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Abstract

The objective of this tutorial is to introduce to the
simulation community  enother tool that is now
available. This tool is best known under the name of
Fuzzy Set Theory. This tutorial contains & brief
discusston of the current trends in simulation which we
believe justify the need of this new tool. Kept to a
minimum, the introduction to fuzzy sets will be strictly
limited to the case of a finite number of elements. Most
attention will be devoted to fuzzy logic. It is precisely
fuzzy logic which lends itself to growth in the
simulation of situstions that arise in resl life either
because of the inexactness of the environment, or

because of the inexactness/imprecision of the available
data.

The state of the art in simulation

Although still young, the science of simulation developed
through the yeers because of advances on two cleerly
recognizable , and roughly perallel tracks. On one track,
computer languages have made progress through four or
five generotions so that a user now has only the
embarassment of making a choice. On the other track, a
multitude of problems of increasing complexity are

recognized thet con be solved by using the appropriate
languages.
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First encountered were problems with physical
processes which were well understood, end for which
known laws hold and good data can be obtained. These
were  basically problems of a deterministic nature.
Then gradually more probabilistic features were
introduced into the simuletions, such as the Monte Carlo
techniques. These were still applied primarily to
problems with well defined, or well substantiated
characteristics. An example is the class of simulation
which depends on critical avents. Optimizetion was
often considerad a suitabie tool for many of these
problems.

Clearly, as the physical processes became more involved
and, at the same time less clearly understood or defined,
success in simuletion decreased. Furthermore, the
quality of data which had to be used in some form or
another for most of the current problems, for which
simulation would be highly desirable, also worsened. The
uncertainty associated with dota has been partially
alleviated by probabiiity or randomness considerations.
However, there exists another type of uncertainty for
which probabilistic/randomness assumptions do not
suffice.

Why? We believe a challenge exists to simulate real life
situations for which imprecision/inexactness are a state
of nature. Namely, one wishes to simulate within an
inexact environment and with inexact data. For exampie,
simulation in the usual sense of the word, does not yield
good results when applied to the interesting sets of
problems which operate on heuristics. It is precisely on
this set of problems that the tools that stem from fuzzy
set theory have begun yielding a great deal of successes.

Why fuzzy?

Simulation of real life situations is needed for cases
involving en inexsct environment with inexact data. But
what does inexact, or uncertatn, or vegue mean?

Consider the the preblems invelved in the simulation of
real life decision meking among groups of people who are
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equally powerful, or equally expert, or in stressful
situations. Such situations occur in goel oriented
systems composed of & polity of local experts , ie. in
a committee at work, or during s corporate strategic
planning , or during decision making situations under
stress such as is encountered in a militery command
[(6,7). It is easy to recognize that each of the persons
involved in a committes has & menu of accepteble
behavior patterns and responses. These patterns and
responses are quite general in nature, and they are
selected as needed . This is an example wherein the
local laws (behavior patterns),and the data (responses),
of the system are fairly well known, but its global
operations are not nearly so cieerly definable.

To show that a probabilistic, or stochastic spproech is
not always sufficient in simulation, consider & group of
people who are willing to referee papers which are
submitted to a journal . To estimate the probability that
anyone is called to referee s paper is one tupe of
problem. To estimate the abiltty of this person to
perform as a referee is quite another problem. Consider
another example. A person is observed doing gardening in
the backyard. We could try to estimate a probebility
measure that this person belongs to a garden club. This
is a different kind of measure from that which specifies
how active this person would be in the club. Medicine
produces meany applications as well. For instance, the
probability that o symptom of a disease exists in &
patient is different question from assessing the severity
with which the symptom exists in a specific patient.

To conclude, there are real life situations with
uncertainty for which probability and randomness do not
suffice. what is needed is & systematic way to deal with
reascning under uncertainty. Fuzzy logic affords such a
new approach.

What is a fuzzy set ?

The most sttractive feature of fuzzy sets 1s that it
affords an applicable rendition of the notion of belonging
to complex situations for which " belonging - cannot be
defined sharply. Since the publication of Zadeh's
seminal paper in 1965 [20],, some four thousand articles
ond thirty books have been published on the topic of
fuzzy sets and related aress. Two international journals
and an international saciety are entirely devoted to the
support and dissemination of the most recent advances
in the field . Even popular press has recently paid
attention te the notion of fuzziness , particulariy as it
applies to problem solving using the computer
[11,15,18,23 ]. what has attracted all this attention ?

For simplicity , assume that B is & coltection which has
a finite number of members . For example, B is the set
of people in this room . Suppose we want to determine
the probability that each person in this room cen perform
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o specific activity such as skiing.

¥fe would collect date and make projections from known
distributions. However , the foregoing would not answer
another question of importance. If we ask each person
whether or not they are able to ski , then to each person
in this room we can attach a value that describes the
ability to ski of this particular individual. What is each
tndividual’s ability to ski is the problem of context. This
ability is a fuzzy concept.

Let s denote any individual in this room and let a(s)
denote the ability of s in skiing with its value
calibrated in some fashion, usually between O and 1.
Then the set of pairs (s,a(s)) is called a fuzgy set with
support set B and membership functign a. Such o set
of pairs will be denoted B¢ (f is for fuzzy ) while B
simply denotes the support set .

Let's look more deeply. There are two types of skiing,
downhill and cross-country. Let C; be the set of
people in this room who coen ski cross-country, and who
are not necessarily pros. Likewise, let Dy be the set of
people who can ski downhill. Equality between the two
sets is not possible unless each person in the room skis
with the same ability both cross-country and downhill.
In other words , equality between fuzzy sets holds if
equality holds for the membership functions ¢ andd,

Cs = Dy if ond only if c(s) = d(s) forall s .
If each person in this room is less good at cross-country
than at downhill skiing, then the membership c(s) is less
or equal the membership d(s). Thus inclusign is defined
by

Cs ¢ D if andonlyif c(s) < a(s) foralls .
So far, equality and inclusion have been defined. How
about combining fuzzy sets 7 The operation of yniop of
the two fuzzy sets must yield a set that describes how
good each s is at either of the two ways of skiing. The
max-operation on the membership values satisfies the
criterion. Similarly, anelement s belongs to both sets,
ie. to the intersection , if the min-operation on the
membership values is used. What is the complement of a
fuzzy set ? Clearly, if s skis cross-country with
ability c(s) then 1 - c(s) describes what s needs to
improve to reach perfection.

tiany ef the properties that hold for sets in the classical
boolean case also hold for fuzzy sets. Fuzzy sets theory
is a generalization of the ordinary set theory [13]. In
fact, if the membership function can only equal 0 or 1
then the fuzzy set reduces to the ordinary case. The
following shows that a simple preperty of ordinary sets
does not hold for fuzzy sets. Recsll that the intersection
of an ordinary set with its complement is empty. Let D
denote the complement of the fuzzy set D¢. Then the
min { d(s),1 - d(s) } may equal a value other than 0. For
example , if the membership volue d(s) = 0.3 then

g(s) = 1-03 = 0.7 ,
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min{dis),d(s)} = min{03,07}=03,
so that the intersection of Dy with D', contains the pair
(s, 0.3). In other words, the set of pairs that beiong to a
fuzzy set and to its complement need not be empty. This
fact turms out to yield some interesting methods to
analyze inexactness [19],[12].

Languages

Having dealt with the rudiments of fuzzy set theory, let
us turm to some more familiar computer languages which
deal with context and logic. After all, this is the
medium in which we will write our simulations. These
ere the tools which we will use to construct the fuzzy
algorithms. For example, from these a giobal view of the
interactions that arise among a group of decision makers
is possible .

Recall that by object griented pregramming is meant a

progremming style which permits descriptive and
procedural attributes of an object to be associated
directly with that object in a context (or in a frame as it
is known in Artificial Intelligence circles). Incidentally,
one definition cheracterizes an object as a set of
operations, and also as a system component consisting of
o set of private memory locetions. In practice, this
definition of cbject allows that sets of rules, and in fact
whole programs, cen be connected with the objects
which are the subject of the simulation.

If the environment of the mode! with which the object
must deal is fuzzy, then this object is provided with a
set of fuzzy logic rules. Some programming tools which
would seem perticuleriy eppropriste for coding fuzzy
logic problems include the following. One of them is the
KEE [10] software system which provides an example of 8
grab bag of tonls. These tools facilitate object oriented
programming of expert systems in a simulation
environment. Another more famous, and more accessible
example, is the SMALLTALK-80 language which has been
implemented for mini-computers. It is well described
in a text that bears the same name [9]. It is popular,
particularly in Artificial Intelligence applications.

Yet, another example is ROSS, an acronym standing for
Rule Oriented Sustems Simulation [14]. It is a language
that combines the twin evolutionary paths of
SIMSCRIPT/SIMULA with the Artificiel Intelligence
spproaches embodied in SMALLTALK, and in the much
older language CONNIVER and micro-PLANNER. ROSS is
interesting. 1t uses the following basic paradigm. This
paradigm is referred to as the -

paradigm . It describes the process in which there is an
entity, 8 person or a machine, sending a message to a
receiver, also a person or a machine. ROSS directly
maps people to people interactions. It achieves this goal
by letting people (known as eoctors) talk through
conventional messages with other people (actors). when
the second actor receives the message, this entity (an
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actor in ROSS) consulis the behavior list to discover
what the response should be. The response is in the
form of another message to the sender, or another actor.
it may require only a simple pattern match to pick a
right behavior. This can be compared to a boolean type
of response. In other words, the result of the matching
is perfect, or else it is denied. In fact , the use of fuzzy
logic permits the response to be driven by external gosls.
An example is FLIP , i.e. Fuzzy Logic Interactive Progrem
[ 4,5, 8,16 1. Informally , it has been reported that a
fuzzy logic chip has been constructed in Japan quite
recently.

In the past few years much research has been directed to
madify the boolean approach. This research has led to
the use of certainty factors , of the theory of belief , and
of fuzzy logic to decide the proper behavioral respenses.

What is fuzzy logic ?

Fuzzy logic may be viewed as a generalization of
multiple-velued logic in that it provides a wider range of
tools for dealing with uncertainty and imprecision in
knowledge representation , inference , and decision
analysis. In particular, fuzzy logic allows :

(1) the use of fuzzy guantifiers exemplified by ‘most’ ,
‘several’, ‘'many’ , ‘few’, ‘many more', etc. ;

{ii) the use of fuzzy probabilities exemplified by likely
, ‘unlikely’ , 'not very likely', etc.;

(iii) the use of fuzzy truth-yalues exemplified by ‘quite
true’, ‘very true’ , ‘mostly false’, etc. ;

(iv) the use of predicate modifiers exemplified by "very
, ‘'more or lass’, ‘quite’, etc. ;

(v) the use of fuzzy possibilities exemplified by ‘quite
possible’ , ‘aimost impessible’, etc. .

what motters most about fuzzy logic is its ability to
deal with fuzzy quantifiers as fuzzy nymbers , which
may be manipulated through the use of fuzzy arithmetic
{21). This ability depends on the existence - within
fuzzy logic - of the concept of cardinelity or , more
generally , the concept of measure of o fuzzy set. This
aspect of fuzzy logic makes it particutarly well-suited
for the menagement of uncertainty in expert systems
[22] , where in systems like MYCIN and PROSPECTOR the
certainty factors are often fuzzy quantifiers , like ‘many
more’. More specifically , by employing a single
framework for the analysis of both probabilistic and
possibilistic uncertainties , fuzzy logic provides a
systematic basis for inference from premises which are
imprecise, incomplete , or not totally reliable. In this
way , it becomes possible to derive a set of rules for
combining evidence through conjunction , disjunction ,
and chaining [17). In effect , such rules may be viewed 8s
instances of syllogistic ressoning in fuzzy logic.
However, unlike in most of the existing expart systems,
they are not ad hoc in nature.
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We have been talking about measurements. In order to
include measurement in o fuzzy sense, the concept of
cardinality is needed. Cardinality of a fuzzy set is
related in an essential way to the concept of a fuzzy
guantifier. The cardinality of a fuzzy set may be defined
in a variety of ways. The simplest one is the
sigma-count which will be defined by using again the
fuzzy sets of the previous section. The sigms-count of
the fuzzy set C¢ of the people in this room who ski
cross-country is defined as follows. Assume that there
are n people in this room then

sigma-count (C¢) = c(sy) + c(sp) + .. + cls,)
Given two fuzzy sets C; and Dy , the reletive
sigma-count of C; with respect Dy is interpreted as

the proportion of the elements of C; in D, It is denoted
ond defined by
sigma-count ( C,\ Dy )
sigma-count (C; / Dg) = ,
sigma-count ( D¢)

where the sigma-count of the intersection of C¢ with Dy
is computed in terms of the membership values according
to

sigme-count { CeAD¢) = min {c(s), d(sy)} +

. +min{c(s,),dlsy)}.
The description of sigma-count just presented is next
implemented in an application drawn from medical
sources.

An application

A medical application of fuzzy logic is found in the
CADIAG-2 system , a system that was deveioped ot the
University of vienna [1,2,3]. This application has an
additional objective. It aims to introduce the simulation
community to en instance of a method whereby
membership values are computed from observations. At
the same time, it shows how rules of inference are used.

The basic rule on which the inference mechanism in
CADIAG-2 relies is the compositional rule of inference .
Let s be a poatient. .Let m(s,f) be the subjective
evoluation of a physician expressing to what degree is f
affecting s, i.e. it is a fuzzy description of a patient's
finding. Two different kinds of relationships are taken
into account :
{i) the frequency of occurrence of a finding f with a
disease d ;
(11) the strength of confirmation of a finding f for a
disease d.
Both reletionships , denoted respectively my(f,d) ond
m,(f.d) are computed by using the expression for the
relative sigma-count. The formal representation of this
rule then is given by

If shas f with m(s,f) , and

If 1 implies d with my(f,d},
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Then s has d with m(s,d)
This fuzzy modus ponens syllogism is calculated using
the max-min composition that provides very reliable
inference values. If there are several findings for the
patient s denoted f; then mis,d) is computed according
to

m(s,d) = max min { m(s,f;) , my(f;,d) } ,
where the max is found with respect to
f;. Results of this simulation which imbeds fuzzy logic
define medical terms such as “normal’, “elevated” , and
“strongly elevated” in terms of membership functions.
See the sample curve below.

{.
m (S5 normal elevated strongly elevated
1.00 4
0.50 - ’ X /
T T T T
50 100 150 200 mg/dl
Summary

This tutorial began with the statement of a perceived
problem dealing with imprecision/inexactness in
simulation. This problem  prevents extension of
simulation into important areas of human behavior , eg.
human deciston making. The problem is not solved by
probability/randomness arguments alone. A complete
treatment requires the use of a phenomenon known as
fuzziness. A sketchy introduction to fuzzy sets has been
given. Some computer techniques, and tools, capable of
dealing with a fuzzy logic treatment of human behavior
processes were identified. A fuzzy logic overview yas
presented. An actusl example, teken from medical
sources and which used fuzzy logic, closed this tutorial.

REFERENCES

{ 1] - K-P. Adiassnig, " A survey on medical diagnosis
ond fuzzy subsets ‘', in M. Gupta and E. Sanchez (eds.) ,
Approximate reasoning_in isj 1 , North-
Holland , 19682 , 203-217 .

[ 21 - K-P. Adlassnig, et al. , " Present state of the

medical expert system CADIAG-2 ", Meth, inform, Med. .
vol. 24, 1965, 13-20.

[ 3] - K.-P. Adlassnig, et al. , ~ CADIAG: Approaches to
computer-assisted medical diegnosis " , Comput. Biol.
tMed. , to appear in vol. 15, 1985 .



M. Luisa McAllister, Sergei Ovchinnikov, John Dockery, Klaus-Peter Adlassnig

[ 4] - J Baldwin, " A new approach to approximate
reasoning using a fuzzy legic -,

Sets and Suystems , vol. 2, 1978, 309-325 .
[ 5] - J. Beldwin , N. Guild , * Feasible algorithms for

approximate reasoning using fuzzy logic " , Intern.
Journal of Fuzzy Sets and Systems , vol. 3, 1980 , 225-
252.

[ 61 J. Dockery ,
information systems - ,

Studies , vol. 16, 1962, 1-38 .

" Fuzzy design of military

[ 71 - J Dockery , J. van den Driessche , = Use of
ertificial intelligence and psychology in the snalysis of
command and control ~ , TM-749 , SHAPE Technical
Center , Box 174 , 2501 €D , The Hague , Netherlands ,
Feb. 1985 .

[ 81 - R Giles, " A computer program for fuzzy
reasoning * , lntern, Journa! of Fuzzy Sets and Systems ,

vol. 4, 1980, 221-234 .

I 91 - A Goldberg , D. Robson , - SMALLTALK-80 - ,
Addison-Wesley , Reading , MA. , 1983 .

{161 - KEE { Knowledge Engineering Environment ) , A
proprietary software package of IntelliCorp , 707 Laurel
St., Menlo Park , CA. , 94025 .

[11] - W.Marbach et al., " Reasoning with fuzzy legic ~,
Newsyeek , (26 Jen 1985) , 77.

[ 12] - M. McAllister , - A measure of the quality of
connection in a directed graph " , in J. Bezdek (ed.) , The

analysis of fuz2y information , CRC Press , 1965 ,ch. 9.

[ 13] - M.McAllister , " Con you ski ? ° to appear in
Mathematics Magazine .

[ 141 - D. McArthur , P. Klahr , ~ ROSS { Rule Oriented
System Simulation } Language Monual - , RAND
Corporation , Santa Monica , CA ., 1982 .

[ 15] - K. McKean and T. Dworetzky , = Fuzzy means to
logicel ends ", Discoyer , Feb. 1985, 70-73 .

[16] - E.Mamdani , B. Gaines , -
spplications © , Eds. , Academic Press , 1981 .

[ 17] - S. Ovchinnikov , * General negations in fuzzy set
theory °, , vol. 92 ,
no.1,1983 , 234-239.

[ 18] - A. Poliack , * Fuzzy logic for computers =, The
New York Times , (11 Oct 1985) ,D2.

[ 19] - R. Yager , " On the measure of fuzziness and

negation : part | , Intern Journal of General Systems ,
vol.5, 1979, 221-229 .

44

120] - L.Zadeh, " Fuzzy sets " ,_Journal of Informetion
and Control ,vol. 8, 1965, 338-353 .

{211 - L Zadeh, " A computational approach to fuzzy

quantifiers in natural languages - , Computers in
Mathemetics , vol. 9, 1983, 149-184 .

[22] - L Zadeh, ~The role of fuzzy logic in the
management of uncertainty in expert systems " , Intern,

Journol of Fuzzy Sels and Systems , vol. 11, 19683, 199-
227.

[23] - L Zadeh, " Making computers think like
people ~, IEEE Spectrum, 1984, 26-32.

AUTHORS® BIOGRAPHIES

M.Luisa McAllister

Dr. McAllister is professor of mathematics at Moravian
College in the Department of mathematics which she
joined in 1966. Her primary fields of research are
numerical analysis , operations research , and fuzzy set
theory.

Sergei Ovchinnikov

Dr. Ovchinnikoy is associate professor at San Francisco
State University in the depertment of mathemetics. He
received a PhD. degree in Mathematics from Moscow
University. His current research interests include fuzay
logic , decision making under uncertainty and semantics
of finguistic variables.

John T. Dockery

Dr. Dockery is a physicist and an operation research
analyst with 20 yeers experience in simulation with
emphasis on military problems.  He currently works for
the Department of Defense in the Pentagon in
wWashington , D.C. on command and control issues. He has
been associated with fuzzy set theory and practice since
1972

Klaus-Peter Adlassnig

Dr. Adlassnig holds a Dipl. Ing. degree in computer
science from the Technical University of Dresden and a
Dr. Techn. in computer science from the Technical
University of Vienna , Austria. He is currentiy on leave
from the Department of medical computer science ,
University of vienna , Austria. His research focuses on
computer applicstions in medicine.



