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Abstract

Understanding the transition of brain activity towards an epileptic seizure, called pre-epileptic seizure, is a challenge in
epilepsy. In this Letter, a recurrence quantification analysis (RQA) is proposed to describe dynamical characteristics of EEG
(electroencephalograph) recordings on rat experiments, which is helpful to predict seizures. One of the advantages of this
method does not require any assumptions to EEG data, such as linear, stationary, noiseless and so on. A series of experimenta
tests in this study show that the dynamical characteristics of EEG data with RQA can identify the differences among inter-ictal,
pre-ictal and ictal phases; and support the hypothesis that complexity of brain electrical activity has a significant decrease prior
to an epileptic seizure. This change could be useful in predicting epileptic seizures.
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1. Introduction because we can propose a new diagnostic tool and a
novel approach to seizure control based on this pre-
diction[3]. So far, many methods have been proposed
to analyze EEG data for the prediction of epilep-
tic seizures. In particular, new measures of brain’s
activity based on discipline of non-linear dynami-
cal systems (chaos) have been developed in the last
decade[4-11], which mainly include the Lyapunov
exponentg5—7] and correlation dimensiof4,8,11]
mspondmg author. Lyapu_nov exponents _and correlation dimension can
E-mail addressx.li@cs.bham.ac.ukX. Li). describe the complexity of an EEG data. However,

EEG monitoring systems have become impor-
tant clinical tools for evaluation and treatment of
epilepsy[1]. Recently, it has also been applied to
predict epileptic seizures. The prediction of epileptic
seizures plays an important role in epileptoldgy,
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chaos-based approaches need to assume that EEGable 1
data possesses a non-evolving low-dimensional at- The time recordings of each experiment
tractor, and require a long, stationary and noise- Subject No. Injection time Seizure time End time
less EEG data to compute the reconstructed attrac- 1 08:02 11:38 31:42
tor's properties[12]. Actually, a real epileptic EEG 2 10:44 15:50 25:36
data includes a transient signal embedded in noise 3 15:05 20:18 25:00
and non-stationary13,14] Therefore, the approach  * 07:00 1115 36:00
. ! . 5 07:41 10:32 32:30

based on cha_otllc dynamics to detect_of the evolution- ¢ 07:29 10112 49:06
ary characteristics of an EEG data is still challeng- 7 06:09 10:39 41:49
ing. 8 05:01 09:48 40:00

To overcome the drawbacks of above method, a 9 11:48 14:38 20:35
new method, calledecurrence quantification analy- 1(1’ g’gfgg gfj; ;gfgg
sis (RQA), was proposed by Webber and Zbi[ub]. 12 1108 13.48 25-00

The novelty of this method is that it can measure the
complexity of a short and non-stationary signal with
noise[16,17] Recently, RQA is broadly applied in the
analysis of physiological dafd4,18-22] In contrast
with chaos method, an important advantage of RQA is
that it can deal with a noisy and short time series. In
addition, RQA can deal with a linear and non-linear
time series to quantify the activity of a system irre-
spective of the number or dynamical nature of the in-
dividual source$23].

In this Letter, RQA is applied to discover hid-
den dynamics of an epileptic EEG data, including
the detection of the evolving fluctuations of an EEG
signal and the measure of the complexity changes
of the brain electrical activity from inter-ictal to ic-

The time format is minute:second. Starting time is always from
00:00.

placed in epidural space to record the EEG signals
from temporal lobe. The animals are housed sepa-
rately postoperatively with free access to food and
water, allowed 2-3 days to recover, handled gen-
tly to familiarize them with the recording procedure;
(2) EEG recordings. During the experiments, each rat
is initially anaesthetized with a dose of pentobarbi-
tal (65 mgkg, i.p.), while constant body temperature

is maintained (36.5-37) with a blanket cover-
ing. The degree of anesthesia is assessed by contin-

tal phase. The test results of 12 long-term EEG uously monitoring the EEG, and additional doses of
recordings on rats show that recurrence rate, deter-anesthetic is administereat the slightest change to-
minism and entropy based on RQA is capable of wards an awake pattern (i.e., an increase in the fre-
representing the dynamical characteristics of brain quency and reduction in the amplitude of the EEG
activity. An important principle, i.e., complexity de- waves). Then, bicuculline i.p. injection is used to in-
crease prior to an epileptic seizure can be confirmed duce epileptic seizures. EEG signals are recorded us-
with this method. So we suggest that three mea- ing an amplifier with band-pass filter setting of 0.5—
sures based on RQA, i.e., recurrence rate, determinism50 Hz. The sampling rate is 200 Hz, and the analog-
and entropy could be applied to predict the epileptic to-digital conversion is performed at 12-bit resolution.
seizures. The start time, injection time, seizure time and seizure
end time are written down, as shownTable 1 The
seizure onset time is determined by visual identifica-
tion of a clear electrograpbiseizure discharge, and
then looking backwards in the recordings for the ear-
In this Letter, adult Sprague—Dawley rats are used liest EEG changes from baseline associated with the
to study the epileptic seizures in EEG recordings. (1) seizure. The earliest EEG change is selected as the

2. Experiments

Installation of electrodesThe rats is anaesthetized
with an intraperitioneal (i.p.) injection of nembutal
(sodium pentobarbital, 65 nigg of body weight), and
mounted in a stereotaxic apparatus. An electrode is

seizure onset time. The interval between the seizure
onset time and injection time are considered as the
maximum prediction duration or extended pre-ictal
phase.
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3. Methods

The recurrence of states is a fundamental property
of a deterministic dynamical systefb8]. Recurrence
plots (RP) proposed by Eckmann et §24] can de-
scribe the recurrence property of a deterministic dy-
namical system, i.e., visualizing the time dependent
behavior of orbitsy; in a phase space. The key step
of RP is to calculate the followingy x N matrix

Rij=0(s—|xi —xjl), i, j=1....N, 1)

whereN is the numberss is a predefined cutoff dis-
tance,| - || is the norm (e.g., the Euclidean norm) and
®(x) is a Heaviside function. The phase space vec-
tor x; can be reconstructed by using the Taken'’s time
delay method,xi = (Uj, Ujtrs.--, M,‘_;,_(m_]_)f) [25],
based on the observations. The cutoff distance:
defines a sphere centeredxat if x; falls within this
sphere, i.e., the state is close 4¢, thenR; ; = 1,
otherwiseR; ; = 0. The binary values oR; ; can be
simply visualized with the black (1) and white (0).

X. Liet al. / Physics Letters A 333 (2004) 164-171

where P (l) the frequency distribution of the lengths
of the diagonal structures in the RRi, is the thresh-
old, which excludes the diagonal lines formed by the
tangential motion of a phase space trajectory, in this
Letter we fix/min = 2. %DET is a determinism (or pre-
dictability) measure of a system.

ENTR refers to theShannonentropy of the fre-
guency distribution of the diagonal line lengths,

N
ENTR=— " p()Inp(),

[=lmin

N
Wherep(l)zP(l)/ 3 Py,
I=lmin

where ENTR is considered as a complexity measure of
a deterministic structure in a dynamical system. The
more complex the deterministic structure, the larger
ENTR value.

The embedding dimension determination plays an
important role for RQA, like chaos methods. In gen-

4

Thereby, RP can be considered as a visual inspectioneral, a low embedding dimension leads to false recur-
of a high-dimensional phase space trajectory, in other rences; on the other hand, a high embedding dimen-
words, RP can show a hint about the time evolution sjon does not theoretically distort the reconstructed
of a trajectory. The additional advantage of RP is suit- phase trajectorj19]. The calculation details of RQA
able to analyze short and non-stationary data. In short, can be found ifil4,19} and software for RQA is avail-
RP can describe the characteristics of large-scale andaple athttp://www.recurrence-plot.tk

small-scale patterns of a dynamical sysfd®,24]

The quantitative analysis of RP, called RQA, was
proposed in[15,19,26] The more details of RQA
can be found irf27]. We only introduced three mea-
sure variables: recurrence rate (%REC), determinism  |n this Letter, RQA is firstly used to analyze the
(%DET) and entropy (ENTR). The recurrence rate EEG data of three distinct periods; the aim is to dis-
(%REC) is calculated by cover the difference of dynamical characteristics at
the three different phases. The first corresponds to the
period of preceding the injection time (length of 5 sec-
onds of EEG data), namely the inter-ictal phase. The

which simply counts the black dots in the RP. %REC is second corresponds to the interval between the injec-

ameasure of the density of recurrence points. Stochas-ON ime and seizure onset time (length of 5 seconds
of EEG data), the pre-ictal phase must exist within this

tic behavior causes non or short diagonals, whereas de-, /e .
terministic behavior causes longer diagonals and lessNt€rval, so it is called the extended pre-ictal phase.
The third is the interval from the seizure onset time

single, isolated recurrence points. .

The ratio of recurrence points on the diagonal struc- 1© the end of the seizure (length of 5 seconds %f EEG
tures to all recurrence points is called %DET, it's for- ((Jjata), namely the ictal phase. The averages of %REC,
mulate is below: /c_)DET gnd ENTR of each period are calc_ulated with a

N dimension of 15, a delay of 11, and a radius of 1.5 and
D it 1P (D) represented as a histogram, as showFign 1(A)—(C),
N R ; respectivelyFig. 1shows the significant differences of

4. Results

N
1
%REC= - > Rij 2)

ij=1

%DET = , 3)

iJ
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Fig. 1. Three RQA measures of three periods. In all rats, the avertges of %REC (A), %DET (B) and ENTR (C) over the pre-ictal phase
are lower than ones over inter-ictal phaset higher than ones over the ictal phasébreviations FP, the first period, namely the inter-ictal
phase; SP, the second period, namely thereded pre-epileptic seizure phase; fie, third period, namely the ictal phase.

the evolution of complexity of the brain electric activ- F-test is significant at thé < 0.001 level of proba-
ity over these different periods. The one-way repeated bility, so we suggest the null hypothesis, i.e., there are
measure ANOVA (analysis of variance) with Scheffe’s no differences among three periods should be rejected.
post-hodest is carried out to verify this conclusion. Application of Scheffe’s test to all pairwise compar-
Fig. 1(A) shows a large decrease of average %REC isons between the means suggests that the extended
from the inter-ictal to ictal phases for all of rats. The pre-ictal phase and ictal phase each has significantly
same observation can also be mode for the %DET lower values than the inter-ictal phase. In addition,
in Fig. 1(B) and ENTR inFig. 1(C). These observa- the average %REC values during pre-ictal phase are
tions indicated that the altations of brain electrical  significantly higher than ones during the ictal phase.
activity dynamics could be characterized by the three Similar statistical results can be also obtained from
measures of RQA. The statistical analysis is carried the %DET values (as shown ifable 3 and ENTR
out to determine whether their distributions over the values (as shown ifTable 4. In short, these analy-
three periods are significant difference or not. First, the sis results indicate that the complexity during pre-ictal
one-way repeated measures ANOVA with Scheffe’s phase is statistically lower than ones during the inter-
post-hodest are performed for average %REC values ictal phase, whereas higher than ones during the ictal
of three different periods, as shown Table 2 The phase.
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Table 2
One-way ANOVA with comparisons between the means using Scheffe’s test. Data are the %REC values of the inter-ictal phase, the extended
pre-ictal phase and the ictal phase

Subjects No. Inter-ictal Pre-ictal Ictal
1 0.1461 00240 00064
2 0.2296 01535 00163
3 0.1586 00581 00266
4 0.2549 01436 00860
5 0.3290 01349 00794
6 0.2200 Q0359 00142
7 0.2360 Q0631 00158
8 0.1497 00293 00136
9 0.1237 Q0396 00387

10 02638 00962 00096

11 01548 Q0818 00250

12 01449 Q0493 00127

Mean 02009 00758 00287

Standard error 0635 00462 00267

ANOVA source Sums of squares Degrees of freedom Mean square F-test

of variation (SS) (DF) (MS)

Treatment 1903 2 009510 9144pP < 0.001

Error 00229 22 000104

Subject 00528 11

Total 02660 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal ptfase45.14 (P < 0.05), the inter-ictal phase vs the ictal phase- 85.53 (P < 0.05),
the pre-ictal phase vs the ictal phase- 6.39 (P < 0.05).

Table 3
One-way ANOVA with comparisons between the means using Scheffe’s test. Data are the %DET values of the inter-ictal phase, the extended
pre-ictal phase and the ictal phase

ANOVA source Sums of squares Degrees of freedom Mean square F-test

of variation (SS) (DF) (MS)

Treatment (1180 2 00590 4538P < 0.001
Error 00287 22 00013

Subject 01341 11

Total 0.2808 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal pt$asel4.95 (P < 0.05), the inter-ictal phase vs the ictal phase- 44.97 (P < 0.05),
the pre-ictal phase vs the ictal phase- 8.06 (P < 0.05).

Table 4
One-way ANOVA with comparisons between the means using Scheffe’s test. Data are the ENTR values of the inter-ictal phase, the extended
pre-ictal phase and the ictal phase

ANOVA source Sums of squares Degrees of freedom Mean square F-test

of variation (SS) (DF) (MS)

Treatment 14211 2 07106 5595P < 0.001
Error 02794 22 00127

Subject 09159 11

Total 26164 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal ptfase21.11 (P < 0.05), the inter-ictal phase vs the ictal phase- 54.90 (P < 0.05),
the pre-ictal phase vs the ictal phase- 7.91 (P < 0.05).
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Fig. 2. The long-term EEG recordings of rat 1 and their three RQA meadttregray vertical bar marked represents the interval from injection

time to seizure time. Visual inspections of the signals (A) show no visible changes during the pre-ictal phase. Three RQA measures clearly
show the dynamic changes of EEG signal preceding the seizures (B, €gD %REC (B), %DET (C), and ENTR (D) progressively decrease

from the inter-ictal to ictal phases.

To follow the changes of these RQA measures over ing the inter-ictal phase, which indicated that the brain
time, a moving-window technique is applied to along- electrical activity share a similar underlying dynamic
term rat EEG data. EEG signal firstly is divided into in this period. During the extended pre-ictal phase,
segments of 5 seconds (1000 points), then the RP is%REC decreases to a minimum value prior to the on-
computed after embedding the EEG segment with a set of the seizures. However, an altered state of the
dimension ofm = 15, a delay ofr = 11[28], and a brain dynamics is hard to be observable from EEG
radius ofe = 1.5 (in units of the standard deviatier). time series itself. IrFigs. 2(C) and 3(G)%DET are
Finally, three RQA measures are calculated to discover sensitive to quickly and highly the fluctuating EEG,
the EEG dynamics over time. Herein, two case studies the values of the %DET fluctuate but still remain in
were shown, since the results of others ten cases wererelatively small bounds during the inter-ictal phase,
similar with ones of two cases. from 0.8 t0 0.9. It is found that %DET decreases from

Figs. 2(A) and 3(A)showed the long-term EEG the inter-ictal to ictal phase, the dynamics of brain
recordings of two rats, respectively. A gray vertical electrical activity experienced changes prior to the
bar marked the extended pre-ictal phase. From the ob-epileptic seizure. Also, ENTR ifigs. 2(D) and 3(D)
servation of %REC, %DET, and ENTR over the en- are high during the inter-ictal phase (large diversity in
tire EEG recordings (seeirfgigs. 2(B)—(D) and 3(B)—  the diagonal line lengths), but lowered during the ic-
(D)), it is found that these three measures can track tal phase (small diversity in the diagonal line lengths),
the complexity changes of brain electrical activity over which indicate the loss of recurrence complexity.
time. As can be seen Iigs. 2 and 3three RQA mea-
sures reveal a progressive decrease during the pre-ictal
phase, then reach a minimum value before the onset of5. Discussions and conclusions
a seizure.

High %REC represents high probabilities of the oc- Up to now the seizure-generating mechanisms is
currence of the same state at the different time. %REC not very cleaf29]. Some methods are being explored
in Figs. 2(B) and 3(Bpppears in the higher level dur-  to discover the mechanism of the phase transition from
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Fig. 3. The long-term EEG recordings of rat 2 and their three RQA measitregray vertical bar marked represents the interval from injection

time to seizure time. Visual inspections of the signals (A) show no visible changes during the pre-ictal phase. Three RQA variables clearly show
the dynamic changes of EEG signal preceding the seizures (B, CGR)Y%&REC (B), %DET (C), and ENTR (D) progressively decreased from

the inter-ictal to ictal phases.

an inter-ictal to ictal phase in EEG. The ‘traditional’ characteristics of EEG data. RQA can discover the dif-
methods (such as spectral analysis and AR modeling) ferent complexity of EEG data at the different phase
are based on an assumption that the observed varia{seeFig. 1). We found that a continuous significant de-
tions of electrical field of brain activity are random crease of the recurrent dynamics of the EEG data from
processef30,31] However, these traditional methods an inter-ictal phase to ictal phase (d€gs. 2 and 3
fail to detect the critical feature of an EEG data dur- The one-way repeated measures ANOVA with Schef-
ing the pre-ictal phase and indicate the inter-ictal—ictal fe’s post-hocanalysis of %REC, %DET and ENTR
transition, because thissumption is far from the real indicate that the recurrent dynamics during pre-ictal
EEG dynamics. Other investigators assume that the phase are statistically lower than ones during the inter-
behavior of the neural networks in the brain is non- ictal phase, but higher than one during the ictal phase.
linear, so various non-linear methods such as chaotic During seizure initiation, the complexity of EEG sig-
measures are proposed to analyze an EEG data. Appli-nal is relatively low. As the seizure evolves further, the
cation of non-linear dynamics can describe the com- complexity of EEG signal decrease. Higher degrees
plexity of an EEG datg8]. Unfortunately, chaotic =~ of synchronization can be reflected in the lower sig-
measures need a long, stationary and noiseless EEGnhal complexity, and conversely, desynchronization is
time series to compute the reconstructed attractor’'s accompanied by a higher signal complexity. One of
properties. These requirements are, however, very hardthe greatest advantages of RQA is its ability to an-
to obtain during analyzing real EEG recordings. Espe- alyze linear and non-linear time signals to quantify
cially, these non-linear methods are not ideally suited the activity of a systenj23] while making no ini-
to analyze rapidly changing signals, such as epileptic tial assumptions regarding linearity or non-linearity
seizures. of the signal. From this point of view, the appli-
To overcome the drawbacks of traditional and non- cation of RQA to reveal the changing dynamics of
linear methods, this Letter used RQA proposed in EEG data at various times is the most satisfactory
Webber et al[15] to describe the hidden dynamic choice.
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In vitro models of epilepsy, reduction of EEG com-
plexity can precede the onset of epileptiform activ-
ity, but not other activitie$32]; also, examinations of
intracranial inter-ictal ecordings from patients with
temporal lobe epilepsy showed neuronal complexity
loss on the side of seizure on§&8,34] As mentioned
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