4) are identical with the
results from conventional averaging method, with a
N150 followed by a P250 component for both norr
pan SEP and pain SEP, as reported by Naka et
al'®. However, taking the advantage of this
method, we could d< describe the difference be
tween nonrpain and pain SEP. As shownin Fig. 5,
the main dgnificant difference gopeared with the la
tency of 150 and 250 ms, where the amplitude of
pain component is dgnificantly greater than nor-pain
components. Thisis condstent with previous reports
that in the case of eectrical stimulation, al mgor
componentsof the pain SEP are a0 present in norr
pain SEP but with lower amplitude!”®’.

In concluson, we report in this paper a diding
window method for the anayss of cerebra evoked
potentials. It iscapable of reveading the satistical sg-
nificance of SEP components, as well as comparing
SEPsinduced by different kinds of simuli. We sug-
gest that these methods should be employed in further
SEP studies.
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