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Abstract. Two-hour vigilance and sleep electroencephalo-redundancy—linear redundancy approach with the surrogate
gram (EEG) recordings from five healthy volunteers weredata technique, to vigilance and sleep EEG recordings of ap-
analyzed using a method for identifying nonlinearity and proximatel 2 h duration from five healthy volunteers. The
chaos which combines the redundancy-linear redundancgnethod consists of a test for nonlinearity in which a null hy-
approach with the surrogate data technique. A nonlineapothesis of a linear stochastic process is tested by statistics
component in the EEG was detected, however, inconsistertiased on nonlinear and linear redundancies §aRo5).

with the hypothesis of low-dimensional chaos. A possibility The presence of a signature of chaos, positive Kolmogorov—
that a temporally asymmetric process may underlie or influ-Sinai entropy (KSE), is assessed using the marginal re-
ence the EEG dynamics was indicated. A process that mergatundancy approach (P&1993). Employing these methods
nonstationary nonlinear deterministic oscillations with ran- (briefly introduced in Sect. 2; for details refer to Falle93,
domness is proposed for an explanation of observed propet994a, 1995), a nonlinear component was detected in all ana-
ties of the analyzed EEG signals. Taking these results intdyzed EEG records; however, signatures of low-dimensional
consideration, the use of dimensional and related chaosshaos were absent. Similar results have been independently
based algorithms in quantitative EEG analysis is criticallyreported by Pritchard et al. (1995), Rombouts et al. (1995)
discussed. and Stam et al. (1995). Theiler and Rapp (1996), Prichard
and Theiler (1994), Theiler et al. (1992) and Casdagli (1992)
also rejected low-dimensional chaos and confirmed nonlin-
earity in the EEG; however, they reported only weak ev-
idence for nonlinearity in the normal EEG. In this study
very long EEG recordings were analyzed, which could be

During the last decade there has been a sustained interestﬁlﬂe source of greater statistical power of .the tests performed,
describing neural processes and brain signals, especially t d Fhus stronger e\(|dence for nonlinearity, than in the other
electroencephalogram (EEG), within the context of nonlin-StUdies. We also indicate that the EEG may possess temporal
ear dynamics and theory of deterministic chaos (see, e.g., ifSYMMelry as a nonlinear property. . .
this journal Soong and Stuart 1989; Gallez and Babloyantz .A process that.merges honstationary nonlinear determin-
1991: Roschke and Aldenhoff 1991’. Fell et al. 1993 and 'Sti oscillations with randomness is proposed for an expla-

for comprehensive reviews Rapp et al. 1989; &a3990; nation of the observed properties of the EEG signals an-
Jansen 1991; Freeman 1992). If the nature 0’1,‘ the ane{lyze !yzed._Takmg these results into con3|der§1t|on, _the use_of
! imensional and related chaos-based algorithms in quantita-

signals was actually low-dimensional, the published results: Lo .
could be of immense importance for theoretical neurosciencdVe EEG analysis is critically discussed.
and neurologic and psychiatric clinical practice. However,
confidence in results obtained from experimental data, suc
as finite dimensions or positive Lyapunov exponents, an
the reliability of chaos-based algorithms in general, have r®Considern discrete random variableXy, . ... X,, with sets
cently come into question, and alternative methods for iden-of values=i, ..., =,, respectively. The ’prot;ab?lity distribu-
tifying possible nonlinear determinism in experimental time ion for an i,ndiv’idunélX- is p(z:) = PHX, = a;}, ; € 5.
series have been proposed (Weigend and Gershenfeld 19%ge genote the probaéility distribution’ funétibnzl;q(:cis,
Palus .1995; and references therein). . ather tharpx, (x;), for convenience. Analogously, the joint
This paper presents results from applying a methodyistribution for then variablesXy, ..., X, is p(z1, ..., zy).
for identifying nonlinearity and chaos which combines the 1,4 redundancy(X: .. .; X.), in the cr:se of two ve{ri;bles

Correspondence ta\. Pali, Institute of Computer Science, Pod aoen- @IS0 known as mutual informfitiOF(Xl;.Xz), quantifies the
skou & 2, CZ-182 07 Prague 8, Czech Republic. (Fax: +42 2 8585789) average amount of common information contained insthe

1 Introduction

Principles of the methods
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variablesXy, ..., X,: L™(7) = Ly(@); yt +7);...;yt+ (n— 1)) 9)
R(Xq;...; X5) A"M(T)
_ (T, ) = Ay@), yt +7),...,yt +(n — 2)7);y(t + (n — 1)7)) (10)
=Y ... ) pla,....z)log 1) _ _
- p(za) ... p(zn) are functions of. andr, independent of.
The marginal redundancy(Xy. ... X,,_: X,,) quantifies The surrogate-data based nonlinearity tests (Theiler et al.

the average amount of information about the variaklg

1992; Schiff and Chang 1992) consist of computingpalin-
ear statistic from the data under study and from an ensemble

contained in the: — 1 variablesXj, ..., Xy of realizations of a linear stochastic process which mimics
o(X1, ..., Xn_1;Xy) ‘linear properties’ of the studied data. If the computed statis-
tic for the original data is significantly different from the
p(’:l:]J M) xn) H 1
= Z Z p(z1,...,2,)l0g values obtained for the surrogate set, one can infer that the
€51 x,€5, P, Zn-1)p(n) data were not generated by a linear process; otherwise the
(2) null hypothesis, that a linear model fully explains the data,
. is accepted. For the purpose of such test the surrogate data
The relation must preserve the spectréimnd, consequently, the autocor-
o(X1, ..., Xn_1; X,) relation function of the series under study. An isospectral
= R(X1:.... X)) — R(X1:.. i Xu1)  (3) linear stochastic process to a series can be constructed by

can be derived by simple manipulation.

computing the Fourier transform (FT) of the series, keeping
unchanged the magnitudes of the Fourier coefficients but

When the discrete variableX, ..., X, are obtained randomizing their phases and computing the inverse FT into
from continuous variables on a continuous probability spacethe time domain. Different realizations of the process are
then the redundancies depend on a partifi@mosen to dis- obtained using different sets of the random phases.
cretize the space. Various strategies have been proposed to To evaluate the test, the test statistic is defined as the
define an optimal partition for estimating redundancies ofdifference between the redundancy obtained for the original
continuous variables (see P&ll995; Weigend and Gershen- data and the mean redundancy of a set of surrogates, in
feld 1993; and references therein). Here we use the ‘marginaghe number of standard deviations (SDs) of the latter. Thus
equiquantization’ method described in detail in Ba(li993,  both the redundancies and redundancy-based statistics can
1995). Pompe (1993) also describes this kind of partitioningbe evaluated as functions of the lagand the embedding

Now, let then variablesXj,.. .,
unit variances and correlation matix Then, we define the

linear redundancyl.(Xs;...; X,,) of X3, X5, ..., X,, as
1 n
L(X5;. . Xn) = = ;Iog(ai) (4)

whereo; are the eigenvalues of thex n correlation matrix
C.

If Xq,...,
tion, then L(Xy;...; X,,) and R(X3;...;
cally equivalent (Morgera 1985).

Based on (3) we define tHmear marginal redundancy

X,) are theoreti-

AMXa, ..., Xn—1; X)), quantifying linear dependence &f,
onXy,...,X,_1,as
AX1, - X1 X))

= L(X1; .. 5 Xp) = L(Xqs .. 5 Xn1)  (B)

X,, have zero means,

X,, have am-dimensional Gaussian distribu-

dimensionn.

The redundancy™(r) [or, o™(7)], based on probabil-
ity distributions, measures general dependences among the
series{y(t)} and its lagged versions, whereas the linear re-
dundancyL”(7) [or, A"(7)], based on correlations, reflects
only their linear relations. Comparing the plots &f*(7)
and L™(r) (or o™(7) and A"(7)) can provide an informal
test for important nonlinearities in the studied data (Balu
et al. 1993). This approach, in P&aly1995) referred to
as qualitative testing or qualitative comparisoncan bring
some additional information to the results of the quantitative
(surrogate-data-based) test. Moreover, one can not always
construct good surrogate data. That is, despite theoretical
expectations, in numerical practice linear properties of the
surrogates may differ from those of the data under study.
Changes in linear properties are reflected in nonlinear statis-
tics as well, and thus may result in spurious detection of
nonlinearity in linear data (Pa#u1995). Therefore, we also
evaluate the statistic based on the linear redunddricy),

In practical applications one deals with a time serieswhich specifically reflects changes in linear properties. Then,
{y(®)}, considered as a realization of a stochastic processnly those significant differences in the nonlinear statistic

{Y (1)}, which is stationary and ergodic. Then, due to ergod-can reliably count for nonlinearity that are not detected in
icity, all the subsequent information-theoretic functionals arethe linear statistic (Pafu1995).
estimated using time averages instead of ensemble averages, |f a time series{y(t)} was generated by am-dimen-

and the variables(; are substituted as

Xi=y(t+(@—1)) (6)
Due to stationarity the redundancies
R™(7) = R@y();y(t +7);.. . y(t + (n — 1)7)) (7
0" (7)

= o(y(®),y(t+7),...,y(t+(n = 2)7)y(t + (n — 1)) (8)

sional chaotic system, then for > m and under some
conditions the marginal redundangy (7) decreases with
T as

0" (1)

1Also, preservation of histogram is usually required. A histogram transfor-
mation used for this purpose is described in Bg[L995) and references
within.

~ Hy —|7|h (11)
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whereh is the KSE of the underlying dynamical system andg
H; is a constant related to precision (quantization) of dat
(Fraser 1989; Pali1993). Fulfilling the conditions for (11)
can be limited by the amount of data available (Bdl@94a,
1996). Therefore we propose a comparison of the slopes
the redundancy™(r) and the linear redundancy*(r) [or,
the slopes op™(7) obtained from the data under study and @
o™ () from its surrogates] to find whether the decrease in%
0™ (7) is a nonlinear (possibly chaotic) phenomenon or can®
be explained by a linear stochastic process. The latter case > -
renders a hypothesis of deterministic chaos improbable. E gunver 1 20 @rnonunear ]
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3 Material and methods

IFF [SD's]

Five paid, physically and psychically healthy volunteers (Table 1), chosen o
from a larger group by passing standard EEG-study criteria, participated
in the experiment giving written informed consent. The five subjects were
recorded in two different states: -2

-1

1. Relaxed vigilance with closed eyes. Vigilance was assured by the vol- 0 20 4(I)_A(§0 80 100 0 20 4?_AGGO 80 100

unteers’ participation in a simple mental task: subjects were asked to_. . inal redund i inal redund f
listen to a text recorded on a tape-recorder and to count occurrence§!d- 1- aLinear marginal redundancy ardmarginal redundancy, as func-

of the conjunction ‘but’. (For brevity, the term ‘vigilant state’ will be tions of time lag, for the vigilance electroencephalogram (EEG) of subject 2
used henceforth to refer to this state.) recorded from positiolD1. The four differentcurvesin each figure are the

2. Sleep evokedyba 1 or 2 mgdose (according to individual sensitivity) redundancies for.different embedding c_iimensioms; 2__5’ reading from
of flunitrazepam (tablets). (Henceforth this will be referred to as ‘sleep bottpm to top.c L}near rgdundancy statistic, ari npnllngar rgdundancy
state’.) statistic, as functions of time lag and for embedding dimensiors2-5,

for the same EEG record
Eight channels of EEG data, sampled by 256-Hz frequency and 12-bit

precision, were recorded from the positiads, Oy, Ts, Ts, F7, Fg, P, and

F,, using the common Goldman reference electrode. Each record consists; i ; ;
of ninety 90-s segments (9923 040 samples). Significances are spurious (caused by imperfect surrogates)

The marginal redundancies™(r) and o"(r) and the related finear 1S "Uled out by the results in the statistic based on linear re-
and nonlinear statistics were calculated from the redundariciés) and ~ dundancy, where no significant differences (differences be-
R (), estimated from the data and the surrogates (30 realizations of thédween —1 and 1 SD) were found (Fig. 1c). The hypothesis
surrogates for each dataset). Due to the segmentation of the data, the of a linear stochastic process was thus rejected_
tuplesy(t); y(t +7);.. . y(t + (n — 1)7) were constructed only inside the Looking at the nonlinear redundancy statistic (Fig. 1d) in

individual segments, whereas final probability distributions and the Core-4atail one can see that the significant differences are period-
lation matrices were averaged through all the segments. For the qualitative !

comparisons, the original—data redundand®yr)[o] and L™ (7)[o] were !Ca”y,d!smbme_d and located in the. 'aQS '.n. whigh(r) has
computed from entire 23 040-sample segments, which gives the effectivdlS minima. This means thai"(7) is significantly greater
series lengthV = 2037 600, given embedding dimensionss 2-5, alag ~ than zero also in its minima, which is not apparent from
range 1-100 and the segmentation. In the surrogate data tests 16 384 (16ig. 1b, especially in the case @?(T)_ ThUS,QZ(T) > 0
sample subsegments were used, employing fast Fourier transform (Press §hd the variables(t) and x(t + 7_) are dynamically (deter-
al. 1986), requiring a series length equal to a power of 2. This yields theministically) connected for the whole range of considered

effective series lengttiv = 1438560 applicable for the redundancy esti- .
mations. The surrogate data were generated for each segment separatelﬁ,gs' i.e., up to 100 samples, or 390 ms. In the case of the

i.e., using 16 384 samples. Gaussianization @aR05) was performed in SP”OgateSQZ(T) vanishes in its minima. For other lags the
the quantitative analysis; before the analysis, the data were filtered usinglifferences between the EEG data and the surrogates are
a notch filter in the frequency domain to eliminate interference from the not significant. This phenomenon, typical foonlinear de-
recording equipment. o terministic oscillationgPalis 1995), will be callegperiodic

All the redundancies were computed for embedding dimensiors nonlinearity.

2-5 usin = 4-16 marginal equiquantal (equipopulated) bins. In the . . .
qualitativg?esting, the red?)ndanc?esqwere aléoqco%rr;uted@/)iﬂp to 64, The Iong-.terl'”n decreasing tr?nd () is .exaCtly re-
butn was only 2 and 3. flected also in linean™(7); and is fully explained by the
isospectral linear stochastic process, because there is no in-
dication of a decreasing pattern in the time-lag dependence
4 Results of differences (Fig. 1d; cf. Fig. 3d in P&u994a).
The results in Fig. 1b and d were obtained usipg 4
Figure 1 presents the analysis results of the EEG of submarginal equiquantal bins. The tests using finer partitions,
ject 2 recorded in positiol®; in the vigilant state. In the possible due to the large amount of data available, were
qualitative comparison there are practically no differencesalso performed (see Sect. 3). Using finer partitions did not,
between the linear marginal redundandy(r) (Fig. 1a) and  however, bring any new information in either the qualitative
the marginal redundangy*() (Fig. 1b). The result of quan- comparison or the quantitative analysis (RBal994b). This
titative analysis is different: there are several highly signifi- phenomenon is typical for all EEG data analyzed.
cant differences (about 10 SDs) detected in the statistic based Results similar to those depicted in Fig. 1 and described
on nonlinear redundancy (Fig. 1d). The possibility that theseabove, were obtained from the EEG signals of all five sub-
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Fig. 2. Marginal redundancy fob the sleep EEG of subject 1 from posi- Fig. 3. a, bNonlinear redundancy statistic andd marginal redundancy for
tion O; anda its surrogates, as functions of the time lag. The four different the vigilance EEG of subject 1 from positidry, beforea, cand afterb, d
curvesin each figure are the redundancies for different embedding dimen-high-pass filtering, as functions of time lag and for embedding dimensions
sions,n = 2-5, reading from bottom to tog. Linear redundancy statistic, n =2-5
andd nonlinear redundancy statistic, as functions of the time lag and for
embedding dimensions = 2-5, for the same EEG record
8 ms) or 1-3 samples (4—12 ms) were detected (Fig. 3b).
We will henceforth refer to this phenomenon as ‘short-
jects recorded in the vigilant state from positiofs, Oo, lag nonlinearity’.
Ts, Ts, P, and I, i.e., from all channels except the two 2. |n three subjects in both the vigilant and sleep states,
frontal ones {7 and F3). For the sleep state and the above  thjs short-lag nonlinearity was the only significant differ-
six channels we can also present one typical example. The ence detected (Fig. 3a). We observed, however, that the
analysis results obtained from the EEG of SUbjeCt 1, recorded spectra of these records are dominated by slow acﬁvity_
in the sleep state from positian,, are presented in Fig. 2. When this slow activity was eliminated by a digital filter
In general, the sleep EEGs are less coherent than the vig- in spectral domain, a typical pattern of periodic nonlin-
ilance ones, the values of the redundancies are about 10 earity emerged_ The Short-|ag non”nearity' however, was
times smaller and decrease faster, i.e., the coherence fength ot eliminated.
is shorter. The results of the nonlinearity tests, however, are ) ) o
the same as those for the vigilance EEG, described above: An example of this phenomenon is presented in Fig. 3.
no qualitative differences betweefi(r) computed from the ~The analysis results of the vigilant state EEG of subject 1,
EEG and from the surrogafesvere found (Fig. 2a,b). No recorded in positior7, are depicted in Fig. 3a,c. (We do not
significant differences (from —1 to 1.6 SDs) were found in Present™(r) from the surrogates, which is not qualitatively
the linear redundancy statistic (Fig. 2c); but several highlydifferent from o"(r) obtained from the EEG, nor the lin-
significant differences (tens of SDs) were detected in thegar redundancy statistic, in which no significant differences
nonlinear redundancy statistic (Fig. 2d). These significantvere found.) In the nonlinear statistic the only significant
differences are located in the lags in whigh(r) has its  differences are located in the lags 1-2 samples (Fig. 3a).
minima. The lag-dependence ef'(7) (Fig. 3c), however, is similar
Properties of the EEG signals recorded in the frontalto that presented in Fig. 2b, showing the typical sleep state
loci (F; and F; note thatF, was included in the above six result. After eliminating the slow activity from the signal,
channels) in both the vigilant and sleep states are similar téh€ lag dependence of (7) is close to the typical vigilance

those obtained from other channels in the sleep state, witRattern (Fig. 1), but the coherence length is shorter (Fig. 3d).

two differences: Results from the quantitative test are also typical, i.e., sig-
- o _ _ o ~nificant differences in the minima of"(7) were detected,

1. In addition to the periodic nonlinearity, significant dif- put with the addition of significant differences in the lags

ferences in ‘short’ lags, i.e., in the lags 1-2 samples (4—4—2 samples (Fig. 3b).

. In general, the properties of EEG signals recorded in

2 )

gé’(j?e;thg S?ggig;ﬁ;ﬁ”gt: th;rgierftagdohere such time, MGt ol positionsFy and Fy are not different from the prop-

3The comparison o™ () computed from the EEG data wign(r) from  €rties of other EEG signals described above. The only differ-

the surrogates is equivalent to the comparisol\®fr) with o™(r) from ence is the short-lag nonlinearity, which is typical for these

the EEG, and may be even more reliable (Bal995). Therefore we will  channels but can also be found in other locations (Table 1).
use the former in all remaining tests presented he'tér) from the surro-

gates means the mean valueg8{r) obtained from 30 realizations of the “Unfortunately we were not able to determine whether it was slow EEG
surrogates. activity or eye artifacts, but the latter are more probable.
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0.08 [ T 7 T T Table 1. Basic characteristics of the subjects and results of the analysis
: (a): LINEAR 0.06 F  (b): NONLINEAR 7] )
> a - Subject
S 006 ] 1 2 3 4 5
< 0.04 Age (years) 43 40 44 31 20
£ 004 Sex F F M F M
x 0.02 O; — sleep P P P P S P
O — vigil P P P P P
0 O, — sleep P P P P S P
20 40 60 Ty — vigil P S P S P P S P S
; ; Ts — sleep P P S P S P S P S
0.006 Te — vigil P S P S P P S P S
> ooir Ts — sleep P PS P S P S P S
g P, — vigil P P P P S P S
< 0.004 P.-sleep P P P P S P
5 0.005 F., — vigil P P [ P S P S
a 0.002 F, — sleep P P P S P S P
4 Fy — vigil F S P S F S F S P S
- Fy — sleep F S P S F S F S P S
ol ob S Fg — vigil F S P S F S F S P S
30 40 50 60 60 70 80 Fg —sleep F S P S F s F s P S

LAG LAG

Fig. 4. a Linear A2(7) and b nonlinear marginal redundancy?(r) for

the sleep EEG of subject 5 from positidh, (continuous lines and its

surrogates (mean valudashed linesmean+ SD, dotted line$. ¢, d The

same ad, butc for the vigilance EEG of subject 1, positia®; andd for

the simulated data with gradually changing fast frequency during oscillatory .

episodes, discussed in Sect. 5 nels F7 and F3 and from certain other channels also possess
the short-lag nonlinearity. These results are summarized in

Table 1.

F, female; M, male; vigil, the vigilant state; sleep, the sleep state; P, periodic
nonlinearity; F, periodic nonlinearity detected after high-pass filtering; S,
short-lag nonlinearity

Defining qualitative differences betweest(r)[0] from
the original data an@™(7)[s] from the surrogates is some- ) )
times problematic. Above we have stated that no such differ® Discussion
ences were found in analysis of the EEG data studied. This ) ) . .
is true in the sense of the definition of qualitative differ- Periodic nonlinearity detected in practically all the EEG
ences given in Pak(1995), which emphasizes differences records analyz_ed, was cha_\ractenzed by significant differ-
in ranges of lags in which™(r) is positive, locations of ex- €nces located in the lags in which the redundantyr)
trema and long-term trends of'(7). Looking at more sub- has its minima, while the relations betweg() andy(t +7)
tle details, however, one can discover an interesting featurd other lags were well reproduced by the linear stochas-
which differentiates the nonlinear oscillations in the EEG fiC surrogates. Also, the linear stochastic surrogates mimic
from trivial periodic nonlinearity, described in P&l(1995).  the EEG signals very well from the viewpoint of qualitative
For such a detailed comparison, we have plotted in one figeomparison. This kind of behavior was observed in peri-
ure (Fig. 4b)o?(r)[0] from the sleep EEG data of subject 5, od|p processes related_ to dynamlcs on I!m|t cycles_ or tori,
recorded in positior?, (continuous line) and?(r)[s] from while ‘specifically nonlinear dyna_1m|cs’, like evolu_tlor_1 on
its surrogates (mean, dashed line; meaBD, dotted lines).  Strange attractors, was characterized by bqth qualltatlvg dif-
We can observe an asymmetry in the peaks'@#)[0] com- ferences and significant resuIEs of the quantitative tests in en-
pared with those 0f™(7)[s]. The fact that this is a nonlinear tire ranges of studied lags (P&ld994a, 1995). On the other
phenomenon and not an artifact of imperfect surrogates, i§@nd, regular periodic processes have zero KSE and thus no
demonstrated by comparing(r)[o] and \3(r)[s] (Fig. 4a; long-term decreasing trend i"(7) (Palis 1993). Dynam-
line-type codes as in Fig. 4b): these coincide, thus lineadcal information _Ioss, measured by a Iong_—t_erm decrease in
properties of the surrogates are the same as those of th& (7). however, is not a phenomenon specific only to chaotic
EEG data. dynamics, but can be caused by any kind of dynamical noise,
This phenomenon can be found also in other subject§UCh as that in autoregressive processes #8043, 1996),
in both the vigilant and sleep states, but in most cases th r by a nonstationarity or'fluctuatlonlln some parameter ofa
difference is very small and almost invisible. Another exam-3ynamical system that might otherwise be regular, i.e., have

le, when this asymmetry is easily detectable, is the vigilant-€"° KSE (Palé 1993). The long-term decreasing trend in
gtate EEG from p)(/)sitioﬁ)i/ of subjeyct 1 (Fig. 4c). In Fig. g,d o™ (7) detected in all EEG records analyzed, has been found

this phenomenon is observed in numerically generated dat§OnSiStent .With the linear sto<_:hastic hypothesis. Thus, _stgd-
discussed in Sect. 5 iéd EEG signals can be a mixture of nonlinear determinis-

| Il the EEG d i .. tic oscillations, linear stochasticity and/or nonstationarity. In
n summary, ai the records possess a non Inearllyparticular, in a numerical study the following simulated time

In particular, a type of periodic nonlinearity was detected__ . . i ;
) . series were constructed: Episodes of two-frequency oscilla-
in all the EEG records (although in some of the EEGs from,[ions of the form P q y

frontal channeld; and Fg it was not detected in the raw data
but after high-pass filtering). EEGs from the frontal chan-y(t) = A sin(wst) sin(w;t) (12)
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such asymmetries may occur when the frequencghanges
gradually during the oscillatory episode. In particular, we
used linearly changing peridfh as7i(t) = Tp + ct, where

t is the time from the beginning of an oscillatory episode.
The sign of the parameterdetermines on which side of a
peak ofo?(7) the asymmetry occurs: whenis negative the
asymmetry is located on the left side of the peaks, as in the
cases presented in Fig. 4; whers positive, the asymmetry

is located on the right side. Thus, if the asymmetries detected
in the real EEG data were indeed caused by this mechanism,
(d): NONLINEAR relatedc values are negative aril values decrease, or the

] dominant frequency (alpha) increases during the oscillatory
episodes (alpha spindles).

The process described above is obviously asymmetric
with respect to time. Although the actual dynamical mech-
anisms underlying the EEG can be differérthe temporal
asymmetry can be detected in the real EEG dynafRs-
cently, Chialvo and Millonas (1995) have pointed out the

0O 20 40 60 80 100 O 20 40 60 80 100 importance of temporally asymmetric fluctuations for bio-
LAG LAG logical energy transduction. The possible existence of and a
Fig. 5. Marginal redundancy fob the simulated time series discussed in role for temporally asymmetric processes in brain dynamics
Sect. 5 anda its surrogates, as functions of time lag. The four different could be an interesting subject for research.
curvesin each figure are the redundancies for different embedding dimen- The simulated time series, which combine nonstation-
sions,n = 2-5, reading from bottom to top. Linear redundancy statistic, 5., jeterministic oscillations with randomness, namely, in
andd nonlinear redundancy statistic, as functions of time lag and for em- " 7. . . . " !
bedding dimensions = 2-5, for the same simulated series which oscillatory episodes with some randomized param-
eters are randomly distributed in a noisy background, can
mimic all properties of the real EEG signals analyZedf
. . course, this is not evidence that this ‘mode¢xplains real
wherew; = 2r/T; represents fast dominant oscillations (e.9., EEG dynamics, although it seems more probable than the
Ty = 0.1s) andv, = 2r/T> represents a slower ‘envelope’ hypothesis of low-dimensional chaos. Without insisting on a
(e.g, 7> = 0.5-1.0s), were randomly distributed in a back- particular model or hypothesis, we can conclude that in the
ground of Gaussian noise. Durations of the episodes wergnalyzed EEG recordings nonlinearity was detected, though
random, varying from B> to 2275. Also other parame-  not consistent with the hypothesis of low-dimensional chaos.
ters were randomized: The amplitudeas A, = Ao+ v, Considering this result, applications in computerized EEG
the argument of the ‘envelope sine’ as! +¢; and the fast  analysis of algorithms, designed for characterization of low-
frequencyws as wi(f) = wo + o, whereay, & ando; are  dimensional chaotic systems, should be critically reassessed.
Gaussian deviates with zero means and variances of about gome authors (Mayer-Kress and Layne 1987; Koukkou
20% of Ao, 2r/3 and 10% ofw, respectively. Finally, the et a1 1993; Wackermann et al. 1993; Lutzenberger et al.
spectra of these artificial signals are more realistic (i.e., more gg5) no longer insist on interpreting their results, such as
closely resemble real EEG spectra), when the backgrounglnite dimension estimates, as evidence for underlying low-
noise is not white but filtered into &/ type. Tuning the  gimensional chaos, but propose these measures, particularly
above parameters (the variances of the random componenigye correlation dimension (CD) (Grassberger and Procaccia

the durations of the episodes, the frequency of episode 0crgg3), as measures for relative characterization of different
currence, and the type of the background noise) one can

produce signals which, when analyzed, yield results practi_SA generalized Wiener process with a nonzero drift can be considered as a
caIIy indistinguishable from the results obtained from var- Plausible stochasFic alternative to tht_a above determ?nistic c_ir'rlflirtwl).

ious EEG recordings. An example of results from such anGThe asymmetry in the peaks of(7) is not necessarily equivalent to the

e L . . . temporal asymmetry of the underlying process (time series), and the redun-
b
artificial time series is presented In Flg'is'(T) of the sim- dancy ¢? (mutual informationI) is not a measure suitable for detecting

Ulated data (F|g 5b) and Of |t5 Surrogates (F|g 5a), the Iinea{he tempora| asymmetry, due to its symmetry properﬂ@; h) = [(77; é')]
redundancy statistic (Fig. 5¢) and the nonlinear redundancyonsiderings = y(t) andn = y(¢ + 7), the temporal asymmetry of a series
statistic (Fig. 5d). These results are practically the same a$y(t)} can be detected by the significant difference between the probability
those obtained from the vigilance EEG recordings from a||dist|jibution3p(§,n) andp(n, £), quantified by the Kullback-Leibler jnfor—
but the frontal channels (Fig. 1). By changing the back—mat'o?f? L= Zshzlg[f(é’”)_;p(’z i)] Ict{g[p(ff, 2/ pt("v Ol Alpp“ca‘ t

; ; ; ; : ion of this approach led to positive detection of the temporal asymmetr
g;Olfnd NOISE, In .partICU|a.'r by increasing the spectral powe%n the EEG; ﬁgwever, only appart of the EEG data descriged in tr}:is papgr
0 SOW frequen?lgs relatively tO. J_[h,e powe,r of the maip was processed using ttié LI measure. Therefore the temporal asymmetry
oscillations, the ‘vigilant state artificial EEG’ can be changedin the EEG is reported here only as a possibility, which requires further
into the ‘sleep state artificial EEG’; i.e., the results becomestudy before it is considered a general feature of the EEG.
similar to those presented in Fig. 2. "Except that of the short-lag nonlinearity, detected in a part of the datasets

h he f illati f . d ized (Table 1).
When the fast oscillation frequenay is randomized as 8The process described is not considered as a model generating EEG, like,

Qesgribed above (or constant) no c’_:lsymmetries such as thogg example, that proposed by Jansen and Rit (1995), nor as a time-series
in Fig. 4 are observed. In an additional study we found thatmodel estimated from EEG data (e.g., Jimenez et al. 1995).
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