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Through last decades physiological systems have been modelled intensively with
linear methods. Although efficient methods for nonlinear modelling have been
introduced, e.g. Wiener modelling, nonlinear neural networks, deterministic chaos
modelling, nonlinear autoregressive models (state space modelling, bilinear models),
etc., their use have been limited in modelling physiological systems. All bioiogical
systems, however, including cardiovascular-, respiratory-, and central newous systems,
contain nonlinearities which can not totally modelled with Eaditional linear methods.

Electroencephalogram (EEG) reflects the integrated electrical activity of a large
number of neurons. The nervous system is affected more profoundly by anaesthetics
than other systems of the body. At a low concentrations most anaesthetics show similar
EEG patterns, but at higher concentrations specific pattems for different agents appear.
The objectives to use EEG monitoring during sugery are preventation of brain damage,
detection of EEG abnormalities at the time of their occurrence and prediction of post-
operative neurologic outcome. The physiological state of the patient, such as

hypothermia, hypotension and hypoxia, other used drugs and physiological interventions
during anaesthesia have also their own effects on EEG.

In this paper we introduce a method to model multi-channel EEG-recordings using
closed-loop multivariate autoregressive regressive (MAR) modelling. The closed-loop
MAR-model explains all the observed measurements by a sum of its own noise source
and correlated noises sorrces with other measurements. Typically in analyzing EEG-
measurements with MAR-model there is very sEong correlation between different
derivations preventing further usage of the model e.g. in describing transfer functions
between measurements. We are interested in studying correlated noise sources it selves
and to compare the results obtained with linear and nonlinear MAR-model, i.e.
determined using auto- and cross correlation functions and average mutual information
(AMI) respectively.

Analysing EEG with average mutual information based MAR-model

A multivariate autoregressive (N4AR) model identifies linear dependencies
between several univariate random processes x{k), i= 1,2,..., m related to each other. In
MAR-modelling the value of a time series, i.e. measured signals, is described as a linear
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combination of its past values x{k) and an additive error term e(k) = [e,(k),edk), ... ,

e^&)lr presenting the one-step prediction error. In other words, it is a linear model of
the studied signal where all measured signals are outputs of studied processes describing
each other and inputs are noise sources independent from each other, which imports to
the system power. Using these features the analysis of the dynamics of the system can

be performed with the MAR-model.
M

x(k) =f a(i)x(k-i) * e(k),
t:l

where a(i)

arr(i) ar*(i)

ao(i) a*(i)
,i = 1,2,...M

:

a (i\

where the error term e(k) is a stationary zero mean white process, -r(k) is a multivariate
stochastic process, a(i) is a coefficient matrix with a time instant i, M is the number of
output signals in model and m is model-order indicating how many previous samples
are taken into account determining new x(k) values. Signal x(k) carr be presented as an

output on multivariate filter, the input of which e(k) and correlation function can be
estimated [Priest1ey, 1981] according to
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where E is variance-covariance matrix of noise sources, diagonal element q, of E
describe variance of noise source and non-diagonal element o,, of E describe covariance
of two noise sources e, and er. Assuming that *re MAR-model contains all internal
dependencies of the multivariate system, then variance-covariance matrix with non-
diagonal elements near zero manifests the absence of correlated noise sources and, on
the contrary, values of non-diagonal elements near one reveal a strong correlated noise
source between two channels.

In Figure 1 is depicted the generalized linear model of a dynamic closed-loop
system with seven variables and one comrnon correlated noise source n". The closed-
loop model assumes that there are not any significant noise sources, which imports
power to the system, except those included in the MAR-model. If there are not any
significant correlated noise sources the model has a close correspondence to the real
investigated phenomena and it can be used in predicting coming samples, investigating
transfer functions etc..
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Average mutual information (AMI) was presented in 1948 by Shannon [shannon,
1948; Shannon 19491 and deepened by Gel'fand and Yaglom [Get'fand and Yaglom,
1959] as a measure for the amount of information contained in a message in the area
of communication systems. The general equation for continuous average mutual
information I(S,Q) is determined as

r(s,g) = Jr";sd tos,rffi)drdo (6)

where P", is the joint probability
distribution function, P " is the
probability distribution function of S

ar,d P, is the probabiliry distribution
function of Q. The average mufual
information is a generalization of
linear correlation function to the non-
linear world, because it is defined by
the joint probability distribution
function P,o and not by the variables s

and q. When the measurement of
system a and system P are
independent from each other, the
P,o(s,q)=P.(s)Po(Q causing I(S,Q) to be
zero. The required joint probability
distribution function can be estimated

Figure 1. The effect of correlate noise source no in general
closed-loop MAR nodel with sevenvariables- Each output
signal is described by impulse resporces from ewry other

from histograms using e.g. method node and its own noise source'

described by Fraser [Fraser 1986].

A very interesting question in our case is: what happens in MAR-modeI and
especially in the variance-covariance matrix if the multivariate correlation matix a(i) is
determined on the basis of multivariate average mutual information matrix?. This makes
it possible to take into consideration better the non-linear features of studied processes
in the brain. Average mutual information is scaled between 0 to 1 using sigmoid-
function according to

I / (1 * e-t(si's)+d) (7)

where 4 = ff I'(srs') 
(s)

;=tj=r nz

where n is model order, I(S,,S,) is multivariate average mutual information {ij=1,2,...,n}
and I, denotes values in multivariate AMI with delay of 1 sample.

In estimating time delay in the EEG signal and studying the flow of information
in the brain average mutual information is proven to be a feasible method in analyzing
epileptic seizures [Mars 1981]. The method has been applied to seizure localization
using depth electrodes when epileptic focus was artificially created by elecrical
stimulation. The direction of the spread of activity determined by the computer and
human EEGer coincided.

An example of EEG data in the beginning of the anaesthesia just after intubation
(Vo-ET 2.0) is shown in figure 2 and corresponding correlated noise sources in figures
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2 sec

Figure 2. A example of EEG data inburst-suppression state; Cz-Al (topmost),T6-A2,T5-A1 ,T4-A2, C4-A2,
C3-Al , T3-Al and Al-A2 (lowest).

3 and 4. The studied time delay T
was 2 s and the order of closed-loop
the MAR-model of 7 variables was
10. The analysis was performed with
window size of 2048 samples i.e.
correspondingto 10.24 s. The dotted
line, in figures 3 and 4, between
electrodes symbolizes the found
correlated noise source between two
measured EEG channels. The size of
the circle in the middle of the line is
determined according to the strength
of the dependence between two
channels. The size of circles are
normalized so that the biggest value
of correlated noise source is the
same as the size of recording point
circles Qabelled as Cz, T3, etc. ). All
other statistically insignificant
correlated noise sources are
excluded.

Successive average mutual
information based MAR-models were
calculated to study variation in
correlated noise soruces during
anaesthesia (figure 5). The analysis
was performed for 11 min data using

The correlated noise sources
p < 0.00 - 0.00; max = 0.83 (ch 1-6)

Variance covariance matrix is diagonal
at sign. level of p < 0.00 (khi-square test)

Figure 3 . Calculated correlated noise sources of EEG data,
shown in fig 2, utilizing conventional correlation method.

The correlated noise souces
p < 0.02 - 0.00; max = 0.28 (ch 1-6)

Variance covariance matrix is diagonal
at sign. Ievel of p < 0.00 (khi-square test)

Figure 4. Calculated correlated noise sources of EEG data,
shown in fig 2, utilizing average mutual information
method.

window size of 10.24 s with a step

size of 10.24s without overlapping.
The selected channels for this study
were: T6-42 to T5-A1, C4-42 to
C3-Al, T4-A2 to T3-A1, T4-AZ to T5-A1, T4-A2 to C3-A1 andT4-A2 to Cz-Al.
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Figure 5. Changes in correlated noise sources between symmetrical channels during anaesthesia using
average mutual information method. The recording contains burstsuppression activities around 400 sec.

CONCLUSIONS AND DISCUSSION

In the case of analyzing multichannel EEG time series with the MAR-modeI,
there can be found noise sources, which effect several channels at the same time. In this
case we can say that they have a corilnon correlated noise source, which effect on them
adding power to variables of MAR-model. Electrical activity potential fields inside the
head are wide causing always some cofirmon activities in every EEG-channel, but
certain differences in the power of the correlation between two channels can be
differentiated from a normalized noise variance-covariance matrix. The statistically
significant corelations between two channels may be very important in the analysis of
flow of information or differentiating various activations mechanisms in the brain.

Because the MAR-model is sensitive in recognizing common activities between
two channels, the possibility to find corrrmon correlated noise sources is bigger between
measurements, which are physically located near each other. In an unipolar recording
system the obtained correlated noise sources are very dependent on the reference
electrodes, because it defines the direction of the measured activities. The detected
result will be very different, if the reference electrode is ear, average reference or one
of the other measurement point in 10-20 systom i.e. bipolar recording. ln our study the
left (A1) or right ear (A2) reference electodes were used. Using the ear reference the
analysis results describe activities which are originated from large areas.

In general figures 3 and 4 demonstrate clearly the above described features. The
results noticed, in figure 3, indicate a significant correlation between all measurement
points, but the strongest correlated noise sources are between recording locations which
have the same reference electrode or are located near each other - as expected. The
particularly interesting property, in figure 4, is the fact that the correlated noise sources
are found between distant recording locations around T4 and C4 indicating the presence
of an activity source in the brain near recording location T4. Other interesting non-
linear correlated noise sources can be distiirguished around T5 and T3 revealing
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common activities connected to the recording places T4 and C4. Underlining the above
described results the non-linear based MAR-model seems to expose surprisingly well
the distant interactions in the brain. Other noticeable difference in the built MAR-
models is the average level of the variance covariance matrix. The variance covariance
matrix, which is determined on the basis of the conventional correlation method
contains bigger values (max. 0.83) than average mutual information dependent variance
covariance matrix (max 0.28). Thus we can conclude that the correlation method is the
optimal method for linearly correlated noise sources, but AMl-method may reveal
nonlinear connections between EEG signals, which are not readily seen in linear model.

First, figure 5 demonstrates very clearly the gradual decrease in the values of
correlated noise sources until the burst-suppression pattern appears in the EEG around
time 400 s. In the low-activity suppression state thilo are not any correlated noise
sources. On the contrary, the correlated noise sources in burst state are even bigger than
before bust-suppression state. After burst-suppression the anaesthesia is lightened and
the increasing trend is noticed. Based on these observations we can assume that the
anaesthetic agents provoke systematical changes in the strength of the symmetrical
dependence in EEG, which may be used, as a one indicator, to estimate the well-being
of the brain during anaesthesia.
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