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Abstract

Understanding the transition of brain activity towards an epileptic seizure, called pre-epileptic seizure, is a chal
epilepsy. In this Letter, a recurrence quantification analysis (RQA) is proposed to describe dynamical characteristic
(electroencephalograph) recordings on rat experiments, which is helpful to predict seizures. One of the advantag
method does not require any assumptions to EEG data, such as linear, stationary, noiseless and so on. A series of ex
tests in this study show that the dynamical characteristics of EEG data with RQA can identify the differences among in
pre-ictal and ictal phases; and support the hypothesis that complexity of brain electrical activity has a significant decre
to an epileptic seizure. This change could be useful in predicting epileptic seizures.
 2004 Elsevier B.V. All rights reserved.
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1. Introduction

EEG monitoring systems have become imp
tant clinical tools for evaluation and treatment
epilepsy [1]. Recently, it has also been applied
predict epileptic seizures. The prediction of epilep
seizures plays an important role in epileptology[2],
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because we can propose a new diagnostic tool a
novel approach to seizure control based on this
diction [3]. So far, many methods have been propo
to analyze EEG data for the prediction of epile
tic seizures. In particular, new measures of bra
activity based on discipline of non-linear dynam
cal systems (chaos) have been developed in the
decade[4–11], which mainly include the Lyapuno
exponents[5–7] and correlation dimension[4,8,11].
Lyapunov exponents and correlation dimension
describe the complexity of an EEG data. Howev
.
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chaos-based approaches need to assume that
data possesses a non-evolving low-dimensional
tractor, and require a long, stationary and noi
less EEG data to compute the reconstructed att
tor’s properties[12]. Actually, a real epileptic EEG
data includes a transient signal embedded in n
and non-stationary[13,14]. Therefore, the approac
based on chaotic dynamics to detect of the evolut
ary characteristics of an EEG data is still challen
ing.

To overcome the drawbacks of above method
new method, calledrecurrence quantification analy
sis (RQA), was proposed by Webber and Zbilut[15].
The novelty of this method is that it can measure
complexity of a short and non-stationary signal w
noise[16,17]. Recently, RQA is broadly applied in th
analysis of physiological data[14,18–22]. In contrast
with chaos method, an important advantage of RQA
that it can deal with a noisy and short time series
addition, RQA can deal with a linear and non-line
time series to quantify the activity of a system irr
spective of the number or dynamical nature of the
dividual sources[23].

In this Letter, RQA is applied to discover hid
den dynamics of an epileptic EEG data, includ
the detection of the evolving fluctuations of an EE
signal and the measure of the complexity chan
of the brain electrical activity from inter-ictal to ic
tal phase. The test results of 12 long-term E
recordings on rats show that recurrence rate, de
minism and entropy based on RQA is capable
representing the dynamical characteristics of br
activity. An important principle, i.e., complexity de
crease prior to an epileptic seizure can be confirm
with this method. So we suggest that three m
sures based on RQA, i.e., recurrence rate, determi
and entropy could be applied to predict the epilep
seizures.

2. Experiments

In this Letter, adult Sprague–Dawley rats are u
to study the epileptic seizures in EEG recordings.
Installation of electrodes.The rats is anaesthetize
with an intraperitioneal (i.p.) injection of nembut
(sodium pentobarbital, 65 mg/kg of body weight), and
mounted in a stereotaxic apparatus. An electrod
Table 1
The time recordings of each experiment

Subject No. Injection time Seizure time End tim

1 08:02 11:38 31:42
2 10:44 15:50 25:36
3 15:05 20:18 25:00
4 07:00 11:15 36:00
5 07:41 10:32 32:30
6 07:29 10:12 49:06
7 06:09 10:39 41:49
8 05:01 09:48 40:00
9 11:48 14:38 20:35

10 05:24 10:41 25:36
11 10:20 12:49 25:36
12 11:08 13:48 25:00

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

placed in epidural space to record the EEG sign
from temporal lobe. The animals are housed se
rately postoperatively with free access to food a
water, allowed 2–3 days to recover, handled g
tly to familiarize them with the recording procedur
(2) EEG recordings. During the experiments, each
is initially anaesthetized with a dose of pentobar
tal (65 mg/kg, i.p.), while constant body temperatu
is maintained (36.5–37.5◦C) with a blanket cover
ing. The degree of anesthesia is assessed by co
uously monitoring the EEG, and additional doses
anesthetic is administeredat the slightest change to
wards an awake pattern (i.e., an increase in the
quency and reduction in the amplitude of the EE
waves). Then, bicuculline i.p. injection is used to
duce epileptic seizures. EEG signals are recorded
ing an amplifier with band-pass filter setting of 0.
50 Hz. The sampling rate is 200 Hz, and the anal
to-digital conversion is performed at 12-bit resolutio
The start time, injection time, seizure time and seiz
end time are written down, as shown inTable 1. The
seizure onset time is determined by visual identifi
tion of a clear electrographic seizure discharge, an
then looking backwards in the recordings for the e
liest EEG changes from baseline associated with
seizure. The earliest EEG change is selected as
seizure onset time. The interval between the seiz
onset time and injection time are considered as
maximum prediction duration or extended pre-ic
phase.
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3. Methods

The recurrence of states is a fundamental prop
of a deterministic dynamical system[18]. Recurrence
plots (RP) proposed by Eckmann et al.,[24] can de-
scribe the recurrence property of a deterministic
namical system, i.e., visualizing the time depend
behavior of orbitsxi in a phase space. The key st
of RP is to calculate the followingN × N matrix

(1)Ri,j = Θ
(
ε − ‖xi − xj‖

)
, i, j = 1, . . . ,N,

whereN is the numbers,ε is a predefined cutoff dis
tance,‖ · ‖ is the norm (e.g., the Euclidean norm) a
Θ(x) is a Heaviside function. The phase space v
tor xi can be reconstructed by using the Taken’s ti
delay method,xi = (ui, ui+τ , . . . , ui+(m−1)τ ) [25],
based on the observationsui . The cutoff distanceε
defines a sphere centered atxi , if xi falls within this
sphere, i.e., the state is close toxj , then Ri,j = 1;
otherwiseRi,j = 0. The binary values ofRi,j can be
simply visualized with the black (1) and white (0
Thereby, RP can be considered as a visual inspec
of a high-dimensional phase space trajectory, in o
words, RP can show a hint about the time evolut
of a trajectory. The additional advantage of RP is s
able to analyze short and non-stationary data. In sh
RP can describe the characteristics of large-scale
small-scale patterns of a dynamical system[19,24].

The quantitative analysis of RP, called RQA, w
proposed in[15,19,26]. The more details of RQA
can be found in[27]. We only introduced three mea
sure variables: recurrence rate (%REC), determin
(%DET) and entropy (ENTR). The recurrence ra
(%REC) is calculated by

(2)%REC= 1

N2

N∑
i,j=1

Ri,j ,

which simply counts the black dots in the RP. %REC
a measure of the density of recurrence points. Stoc
tic behavior causes non or short diagonals, wherea
terministic behavior causes longer diagonals and
single, isolated recurrence points.

The ratio of recurrence points on the diagonal str
tures to all recurrence points is called %DET, it’s fo
mulate is below:

(3)%DET=
∑N

l=lmin
lP (l)

∑N
Ri,j

,

i,j
-

whereP(l) the frequency distribution of the length
of the diagonal structures in the RP.lmin is the thresh-
old, which excludes the diagonal lines formed by
tangential motion of a phase space trajectory, in
Letter we fixlmin = 2. %DET is a determinism (or pre
dictability) measure of a system.

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

ENTR= −
N∑

l=lmin

p(l) lnp(l),

(4)wherep(l) = P(l)
/ N∑

l=lmin

P(l),

where ENTR is considered as a complexity measur
a deterministic structure in a dynamical system. T
more complex the deterministic structure, the lar
ENTR value.

The embedding dimension determination plays
important role for RQA, like chaos methods. In ge
eral, a low embedding dimension leads to false re
rences; on the other hand, a high embedding dim
sion does not theoretically distort the reconstruc
phase trajectory[19]. The calculation details of RQA
can be found in[14,19]; and software for RQA is avail
able athttp://www.recurrence-plot.tk.

4. Results

In this Letter, RQA is firstly used to analyze th
EEG data of three distinct periods; the aim is to d
cover the difference of dynamical characteristics
the three different phases. The first corresponds to
period of preceding the injection time (length of 5 se
onds of EEG data), namely the inter-ictal phase. T
second corresponds to the interval between the in
tion time and seizure onset time (length of 5 seco
of EEG data), the pre-ictal phase must exist within t
interval, so it is called the extended pre-ictal pha
The third is the interval from the seizure onset tim
to the end of the seizure (length of 5 seconds of E
data), namely the ictal phase. The averages of %R
%DET and ENTR of each period are calculated wit
dimension of 15, a delay of 11, and a radius of 1.5
represented as a histogram, as shown inFig. 1(A)–(C),
respectively.Fig. 1shows the significant differences

http://www.recurrence-plot.tk
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ase
al
Fig. 1. Three RQA measures of three periods. In all rats, the average values of %REC (A), %DET (B) and ENTR (C) over the pre-ictal ph
are lower than ones over inter-ictal phase, but higher than ones over the ictal phase.Abbreviations. FP, the first period, namely the inter-ict
phase; SP, the second period, namely the extended pre-epileptic seizure phase; TP,the third period, namely the ictal phase.
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the evolution of complexity of the brain electric acti
ity over these different periods. The one-way repea
measure ANOVA (analysis of variance) with Scheff
post-hoctest is carried out to verify this conclusion.

Fig. 1(A) shows a large decrease of average %R
from the inter-ictal to ictal phases for all of rats. T
same observation can also be mode for the %D
in Fig. 1(B) and ENTR inFig. 1(C). These observa
tions indicated that the alterations of brain electrica
activity dynamics could be characterized by the th
measures of RQA. The statistical analysis is carr
out to determine whether their distributions over
three periods are significant difference or not. First,
one-way repeated measures ANOVA with Scheff
post-hoctest are performed for average %REC valu
of three different periods, as shown inTable 2. The
F -test is significant at theP < 0.001 level of proba-
bility, so we suggest the null hypothesis, i.e., there
no differences among three periods should be rejec
Application of Scheffe’s test to all pairwise compa
isons between the means suggests that the exte
pre-ictal phase and ictal phase each has significa
lower values than the inter-ictal phase. In additi
the average %REC values during pre-ictal phase
significantly higher than ones during the ictal pha
Similar statistical results can be also obtained fr
the %DET values (as shown inTable 3) and ENTR
values (as shown inTable 4). In short, these analy
sis results indicate that the complexity during pre-ic
phase is statistically lower than ones during the in
ictal phase, whereas higher than ones during 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, th
pre-ictal phase and the ictal phase

Subjects No. Inter-ictal Pre-ictal Ictal

1 0.1461 0.0240 0.0064
2 0.2296 0.1535 0.0163
3 0.1586 0.0581 0.0266
4 0.2549 0.1436 0.0860
5 0.3290 0.1349 0.0794
6 0.2200 0.0359 0.0142
7 0.2360 0.0631 0.0158
8 0.1497 0.0293 0.0136
9 0.1237 0.0396 0.0387

10 0.2638 0.0962 0.0096
11 0.1548 0.0818 0.0250
12 0.1449 0.0493 0.0127

Mean 0.2009 0.0758 0.0287
Standard error 0.0635 0.0462 0.0267

ANOVA source
of variation

Sums of squares
(SS)

Degrees of freedom
(DF)

Mean square
(MS)

F -test

Treatment 0.1903 2 0.09510 91.44P < 0.001
Error 0.0229 22 0.00104
Subject 0.0528 11
Total 0.2660 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal phaseS = 45.14 (P < 0.05), the inter-ictal phase vs the ictal phaseS = 85.53 (P < 0.05),
the pre-ictal phase vs the ictal phaseS = 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
pre-ictal phase and the ictal phase

ANOVA source
of variation

Sums of squares
(SS)

Degrees of freedom
(DF)

Mean square
(MS)

F -test

Treatment 0.1180 2 0.0590 45.38P < 0.001
Error 0.0287 22 0.0013
Subject 0.1341 11
Total 0.2808 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal phaseS = 14.95 (P < 0.05), the inter-ictal phase vs the ictal phaseS = 44.97 (P < 0.05),
the pre-ictal phase vs the ictal phaseS = 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
pre-ictal phase and the ictal phase

ANOVA source
of variation

Sums of squares
(SS)

Degrees of freedom
(DF)

Mean square
(MS)

F -test

Treatment 1.4211 2 0.7106 55.95P < 0.001
Error 0.2794 22 0.0127
Subject 0.9159 11
Total 2.6164 35

Scheffe’s test: the inter-ictal phase vs the pre-ictal phaseS = 21.11 (P < 0.05), the inter-ictal phase vs the ictal phaseS = 54.90 (P < 0.05),
the pre-ictal phase vs the ictal phaseS = 7.91 (P < 0.05).
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Fig. 2. The long-term EEG recordings of rat 1 and their three RQA measures. The gray vertical bar marked represents the interval from injec
time to seizure time. Visual inspections of the signals (A) show no visible changes during the pre-ictal phase. Three RQA measur
show the dynamic changes of EEG signal preceding the seizures (B, C, D), e.g., %REC (B), %DET (C), and ENTR (D) progressively decre
from the inter-ictal to ictal phases.
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To follow the changes of these RQA measures o
time, a moving-window technique is applied to a lon
term rat EEG data. EEG signal firstly is divided in
segments of 5 seconds (1000 points), then the R
computed after embedding the EEG segment wit
dimension ofm = 15, a delay ofτ = 11 [28], and a
radius ofε = 1.5 (in units of the standard deviationσ ).
Finally, three RQA measures are calculated to disco
the EEG dynamics over time. Herein, two case stud
were shown, since the results of others ten cases
similar with ones of two cases.

Figs. 2(A) and 3(A)showed the long-term EEG
recordings of two rats, respectively. A gray vertic
bar marked the extended pre-ictal phase. From the
servation of %REC, %DET, and ENTR over the e
tire EEG recordings (seeingFigs. 2(B)–(D) and 3(B)–
(D)), it is found that these three measures can tr
the complexity changes of brain electrical activity ov
time. As can be seen inFigs. 2 and 3, three RQA mea-
sures reveal a progressive decrease during the pre
phase, then reach a minimum value before the ons
a seizure.

High %REC represents high probabilities of the o
currence of the same state at the different time. %R
in Figs. 2(B) and 3(B)appears in the higher level du
l

ing the inter-ictal phase, which indicated that the br
electrical activity share a similar underlying dynam
in this period. During the extended pre-ictal pha
%REC decreases to a minimum value prior to the
set of the seizures. However, an altered state of
brain dynamics is hard to be observable from E
time series itself. InFigs. 2(C) and 3(C), %DET are
sensitive to quickly and highly the fluctuating EE
the values of the %DET fluctuate but still remain
relatively small bounds during the inter-ictal pha
from 0.8 to 0.9. It is found that %DET decreases fr
the inter-ictal to ictal phase, the dynamics of br
electrical activity experienced changes prior to
epileptic seizure. Also, ENTR inFigs. 2(D) and 3(D)
are high during the inter-ictal phase (large diversity
the diagonal line lengths), but lowered during the
tal phase (small diversity in the diagonal line length
which indicate the loss of recurrence complexity.

5. Discussions and conclusions

Up to now the seizure-generating mechanism
not very clear[29]. Some methods are being explor
to discover the mechanism of the phase transition f
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Fig. 3. The long-term EEG recordings of rat 2 and their three RQA measures. The gray vertical bar marked represents the interval from injec
time to seizure time. Visual inspections of the signals (A) show no visible changes during the pre-ictal phase. Three RQA variables cle
the dynamic changes of EEG signal preceding the seizures (B, C, D), e.g., %REC (B), %DET (C), and ENTR (D) progressively decreased f
the inter-ictal to ictal phases.
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an inter-ictal to ictal phase in EEG. The ‘traditiona
methods (such as spectral analysis and AR mode
are based on an assumption that the observed v
tions of electrical field of brain activity are rando
processes[30,31]. However, these traditional metho
fail to detect the critical feature of an EEG data d
ing the pre-ictal phase and indicate the inter-ictal–ic
transition, because this assumption is far from the rea
EEG dynamics. Other investigators assume that
behavior of the neural networks in the brain is no
linear, so various non-linear methods such as cha
measures are proposed to analyze an EEG data. A
cation of non-linear dynamics can describe the co
plexity of an EEG data[8]. Unfortunately, chaotic
measures need a long, stationary and noiseless
time series to compute the reconstructed attract
properties. These requirements are, however, very
to obtain during analyzing real EEG recordings. Es
cially, these non-linear methods are not ideally sui
to analyze rapidly changing signals, such as epile
seizures.

To overcome the drawbacks of traditional and n
linear methods, this Letter used RQA proposed
Webber et al.[15] to describe the hidden dynam
-

characteristics of EEG data. RQA can discover the
ferent complexity of EEG data at the different pha
(seeFig. 1). We found that a continuous significant d
crease of the recurrent dynamics of the EEG data f
an inter-ictal phase to ictal phase (seeFigs. 2 and 3).
The one-way repeated measures ANOVA with Sch
fe’s post-hocanalysis of %REC, %DET and ENT
indicate that the recurrent dynamics during pre-ic
phase are statistically lower than ones during the in
ictal phase, but higher than one during the ictal pha
During seizure initiation, the complexity of EEG si
nal is relatively low. As the seizure evolves further, t
complexity of EEG signal decrease. Higher degr
of synchronization can be reflected in the lower s
nal complexity, and conversely, desynchronization
accompanied by a higher signal complexity. One
the greatest advantages of RQA is its ability to
alyze linear and non-linear time signals to quan
the activity of a system[23] while making no ini-
tial assumptions regarding linearity or non-linear
of the signal. From this point of view, the app
cation of RQA to reveal the changing dynamics
EEG data at various times is the most satisfact
choice.
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In vitro models of epilepsy, reduction of EEG com
plexity can precede the onset of epileptiform act
ity, but not other activities[32]; also, examinations o
intracranial inter-ictal recordings from patients wit
temporal lobe epilepsy showed neuronal comple
loss on the side of seizure onset[33,34]. As mentioned
above, the characterizations of recurrent change
brain electrical activity could be considered as a c
didate precursor of the impending seizures. It is
intent of future studies to analyze EEG recordin
with three RQA measures for predicting the seizu
through the complexity change of neural network.
addition, the current study is limited to a single cha
nel; we believe that the potential exists for mu
channel analyses based on RQA as well.
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