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Abstract: In order to confirm other findings that EEG
of psychiatric subjects suffering from depression or
schizophrenia differ from that of healthy controls, we
decided to apply multi-layer perceptron and data dimensionality reduction mappings for identification of
these disorders. These tools can provide psychiatrists
with supplementary information about subjects suspected of schizophrenia or depression.

MLP can approximate an arbitrary, non-linear mapping
F:

i+j

in a compact architecture.
hidden loyer

INTRODUCTION

Many neurologic disorders are reflected

in the EEG

ll,2l.Recently, there have been findings claiming that
EEG classification of psychiatric disorders is also possible
I3,4l.Traditional methods used for this problem are based
on the linear statistical methods. Since this task seems to
us to be highly non-linear by nature, we decided to design
a non-linear method for identifying schizophrenia and depression in EEG, based on the application of artificial neural networks and data dimensionality reduction mappings.

MATERIAL AND METHOD
The method for computerised detection of psychiatric
disorders is schematically drawn in Fig. 1.

Fig.l Block scheme of a system for automatic detection of
psychiatric disorders in EEG

The feature extraction block (parameteriser) extracts
relevant infonnation from the raw EEG giving rise to a
feature vector. After EEG parameterisation the feature
vectors can be either classified by the classifier, which
makes a decision whether a psychiatric disorder is present
or not, or can be visualised by means of data dimensionality reduction mappings.
Feature extraction is the most crucial step in the automatic identification, since inappropriate feature extraction
results in poor classification and/or visualisation. According to [3,8] we decided to pa.rameterise EEG by means of
Hjorth's parameters [5], correlation dimension [6], spectral
parameters and coherence data [8].
Our classifier was realised in the form of a well-known
neural network architecture: multi-layer perceptron (MLP)
t7l. MLP (Fig. 2) is a semi-parametric classification system that consists of densely interconnected simple neurone-like elements (neurones or nodes). Information is represented in the strengths of connections between elements.

Fig.2. A typical multi-layer perceptron architecture

Very often the task of identifying psychiatric disorders
is not primarily classification of EEG, but especially visualisation of feature vectors. The aim is to visualise EEG feature vectors in data space and their changes after a specific
drug treatment. This could enable physicians to describe
efficiency of a specific drug therapy. However, in many
cases, feature vectors are m-dimensional vectors. Since
human beings are able to imagine data up to 3-D, one has
to perform data mappings from m-D (m>>1) to 2-D or 3D. We investigated Kohonen self-organising feature map
(SOM), principal components analysis (PCA) and Sammon's mapping (SM) for mapping of EEG f'eature vectors.
The experimental,,closed-eye-EEG" database consis[s
of 123 schizophrenics, 84 depressives and 2l healthy controls taken within 30-s intervals, gathered at FU Berlin. 32
of the schizophrenic patients were unmedicaterJ, 24 received Haloperidol, 39 were treated with Perazine and 28
with Clozapine. 30 of the depressive patients were treated
with Amitriptyline and 54 did not receive any medication.
EEG was parameterised by Hjorth's parilmeters, correlation dimension, spectral powers and coherence data. The
time window T used for feature extraction was 30s. From
the original database smaller ,,two-class" data sets were
created. These smaller data sets were then used for training
(error backpropagation learning algorithm) and testing of a
neural network utilising the principle of sensor-fusion and
,,n-fold" crossvalidation. This was necessary to do since the
number of patterns in the data sets was very small.
RESULTS

Classification results of the groups of schizophrenic,
depressive and normal subjects obtained by MLP based on
different types of parameterisation (Hjorth's parameters,
correlation dimension, spectral powers and coherence data)
are presented in Table 1. The first number after the acro-
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nym MLP represents the number of the input units, the
second one stands for the number of hidden layer neurones
and finally the last one is the number of output neurones.
The pairs of numbers in the table correspond to the mean
and variance of the average correct classification.

Acknowledgements:
This paper was done in the framework of the BIOMED-

1 concerted action ANNDEE (BMH1-CT94-1129) sponsored by the European Commission, DG XII, and the Austrian Federal Ministry of Science, Research and the Arts.

DISCUSSION
REFERENCES

general, average correct classification (ACC) was
around 50-75Vo for most comparisons (Table 1). Unfortunately we cannot compare our results with the results of the
linear discriminant analysis [3], since the authors used the
same data set for training and testing of the classifier.
The main reason for our low value of ACC is according

In

tll
tzl

to us the fact, that the parameterised database of nonactivated EEG, which we have at our disposal, is not very
representative. Data mappings into 2-D based on SOM,
PCA and SM show that there exists large overlap between
the classes. However, such an overlap is in line with clinical reality, because there are no sharp boundaries between
the studied classes. It would be desirable if overlap on
EEG-level would be in agreement with overlap on psychopathological level.

t3l

E.Niedermayer, F.Lopes

da Silva,

Electroencepha-

lography: Basic Principles, Clinical Applications and
Related Fields, Urban&Schwarzenber g, 1982.
J.Magdolen, Automatic Detection of Epileptogenic
Phenomena in the Human Electroencephalogram,
PhD Dissertation Thesis, Faculty of Electrical Engineering and Information Technology, Slovak Technical University, Bratislava, Slovak Republic, 1995.
G.Winterer, N.Postnikov, M.Zlller, E.Niestroj, K.

Frick, S.Heinz, M.Marquart, M.Lewinsky, W. Hermann,,,Signalkomplexität versus Spektralparameter
in EBG-Zeiteihen von psychiatrischen Patienten:
Eine retrospektive Klassifikationsstudie", Z.EEGEMG, Yol. 26, pp. 6L-71, 1995.

t4l B.Gallhofer, M.Jantscher, ,,Quantitative Wach-

Elektroenzephalographie in der Psychiatrie: Eine Lit-

CONCLUSION
paper we presented a method for identifying
psychiatric disorders in EEG, based on MLP and data dimensionality reduction mappings, with average correct
classification of 50-75Vo.In the meantime we devote a
great effort to improve our results. Our aim is to perform

In this

EEG pararneterisation over smaller time segments and thus
to make it much more precise. Moreover, our goal is to investigate other possible methods for EEG parameterisation
and to determine which of the features have the most discriminant power for identification of certain psychiatric
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Table 1. Average correct classification of the test set
l

Please, consider these values only for infonnation. In this
case the network is highly over-specified.
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