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Some of the inherent problems of expert system design, and the relevance of fuzzy logie, neural networks and
neuro-fuzzy computing in circumventing them are explained. Vurious existing models of neuro-fuzzy expert systems
arce described. A comparative study with the traditional und connectionist versions is given in tabular form. The
way of penerating lingnistic rules is explained with an example. The work on recent approaches using knowledge-

based networks in this regard has also been highlighted.
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RTIFICIAL neural networks (ANNs) [1-4] can be for-

mally defined as massively parallel interconnections of
processing elements that interact with objects of the real world
in & manner similar to biological systems. All information is
stored distributed among the various connection weights. The
networks can be trained by examples (as is often required in
real lifey and sometimes they generalize well for unknown test
cascs.

Fuzzy logic 1s based on the theory of fuzzy scts and, unlike
classical logic, it aims at modeling the imprecise (or inexact)
modes of reasoning and thought processes (with linguistic
variables) that play an essential roje in the remarkable human
ability to make rational decisions in an environment of uncer-
tainly and :mprecision. This ability depends, in turn, on our
ability to infer an approximate answer to a question based on a
store of knowledge that 1s inexact, incomplcte, or not Lotally
reliable.

We see that fuzzy sel theoretic models |5, 6] try o mimic
human reasoning and the capability of handling uncertainty,
whereas the neural network models atlempt to emulate the ar-
chilecture and information rcpresentation schemes of the hu-
man brain. integration of the merits of fuzzy set theory and
neural network theory therefore promises 1o provide, to a great
exlent, more intelhigent systems (in terms of parallelism, Tauit
tolerance, adaptivity and uncertainty management) 10 handle
real life recognition / decision making problems. For the fast
five to scven years, therc have becn several atiemplts |[7-10) by
rescarchers over the world in making a fusion of the merits of
these theorics under the heading ‘neuro-fuzzy computing’ for
improving the performance in decision making systems.

As the knowledge base of an expert sysiem is a repository
of human knowledge and since sgme of these may be impre-
cise in nature, often this may result in a collection of rules and
facts which for the most part are neither totally certain nor to-
1ally consistent. The expert system is also likely to be required
to infer from premises that arc imprecise, incomplete or not to-
tally reliable. The uncertainty of information in the knowledge
basc of the question-answering system thus induces some un-

Paper No 51-B, Copynght ©1996 by the 1ETE.

certatnly 1n the valility of its conclusions [i1]. Hence a basic
problem in the design of cxeprl sysicms is the anatysis of the
transimutled uncertainty from the premises to the conclusion
and the associalion of a certainty {actor [12]. Fuzzy expert sys-
tems [12, 13], incorporating the concept of fuzzy sets at vari-
ous slages, help lo a reasonable extent in the management of
uncertamty in such situations.

Neural networks are also used in designing expert systems.
Such models are called connectionist expert systems [14]. and
they use the set of connection weights of a trained neural net
for encoding the knowledge base for the problem under con-
sideration. The use of ANN helps in {«) incorporating parallel-
ssm, and (£) 1ackling oplimisation problems in the knowledge
base space. These models are usually suitable in data-rich envi-
ronment and seem Lo be capable ol overcoming the problem of
the knowledge acquisition bottleneck of traditional expert sys-
iems. They help in mimmizing human interaction and associ-
ated inherent bias during the phase ot knowledge base forma-
tion (which is tme-consuming n the case of traditional mod-
els) and also reduce the possibility of generaling conlradictory
rules. Powerful lcarning techmiques exist for generating
conncchiomst networks from training samples. This enables us
1o automate the construction of krowledge bases for classifica-
tion-type expert systems. When the connecticn weights of a
trained fuzvy neural net are used as the knowledge base, we
call the model a neuro-fuzzy expert system. This enables one
to accommodale the merits of neuro-fuzzy computing in expert
syslem design.

The block diagram of the basic modules of an cxpert sys-
tem, fuzzy expert system, {uzzy neural nct, connectionisl ex-
pert system, newro-fuzzy experl system and knowledge-based
connectionist experl system are provided in Fig 1. As stated
above. a fuzzy neural net constitutes the knowledge base of a
neuro-fuzzy experl system. (Note that this excludes other pos-
sible imtegrations, such as bringing the concept of ANN into
the (ramework of fuzzy expert systern). While the rules are col-
lected by knowledge engineers for designing the knowledge
basc of a traditional expert system {or fuzzy expert system), the
connectionist models use the tramed link weights of the neural
ncVluzzy neural net 1o automatically generate the rules, either
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for Tater use in 4 tradilional version or tor providing justifica-
ton in the case of an inferred decision. This automates and
also speeds up the knowledge acquisition process. The use of
fuzzy neural nets helps in the handling of uncertainty at
various levels (eg, input, output, learmng and neuronal) and
fenerates fuzzy rules capable of more realistically representing
real-life situations. The knowiedge-based conngctionist expert
systems, on the other hand, initially encode crude domain
knowtedge among the connection weights of the neural net,
thereby speeding up the training phase and generating beiter
performance. Refined rules are later extracted from the less
redundam trained network.,

In this article we provide a review on existing models of
neuro-fuzzy expert systems. A survey on connectionist cxpert
systems is alse included in this contexl, for the convenience of
the reader. A comparative study is provided in tabuiar form.
Firstlly we discuss the general problems of expert system de-
sign, and the relevance of fuzzy sets, connectionist models and
neuro-fuzzy computing in this line. The utility of knowledge-
based networks, which combine seme initial knowledge about
the problem domain in the network structure and then refine
this knowledge through neural learning, is also described later.

EXPERT SYSTEMS : SOME PROBLEMS

The major components of an expert system [15] are the
knowledge base, inference engine and user interface. The
knowledge base contains the expert-level information neces-
sary 1o sclve problems in a specific domain. This information
is generally represented 10 the form of a set of rules, although
frames [16], semantic nets [17] and belief networks [18] are
also in vogue. We shall consider rule-based systems in this dis-
cussion. Koowledge bases, being domain-specific, are non-
transferable. The inference engine interacls both with the
knowledge base and a working memory (that records facts
about the current problem and is updated with the availability
of new information). Pattern maltching occurs between the
rules in the knowledge base and the facts in the working
memory to select the relevant rules applicable. Note that when
no matching occurs, no rule is selected, whereas when mul-
tiple rules apply, conflict reselution strategies are used (o selecl
the most specific one. The same inference engine can be used
with different knowledge bases.

We provide here a mathematical formulation of expert sys-
tems followed by a discussion on fuzzy logic and its role in the
management of uncertainties, We retevance of connectionist
models and the need for neurc-fuzzy computing.

Let us consider finding a decision consisting of a sequence
of decision elements (or hypotheses) optimizing some criteria
in an environment characterized by available informaltion. Let
D be a candidate decision consisting of n decision elements d,,
where each decision eleinent d,. belongs 1o a [inite, discrete set
o

D=(d, dyn..,d)d e D"

As a link between the decision and the available informa-
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tion, a number N of measurements (or observations) are avanl-
able

m.D— M. D m(D) i=1,...,N
where M is the measurement space. Heuristic functions are
used for rating the different candidate decisions according to
these measurements. These ratings describe how well (or how
likely) a decision {and its associated measurement) fits in with
the environment

h M= R: m—h (m) i=1,..,N e
where R is the space of the possible rating values (mosty a
subset of the real numbers). Each hearistic can be considered
as a piece of knowledge, usually coming from an expert, and is
used for partially assessing the quality of the decision. Hevris-
tics are combined to form a global rating , which is a measure
of the quality of the decision

r=0[h, (m, (DY), h, (m, (DY), ..., h,, (m,, (DY, @)
where () is the combination operator across all heuristics.

The role of fuzzy logic
Fuzzy sels

A fuzzy set A in a space of points R = {r} is a class of
events with a continuum of grades of membership and is char-
acterzad by ameaberdp fimdin p,(r) which associates
with each element in R a real number in the interval [0,1] with
the value of p,(r) at r representing the grade of membership of
rin A. Formally, a fuzzy set A with its finite number of sup-
ports r, 7,, ..., I, is defined as a collection of ordered pairs

A={Gur), ).

where the support of A is an ordinary subset of R and is de-
fined as

i=1,2, ..., 1]

S(A)={rlre Rand () >0}

Here f1, the grade of membership of 7, in A, denotes the de-
gree (o which an event 7, may be a member of A or belong to A.
Note that g, = 1 indicates the strict containment of the event 7,
in A. If, on the other hand, 7, does not belong to A then p, = 0.

Fuzzy logic is based on the theory of fuzzy sets and, unlike
classical logic, it aims at modeling the imprecise (or inexact)
modes of reasoning and thought processes (with linguistic
variables) that play an essential role in the remarkable human
ability to make rational decisions in an environment of uncer-
tainty and imprecision. This ability depends, in tumn, on our
ability to infer an approximate answer to a question based on a
store of knowledge that is inexact, incomplete, or not totally
reliable. n fuzzy logic everything, incloding truth, is a matter
of degree [12]. Zadeh has developed a theory of approximale
reasoning based on fuzzy set theory. By approximaie reason-
ing we refer to a type of reasoning that is neither very exact
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nor very inexact. This theory aims at modeling the human
reasoning and thinking process with linguistic variables {19]
in order to handle both soft and hard data, as well as various
types of uncertainties. Many aspects of the underlying
concept have been incorporated in designing decision-making
systems [20].

Because fuzzy sets are a generalization of the classical set
theory, the embedding of conventional models into a larger set-
ting endows fuzzy models with greater flexibility to capture
various aspects of incompleteness or imperfection (e, defi-
ciencies) in whatever information and data are available about
4 real process. Assignment of membership functions of a fuzzy
subset is subjective in nature, and reflects the context in which
the problem is viewed. It cannot be assigned arbitrarily. In
many cases, it is convenient to express the membership func-
tion of a fuzzy subset in terms of standard § and . functions
[21].

Let X be a variable which takes values in a universe of dis-
course U, with the generic elemen: of IJ denoted by u and X =
u signifying that X is assigned the value 4, u € U. Let Fbe a
fuzzy subset of U/ which is characterized by a membership
function .. Then F is a fuzzy restriction on X if  acts as an
elastic constraint on the values that may be assigned to X such
that

qu:,up(u)

where j1{u) is interpreted as the degree to which the constraint
represented by F is satisfied when # is assigned to X. Let R(X)
denote a fuzzy restriction associated with X. Then we write
R(X) = F. Consider a proposition of the form p = X is ¥ where
X is the name of an object, a variable or a proposition, and F is
the name of a fuzzy subset of U. The translation of such a
proposition may be expressed as

RAX) =F

where A(X) is an implied attribute of X which takes values in U
and the proposition has the effect of assigning F to the fuzzy
restriction on the values of A(X). Let p be the proposition “Z is
young”, in which young is a fuzzy subset of U = [0,100] char-
acterized by the membership function

o {u)=1-58u; 20, 30, 40) )

young

where u is the numerical age, and the S-function is defined by

0 foru< o

2 (=22 forasu<B
Sia, B y)= e “)

[-2 (@=1)* forfsu<y

1 foru<vy

oty : .
in which the parameier § = ——— is the crossover point
where S(8; o, 3, v) = 0.5. In this case, the implied attribute
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A{X}is Age (Z) und the translation of “Z is young” assumes the
form

Zis young — K (Age{D)} = young
Some other function could also be used in this regard.
Management of uncertainties

The knowledge base of an expert system contains human
knowledge, most of which is unprecise and qualitative, To de-
scribe situations where the boundary between competing Ly-
potheses is vaguely defined, human experts use terms such as
very likely, likely, mare or less likely, low, medium, high, efc.
Encoding this sort of expertise by probabilities results in the
loss of information about this vagueness or imprecision. Using
linguistic variables for such terms enables a knowledge engi-
neer to capture the essence of the experts’ cxperience and
judgement withoul attempting to over-quantify intuition.
Moreover, facts about the world are rarely known with ¢er-
tainty. Conventional rule-based syslems, with two-valued
logic wsually evade this issne of partial matching.

In conventional statistical designs, the input patteris are
:quantitatively ¢xact to within the resolution of the sensors used
to collect them. However, real processes also may possess im-
precise or incomplete input features. In such cases it may be-
come convenient (o use linguistic variables and hedges [21]
like fow, meditm, high, very, more or less, efc 0 augment or
even replace numerical input feature information. Any input
feature value can be described in terms of some combination
of membership values in the linguistic property sets low,
mediwm and ligh.

The importance of fuzzy logic o the management of un-
certainty in expert systems mainly lies in its ability for dealing
with fuzzy quantifiers and modifiers. Fuzzy logical systems al-
low a proposition or concluston to range over [uzzy subsets
(like very true, more or less true, likely trite, efc) of truth-value
sets characterised by their possibility distributions. Fuzzy
maodifiers like not, very, more or less, extremely, slightly, much,
a little, etc can also be represented. A fuzzy certainty factor is
associated with the conclusion to analyse the transmission and
cumulation of uncertainty from the premises to the conclusion.
Deduction of conclusions from chservations and rules in the
knowledge base is madc using either truth value restriction or
compositionat rule of inference. Hence, partial match can
occur hetween the antecedent of a rule and a fact supplied by
the user.

In short, fuzzy logic or reasoning [12] provides a natural
conceptual framework for knowledge representation and
inferencing {rom knowledge bases that are imprecise, incom-
plete or not totally rciiable. The advantage of using fuzzy
reasoning i that it can yield an approximale answer even
when probabilistic theories are not applicable, as the latter
often require idealized assumptions such as the independence
of evidence and the mutual exclusiveness and exhaustiveness
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of hypotheses.

The range of the space of the measurement values in eqn
(1) can now be divided into a number of classes, each charac-
terized by a membership function and a linguistic variable de-
scribing how well it fits the hypothesis that the candidate is the
solution to the problem. Mathematically,

o M [0, 5 om0 5 ()= (b (m), g2 im), ., X ()
(5

where X indicates the number of classes. Fach linguistic erm
is a fuzzy set which designates a category partially qualifying
a candidate solution in the sense of the considered heuristic
(eg. very likely, likely, not unlikely, etc). The sct of heuristics
forins a knowledge base of fuzzy rules whose antecedents are
related to the measurements or observations and whose conse-
quent part determines the fuzzy (partial) quality of the deci-
sion.

Fuzzy rule-based systems can be incorporated in fuzzy ex-
perl systems. Such a system can be expressed by a set of fuzzy
inference rules. In cach rule, there is a premise and a conse-
quence. The premise is described by a fuzzy proposition and
the consequence can be a tuzzy conclusion. A typical fuzzy in-
ference rule for an N-input K-output system can be expressed
as

il X 1sAH, X, 13A,.2, . 1mdelsA'.N

then ¥, is B, ¥, i8 B, ..., and Yy 18 B,

where X={x,/=1,2, ... N} € &¥arc the inputs to the fuzzy
system, ¥={y.j=1,2,.. . K}e XR¥ are the outputs, 4, (=1,
2, .., Nyand BU (=12 .., K)are fuzzy subsets. Thus a
fuzzy rule-based system implements a mapping RY — RE
Yuzzy inference methods are algorithms that deduce resulis
from the inference rules and the presented inputs. Note that the
consequent part of the rules can also be represented by scalars
or membership values i/ (m), f= 1, 2, ..., K, where m refers to
the measurement of the input variable x. These rules constitute

the knowledge base of the fuzzy expert system.

The various approaches in fuzzy inferencing for cxpert
systems include the approximate analogical reasoning based
on simitarity measures by Turksen and Zhong [22], the prob-
lem-reduction method of Ishizuka et al [23], modeling of phy-
sicians’ decision processes by Esoghue and Elder [24] and
inferencing in the framework of inflammatory protein varia-
tions by Sanchez and Bartolin [23} (using weighting). Wang
and Mendel [26} developed a slightly different method for cre-
ating a fuzzy rule base made up of a combination of rules gen-
erated from numerical examples and linguistic rules supplied
by human experts. The input and output domain spaces are di-
vided into a number of linguistic subspaces. Human interven-
tion is sought to assign degrees to the rules, and conflicts are
resolved by selecting those rules yielding the maximum of a
computed measure corresponding to each linguistic subspace.
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Relevance of connectionist models

The various wncertainty management schemes of tradi-
tional expert systems share some common problems. For ex-
ample, a willing human expert able to accurately quantify ex-
pertise is needed. The transfer of the knowledge takes place
gradually through many interviews between the expert and the
system, and is therefore very time consurning, Usually hurnans
are prone 10 be easily biased and thus the quality of knowledge
extracted [rom the experts depends greatly on the methods
used for assessment. Moreover, large knowledge bases need to
be searched guickly and it is also very important to check that
this knowledge base remains consistent as more information is
accumulated. It would therefore be welcome if knowledge as-
sessment could be autormated by freeing it from human inter-
vention, thereby avoiding human bias and subjectivity.

It is worth mentioning that the most difficult, time-con-

suming and expensive task in building an expert system is con-’

structing and debugging its knowledge base. In practice, the
knowledge base construction can be said to be the only real
task in building an expert system considering the proliferating
presence of expert shells. Several approaches have been ex-
plored for easing this knowledge-acquisition bottleneck.

Connectionist expert systems [14] offer an alternative ap-
proach both to the knowledge base construction as well as the
inferencing phase, providing interacticn with the user accom-
panied by justification{(s} of the conclusion(s) reached. Rules
are nect required to be supplied by humans. Instead, the con-
nection weights of a trained neural network encode among
themselves, in a distributed fashion, the information conveyed
by the input-output combinations of the training set. The prob-
lems faced by traditional expert systems regarding the difficul-
ties in normalizing across different experts’ scales, conversion
from human expressions to numerical terms, bias of the
expert(s), generation of contradictory rules by the experts, efc,
may be overcome here. The use of the learning technique of
neural networks enables the model to extract the information
inherent in the data (that is not utilised in the traditional mod-
els) and allows dynamical adjustments to changes in the envi-
ronment. It also enables one to handle a complicated environ-
ment for which either no mathematical model exists, or, even if
it exists 18 so strongly nonlinear that a design method does not
exist. Besides, the various characteristics of neural nets, viz,
generalization, tolerance to noise, graceful degradation at the
border of the domain of expertise, ability to discover new rela-
tions between variables, etc, are in-built and hence can be ex-
ploited by the connectionist expert Systems.

Let us now provide a mathematical formulation of a lay-
ered neural network that can be used for constructing a
connectionist expert system. A neuron can be depicied as an
information processing element which receives an n-dimen-
sional input vector

X0 =[x, x50 .., x,Ne & {6)

and yields a scalar neural output y(£) € ! at instant . The

339

input vector, X(1) ¢ R, represents the signals being anstmit-
ted from the n-neighboring nevrons (incleding self-feedback
signal) and/or the outputs (measurements) from the sensory
neurons. Mathematically, the information processing ability of
a neuron can be represented as a nonlinear mapping operation
Xhe R —>viHe X! N
A confluence operation ® essentially provides a measure
of similarity between the neural input vector X{¢) (new infor-
mation) and the synaptic weight vector W{f) (accumulated
knowledge base). Generally summation and product opera-
tions are used in this stage. A nonlinear activation function
then performs 2 nonlinear mapping on the similarity measure
through a nonlinear activation function y{-]. Hence
WO = y[W() ® X(1)] (8)
A neural network can be viewed as a collection of such
neurons connected to each other according to a specific topo-
logy. It, therefore, performs a mapping from the n-dimensional
input space to a K-dimensional output space such that
X e 5YNe XX &)
where K refers to the number of output classes in case of a
classifier. The error-based learning algorithm is represented as

W+ 1) =W =naAW({) (10)

for the N connection weights of the neural net.

Connectionist expert systems use the connection weights
W of the trained neural network {(egn (10} to form the knowl-
edge base. The magnitudes of these connection weights are
used to generate rules in order to justify any decision. The
maximum weighted paths from the output layer to the input
layer are wsed in the process {14, 27]. Note that in traditional
expert systems, the knowledge base is formulated in terms of
rules by interaction with the experts. On the other hand, here
the rules may be automatically extracted from the trained con-
nection weights, that form the knowledge base. This procedure
will be discussed in more detail later.

Need for neuro-fuzzy computing

Both neural networks and fuzzy systems are trainable dy-
namic systems that esiimate input-output functions. They esti-
mate a function without any mathematical model and learn
from experience with sample data. A fuzzy system adaptively
infers and modifies its fuzzy associations from representative
numerical samples. Neural networks, on the other hand, can
blindly generate and refine fuzzy rules from training data [28].
Fuzzy systems and neural networks also differ in how they es-
timate sampled functions, the kind of samples used and how
they rerpesent and store these samples. Fuzzy systems estimate
functions with fuzzy set samples (A, B;), while neural systems
use numerical point samples (X, y,), wiere both kinds of
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samples reside in the input-output product space X x ¥. Hence
the input-output mapping corresponds o f: X — Y in both
cases.

The fuzzy theory is considered to be advantageous in the
logical field, and in handling higher order processing casily.
The higher flexibility is a characteristic feature of neural nets
produced by learning, and hence this suits data-driven process-
ing better [29].

For the last few years, researchers all over the world [7-10,
30, 31] have been trying to combine the merits of fuzzy and
neural approaches under the heading neuro-fuzzy computing
for building more intelligent decision making systems. This
enables one to incorporate the generic advantages of artificial
neural networks like massive parallelism, robustness and leam-
ing in data-rich environments mto the expert system model.
The modelling of imprecise and qualitative knowledge as well
as the transmission of uncertainty are possible through the use
of fuzzy logic. Besides this generic advantage, the neuro-fuzzy
approach provides some application specific merits in the fol-
lowing way. For example, in the case of classification-type
connectionist expert systems one is typically interested in ex-
pleiting the capability of neural nets in generating the required
(linearly nonseparable} decision regions. The uncertainties in-
volved in the input description and output decision are also
taken care of by the concept of fuzzy sets. It is observed that in
certain cases a neuro-fuzzy model performs better than cither a
neural network or a fuzzy system considered individually [32,
331

Keeping in view equs (6)-(10) defining & neural net, let us
now provide a mathematical formulation of a layered fuzzy
neural net that can be used for designing a neuro-fuzzy expert
system. A fuzzy neural network can incorporate fuzziness at
the input-output level, in the connection weights, in the
confluence operation or in the activation function. Let the
fuzzy input and output vectors be represented as X and Y
respectively where these correspond to fuzzy numbers or inter-
vals or the augmented space consisting of linguistic terms,
Similarly, the connection weight vector may be represented as
W_ Arithmetic operations like fuzzy addition and fuzzy multi-
plication can be used in the new confluence operation ®. The
nonlinear activation function y can incorporate fuzzy logic
operations like AND, OR and NOT. Hence the resultant map-
ping from the #-dimensional input space to the K-dimensional
output space becomes

X(he X —Y(ne RE (11}

where a single fuzzy neuron implements the nonlinear opera-
tion

y {0 =y W) &X([n] (12)
The learning algorithm now becomes
W+ 1)= W) + nAW(@) (13)

for the N connection weights of the fuzzy neural net.
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The neuro-fuzzy expert systems use the connection
welghts W of the fuzzy neural net (eqn {13)} to form the corre-
sponding knowledge base. The conneclion weights encode the
knowledge base of the problem during training by using the
training set {X,, Y, i= I, ..., N}, where the implemented map-
ping is &” — XX Note that the antecendent X, and the conse-
quent Y, may involve linguistic terms, or fuzzy intervals / num-
bers, or fuzzy membership values in [0, 1]. Fuzzy rules may be
extracted using the connection weights of the network by
backtracking along with maximum weighted paths [27].

Before we describe various neuro-fuzzy expert system
models, let us provide a brief survey on the characteristics of
connectionist (nonfuzzy) expert systems for the convenience
of readers. This also includes knowledge-based nets which are
recently being used for this purpose.

CONNECTIONIST EXPERT SYSTEMS
Some models

Here we consider a few of the existing layered
connectionist expert systerns modelled by Gallant [14], Saite
and Nakano {34], Lacher et a! [35] and Poli et af [36). The in-
puts and outputs consist of crisp variables in all cases. (Gener-
ally the symptoms are represented by the input nodes while the
diseases and possible treatments correspond (o the intermedi-
ate and/or output nodes [14, 341, The linear discriminant net-
work of [14] (dealing with sacrophagal problems) is generated
from the dependency information regarding the variables, that
is provided by the expert in the form of an adjacency matrix.
This is then trained by the simple Pocketl Algorithm. The ab-
sence of the hidden nodes and nonlinearity limits the utility of
the system in modeling complex decision surfaces. The multi-
laver network in [34] is designed for detecting headacbe. A
patient responds to a questionnaire regarding her perceived
symptoms and these constitute the input to the network.

Lacher ef af [35] have designed event-driven, acyclic net-
waorks of neural objects called expert networks. The network is
built under the commercial shell ME. There are regular nodes
and operation nodes (for conjunction and negation). Input
weights are hard-wired, while the output weights of a node are
adaptive. Antecedents of a disjunction in a rule are simplified
1o generate a set of individual rules before formulating the ini-
tial network architecture. The back-propagation algorithm is
maodified to work in the event-driven environment, where both
forward and backward signals propagate in data-flow fashion,
The form of the rules (coarse knowledge) is tuned with the as-
sociated certainty factors {fine knowledge) and the resultant
network trained for better performance.

A novel approach to designing a modular connectionist ex-
pert system, called Hypernet, has been reported by Poll er al
[36]. The feed forward network consists of a reference-gener-
ating module, a drug compatibility module and a therapy-se-
lecting module in order to simulate the physician’s reasoning
as closely as possible. The user-friendly system provides
graphics interface for easy handling as well as verification of
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decisions. The model 1s implemnented for diagnosing and treai-
ing bypertension. The performance is good due o the embed-
ded modularity of the network.

Rule generation is also possible for the models in [14, 34].
In [34] the doctor is supplied with information regarding pos-
sible diagnoses based on the cutput node values. Relation fac-
tors, estimating the strength of the relationship between
syraptom(s) and disease(s), are extracted from the network and
used to help doctors. Rules are generated from the changes in
levels of input and output units; the connection weights are not
involved in the process. These rules are then vsed to allow the
patient o confirm the symptoms initially provided by her to
the system, in order to.eliminate noise from the answers. The
model in [14] incorporates inferencing/forward chaining, con-
fidence estimation, backward chaining and explanation of con-
clusions by "If- Then' rules. In order to generate a rule, the at-
ributes with greater inference strength (magnitude of connec-
tion weights} are selected and a conjunction of the more sig-
nificant premises is formed to justify the output concept. Here,
the user can also be queried to supplement incomplete input
information.

An MLP-based model for the identification of EEG power
spectra of rats in depression has been reported recently by
Mitra ef al [37]. The input consists of frequency, represcated
both as individual values and as non-overlapping bands, nor-
malized in the range [0, 1]. The output refers 1o the control and
depressed states. 1t has been observed that the role of exercise
reverses the effect of stress. Rules have also been generated in
terms of linguistic labets small and large coresponding to the
rekative vatues of the features. Note that this ts slightly differ-
ent from the crisp rules, indicating the presence or absence of
certain features (symptoms) as in [14 ,34].

Knowledge based networks

Recently, there have been some attempts in improving the
performance of expert systems by using knowledge-based net-
works which use the domain knowledge (e determine the ini-
tial structure of the network. Such a model has the capability
of outperforming a standard MILP as well as other related algo-
rithms including symbolic and numerical ones [38,39]. How-
ever, in the absence of knowledge one has to resort to a purely
data-driven mode of learning as in the simple connectionist ex-
pert models. When the initial knowledge fails to explain many
instances, additional hidden units and connections need to be
added (oflen empirically). The inital encoded knowledge may
be refined with experience by performing learning in the data
environment. The resulting networks generally involve less re-
dundancy in their topology.

Let us first provide a mathematical formulation in ling with
the modelling in egns (6)-(10), before proceeding on to the

survey. The knowledge-based nets implement a mapping
X{Ne R S5Y(Ee R (14)

from the a'-dimensional input space to the K-dimensional out-
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pul, space, whete
Y =w (WS X)) (i)
The learning algonithm becowmes
Wt + 1)=W'(D+ ndW'(n (16}

for the X' connection weights such maLN’w <N, ofeqn (10).

The knowledge-based models discussed here [38-40] in-
volve crisp inputs and cutputs. The initial domain knowledge,
in the form of rules, is mapped into the multi-layer
feedforward network topology using binary link weights to
maintain the semantics. Yin and Liang [40] have employed a
"gradually-augmented-node” leaming algorithun Lo incremen-
tally build a dynamic knowledge base capable of both acquir-
ing new knowledge and rcleamning existing information. The
rules are explicitly represented among the condition nodes,
rules nodes and action nodes and the algorithim gradually
builds the multilayer fcedforward network. This connectionist
incremental expert model is used as an animal identification
system whose network structure is changed dynamically ac-
cording to the new eavironment or through human interven-
tion. In Fu's model [38] hidden units and additional connec-
tions are introduced appropriately when the network perfor-
mance stagnates during training using backpropagation.
Weight decay, pruning of weights and clustering of hidden
units are incerporated to improve the generalization of the net-
work.

Towell and Shavlik [39) have designed a hybrid learning
system for problems {rom molecular biology. Disjunctive rules
are rewriticn as multiple conjunctive rules while building the
network structure. Nodes and links are incorporated, upon in-
structions from the user, to augment the knowledge-based
medule. Expansion of the network guided by both the domain
theory and training data has been reported by Opitz and
Shavlik {41]. Dynamic addition of hidden nodes are made by
heunstically searching through the space of possible network
topologies, in a manner analogous to the adding of rules and
conjuncts 1o the symbolic rulebase.

A way of using the knowledge of the trained neural model
lo extract the revised rules for the problem domain is described
in [38, 42]. Meaningfu) rules can be extracted from the knowl-
edge-based network in reflined form by employing clustering,
averaging, elimination, optimization and simplification [42].
The algorithm considers groups of links as equivalence
classes, thereby generating a bound on the number of rules
rather than cstablishing a ceiling on the number of anteced-
ents. Note that this approach differs from that in [34], where a
breadth-first search is employed o exhaustively find those in-
put settings that cause the weighted sum to exceed the bias at a
node.

NEURQ-FUZZY EXPERT SYSTEMS

We now provides a review on neuro-fuzzy models for
inferencing and rule generation, with the objective of generat-
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TABLE 1 Comparative study ol various expert systems

Expert system

Counnectionist experl system

Neuro-Fuzzy expert system

Knowledge-based
cornectionist/Neuro-Fuzzy
expert system

Knowledge
base

Knowledge

relinement

Inferencing

Rule
generation

Konowledge
acquisition and
representalion in

the form of rules,

frames, semantic
nets or helief

networks

Addition of new
knowledge (say,
as new riles)

Matching facts
with he existing
knowledge base

Connection weights ¢f
trained neural net that
were ininahsed with
small random values

Empirical addilion
ol hidden nodes/
Inks

Presentation of
crisp input,
forward pass

and generation of
crisp output

Crisp rules obtained
during backward pass
using changes in levels
ol input and output

Connection weights of
trawned fuzzy neural net
that were initialised

with small random values

Empirical addition
of hidden nodes/
links

Presentation of
fuzzy input,
forward pass

and generation of
fuzzy oulput

Fuzzy rules obtained
during backward pass
using node activations
and link weights

Connection weights of
rained nonfuzzy/fuzzy
neural net that were
initialised with crude
domain knowledge in
rule form with binary link
weights [38-40], (63-66].
apriori class infor-
malion and distribuiion
of pattern points [68]

Network oplimization
using growing and
pruning of nodes/links,
based on training

dala and additional
knowledge [38-41, G8}

Presentation of
input, forward

pass and generation
of output

Rules obtained
during backward pass
[38, 42, 64],
Negative rules also

units {34], magnitude
of connection
weights [14, 37]

[27, 54-59] possible [68]

ing experl systems. A comparative analysis of the basic fea-
tures of these models with those of the traditional and
connectionist (non-fuzzy) versions is provided in Table 1.

Ways of integration

The state-of-the-art for the various technigues of combin-
ing neural networks and fuzzy sets involves synthesis at vari-
ous levels. We categorize the different fusion methodologies,
made so far, as follows [43].

. incorporating fuzziness into the neural network frame-
work : fuzzifying the input data, assigning fuzzy labels o
the training samples, possibly fuzzifying the leaming pro-
cedure and obtaining neural network outputs in terms of
fuzzy sets [44, 45];

2. designing neural networks guided by fuzzy logic formal-
ism : designing neural networks to implement fuzzy logic
and fuzzy decision making, and to realize membership
functions representing fuzzy sets {46, 471,

3. changing the basic characteristics of the neurons : neurons
are designed to perfonm various operations used in fuzzy
set theory (like fuzzy union, intersection, aggregation rep-

resenied by AND, OR and hybrid operators) instead of the
standard maltiplication and addition operations {48, 497;

4. making the individual neurons fuzzy : the input and output
of the neurons are fuzzy sets and the activity of the net-
works involving the fuzzy neurons is also a fuzzy process
[507; and

5. uvsing measures of fuzziness as the error or instability of a
network : the fuzziness / uncertainty measures of a fuzzy
set are used o model the error or instability or energy
function of the neural network based system [51].

As ihe existing neuro-fuzzy expert systems fajl under cat-
egories 1 and 3 only, we shall not be concerned with the re-
maining groups (dealing mainly with classification or control
problems) in this discussicn.

Various methodologies

Neuro-fuzzy expert systems use the connection weights of
trained fuzzy neural nets for encoding the knowledge base,
thereby enabling one to incorporate the advantages of fuzzy
set theory into the connectionist expert system model. Besides
the generic advantages of neural networks and fuzzy systems,
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like parallelism, robusiness, adaptivity and handling of uncer
tainty, one can incorporate their application specific merils in
this paradigm. For example, the capability of ncural nets in
generauing linearly non-separable decision regions can he ex-
ploited. Morcover, the modelling of uncertainty in the input
description and output decision can be tackled by the concept
of fuzzy sets. As an illusiration of the characteristics of neure-
fuzzy cxpert systems, the models by Hayashi [52], Hudson
et al 53], Sanchez [45], Miw and Pal [27] and Romaniuk and
Hall {54] are described here. Note that while the last model
falls under category 3 of the fusiont methodologies, the remain-
ing modcls pertain 1o category .

Yoshida er of [55] have defurzified real-life fuzzy data, us-
ing the Level Set represcentation, o produce the ¢risp inputs
{+1, -1, 0} required by the distributed single-layer perceptron-
hased model trained with the Pocket-algaritnn for diagnosing
hepatobiliary disorders. ALl contradictory training data are cx-
cluded. as these cannot be tackled by the model. In Hayashi’s
extension |52). the input layer consists of both fuzzy and crisp
cell greups while the outputl is modeled only by fuzzy cell
groups. The crisp cell groups are represented by  cells taking
on two values i {{(+1, +1, ..., +1) (=L, -1, .., =D} Fuzzy
cell groups, on the other hand, use binary m-dumensional vee-
tors, each taking on vatues in {+1, —1}. Linguistic relative im-
portance lerms like very important and moderaiely inpariant
are allowed in each proposition; linguistic truth values Jike
complerely true, (rite, possibly irie, unknown, possibly false,
faise and complerely false are also assigned by the domain
experts depending on the output valucs. Mulliple correct
pattern classes, using different linguistic truth values, is
possible.

Hudson ef af 53] use input nodes that simply represent the
data values for signs, symptoms and test results (may be con-
tinuous or discrete). The interactive nodes account for the in-
teractions which may occur between these parameters. A feed-
forward neural network model is used for detecting carcinoma
of the lung. Information is extracted directly from the accumu-
lated data and then combined with a rule-based expert system
incorporating approximate reasening techniques. The leaming
riethod is an adaptation of the potential function approach 1o
pattern recognition and is used {o detesmine the weighting fac-
tors as well as the relative sirengths of rules for two-class prob-
lems.

Sanchez [45] has associated two types of connectlion
weights, viz, pimary linguistic weights and secondary numeri-
cal weights to generate the knowledge base for a biomedical
application (inflammatory protein variations) using a
feedforward network. Triangular membership functions like
regative large, negative medium, negative small, approxi-
mately zero, positive small, positive medium and positive large;
or, decreased, normal and increased account for the linguistic
weights while the quantitative weights lie in the range [0, 1].
The linguistic weights are tuned according to Lhe infonmation
provided from the input-output examples while the numeric
weights and the network topology are detenmined by solving
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fuzzy relation equialions,

A cell recruitment learning algodthm, capable of forget-
ting previously leamed facts by leaming new information, has
been employed by Romaniuk and Hall [54] to build a fuzzy
connectionist expert system for determining the creditworthi-
ness of credit applicants, The network consists of positive and
negative collector cells along with unknown and intermediate
cells and can handle fuzzy or uncertain data. Fuzzy funclions
like maximum, nunimum and negation are applied at the ncu-
ronal Tevels depending upon the correspeonding bias values.
This incremental learning algorithm can be used either in con-
Jjunction with an existing knowledge base or alenc.

Extraction of fuzzy *If-Then” production rules is possible
in [54-56], using a top-down traversal involving analysis of the
mode activations, their bias and the associated link weights.
Rhee and Krishnapuram [56] have reported a method for rule
eeneration from minimal approximate luzzy aggregation net-
works. They estimate the linguistic labels and the correspend-
ing trangular membership functions for the input features
from the training data. Hybrid operators with compensatory
behaviour, whose paramelers can be learned during gradient-
descent 10 estimale the type of aggregalion, are emplioyed at
the neuronal level. Pruning of redundant features and/or hid-
den nodes helps in generating appropriate rules in terns of
AND-OR operators that are represented by these hybrid func-
nons.

Matra and Pal [27] have reported the use of a fuzzy MLP
for classification and rufe generation. The input 18 represented
in terms of m-functions corresponding to the linguistic proper-
lies fow, medium and high. Handling of inputs in numeric, lin-
guislic and set torms is possible. The output is in terms of
luzzy class membership values and enables efficient handling
of overlapping pattern classes. The antecedent parts of rules
are generated by backtracking along the maximum-weighted
connection paths of the trained network. The consequent part
15 determined from a certainty measure which expresses the
confidence {beliel} of an output decision. The node excitations
corresponding (o a test pattern deterniines the appropriate “Jf-
Then™ parts of a rule generated o justify an inferred decision.
Note that this investigation provides a basic module for de-
signing a classification type conncctionist expert system. The
rules thus obtained can also constitute the knowledge base of a
traditional expert system in the same application domain. Here
{unlike the other models) both the antecedent and consequent
parts of these rules are provided in linguistic (or natural) form.
Linguistic hedges/modifiers like very, more or less and not can
he represented as antecedent clauses.

Consider the simple 3-layered network given in Fig 2 dem-
onstrating a simple rule generation instance regarding class 1
[271. A sample set of connection weights w"jl, input activation
v and the corresponding linguistic labels are depicied in the
figure. The solid and dotted-dashed paths (that have been se-
lected) terminate at input neurons i and i respectively. The
dashed lines indicate the paths not selected, using the wjf' and
v vatues during backtracking. We select only those maximum
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Frg 2 Example 10 demonstrate rule generation scheme by back-tracking

weighted paths from the outpul to the input layer, such that all
neurens lying along them have y > 0.5. Let the certainty mea-
sure for the output neuron under consideration be 0.7. This
corresponds to the tabel likely in the consequent part. Then the
rule generated by the model 1n this case 1o jusiify its conclu-
sion regarding class 1 would be

If F | is very medium AND F, is high
then {tkelyv class 1.

We generate clauses for an ‘If-Then’ rule until the net
pathweights wer * satisfy the relation

z wel, > 2 z wet; ¢
i i
§ n

Fere the net path weights are found tobe 2.7 (= 1.6 + 1. 1)
and 1.05 for the i and { ncurons respectively, such that 2.7 > 2
# 1.05. The modifier very (corresponding to ) is oblained by
selecting the one having the minismam distance from the input
vector. Similarly, in the case of F,, modifiers are required us-
ing this minimum distance criterion.

The user can be queried in case of unknown or non avail-
able input features. Handling of missing or incomplete inputs
15 also possible. Applications have been made for vowel recog-
nition and detection of Kala-azar (a ropical discase). This has
been extended in |57] to design a neuro-fuzzy expert system
for diagnosing hepatobiliary disorders. Here the linguistic la-
bels at the input can be automatically tuned from the training
data.

Another interesting application has also been reported [58]
using the unsupervised, sclf-organizing Kohonen’s net. This
approach 1s completely different from the fuzzy Kohonen’s
net, in unsupervised mode, as reported in {46, 47]. The net-

work has been modified 10 incorporate linguistic m-functions
and contextual class information al the input, thereby enabling
it to function under partial supervision. Unlike the other meth-
ods (involving layered feed forward nets under full supervi-
sion), this fuzzy version of the Kohonen’s net has been effec-
tively used for classification, querying and rule generation.
Note that the three models [27, 57, 58] fall under category I of
the fusion methodology.

A fourth model, using logical AND-OR functions (in terms
of product-probabilistic sum and max-min) ai the neuronal
level, has been reported [59]. This is grouped under cate-
gory 3. It has been observed that more meaningful rules (in
terms of AND-OR clauses) can be generated here in case of
simpler problems, although the classification performance 1s
better in case of the more generalized sigmoidal function of
(27, 57].

It is worth mentioning that ail these models incorporate
overlapping linguistic lables, represented by m-functions, at the
input, This is different from the approach of Keller e af {60]
where (rapezoidal possibility distributions, sampled at discrete
points, are used 10 represent fuzzy linguistic terms and modifi-
ers. The concept of class membership helps the models to
tackle overlapping and fuzzy pattern classes. This approach is
an extension (0 the work of Keller and Hunt [44] for multi-
class problems using multilayer networks. Another approach
for fuzzification at input and output has been reported by
Ishibuchi ef al [61] using interval veclors. Although this is dif-
ferent, it witl not be elaborated here as 1t does not cover the do-
main of connectionist expert system design or rule generation,
Moreover, the conventional triangular membership functions
used in control problems are also slighdy different from the
n-functions. It is to be noted that the toangular functions can
be used in place of the more general continuous a-functions if
desired.
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Fuzzy knowledge based networks

Some attempts on using peuro-fuzzy approaches o the
design of knowledge-based systems have also been recently
reported. A brief survey on this field is provided here based on
the studies of Masuoka e/ al [62]. Kosko [63], Machado and
Rocha [64], Pedrycz and Rocha [65] and Hirota and Pedrycez
[66]. The first 1wo approaches fall under calegory t of the
fusion methodologies while the rest can be grouped under
category 3. Analogous to the idea of eqns {1 1) - (13}, the map-
ping from the n’-dimensional input space to the K-dimensional
output space can be represented here as

X(fe R o Y(re XX (17)
where

vt = w{W (DX (18)
The learning algorithm becomes

Wit + 1) = W/(r) + nAW'(1} (19)

for the N’ connection weights such that N’ < N_ of eqn {13).
These trained connection weights form the knowledge base for
the neuro-fuzzy knowledge-based expert system.

Knowledge extracted from experts in the form of member-
ship functions and fuzzy rules (in AND-OR form) is used to
build and preweight the neural net structure which is then
tuned using training data. The model by Masucka ef af [62)
consists of the input variable membership net. the rule net,
and the output variable net. Fuzzy signed digraph with feed-
back, termed fuzzy cogrmitive map, has been used by Kosko
[63] to represent knowledge. Additive combination of
augmented conueclion matrices are employed to include the
views of a number of experts for generating the knowledge
network.

Machado and Rocha [64] have used a connectionist knowl-
edge base involving fuzzy numbers at the input layer, fuzzy
AND at the hidden layers and fuzzy OR at the output layer.
The hidden layers chunk inpul evidences into clusters of infor-
mauon for representing regular patterns of the environment.
The output layer computes the degree of possibility of each
hypothesis. The initial network architecture is generated using
knowledge graphs elicited from experts by the application of
the knowledge acquisition technique of [67]. The experts ex-
press their knowledge about each hypothesis of the problem
domain by selecting an appropriate set of evidences and build-
ing an acyclic weighted AND-OR graph to describe how these
must be combined to support decision making.

Pedrycz and Rocha [65] have used basic aggregation neu-
rons {AND-OR) and referential processing units (matching,
dominance and inclusion nearons) to design knowledge-based
networks. The inhibitory and excitatory characteristics are cap-
tured by embodying direct and complemented nput signals
and fully supervised learning is employed. Another related ap-
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proach by Hirota and Pedrycz [66] has incorporated the use of
fuzzy clustering for developing the geometric consliucts lead-
ing to the design of knowledge-based networks.

Most of these models are mainly concerned with the en-
coding of inital knowledge by a fuzzy neural network fol-
lowed by refinement during training. Extraction of fuzzy rules
in this framework has been attempted in [62, 64]. Inference,
inquiry and explanation are possible during consultation in
|64]. Mitra ef al [68) have recently designed a neuro-{uzzy
knowledge based system for classification and rule generation.
This approach falls under category 1 of the fusion methodelo-
gies. Here crude initial domain knowledge is encoded among
the connection weights using the apriori class information {and
their complements) and the distribution of pattern points in the
feature space. An accurate estimation of the links connecting
the output and hidden layers (in terms of the preceding layer
link weights and node activations) is provided. The input, out-
put and learning scheme are similar to that in [27]. Node grow-
ing and link pruning are incorporated o generale the optimal
network architecture. Inferencing, querying and rule genera-
ticn are demonstrated (as in [27]) for recognizing vowels and
diagnosing hepatobiliary disorders. Negative rules. indicative
of cases where a pallern does not belong to a class, can also be
generated. This is specially suitable in the amnbiguous cases
where positive rules (dealing with the belongingness of a pat-
tern o a particular class) cannot be obtained. The performance
of the knowledge-based nel is seen 1o be superior as compared
o the models incorporating no initial knowledge,

CONCLUSIONS AND DISCUSSION

A review on neuro-fuzzy expert systems, along with their
refevance, characteristics and merits, has been provided.
Neuro-fuzzy models have been found to wcorporate both the
generic and application-specific mernits of neural networks as
well as fuzzy systems. This hus resulied in the generation of
more intelligent decision making systems. We have also in-
cluded & brief survey on connectionsst expert systems (without
incorporating fuzzy sets) for the convenience of the readers.
The use of knowledge-based networks has been discussed
as one ol the latest entrants in this field. A comparative study
of the various methodologies bas been provided in tabular
form,

Cue of the major problems in ¢onnectionist/neuro-fuzzy
expert syslem design is the choice of the optimal network
structure. This has an important bearing on any performance
evaluation. Moreover, the models are generally very much data
dependant and the appropriate network size also depends on
the availible training data.

Various methodologies developed for selecting the optimal
network structure include growing and pruning of nodes/links,
employing genetic algorithms and embedding initial knowl-
edge 1n the network topology. The latter approach has been in-
vestigated o some extent in the knowledge-based networks.
(enetic algorithms have been used for determining the optimal
sel of connection weights of an MLP [69]. However, the use of
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rought sets [70] in this regard remains an interesting proposi-
tion. Exploration of these techniques should constitute an im-
portant arca for future rescarch in expert system design.
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