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Abstract
Theproblcmlsof AI effectivent~s in manufacturing
for
Design, Scheduling, Control and Proce~-.; Diagnosis are
considered.Wehavedevelopedan effective dialog procedurefor
a designer. This procedureI~ei~ himto identify file no..xh.’d
parametersof a d~ignedproduct, i.e., to distinct acceptable
paranleters, utm acceptable parameters and paran~eters that
require additional designsttgly. In ~lx’x’lulingwedevelopeda
newintelligent procedureto formulate and find an effective
schedule. Often st,ch approach can avoid CtmlplicattvJ
time-ctmsunlingctmlpt,tations. In Ctmtrolwedevelopedsimple
and robust control lm~cedures,which join the advantagesof
pur~ctmveutitmal
interpolation and fuzzy ctmtrol methtxts for
design of quick and cost-effective controllers. In Prc~e~s
Diagnosiswe overct~nesomedifficulties of such knownmethods
as neuralnetworks,linear discriminantanalysis andthe methodof
nearest ncighlx~rs.Themaindifficulties whichweovercome
are
related to the speedof a dynamic
learningproteinand reliability
of diagnosis. Wealso makethe extracted diagnosticregularities
easily understandableby a manufacturingexpert. This arcroach
wassucce~fidlytlsed for ~vt~’altasks related to cngineeringand
medicalprobhmls.
Keywords:design, diagnosis, scheduling, fuzzy ctmtml,
knowledgediscovery.

1. Introduction
Westudy a way how AI procedures can become
mort’, effective in manufacturing.A develolx’.d interactive
procedure allows designers to identify the needed
parameters of a designed preduct. Weare discovering
properties of job sequences which allow us to formulate
effective crite.ria of optimal scheduling. In control tasks
the main AI ttx~ls are tizzy conrad methtxls. These

methodshave shownthe effectiveness, but still have lots of
problems.A design of quick and cost-effective controllers
especially for mobile real-time systems is one of them. In
process diagnosis there are manydifficulties of such
knownmethods as Nepal Networks, linear discriminant
analysis and the methtfl of nearest neighbors. The speed of
a dynamiclearning process, reliability of diagnosis and
understanding of procedures by the user--mannfacturing
expert are amongmain difficulties of these methods. We
present an overview of our developments.

2. Design Problems
In Designonr interest isfocused on procedures, to
assist formulatiouof design criteria as formal requirements
for a product. Usually it is a very complicatedmuhilevel
and multi-attribite task. This is a newimportant problem.
The solution of this problem can significantly speed up
design.
Wehave developed an original effective dialog
procedure (govalerchuk, Triantaphyllou, Dcxpande
Vityaev 1996a), which allows designers to restate lower
and upper borders in a hierarchical multi-altribute space.
These borders help a designer to klentify the needed
parameters of a designed product. They help to distinct
parameters which must be reached from parameters which
must not be reached, and parameters which require
additionaldesign study.
An illustrative
example below shows the main
steps of the approach.Snl-qms¢that tree wishes to design a
mid-sized car under $25.000 better than the average level
on the market.Table ! presents features of the cars on the
market, taken fromConstnnerReports, 1994 (p.160).
use the followingnotation in this table: x~ for the overall
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score, x for predictedreliability, xj fi~r overall mpg,x, fi~r
driver’s air bag, x.~ for pa,~engcr’sair bag, x,, for antih~.’k
brakes, x7 fig aun,-transmissicm
and xs fi~r air-conditicming.
Also "P" denotes "optional", "l"and "0" denote available
and not available, respectively.

By combiningall these restrictions we obtain a newnumber
of design cases 3xSx2x2x2x2x2=4g0.
Weneed to classify
theminto two cla~,;e.s: (!) acceptable for design and (2)
not acceptable for design. This design problem h~ the
monotonieity proix:rty. If stane car (a combination of
values of features) is acceptable fi~r design then a better
car (a combinationwith stronger feature values) should also
be acceptable. This property together with the hierarchy of
design features allows to optimize the sequence of the
analysis of cases, nsing the powerfid mathematicaltheory
of monotoneBoolean functions and software.
An interactive system presents to the designer a
case (values of feature combinations), obtains his answer
(acceptable/not acceptable) and presents the next case
depending on all his previous answers. This optimal
procedure allows to reduce the numberof analyzed cases
up to 50-100 times, as we have shown for armther
applications (Kovalerchuket, Triantaphyllou, Despande
Vityaev 1996a). In our experiment we d~reased the
nmnber of requests for analysis from 4,000 cases to 40
cases.
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Table I. Rating 1993 mid-sized cars under $25.000

car

X2

X2

X
3

X4

X5

X6

X7

xs

Camry 6

4

5

21

!

0

P

1

P

Camry 4

4

5

24

1

0

P

P

P

Ford
Taurus

4

3

20

1

P

P

!

P

Mercury

4

3

2O

I

1

P

1

I

Maxima

4

5

21

1

0

P

P

1

Chrysler
NY

3

3

21

1

0

P

I

l

Buick
Regal

2

3

20

0

0

P

1

!

Chevrolet
Lumina

1

2

22

0

0

P

i

P

Next. the designer needs to identify a combinationof car
f~atures, which should be design requirements ( see table
1). It requires to analyze a hugeamountof possible feature
combinatkmswith different overall scores (xI in tablcl).
There are 5 values for predicted reliability, 5 values for
mpg(20,21,22,23,24), 2 fi)r driver’s air bag, 2 fi)r
passenger’s air bag, 3 for each of the next three features
(brakes, transmission, air-conditioning). The values for
these three features arc "yes", "no" and "optional". There
are 2xSx5x2x2x3x3x3=5,400 of the eonlbinations.
A
designer should chc~sc some of them. This nunlbcr
demonstrates the size of problem. Table I brings
information about only 5 cases from these 5,400. The
problemis howto assist a designer to analyze this 5,400
cases and discriminate acceptable cases from not
acceptable.
Some cases can be excluded from further
considerations relatively easy. For example,if all existing
cars bavc antilock brakes, auto-transmission and airconditioning options, probablyit will not be wise to design
a car without these optior~s. The sanle is true for the
driver’s air bag. If all cars with 4 overall scores have air
bags then a new car shonld also have it. Wecan also
restrict an acceptable range of reliability with values 3, 4
and 5. All cars with overall scores 4 have this reliability.
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3. Scheduling
In Sche~luling we are interested in criteria
formalization for an optimal schedule and intelligent
procedures to find such optimal schedule. Often the right
f(wmulatiou of criteria allows to avoid ccanplicated
time-consuming computations.
This is also a new important problem, where AI
research methods are very prt~mising. Currently, this
problem is out of formal analysis. Nonformalized expert
knowledgeis a base of mostly intuitive solutions. There
are stnne interesting attempts based (m fuzzy logic madein
BoeingCo. (Kipersztok & Patterson, 1995) for monitoring
networkload of jobs submitted to clusters of workstatiorL~.
Toclarify the situation, let us also considera task
from (Kipersztok & Patterson 1995) in more detail. For
these tasks mostexisting systemsemploythe first-in, firstout role (FIFO)to as,sign programsto a cluster of machines
independently of the network hind and ctanmunication
requirements. Advancedscheduling should address which
of the incomingjcsba should be sent to the networkcluster
first, and which of the currently running jobs should be
suspended. It requires a process of prioritization of the
jobs and rules that match the resource specification
requirementsof the, jobs to the clwrentstate of the available
resources in the cluster. Next the authors intrt~uce a
priority rank for each job. Importanceof cluster features
defines priority ranks. Priority ranks showhowsensitive
an incomingjob is to each parameter, which characterize
the cluster. Theseparameters are introutuced using fuzzy
k~gic. Then they are combined with a weighted linear
function in the priority rank. This is the weakestpoint of

this
of approaches.
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, ob)
construction. It can fit the task or not. The designer’s
experienceis of critical importancefor the c(mstruction of
li
a priority rank. Wedevelop an alternative approachrelated
E¢alljobs)-~%
I I
to direct extractkm of rules that match the resource of
II
,
the jobs to the current state of the available resources
using data of the previous performanceof the system. The
IIIIIli[l
main difficulties,
which restrict existing methods of
IIIIIIII
machinelearning to extract rules frc~n data are that for
12 3 4 5 6 7 8 9j~
schedulingthe data are not usual points in a feature space,
Fig. 1 ~ J~ effective~ at time t+ 1
but they are muchmore complicated. A technique based
on first-(wder logic (Vityaev & Moskvitin 19937 can
overcome
these difficulties. Let us illustrate this idea in the
previous example. For each time we may have records
how effectively the system uses resources. Wecompute
I
percentage of the used processors’ time with the length of
this interval for all jobs and for each job separately for
some time interval. Next we can collect these data for
llll,,,,i
sequential time intervals. Then we use methods of data
I I I I I I I I I I
mining and knowledge discovery to discover relatitms
123456789
jobs
between sequential data. Wepresent data for two pairs of
time intervals (t,t+l) and (k,k+l) in figures I and 2.
Fig.2 (a) Job effectiveness at time
are presented beginning with those that required moretime.
Wealso measurethe total effectiveness of a resource usage
fi)r all jobs. Let it be 90%for figure l(b) and 40%
figure 2(b). It allows tts to extract the following rule.
i ob)
jobs require resources as in figure l{a) or 2(a) at
momenti THENfor the next momenti+ 1 the set of jobs
should be as in Figure I(lo). It meansthat these jobs should
E(all jobs)=40%
require the same or close share of resources as in figure
i,
I(b). It will allow to have total effectiveness up to 90%.
II,
This job sequence is much more complicated than FIFO
III
I I I
midcan be significantly different fromthat ttsed in heuristic
123456789
jobs
priority formulas. To be reliable this rule should be
discovered tm a bigger data set. This methodallows us to
discover many rules without a human expert. Then we
Fig. 2 (b) Job effectiveness at time k+l
develop a procedure to match rule premises with current
system states. Next we descrihe how we discover rules
tLsing figures 1 and 2 and the first order logic.
E(b2) are effectivenegs’ of resonrce’s usage by all jobs
Let a I, a2, b l and b2 be job sets from figure
figure 1 (1o) and figure 2 (b), respectively. Thenwe
I(a),(b) and figure 2(aL (b) respectively. Next,
describe the rule:
predicate V(al,a2) is true if and (rely if the plot in figure
IF V(al,a2) THENP(al,a2),
I(a) is abovethe plot in figure 2 (at. Similarly predicate
whichshould be tested against a data set of such figures. If
P(al,a2) is true if and only if E(bl)>E(b2), where
this rule is confirmed tm the data set, we can use it for
scheduling as we described above. In the same mannerwe
automatically extract similar rules using larger sets of
predicates not only V and P.

IIII1,,

I

I

[ f J

I
I

678

9 jobs

I

I

I

Fig. I (a) Job effectivene.~s E at time t

4. Control Problems
In Control we are interested in the development
of simple and robust control procedures. The mainAI tools
here are fuzzy control methods, which have shown the
effectiveness, but still have lots of problems.Oneof these
problems is a design of quick and cost-effective
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contrnllers especially fi~r mobilereal-time systems.
There are three areas of control meth~xb;:
(I) the area of conventional control meth(~[~;
(2) the area of pure/conventionalinterlx~laticm methods:
(3) the area of fuzzy control methods.
Conventionalcontrol meth(~[sc(~x,t’r control tasks
with a knownmtxiel of the conn’olled pn~’ess. This medel
is usually presented with differential eqnations.
Pure/conventional interlx~iation methtx]s cover
control tasks without a modelbut with sufficient training
data to interpolate a ctmtrol function. Manyinterpolation
meth(xis are used here: I~lymwnialinterl~lation, spline
functions, pieeewiselinear interlx)Jation etc.
Fuzzycontrol mt~thtxls cover control tasks without
a mtxlel and withoutsufficient training data, hut with expert
linguistic control rule,.
Furthermore, there are manyintermediate cases
betweenthese three cases. Intermediate cases require mixed
approaches, which are now under development. The
problem is that there is no way to knowin advance if the
training data are sufficient
or not to cho(~se an
appropriate metl~(ml.Usually, it bectnncs clear (rely after
testing with large independenttest data or several trials of
u.~ the system. In (Motmouris & Mendel 1996) it was
shownthat with extension of a training set linguistic
inftwmationbecomesless imlx~rtant.
Weoffer an approach which helps to chtxrs¢ an
appropriate mettaxl when we do not have a m~lel of the
process. This approach is related to the perspective
direction -- the developmentof AI tcx~ls for an adequate
fuzzy control task formulation. Adeqtmcymeans that we
need to avoid oversimplifications
as well as too
complieated meth~x[,;, balancing between these two

fitzzy sets of control flmction give ms gtlidance howto
extend the mdningdata. The main idea is to adjtLst the
fiJzzy sets to form the so called exact complete context
spaces (Kovalerchuk, 1995, 1996b). Next we select peaks
of membershipfimctitms (MFs) of these adjusted fuzzy
sets. These peaks fi~-m a new training data set. This
procedun."allows us to immediatelyfind a piecewise linear
interpolatkmof the control fimcticm. This interI~lation has
the same deviation from the Mamdanicontroller ms above
mentioned5.05%of the fuzzy set supl’x~rt.
Wejoin advantages of fuzzy control and pure
interlx)lation in this methtxl, realizing a mixedapprtkach.
We call our version of interpolation
the second
interlx~lation. This interlxdation wasinferred fromMamdani
fuzzy controller. Mamdani
controller itself also repre,~nts
an interpolation of a real control function, but it is not a
pure interpolation based on training data only
Figures 3, 4 and 5 illustrate conditions wbenour
interpolation can simplify a fuzzy controller, thus
substituting the fuzzy controller. Our conditions are
represented in figures 4 and 5. These condifitaxs are very
commonin fuzzy control applications. For example, a
classical control problem of balancing an inverted
pendulum was successfully solved using membership
functions presented in figure 5 (see, ftrr example,(t%.ale
Demuth1994)). These triangular mt.~nbership functions
wereused for position of the cart, velocity in meters/second
and radians/second, angles and force.
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At first we have found conditians where the fuzzy
control is practically equivalent to the conventional
inte.rlx)lation
(Kovalerchuk 1994a, 1996a). If them
conditions for input and output memhershipfimctions are
fulfilled we can use conventional interpolation methodsand
obtain a very simple piecewise linear interpolation of the
control function. As a resuh we mayhave a simple and
cost-effective conm~ller. The OUtpUt of this interpolation
differs from Mamdanicontroller output no more than
5.05%of the length of the suplx.)rt of the used fuzzy sets
(Kovalerchuk, 1994a, 1996a). The length of the support
a fuzzy mt is the length of the interval where its
membershipfunction #(x) is above zero. For triangular
membershipfunctions it is the length of the interval
betweenslopes, where.~,(x)>0.
If our ctmditions for membershipfunction shapes
and overlapping are not fulfilled, we organiTg a guided
extension of training data interactively ~ith a designer
to fitlfill these conditions. Theguidedextension of training
data requires less data to tune control fimction than a usual
randomextension. The relations hetween input and output
106
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Fig. 3. lnterlaflaticm for nonoverlappingintervals

control
rule ©is1996,
"If AAAI
argument
a is positive
medium
then
From: Proceedings of the AI and Manufacturing Research Planning Workshop.
Copyright
(www.aaai.org).
All rights
reserved.
8"
t

I
I

oo...=

-i

ml I
"i’~T~

¯ .t- I

..........

--.-~

"¢
--o.o.

I
I

I
[

~!
-a

"

¯ I

I’

I

I
I
I
I
JPSI

i
I
I
I
I

,Ul

’

....

oo

=.... - ’

i i

°~oo

¯ --I

I
I
I
I
.~iff i
I"~111~

"

II IP I~IN41’N~

o3

*l

"

-].

¯

~

3

$

¯

Fig. 4. Interpolation for partly-overlapping fuzzy sets
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Fig 5. lnterlxflation for fuzzy sets with an "overlap of one"

Figure 3 showsa Manldanifi~.z.y control fimction for nonoverlappingintervals. It is a simple step function. In this
exampleeach input Ls presented .as an interval and each
output as an exact number. Also, control rules are: "If
argument a is about zero (i.e., from the interval [0.5#0.5)), then control u should be 0"; "If argumenta is
ptysitive small (i.e., from the interval [+0.5,+1.0)), then
ctmmdu should be 1". The other rules are formulated
similarly. In this simple case the fuzzy control method
and the pure interpolation methodgive the same control
functitm. Then we do not have a problem choosing one of

control u should also be positive medium’. The term
"positive medium"{PM)for argumenta is figmalized with
a fuzzy set in the bottomof figure 4 next to the fuzzy .set
for PS. The term "positive medium"(PM)for control u
also formalizedwith a figzy set. This fuzzy set is presented
above the PMfuzzy set for argmnent a in figure 4. The
other control rules are defined similarly. Figure 4 ~ows
that the fuzzy sets "positive small" and "positive medium"
are overlapping on the part of their supports. Control
functions for the fitzzy control method and the pure
interpolation are shownabove the fuzzy sets. The control
function for the fuzzy control methodhas a small wavein
the area where PS and PMfuzzy sets are overlapped. The
pure interpolation methodgives a straight line in this area.
Out of the overlapping areas the fuzzy control methodand
the pure interpolation methodgive the samelinear pieces.
The difference between these two interpolations in the
overlapping area is described
with the formula
(Kovalerchuk 1996b, theorem 1):
u=[(l-(p+e)2+p(l+e)12+{l+e-p)]]/[(l-(p+e)2+p(l
where e is the distance betweenthe peak point of PS fuzzy
set and the beginning of the PMfuzzy set and p is the
distance from the beginning of the PMfuzzy set to the
input point a, for which we compute a value u of the
control function {~ also figure 6). Computersimulation
using the last formula allowed us to show that for this
single input single output (SISO) case the difference
betweenthe fuzzy controller and the pure interpolation is
no more than 2.07%of the length of the support of the
used fuzzy sets. In figure 6 we show results of this
simulation, whenw=I +e.
A ft~y control fimction is presented for
(~Mmallyoverlapped! fu72y sets in figure 5. Linguistic
control roles are the sameas for partly-ovcrlapping fuzzy
sets. The term "Irsitive small" (PS) for argument a
formalized with a fuzzy set in the bottomof figure 5. The
term "positive small" (IS) for control u is formalized
similarly as a figzy set too. This fuzzy set is presented
above PS fuzzy set for argumenta in figure 5. The term
"positive medium"(PM)for argumenta is formaliTed with

them.

A fuzzy control fonction is pre.~nted for partlyoverlapping fuzzy sets in figure 4. Here control rules are
slightly differem. Let us describe one of them: "If
argumenta is positive small then control u should be also
positive small". The term "positive small" (PS) for
argumenta is formalized with a fuzzy set in the bottomof
figure 4. The term "positive small" for control u is also
f(mmalized with a fuzzy set. This fuzzy set is prestmted
above PS fuzzy set for argument a in figure 4. The next

Fig. 6. Overlappingof triangular fuzzy sets
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piecewi~linear interl~lation betweenpeak l~ints of fuzzy
sets has an important advantage. Weconsider a control task
where all fuzzy sets are equal and symmetrical. Howcan
they generate a wave? How to explain the wave in
Mamdani
control fimction in terms of a particular applied
control task7 There is no such explanatkm. The only
explanation is out of context of the particular task. The
source of the waveis Mamdanidefuzzifieation procedure.
i.e.. Center of Gravity (COG).
Piecewise linear
interpolation between peak points does not have this
weakness.
Let us stnnmarize our offer for control tasks
without modelanti wryrestricted possibility to have a large
training data set. Wecombine fuzzy control and pure
interpolation methods. Fuzzy control methodsare used to
chooseinterpolation points and pure interl~)lation methods
are used to interl~date betweenthese points. With filzzy
control methods we extract linguistic rules, construct
respective fuzzysets preferablyas in figure 5, identify their
peaks. Theninterpolation methodsare tt’,~.A to identify a
control function interpolating betweenthese peak points, if
the coastal’ted fi~zzy sets meet the above mentitmed
requirements, we do m~t need any more fuzzy control
procedures to have practically the same control ftmctkmas
Mamdanicontrol fimction (see also mentioned the above
theorem 1 (Koval~chuk, Triantaphyllou,
Despande
Vityaev 1996a).
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Fig. 7. Difference betweenfuzzy control function and the
second interpolation
a fuzzy set in the bottom of figure 5 next to the fuzzy set
for PS. The term "ptvsitive medium"fi~r control u is
formalized shnilarly as a fuzzy .set. This fuzzy set is
presented above PMfuzzy set for argumenta in figure 5.
Figure 5 shows that fuzzy sets "l~sitive small" and
"ptrsitive medium"are overlapping on the half of their
suptx~rts. Control ftmctions for fuzzy conrad methodand
pure interpolation are shownab~wefuzzy sets. The control
function for the fuzzy c(mtrol methodhas a slight wave
shape for all domain. The pure interpolation methodgives
a single straight line. The difference between these two
interpolatknLs in the overlappingarea is described with the
formula (Kovalerchuk, 19961); Corollary 1):
u=(2-3/? +5p)/2(t-~+p),
wherep is the distance from the beginningof the fuzzy set
to rile input Ix)int a, h)r which we computea value u
the control function. Computersimulation using the last
f(rmula allowedus to showthat for this single input single
output (SISO) case the difference betweenfuzzy controller
and pure interpolation reaches only 2.07%of the length of
the supF.)rt of used fuzzy sets. This maximum
deviation
2.07% is reached for e=O and two values of p:
p~=0.197200388and p:=0.802279961I. For two inputs and
single outptlts CI’ISO)case the difference betweena fuzzy
control ftmctitm and a pure interlk)lation is no morethan
5.05%of the support (Kovalerchuk, 1994. 1996a). Recall
that the optimal fuzzy set overlappingshownin figure 5 is
most ctnmntmin fuzzy control. This study shows howto
combinefiuzzy control and pure interimlation to constntct
simple control functitn~s. If fuzzy sets have a large mipport
then difference between these two interpolations can be
significant and the "wave" (aa figures 4 and 5 can be
relatively large. In this case weneed to decide whichof the
two control functkms should be used. Weargue that a
108
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5. Process Diagnosis
In Process Diagnosis we are interested in using
our original sophisticated diagnostic methods, which
overcome some difficadties
of known methods such as
Neural Networks, linear discriminant analysis and the
methodof nearest neighlxns. The main difficulties which
we overcomeare related to the speed of a dynamiclearning
process and reliability
of diagnosis (Kovalerehuk,
Triantaphyllou, Despande & Vityaev 1996a, Vityaev &
Moskvitin, 1993). Wealso make the extracted diagnostic
regularities easily understandable by a manufactm’ing
expert.
Expert systems, linear discriminant analysis,
neural networks, decision trees, and similar classification
methods are the most known and effective tools for
computer-aideddiagnosis. They are used in manyareas of
diagnosis of machinery failures in the process of
manufacturingand exploitation, military target recognition,
detection of contamination of radioactive materials, nondestructive detection of damagesin composite materials,
drug design, medical diagnosis etc. Usually the accuracy of
90%,95%or 99%is considered as an evidence of effective
diagnosis. Westudy tile following practical questions:
Do these numbers really evahtate the performance of a
diagnostic system?
Should we buy and use a system with this accuracy for
practical tasks ?

We show that there is m:my misccmceptions/
mistmderstanding/illusions related to these ~.Titical for
practitioners questions. Next wc show how to distinct
illgsions of reliable diagnosis from a really reliable
diagnosis and demonstrate howa reliable diagnosis can be
accomplished.
Let us considerthe first illusion, whichwe call an
illusion of a single index of accuracy. Consider following
real data: about 0.2% of 15,000 screened womenhave
breast cancer (data from Woman’sHospital of Baton
Rouge, 1995). If a system diagnoses all these womenas
not having cancer, then accuracy is 99.8% and only
0.2% of womenhave awnmgdiagnosis according to this
"all right" optimistic strategy. The general accuracy of
this "all right" strategy looks like a dream99.8%. Is it
gtaxl? Of cause, the answer is negative. Wemust not only
nse accuracy itself, but examinefalse-po,vitive and falsenegalive mistakes separately as is in real evaluation of
cancer diagnostic methods. In these temls the system with
"all right" strategy makesno mistakes in diagnosis of non
canct~r cases (100%of them are diagnosed accurately). But
all cancer cases are diagnosed as non cancer cases (0%of
accuracy). These two indexes allow us immediately to
reject the use of such system. There arc many other
diagnostic fields where illusion of a single index of
accuracy is not so obviotLs. They require a special
analysis.
Next let tkS study howto evaluate the performance
of a diagnostic system in reality having two indexes. If
both of them are 99%for the entire lxvulation the total
accuracy is also 99%. In this case usually the system
performm~ce can be evaluated positively. But how to
evaluate the perfi,rmance of a diagnostic system with 30%
of false-positive and 80%of false-negative rates? In this
case the total accuracy can be any m~mberbetween 30%
and 80%, including 50%. It means that a s~cial study for
a partict,lar task will be needed to evaluate whether we
should uae or not this systemfor practical diagnosis.
Wehave shownabovehowcritical is to find falseIx~sitive and false-negative error rates. It requires to solve
a muchmore fundamental problem: identify a real border
between diagnostic classes and compare it with a formal
border, which have faired by a diagnostic method, for
example, by the "all right" strategy . Note, that the real
border can be as narrow as a very wide area.
Let the border area consist of only 10%of all
possible cases and a system improperly diagnoses all
these border cases, i.e., 100%of mistakes on border cases
fnnn both diagnostic classes. Also let all other non border
cases, i.e., 90%of cases be diagnosed accurately. This
gives 90%of the total accuracy. Should such diagnostic
system be used? It can be used only for relatively simple
for diagnosis cases out of the border area. For all truly
complicated cases the system gives 100%of mistakes.
Therefore the presented 10%of mistakes is the second

illusion of the diagnosis probl,,m solution--accurate
diagnosis without complicated cases. In reality this 10%
means100%mistakes for complicated cases, which really
require sophisticated methodsof diagnosis. Note, that often
majority of simple cases can be diagnosed without any
computer-aideddiagnostic system. Therefore such a system
with 90%accuracy can be useless.
Thethird illusion is related to a randomchoice of
the test data. The standard approach to test diagnostic
systems performance includes a test of a system on the
randomlychosen ~t of cases. In the example above (with
10% of border cases and 90% ant of this area) the
randomchoice of cases will repeat this ratio. As a result,
we will have the .~ame 100%accuracy out of border area
and 0%accuracy in the border area and the total accuracy
of 90%.This means that we have the same second illnsion
of accurate diagnosis without complicated cases, ha
caused also by randomchose of test cases. Wecall this
illusion--the randomchoice nlusion.
Next we discuss a critical for practical diagnosis
question: Wh5, procedures of accurate etcduation of
diagnostic methods hove not been developed before?
The reason is that diagnostic methods were
developed and used in the frames of the paradigm: the
real border principally cannot be known. Wemay know
something about the real border only after approximating
it using some method. Different methods give different
approximatiom of the border rising different a priory
assumptions such as metrics of feature space, a type of
distribution, a class of discriminsnt functions, a type of
rules and etc. This a priory assumptions approach often
leads to confusing diagnostic solutions and/or illusions of
accurate diagnosis. Note, that often these assmnptionsarc
not formulated and should be discovered.
Next, what leads to reality, i.e., real solution of
a diagnostic problem? It is a method of finding real
borders between positive and negative examplesand their
diagnostic clnsses. This problem has not been studied
before, because there was not knownanother way to find
a real border except the construct of an approximation.
Wedevelop another approach to restore the real
border. This approach is b&sed on the Empirical
Paradigm and r~pective methods, which were developed
in the former Soviet Union during the last 25 years
(Zagoruiko 1981, Zagoruiko, Sviridenko & Samokhvalov
1978, Vityaev et al., 1976,1992,1993,Kovalerchuket. al.,
1975, 1996a). The core idea of this approach is in
replacing a metric feature space by an Empirical System
as this concept is defined in MeasurementTheory(Krantz
at at. 1971). Dis~iminant functions are replaced by
hypotheses in the tim-order logic, which exiT, s
empirically testable properties of diagnostic classes of
functions instead of choosinga particular function fromthis
class ( usually with interpolation technique).
Wedemonstrate our approach on the empirically
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testable property of monotonicity and the class of all
monotonefunctions. This is a rather general class of
functious. But it is not nece~arily for us to identify a
particular monet(mefunction to discriminate two panerns
as it is, for example,in regression anti discriminant
analysis. Wecan directly use the empirically confirmed
property of monotonicity fi)r diagmrsis. In this case all
other non empirical a priory assumptiorts, needed for
approximationmethtxis, are eliminated. Also we showthat
the property of nmnotonicity can be empirically
discovered with a high accuracy using a data set or
interactively with an experienced expert, in the last
interactive case we can discover empirically an exact
monotonediscriminant functkm me.
Let us illustrate the effectiveness of the property
of mtmotonicity for diagn~is. Weconsider the task to
discriminate two classes of de,sign requirements:acceptable
and non acceptable fi)r a newcar design ILsing the example
presented in table 1. For illustrative purposes we consider
only twofeatures fr(ml table 1: predictedreliability (x_,)
miles lx~r gallon(x:~). Figure 8 showsthe.~ data. Numbers
in the grid showthe overall scores fi~r cars from table 1.
For example, (x,,x.0=(2,22) correspomLs to Chevrolet
Lunfina, whichhas grade 2 firr forecasted reliability and 22
mpg;(x.,,x0=(3,20) corresp(mdsto three cars from table
Ford Taurus, Mercury Sable and Bi,ick Regal. Weuse
feature xr fromtable I as a criterion fi~r discriminati(mof
two classes: if x~ = 4 design requirements are acceptable
and if x~ < 4 then they are. not acceptable. If we consider
5 values for x, and 8 values for x~ we will have 40
imssible design cases. Recall that 8 cars from table I cover
(rely 5 p(~sible cases. Wedo not havesufficient statistics
to ColLstructa lx~rder betweenthese two classes. Moreover,
the cl,’LS~’,s are overlapping: two cars from the positive
class and one car from the negative class c(~espondto rite
same point (3,20). There are dozens of possible
discriminationlines. For exanzpletree of the simple,st tree
is x_, : 4 fi~r the positive class and x,. < 4 for the negative
class. The (nher cmeif x, - 3 for the positive class and x2
<3 for the negative class. Bothof these discriminationrules
generalize these 5 points fi~r all other points without
argumentatitm. For example, lx~th of them classify (5,19)
as acceptable, but where are the argnmems?Neural nets,
linear discriminant fmlctions and other methcx’ts usually do
not control this situation for large (bta sets. For small data
sets, as the (meis in table 1, these meth(xLscannot give any

(P3)

we are ready to design a car as car a, i.e., with
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answer.

We resolve
thisproblem
exploring
thesemantics
ofthefeatures.
Semantics
of features
x_,andx~ giveus
thefollowing
mcmottmicity
property.
Letuscamsidcr
two
cars a and b with their properties:
(Pi)
forecasted reliability x, of car b is more than
forecastedreliability x_, of car a, i.e., x,_(a)<x2(b);
(P2)
car a makesless miles per gallon than car b. i.e.,
xda)<.r.4b).
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Fig 9. Monotonediscrimination of lx~sitive and
negative design classes
properties x., anti x.~ of car a. Wedenote this as a
property D(a).
Wesee from (PI) and (P2) that car b is better than a.
To be logically consistent we should ct~sider car b also as
acceptable for de,fign, i.e., to agree that D(b) is tnne as
well. Nowwe can write this property formally:

IF xt(a)<xz(b) and x3(a)<x3(b and D(a) THEND(b)
This
is the property of monotonicity. For our features x
2
and .r~ and D the property of monotonicity is a result of
their semantics. For other features monotonicity may be
not so clear. In this case we needto discover this property
empirically using data set and a methodfor discovery of
regularities in the first order logic {Vityaevand Moskvitin,
1993].
The main "advantage of the semantical or
empirical discovering monotonicity that by this way we
obtain interpretable properties of diagnosed classes,
instead of interpolation of [x~rder using a priory
assttmptious. More often these assumptions are not known
to the author of a methodexplicitly.
Weexploited the discovered monotonicity for our
illustrative task. Figure 9 showsthe border between the
positive and negative classes discovered using the
semantical monotonicity. The points markedwith "+" and
"-" are fromIx~sitive and negative classes, respectively. The
points marked as "?" represent cases, for which our 8
training cases Ccars from table 1) are not sufficient.
designer should analyze these cases with additional
information. The other features frotn table I can be one of
the sources of this information. This approach was
successfully used for several tasl~ related to engineering
design problems, signal recognition, breast cancer
diagnosis, forecast of the surgery after effects, formingthe
secondarystructure of proteins and so on.
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6. Concluding Renmrks
AI methods require deep lmderstaoding by each
tL~r of applicability of a methodfor his/her task. Ignoring
analysis of applicability often leads to illusions of solutious,
spending resources without obtaining a reliable solution.
Currently manyexcellent user-friendly software systems
allow to try any method easily without any analysis of
applicability and reliability of solution. The problemof
developmentof reliable AI methtxts is still open. In this
paper we have shownhowit can be accomplished for some
diagnostic, design, control and scheduling tasks.
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