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Abstract.

By combining methods from artificial intelligen@d signal analysis, we have developed a hybrid

system for medical diagnosis. The core of the system is a fuzzy expert system with a dual source knowledge bas
Two sets of rules are acquired, automatically from given examples and indirectly formulated by the physician. A
fuzzy neural network serves to learn from sample data and allows to extract fuzzy rules for the knowledge base
A complex signal transformation preprocesses the digital data a priori to the symbolic representation. Result:
demonstrate the high accuracy of the system in the field of diagnosing electroencephalograms where it outperforn

the visual diagnosis by a human expert for some phenomena.
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1. Introduction

The emerging need to evaluate a vast variety of
electronic patient data, often in the form of multi-

expert systems, fuzzy logic, hybrid systems, medical diagnosis, neural networks

mapping technique will be introduced, transforming
fuzzy variables into a neural representation.

To visualize the processing of real medical data in
such a system, we will demonstrate the diagnosis of

dimensional signals, raises the demand for automatedelectroencephalograms (Section 2). Other types of data
diagnosis methods. We have modelled the cognitive will also be appropriate for diagnosis in this system.
process of diagnosing an electroencephalogram (EEG)We will describe the system without relating it too

(see Fig. 1) in a hybrid system incorporating methods
from Artificial Intelligence (Al). To optimally relate

the automatic diagnosis to the human model, we com-

bined an Al-system with a signal analysis approach for
preprocessing.

At our institute of intellectics, the science that in-
corporates research about Al and cognition [1], we
have modelled the cognitive process of diagnosing
EEGs in a hybrid system. Here, we will describe a
novel hybrid system consisting of a fuzzy expert sys-
tem for rule-based reasoning with a fuzzy neural net-
work for the automatic acquisition of knowledge in
addition to the indirectly acquired knowledge from
an expert (Section 3). The automatic acquisition of
rules by the network is implemented in parallel with
the classical formulation of expert rules. All compo-

much to the specific application. Also, related topics
are proposed that offer similar processing to visualize
other possible applications of the system.

With our results (Section 4) we show how the au-
tomatic system outperforms the accuracy of a human
expert in one topic of EEG diagnosis. In addition,
we found out that the automatic acquisition of rules
by learning from examples generates not only quan-
titatively more rules but also rules with qualitatively
higher precision than the indirect method of formulat-
ing expert rules. A pruning algorithm is proposed to
reduce the rule base in case of overfitting due to too
many rules of negligible rule strengths. Also, we will
give a brief description of how to extend the capabili-
ties of the system by exchanging existing components
or integrating new ones.

nents of the system are based on a fuzzy representation Finally, a discussion will summarize the pros and
(Subsection 3.2), serving as an interface notation be- cons of our method in Section 5 and some Internet
tween the components and making a fuzzification of in- pointers are provided in Section 6 to access parts of the
put data necessary. In Subsection 3.3, a very effective hybrid system.
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Figure L Ten seconds of EEG, containing three bulbus artifacts (eye movements) in seconds 0, 7.5 and 8.

2. Electroencephalography Table 2 Medical definition of verbal
attributes to describe EEG amplitudes.
Electroencephalography is predestinated to auto- Verbal description Amplitude

matic analysis, since the data is registered electron-

ically and need not be transformed into electronic L°""_ <20uV
format any more. On the contrary, for human visual Medium 20 to 6QuV
inspection EEGs would need to be visualized on paper High >60uV

or on a screen. In a routine EEG recording approxi-
mately 16 to 20 traces of EEG are registered at certain
locations on the scull. The trace of an EEG consists
of so-called graphoelements, the smallest meaningfu
graphical elements, and is sometimes superimposed
by artifacts. The main activity in healthy persons
is the basic rhythm being a sinusoidal waveform of
spindle-shaped modulated amplitude in the range of
eight to twelve Hertz (cycles per second). Pathological
graphoelements are waves that differ from this con-
tinuous activity and mostly occur in form of slower
frequency components (slow waves) or spontaneously
high amplitudes (spikes). Artifacts are also deviations
from the basic rhythm but do not result from brain
electric potentials but from other physiological signals
(e.g., eye movements or muscle contraction).

The diagnosis of electroencephalograms evaluates
the basic rhythm and interprets all occurring graphoele-
ments and artifacts. The basic rhythm is described in |
form of its amplitude and frequency and the deviation
overtime ofthe two. Physicians use certain attributesto
address different frequency ranges of EEG phenomena
as shown in Table 1. Similarly the terminology to de-
scribe the amplitude of an EEG componentis somewhat

standardized even though attributes from everyday lan-
| guage are used (see Table 2).

Graphoelements have to be differentiated from arti-
facts of similar waveshape. This is sometimes possible
only with knowledge of the location of the graphoele-
mentand knowledge about the activity in other loca-
tions. Certain graphoelements are reliable indicators
for diseases but have different meanings depending on
the age and mental condition of the patient. For the
above reasons, a number of requirements have to be
met by our system that may also be important for dif-
ferent domains:

e The processing of EEGs needs to be robust against
noisy raw data.

Reliable features need to be extracted from prepro-
cessed data.

Numerical data has to be represented symbolically
in order to do symbolical reasoning.

A suitable symbolical representation for the descrip-
tion of signalsand non-numerical EEG parameters
has to be supplied.

The vagueness of medical rules must be regarded.
e Aninferencing mechanism for vague logical reason-

Table 1 Overview of the medical frequency bands. ing is needed.
Band name Frequency Possible interpretation
. Wh Hybrid?

Delta@) <4 Hz Artifacts and pathologically 3 yUsea yb d

slow activity dical d hati dand del icall
Thetag) ca. 4-8Hz  Usually pathologically slow _Me ical datat _at IS measure a_n store e_ectr_omca_ y

activity is very well suited for automatic processing since it
Alpha) ca. 8-12Hz  Basic rhythm need not be r(1:.on.verted toI an elefctrokr:lc representation
Beta) 12 Hz Cognitive processes any more. This is not only true for the demonstrated

EEG example but also for other elctrophysiologic time
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series (ECG, EMG, etc.) and medical image data (CT, offered by fuzzy representations allow pseudo-verbal
MRI, PET, etc.). descriptions close to natural human expressions.

The evaluation of an EEG is based on time series  Since in humans the complex processing of multi-
of numerical values. To deal with numerical problems modal information is based on applying multiple pro-
of this sort, various signal analysis approaches are ap-cesses, researchers now try to apply hybrid architec-
plied in medicine to process the electronically acquired tures to achieve the same [7]. Single approaches have
data. Instructive insights were taken from transforming brought up remarkable results in Al but they are not yet
the time domain EEG into its frequency domain repre- able to deal with more complex tagksThus, there are
sentation by the Fourier transform [2]. But, all signal three main reasons to apply hybrid techniquiesh-
analysis methods transform the data into a new rep- nique enhancemenmnultiplicity of application tasks
resentation or calculate new parameters. They are notand multi-functionality[7]. Technique enhancement
able to automatically reason about the newly generatedintegrates multiple methods in order to overcome the
data. Whenever computerizegasoningis to be car- limitations of the single approaches. A technique that
ried out on the resulting data, a transformation into a has a weakness in a certain aspect is combined with a
symbolicrepresentation has to be performed prior to technique that has its stregth in this aspect. -
the actual diagnosis process. In our hybrid system, we tiplicity of application tasksglescribes the fact that a
show a new method of preprocessing and symbolizing problem consists of many different subproblems that
medical data for subsequent reasoning with techniquescannot all be solved by the same method. Thus, dif-
from artificial intelligence. ferent methods are to be applied—each addressing one

Most popular among Al methods in medicine are of the subproblems. If a single architecture is capable
knowledge based systems [3], modeling the diagnos- of performing multiple information processing tasks it
tic behaviour of experts. An explanation component will be consideredmulti-functional Based on these
makes a generated diagnosis transparent to the user. Aactors a classification scheme for hybrid systems was
variety of such expert systems is being used in every- proposed in [7]:
day practice of physicians since Shortliffe introduced
MYCIN [4], an expert system designed to diagnose Function-replacing hybrids: This class of hybrids re-
infections of the human blood. One of the greatest dif-  places the principle function of a single approach
ficulties in designing a convenient expert systemis the by another processing technique according to the
acquisition of the knowledge base, since rule-based principle oftechnique enhanceme#i.g., the weight
systems are usually unable to learn. Our hybrid sys- change calculation of a neural net by a genetic algo-
tem introduces a new approach where a dual source rithm would belong to this class.
knowledge base is generated by indirect and automatic Intercommunicating hybrids: Due to themultiplic-
knowledge acquisition. ity of application taskst is sometimes required to

Neural networks have also made their way into di-

agnosis. They are able to learn relationships between

data sets by simply having sample data fed into their
input and output layers. In the field of pattern recogni-

tion in medical data, neural network based approaches

have led to quite remarkable results, for example in

apply multiple autonomous processes that commu-
nicate with each other. Sudhtercommunicating
hybrids collectively solve a complex task and are
co-ordinated by a control mechanism. An expert
system calling a neural net to search patterns could
be a possible application.

processing EEG traces [5]. But, in the domain of med- Polymorphic hybrids: If a single method can achieve

ical reasoning, it is strictly required that a diagnosis is

the functionality of different processing techniques

understandable to the physician (e.g., via an explana-
tion component). This requirementis not met by neural
networks, since their processing can notretrospectively
be examined. Hence, we are not using them for the di-
agnosing task, but for automatic rule generation.
Fuzzy logic [6] also makes its appearance in  Our hybrid system combines a signal analysis ap-
medicine, dealing with the vagueness of verbal expres- proach for EEG preprocessing, fuzzy logic to repre-
sions. Terms likemany few or probablyare hard to sent vagueness, a neural network for automatic knowl-
model with conventional logic. The linguistic variables edge acquisition and an expert system for symbolic

according to the principle ahulti-functionality it

is considered golymorphic hybrid A neural net
applied for symbolic reasoning would belong to this
class of hybrids.
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Figure 2 Schematic drawing of the hybrid system.

reasoning according to thmaultiplicity of application mapped to the input neurons via the two-dimensional
tasks Since all four components are interconnected mapping scheme. After completed training, rules de-
and need to communicate to solve the complex task of scribing the diagnosis process are extracted from the
diagnosing an EEG the classification asimatercom- net. When the acquisition of knowledge is finished, the
municatinghybrid seems appropriate. Also, since the execution phase can be run, actually diagnosing medi-
fuzzy representation is intended to overcome the weak- cal data. Now the fuzzy features of a sample (e.g., an
ness of crisp reasoning in the expert system, the aspectEEG trace) are compared with the formerly acquired
of technique enhancemeistaddressed by the system. knowledge base via the inference engine. The fuzzy
The resulting assembly of four single approaches to expert system then comes up with a diagnosis.
form one hybrid architecture is shown in Fig. 2. The following five subsections describe the imple-
The top of the diagram indicates the preprocessing mentation of the components of the hybrid system in
by a signal analysis (Adaptive Frequency Decomposi- more detail and show the advantages and avoidance of
tion) that is application specific and serves as a basis for disadvantages.
the extraction of fuzzy features (light arrows). Within
the lower part of the diagram, grey arrows indicate a
learning or knowledge acquisition phase and solid ar- 3.1. EEG Preprocessing
rows indicate execution phase. During the learning
phase, two sets of rules are combined to form the dual Numerous signal analysis approaches are frequently
source knowledge base of the fuzzy expert system. On applied to medical data (e.g., [10]), helping physicians
the one hand, rules are gathered from physicians and onto interpret electronic patient data. E.g., the follow-
the other hand, rules are extracted from the fuzzy neural ing advantages are of highest importance for the topic
network. Forthe latter purpose, the netis atfirsttrained under discussion. Features may be extracted from the
to perform the physician's diagnosis task on sample signal that express certain phenomena, leading to a data
data [9]. For this purpose the fuzzy values have to be reduction if only those features are stored, rather than
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the whole signal. Also, raw data can be transformed the signal has to be represented in its frequency do-
into a more meaningful representation that contains the main rather than in its time domain. This is achieved
attributes of the human verbal description of the data. by any frequency transformation like the Fast Fourier
Nevertheless, signal analysis by itself can not serve as Transformation (FFT) [2].
a reasoning diagnosis but has to be considered as a pre- The so-called alpha rhythm is a phenomenon that
processing mechanism and needs to be combined withusually occurs in any healthy human, expressed by a
other methods. sinusoidal waveform of approximately 10 Hz as can be
Discretized values of a signal, whether they represent seen in Fig. 3(a) as a time signal. Figure 3(b) shows the
a time series, a spatial mapping or any other medical same data in frequency representation where the main
data, are relatively meaningless to a human interpreter. peak results from the continuous 9.5 Hz activity.
For visual inspection these values are brought into an  When additional waveforms are contained in the
expressive graphical representation. When a physi- time signal of an EEG, like the bulbus artifact (eye
cian describes phenomena within this representation, movement) in Fig. 4(a), also the frequency spectrum
he uses features that are not explicitly contained in the will contain additional peaks. In Fig. 4(b), the 2 Hz
raw data but generated by his interpretation. In order peak represents the slow but high-amplitude wave
to provide a representation of such data suitable for (bulbus artifact), the smaller camelback-shaped maxi-
reasoning with physician-formulated rules, the same mum in the range of 7 to 10 Hz results from the alpha-

features have to be extracted from the raw data. wave at the end of the signal and the 16 Hz component
Forthe case oftime seriesin generaland EEGs in par- represents the tiny ripples within the signal.
ticular, a description by means of frequency and ampli-  To cope with some peculiarities of EEG signals

tude is very common. To allow for such a description, that might not occur in other data, we developed the
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Figure 3 One second of alpha rhythm in its time domain (a) and frequency domain (b) representation.
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Figure 4 A bulbus artifact in its time domain (a) and frequency domain (b) representation.
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Adaptive Frequency Decomposition [11] to extract
meaningful features from the signals. We will not go
into the technical details of this specialized method
but would like to mention that it has been successfully
introduced to neurologists [12] and is being used for
clinical applications [13, 14]. The following methods
will be based on this frequency domain representation

about how to represent rules. Since these meta-rules
are not relevant for pure control applications and are
thus often neglected they shall be mentioned in the

sequel.
For the setM denoting all possible membership
terms{us, ..., ux} of a fuzzy variable in some uni-

verse of discours& we get:

of EEG data. Normalization: A widely accepted design criterion is

Prior to this preprocessing, analog EEG signals were
band-filtered with a bandwith from 0.1 Hz to 64 Hz to
eliminate direct currents and aliasing effects. Also, a
notch filter for the German line frequency of 50 Hz was
applied. Then, the signal was digitized into 12-bit data
format at a sampling rate of 512 Hz.

3.2. Fuzzy Representation

Since we want a description of vagueness and a fuzzy

the normalization criterion [17]:
Yuie M IxeX : uix)=1

This criterion is used for modelling existing but not
precisely measurable values and demands that at
least one point of each membership function is as-
signed the degree of membership 1 which is also
considered as the degree of acceptance. (Fuzzy vari-
ables obeying this criterion can also be interpreted
as possibility distributions.)

interfacing mechanism, data has to be transformed into cover Full Range: Since any point in a universe of

a fuzzy representation before being diagnosed by our
system. This process depends on the type of data and
shall be demonstrated via our EEG example.

Figure 5 shows the fuzzification of the varialfite-
quencyinto membership values with respect to elec-
troencephalograhy. Disjunctive frequency baddka
(8), theta(??), alpha(«) andbeta(B) have been defined
for this domain [15]. In combination with the fuzzifica-
tion of theamplitudeinto the termserq low, midand
high this allows to formulate rules like the following
that will be equally interpreted by all domain experts.

‘A bulbus artifactis a wave with alelta
frequency andhigh amplitude.’

Fuzzification for Reasoning: Inference, the mecha-
nism to draw conclusions from the knowledge base,
depends strongly upon the representation of the
knowledge itself [16]. Hence, effectiveness and
faultiness of a system are also affected by the repre-
sentation paradigm used. Here, we introduce a new

discourse has a certain meaning, it has to have at
least one attribute describing it. In human reasoning
there will never be a gap of description within the
range of one variable. Thus,

VXxeX3uieM : ui(x) >0

represents the requirement to fully specify the entire
range of a universe of discourse to avoid values that
can never fulfill any premise of a rule. Membership
designs like in Fig. 6 that include gaps between at-
tributes, will be excluded by this criterion. Also, for
the purpose of machine learning the entire range has
to be specified, since itis not known a priori at which
points in the universe of discourse the learning algo-
rithm will lay its premise or conclusion attributes.

/X,

representation paradigm consisting of a set of rules Figure 6 Forbidden gap between membership functions.



A simple criterion that implies the above criteria is the
sum-of-1-criterion § * 1-criterion ):

Vxe X: Z uix)y=1
i €M

1)

The fuzzy variablérequency(depicted in Fig. 5) obeys
this criterion by letting the sum of all membership func-
tions at any point in the universe of discourse being 1.
In contrast to natural language variables, where
membership functions mostly atew, mediumand
high, for scientific variables there often exists a com-
mon terminology within a certain domain. For exam-
ple, a frequency of a couple of Hertz would be consid-
eredhigh for a seismic domain, whereas some Mega
Hertz might still be calletbwin Satellite Communuca-
tion. Most often there exist terms like Ultra High Fre-
quency (UHF) or Very High Frequency (VHF) to de-
scribe a range of a variable. This type of scientific

terms bear the nature of being well separated, e.g., a

frequency can never be UHF and VHF to the same ex-
tent. This disjunctive property of attributes assigned
to variable ranges is often implied when experts for-
mulate rules and should be taken into regard by the
representation. Thg 1-criterion ensures this type of

disjunction. Whenever a membership value decreases
from 1, another value has to increase from 0 (e.g., when

one thinks of a temperature not to be warm any more
with a degree of 1, one assumes it to be cold with a

degree above 0). Thus, the sum of membership values
to be assigned to a point in the universe of discourse

Symbolical Reasoning 345

No three at a time: The abovementioned disjunctive
property also implies that in case of uncertainty over
which membership to assign, a maximum of two
adjacent membership functions may be activated:

vxe X |{ui € M| ui(x) >0} <2

A reproach often made to fuzzy logic is that mem-
bership functions are retuned after first tests have failed
and that they relate in no way to any plausible point of
view. To avoid this, we have designed the terms in
correlation with a number of related publications [18].
In areas where there is agreement about the attribute
of a variable we have assigned the value 1. Where we
found disagreement, we have put the transitions of our
membership functions.

Summarizing the fuzzification aspects, we would
like to point out that whenever inference is applied to
Fuzzy Logic, certain criteria should be regarded when
designing the membership functions. This will assure
adequate modelling not only of expert knowledge but
also of the expert domain and its implicit inference
rules (e.g., disjuntive membership terms). Design of
membership funtions should be carried out only once
and prior to their usage:

o Relate the ranges of membership functions to scien-
tific results in literature.

e Use common terminology from related work to name
your membership functions.

is always 1, since one does not lose the confidence to Obey to the)" 1-criterion (Eq. (1)).

describe the point completely—but rather chooses two
different descriptions. This is expressed by the crite-
rion of full acceptance (see below).

Three additional features can be derived from the
> 1-criterion that make good sense in reasoning pur-
poses:

Full acceptance:The degree of acceptance does not
have value 1 only at one point in the range of a vari-
able, as demanded by the normalization-criterion,
but at every point:

Yui e M:ui(x) <1

=3dujeM, j#i 1 ujx)>0

Negations:It is now possible to express negations not
only by u—-j(xX) = 1— u;i(x) but by means of the
remaining membership functions:

Vi e M () = ) w0
wjEM, j#i

3.3. Mapping Fuzzy Variables to Neural Networks

In order to learn a pattern recognition or diagnosis pro-
cess in a neural network, the fuzzy features have to be
mapped into the input layer of the net. Here, we demon-
strate a new method of mapping two-dimensional fuzzy
variables into neural networks, minimizing the number
of neurons in the network and keeping their number
constant.

The eight terms of the two four-term fuzzy variables
frequencyandamplitudemust be mapped into the input
layer neurons of our neural net. In a straight-forward
manner eight neurons would be implemented in the in-
put layer each of which would be assigned the member-
ship value of one of the eight fuzzy terms. This would
allow the representation of exactly one spectral phe-
nomenon. But in every time-slice of EEG there exist
various different phenomena. For example, the main
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Table 3 Calculation of the neural activity from fuzzy membership values.

Neuron Membership functions Values Neural activation
Ngettaxzero( f, @) = Hdelta( T) - tzero(@) =06-06= 0.36
Ngettaxiow (f, &) = tdelta( T) - tiow(@) =06-04= 0.24
Nthetaxzero( f, @) = tneta( T) - tzero(@) =04-06= 0.24
Ntheta<tow (T, @) = theta( T) - tiow(@) =04-04= 0.16

Sum of activation: 1.00

rhythm should be present in any healthy subject, de- represented. So the two-step process of transforming
scribed asa wave with an alpha frequency and a mid points from a frequency spectrum to neural activity,
amplitude Also there might exist artifacts at the same represents a quantization that preserves the topography
time—mostly bulbus artifacts resulting from eye move- (e.g., a spectral component will have the same locali-
ments described agaves with delta frequency and high  sation in the spectrum and in the neural map).
amplitude If more than one feature were encoded in  The example shows the fuzzification of a spec-
eight neurons one could no longer decide which am- tral component. A frequencyf =3.8 Hz is fuzzi-
plitude belongs to which frequency (called the binding fied to the membership functiongseis( f) = 0.6 and
problem, [19] pp. 88-90). Therefore, to represent mul- pihet f) = 0.4 while an amplituden=5uV fuzzifies
tiple phenomena eight neurons would be required for to uzero(@) =0.6 anduow(a) =0.4. This is indicated
each phenomenon. Since the number of features con-in Fig. 7 without values and in Table 3 the calculation
tained in every time-slice varies through the EEG (hot of the neural activity is shown. The resulting cross
every sample is deranged by an artifact), a represen-product of membership values is mapped into the 16
tation is needed which is capable of coding multiple neuronSNequencyamplitude
phenomena in a constant number of neurons. Depending on the values of the membership func-
Figure 7 shows such a coding scheme with 16 neu- tions involved, one, two or four neurons can be acti-
rons, each representing a combination of two fuzzy vated by a single feature of this two-dimensional do-
terms. The 16 encoded combinations can be regardedmain. For the sake of an equal interpretation of the
as the cross product of the two fuzzy variables (similar rules aquired after learning, an equal representation is
to the tensor product [20]). Since now the two vari- needed for every feature resulting in a need for an equal
ables are put into relation, one can activate multiple sum of activation. In analogy to tHe 1-criterion for
neurons and still differentiate the features that are being membership functions (Eq. (1)), we demand that the
sum of activation in all neurons resulting from one
spectral phenomenon with frequentyand amplitude
o i - aequals 1. We call this theum-of-1-criterion for neu-
hgh R e | ral activity:

arplihede g4

vieFaeA: Y Ny(fa=1

i € {delta...,betd,
j € {zera...,high}

whereF and.A denote the two universes of discourse
for the two fuzzy variable$requencyand amplitude
In general, this leads to:

VxeX,ye): Z Nixj(x,y)=1
ieM;,
jeM;
where M; and M; denote the sets of possible mem-
bership terms of two fuzzy variables with universes of
Figure 7. Two-dimensional mapping scheme. discourseY and) .
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In order to fulfill this criterion, we chose the alge- mapping technique is applied.
braic product to implement trendcombination of two
membership termisand j in each neurom; . j. Only fop =
by this implementation, we can guarantee to satisfy the n+m
> 1-criterion for neural activity.

n-m

In the case oBmplitudeand frequency each having
four membership termsf has to be above 2 to result
in a reduction of neurons needed. Due to the fact that
at least two spectral components occur in every EEG
sample ¢-basic rhythm and cognitivg-activity), the
mapping technique also shrinks the network size.

Proposition 1. Let there be two fuzzy variablesV
and \2 in two universes of discours¥&; and X, with
sets of membership termd; and M., satisfying their
> 1-criteria for membership functiond).

VX1 € A1 Z pi(xy) =1 (2
ieM 3.4. Fuzzy Neural Network
VX2 € Xy, Z Hmi(X) =1 (3
ie My The fuzzy features, presented to the neural network by

the two-dimensional mapping method, are then trained
Then the elements of the cross product afavid V2 to be detected by the net. Among the great variety of

will sum up tol. neural network architectures, ranging from “vanilla”
backpropagation to more enhanced radial basis func-
Proof: tion networks (RBF), we chose a fuzzy-neural architec-
ture. We compared different types of fuzzy networks,
VX € A1, Xpe Xyt Z i (X1) - e (X2) that allow us to extract rules after learning, to con-
i €My, ventional approaches in [21] and decided on a net-
jeM; . . .
work called FuNe (for details on implementation see
= ) o) Y 1) [22]).2 The special multilayer perceptron architecture
heM jeM, is trained with a gradient descent algorithm. There ex-
= Z wi(Xg) -1 due to(3) ist three types of neurons in the hidden layer grouped
ieMy together topographically. One group of neurons can
— Z i (X1) perform only theor function of multiple_inputs while
i ey another group only performs tiaadfunction. As there
-1 due to(2) O may also be unary rules, composed of simple one-

term-premises, there is a third group of neurons having
single inputs and single outputs. The output neuron
simply acts as aor function of all middle neurons. In
the initial state, the fully interconnected network rep-
resents all possible logical functions of-premises,
and-premises, and the lénary premises. The total
number of hidden neurons, in (4) can be reduced by
limiting the number of premise termp,

Clearly, we can use the same argumentation to prove
the correctness of thg’ 1-criterion for neural activity
for any arbitrary numben of dimensions instead of
thisn = 2 example. Hence, the mapping scheme and
all of its advantages and possibilities, overcoming the
binding problem with a limited and constant number
of input neurons, applies for any multi-dimensional
variable that can be represented in the above formalism. o
For two fuzzy variables, one havimgmembership n=2. Z (16) +16 4)
terms and the other havirmg membership terms, this =\
results in a fixed number af - m required neurons
as demanded above. In the abovementioned straight- After the learning process, all connections below a
forward mappingn + m)- f neuronswould berequired certain threshold are eliminated. A similar pruning
for a number off features occurring. Thus, there is method has been proposed by Le Cun in 1990 [24] in
a certain number of features above which this method order to increase learning speed—but, it is also use-
also results in a data compression (break-even point). ful for limiting the number of resulting rules. This is
If the number of features exceeds the braek-even num-of special interest to us, because we will extract ex-
ber, fgg, the number of neurons required is less if our actly these rules after the training and want to avoid
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Figure 8 Neural network after completed training.

rules with negligible rule strength for the sake of better
interpretation (see Section 4.3).

A network trained to detect bulbus artifacts is shown
in its final state in Fig. 8. As an example, the pattern
at the input neurons represents a bulbus artifact (ba) in
a simplified mannér The delta frequency component
is high while all other frequency components are low.
The artifact is detected in the output neuron, shown
by its activation of 1. Some of the inputs no longer
contribute to the detection task at all, since their low-
weight connections have been pruned.

Rules R1 to R3 are extracted from the three shaded
neurons of the network and build up part of the knowl-
edge base for the fuzzy expert sysfem

R1: IF delta mid OR delta high THEN ba
R2: IF delta zero THEN -ba
R3: IF delta high THEN ba

Not all of these rules contribute to the result in
the same way, which is expressed by different rule
strengths. The strength of a rule is computed from
the weight of the connection between the neuron rep-
resenting the rule and the output neuron. Rule (2) has
a negative strength indicating a negation of the conclu-
sion (dashed line in Fig. 8).

3.5. Fuzzy Expert System

The heart of our hybrid system is a fuzzy expert system,
called FuzzyCLIPS [25], derived from CLIPS [26].
This expert system consists mainly of three compo-
nents (see Fig. 2, ‘Fuzzy expert system’), ttheal
source knowledge basmntaining the combined rule
sets from indirect and automatic knowledge acquisi-
tion, theuser knowledge basehere the actual phenom-
ena of a patient are entered, and itference mecha-
nismconcluding a diagnosis from the former two.

The calculation of a rule premise in our fuzzy expert
system is shown in Fig. 9 in a graphical representation
for the rule

IF alpha mid THEN basic rhythm

The premise of the rule is considered as tbejunc-
tion of the two membership functiorepha and mid
in the linguistic variablegrequencyandamplitudeas
indicated by the grey pyramid.

LTS

FRESREET

Figure 9 Two dimensions of a spectral component as two linguistic varididesiencyand amplitudeshowing the conjunctiopaipha( f)
AND umig(@). The resulting membership value of the grey pyramid has to be projected to the contlasiomhythnthat is defined in a

different universe of discourse.
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Correctly, this would be formalized as fuzzy modus Thefirstrule, R3, isthe formalized representation of the

ponens for approximative reasoning [27]: verbal rule for a bulbus artifact (BA) from Section 3.2
while the second rule, R4, describes so-caftedtal
p=c, p intermittend rhythmic delta activityif the two rules R3
c and R4 have the same importance (equal rule strengths)
. L . one certainly needs a further rule to make a decision,
reading asfrom an implication p= ¢ and a premise like

p’, one can infer the conclusion dther than in classi-
cal logic, here, premise and conclusion are not simply
true (0) or false (1) but have membership values in
the range [01]. Thus, the premise will be written as
p=up(x) and the conclusion as= uc(y) wherex
andy are elements of two universes of discourse
and). Additionally, there is a membership function
ur of the rule or implication,

R5: IF occurrance rhythmic THEN FIRDA

which contributes to one of the former conclusions. The
same is supposed for our dual source knowledge
base. There may very well be phenomena that exist
in sample data that lead to rules while the same phe-
nomenon is described differently by the expert rules. In
this case the resulting uncertainty has to be solved by a
higher rule strength for the more probable rule or a fur-
ther rule, manifesting one of the possible conclusions.

Besides an explanation component it is also impor-
tant for this medical application thatdn’t knowcon-
clusion exists, telling the user if abnormal phenomena
were detected but could not be interpreted.

VX, y) € X x YV ipur(X, y) =MIN(ip(X), te(y))

Given the membership valyey (x) of a factp’, now
we can infer the grade of membership (y) of the
fuzzy conclusiore’ being the maximum of all possible
minima inX’.

VXL, Y) € X XY 1 pue(y)
= M(,EA\)Z((MW(MP,(X)’ 1R(X, V))) 4. Results

EEGs were recorded from a total of 24 patients dur-

When acquiring rules for the knowledge base of an ing routine neurologic medical check-up (13 males, 11
expert system, two major paradigms apply: indirect females) plus one extra dummy EEG to train the physi-
and automatic knowledge acquisition. For the case cian in handling the system. Actual diagnoses by the
of indirect knowledge acquisition the system is taught physicians were ranking from healthy (volunteer test
which rules lead to the desired decision capability. Au- person) over severe epilepsy to brain death. Each pa-
tomatic knowledge acquisition is applied when this tient recording lasted approximately 20 minutes. Ac-
knowledge is incomplete but examples may serve as cording to the international 10-20 systen6 traces
ateacher for machine learning techniques. Our knowl- of bipolar electrode recordings were considered for our
edge base consists of two differently acquired sets of experiments. EEG raw data was split into two separate
rules. Thefirstoneisacquiredindirectly fromanexpert data sets for learning and evaluation. The system was
by having him explain the rules that he uses to solve the trained with manually selected data samples from the
diagnosis task. The second one is acquired automat-learning set and evaluated with all samples from the
ically by machine learning in a neural network. The eyaluation set. The fuzzy neural network was trained
resulting dual source knowledge base integrates two with preprocessed one—second EEG 5amp|es from dif-
autonomous rule sets. They might contain rules that ferent traces. Since every second of EEG contains
are equal in premises and conclusion but different in multiple relevant phenomena, several thousand data
the degree of Certainty, which results in contradiction in samp]es were used for training and evaluation.
the worst case. As proposed by Holland in 1986 [28],  For the task of evaluation, we worked with two in-
we do allow these contradictory rules, postulating itas dependant neurologists. One of them based his diag-
a natural feature of decision processes. The following nosis solely on the visual analysis of the EEG raw data.

example might shed some light upon this matter: The other one used the list of detected phenomena and
was only shown selected EEG samples by the system.
R3: IF delta high THEN BA The presented samples were used by the explanation

R4: IF delta high THEN FIRDA component as justification for the inferred diagnosis
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results. Since the neurologist using the automatic di- the frequency and amplitude of the basic rhythm. Ad-
agnosis system saw only about 0.5% of the actual EEG, ditionally, certain graphoelements are detected such as
the application of the system resulted in a significantde- bulbus artifacts, electrode artifacts, transpiration arti-
crease of needed diagnosis time—neglecting the time facts, slow activity in the delta or theta band and epilep-
for the system to run the rule inferencing proée3$ie tic seizures (see 5.1 for spikes and sharp waves). Their
experiments were conducted across all patients. temporal and spatial occurrance is then evaluated and
When talking about results in medical diagnosis, we higher-order phenomena are reported to the medical
would first like to mention one major point on which expert (Berger effect, focal pathologic slow activity,
to put the main focus. Other thanin common detection generalized pathologic slow activity and hyperventila-
tasks it is not sufficient to simply watch the overall per- tion responses).
formance of the system in terms of average error, like  Except in one case, for all of the patients under in-
it would be appropriate for character recognition, for vestigation, our system was able to detect enough of the
instance. The diagnosis performance must be split up patient’s EEG-phenomena to lead the two independent
into the missing of phenomena, called false negatives physicians to diagnoses that were identical in medical
(FN), and the accidental finding of phenomena which relevance. They both agreed on the conformity of their
are not actually present, called false positives (FP). For diagnoses. But, a lack of EEG activity, as in the ex-
certain diagnosis types, it is very important to have amined case of brain death, also resulted in a lack of
absolutely no false positives whereas a few false neg- applicable rules, thus leading to a failure of the system.
atives are still acceptable, like in diagnosing cerebral Thiswas the reason forthe abovementioded't know
death. Vice versa, in other cases it is important to have conclusion that we implemented retrospectively.
no false negatives, like in diagnosing epileptic seizures  In the sequel, the potential performance accuracy of
for emergency purposes. (Both examples were chosenthe system is demonstrated with respect to detecting
from the class of EEG diagnosis tasks.) bulbus artifacts. Figure 10 shows two diagrams illus-
trating false positives (dashed line) versus false nega-
tives (solid line) as a function of a certain thresheld
4.1. Medical Phenomena (FP/FN-diagram) for the detection of bulbus artifacts.
The decision of the system, whether it is a bulbus ar-
Our system is not intended to come up with a final tifact or not, is represented by an analog value in the
diagnosis including medication and further treatment range from0to 1. For a binary decision, a threshe)d (
but it is supposed to support the physician with ob- is needed, above which a BA is assumedk i$ cho-
jective measures about the EEG. As a first decision sen too high, not all BAs are detected, resulting in false
criterion, the doctor is supplied with qualitative and negatives. For too low a threshold, phenomena which
guantitative information about the basic rhythm of the aren’t BAs are detected—thus representing false pos-
patient. This information is given in form of localisa- itives. In Fig. 10(a) there is a wide gap between false
tion, spatial extent and temporal persistance as well aspositives and false negatives (0.3—0.6). A threshold

100 T T T T 100

=] a0

61 b 60

Percent
Percent

a0l 40t

20} % 2w

[} 0.2 0. .8 0.8 1 0 0.2 0.4 .8 0.8 1
'Iq-nresholff 'I‘l'uresholclD

(a) (b)

Figure 10 False positive BAs (dashed) and false negative BAs (solid) of a patient record containing no other artifacts than bulbus artifacts (a)

and of a patient record with additional electrode artifacts (b).
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centered in this gap will assure a high probability for are listed, while rules with lower rule strengths were
neither diagnosing false positives nor false negatives. pruned (see Section 4.3).
The example of Fig. 10(b) nicely demonstrates the

degree of accuracy of the system. The diagram shows del I?(;emisg: fta higth Concllgsion: RS:

only a narrow gap for the threshold, proposing possible elta, ";I' IOR elta hig b a 1.75

misses in future data. The system can correctly diag- elta ZEr0 a 131
delta high ba 2.73

nose all existing bulbus artifacts in the patient record

with ease, shown in the narrow band of false nega-  The detailed rule base is the reason why the sys-
tives (rightmost peak in Fig. 10(b)). Nevertheless, the tem was able to detect low-amplitude artifacts (see

wide scope of apparently false positives gives rise to Fig. 10(b)). This would not have been possible with
the assumption that the diagnosis performance is of the mere expert rule.

minor quality, since with a threshold ef= 0.5, 10%
diagnosed BAs seem to be false positives. Retrospec-
tively examined, it showed that those false positives
were indeed BAs, but of minimal amplitude and thus
overlooked in the visual diagnosis by the human ex-
pert. Only the 1.8% false positives that remained up to
athreshold of = 0.94 were not BAs but electrode arti-
facts, being graphoelements that are somewhat relate
to BAs in terms of frequency and amplitude and can
only be kept apart by an inter-electrode examination
that we implemented in an additional rule. Thus, we
showed with these results that the system’s precision is
of high accuracy.

The comparison of the two rule sets, serving as basis
for the dual source knowledge base, brought up two
interesting results.

4.2. Overcoming the Disadvantages
of Single Approaches

The fact that a rule base does not fully cover all pos-
sible phenomena in sample data is taken into regard in
dour hybrid system by splitting the rule base into two
parts—one formulated by a human expert, and another
one generated by machine learning. A fuzzy neural
network with the possibility of extracting knowledge
in the form of rules achieves the automatic acquisi-
tion. Also, the fuzzy expert system we use can handle
the mentioned problem of representing vagueness by
applying linguistic fuzzy variables from Fuzzy Logic.
Our fuzzy neural net is easily interpretable due to a
limited but logically defined architecture which solves

e The automatically generated rule set, extracted from theblack-box phenomenorOf course, this is bought
the network, contained more rules than the one in- With a decrease of generalization ability. Limiting the
directly acquired from the expert. These extra rules nheuron’s functionality to logical operations may re-
seem redundant at first glance, because the expertsult in not being able to solve a detection task that
can easily distinguish between different phenomena Would well be solvable with a standard backpropaga-
on the basis of more obvious criteria. But, for the tion algorithni. But, if the FuNe network error does

electronic system designed to diagnose a vast variety cOnverge to zero, the knowledge that is represented
of phenomena it may very well be of great impor- within the network architecture can be extracted in

tance to ‘know’ every extra description neglected by form of rules. Since in our network every neuron rep-
the expert. resents the premise of a rule, it is possible to weaken,

e The extracted rules were more precise in their de- Strengthen or freeze a premise orawhole rule, allowing
gree of fuzzy membership, since they were actually interaction with the learning process.

calculated from examples. By integrating the signal analysis into our hybrid
reasoning architecture, we are now able to interpret the

For our example of the bulbus artifact, the physician numerical values automatically that previously had to
formulated the rule: be judged by a human expert.

IF freq = delta AND ampl = high THEN ba .
4.3. Knowledge Base Pruning

The automatically generated rule base contained a
whole group of rules with different rule strengths. The The complete set of rules, derived from neural network
premises, conclusions and rule strengths are shown bedearning contains a large number of different rules and
low (compare to the network connections in Fig. 8). is too complex to be evaluated by an expert. Thus,
Only the rules with rule strenghts (RS) above 1.0 the correctness can not be judged by the physician.
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Table 4 Pruning results. ¢ Instead of acquiring the whole knowledge base au-

tomatically from examples (inductive learning [31]),
orrefining arough knowledge base [32], we are using

Pruned Simple AND OR False Low amplitude BAs

<30% Increasing 0 0 adual source knowledge base. This knowledge base
30% 17 56 16 0 1 consists of two sets of rules, coexisting with equal
40% 4 8 1 0 4 importance, one generated indirectly from rules for-
50% 3 5 1 0 5 mulated by an expert and another one generated au-
60% 1 4 1 0 6 tomatically by machine learning in a neural network.
~60% Decreasing >0 6 This offers the full range of benefits from neural net-

work learning. Additionally, the automatically ac-
quired rules can be supervised and adapted in the ex-
Also, too large a number of rules, which have been  pert system, eliminating thalack-box phenomenon
adapted exactly to the sample data, results in a loss of (see Subsection 4.2).

generalization capability which is called the overfitting e The coexistence of the two resulting rule bases, with
problem. A pruning method for neural networks has  the possibility of competing knowledge, is not only
been proposed by [24] to improve learning speed by  permitted but desired. The competition of rules and
cutting down the number of weights in the net which the mechanism of taking further rules into account
also results in better generalization. The number of is part of the cognitive decision task.

weights differing from zero more than a val@éiés pro-

portional to the number of rules extracted from our ~ Besides the integration of the existing fuzzy neural
network FuNe2. It has been shown thateural net- network and fuzzy expert system, some intelligent in-
work can solve difficult problems efficiently if itis given terfacing techniques are introduced, that might equally
more neurons initially than it needs subsequefgg). be used for different applications:

We applied this result by training a fully interconnected

network and extractingll resulting rules before prun- ¢ A two-dimensional mapping technique, used to as-

ing off those rules with rule strength smaller than a
valuef. This threshold is increased, until a fixed per-
centage of rules is pruned (see first column of Table 4).

sign the membership values of linguistic variable
terms to input layer neurons of a network. By this
means, it is possible to input existing fuzzy rep-

When pruning more than 60%, the system starts tomiss ~ 'esentations into neural networks in order to au-

some bulbus artifacts (false negatives). tonomously acquire knowledge from sample data
Table 4 shows how the pruning results in a decrease ~ (see Subsection 3.3).
of the three rule types (Simple, AND and OR) leading ® Anapplication-specific fuzzification of spectral EEG
to a better interpretation. It also leads to an increase data that will work for most other multi-dimensional
of detected low-amplitude bulbus artifacts which add ~ data, especially other frequency domain data, like
to the number of high-amplitude bulbus artifacts that ~ Voice spectra in speech recognition, as well as all
remained stabfe Since these low-amplitude artifacts ~ kinds of medical images (see Subsection 3.2).
were initially overlooked by the visual examiner, this
demonstrates how the increased generalization ability
of the system outperforms the human expert.

Also, a paradigm for the design of membership func-
tions of fuzzy variables is introduced that is most useful
for reasoning purposes. In Section 4.2, we pointed out
how we were able to overcome some of the disadvan-
tages of the combined approaches by combining them
to a hybrid system. Our results (see Section 4) point
out some promising features:

5. Discussion

By combining three major methodologies of Atrtificial
Intelligence and a signal analysis approachinto a single
hybrid system we managed to combine most of their e We proved the possible precision of our system, be-
advantages, avoiding some of their disadvantages atthe ing more accurate than the human expert, when ap-
same time. plied to the task of diagnosing bulbus artifacts in
The hybrid system, described in this article, intro- EEGs.

duces the following new paradigms of modeling the e Comparing the two rule sets of our dual source
cognitive task of diagnosis: knowledge base it showed that the automatically
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Table5 The WWW addresses of some related web pages.

Topic URL

The author http://aida.intellektik.informatik.th-darmstadt.de/ ~chris
FuNe http://www.microelectronic.e-technik.th-darmstadt.de/rych/neuro.html
CLIPS http://www.jsc.nasa.gov/ ~clips/CLIPS.html

FzCLIPS http://ai.iit.nrc.ca/fuzzy/fuzzy.html

acquired set was more extensive and of higher pre- no conclusion, an additional rule could be generated
cision than the one indirectly acquired. by a supervising mechanism to indicate the occurrance
e By pruning our automatically acquired rule base, we of a conflict in the rule base to the user.
managed to increase the generalization of the system
and to avoid the overfitting problem (Section 4.3). 6. Internet Availability
e Adapting our system to specific diagnosis tasks is
supported by easy interfacing. The exchanging and Currently we are setting up an internet distribution of
adding of components is very easy, due to the mod- relevant parts of the system. Forinformation about this,

ular architecture (see Fig. 2). access the authors WWW-page. For sources of system
components by others than the author, corresponding
5.1. Limitations and Extensions WWW-pages are listed in Table 5.

The system proved to work well to diagnose those phe- Acknowledgments
nomena that can be represented in the frequency do-

main by the Adaptive Frequency Decomposition pre- The author expresses his thanks to Kung-Kiu Lau
processing. But, since frequency transformationis only who polished the English of this article and Antje
suitable for continuous waveforms, sharp transients Strohmaier who gave valuable comments on an earlier
such as spikes etc., can not be represented [33]. For thisyersion.
reason, we investigated the possibility ofimplementing
a wavelet analysis, that is widely used to detect such Notes
transients [10].

In [34] we introduced a wavelet preprocessing alter- 1. “The grander claims for rule-based Al (Artificial Intelligence)
native to the Adaptive Frequency Decomposition that in the 80’s seemed to fail in part because specialist practitioners
is supposed to work in parallel with that component either failed to understand or failed to flag the limitations of their

. . . single approach.. . there is no one definitive approach which will
(compare Fig. 2)' This also mcely demonstrates the explain cognition or solve complex problemsinstead, there are

possib_ility of extending and varying the hyb_rid Sys- a number of tools and models that can be applied under different

tem, since the architecture uses a standardized fuzzy circumstances’ (from [8], p. vii).

interface to interconnect the components. By a wavelet 2. _For a survey and critique of rule extraction from neural networks

analysis, a signal is generated from a spiky EEG that . '2 ge”ekra' Sfee,[23|]_)-_t i er 0 or 1|

S . . 3. For sake of simplicity, neuron activations are either 0 or 1. In

indicates the_occurrance of sharp tranS|epts, e.g.,a high reality they are assigned values in the rangeL alepending on

value of the signal repr_esents sharp transients while oW the membership functions.

values represent continuous slow frequency EEG seg-4. The - represents a negation in rule R2.

ments. The performance of the wavelet preprocessing5. See [29] for detalils.

has been evaluated in [35] who detected 85.2% sharp6- Since EEGs are not diagnosed by the person who records them,

. . ) but by a different person at a later time, this neglection seems
0

trgn&ents with a stgndard r'1eural qetwork and 88.8% _  °.

with the FuNel arch”eCture in the signal generated by 7. This did not occur for our relatively simple EEG signal analysis

the wavelet analysis. task. But, when we applied our fuzzy neural network to some
In future we plan to investigate the interference ef- of the problems of the UCI machine learning database, it showed

fects of a dual source knowledge base They oceur that we were not able to reduce the FuNe network error to nearly

. . L zero which was possible for a backpropagation net.
when the t"YO bases contain ContradICtory or similar 8. High—amplitude bulbus artifacts were easily detected both by the
rules with different rule strengths. For every case of  ppysician and by the system due to their significant shape (com-

perfect contradiction of two rules, possibly resulting in pare Fig. 1).
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