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Unfolding dimension and the search for functional markers in the human electroencephalogram
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A biparametric approach to dimensional analysis in terms of a so-called “unfolding dimension” is intro-
duced to explore the extent to which the human EEG can be described by stable features characteristic of an
individual despite the well-known problems of intraindividual variability. Our analysis comprises an EEG data
set recorded from healthy individuals over a time span of 5 years. The outcome is shown to be comparable to
advanced linear methods of spectral analysis with regard to intraindividual specificity and stability over time.
Such linear methods have not yet proven to be specific to the EEG of different brain states. Thus we have also
investigated the specificity of our biparametric approach by comparing the mental states schizophrenic psy-
chosis and remission, i.e., illness versus full recovery. A difference between EEG in psychosis and remission
became apparent within recordings taken at rest with eyes closed and no stimulated or requested mental
activity. Hence our approach distinguishes these functional brain states even in the absence of an active or
intentional stimulus. This sheds a different light upon theories of schizophrenia as an information-processing
disturbance of the braifS1063-651X98)05602-3

PACS numbeps): 87.10+e, 87.90+y, 02.70.Rw

[. INTRODUCTION More recently, nonlinear time series analysis of EEG has
become a focus of intere§12]: hints for possibly chaotic
The human electroencephalogrdBEG) comprises elec-  attractors underlying the EEG supply theoretically oriented
tric signals reflecting the underlying neural dynamics of thescientists with information on degrees of freedom and the
brain. Accordingly, EEG attracts attention from different degree of dissipation to be explained by a model while, in
perspectives: on the one hand, researchers from biophysida/actice, researchers wish to find the same measures of chaos
theoretical biology, and related disciplines are mainly inter-0 be of clinical relevance, e.g., for diagnostic purposes.
ested in the mechanisms generating these sigaais]; on Regarding the most popular of these quantities, namely,
the other hand, physicians and psychologists are concernd@e so-calledD, or correlation dimensiorj13], however,
with the identification of EEG patterns related(toal) func-  things do not yet seem to be very promising: The extent to
tional brain state§4—7]. which the above-mentioned individual specificity can be re-
A traditional approach linking these two perspectives isProduced(i.e., the extent to whictD, is stabl¢ remains
the assessment of the rhythmic activity in terms of time selinclear and the extent to which EEG is distinguishable from
ries analysis. The classical view of the EEG assumes th@ linear stochastic proce$s4—17 is still debatable. This
signal generator to be a linear oscillating sysfeng]. This mdlcates a real need to improve correlation dimension analy-
approach has led to broad application of spectral analysis ariS: ) ] ) )
related techniques to analyze and describe the EEG. Spectral D> analysis starts with reconstructing an appropriate
patterns have been scrutinized for clinical relevance and ihase space. This is usually done by embedding a single
has been shown that these patterns carry individually specifi¢inivariate time series inm dimensions according to the
information[9] that remains stable over time spans of up tomethod of time delay$18]. This makes use of the same
several years. The diagnostic relevance of the EEG, howsignalm times:m successive points are regarded as indepen-
ever, presents another picture. A critical evaluation of thedent coordinates each separated by one delay tifrem the
EEG research that has taken place over the past few decade&ceding one:
g:fs;zhgi%s]éppomtmg perspective on these classical ap X,=x(1) X(t=1), . .. X(t—(m=1)7). (1)

Until now there hardly seems to be a particular feature of, 1, case that several time series are simultaneously avail-
the human EEG that clearly indicates specific psychopathospie 4 parallel embedding scheme may be uftd
logical states or syndromes. Furthermore, it has not yet beefyarepy the various channels included are regarded to be

possible to make reliable psychiatric diagnoses or prognosgg,eariy independent and are therefore taken to comprise the
with the help of these classical EEG approadiield. Hence |\ qimensions:

there is a dire need for an alternative to these approaches to

EEG analysis that places demands on the intraindividual sta- Xe=X1(1),X2(1), . .. Xm(t). (1.2
bility and functional specificity of derived quantitative mea-

sures despite the well-known problems of intraindividuallnsofar as different EEG channels may represent different
variability. signal generators, the two approachéglay-time coordi-
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nates from a single location versus parallel embedding ob ,,
tained simultaneously from the whole head surfa@ not
necessarily expected to lead to the same numerical result  9r ]
Investigations into this question might be best done with the
concept of mutual dimensiof20,21. Since we are in this
work only concerned with differences between functional 7 ]
states and not with the number of generators responsible fc
each state, it suffices to select one of the above two af
proaches and simply stick with it. The procedure in either &' 5¢ o 7
case is the same: Once the correspondimglimensional A 5
vectors are built, one calculates the so-called correlation in
tegral[13] and evaluates therefrom the correlation dimensior 3 ]
D,(m). Normally this procedure is repeated for a given se-

6. <

ries of measurements by successively increasing the embe 7

ding dimensionm. For m sufficiently large, saturation for - .
D,(m) is expected to occur and this saturation value is takel 0 ) . , , ) . .

to be the correlation dimension. 0 2 4 6 ,?1 10 12 14 16

A shortcoming of this approach lies in only using infor- @
mation form sufficently large while discarding any informa-
tion for low m. To overcome this shortcoming, the concept
of “unfolding dimension” has been recently proposed. One o} .
hereby considers the following biparametrizati@z2]:

8t |
D,(m)=bg[1—exp(—m/m*)]. 1.3 7t .

b, indicates the attractor dimension, whit€, the so-called
unfolding dimension, is a measure of the rate at which ar &' 51
attractor unfolds with increasing. One thus takes informa-
tion for low as well as for highm into account. An example
is shown in Fig. 1. 3r

This approach has already brought two interesting prop
erties to light: first of all, applied to psychophysiological
time series, it has become possible to statistically distinguis' 1} ]
the human EEG of healthy persons from their correspondini , , , , ,
so-called surrogate | or Il dafd4], i.e., data with the same 0 2 4 6 8 10 12 14 16
Fourier spectra as the original, but without any phase corre () No. Electrodes
lation as one might obtain from a linear stochastic process.

This was also achieved for cases in which traditional dimen- FIG. 1. Biparametric description of the curiz,(m) from two
sional analysis failed to make this distinctiéfig. 2). different human EEG samplesa) The fit yields b,=5.44,

This distinction is important for a dimension algorithm M* =5.85 (see text for explanations of symbplSThe time delay
because it proves the ability to retrieve information not vis-€mbedding proceduiid 8] is applied. The embedding dimension
ible within the power spectrum. On the other hand, failure tgS defined as in Eq(1.1). (b) The fit yieldsb,=7.04, m" =5.13.
achieve this distinction would have shed doubt upon the € Multichannel embedding procedufd] is applied, i.e., each
overall relevance of dimensional analysis to the understanoc—ham".eI IS a.ssur.ned 0 be a Coord'nate n phase space. The embed-
ing of EEG signals, even though the relevance of Surrogateqmg dimension is varied by adding the simultaneous signals from

ST . more and more electrodes.
data testing in EEG analysis is not completely clear] §&.

Secondly, this biparametric approach evidenced that the
individual EEG of different healthy probands recorded overto 8 artifact-free, 20-s EEG epochs and 2 channels on each of
time did not turn out to be stochastic as monitored throughhree widely separated recording dayi§) To carry out, in
the so-called confusion indd®22] (see below. This nonsto- the spirit of our biparametric approach, a meta-analysis of an
chasticity implies a certain statistically significaitttra-  earlier EEG-psychosis study in which—by means of conven-
individual stability and specificity of the human EEG in tional D, analysis—no statistically significant interindividual
agreement with the above-mentioned findings of spectrabr intraindividual difference between psychosis and remis-
analysis. sion was evidenf23].

The distinction of the human EEG from its corresponding The first objective is meant to substantiate the above-
surrogate data as well as the nonstochasticity of the indimentioned apparent tendency found 22] (briefly outlined
vidual human EEG are prerequisites for any attempt to reachelow in Sec. ] to support the idea that an individual's EEG
the goal of investigating functional brain states on a per inis not stochastic over time, thus demonstrating the achieve-
dividual basis by means of nonlinear dimensional analysisment of the above-mentioned prerequisites. We will see be-
Accordingly, the present work has two objectivéds: To  low that the indicated extension confirms the intraindividual
extend the analysis of a nhormative-EEG study to include utability over a period of at least 5 years whereby no pro-
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FIG. 2. Unfolding dimensionm* vs asymptotic correlation di-
mensionb, [see Eq(1.3)] for an EEG segment®) and 10 surro-
gates () [delay-time embedding protoc@l.1)]. A linear regres- FIG. 3. Electrode positions according to the International 10-20
sion for the latter yields the straight liri2.1) and the dashed-dotted scheme.

(dotted lines represent the 95%99%) confidence level for the
surrogates. If only the correlation dimension is considépedjec-  several more artifact-free EEG epochs into account, namely,
tion onto the abscisgathe correlation dimension of the EEG is yp to eight 20-s epochs per recording in comparison to only
indistinguishable from those of its surrogates. The biparametrigne epoch per day in the previous normative study.
analysis, however, reveals the nonlinear structure. (b) An EEG psychosis group encompassing the EEGs of 9
) . persons(4 males, 5 femalgsmeasured during each of two
nounced channel dependence seems to be manifest. Thisggferent functional brain states without medication: psycho-
shown in Sec. . _ sis (average age 25.3, standard deviation) @4d remission

The second objective is meant to explore the idea thafayerage age 26.0, standard deviation) 5etails as to the
nonlinear analysis in terms of the biparametric approach @gjection of probands, definitions of schizophrenic psychosis,
EEG may be useful to investigate different brain states. Thigng remissiorfi.e., full recovery from illnessare given in
is demonstrated on the particular problem of “diagnosing”[24]_
the functional brain state of psychosis in comparison to thé  Thege data underlie Schmid and Koukko28] Table 2,
state of remissior{full recovery in the same person. We \yhich has been here reinvestigated to yield the parameters
show in Sec. IV that the mentioned meta-analysis indicates B, andm* for each individual and epoch in both psychosis
differ_ence between_ th_e resting fL_mctionaI brain states, psyznq remission(whereby at most four 20-s artifact-free ep-
chosis versus remission, even in the absence of externglng per individual and state were availabligure 4 offers
stimuli. This difference is mainly explained through differ- 5, example of an EEG segment from the same person in a
ences in the respective unfolding dimensions.

In Sec. V, the outcome will be measured with the success : : : :
of conventional dimensional analysis and advanced lineal
methods already used to test similar hypothg€e24]. By 0.04 _
comparison, we regard the major impact of the present work
to lie in its offer of a route for answering questions on the
existence of stable and specific nonlinear EEG markers o’ 092
nonreactive, functional brain states.

(=3
T
L

II. DATA AND METHODS

EEG-Amplitude [

A. EEG data 0.02 i

Two different independent populations and analyses are
involved in this investigation:

(& An EEG normative group encompassing 23 healthy
individuals(average age 28, minimum age 22, maximum age
33) recorded at rest with eyes closed at 3 different tinb&s: 0 2 4 6 8 10
t2=t1+ 14 days, and3=t2+5 years as described ja2]. Time [s]

In the present work, we extend our previous analysis involv- i 4. EEG segments of the same proband in psychapiser

ing only one EEG channel, namelp3-O1, to now include  curve shortly after admission and in remissidower curve before
the EEG channel$3-T5 andT5-01 according to the Inter- |eaving the hospital. Bipolar recordingd(L-T5) measured at rest
national 10-20 schemi@5] (Fig. 3) sampled at 256 Hz and with eyes closed. For better visibility, the curves have an offset of
low-pass filtered with 32 Hz. In addition, we now also take plus and minus 2%V, respectively.

-0.04¢ 1
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TABLE |. Dimension estimates for several test systems.

r:=1

System by [:= Dy(m=)] m*
J’ Henon? 1.23 0.58
Wi=(m—1)-7 Rossler® 1.89 0.53
Lorentz? 2.08 1.07

J = Pts. — W —1 Vects. — 1

(# )/ (# NMR signal® 3.2 2.4¢
Al:=T-W/J Mackey-Glas$ 7.0 43

aSee Table 1 in22].

PHyperchaotic regio[J. Simonet(private communicatio; see

[40] for details.

‘From assessmenf3,=b, {1—exd (—n/m*)?]}. To estimatem*,

we made am* vs vy plot for variousy>1 and extrapolated it to
y=1.

d7=100; T=0.1[41] employing the scheme of Dingt al. [27].

The result is the average from several runs with 7000 vectors equi-
distantly sampled fronta) 140 000 andb) 210 000 iterations.

EEG data,r was suggested to be 1. The sefnf values for

a sequence of embedding dimensiomgs then parametrized
according to Eq.1.3). The outcome for test systems as-
sessed this way is shown in Table I. The detailed description,
the many tests for compatibility with other recent embedding
criteria[27—29 and techniques estimating delay tinm&8—

32], the assessment of error bars, and outcomes are presented
in [22].

In this representation, the parametet is referred to as
the “unfolding dimension” insofar as it indicates the rate at
which an attractor unfolds as the embedding dimension in-
creasedi.e., the initial rate in Fig. L For the sake of com-
pleteness, we note that the exponential form of the unfolding
Stop described in Eq(1.3) was found heuristically. We therefore
do not exclude the possibility that similar parametrizations
might also work(see, e.g., Table |, footnote.d-urthermore
as is the case witD,, m* is not immune to false specifica-
tions of the delay timer.

T4 +; Da(m)

yes

mesy > 2Dz + 1

FIG. 5. Delay-time protocol#Pts,number of points within the
time series#Vects,number of vectors to be included in the analy-
sis; m, embedding dimensionz, delay time;l, length of Theiler's . . . .
[26] window as in[22]; W, time window spanned by one embed- Frol‘n a theoretlca}l pomt of view, the rel'ayon betwetlgﬁ.
ding vector;J, time window between two successive embeddingar?dn,1 allows certaln Inferences about mlrllmal embedding
vectors:z,, time at which the autocorrelation function drops below Cfiteria[22]. Special emphasis has been given to lgen*

1/e of its initial value; Mgy, minimal embedding dimensiomgsy, relation via two different approaches. The principle underly-
3: D,(mMesy) Observable; NO, normal exit for chaotic systems; no, INg these approaches becomes obvious from Fig. 2. We have
disturbance of the sign&é.g., due to noisemay force these exits. found that the relation betwedry andm* can be expressed

in terms of linear regression:

psychotic state and then later in remission. m* =shy+i, (2.)

B. Computational methods using values ob, andm* calculated either from different

The algorithm used for both studies mentioned above hasegments of(i) surrogate data belonging to one particular
already been described in great def&P]. Because of its EEG segmenf14] and (ii) different segments of real data
importance to the present work, we briefly mention here thérom a particular proband. The parameterandi are then
essential properties and primary results of this algorithm. determined from such a sequence of pairwise measurements

Special features of our algorithmic method encompass atb,,m*). In the first, rather formal approach), the latter are
operator-user—independent, automatic, and reproduciblessumed to be outcomes of different realizations of the same
specification of both an “optimal” time delay for calculat-  process, describable as a biparametric population through
ing embedding vectors as well as an “optimalScalar in- Eg.(2.1). Standard statistical techniques are then used to test
variany plateau region for the extraction of the correlation whether the outcome of the original EEG segment might also
dimensionD,. The former is based on simultaneous consid-belong to this population or if it should rather be regarded as
erations of Theiler's window parametg#6], the signal’'s au-  distinct. An example illustrating this approach is shown in
tocorrelation timer,, and certain requirements concerning Fig. 2. Our biparametric description thus allows for a suc-
minimal embedding dimensio(Fig. 5). In the case of our cessful distinction of raw EEG from its surrogates even in
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cases when traditional dimensional analysis does not enable TABLE Il. (a) Mean (u) and standard deviations of the

such discrimination. Hence our treatment provides informatransformed 4= 10, c=2.5, see tejtslopess_, for channel 13-

tion deducible neither from power spectra nor from standard 5) and channel 25-O1) (No. s_ is the number of transformed

(uniparametrig dimensional analysis. slopes available for analysigb) Intraindividual correlationg of
Having adressed the distinction between real data and its- between different days\(Time is the time span between day 1

corresponding surrogates for a given EEG segment, we no@d day 2; Level is the significance leyel

turn to(ii). This second, clinically related approach to the

versusm* relation was found from analysis of EEG seg- @

ments of the same person obtained over five years. Here, tH2Y Channel u(s ) o(s) No.s_
concept of the so-called “confusion index™ has been applied;q 1 1.75 0.35 5
[22]. This quantity can be thought of as an ordinal distancg4 2 1.72 0.41 10
measuring how near the outcomes of one and the same pgk 1 1.55 0.23 9
son are situated to each other. The smaller this distance i > 159 0.26 13
the more related are the outcomes. It has been shown th 1 1.70 0.28 10
this concept applied to a threefold estimation of the correla; 5 168 019 9
tion dimension of several persons indicated stochasticity, i.e., ' '

no hints for a person’s EEG to be longitudinally stable. How- ®)

ever, when applying the same approach to the regression _
lines (2.1) defined through the threle,-m* outcomes, such 2% 1 Day2  p Level No.s  ATime
longitudinal stability could indeed be retrievddee espe- 1 t2 0.69 >95% 10 141
cially Fig. 4 from[22]). Based on these tests, we decided to;q t3 076 =95% 7 5/+ 14d
choose this algorithm to assess the aforementioned stability t3 0.46 n.s. 11 G
and functionality of the human EEG. Note that we do Noti1 1 12) t3 051 >95% 16 5//5y + 14d

intend to analyze here the surrogate data problem for data
collected over an extended time period. This would require
us to explore the extent to which any longitudinal informa-
tion displayed by a nonlinear measure could be availabl
from a linear description of the underlying EEG. We concen
trate instead on retrieving this longitudinal information by
means of our nonlinear approach. To know that longitudinal
information exists is the prerequisite for studying linear
and/or nonlinear performance behavior.

cases. Since standard statistical tests rely upon a normal dis-
§ribution, the apparently skewed distribution of the slopes
“(according to the Bowmann-Shenton tg33]) has been cor-
ected with an empirically found variance stabilizing trans-
[ormation:s_:zs/[1+ (s/c)?]¥2. The constanta andc are
chosen such that the distribution of the tranformed slapes
is not significantly different from a normal distribution. The
transformed slopes thus fulfill the requirements for standard
. ASSESSMENT I: LONGITUDINAL STABILITY statistical tests. Accordingly, this approach has advantages
AND INTRAINDIVIDUAL SPECIFICITY over the alternative use of the confusion index mentioned

_ above, where ad hoc assumptions on the distribution entering
The results for the extended EEG normative study arento the analysis had to be made.

summarized in terms of mean and standard deviation per day Our results[cf. Table 1(a), Fig. 6] reveal no significant
and chann€Table li(a), Fig. 6] as well as correlations made
intraindividually between days 1 and 2, 1 and 3,and 2 and 3 , 5
[Table li(b)].

To ensure that only reliable correlations enter into the
statistics, certain precautions had to be taken: correlation co  ,|
efficients may be considerably biased in the presence of un

reliable by, m*) pairs. Hence the assessment of sle@ad g —r
intercepti from the (by,m*) pairs is crucial for our analysis. &, | _
To assure reliability, each slopefrom the set of valuegs} B
had to satisfy certain quality selection criteria: 8

(1) Fit reliability: only properly resolved pairsbg, m*) _‘% n i
were consideredi.e., b, smaller than the cutoff value indi- g

cating nonconvergence, no two successive unresolved scalig
invariant plateaus fom=9, total squared difference between

0.5¢ ]
fit and experiment 2.5).
(2) Statistical reliability:(a) From the EEG epochs of a
given day, channel and pers@maximum: 8, at least 5 such 0 . . .

(bg, m*) pairs must be available and mdgj —min(by)> 1 t1,1 1,2 Dt2a-1 Channtglﬁ 13,1 3,2

fulfilled. (b) The correlation coefficienp(bg,m*) for the v

regression curve fitted to these pairs must be greater than FiG. 6. Statistics of the transformed slopes[see Eq(2.1) and

0.85. text to Sec. Ill. Mean values(barg plus one standard deviation
Failure of one of these criteria led to rejection of the slope(T). Day, channel labelings: channeELT3-T5, channel 2= T5-

estimate for correlation analysis in roughly 40 % of theO1;t1 = reference dayt2 = t1+14 daysjt3=t2+5 years.
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differences between channels or days. However, they TABLE lIl. Difference 6(m:P—R) [=(Dy(m:P))—(D,(m:R))]
showed significant correlations between the outcomes dfetween the mean value of psychobi3,(m:P)] and the mean
healthy probands intraindividually between recording daysyalue of remissiofiD,(m:R)] vs embedding dimension. A peak for
[cf. Table 1Kb)]. This is in agreement with earlier findings intermediate embedding dimensions and a decay for higher embed-
based on advanced linear methd@s34]) and reveals a sta- ding dimensions are in gooc_i agreement wit_h the outcome of _the
tistically significant relation of a person’s EEG—recorded difference of two biparamet_rlc curves YVIth dlfferen_t unfolding o_I|-
under these conditions—to itself over periods spanning up t51ensions but equal correlation dlmenS|on§. T_hg third column gives
five years. Hence these slopes are to some degree both it?_e differeilce obtained V\fth the best solutigninimum AIC with
traindividually specific and longitudinally stable and may 0=>4: Mpsychosis~6-17, Miemissiori=6-90-

thus servein the statistical sens@s an individual’'s marker.

m S(m:P—R) Minimum AIC solution
IV. ASSESSMENT II: SPECIFICITY 03 0.03 0.17
OF FUNCTIONAL BRAIN STATE 04 0.40 0.20
05 0.29 0.21
Table 2 of[23] evidences a statistically significant differ- 06 0.24 0.22
ence in ADy(m):=(D,(m:P)—D,(m:R)), interindividu- 07 0.34 0.22
ally, between the functional states, psycho$$ &nd remis- 08 0.36 0.22
sion (R), in terms of the permutation of all individuals for 09 0.05 0.21
each of circa 8 to 10 embedding dimensiansper EEG 10 0.25 0.20
channel. The fact remains, however, that for different func- 11 0.03 0.19
tional states, the differences between the asymptotic values 1, 0.25 018

of D,, namely,by in the above exponential fit, were not
found to be statistically significant. This leaves open the

question as to whether or not the above-mentlon_ed dlfferepc,%ined when assuming a difference big (AIC of —19.0)
in AD,(m) can be explained in terms of our biparametric

approach. only. This suggests that the difference is primarily due to the

i . . i i e correlation dimension
As a first attempt toward an answer to this question, Weunfoldmg properties rather than to th

applied our biparametric approach to the values underlyin liself. The fact thab, enters as a simple factor anl’ as a
P 'P PP : YNactor in an exponential function does not affect this conclu-
the presentation of the above-mentioned Table 28f. In

! : o= sion because one fits the models to a curve gaveriori and
particular, we employed the same selection criteria used foy

correlation as in the normative study of Sec. [ excep- the amount of the parameter difference plays no role, i.e., the
o . . ' potientially richer behavior due to changesmof does not
tion: data set size required that we relax the numberbgf (

. ) . 2L enter.
m*) pairs to 4. As a result, we have indeed found a signifi-
cant difference in the mean of ab,(m) curves between
psychosis and remission, thus confirming the above-
mentioned evidence based upon Table 225]. Moreover,
we did not find any single value ah at which the mean The outcome of our first objective—to extend our norma-
difference indicated an opposite sign, i.e., the differenceive EEG study—satisfactorily supports the idea mentioned
S(m:P—R):=(D,(m:P))—(D,(m:R)) was always posi- at the beginning of the Introduction, namely, that it is pos-
tive (cf. Table Il). Under the null hypothesis of having no sible to relate human EEG to the individual from whom it is
difference at all, we would expect this finding to occur with obtained and that this relation remains stable over time. This
probability < 0.01. We thus accept this difference and askmeans that biparametric analysis in terms of tieversus
about its interpretation. m* relationship displays evidence for the longitudinal stabil-

The biparametric view offers three separate explanationsty and intraindividual specificity of the human EEG, at least
namely, a difference in the asymptotic correlation dimensiorover 5 years. This fact conforms to earlier results obtained
by, a difference in the unfolding dimensian*, or a differ-  with advanced linear approachg34,9): depending on the
ence in both. The qualitative behavior of the set ofspectral parameter, correlations between 0.43 and 0.93 with a
8(m:P—R) differences strongly favors the second explana-median of 0.76 were founf86]. Thus our nonlinear method
tion because of the higher differences for low or intermediatecan be considered to at least redisplay important findings of
m (cf. Table IIl). Akaikes information criteriofAIC) offers  advanced linear methods. As outlined above, the indication
a way to decide this question quantitatively. The AIC tries toof intraindividual stability is an essential prerequisite for the
find a balance between decreasing the sum of squares search for diagnostic markers on a per individual basis.
desired property, because the difference between fit and data The outcome of our second objective allows us to show
becomes smallg¢rand increasing the number of parametersby means of the biparametric analysis that human EEG ex-
needed for such a fiean unwanted property, because it bearshibits a difference between functional states of the brain.
the risk of overfitting. The balancebest solutiohis moni-  Accordingly, the functional states of remission and psychosis
tored through the minimum in AIE35]. When explaining can be considered to be different even under resting condi-
the meanD,(m) curves in terms of our model, we have tions. This result is not trivial to achieve because one has to
found satisfactory agreement when either omiy (AIC of  retrieve a relatively small effect almost blurred by a large
—22.0, best solutionor bothm* and b, (AIC of —21.7)  amount of intraindividual variability23] (due, for example,
were assumed to be unequal. The worst agreement was ot® uncontrolled cognition, etcWe thus emphasize that the

V. DISCUSSION
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intraindividual distinction of the two functional states re- and suggests its use especially for analyses of biomedical
mains to be proven. time series.
On the one hand, this is in agreement with the results of

[24] according to which average values of certain EEG spec- VI. OUTLOOK

tral parameters turned out to be different between groups of . o
patients recorded during psychosis and remission under actti.- TP:je_ q:Jest:jorlla as to Whalt. extent the Iongngdri?alllnfodrmz-
vated conditions. On the other hand, the impact of our fing'ON diSplayed by our nonlinéar measure might airéady be
ing goes further: our results indicate a difference benNeel"flva'lable from a linear description of the underlying EEG is

unmedicated psychosis and remission in the functional staljsgtout dadilflses;(iezzr?uﬁﬂgrrrr?griz ?g ftor}ﬁ)\,fvoﬁustr?é Z fo;trr;cnct)rgw_]g
of resting EEG with eyes closed. Without diving too deep Y. P PP Y

into brain science, we may point out certain possible impli-gfar,:]e'g fgzrr?(;nﬁlevrlgl:‘glr %‘geéeErgereggrgeesT]:ggft;ﬁgﬂogéﬂign

cations of these findings: the differences found here betweegf uiet wakefulness with eyes closed(immedicatellpsy-

the functional states of psychosis and remission in EEG re- a . 1€y ) . pSy
hotic and remitted schizophrenic patients. In addition we

corded at rest seem to indicate a difference in the dynamic% ; . \
of the EEG generator independent of any particular con—ggﬂ/xﬁ)nnt;f) C'ngﬁit(')gnastewﬁﬁ ((;)uerp;ChrSo;eczorg(Zicuengirr ?rizr:fd
trolled information processing. This complements other ef- pp '

forts, which focus primarily upon EEG recorded under acti—RzQe'ns (i) ;ﬁoérigp;a\éeredﬁgg{ghn;;;?o'g;?'?g'\‘/’i'gyvag%loﬁ ?'
vated conditions(cf. [37]). Furthermore, an indication of psy '

dynamically different resting brain states, schizophrenia Ver_results, certain hypotheses concerning schizophrenia as an

A : S . expression of a disturbance to the passive, quiet wakefulness
sus remission, in the absence of external activation or infor- P P q

mation acquisition may point to permanent differences con=0f the brain, on the one hand, and to the active or intentional

cerning uncontrolled cognition or may even be a hint tomformatlon processing of the brain, on the otief: [39)).
problems on some deeper functional level.

Whatever the exact biomedical explanation might be,
such differences are not expected by theories explaining We would like to express our gratitude to Professor P.F.
schizophrenia primarily as a disturbance of mental directiveMeier (Head CAP group, Physics Instititute, University of
attention. These theories hypothesize that differences in EE@irich) for general support and PD Dr. H.H. Stasg®sy-
reactivity between functional states of schizophrenia and reehiatric University Hospital Ztich) for providing us with the
mission are expressions of disturbances to activated or intefeEG data for the normative study as well as for several fruit-
tional information processing of the brain and have beerful discussions motivating our subsequent analysis. Dr. J.
investigated in detail elsewhere from both a classicalSimonet(Physics Institute, University of Zich) supplied
spectral-analytical[24] and nonlinear, dynamical37,38  the experimental NMR signals. The data for our psychosis-
point of view. remission meta-analysis have been extracted from Tables 1

With regard to methodology, our biparametbig-m* ap-  and 2 of[23]. Dipl. Psych. M. DresselCantonal Psychiatric
proach introduces important new perspectives of relevanc€linic Rheinag kindly provided us with the data for Figs.
for the dimensional analysis of EEG in cases where the clastk(b) and 4 and with several helpful discussions concerning
sical uniparametric approach seems questionable. We woultbgnitive theories of schizophrenia. This work was partially
like to emphasize that our results indicate the superiority obupported by the Swiss National Science Foundation and the
this biparametrization over classical dimensional approacheSantonal Psychiatric Clinic Rheinau.
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