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Abstract In this paper, the derivative of the instantaneous phase of electroencephalographic (EEG) signals is
used as a basis for monitoring of global cerebral ischemia.
Visual and quantitative results were obtained from six
rodents that were subject to 3, 5 and 7 minutes of global
ischemic brain injury by asphyxic cardiac arrest. Results
show that the variations in the instantaneous phase are
capable of amplifying the variations during the various
stages of the recovery process and may serve as a novel
analytical approach to grade and classify brain rhythms
during global ischemic brain injury and recovery.

Some time ago, a few articles have pointed out
the relationship between chaos and phase turbulence
[15], [16]. In particular, it was conjectured in [15] that
"the uctuations of the phase from that of a uniform
rotation are a fractional Brownian-type of random
process" and that "the fractional Brownian-type random
phase dynamics are general". This direction of thought
inspires us to investigate the phase dynamics of an EEG
signal, derived from the recorded data samples using
the Instantaneous Phase function, as explained below.

Accurate detection and quanti cation of brain injury
severity and progression in cardiac arrest (CA) victims
can provide an enormous improvement in objective assessment of therapeutic methods [1]-[6]. The EEG is
a standard clinical tool for the recognition of cerebral
injury. Quantitative EEG analysis methods are of great
value to neurologists in guiding therapy. These methods
include the Fourier transform, the wavelet transform,
entropy and subband wavelet entropy methods [7]-[10].
Wavelet analysis was previously used to decompose
the EEG into standard clinical subbands followed by
computation of the Shannon entropy [11]. The method
used for segmentation of EEG during different recovery
periods relied on the variations of entropy in each band.
On the other hand, several analysis techniques based
on chaos theory have been introduced in the literature
[12]-[14]. These techniques exploit the inherent determinism of chaos generating engines assuming that an
EEG signal can be treated as high-dimensional chaotic
signal. Most of these techniques rely on quanti ed measures such as Lyapunov exponents, fractal dimension and
recurrence which are derived from the EEG data.
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Figure 1: Highly compressed EEG signal record for a
period of 167 minutes. The EEG recording is divided
in four parts: Base line (BL), Silent period (SP)
following arrest and resuscitation, Early recovery (ER),
and Late recovery (LR ) .

II. BACKGROUND
A. Data
The EEG signals used in this work were recorded from
rats after being subjected to controlled periods of
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asphyxic cardiac arrest and resuscitation protocol [17].
The electrodes were screwed in place after the rats were
anesthetized with Halothane. The asphyxic cardiac arrest
was initiated with a 5-minute anesthetic washout period.
Asphyxia was rst induced by stopping the ventilator
and clamping the ventilator tubes for controlled time
duration. Resuscitation was initiated by resuming mechanical ventilation of 100%
at 90 breaths/minute
and performing Cardio Pulmonary Resuscitation (CPR).
After one hour of recovery, the rats were extubated
and allowed to breathe normally. The EEG signals were
recorded using two differential channels from the left
and right fronto-parietal regions of the rats brains [11].
The signals were lowpass ltered with 100Hz cut-off
frequency prior to sampling at 250 samples per second
and digitization using a 12bit A/D converter. Figure 1
shows 167 minutes of an EEG signal recorded following 5 minutes asphyxic cardiac arrest injury. The EEG
recording is divided into four parts: before asphyxic
arrest (BaseLine, BL), asphyxic cardiac arrest (Silence
Period, SP), Early Recovery (ER) and Late Recovery
(LR) periods. The division of the evolving EEG into
sub-phases is related to the neurological outcome of the
experiment.
B. Instantaneous Phase
and applying the Hilbert
Given a scalar data set
transform, a vector
is obtained and is given by

In this work, we follow up in this direction and indeed
show that the distribution of the instantaneous phase in
various segments of the EEG recorded signal is best
captured through Gaussian distribution functions. Since
is a smooth monotonically increasing function (due
to the linear time dependent term
the derivative
can be used to show the phase variations only.
In particular,
(4)
constitutes a xed angular rotation frequency
modulated by a stochastic term
The DC term
can be easily ltered out leaving only
III. P ROPOSED T ECHNIQUE
The data set used here consists of recordings following
3, 5 and 7 minutes asphyxic cardiac arrest injuries
respectively (2 recordings for each case). The recorded
data was then split into four segments corresponding
to the BL, SP, ER and LR periods mentioned above
each segment 10 data points. For each segment, the
instantanous phase
was computed. The upper
trace of Fig. 2 shows a sample BL segment for one of
the 5 minutes recordings the corresponding
and
(3, 4) are shown respectively in the middle
and lower traces of the same gure.
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where is the Cauchy principal value for the integral.
The complex signal
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is obtained where the instantaneous phase is
. It was
shown in [15] that
can be generally written as
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where
is some nonlinear amplitude to phase transformation function. For a chaotic or random signal,
and hence
are chaotic or random and it is
conjectured that the distribution of
is fractional
Brownian-type.
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Figure 2: Sample EEG segment recording (upper
trace), derived phase
(middle trace) and
(lower trace).
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According to the conjecture of [15], the distribution
of
should follow a random-like distribution. We
have thus plotted the distribution of
for each
recorded EEG during its different segments. Figure 3(a)
shows the distribution for a 3-minute cardiac arrest while
Fig. 3(b) shows the distribution following a 5-minute
arrest. In each gure, the BL, SP and LR segments
are marked. The distribution of the ER segment and a
following segment of equal length is also marked (toral
two ER plots). The following is noted from the gures:
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1) During the arrest period, the distribution of
has the lowest peaking with a clear
atness. Measuring the kurtosis of the distribution
in this period indeed shows that it is very close
to that of a random distribution with ideal kurtosis
. The SP plot of Fig. 3(a) has kurtosis
while that of Fig. 3(b) has kurtosis
.
2) During the ER period, the distribution of
has the highest peaking, indicating the existence of
severe and sharp phase changes during this period
(spikes). As recovery goes on, the peaking of the
distribution gradually lessens approaching that of
the normal (BL) distribution at nal recovery (LR).
3) The best t curve for all distributions is based
on Gaussian tting of the form
. For all cases, 95% con dence in the tting is obtained suf ciently with
three terms i.e.
. For example, the values
of the coef cients
and
for the 3-minute
arrest are given in Table 1. Figure 4 shows the
tted curves during the SP period and LR period.
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Figure 3: Distribution of
for (a) 3-minute
arrest and (b) 5-minute arrest.

IV. CONCLUSION

BL
SP
LR

(1494,531,17.6)
(522.7,605,64)
(2876,601,21)

(513,517,75)
(488,611,27.8)
(1027,614,32)

We have shown that the distribution of the derivative
of the instantaneous phase derived from a recorded EEG
signal changes signi cantly during the different modes
BL, SP, ER and LR.

(1518,533,34)
(159,579,181)
(774,572,30.3)

Table 1: Coef cients for the best tting curves corresponding
to Fig. 3(a) and shown in Fig. 4.
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The distribution is best tted through a function of the
form
where the difference
between modes lies in the coef cients
and

(a)

.
(b)
Figure 4: Example curve tting using Gaussian
functions for
during (a) dead period and (b)
nal recovery.
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