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A Method for Determinism in Short Time Series, and its  proved using a measure-based approach by Ortega and Louis [6]. It
Application to Stationary EEG has been shown that statistical differentiability of the natural invariant
measure along the reconstructed trajectory implies smoothness or
Jaeseung Jeong*, John C. Gore, and Bradley S. Peterson  determinism in a time series. An advantage of this method is no
requirement of an excessively large number of data points, because
the entire attractor is not needed to be constructed in order to measure

Abstract—A novel method for detecting determinism in short time se- N . . .
the variability of its component trajectories.

ries is developed and applied to investigate determinism in stationary elec-
troencephalogram (EEG) recordings. This method is based on the obser-
vation that the trajectory of a time series generated from a differentiable 1l. METHODS
dynamical system behaves smoothly in an embedded state space. The an-

gles between two successive tangent vectors in the trajectory reconstructedA. Algorithm for Detecting Determinism

from the time series is calculated as a function of time. The irregularity . . . .
of the angle variations obtained from the time series is estimated using L€t an observed time seriest) be the output of a differentiable dy-

second-order difference plots, and compared with that of the corresponding  nNamical systenf* on anm-dimensional manifoldy/. First, a one-di-
surrogate data. Using this method, we demonstrate that scalp EEG record- mensional time:(¢) series is transformed into a multidimensional state
ings from normal subjects do not exhibit a low-dimensional deterministic space. To unfold the projection back onto a multivariate state space that

;tr:]ftsuerﬁég r!ﬁcrﬁ(;t? ?ﬁogzr}rgi]upsh(jgilofg;;g?%zc'g?dﬁ%frm'msm in short is a representation of the original system, we use the delay coordinates
' ' (7]

Index Terms—Determinism, smoothness, stationary EEG, time series.
X(t) =[2(t), a(t +T), ..., x(t+ (d — 1)T)] 1)
I INTRODUCTION from a single time series(t) after performing an embedding proce-

An important problem in the study of a periodic and apparently idure. X (¢) is one point of the trajectory in the state space at time
regular time series is determining whether the time series arises frefm + i7") are the coordinates in the state space corresponding to the
a stochastic process or has deterministic component that is generéitad-delayed values of the time seri#sis the time delay between the
from chaotic dynamics having finite degrees of freedom. Whetherpaints of the time series considered, arid the embedding dimension.
time series has a deterministic component or not in turn dictates whaOur test for determinism in a time series is predicted upon assessing
approaches are appropriate for investigating the time series and its gae-smoothness of a trajectory in state space of the attractor that has
erating system. been reconstructed from the time series. The trajectory of its attractor

Several methods of nonlinear dynamical analysis have previouslyould evolve smoothly because the differentiability of the original
been developed to detect determinism in time series [1]-[5]. Thesgstem is preserved in state space. Thus, the angles between successive
methods are all based on the assumption that a trajectory in the stateyent vectors that are tangential to the trajectory should vary slowly,
space reconstructed from a deterministic time series behaves similavhereas the directions of tangent vectors reconstructed from stochastic
to nearby trajectories as time evolves. Thus, a large number of dtitae series should be random, even if they are auto-correlated.
points are required to have sufficient information on nearby trajectoriesNext, the angles between successive tangent vectors are iteratively
to compare their future behaviors. In addition, the application of theseeasured along the trajectory in state space. We define the tangent
methods can lead to spurious results, if the time series under studyaéstor of a trajectory in the state space as follows:
nonstationary. Furthermore, acquiring this large number of data points . . .
from a stationary time series is almost impossible when working with Y(t)=X(t+1) - X(t). 2
real biological systems. )

The aim of this study is to develop a method for detecting detefhen the angles between successive tangent vectors are computed by
minism in short time series, and then apply it to stationary segments f’(t 4 1) Y’(t)
of an electroencephalogram (EEG) record. The method is based on R(t)= {(m————.
the observation that successive tangent vectors in the trajectory of an ‘Y(t + 1){ ‘Y(t)r
attractor evolve smoothly in state space when the time series from
which it has been reconstructed has been generated by a differentidhfle) is the cosine function of the angle between successive tangent
dynamical system. The validity of the assumption that is central ¥ectors. Ank value of unity indicates that the successive tangent vec-
our approach—the first differentiability of the attractor's trajectoryorsY (¢ + 1) andY (¢) are parallel. The value ok decreases as the
is useful in the detection of determinism—has been mathematica#ipgle between successive tangent vectors increases. It was verified that

R(t) was not more sensitive to the presence of noise than angles them-
elves.
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Fig. 1. The angle series of the successive tangent vectors of the trajectory |
the state space reconstructed from (a) the Lorenz data (2000 data points) a
(b) those from their surrogate data as a function of time with an embeddin¢
dimension of seven and a time delay of 15.
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cessive tangent vectors along the trajectory. The second-order diffe:-

ence plot (SODP) is a graphical representation of the rate of variabilig/:
ig. 2. Second-order difference plots of the angle series from successive

(Bnt> = Btn 1) VEISUS fin 41 — Itn), @S pmp.osed by C.Ohm aI..[9]._ tangent vectors of the trajectory in (a) the Lorenz data and (b) their surrogate
The central tendency measure (CTM) provides a rapid quantitative ggr,

timate for the variability in the SODP. The CTM is computed by the
average length of the points from the origin in the SODP

(b)

SODP for the Lorenz data with low variability have points clustered
1 N2 . - around the origin, whereas the SODP for their surrogate data have a
CIM = N -2 Z \/(B"+2 = But1)? + (Bur = Ba)* (4 mych large distribution of points, indicating high variability of succes-
n=t sive tangent vectors. The CTM values for the Lorenz data and their
where N is the total number of points. The larger CTM of the anglsurrogate data in this figure are 0.002 and 0.035, respectively. We gen-
variations, the less smooth is the attractor’s trajectory. The index erfate 20 surrogate data from the Lorenz data to test the stability of the
smoothness of the trajectofyis defined as a ratio of the CTM of the CTM values of the surrogate data. Studetests show that the CTM
angle variations of the successive tangent vectors for the original timedue for the Lorenz data is significantly different from mean CTM
series to that for its surrogate data. Itis an effective measure for smoathlues for its surrogate data sets (Table I). The meahfof the Lorenz
ness of the trajectory and, thus, for determinism in the time series. data is 0.057 0.002, indicating that the Lorenz data are very smooth
The method of surrogate data is used to help detect nonlinear defer< 0.0001).
minism. The surrogate data are linear stochastic time series that havéhis method is applied to the Rdssler data and Van der Pol data
the same power spectra as the raw time series. They are randomizeastavell. The Réssler time series is derived from theomponent of
ensure the absence of any deterministic nonlinear structure. We useRibssler equationg[= —z—y, § = v +0.13y, 2 = 0.2+ z(x—10)]
eratively refined surrogate data,” which have the same autocorrelatigith sampling time = 7/100. The SODP for 2000 Rdssler data points
function, Fourier power spectrum, and probability distribution as ttie estimated using an embedding dimension of seven and a time delay
original time series [8]. The end-point mismatch measijg,, and of 44. The Van der Pol time series is taken from theomponent of
the mismaitch in the first derivative are also used to minimize spurioMan der Pol equations[= y, § = 5y(1 —z?) =5, ¢ = 1] with sam-
high-frequency component due to a discontinuity between the begpiing time A¢ = 1/100. The CTM for each time series differs signifi-
ning and end of the segment. More detailed algorithms used in tlesntly from the CTMs of their corresponding surrogate data (Table I),
study are present in the paper of Schreiber and Schmitz [8]. indicating that the attractors reconstructed from the original time series
Fig. 2(a) and (b) presents the SODPs of the angles between sucbase much smoother trajectories in state space than do the time series
sive tangent vectors for the Lorenz data and its surrogate data. Theeonstructed from their surrogate data.
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TABLE |
THE COMPARISON OF THECENTRAL TENDENCY MEASURES OF THEORIGINAL TIME SERIES (CTM,,,) FROM DIFFERENTDYNAMICAL SYSTEMS AND
THEIR SURROGATE DATA (CTM.y., )

Simulated data d T CTMrg CTMg,, S score P
Lorenz data 7,15 0.002 0.034+0.003 0.057+0.002 <0.0001
Rossler data 7,44 0.001 0.35+0.09 0.030+0.008 <0.0001

Van der Pol data 7,15 0.0002 0.68+0.08 0.0003+0.0001 <0.0001
High- 10, 20 0.0088 0.54%0.11 0.016%0.011 <0.0001
dimensional
signal
1/f noise 10, 20 0.119 0.133+0.068 0.895+0.054 NS
TABLE I

THE COMPARISON OF THECENTRAL TENDENCY MEASURES OF THELORENZ DATA (CTM,,,) IN THE PRESENCE OFVARIOUS LEVELS OF WHITE
NOISE AND THEIR SURROGATE DATA (CTM,y, ) WITHd = 5 AND T = 10

Data CTMorg CTM,,, S score P
Noise-free Lorenz data 0.002 0.034+0.003 0.059+0.001 <0.0001
Lorenz data 0.019 0.071+0.015 0.267+0.004 <0.001
+

10% white noise

Lorenz data 0.078 0.139+0.016 0.561£0.023 <0.01
+

50% white noise

Lorenz data 0.146 0.213+0.045 0.685+0.065 <0.01
+

100% white noise

Lorenz data 0.243 0.269+0.043 0.903+0.071 NS
+

200% white noise

To examine the applicability of this method to high-dimensionalequence of numbers that is generated by tossing imaginary dice suc-
systems, the smoothness of the high-dimensional time series is estissively and that producégf noise, as shown by Gardner [11]. The
mated [10]. The data are generated from nonlinear coupled equatidesailed algorithm is demonstrated in Je@tal. [12]. The resulting

(i1 = w2, @2 = ((w5 — 25)/3) sin 30t + 327 sin 65t + =11 sin 80t —  sequence of sums is auto-correlated, with a power spectrum having a
3|zs|z2 — xox1) Of 12 variables including the Lorenz equation (= 1/ f distribution at the range of about 10-30 Hz. Both the original and
10(xy — 23), 44 = —xsws + 28w3 — x4, &5 = wzxa — (8/3)ws), surrogate time series exhibit a large variability in their SODPs. The sur-
the Ueda equationi¢ = z7, 3 = —0.lz7 — x5 + 12cos1t), rogate data have a somewhat higher SODP variability, but the CTMs for
the two-well potential Duffing—Homes equatios( = =9, #s = thel/f noise and its surrogate data do not differ significantly (Table I).
0.15x9 + 0.525(1 — 23) + 0.15c0s0.8t) and the Rossler equa- Furthermore, the applicability of this method to deterministic sys-
tion (#1060 = —(x11 + w12), #11 = x10 + 0.15211, 712 = tems in the presence of noise is investigated, because most experi-

0.15 + z12(z10 — 10)). The high-dimensional signal is found to havemental data from physiological systems are corrupted by noise. As the
smoother trajectories than its surrogate data (Table I), demonstratiengl of white noise added increased up to 100%, significant differences
the relevance of this method for the assessment of determinismoifCTMs between the Lorenz data and their surrogate data are detected
high-dimensional dynamical systems. but decreased. However, no significant difference of the CTMs is found
In addition, the ability of the method to avoid the false positive ded the presence of 200% white noise (Table II). It suggests that this
ignation of determinism for auto-correlated noise is tested. We usenathod should be used with much caution to examine noisy real sys-
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) Fig. 4. The angle series over time from successive state vectors of the
Fig. 3. Stationarity of the EEG. (a) The mean and (b) variance value for bitrgjectory in the state space reconstructed witk= 8 andT" = 10 for (a) a
(bin size: 1s) for an EEG record & from a subject. stationary EEG recording and (b) its surrogate data as a function of time.

tems, because very large amounts of noise can be lead to spurious, f@#¢@tant of 0.1s Each EEG record was judged by inspection to be free
negative results. The application of nonlinear noise-reduction methaglsm electrooculographic and movement artifacts and to contain min-
prior to assessing smoothness might be useful in obtaining more redia| electromyographic (EMG) activity.
able results.

From these considerations, we propose an empirical criterion for €s- Assessment of Stationarity

tablishing determinism in practical applications:Sifof a time series T th f determinism in stati EEG first
is near 0 or smaller than 0.3, then the time series is determinisfic. If 0 2SS€sS In€ presence ot determinism in stationary S, We firs

is close to 1 or larger than 0.7, then we conclude that the time Serietg?éelcteg;(t;atlonarg stigrtnentslgfbthe EEth record fordartlalys_ls_. Th? ptﬁr-
stochastic. The intermediate case, With < S < 0.7, is known to Elchear d epochs I at v(;/ou. € usi .0 asfstehss € err(;unlzm n E
sometimes arise from deterministic time series. Si#i¢ean informal record were selected using a criterion of thé second-order wea

measure, we suggest that a statistical analysis should compare the c*}%}fmj‘_“‘yv "?" COT; tat'?t medifn and variance with the autocorrelation
of the original time series with those of their 20 surrogate data. In a Iaf%(;flpen Ing only on the ime diterence.

practical example, we also use a t-test to compare the CTM of an EE(;S!Ne assessed the stationarity of time bins consisting of 250 data
record with the C"rMs of 20 surrogate data sets points (a duration of 1 s). First, the mean and variance for each bin

were calculated, and then zones where these values did not change
B. Subjects and EEG Data Acquisition significantly for at least two consecutive bins were searched. Then
. . . whether the autocorrelation of the segment is dependent on time
Spalp EEGs wererecordedina convgntlonal fashion from 20 nor erence alone or not was checked. Next, we compared the statistical
subjects (9 male and 11 females) having @ mean age of BUR - aters of the total time series with those of the previously selected
years. A 12-bit analog-to-digital converter digitized the signals frorf;negment. If the differences between these statistical parameters were
20 monopolar electrodes that gmplqyed thg International Federatg? nificant at a probability value<0.05, we discarded the corre-
10-20 EEG reference system with a bimastoidean reference point. Wil jing segment. This procedure was followed to ensure that the
the SUbJ_eCtS inarelaxed state W'th eyes Cl_OSEd' EEG data (1 min, 1500Rcted segment represented the dynamics of the entire time series.
data points) were recorded with a sampling frequency of 250 Hz. The
data were high-pass filtered at 0.5 Hz and then low-pass filtered at
35 Hz. Recordings were made under an eyes-closed condition to ob-
tain as many stationary epochs of EEG recording as possible. PoterSince one segment of stationary EEG was selected from each
tials from 16 channelsKr, Ts, Fp:, F5, Cs, P5, O1, Fs, T4, T5,Ts, channel, 16 segments were obtained from each subject (the total
Fps, Fy, C4, Py, andO-) referenced against “linked earlobes” werenumber of stationary segments used: 320). The mean number of data
amplified on a Nihon Kohden EEG-4421K recording unit using a timpoints of the selected EEG segments from 16 electrodes of 20 subjects

Il. RESULTS
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TABLE Il
THE COMPARISON OF THECENTRAL TENDENCY MEASURES OF THEEEG DATA AT 16 B ECTRODES(CTMEgEG ) AND THEIR SURROGATE DATA (CTM,., )

EEG data CTMEggg CTMg,, S score P
(n=20)
F; 0.51£0.13 0.58+0.15 0.879£0.12 NS
F; 0.48+0.14 0.53+0.14 0.90610.13 NS
Fs 0.53+0.17 0.57+0.13 0.930+0.11 NS
Fs 0.47+0.14 0.56£0.15 0.83940.12 NS
Fp, 0.52+0.18 0.59+0.12 0.88110.14 NS
Fp, 0.58+0.19 0.6410.17 0.906+0.12 NS
G 0.59+0.12 0.67£0.15 0.882+0.13 NS
Cq 0.52+0.14 0.5440.13 0.963+0.14 NS
T 0.45+0.17 0.51£0.14 0.882+0.17 NS
T4 0.56+0.19 0.59+0.12 0.949+0.11 NS
Ts 0.4410.13 0.51£0.11 0.862+0.14 NS
P; 0.53+0.12 0.57£0.16 0.939+0.15 NS
P, 0.51£0.15 0.5610.11 0.91140.12 NS
O, 0.41+0.17 0.5140.13 0.804+0.18 NS
0, 0.38+0.16 0.49+0.17 0.775+0.17 NS

was 1525+ 245. In Fig. 3(a) and (b), we present a typical example afata exhibited large variability and were similarly distributed. As
the mean and variance for each bin of the EEG record from a subjebbwn in Table 1ll, the mean values of the CTMs for the stationary
at F3. The mean (and standard deviation) value for the entire EEEEG and their 20 corresponding surrogate data for 20 subjects were
record in this case was 127.392.63. The means and variances weraot significantly different at each channel. The meéawalues greater
stable from bin seven to bin nine satisfying the weak stationarithan 0.7 found in stationary EEGs indicates that the trajectories of
criteria. The autocorrelation of each segment as a function of only tthee EEG in state space were not as smooth as those for stochastic
time difference was confirmed. time series having identical power spectra (Table lIl), suggesting no
Then the attractor for the stationary EEG segments was recateterminism within it.
structed using the embedding procedure. The smoothness of the
attractor reconstructed from the short stationary EEG segments
exhibited stable behavior and did not critically depend on embedding
parameters fot0 < 7" < 30 and8 < d < 12 for the EEG. Thus, A method for identifying whether a short time series is deterministic
T was chosen to be ten lags, ahdvas set to eight. Fig. 4(a) and (b)or not is developed. We demonstrate that the method properly
shows the angle variations of the successive tangent vectors of ithentifies the nature of several well-characterized dynamical systems
trajectory reconstructed from a stationary EEG segment and of th@s®l stochastic systems. When applied to a short sample of stationary
reconstructed from its surrogate data. The angle variations for thEG recordings, our results indicate that the stationary EEG record has
stationary EEG were as irregular as those for the surrogate data. Boihimal smoothness. These results suggest that scalp EEG recordings
SODPs of the angle variations for the stationary EEG and the surrogtem normal subjects do not exhibit a low-dimensional deterministic

IV. DiscussION
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structure. However, there is a possibility that large amounts of noisg12] J. Jeong, M. K. Joung, and S. Y. Kim, “Quantification of emotion by
either from measurement artifact or intrinsic noise sources within ~ nonlinear analysis of the chaotic dynamics of electroencephalograms

the brain, may have interfered with our ability to detect determinism ‘igggg perception of /f music,” Biol. Cybern, vol. 78, pp. 217-225,

in the EEG'_ ] ] ] ) ~ [13] K. J. Blinowska and M. Malinowski, “Nonlinear and linear forecasting
Our EEG findings are in agreement with several previous studies  of the EEG time seriesBiol. Cybern, vol. 66, p. 159, 1991.

[10], [13], [14]. Blinowska and Malinowski have applied the Sugi- [14] L. Glass, D. T. Kaplan, and J. E. Lewis, “Tests for deterministic dy-
hara—May method to EEG recordings and reported that predictions ~ namics in real and model neural networks, "roc. 2nd Annu. Conf.

. : . . . . Nonlinear Dynamical analysis of the EE®993, pp. 233-240.
using this method are similar to those using a linear autoregressive
method [13]. Glass and his colleagues have employed the Ka-
plan—-Glass method for deterministic dynamics for an EEG and found
that real EEG record is not deterministic [14]. A more recent study
performed by Jeongt al. [10] has examined determinism within the
EEG by detecting the parallelness of nearby trajectories in state spacg,
reconstructed from the noise-reduced EEG after the use of a nonlinear
noise reduction method. Compared with trajectories for its surrogate
data, those for noise-reduced EEG data do not yield evidence for
low-dimensional determinism.

Our novel method measures the smoothness of an attractor’s trajec-
tory. Thus, itis not applicable to map-type data such as interspike inter- Abstract—A method of postprocessing and visualizing three—dimen-
vals of neuronal signal$;—R intervals of electrocardiograms, or othersional vector fields, such as current density reconstruction results, is

PP ; sented. This method is based on equivalent ellipsoids fitted to the vector
extremely-low-sampled data. The smoothness of the trajectory may dis. The technique has been tested with simulated data and current

pend on th(_:‘\ sampling frequency of the data. Ho_erver'_ in our ?qu{é'nsity reconstructions based on bioelectromagnetic data obtained from a

ence, the difference between the CTMs of the original time series giifsical thorax phantom. Three different approaches based on: 1) longest

its surrogate data is not critically sensitive to the sampling frequenclstance; 2) dominant direction; and 3) principal component analysis,

perhaps because the sampling frequency aiso affects the smoothifgat7a 0 2400 T Bt L S B e fied eratively. The

of the surrogate data. It is, nEV§rtheIess, worth noting that over- ethod enables statigtical [?ostpropcessing for the sake of compa?’/i.sons of

under-sampling may lead to spurious results. different source reconstructions algorithms or comparisons of groups of
That the proposed method can be applied to short time series spgients or volunteers.

ports |ts_useful_ness for the analy_5|s of physiological or experlmen_talm dex Terms—Biomagnetics, biomedical electromagnetic imaging,

time series. It is, therefore, applicable to the analysis of time seriggerse problems, statistics, visualization.

such as the EEG, in which maintaining stationarity for a long duration

is a difficult task.

ostprocessing of 3-D Current Density Reconstruction
Results With Equivalent Ellipsoids

Marek Ziolkowski, Jens Haueisen*, and Uwe Leder

. INTRODUCTION

Current density reconstructions (CDRs) are used to assess cardiac
activation [1], [2] and brain function [3], [4] based on noninvasively
obtained magnetocardiogram (MCG), electrocardiogram (ECG),
[1] G. Sugihara and R. M. May, “Nonlinear forecasting as a way of distirmagnetoenC(:‘\plf]"’llogran_1 (MEG)‘ and electroencepha!ogram (EEG)

guishing chaos from measurement error in time seratlirg vol. 344, data. CDRs are vector fields with each vector representing the current

pp. 734-741, 1990. density in a volume element or on a surface element. Often only
[2] D.T. Kaplan and L. Glass, “A direct test for determinism in a time sethe magnitude maps of the CDRs are interpreted and represent the

ries,” Phys. Rev. Lettvol. 68, pp. 427430, 1992, end point of analysis. However, a parameterization of the CDRs to

[3] A. A. Tsonis and J. B. Elsner, “Nonlinear prediction as a way of distin;_ . . s . .
guishing chaos from random fractal sequencé&ture vol. 358, pp. facilitate statistical comparisons between data sets (from different
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