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1. INTRODUCTION 

One of the goals of machine learning research is to give machines the ability to acquire useful 

knowledge in ways that people do. lnatead of hand crafting the detailed rules needed for a knowledge 

based system to perform with a high level of expertise, we would like to have a system which can develop 

'heae rules from examples. This is desirable because oCten experts are unable to articulate the rules they 

use in making decisions, and in some areas there are no experts. 

In the real world of measurements and decisions, very little can be known with 100% confidence. 

Often, it is not possible to gather all relevant information before we must make a decision. The informa­

tion we gather is likely to contain errors and may contain inconsistencies. We work in a resource limited 

environment, exhibiting a form of '4tiljicing behavior [Simon, 1960]. That is, we often stop when we find 

a solution which is -good enough" even though the solution is not optimal. When we make a decision, the 

rulee we use tend to work well for the most frequently encountered problems, but unusual circumstances 

may require Curther consideration. For example, in disease diagnosis it is usual to check for a common 

disease associated trith certain symptoms before doing expensive teats for rare diseases with similar symp­

toma. This thesis addresses the problems or learning approximate decision rules rrom imperfect data and 

applying these rules in a resource limited environment. 

1.1. Background 

This work has evolved from work on the All algorithm [Michalski, 1969; Michalski, 1977], and recent 

utenaions [Micha..lski and Larson, 1983j Becker, 1983J. The All algorithm is a quasi-optimal solution to 

the general covering problem, originally developed for and applied to logic circuit minimisation by Michal­

sc 11969J. It has been used ror automatic acquisition or decision rules ror expert systems, and conceptual 

data analysis. The current work. extends these efforts in the directions or greater 8exibllity, better rule 

quality, and greater efficiency. 

The problem or learning rrom noisy data haa been investigated by Quinlan using a version or the IDS 

a1cO
rithQl Qlodi&ed to allow the generation of approximate decision trees !Quinlan, UI8Sb). IDS is a des­

l,
, 




cendent of the CLS inductive learning Iystem [Hunt, Marin, and Stone, 19661. Quinla.u reports a num~ 

of findingl which are in part replicated in this thesis, with lome interesting diJl'erencel. 

Another approach to inductive learning or approximate (abo called probabuutic) decision rules 

described in [RendeU, 19831. Rendell's Penetrance Learning System (PLS) is closely related to CLS &l 

ID3. PLS producel weighted rule. which can be ueed to determine how likely a particular event is to me 

a particular condition. 

The idea or the I/,nle" condition &I a useful extenlion to production rules W&l originaJ1y introduce 

by Wtnlton (Winlton, 1983], and elaborated by bot~ Winlton and Michallki [Michalaki and Winstol 

1985]. Winlton'l original implementation or these concepts W&l in a Iystem ror understa.uding and learl 

ing trom stories. The current work embodies the unleu condition concept in the area of learning discriu 

inant descriptionl rrom examples, a.ud in the application or rules with unleu conditions under constrainl 

on decision certainty and applied eJl'ort. Winlton worked with a semantic network repreaentationj tb 

implementation described here uses the Taliable-valued logic system VLl [Michalski, 19741. 

1.3. 	Overview 

The tuk of interest here is learning or concept descriptions from examples [Michalaki, 1983]. In thi 

paradigm, a set ot training examples which have been uligned to decision classes by a.u expert are used a 

the buis tor automatically inducing a general description (or each decision class. The rules learned ma. 

then be used to asaign classiJica.tioDS to testing exa.mplel (examples ror which the correct classification i 

unknown). 

An example may be a physical object, a litaation, a cause, a concept, or nearly anything elee tha 

can be described in terms oC a eet ot attribute-value pairs. Some learning tub which fit this paradigl 

are: 

(I) 	 Establishing seRle/concept a.uociatioDS. Given valuel Cor eensory inputs ror a number of diJl'ere» 

concepti, a rule can be learned for mapping some range of input values to each concep~. 
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II) Lelll1lq rulet ror assigning physical objects to classes given examples ot physical objecta rrom each 
umber 

of. bite number ot dasses. For example, given examples or animals trom dilferent categories in a 

duamcation hierarchy, we can learn simple rules tor assigning new examples to categories. 

ules is 
(.) Learning condition-action rules. Given examples oC when an action should and should not be 

,S and 
applied, a generalised expreuion Cor the condition may be learned. 

o 	meet 

14) Learning rules ror rault or disease diagnosis Crom examples oC the Caulta or diseases, Machine learn­

iq hu already proven to be an effective means Cor generating knowledge bases ror expert systems in 
>duced 

tJaiurea !Michalski and Chilausky, 1980], 
.Dston. 

A domain is auodated with each attribute used to describe examples. The domain indicates the
learn­

... the attribute may assume. The values in a domain may be unordered (or nominal), linearly 
iactim­

oNend, or hierarchically structured (see Appendix A ror a summary ot terminology). One or the aUri­
trainta 

MIea, called the douijkotion ottri6ute, is used to indicate the class to which an example belongs • 
•nj 	the 

This thesis describe. a program called "ExceL" (ror Ezctption Learning) which deals with a number 

01 .... weaknesses or previous system.. Most notably, the system has the ability to learn rules which have 

tIte,lionl. The ability to allow exceptions in inductively learned rules is important when the training 

In this 4,,,, it noily b . I
ecause simp er rules may be generated with little or no lou in rule accuracy, as shown in 

Seaio 
II 4.4. It iI aleo a neceuary capability Cor generating rules with unit" conditions. Using a main. rule 

... &.II -ftleu co d't: . 
D 1 Ion 18 one way to Corm a rule with multiple conditions that are ordered according to 

tion is ~ liiUt A 
y. rule condition has high utility iC it is aatis6.ed relatively rrequently. In this Corm oC rule, 

~ "i" rule tendJ to b . 
e sat18Jied much more Crequently than the unit" condition. This makes it possible 

\0 allow • trade off betw d •... ,;e that een spee and preCISion In an mCerence system which usee these rules. For exam­
ple, 1ft 

1Il'1 have a rule which states: 

1turn the ignition key 

the car will start 

the car is out ot gu or the battery is dead. 


1\etlaia 

tule (the If part) can b­

than if tb 
.. used alone ror rapid, low COlt reMoning, but with somewhat leu 

• unleu put or the rule had also been tested. A method ror learning rulet with 

http:aatis6.ed


exceptions and unlesa conditions Crom examples is diacussed in Section 2.3. Some attention is also given 1 

methods Cor using these rules Cor deductive inCerence in Section 2.4. 

Induction is a necessarily error prone pr<x:ess. It is Calaity preserving rather than truth preservinl 

That is, except in finite domains, it is not possible to prove a hypothesis generated by induction to be trn· 

but it is possible to prove it Calse by finding a counter-example. Thus, a hypothesis generated by indue 

tion can rarely be used with 100% confidence. The problem or assigning a confidence level to an indue 

tively generated hypothesis is dlscuued in Section 2.3.2. 

Incremental learning is the pr<x:ess oC modifying rules 10 that they are kept consistent with tuinin; 

examples that trickle in over a period time. This capability is important for knowledge base maintenanc 

and ror "dosed loop" learning systems where reedback about rule perrormance on testing examples is usee 

to generate new training examples. One approach is to recreate the Rt or rules rrom scratch each time 

This works, but is computationally costly and has the added problem that the rules may change drasti· 

cally, conrusing the user. A better approach is to generali.e or speciali.e the current rules as necessary tc 

maintain consistency. An elegant approach to providing both generalization and specialisation operatorl 

using a pr<x:edure ror linding a rule which discriminates one set of examples Crom another (Le. a cOf/erin., 

procedure) is discussed in Section 2.3.4. 

A conB.ict exists when a training example leads to mutually exclusive decisions. This is a problem for 

inductive learning systems because it is simply not possible to diacriminate between identical objects. A 

prepr<X:eS8or has been provided ror ExceL which resolves conDicts in the training data. The conDict han­

dling techniques provided are described in Section 2.2. 

Previous learning systems, especially those based on Aq, have been computationally costly to use on 

large problems. The efficiency problem was serious enough that considerable research eD'ort was devoted to 

techniques ror reducing the si.e oC data sets both in the number or training examples used [Cramm, 1983J, 

and the number of attributes used· in describing examples IBaim, 1984]. During the course or the current 

work, several techniques Were discovered for markedly improving the efficiency or inductive learning for 

systems such as ExceL and A q. These techniques are discussed in Section 2.5. 
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1.1. 	 8rnop.t. 

Tbil report discusses various aspects or the problem or learning approximate decision rules rrom 

.perf'Kt data and using these rules in a resource limited environment. Section 2 describes in a general 

"'1 u.t methods used to accomplish the stated goals. Section 3 describes the specific algorithms used in 

II ilDpiemeDtdion of these methods, and the reasoning behind the choice of methods. Section 4 presents 

a:a.tIIples or how the system actually performs on sample problems, and an analysis of this perrormance. 

Sct.iol 5 .ummariles the results of this thesis and points out directions for ruture work. Appendix A gives 

4da,itioll. ror many or the terms used in this paper. Appendix B is a user's guide ror the ExceL program. 

AppqdiJ C contains listings or the input data, program output a.nd summary inrormation ror the experi • 

..'" deKribed in Section 4. 

Ret-den who are unramiliar with Michalski's work should start with Appendix A to become ramlliar 

willi tbe ~rminology and notation used in this paper. The casual reader should read Sections 2 and 5 to 

I" I bllic idea or the methodology, and skim the examples in Section 4. 

rning cor 



2. 	 DESCRIPTION OF THE METHODOLOGY 

Learning decision rules from example. ill an incremental proeeu when either incomplete inrormati 

is available at the time of initial rule formation or the environment is dynamic so that the decision ru 

must be continually modified to agree with new condition. in the real world. A learning proeeu is d04 

loop when feedback about perrormance is used to generate new training examples. Figure 1 shows t 

steps involved in a dosed loop decision rule learning cycle. Training examples which have been placed 

decision classes by an expert are provided to the system. Background rules are used to add new aUribul 

to training examples with values that are derived rrom the value. of given attributes. The conftict handl 

checu for conflicting training examples and makes appropriate modi&cations to the data. Next. the n 

elaborated examplea 

CONFLICT HANDLER 

eon.laknt example•. 

CRITIC 

deelaloa 

Figure 1. Deeielon rule learning cycle. 
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generator induces decision rules (rom the modified set o( examples. The rule int.erpreter takes the set o( 

tion decision rules and a testing example and produces a decision, which is presented as advice to a critic. In 

'ules some situations the critic will be a human expert who has final say about the decision. In other situations 

oled the critic will be a component or the computer program. If the advice given to the critic is wrong, the test· 

the ing example with the correct decision may be recycled as a training example 80 that the set or rules may be 

·d in corrected. 

utes 

:dler 

rule 

2.1. Background Rules 

Background rules are used to add or replace attribute-value pairs (selectors) in examples. The value 

of the new selector will be (unction ally dependent on the values or given selectors. A background rule con­

sists o( three parts: 

(ormula arrow condition. 

The cond.ition is a conjunction o( selectors which must be satisfied by an example (or ~he rule to be applied 

to it. The formula. contains the new variables and (ormulas (or computing their values. The a.rrow indi­

cates whether the rule will be used to add ( «-) or replace ( <-) selectors. 

For example, a background rule (ot a.dding an area attribute to rectangular objects is written as: 

[area := length" widthJ «- [shape = rectangle]. 

If a.rea. turns out to be an important attribute ror discriminating between the given classes, then much 

more concise rules may be generated. Applying the above rule to the example: 

yields: 

[class = succesallshape = rectangleJllength = SJ!width = 7] 

[class = successj[shape = rectangleJ[length = 5][width = 7J[area = 35]. 

A rule (or repla.cing a numerical area by a qualitative measure or sbe is written as: 

ApplYing this rule in turn yields: 

[size := big] <- [area = 30 .. 50]. 

[class = SUcce8sj[shape = rectangleJ[length = 5J[width = 7J1sile = big). 
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The concept oC background rules u described here wu fiut implemented in the INDUCE progr&lll 

Cor learning structural descriptions Crom examples [Holf, Michalski, a.nd Stepp 1983]. A forward chainin& 

procell is used to match the conditions of background rules to examples and perform the modifications to 

training examples. 

2.2. 	Conflict Handling 

A conflict exists when training examples with equal values Cor corresponding attributes occur in more 

than one decision class. This presents a problem because the inductive learning algorithm 1llIed expects the 

training example sets for different decision classes to be disjoint. It is simply not pOllible to find a rule Cor 

discriminating between identical objects. A conflict may occur because: 

(1) 	 The data is noisy - either attributes have been auigned incorrect values or an example has been I 

placed in the wrong class. The first situation may happen when imprecise measurements are used. 

The second situation may happen when the decision is so difficult that enn the human experts do 

not exhibit perfect performance. 

(2) 	 The attributes used provide insufficient information for making the desired discrimination. For 

example, when discriminating between c1aues of chemical compounds, /e{durel of atomic elements 

and their relation. may be more relevant to making the discrimination than the Ramel or the atomic 

elements in a compound, since structurally different compounds may contain the SAme set or ele­

ments. 

(3) 	 The training example represents a situation where two decisions hold. For example, in a rault diag. 

I 

nosis problem two laults may occur simultaneously, so it may be desirable allow decision rules to t 

overlap. Thus, multiple decisions could be triuered for some testing examples. 

The human expert must decide what semantics are to be aa.signed to the data. The expert should 

know whether there is likely to be noise in the data, which attributes are necessary for making a discrimi· 

nation, and whether multiple decisions are to be allowed. The exper' can direct the system to behave in 

one of the following ways when a conflict is encountered: 
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(1) 	 Ad: the user. This option is chosen when the data is required to be consistent but is not known to 

be. A conBict would indicate noise, an inadequate set of attributes, or an inaccura~ classification by 

an expert. 

(2) 	 Drop conBicting examples from all classes involved in a conflict. This option should be chosen when 

the data is known to be noisy, and the noise is evenly distributed across all attributes, or occurs in 

the classification attribute. 

(3) 	 Auign an example which causes a conBict only to the class where it occurs the most frequently. It is 

sometimes useful to associate frequency data with training examples, and duplicate examples are 

allowed, so in some cases it is desirable to use this information for conflict handling. This option 

may be chosen when the data is known to be noisy, but there is a relatively high probability that 

training examples will be assigned to the correct class. 

(t) 	 Keep conflicting examples in all classes involved in a con8ict. This option is chosen when multiple 

decisions for an example are expressly allowed. This differs from doing nothing in that modifications 

are actually made to the training example sets used by the rule induction algorithm. 

(5) 	 Do noth.ing. This option may be chosen when the data is known to be consistent and the user does 

not want to waste processing time checking for conflicts. 

These methods or conflict handling are believed to be adequate to handle most situations. The 

elptrt is giVen explicit control, yet relieved of the chore of manually making the example sets consistent. 

At ihis point, implemented systems are not capable or storing or using enough knowledge about the real 

"'Grid to perrorm the task of determining whether or not a given data set is noisy. Nor is it possible to 
:> 

automaiically determine whether multiple decisions should be allowed for examples. Once con8icts in the 

'rain' 
lfIg examples are resolved, the consistent set of training examples may be passed on to the rule gen­

erator. 

n 



,,10 

2.1. Learning Rule. with Exception. 

The t&lk or the rule generator is to t.o rorm a rule describing each de<:ision c1a.as. This rule may thea UI 

be used to distinguish examples or one dUll rrom examples or anr other clus, The rule mar be &pprox). ti~ 

mate - it may have exceptions. There ue two kinds or exceptions: examples which should be covered by a en 

rule ror a particular class but are not, called po.itille e:J:l!eption., and examples which are covered by a rule 

but should not be, called nega.tive t:ception., Figure 2 illustrates a ruJe with positive and negative excep. wi 

tions. tio 

SUI 

2.a 
Rule: 	 II I turn the ignition key 

Then the car starts. 

Positive Exception: 	 II I hot-wire the ignition, 
andand the gas tank is rull, 

and the battery is charged 
tiollThen the car sta.rts. 

replNegative Exception: 	 II I turn the ignition key, 
and the g&l ta.nk is empty, 
and the battery is chuged 	

two 

Then the car does not stut. 
a co 

R.1e for the 
Poeltive Exceptio. 	 'car Rarta' 

Pass 

cann 

Ne,atln Exceptio. 

adlo. I ,/
I 

'I I 
: c .... doe.tar. key j Dot ......t 

• lbo--'wtn car ......ta 

Do.e I 
fuB emp*" fuB empty ......t 

cbarsed dead balk,.,. 

Figure I. A rule with po.ltlve and negative exeeptlone. 

-
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Positive exceptions are o( interest in two cases: when the data is noisy, and when examples have 

unique names. If the data is noisy I generated positive exceptions may be dropped rrom rurther considera­

tion. If the data is not noisy, and unique names are provided for examples, the positive exceptions may be 
>xi­

enumerated easily using their names. Otherwise, a rule which covers all positive examples should be used. 
ya 

Negative exceptions are also of in terest in two cases: when the data is noisy, and (or generating rules 
'ule 

with 	unlt" conditions. As for positive exceptions, when the data is noisy the generated negative excep­
ep­

tions are dropped from further consideration. If the data is not noisy, an unless condition can be used to 

,uIDmarile the negative exceptions found for a rule. 

1.1.1. 	Characteristiu of Rules with Unless Conditions 

The form of a rule with an unless condition (also referred to as a c:en..eor [Winston, 1983; Michalski 

&lid Winston, 1985]) is shown in Figure 3. Formula 1 is the normal form for a rule with an unless condi­

tion where D is the deci'ion, P is the prem.i,e, C is the un..eor, the symbol L means unJe", and 7 

represents the confidence in the decision when the premise is satisfied but the censor is untested. There are 

two types of censors - active and passive. Active censors only apply to logical decision rules and represent 

a condition which is mutually exclusive with the decision. If an active censor is satisfied, the negation or 

the decision is known t~ be true. A logically equivalent form for an active censor is shown in Formula 2. 

Passive censors apply to all types of production rules and represent a condition under which the decision 

cannot be triggered. Formula 3 gives a logically equivalent form for a passive censor. If the censor is 

Formula 1. D ~ p L C : "I 

Formula 2. (D ® C) .;::: P 

Formula 3. (D V C) .;::: P 

Figure I. The form of rules with unless conditions. 

-
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tested 	&Dd ralla to be lIIatisfied, the confidence in the decision is 1 (certainty). For & discul!ll!lion or the 

development or rulelll or this rorm and additionalillemantic conilliderationill which are not dealt with here ~ 
That 

[Michalski and Winston, 1985J. 
Usu&ll 

A rundamental goal behind the creation or rules with unless conditions illl that they provide a tech­

nique ror implementing a IJcricble-preci.ion logic. That is, it is possible to speciry guidelines ror satisrac. 

) 
tory confidence levels and resource utilil&tion, and modiry the way the rules are used to meet these guide-

The co
lines. To meet this goal, the parts or a rule must have certain properties: 

sian, &l 

(I) 	 The decision must hold with a high degree or confidence ror a majority or the cases when the prem_ 
above, 

is true. We should be able to do reasoning with only the premises or rules, ignoring unless condi. 

tions, and be able to reach conclusions with & reasonably high confidence. 

where .J(2) 	 The unleu condition must hold with a high degree or confidence ror a small number or cases whell 

the premise is satisfied but the decision is raise (active censor) or unknown (passive censor). Notf observe 

that ir the unless condition holds ror a large number or C&Sel!l when premise is satisfied, then the '1, sincE 

numberconfidence '1 must be low. 

w
More rormally, consider some rule R with confidence '1. Let fl be the universe or &ll training exam-

pies, flp be all examples such that the premise or R holds, flpo be all examples such that both the premillie generate 

or a corl 
and decision or R hold, and flpe be all examples such that both the premise and censor or R hold. GiveD 

or possib 
total knowledge we have 

real nUII 

correct d 

If we let more} th 

and is qll 

Th 
then 

levels &SE 

'11 + '12 = 1. 

An unlel!ll!l condition IIhould onl7 be generated when 
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1 
'7\ > 2' 

That is, the main rule should have a confidence of greater than 50% without testing the unless condition. 

u.aally a much higher confidence level will be needed to do useful reasoning. 

s.u. Aaigntng & Confidence Level 

A difficult problem is deciding what confidence level should be given to a rule acquired by induction. 

The confidence level assigned to a rule should reflect the probability that the rule will give the correct ded­

.PoD, assuming that the censor (if any) is untested. If the set of training examples is exhaustive as assumed 

aboye, then the probability that a rule gives the corred decision for a particular example is: 

IE"I 

IE"I+IE.. I 


wiere E, represents the set of observed positive examples covered by the rule, and E. represents the set of 

o,*"ed negative examples covered by the rule. This expression is equivalent to the one given above ror 

;, aiaee both expressions represent the ratio of the number or covered positive examples to the total 

DlIltIber of covered examples, positive or negative. 

When the training data used is a subset or all possible training examples, the accuracy or inductively 

&tllerated rules depends on the percentage or all training examples which are observed, and the complexity 

or acorrect decision rule [Quinlan, 1983aJ. It is orten not possible to determine a priori the total number 

orP<lslible examples since certain combinations of values may be impossible, and an event space containing 

rtallIumber valued attributes is infinite. Also, it is not possible to know a priori the complexity or a 

correct decision. But, as Quinlan points out, ror large numbers of training examples (several thousand or 

~re) the accuracy which can be achieved by inductive learning is relatively independent of these factors 

llld is quite high (over 99%). 

The confidence measure currently used is the above formula modified to take into account confidence 

ela l.!Isociated with individual examples: 
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IE,I+IE"I 

where 	C is the confidence assodated with the i-th positive training example. The confidence level p 
'i 

duced is, in general, unrealistically high since the measure only takes observed examples into accou; 

That is, it is assumed that a sufficiently great number of training examples have been provided so that it 

possible to generate rules which are highly accurate. Since rules may be refined to agree with nell 

observed examples this is not a great shortcoming. 

2.8.1. 	A LearnIng Teehnlque 

The ExceL algorithm learns class covers from examples, where a class cover has the form: 

decision <;= complex V complex V ... V complex. 

The left hand side is a single selector which specifies the decision class. The right hand side is a disjull 

tion of annotated VLl complexes. Annotation gives mda-information about the rule. The technique USI 

for learning is a branch and bound search through a space of conjunctive descriptions, progressing fro 

MORE GENERAL 

LESS GENERAL 	 SOLUTIONSI L. Q 

FIgure 4. Braneh and bound seareh IJtrateu used tn ExeeL. 



more general to less general descriptions as shown in Figure 4. In Figure 4, each node represents a candi­

date description. The initial description ror a decision class is based on a "boundary" complex (node A), 

which usually covers the entire event space. IC a description covers any negative examples, a number or 

alternative specializations of the description are generated which do not cover a selected negative example. 

A desirable subset or these descriptions is selected at each "bound" stage according to predefined criteria. 

When the confidence of a description becomes high enough, it is added to a list oC solutions. When enough 

IOlutions have been collected, the best one is chosen to become part or the cover. Since a single complex 

may Cail to cover enough or the examples ror a class, the process is repeated, yielding a description in dis-­

junetive normal rorm (DNF). 

As a simple example, we might have a set oC training examples describing when a car will start, and 

when it will not start such as: 

frequency car action gas_tank batterl 
100 starts turnJcey filled charged 

1 starts . hoLwire tilled charged 
1 doesJlotJtart turnJcey empty charged 
1 doesJlotJtart turnJcey tilled dead 

100 does.JlotJtart none filled charged 
1 doesJlotJtart none empty charged 
1 does.JlotJtart none tilled dead 
1 does.JlotJtart hoCwire filled . dead 
1 doesJlotJtart hoLwire emptl charled 

Each row represents a training example that occurs with the relative frequency indicated in the first 

Column. Each column heading indicates the name or an attribute and the entries below it indicate the 

TlIue Cor that attribute in each training example. The attribute "car" determines the decision class for 

tach example. When directed to produce exact rules, the learning algorithm generates these rules Crom the 

abo'e examples: 



[car doesJ)ot..,startl <;= 


[action = none] : (l.0, 102, 102,0) V 

[gas_tank = empty] : (l.0, 2, 3, 0) V 


[battery = dead] : (1.0, 2, 3,0) 


[car starts] ~ 
[action = turn-key V hoLwireJlga.!Uank = filledJ[battery charged] : (1.0, 101, 101,0) 

The first rule states that a car wiU not start if no action is taken, or the gas tank is empty, or the battery 

is dead. The second rule states that a car will start if key is turned or the ignition is hot-wired, and the 

gas tank has gas in it, and the battery is charged. In this case, the rules are logical complements of each 

other. The parameters to the right of each complex specify, in order, the confidence with which the associ. 

ated decision can be made if the complex is satisfied and the censor (if any) is untested, the number of 

positive training examples which are newl, covered with respect to the order of complexes in the rule, the 

total number oj covered po,itive training uamplu, and the number oj covered negative training u:amplu 

for the complex. This is an exact rule - no exceptions were allowed. The system can also be directed to 

allow exceptions to rules. 

Negative exceptions are recognised as those negative examples which remain covered after a complex 

has been specialised enough so that the majority of negative training exa.mples are no longer covered. The 

number of negative examples which may remain covered is determined by the confidence that the rule 

must have. Positive exceptions are recognised as those positive examples which remain uncovered after a 

majority of the positive examples have been covered by complexes of high utility, or which are covered 

only by complexes of low utility. The utility of a complex is defined as the fraction of aU positive exam-

pies covered by the complex. Thus, a gestalt criterion of overall rule quality is used to identify exceptions. 

Isolating exceptions may be viewed as a three class clustering problem. The concept of using overall rule 

quality to guide clustering is also used in the CLUSTERj2 algorithm [Stepp, 1984]. 

For example, if we allow a minimum confidence of 0.9, and a minimum utility of 0.1, then the sys­

tem generates these rules from the above data: 
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[car = does.Jlot.,tartj 4= 

[action"" turnJcey] : (0.99, 104, 104, 1) 


Negative Exceptions: 

[action = hoLwireJ[gas_tank = filled][battery = charged] 


Positive Exceptions: 

[action turnJceyJ[gas_tank emptyI[battery = charged.] 

[action = turnJceyJ[gas_tank = filled][battery = dead] 


[car = starts] 4= 

[action = turnJcey] : (0.98, 100, 100, 2) 


Negative Exceptions: . 

[action = turnJceyj[gas_tank = empty][battery = charged] 

[action = turnJceyJ[gas_tank = filledllbattery = dead] 


Positive Exceptions: 

[action = hoLwire)[gas_tank = filledJ[battery = charged] 


The exceptions are chosen Crom among the training examples and are not annotated. Obviously, these 

approximate rules are much simpler than the corresponding exact rules if the exceptions are ignored, and 

thty will work correctly most oC the time. 

An unless condition can be generated by covering the negative exceptions oC a complex against the 

J)Oaitive training examples covered by the complex. This should be done only when the domain expert has 

determined that the negative exceptions are valid training examples. From the above data the system pro­

duces: 

[car = does.JlotJltartj 4= 

[action"" turnJcey] : (0.99, 104, 104, 1) L 


[action = hoLwireJ[gas_tank = filledllbattery = charged] : (1.0, 1, 1,0) 


[car = starts] 4= 
[action = turnJcey] : (0.98, 100, 100,2) L 

[gas_tank = empty] : (1.0, 1, 1,0) V 
[battery = dead] : (1.0, 1, 1,0) 

~ llOaitive exceptio_ta remain the same as shown Cor the preceding example. In the rule Cor a car not 

""'ting, it is not possible to generate an unless condition which .ia simpier than the negative exception it 
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wu Cormed Crom because the training examples used restrict generalisation. In the rule Cor a car starting1 

summarising the negative exceptions in an unless condition gives the rule in a Corm which people seem to 

find more desirable than the purely conjunctive Corm oC the exact rule above. The program input and out.. 

put ror these examples is given in Appendix C.l. 

2.3.4. 	Incremental Learning 

Incremental learning allows rules to be modified with a minimum or ell'ort when new training exam­

ples become available. The basic operations needed ror incremental learning are a classification operation, 

a generalization operation and a specialization operation [Becker, 1985bl. The specialization step should 

precede the generalisation step since, iC covers are required to be disjoint, a covered negative example must 

be uncovered by an incorrect rule beCore it can be covered by the correct rule. [n order to ensure con­

sistency with previously observed examples, it is necessary to keep a record or them. 

Classification involves determining which rules covel' a new training example and updating the 

records associated with each decision class. Both generaliu.tion and specialisation can be implemented 

using the covering operation described above. Generaliling a class cover is done as described above, except 

that the complexes or the current class cover along with any uncovered positive examples are used as the 

positive training examples ror the class. The key observation needed ror using the covering operation ror 

specialilation is to recognise that the initial description (the bounder,) need not be the entire event space, 

but can be some subset or the event space. Specializing a complex is done by covering the covered positive 

examples against the covered negative examples, using the complex as the boundary. 

This technique has been applied by Bob Reinke as a modification to Aq. Reinke Cound that descrip" 

tiona generated by incremental learning tend to be slightly more complicated than those generated by sin· 

gle step learning, but that less total CPU time is required ror the induction process, and that rule accuracy 

is not affected much [Reinke, 1984J. 

The use or unless conditions in rules provides more B.exibility in the incremental learning process. 

Speeialisation need not be done it a covered nega.tive example is alrea.dy covered by the unless condition 01 

http:alrea.dy
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• complex &I1d the confidence of the complex is sufficiently high. 

s.c. 	Interpreting Rules with Unless Conditione 

Although this thesis is primarily concerned with learning, some attention must be given to how rules 

witllllllies.s conditions can be applied. Production systems may be forward chaining, backward chaining, 

or bi-direetional !Nilsson, 1980j. Rules with unless conditions may be used in ally of these systems, but 

~ mlnner in which they are used varies. During backward chaining, the system acquires new informa-

Iiot from the user. The system asks the user questions which are least costly to the user, and still achieve 

• ctrWD level of confidence. During forward chaining, all information needed to fire a rule is assumed to 

lie anilable, so there is no eost associated with acquiring inrormation. Unless conditions are evaluated only 

wha the rule cannot otherwise be used with a high enough level confidence. Thus, the level or confidence 

required determines the amount or reasoning which will be done by the system. 

,-- SENSORS 


teatiDs I example. 


rBACKGRO~ND R~~Esl 
! 'T 	 - - .--- ­

elaborated exampl.. 

RULE INTERPRETER STATE VARIABLES I 
--T'~ 

advlc:e i 
j- r ­

CRITIC 

Ir 
decision !-i------ ­

,..-.----~---
; EFFECTORS I
L __~ __,_________~ 

Figure 6. Rule interpretation c.yc.le. 

'--------------------------------------------------­
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Figure 5 illustrates a system which is primarily forward chaining. This is the same system aa shown 

in Figure 1, but with a different focus of attention. The cycle proceeds aa follows. Sensors are used to 

acquire inCormation from the environment which serves aa a testing example. Background rules are 

applied to elaborate the testing example. The input inCormation and a VLI complex representing the 

internal state (or shori term memory) of the system are sent to the rule interpreter which decides what 

actions to do. Con8ict resolution is not done because the learning system is expected to ensure consistency 

oC the rules. All rules which are selected are fired in parallel. All input information and the set oC actions 

selected by the rule interpreter are paased to the critic, which may be a human or a program module. The 

critic returns the correct set oC actions, which mayor may not be the same aa those selected by the system. 

The correct actions are then triggered and the internal state oC the system is updated. Backward chaining 

may be invoked by the action part or a Corward chaining rule to fiU in unknown values by querying the 

user. It the actions selected by the system do not agree with those given by the critic, one or more training 

examples are created and sent to the learning system which updates the set oC rules. 

This scheme is just one oC many possible schemes for making use of rules with unless conditions in an 

inference system. Winston describes a system in which unlimited effort is used in evaluating the main rule 

but only a single inference step is used to evaluate unless conditioD1l in [Winston, 1983]. It may be 

beneficial to use different enluation schemes depending on the meaning associated with the unless condi· 

tion. For example, in the car-starting rule the unless conditions describe causal preconditions. In this case 

it would be useful to treat the unless conditions as "things to check" it the action of turning the key fails 

to produce the desired elfect. 

2.6. 	Performance Considerations in Learning 

The problem of learning class descriptions from examples is treated here as a heuristic search pro­

cess. Better results can be achieved for a given amount of computational effort it the search process is 

made more efficient, enabling the investigation of a greater fraction of the search space. Two ways to 

improve search are intelligent pruning and the use oC better heuristics. Also, performance may be 

improved by taking adnntage of storage versus computation time trade-offs. All of these techniques are 

e 

IJ 
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.,ed in ExceL to improve performance. 

As previously stated, the learning algorithm uses a branch and bound search in a conjunctive 

~iption space to create and select descriptions. In learning, it is important to foeus on inconsistencies 

.d borderline cases. One form of intelligent pruning is based on the observation that if a negative exam-

pie ill not covered by a particular description, the example may be removed from further consideration. 

tien a conjunctive description covers no negative examples (or satisfies a confidence level criteria) it is 

'done", since Curther specialization will not improve it. It is removed from the set of candidates and 

Idded to the set of solutions. 

A good discriminant description is brief, covers all of the positive examples for a class, and covers no 

ItSative examples. A good approximation to a good discriminant description is also brief, covers a large 

proportion of the positive examples for a dass, and a small proportion of the negative examples. Thus, 

there should be a heuristic which selects this type of description. Previous systems have provided evalua­

lion functions for counting the number of positive and negative examples cOTered by a description, but 

these are not the best possible measures of quality. An effective measure of rule quality is: 

p' (dw:ription) = .L _
P 

..!!..
N 

where p is the number oC covered positive examples, 
P is the total number of positive examples, 
n is the number of covered negative examples, 

and, N is the total number oC negative examples. 

Not only are the generated descriptions usually more concise when this measure is used instead of counts of 

tol'ered examples, but the computation time Cor cover generation is also improved, as shown in Section 

4.3. P' is a measure oC the relevance a ducription, which may be a selector, a complex, or a DNF rule, for 

iIlaking a discrimination between two classes. A p' value of +1 means a description covers only positive 

exlInples, and a p' value of -1 means it covers only negative examples. 

p' is closely related to the Promise measure of attribute relevance developed by Baim [Baim, 1984]. 

II all attribute has a Promise of 1, it can be used alone to discriminate between a set of decision dasses. A 



Promise or 0 means that an attribute provides no inrormation ror making a discrimination. Promise may 

be computed rrom the relative frequencies or occurence of the values or attributes in training example. 

according to the formula: 

Emaz. (R." )- 1 

Promilt (AJ = -'-----­
m - 1 

where A is the attribute being tested, 
tI is a value or attribute A, 
c is a class, 
R.. is the relative frequency or v in the examples or class c, 

and m is the number of classes. 

This formula ror Promise is developed in [Becker, 1985bj and is equivalent to the rormula developed in 

[Baim, 1984]. As an ilIust.ration of the correlation between Promise and p', consider this table or relative 

frequences ror the values a, b, c and d or some attribute VI, in classes A and B: 

VI 
Class a c d 

A 
B 

4/10 
1 12 

max 4/10 

Promj,e (VI) = (7/12 + 5/10 + 3/12 + 4/10) - 1 = 0.7333 
2 -I 

Given a selector constructed to maximile the value or p' for one or the classes, the value or p' ror the 

selector is equtJl to the Promise value ror the attribute (this relation holds only when there are two decisioD 

classes). For example, the optimal selector Cor class A in the above table is 

[VI = b V d]. 

p' ror this selector is 

p' = 5 + 4 _ l.±1.. = 0.7333 
10 12 

The same result is obtained Crom the optimal selector ror class B. 

f 

f 
l 

tI ,

f 
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Evaluating heuristics can involve considerable computation if the data needed is not readily avail­

able. Two general types of information are used for evaluating descriptions: information which is derived 

from the description itself such as the number of literals, and information which relates the description to 

\he training examples. Information about the description itself is generally easy to compute. Information 

about how the description is related to training examples can be expensive to compute it done improperly. 

For example, in existing implementations of the Aq algorithm, the program must compare a description 

with each example one at a time to determine how many positive or negative training examples are 

covered. In ExceL, examples are indexed into a data base that allows the system to determine the set ot 

covered examples (or a complex with a computation speed that is independent of the number of examples. 

Also, three sets ot examples are stored with each complex in a rule - the set of covered positive examples, 

the let of covered negative examples, and the set of covered positive examples which are not covered by a 

previously generated complex in the rule. 



--

--

I. DESCRIPTION OF THE IMPLEMENTATION 

This sec~ion provides a. more detailed look at the algorithms used in ~he implementa~ion of ~he S}'s. 

tem described in this thesis. All code is written in fRANZ LISP [Foderaro, Sklower, and Layer, 1983] under f 
I 
I 

Unix 4.2bsd, and makes extensive use of a macro package described in [Becker, 1985aJ. The source Codt f 
fconsists of the following files: 

File Lines Bytes Description 
cover'! 33 977 Bootstrap loader for the system 
excel.l 1051 35143 Induction algorithms 
excer'! 142 4591 Deduction algorithms 
backgrd.! 498 15030 Background rule parser and applie'r 
dataset.! 850 27941 Data set management routines 
sets.! 2419 74603 Generic set operations 
dbvl.l 745 22282 VLl data base operations 
vll.l 826 25297 VLl selector and complex operations 
parse.l 1046 31423 Data driven parser 
arith.g 99 2828 Grammar for background rules 
textio.l 457 14208 User interCace 
TOTAL 8166 254323 


which are not actually used by this system but are provided so that these packages may be used as COJllo 

ponents in other systems. The data driven parser is described in [Becker, 1985cJ. 

The basic steps involved in processing a data set are as Collows: 

(1) Training events are indexed into a data base. 

(2) 

(3) 

Background rules are applied to the events, modiCying or adding selectors. 

Classes are defined by the domain of the classification attribute. A classification predicate is 
created Cor each class. 

(4) 

(5) 

(6) 

'(7) 

A record is created Cor storing the inCormation associated with each decision class. 
positive and negative examples Cor each decision clan are stored in these records. 

Conliets are handled in one of the available modes. 

A rule is generated Cor each class, either in a single step or incrementally. 

The rule interpreter is optionally applied to the rules. 

The sets oC 

The first Cour steps consist oC parsing and bookkeeping operations. These will not be delCribed it 

detail. The last three steps will be described and an~IYled Curther. 
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u. Conflict Handling 

Con!l.ict handling is a relatively simple process. As previously discussed (Section 2.2). one or five 

opUons may be selected. Ir the user chooses to have no confiict handling done, the procedure is not 

iIIfoked. The algorithm is given in Figure 6. In this algorithm, the parameter event,et is the set or events 

being tested ror conJlicts. The parameter db is a VL( data base in which the events are indexed. The 

p&t&lIleter da8/lducription' is a list or descriptions ror the decision classes in the current data let. A class 

description is a data structure which stores all information relevant to a particular class, including training 

HANDLECONFLICTS (eventset, db, classdescriptions, mode) 

repeat 

event := next (eventset) 

equivset := nondisjoint (event, db) 

classes := getclasses (equivset, classdescriptions) 

if (cardinality (classes) > 1) then 


case mode or 
ask: 	 Print (classes, "Which class is correct!") 

keeper := (read) 
negevents(keeper) := negevents(keeper) - equivset 
equivset := equivset - posevents(keeper) 
ror class in (classes - keeper) do 

posevents(class) := posevents(class) - equivset fnegevents(class) := negevents(class) - equivset 
drop: ror class in classes do ~: 

posevents(c1ass) := posevents(class) - equivset i 
negevents(class) := negevents(class) - equivset 	 Ii•

keep: ror class in classes do I' 

negevents(class) := negevents(class) - equivset f 
max: 	 keeper:= getmax (equivset, classes, gamma) ! 

negevents(keeper) := negevents(keeper) - equivset 
I 

equivset := equivset - posevents(keeper) 
for class in (classes - keeper) do 

posevents(class) := posevents(class) - equivset 
negevents(class) ;= negevents(class) - equivset 

end (* case *) 

end (* if *) 

eventset := eventset - equivset 


until (empty (eventset)) 
end (* HANDLECONFLICTS *) 

' ... 
Figure O. Con6iet handling algorithm. 

'------------------------------------------------------------­
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events and the c1a.sa cover once it is generated. The parameter mode is the conBict handling mode. The 

function nut returns the nrst event present in a set of events. The function nondujoint returns the set of 

events in the data base which overlap with the given event. The function getdauu returns the set of daas 

descriptions usociated with the events involved in a conflict. The functions pOlnent, and negevent, 

return the positive and negative training examples associated with a class, respectively. And, the function 

getmaz returns the class where the conflict event occurs the most frequently, provided the most frequent 

occurance is gamma times more frequent than the next most frequent occurance. 

Note that to drop an event from a class involves removing it from both the set of positive examples 

and the set of negative examples for that dus, but to keep' a conOict event involves removing it only from 

the sets of negative examples. This allows the learning algorithm to generate coven ror different classes 

which cover the same event. 

1.2. Learning Rules with Exceptions 

The technique used here (or learning rules with exceptions resembles the Aq algorithm in that both 

solve the covering problem by generating VLl descriptions in disjunctive normal form. The differences 

between the algorithms a.re substantial. The learning algorithms used in ExceL will be described in detail, 
; 
t aHow. 
i 

and differences between the algorithms used in ExceL and Aq will be discuss.ed. , 
t•
, rithm 

Figure 7 gives the covering algorithm used in ExceL. The purpose o( this algorithm is to find a diJ.. proper 

junction o( complexes which cover most or the positive training examples and few of the negative training greatelI 
examples for a decision class. The parameters po,ez4mplu and negezamplu are the positive and negative f thresho 

examples ror the decision class which is being covered. To (orm covers for several cla.saes, each das8 is tions.* 
covered in turn using the examples for the cla.sa being covered as positive example., and the examples from NegativI 
all other classes &8 negative example.. The degrees to which positive and negative exceptions are allowed 

TfI 
are controlled by the -utiWr and confidence parameters respectively. These parameters are used &8 three- POsitiVe 

holds. The utility of a complex is the fraction of !Ill positive examples that it cover.. The confidence is as relnaininI 
defined in Section 2.3.2. The bound4rr parameter is a VLl complex which specifies the most general 'trUctE>d 

http:discuss.ed
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COVER (utility, confidence, posexamples, negexamples, boundary, LEF) 

uncovered := posexamples 
totalpos := cardinality (posexamples) 
totalneg := cardinality (negexamples) 

repeat 
reCu := reCunion (uncovered) 
put-annotation (boundary J uncovered, posexamples, negexamples) 
star := ADO (confidence, reru, boundary, LEF) 
bestcomp := bestcomplex (star, LEF) 
bestcomp := trim (bestcomp) 
um:overed := uncovered - coveredpos (bestcomp) 
ir ( util(bestcomp) > utility) 

then 
cover cover U bestcomp 
poscovered := poscovered U coveredpos (bestcomp) 

end (* if *) 

until (uncovered I totaipos < utility) 

return (cover, (posexamples - poscovered» 
end (* COVER *) 

Figure 7. Cover generation algorithm. 

allowed description. This is used ror incremental learning, which was described in Section 2.3.4 The algo­

ritlun returns a cover Cor the class described by the sets oC positive and negative examples which has the 

..-operties that each complex in the cover has a utility greater than the utility threshold, a confidence 

lltater than or equal to the confidence threshold, and is covered by the boundary complex. A utility 

"'-hOld or 0.0 and a confidence threshold or 1.0 will cause the algorithm to produce covers with no excep­

,. Also, the algorithm returns the set or uncovered positive examples, i.e. the positive exceptions. 

~tiYe exceptions are recorded as annotation on individual complexes in the cover. 

The process involves generating complexes which cover some rraction or the remaining uncovered 

~jye training examples until most are covered. During each major cycle, irst the rerunion or the 

'btg uncovered positive events is found. The rerunion or a set of events is a complex which is con­

, by taking the union or the values ror each attribute, as shown in Figure 8 •. Note that a selector is 
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Event 1: 
Event 2: 
Event 3: 

[color = red][shape = octagon][re8.ective = yes] 
[color = white][shape = square][re8.ective = no] 
[color = yellow] [shape = triangle] [reflective = yes] 

Retunion({l, 2, 3}): [color = red V white V yellow][shape = octagon V square V triangle] 


Figure 8. An example of applying the refunion operation. 
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omitted it all values from the domain of the attribute are present. Next, the sets of uncovered positive, lU t 

~ 

positive, and negative examples are recorded as annotation on the boundary complex. ADG (Figure 9, 1 
i 

described below) is then called to produce a set of descriptions tor the uncovered positive examples. Thellt f 

descriptions will all be specialisations of the given boundary complex. A single complex is selected as the i 
best description according to user defined quality criteria given in a Lezieographie Ella/uation Funetioll t 

~ 

with To/eraneu (LEF - see Appendix A). The LEF uses quality criteria such as p., the total cost of aU , 

variables in a complex, and the average user usigned weight (relevance) ot all variables in a complex, 

where cost and weight are quantities assigned by the domain expert. Next, positive examples covered by 

the best complex are removed trom the set ot uncovered examples. It the utility ot the best complex ia 

high enough, it is added to the cover. This process continues until too tew uncovered positive example. 

remain, &8 determined by the utility threshold. 

The complexes in the cover may alao be trimmed. The purpose ot trimming is to simplify rules and 

reduce overgeneraliution by removing values from selectors in a complex when they are not needed it 

order to COTer the positive examples actually covered by the complex. Trimming may been done wi'~ 

respect to the set ot positiTe examples which are unique/, covered by the complex, or with respect to the 

set ot all positiTe examples covered by the complex. The tormer will usually result in greater simpliJicatiol 

than the latter, but can change the utility ot a complex. 

Figure 9 giTeS the alternative description generation (ADG) algorithm. The purpose ot this alloo 

rithm is to find a set ot alternatiTe conjunctive descriptions which cover a large proportion ot the se~ rJ 

, 

Ull 

de 

co 

COl 

is; 

eVe 



---

all 

9, 

ese 

the 

ion 

all 

eX, 

by 

: is 

les 

.nd 

in 

itb 

.on 

of 

ADG (confidence, reCu, boundary, LEF, $solutions, $probe) 

probe:= 0 

star := boundary 


repeat 
probe := probe + 1 
star := selectbest (star, maxstar, LEF) 
newstar := empty 

Cor complex in star do 
iC ( conC(complex) > confidence) 

then 
solutions := solutions U complex 
probe:= 0 

else 
negevent := Getevent (coveredneg(complex)) 
negcomps := Subtract (reCu, negevent) 
newstar := newstar U Multiply (complex, negcomps) 

end (* it *) . 
star := newstar 

until ((cardinality(solutions) > $solutions} 
or (and (cardinality(solutions) > O)(probe > $probe))) 

return solutions 

end (* ADG *) 


Figure t. Alternative description generation algorithm. 

1lllco"ered positive training events and a confidence greater than the given threshold. The resulting 

dttcriPtions will be specializations oC the given bou.ndary complex, non-disjoint with the given refunion 

tolllp\ex, and the "best" according to the given LEF. 

The technique used is a beam (branch and bound) search. During each cycle, the confidence of each 

tolilplex in the star (set of alternative descriptions) is tested. IT the confidence is high enough, the complex 

ia lddedto the set of solutions. Otherwise, the complex is specialized by selecting some covered negative 

e.ett, aubtracting it from the refunion complex, and finding the in'tersection the complex with each of the 

~ 
&I.lItleetor complexes resulting Crom the subtraction using the Multiplr function. This yields several 

"- Complexes, each of which is disjoint with the selected negative event. The new star is the union or 
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these newly specialised complexes. A certain maximum number ma.utar of \bese descriptions are sele<:t.ed 

for further processing using the LEF to decide which descriptions to keep. The algorithm terminates when 

S,oiution, number of solutions have been found, or some solution has been found and Sprobe more cycles 

have been completed. Since the solution, become progressively more specialized, and hence more complex, 

the solutions found early on are typically the best. 

1.1. Comparison to Aq 

Aq implements a technique based on the method or di.joint ,tar•• which has been proven to be a 

quasi-<lptimal solution to the general covering problem [Michalski and McCormick, 19111. The task of 

finding an optimal solution to the general covering problem has been shown to be NP-<:omplete [Hong a.nd 

works by building stars, where a star is a set of all the maximally general alternative generaliu.tions or 

some example. The example around which a star is built is called a seed. A major diJl'erence between 

ExceL and Aq is the use of the refunion of positive examples rather than individual seed examples a.s a 

starting point Cor generalisation. Because the method or disjoint stars is no' used, ExceL is not known to 

be quasi-<lptimal. In practice this does not seem to be importan', 

The decision to use 'he reCunion of positive examples rather than seed examples was made so that 

positive exceptions could be selected according to the rule quality criteria. If seeds were used, some exam-

pie which should be allowed as a positive exception might possibly be selected a.s a seed, and thus wouJd 

ne<:esearily be covered by the complex created as a generalisation of it. Another bene&t or this approach is 

that overgeneralbation in intermediate descriptions is not a.s extreme. A problem with this approach is 

that the system is not good at finding rules ror classes which have several distinct clusters or events, a.nd 

which are best described in terms or a disjunction or disjoint complexes. The problem is overcome by 

directing the system to accumulate a large number or solutions berore picking one to become part or 'he 

cover. 
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ExceL also differs from All in the termination condit.ions that are used. In All, the set or complexes in 

a .tar are specialized until all negative examples have been uncovered. This is done by processing each 

legaLive example in t.urn whether it is covered or not. In ExceL, large numbers oC negative examples may 

be skipped over in a single cycle, and some negative examples may remain covered. All also continues until 

all positive examples oC a class have been covered while Excel may leave some uncovered. 

Like A'I, ExceL may be used to generate several different types of covers. If just the training exam­

pIa are passed to the covering algorithm, then the rules produced may overlap in don't cart space. These 

are called inttrsuting covtrs. IC previously generated covers are included with the negative examples, the 

rilles will be disjoint, These are called diljoint Covtrl, Covers may also be generaLed in such a way that 

only examples in classes which Collow a particular class in the given order are treated as negative examples. 

The result is simpler rules which must be applied in the order generated. These are called ordered cover., 

Both algorithms may be used to generate rules Cor hierarchical decisions by applying the covering pro­

cedure at each level oC the hierarchy, and Cor incremental cover generation. 

1.4. 	The Rule Interpreter 

The rule interpreter (Figure 5) is a simple production system based on VLI which can be used in both 

1 rorward and backward chaining mode. The backward chaining mode is not fully implemented. It is 

Itructured as a state machine, where the input inCormation, current state, and sets or actions are all 

represented as VLI complexes. The system is designed to interact with the exLernal world and a critic so 

tllt it can produce training examples which may be used by the learning system to modify the set or rules. 

1\41 general purpose section of the rule interpret.er consists of procedures ror applying background rules to 

~Put complexes, selecting rules to fire, updating the state complex, backward chaining, and interracing to 

theinpt .. d tl' •II , critic, an el.lector routmes. 

The input, critic, and effector routines are domain specific and must be rewritten for each new appli­

~ioll. The input routine returns a new complex indicating values received from a set or sensors each time 

-. 	 . 
II cllled. The sensors may be real world measurement devices or routines which aecess values in a simu­
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lation program. The critic routine is called with the input data which has been elaborated uling the given 

background rules, the internal state, and a complex representing the ses or actions selected by the system, 

a.nd returns a complex representing the correct set of actions. The effector routine is called with a complex 

representing a set or actions, and is expected to perform operations on the environment according to the 

indicated actions. 

1.6. Performanee Considerations 

Heuristic and algorithmic ractors affecting performance have already been considered. Two imple­

mentation ractors or special importance for obtaining good perrormance in a learning system based on VL
t 

are a flexible package or set operations and an efficient VL} data base. These make it possible to efficiently 

perrorm operations such as union and intersection on VL
J 

descriptions, and to efficiently evaluate heuris­

tics concerned with the relationship between descriptions and training examples. 

The set operation. allow non-monotonic changes in the members or a set tJlpe so that sets or com­

plexes, which are created and destroyed during learning, can be represented. Also, aU VLl types are sup­

ported by the set operations package, including nominal, linear, structured, and cyclic. 

The data base system is used ror classirying events, determining what events are covered by a ca.ndi­

date rule, selecting background rules to apply, and selecting production rules to fire in the rule interpreter. 

The data base system in the current implementation relies heavily on the set operations package. The 

operations provided are! 

index indez a complez into the datA 6cue 
unindex remove a complez from the dAta 6cue 
cover. get the ,et 01 complezu which are cotlered 6, the ,iven complez 
coveredby get the ,et 01 compleze, which cOlier the ,ille" comples 
disjoint get the ,et 01 complezu which are di.joint with the ,illen comple% 
projection project the data 6a.e onto a IV.b.et 01 the lilt 0lattri6u,e. 

The structure or the data base is illustrated in Figure 10. The data base contains a subtable ror each 

attribute, and each sub table has a sei or complexes ror each allowed value or the attribute. A complete 

secondary index i. created ror each attribute value. That is, it a complex haa a certain value ror a certain 
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attribute, the bit corresponding to the complex is set in the appropriate slot of the appropriate subtable. 

Lookup is accomplished by performing various boolean operations over the sets of complexes. For the Cali-

Ctl &nd diljoint lookup operation, the time required is proportional to the number of attribute values 

present in the probe complex. For the cOlieredblllookup operation, the time required is proportional to the' 

number of attribute values present in the probe complex plus the number of selectors which are declared 

but not present in the probe complex. 

rAtirlb~;~l-!-------­
rA;trlb~;e-2t-"",;sUbtabii21 

iAttribute3i ~ -SU ~~.ble~·l 
~---I
i : i 

;-----~ 

I Attribute D I ~Subt;:biiD' 
!-----' 

Figure 10. 

Subtable 1 

IValue 1 .~~--.etoreompleie.-·-~:
.' _ _" _______ __ • ....J~. 

t- ,- -~--_

Value 2 ... -"""--.etoteomplexH--l 
Value 3 C" .:;,.:" ---.-etoTcomPlf,xe.-­, _____ .___ .-1I 

r-
i 

----;;.; 
! 

;Value mri .et orcompluel ==:J 
r ----­
~ -all- '--=~!et or eompl~..._~1 

VL1Data Base Strueture. 



4. 	 EXPERIMENTATION AND ANALYSIS 

A number o( experiments were per(ormed to test various aspects of the ExceL system. First, the ,,. .. 

tem was tested against an implementation of A q to determine what differences in performance should ~ 

expected. Second, the system was run with a different evaluation function to see whether using p' as & 

quality criterion has a significant effect. Third, two experiments performed by Quinlan using a version or 

ID3 to test the effectiveness o( inductive learning on noisy data were repeated using ExceL. These experi­

ments were then repeated using approximate decision rules. FinaUy, an example o( a closed loop learning 

system which handles a simple control problem on a numerical simulation of a seawater '~ freshwater dis­

tilling plant is given. All CPU times are on a SUN Microsystems workstation running a Motorola 68010 

CPU using compiled FRANZ LISP. Appendix C contains listings of the data used and tables oC results. 

4.1. 	A De8cription of the Application8 

Three different applications were used in testing system performance. The second of these was also 

used in the experiments on learning from noisy data. The freshwater distilling plant domain will be 

described in Section 4.5. The arst application involves classifying bimetallic coordination compounds in 

. terms oC the distance between the central metal a~oms. The goal is to be able to predict the metal to 

metal distance for new compounds. This distance is important to chemists, but is difficult to measure 

directly. A typical example from this domain is shown in Figure 11. A compound consists of two metal 

atoms, and attached to each metal atom are three to five other molecules called ligaftd.t. Only symmetric 

compounds are included in the data. The ligands on each end of the compound may be aligned with one 

another (eclipsed conformation) or rotated slightly (staggered conformation). Other overall characteristics 

oC the compound, such as oxidation, covalent bond order, charge, radius of the metal atoms, and the 

number of electrons per metal atom are also specified. The name of each compound is also included in the 

data. Since ExceL cannot learn arithmetic expressions, background rules are used to partition the data 

into four classes according to the metal to metal distance (very-near, near, Car, very-far). 

The rules produced by ExceL for the chemical compound data using a confidence threshold of 0.9 

and a utility threshold of 0.1 'are also given in Figure 11. Note that positive exceptions have been 



-------------------------------------------------------------------------------------

An example of a bimetaUie coordination compound with dosely spaced metal atoms. 

Idiltance = very-nearl <¢= 

INAME = "ler(eH3)8J4-"' IMeh.1 = Crl 

IOxidation = III IRadiul = 1.29 angstromsl 

ICharge = -41 !eledronl/Metal = 12! 

IConformation = eclipsed] IBondOrdllr = 4) 

ILigandl = Mel ILigand2 = Mel 

ILigand3 = Me! ILigand. = Mel 

ILigandS = none! 

Rules produced by ExceL (confidence ~ O.t, utility ~ 0.1) 

Idistance = very-nearl <¢= 


IMetal = Cr v MoliLigand2 = R v el v NR31 : (1.00, 6, 6, 0) v 


IMetal = MoliLigand3 = ell: (1.00, 1, 3, O) 


!diltance = nearl <¢= 


IOxidation = WilLigand3 = X v OR v NR2 v Mel: (0.93, H, H, 1) L 

IMetal = MoIILigand3 = CII ; (1.00, I, I, 0) 


Positive Exceptions: 


RdCI4IP(Et)314 


W2ICH2Si(CH3}316 


Idistance = farl <¢= 


IMetal = Col; (1.00, 1, 1, 0) 


Idistance = very-farl <¢= 


ILigand. = COl: (1.00, 6, 6, 0) 


Figure 11. The bimetallic coordination compound domain. 

fnUIIlerated using the names of the compounds. Unfortunately, these rules are unsatisfactory to chemists. 

A satisfactory rule would give the metal to metal distance in terms of the logarithm of the covalent bond 

order. Although it is not possible for ExceL (nor Aq) to find such a rule, the rules found do correctly 

t~&racterise the given data. 



-------------------------------------------------------------------------------------
An example or a mayfly nymph or the spedes Stenonema carolina.. 

fdu. = carolinai ¢: 

Imuilla..,cfOWOJpios 10/ 

ImuillaJ&teralJebe = 211 

[iooer .. c&oioe..tee~h = 21 

IOllter..n.nioe.. teeth = 11 
[hrCa...mid .. doua.I..,p&ieJtreaka = a.baentl 

ltefla. .. da.rk..,polterior J1la.rlia. = a.baeotl 

[da.rkJ1luklJtefoa...V= a.bleat] 

Rules produ~ed by ExceL (confidence?: 0.9, utillty ?: 0.0). 

[elill' = ca.rolina.1 -== 
[terla.J1lid...doraa.I..,p&ieJhea.iI:a = a.bleotl ; (100, 10, 10, 0) 

[elill' = ca.odiduml -== 
lioner..J:a.nine .. teeth = 01 ; (1.00, 10, 10,0) 

Idul = OorideoMI -== 
Imuill&J&~ra.IJ.ta.e = 20 .. 25J/iaaer..J:a.oia4Ueeth = 411~rp..da.rk..,pol~riorJ1largia. = able.atl : (1.00, 13, 13, 0) 

Ielu. = gildel'lleeveil -== 
[muilla...erownJpins = 11 .. 13i!illller..J:&aiaeJeeth = 3 .. 11 : (1.00, 10, 10,0) 

[clue = interpuncJ -== 
Iterla...dark..,pol~riorJ1lugiol == preseat] : (1.00, 10, 10,0) 

IdUi = miaaentoatal -== 
ImuillaJater&iJebe = 30 .. 4OlIinDeua.oine.Jeeth = 41; (O.U, la, la, l)L 

[tergUark..,poateriorJ1largiol = preaentl ; (1.00, I, I, 0) 

IclUi = palliduml 4= 
!muill&..J:rownJpinlll = 11 .. 13l1muillaJateralJetu = 20 .. 25J : (1.00, 10, 10, 0) 

Figure 12. The Stenonema mayfiy domain. 

The second application involves learning rules for distinguishing seven classes of Stenonema mayflies 

[Lewis, 1974J. The mayflies are described in terms of a number of phY8ic~1 attributes such as the number 

spines and bristles on the upper )aw (maxilla crown spinel, maxilla lateral setae), the number of teeth on 
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An example of the soybean disease Altern.Aria. 


Iclass = aiternaria] '*'" 


jcankerJaion_color = doeaJlot.Jlpply] 

Icondition...ofJruit,..,podl = abnormal! 

[condHion...ofJeavu_belowJII'ededJeaves = unaO'ected] 

[condHion_ofJtem = normal] 

!damaged...area = grouPLupland...area.s] 

lexLernaIJtem_diac:oloration = dOfSJlot.Jlpplyl 

IfruitJPoh = c:oloredJpotsj 

linternaLdisc:olor ation_ofJtem = doaJlotJPp!y! 

lleafJTIalformation = ab~entl 
IleafJPot..color = brown; 

IleafJpotJiJe = greater_than_eigbtb.Jnc:b] 

[leaCwithering...and_wilting = absent1 

[margin...ofJeafJpots = waterJoakedl 

Iplant..height = normal] 

[precipitation = aboYeJlormalj 

!raisedJeafJpotl = absent] 


Iroot...galll_or ..cysts = dOe5J1ot.Jlpply[ 


IrootJderotia = d06J10tJpply] 


jseed..condiLion = abnormal] 


!seed_diecoJoration_co!or = blac'" 


!seedJbriveling = abeentl 


[.everity = mioorj 


[shredding absent] 


[stemJodging = dOfSJlOt.Jlpply] 


Itime_oCoc:currence = October] 


jcolor_ofJPot...onJeveraeJide = nonel 

Iconditioll_o(Jeava = abnormal] 

[condition_ofJoots normall 

Icropping..hi.tory = three] 

[exLernaLdecay _ofJLem doeaJlot...apply] 

jfruit,..,pods = diaea.sed! 

jfruiting...bodies_onJLem = doesJlotJPplyj 

IleafJli.coloraLion = nonel 

IleafJTIildew...growth absent] 

jleafJPoL...growtb witb..concentricJingej 

jlearJPoh = praentl 

Iloc:ation_o{Jtem_disc:o!oration = dOe5J1ot.Jlpply] 

Imyc:elium_onJtem doaJlot.JlpplyJ 

[position...oLall'ededJeaves = sc:aUered_on,..,plantl 

[prematllreJlefoliation pr.ent! 

Ireddisb..canker JTIargin = doaJlot...applyl 

IrootJot = dOfSJlot...apply] 

,sc:lerotia...internal...or J!Xternal = 
]seedJliscoloution = pr.eotl 

jseedJTIold...growLb = abaenL] 

,eeedJile = normal] 

[sbot..holing = present] 

[stem_cankers = doeaJlot...apply] 

[temperature = aboveJlormal] 

[yellowJeafJPot..halol =. absent] 

doeaJlot.Jlpplyj 

A rule produced by ExceL toJ' the disease AlternAria (confidence 2: 1.0, utility 2: 0.0). 

Idau = alternariaj <= 
fleafJPot...growtb = witb_concentficJinga v necro.i • .JlCroll_vein.j : (1.00, 7,7,0) 

,.,.mele,,: (confidence••t_, co.ered plui/iN u.mplu, lol~ co.ered pOli/itlt u4mplu, cotlered fU,.'itle eumple.) 

Figure 13. The soybean disease domain. 

'------------------------------------------------------------------------------­

tbelIl.andibles, and the presence or absence of certain marks on the body. A typical example from the data 

- -hOlm in Figure 12. Since there are no causal relationships between the descriptive attributes and the 

tlae.ia
~tion, the only requirements are that the rules be accurate and concise. A set of rules found by 

~ ror this data set using a confidence threshold of 0.9 and a utility threshold of 0.0 {no positive 
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exception.) is shown in Figure 12. 

The third application involves learning the descriptions of seventeen soybean diseases. Examples of 

diseases are described by fifty attributes, including information about the appearance of plant stems, seed., 

leaves and roots, cropping history, time of year, and distribution of damage. The data set differs from the 

one descibed in [Michalski and Chilauski, 19801 in that there are two more diseases, fifteen more attributes 

and fewer training examples included. A typical example from this domain is shown in Figure 13. The 

exact rule found by ExceL for the disease alt~rnaria is shown in Figure 13. 

4.2. 	Deftnitions of Meaaures Used 

In all or the results shown below, a simple complexity measure is used to characterile the sile of 

rules. The complexity or a single DNF rule is defined as the It'"' of th~ numb~r of complu;~, in tA~ rule, 

plu, th~ numb~r of ,e/eetorl in th~ rul~, plu, tAe number of different attribute, in the rule. The complexity 

of a set of rules is the average of the complexities of the rules in the set. This measure was previously used 

in [Reinke, 1984J. 

Another measure which must be defined is the error of a set of rules with respect to a set of events. 

The measure used here differs from those used in [Michalski and Chilauski, 19801. Michalski and Chilauski 

used a syntactic distance measure and an acceptability criterion to classify an event according to a set of 

rules. An event was considered to be correctly classified if the correct decision was among those triggered. 

Since more than one decision could be triggered, the average number of different decisions triggered for 

testing events was represented by a separate number called the "indecision ratio.· Thus, overspecialiu.tion 

and overgeneralisation of rules were indicated by distinct measures. A single measure is used here for both 

overspecialisation and overgeneralilation 80 that the results may compare.d with those of Quinlan [1983bl. 

For the same reason, a simple coverage test is used to classify events, although a more sophisticated 

evaluation scheme might be desired for obtaining lower overall error rates in a practical expert system. 

In ExceL an event may be covered by several decision rules or none at all, and by one or more com­

plexes from a decision rule. Each event belongs to one or more decision classes which tor it are the corr~et 

(positive) decision classes, all ottiers being incorrect (negative) decision classes. The error for an eTent 
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.kith is covered by some decision rule is defined as: 

where ej is an event, 

CN is the number of complexes from decision rules which incorrectly cover e,"1 

and Cp is the number of complexes from decision rules which correctly cover et 

This is the probability of making an error when randomly choosing from among the decision rules covering 

aD event, giving stronger weight to rules for which more than one complex covers the event. For example, 

if ,here is a class "A'lI event which is covered by one complex from the rule for class "A" and two com­

,lexes from the rule for class "B", the error for the event is 2/3. The error for an event which is not 

covered by any rule is defined as: 

M -1
error(e;) = M 

where M is the number of decision classes. 

This is the probability of being wrong when randomly assigning a decision class to an event. The percent 

.fror tor a set of rules with respect to a set or events is defined as the average or the errors ror the indivi­

duu nents: 

i 

E error(ej} 
Percent Error = _j"'...;;I____ 100% 

Ie 

where Ie is the total number of events. 

t.a. Performanc.e Comparisons 

The performance of ExceL, with and without using p' as a LEF heuristic, was compared with that of 

~QII. AQII is an extended version of AQINTERLISP !Becker, 1983j, translated to FRANZ LISP by Tony 

~o"'icki and the author. AQII is a faithful implementation of the Aq algorithm. Like previous implemen­

tations of Aq, it does not incorporate a VLl data base system. The' programs were run on each of the data 

leta described above. Table 1 gives the fundamental characteristics of these data sets. 
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Na.me Classes Attributes Events 
Chemistry 4 12 29 
Mayfty 7 7 73 
Plant 17 50 119 

Table 1. Data set characteristlea. 

The programs were tested using the LEF's shown below: 

AQII LEF = ((max-newposcovered O.O)(min-cost O.O)(min-selectors 0.0)) 

Excel LEF (a) = ((max-newpromise O.O)(min-cost O.O)(min-seledors 0.0)) 

ExceL LEF (b) = ((max-newposcovered O.O)(min-cost O.O)(min-selectora 0.0» 

The second LEF used with ExceL is the same as the LEF used with AQU. Ma:-newpromiu is the p' 

measure described in Section 2.5, where P rerers to only the uncovered pOtiitive events rather than aU posi­

tive events. The name promue is used because or the dose relationship between Promise and p'. MfU­

newpo,covered is a measure which simply counts the number or positive events which a complex covers, 

which have not been covered by some other complex in the partially completed dass cover. This is typi­

cally used as the first criteria in a LEF ror A'. Min-cod is a measure which sums the user defined costs ror 

aU attributes in a complex. The derault cost ror an attribute is L Min-.elector, is a measure which 

counts the number or selectors in a complex. Min and maz indicate whether the value is to be minimized 

or maximized respectively. A mazdar value (beam search width) or 5 was used ror the May8y data set, 

and a value of" was used ror the Chemistry and Plant data seta. The .olv.tionl parameter or ExceL wu 

given the same value as maxstar. The parameters to ExceL were also set to produce exact covers. 

The programs were run in each of the three modes described in Section 3.3 to compare rule complex­

ity and computation times. Rule complexity is defined in Section 4.2 aboTe. The results for rule complex­

ity are shown in Table 2. When forming exad covers using p. as a LEF heuristic (case "a"), ExceL does 

about u welJ in terms or rule complexity u AQII on smaUer problem., and somewhat better on larger 
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Data Set Mode Agn ExceL(a} ExceL (b) 

ic 8.8 6.5 9.8 
Chemistry dc 9.8 9.8 10.0 

vi 4.0 4.3 4.8 

ic 5.0 4.7 5.6 
Mayfly dc 7.3 8.0 8.0 

vI 3.6 3.6 4.4 
ic 6.7 4.4 7.2 

. Plant de 10.5 10.2 11.9 
vI 4.7 3.6 5.4 

Table 2. Rule complexity comparison between AQII and ExceL with and without p'. 

problems. When the parameters to ExceL are set to allow approximate covers the rule complexity can 

become even lower, as will be shown in Section 4.4.3. Without using p' as a heuristic (case "bl!), ExceL 

produces covers which are more complicated than those produced by ExceL using p', or by AQII. This 

tbows that p' is important for finding concise descriptions when using ExceL. That AQII produces more 

collcise covers when using the same LEF can be attributed to the fact that AQII searches a larger fraction 

or the sea.rch space. 

Computation times were compared using the same configurations as for the rule complexity com­

parison. Garbage collection time was subtracted from CPU time to give a dearer indication of the compu­

tation time involved independent of the memory allocation strategy used. The data structures used in the 

programs are quite different, so the CPU times should only be viewed as a rough indication of the compu­

tational costs involved in each algorithm. The results are shown in Table 3. 

When p' is used as a heuristic, ExceL tends to run slightly faster than AQII on the smaller problems 

lad llluch faster on the larger problems. This indicates, as expected, that computational costs for ExceL 

are IOlfer than for A'. The computation time required by ExceL without using P',is longer than that 

~ed by ExceL using p', This indicates that using p' as a. LEF heuristic enables ExceL ~o find accept­
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Data Set Mode AQII ExceL fa} ExceL (b) 

ic 15 11 27 
Chemistry dc 8 10 12 

vi 7 8 7 

ic 22 13 29 
MayRy dc 15 13 23 

vi 17 11 22 
ic 897 99 513 

Plant dc 437 74 195 
vI 442 98 359 

Table a. CPU ttme comparison (tn seconds) between AQII and ExceL wIth and wtthout p •• 

able descriptions more quickly than previously used heuristics. Even without using p', ExceL is faster 

than AQII Cor larger problems. 

Additional runs were made in each of the first two modes to test for differences in the predictive abil­

ity of rules produced by the two programs. The rules were generated using approximately half of the 

training examples in each data set. To be exact, 15 out of 29 Chemistry examples, 31 out of 73 Mayfty 

examples, and 88 out of 119 Plant examples were used for training, using exactly or just over hall of the 

examples from each decision class. These rules were then tested for error against the full sets of examples. 

Error is defined in Section 4.2 above. Each test was repeated four times using dift'erent subsets of the 

training examples, and the average taken. The results are shown in Table 4. 

On the average, the error rates for rules generated in all three ease. are approximately equal. This 

should be expected since the available training information is the same in all cases. The error rates varied 

considerably depending on the subset of training events selected. It is likely that the differences present in 

the above table would be lese extreme if a greater number of trials were averaged. Also, the error rates 

found for the Plant data are higher than those foun~ in !Michalski and Chilauski, 1980J because: the train­

ing 'events were chosen randomly, not by relevant event selection program ESELi a dift'erent error measure 

was used; and fewer training even't.s were used. 
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Data Set Mode Agn ExceL {a} ExceL (b) 
it 11.0 19.2 16.8 

Chemistrl dc 17.3 19.8 16.0 

it 2.6 4.0 2.3 
Maltll dc 3.6 4.9 4.3 

ic 12.5 8.0 8.4 
Plant dc 18.8 12.4 16.8 

average 11.0 11.4 10.8 

Table 4. ComparIson of percent rule error between AQD and ExceL with and without p •• 

".4. The Effects of Nois)' Data 

An empirical study of the effects of noisy data on inductive learning was done to see how the Excel 

learning algorithm performs in noisy conditions, and to replicate some of the work done by Quinlan using 

a version oC ID3, modified to produce approximate rules, on noisy data [Quinlan, 1983bJ. The Slenonema. 

MQ,lIfill data set described above was chosen Cor these tests because it is a real (not contrived) classification 

task, and the classes are well clustered (can be described by a concise rule). Also, it is small enough that 

the inductive learning task could be completed in a reasonable time using available resources. It dilJ'ers 

from the data set used by Quinlan in that there are 7 equalJy siled dasses rather than 2 classes oC different 

sizes, and about half of the 7 attributes are redundant. That is, most subsets of 3 or 4 attributes can be 

used to form a correct decision rule for tbe given classes. These differences turn out to be important. 

Noise is introduced into a data set by giving certain attributes in the training events random values. 

The values are selected from the domains oC the corresponding attributes. Noise may be introduced into 

some subset of the attributes, or all or them. The noille level is the percentage of selectors Cor the cbosen 

attributes in the data set given random values. The pseudo-random number generator used was reseeded 

Crom a real time clock to avoid repeating sequences of numbers. 
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• .•.1. Noise In Testing Events Only 

In the first experiment, rules were generated Crom the original, uncorrupted training example., the. 

the rules were tested using a corrupted version or the data set. The parameters to ExceL were set to Corlll 

exact rules. Each attribute was corrupted singly, then all attributes except the classification attribute were 

corrupted at once. Noise levels or 10%, 20%, 30% on up to 100% were used, and the test was repeated 10 

times at each noise level. Figure 14 shows the results ror this experiment. 

For noise in a single attribute, a linear relationship exists between the noise level and the error rate. 

This agrees with Quinlan'. findings Cor rules generated Crom uncorrupted data. Note 'that since only a sin. 

gle attribute is being corrupted, a particular event is either uncorrupted, or corrupted in that attribute. 

So, the number or corrupted events varies linearly with noise level. The error rate depends on the distri. 

bution or values ror attributes in the classification rules and the number or corrupted testing events. Since 

the classification rules are fixed, the error rate must vary linearly with noise level. 

For noise in all attributes except ror the classification attribute, the error rate does not vary linearly 

with noise level. This curve can be computed rrom the data round ror single attribute noise using the prin. 

ciple 0/ inclu"ion and ezclu"ion [Liu, 1977J: 

IA 1UA2U'" UA, 1= EIA/ I 

where Ai is a set or objects. 

For the current problem, A. is a set or events which are classified incorrectly due to noise in the i-til attri­• 
buteo Two simplifying assumptions are needed to apply this rormula. First, it must be assumed that an 

event is either classified correctly (error = 0), or clasaified incorrectly (error = 1). Second, it must be 

aSsumed that an event which has several noisy attributes, anyone or which would independently cause the 

event to have an error or 1, still has an error or 1 (i.e. an event can only count as one error, and two 

wrongs don't make a right). The available intormation (or single attribute noise gives the percefttage ot all 

events which are in error due to noise in a .ingle attribute. The cardinality ot intersecting sets ot 
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Figure 14. CI88sifieation error with noise in testing events only. 

incorrectly classified events can be computed by simply multiplying these percentages (as fractions) since 

the distribution of events is random. Computing the error for noise in all attributes by combining the 

• erton for single attribute noise in 'his way gives values almost iden'ic&l to those found, ~mpiricaUy (see 

Appendix C.3). Since the principle of inclusion and exclusion can be applied to combine any Bubset or 
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noisy attributes, it can be concluded that a non-linear relationship between error and noise will be 

observed any time more than one attribute which appea.rs in the clUllification rules is noisy. 

4.4.2. Noise in Both Training and Testing Examples 

In the second experiment, the data set was corrupted to a certain noise level. a set or rules was gen­

erated using the noisy data, then the rules were tested using a different randomly corrupted data set. All 

examples in the data set were used. The parameters to ExceL were set to rorm exact rules. Conllicting 

events were dropped Crom the data set. Each attribute was corrupted singly, then all attributes except the 

classification attribute were corrupted at once, then the classification attribute was corrupted. Noise levels 

of 10%, 20%, 30% on up to 100% were used, and the test was repeated 5 times at each noise level. Figure 

15 shows the results ror the experiment with noise in all attributes, with noise in the classification attri­

bute, with noise in a single attribute (highest error), and with noise in & single, less important attribute. 

For single attribute noise, the error rates are much lower when rules are generated from noisy data 

than when they are generated from uncorrupted data. The shape of the resulting curve depends on the 

importance of the attribute. For the most important attribute (maxillaJaterauetae) there is a saturation 

elrect of sorts. For less important attributes Jsuch as inner....canine_teeth) there is a noticeable drop-olr in 

error at higher noise levels. This can be attributed to redundancy in the data. At higher noise levels, a 

noisy, less important attribute is not useful for discrimination between the classes and is not used in the 

rules. Since there is sufficient redundancy in the data, ignoring the noisy attribute leads to lower error 

rates. Quinlan did not notice the drop-olr elrect, probably because the data set he used contained only 1 

redundant attribute out of 39. Similarly. more important attributes are used less frequently in the rules as 

the noise level increases so the error rate is lower than for rules produced from uncorrupted data. 

One important dilference from Quinlan's results is that the attribute with the highest error rate ror 

single attribute noise in the first experiment is different from the one in the second experiment, but in 

Quinlan's testa they were the 'IIme. This is due to the way the learning algorithm used here generates 

rules. Rules are formed by choosing one class to be the positive class, IUld making aU others negative. .. 

When this is done, an attribute ,!,hich ill important overall tOl' a multi-dUll discrimination often becomes 

l 
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Figure 16. Clusifieation error with noise in training and testing events. 

leas Unporta.nt for a particular two-class discrimination. 

For noise in aU attributes except the classification attribute, the saturation elect is exactcl;,u found 

b, Quinlan. The peak rate of error at about 88% corresponds to the pr~bability of guessing wrong in a 7 

o 
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class decision problem. There are two sources oC error when noise is present both during training and tel~ 

ing: (1) error due to uncorrupted events being misclusified by rule. generated Crom noisy data, and (2) 

error due to noise in the testing events. These errors are compounded at lower noise levels, but the effect 

of (1) diminishes at higher noise levels since there are rewer uncorrupted events. The result is the satura.­

tion effect seen in the graph. Comparing this to the graph Cor the case of noise in all attributes when noise 

is present only in the testing events (Figure 14), the rate or error is round to be somewhat higher. as should 

be expected. 

For noise in the classification attribute, there is a linear relationship between noise and error. The 

linearity is partly due to a trick in the way that error is defined and tested ror. Note that to test ror error 

in assigning an event to a class, the correct classification must be known. Thus, classification error in the 

teding events is essentially ignored - that is why this case does not appear in the previous experiment, the 

error would always by 0%. Since noise occurs only in one attribute, the classification attribute, the per­

centage or all events which are corrupted will be the same as the noise level. The probability of an event 

being placed in the wrong class is: 

M-l 
M 


where M is the number oC decision dasses. 


So the error ror noise in the classification attribute is: 

M-l
Percent Error = TJ M 

where TJ is the noise level in percents. This explains why the graph for noise in the classification attribute 

is linear. 

4.4.8. Noise and Approximate Deeieion Rules 

An approximate decision rule is one which does not cover all oC the observed events in an event space 

correctly. This can occur by allowing exceptions to the rules or by training on a subset oC the ava.ilable 

data. The ExceL algorithm is capable oC Corming approximate .decision rulea by allowing positive and 

negative exceptions. The degree to which positive exceptions are allowed is controlled by specifying a 
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minimum utilitll that a complex in a rule must have. The degree to which negative exceptions are allowed 

is controlled by the confidence that a complex in a rule must have. Exact rules are rormed by using a 

confidence or 1.0 and a utility of 0.0. The experiment with classilication error in both training and testing 

events was repeated to determine how classification error, rule complexity, and CPU time required ror rule 

formation are affected when the decision rules are allowed to be approximate. The test was run with (A) a 

confidence or 1.0 and a utility of 0.0, (B) a confidence or 0.9 and a utility or 0.1, and (C) a confidence or 0.8 

and a utility or 0.2. 

The 'hepe of all graphs ror error with respect to noise are the same as in Figure 15. In addition, the 

levels or error changed little when the decision rules were allowed to be approximate. The most interesting 

figures are given below. Maximum noise levels were determined rrom the average or the three values near 

the peak. 

Error Figures for Approximate Decision Rules 

Data Point Run A Run B Run C 
----------------------~~----~~--~~--

Maximum of Single Attribute Noise (maxillaJateraIJetae) 13.6% 11.4% 10.0% 
Maximum or Single Attribute Noise (inner....canine_teeth) 3.0% 4.4% 4.9% 
Maximum of Average Single Attribute Noise 2.5% 3.4% 3.5% 

For single attribute noise, the error rates increased modestly on the average. The error rates ror less 

important attributes tended to increase, while the error rate for the most important attribute 

!lllaxillaJateraIJetae) tended to decrease. There is a noticeable drop-off'in error rates at higher noise lev­

els ror single attribute noise in most or the less important attributes in Run B and Run C. For the case of 

noise in all attributes, there seemed to be a slight trend towards higher error rates at noise levels below 

40%, but the trend is not strong enough to draw conclusions rrom. The curves peaked at about 86% in all 

tuna.' For the case of noise in the classification attribute, the curves are identical for all levels of precision. 

If the rate of error is not changed significantly, what is gained by using approximate rules! Figure 

16 shows the change in rule complexity with respect to no~e for the three levels or precision tried, for the 

else of noise in all attributes, and Figure 17 shows the change in CPU time required. Nob!~ in claaa 

llIelllbership inrormation produced a similar but len dramatic eff'ect, and single attribute noise had only a 
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'7 

small eKect on rule complexity and CPU time. For high levels of noise, especially noise spread across all 

attributes and noise in class information, approximate decision rules are desirable because they are simpler 

and can be generated more quiekly. The rad that the error ..ate is changed little indicates that the 

simplifications made by ExceL ate appropriate. The algorithm makes good choices about which evenY 
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Figure 17. CPU time with varying rule precision, noise in all attributes. 

IbouJd become exceptions. 



4.4,4. Dlseusston or Quinlan's FindIngs 

Quinlan reports a number or "policy-level Implications ror the use or inductive inference machintl'J 

in noisy environments" bued on the results or his experiments [Quinlan, 1983b]: 

(1) 	 It is important to eliminate noise regarding dUll membership ot the objects in the training set. 

(2) 	 It is not worthwhile expending effort to elimiute noise trom the attribute values of objects in 

the training set it there is going to be a .ignificant amount ot noise when the resulting 

classification is used in practice. 


(3) 	 We are better off dispensing altogether with noisy, leu important attributes. 

(4) 	 The payoff in noise reduction increases with the importance of the attribute. 

(5) 	 Noise is tess ot a problem with approximate classification rules. 

Each or these points will be addressed in turn. 

(1) 	 Noiae in all attributes at once produces rates or error higher than noise in daas membeuhip inrorm. 

tion at all noise levels. In addition to avoiding noise resardins dass membeuhip or the objects in t~ 

training set, when there ia noise in all attributes it is best to use uncorrupted data ror generaliac 

rules it possible. Thia view can be supported br cO[Qparin, the curves ror noise in all attribute. ia 

the Figures 14 and 15 above. 

(2) 	 This recommendation is supported by these neW linding.. In addition, it redundant attribut. m. 

and the noise tend. to be restricted to just a few attributes, rules generated trom noisy data will p'" 

form much better than those generated trom correct data. This is because the learning &ll!!;OflliDl. 

tend. to avoid using the noisy attribute. in the rules generated. 

(3) 	 Noisy, leas important attributes do introduce a .mall a[Qount of error. The peek error rate for no", 

less important attributes tends to occur at noise levels between 20% and 40%. Above that, the aHzi. 

butes are not used as frequently in the rules generated and thus do not contribute as much to error. 

Noisy, less important attributes are probably [Qore ot a problem when the data does not I'llllial. 

many redundant attributes. 

(4) 	 The payoff' in noise reduction would increase with the importance or the attribute. The more 

tant attributes had the highest rates or error when corrupted singly. 
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(5) 	 Noise is not really a problem for ezed decision rules, except that the rules are much more complex 

than approximate decision rules. The only noise handling technique used when forming exact deci­

sions was dropping conflicting events if they happened to be generated by the introduction of noiae 

(thia happened rarely). If noise is present, it is desirable to produce approximate decision rules 

because the rules will be less complex, and the rules can be generated more quickly. 

Overall, the most important finding seems to be that if the data is noisy it is desirable to have red un­

daney. There must be "orne correct information for the system to work with else it cannot generate rules 

with any predictive power. This is not at all remarkable from the point oC view oC inCormation theory. 

The ExceL system is, as probably most related inductive learning systems are, capable oC ignoring isolated 

lIoily attributes as long as there are enough uncorrupted attributes to work with. 

The ExceL and ID3 inductive learning algorithms both learn rules Cor describing dasses oC objects, 

but they do so in different ways. It is significant that different inductive learning systems which generate 

rules in different Corms working on different data sets should yield such similar results. The mathematical 

basis for two effects has been given, and the validity oC other phenomena noted by Quinlan has been sup-

POrted. 

4.6. 	 A Closed Loop Learning System 

The final experiment is a demonstration of dosed loop learning system capabilities on a simple con­

trol problem. The application involves learning situation-action rules Cor controlling five valves in the sea­

"ater system oC a seawater to freshwater distilling plant (evaporator) [Machinist Mate 3 & 2, 1972J. These 

ta/,ea are manually controlled on older models oC these devices, and considerable operator attention is 

"qIlUoed to keep the levels in the three main containers within the correct operating range. A simple 

~hanica} level controller can be used to reduce the need Cor human intervention so this work ia not being 

DroQloted as a practical solution to this particular problem. Rather it ia a demonstration oC learning sys­

"" capabilities in the general area or control problems. Data derived rrom the simulator is used to exam­

~ Pe1j"ormanee improvement as the number or observed training events increases (i.e. the learnin, curtle) 

tl!J. or varymg preciaion. 
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Ftgure 18. Triple effect evaporator seawater .,-.tem. 

A numerical simulation ot the system shown in Figure 18 is used to interact with the rule interpretu 

and rule learning systems. The system consists ot two pumps, one Cor supplying seawater to the evapor.. 

tor, and one tor removin, brine. The three containers labelled Cl, C2 and C3 are low presaure, low tem­

perature boilers. C3 operata at the highest vacuum and Cl operates at the lowest vacuum. The pres/llut 

difFerential moves the seawater between the containers. The five valves are used to maintain the corred 

levels in the containers, which Cor this simulation is set at between 450 and 550 gallons. The values ued 

in the system Cor Bows, capacities, ete. are fictitious, but the overall behavior oC the system ill qualitaUve1J 

correct. Background rules are used to convert the numerical values Cor container levels and changes it 

level into qualitative values. 

A training example Cor this application is shown in Figure 19. T·he selectors centered at the top &ive 

the correct actions tor each oC the five valves in the situation indicated by the conjunction ot selee&ort 
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A training example for freshwater distilling plant control. 

ladju.t-vi = openlladjull-v2 = .buLlladjull-v3 = sbutlladjull-v4 = openlladjud-vS = orl ¢: 

Ipump(pI) = onl ICI-Ievel = bigbl 

Ipump(p2) onl [C2-level = orl 

Ipo.iLion!vI) = 0.61 IC3-leve1 = bighl 

IpoaiLion(v2) = 0.2) [CI-chaop = upl 

IpoaiLioo(v3) = 0.81 IC2-change = upl 
[posilioo!v4) = 0.51 IC3-chuge down! 

Ipolition(v5) = 0.2) 

Final rules produced by ExceL for valve vI (confidence;::: 1.0, ututty ;::: 0.0). 

ladju.t-v2 = openI ¢: 

ICI-chan,e = down .. aLeadyliCI-level = lowl : (1.00, 32, 32, 0) Y 

ICI-change = downliCI-level = okl : (1.00, IS, 15,0) 

ladju.l-v2 = ok] ¢: 

ICI-change = upliCl-level = 10wJ : (1.00, 26, 26, 0) v 

ICI-change = .LeadyIiCl-level = okl : (1.00, 3S, 35, 0) v 

IC1-change = downliCl-level = bigbl : (1.00, 19, 19,0) 

Jadjust-v2 ahull ¢: 

[Cl-change = l1eady .. upllCl-level = higbl : (1.00,21, 27, 0) Y 

ICI-chuge = upJlCI-level = okl : (1.00, IV, lV,O) 

Figure 11. The freshwater distilling plant control domain. 

Delo". The inrormation given is the states or the two pumps (on or 00), the position or each valve (0.0 is 

!lIlly closed, 1.0 is Cully open), the level in each container (high, ok, or low), and the change in container 

ie.tl between the last observed level and the current level (up, steady, or down).d 

There are fiCteen rules which the system learns, three Cor each valve (open, ok, shut). An open or 

"lit action moves the valve by one-tenth or its range in the appropriate direction. The final rules learned Jl 

~ the 8Y8tem Cor controlling the valve labelled v2 are also shown in Figure 19. The rules Cor controlling 

'lI.ea ,,;;; and v4 are similar. The rules Cor controlling valves vI and v5 move the valve to a fixed position, 

II lIIuaUy done in actual operation. 
... 



The rule interpretation cycle shoWll in Figure 5 (Section 2.4) it used tor thit application. The 

is a program module which reads the state 01 the (reshwa~er distilling plant simulator. The effector it 

another program module which modifies the positions or the simulator valves. No internal state is needed, 

so the internal state is always given aa ·all·. The dialog given below shows several cycles trom an interac. 

tive training session. Thit demonstrates perrormance early on in the learning process - about lorty train. 

ing events have been observed so rar. Input typed by the cri~ic is shown in bold race, comments are in ital. 

ics: 

Firlt, the program print' out the .tate 0/ tAe .imulator for the critic. The level in container 01 if IlJlJ 
and .teady, the level in container Ct i. high and .teady, and the level in container C9 i, low and deadV. 

External State: 
[pump(pl) = on][pump(p2) = on] 
[pos(vl} = O.3J[pos(v2) = O.2J[pos(v3) = O.7][pos(v4} = O.lJ[pos(v5} = 0.6] 
[Cl-change = steady][Cl-level = low] 
[C2-change = steady][C2-level = high] 
[C3-change = steady][C3-level = low] 

Internal State: 
·all* 

The ,yltem advi,e. opening valve fil, .hutting valve. v3 and v5, and leaving v4lve V4 a. iI. 
rulu are triggered for valve ve, giving the Ilf". ut 0/ action, fired by the rule interpreter. 

Advice: 
[adjust-vl = openj[adjust-v2 = ?l!adjust-v3 = shut][adjust-v4 = okJ[adjust-v5 = shut] 

The correct ut 0/ action, according to the critic iI to open v4lvu v1, vt, and V,f, and to ,hut vS 
v5. 

action ?> open vI 

action 1> open v2 

adion 1> .but vi 

action 1> open v4 

action 1> .but vi 

action 1> ok 


The ,yltem and critic di.agree on action. for v4lvu vt and v,f .0 the rwu mud be modified. 
ing u;ample'are generated b, combinin, the correct action til given b, the critic for v4lvu .,t and fI+ 
,imwator date jU given above. The leeming ,y.tem then ,pecializu the conditio1l.l for leavin, v4lve, lit 
V,f a, ii, and ,ener4lizu the condition for opening valve V,f. 

Spec: [adjust-v4 = ok] 
Spec: [adjust-v2 = ok] 
Gen: [adjust-v4 = open] . 
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At thill point, the "effector" ill applied to adjullt the valve po,ition" and the IIimulator ill run for an 
ilterval of time to allow flow, and levelll to change. Again, the interpreter ,tate (obtained from the "un­
lor') i, printed out for the critic. The level in container 01 ill ,tiUlow and IIteady. The level in container 
elu IItili high and note i4 riling. The level in container 09 i,l II till low and now ill dropping. 

Emrnal State: 

[pllmp(pl) = on][pump(p2) = on] 

[poe("l) = 0.4J[pos(,,2) = 0.3][pos(v3) = 0.6J[pos(v4) = 0.2][pos(v5) = 0.5J 

ICHhange = steady;[CI-level = low] 

[C2-<hange = up][C2-level = high] 

/C3-<hange = downl[C3-level = low] 


Internal State: 

'all* 


The system advUell opening valve II vl, ve and v4 and IIhutting valvu vS and vS. 

Advice: 

[adjust-vI = openj[adjust-v2 = openJ[adjust-v3 = shut)[adjust-v4 = openJ[adjust-v5 = shut] 


The critic agree" 110 no training examples are generated and no changu are made to the rulu. Note 
that the action recommended b1l the IIf111tem when the level in container 01 ill low and IItead, i,l now correct. 

action ?> open vI 

action !> open v2 

action !> shut va 

action !> open v4 

action? > shut v5 

action ?> ok 


The ,imulator flalVei are adiu,ted, tlte ,imulator ill run for a time, and the interpreter IItate i, printed 
0111. The levd in container 01 ill low and riling. The level in container Ot u dill high and ruing. The 
leeel in container 09 ill .tiU low and dropping. 

External State: 

~1Unp(pl) = on][pump(p2) = on] 

lPos(Vl) = 0.SJ[pos(v2) = OA][pos(v3) = 0.SJ[pos(v4) = 0.3][pos(v5) = 0.4] 

[Cl--ehange = upJ[Cl-level = low] 

[C2--ehange = up][C2-level = high]

IC3--ehange = downJ[C3-level = low] 


Internal State:
tall t 

The 'ydem recommendll leaving valve 'Ill all ill, IIhutting valvu vS and v5, and 'opening valve '114. No 
'lit ic triggered for valve 'lit. 

AdVice: 


[tdjlllt-VI = ok][adjust-v3 = shutJladjust-v4 = openliadjust.-vS = shut] 
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The critic agree, ezcept lor indicating that valve vI! ,hould he left al il. A training ezample i, fe 
Hated/or the u.ing the action giuen h~ the critic lor value vI! and the .imulator ,tate given above. " 

action 1> shut vi 

action? > open v4 

action! > shut v6 

action 1> ok 


The learning '~Item then generalizell the condition/or leaving valve vI! al il. 


Gen: [adjust-v2 = ok] 


It was found that the system does not learn complete rules by observing the critic if the simulator .. 

always kept near the correct operating lone. This is to be expected since a learning system canno~ be 

expected to learn something which it has not been taught. The significance of this observation is tha~ it 

would be difficult to train a control system using this technique it complete training involved placing ~bt 

device being controlled in an unsafe condition. For example, it would not be desirable to teach water leT" 

control oC high temperature boilers if allowing the water level to become very low could lead to melting the 

boiler. Some other Corm of training might be needed in this case, such as learning characteristic descri~ 

tions Crom examples within the saCe range and learning by being told or by using Cabricated examples 011.. 

side of the saCe range. In addition, it was Cound that large numbers of training examples were needed 10 

that the learning system would avoid using irrelevant attributes which by chance had regular patterns 

values in small sets oC examples. 

About 180 training examples were sufficient Cor the learning system to generate good rules t"nr'h.inillil 

only a few irrelevant variables. Figure 20 shows how the system perCormed as a Creshwater distilling 

operator after an extended training period. The critic Cunction was modified to always agree with 

advice given by the production system rather than query a human expert, and the simulator was started 

an unstable condition well out oC the normal operating range. Allievela were brought within the operatiDe 

range quickly. Some oscillation occured because only coarse adjustments of valve position could be 

but the levels usually stayed within the operating range once stabililed. 

The large set oC training examples accumulated Cor this domain was used to examine Del'COI~maiiK": 

improvement as the number' oC observed training examples increases Cor varying levels oC rule un"'....~ 
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Figure 20. Trace of freshwater distilling plant container levels under automatic control. 

lilies were generated using trom 3% to 100% 01 the observed examples (the data point shown tor 0% 01 

Ilt ob~rved examples is the error rate tor random guessing). Rules were generated at three different levels 

or Precision by setting the confidence and utility parameters at 0.8 and 0.2, 0.9 and 0.1, and 1.0 and 0.0 

~tively. The rules generated were then tested against the set ot aU available training examples. 

Figure 21 sit, ;1S the results ot thiB experiment. There is little difl'erence between the error rates tor 

~roxiJnate and exact rules when less than 10% ot the available t;aining examples are used. The 
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diff'erence increases as the number or observed examples increases. The error rate ror all rules converges \0 

a level corresponding to the confidence threshold used in generating the rules. Note that since both train­

ing and testing examples are uncorrupted. we have 

Error = 1 - Confidence 

o 
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lfben all available examples are used for training. This should be expected because the definition of 

eonfidtmce used here is based on the relative frequency or occurence of correctly covered events (Section 

2.3.2). 

This demonstrates that rules of a specified degree of precision can be learned. With negative excep­

tions summarited using II.n/eu conditions, and using an appropriate interpreter, deductive inrerence could 

We be done with a specified degree or precision. 

,. 




6. 	CONCLUSIONS 

A system for learning decision rules with exceptioll.l has been described and ita capabilities evallIltt( 

The system is capable of learning from noisy and conliieting da.ta, and ca.n genera~ u.nieu conditiolll ~ 

summarise legitimate exceptions. A closed loop learning system which can apply these rulea has been lite« 

to demonstrate learning capabilities in the area of control problems, and to study performa.nce imprOle. 

ment over time with varying rule precision. 

6... Sy.tem Performance 

The effecta of learning Crom noisy data have been examined using ExceL as a. replication or exptrj.. 

ment. performed by Quinlan using a modified version of ID3 [Quinlan, 1983bJ. Some of the reaulta ....tI't 

shown to have simple mathematical expla.nations. Several observations were made concerning redundlllq 

and noisy data. In particular, when noise is present, redundancy in the training data is desirable.· It 

redundancy is available and noise is limi~d to a few attributes in both the telting and training data, thea 

it is best to train on noisy data. And, it noise is distributed evenly acrOS8 aU attributes, it is best to train 

on uncorrupted data. 

The effect oC noisy data when using approximate decision rules wu also exa.mined. It was found that 

when the data is noisy J approximate decision rule. are almost as accurate as exaci decision rulea, enll 

though the complexity or the approximate rules is much less. These testa also indicate that ExceL does l 

good job or isolating noisy events as exceptions when forming approximate rules. It would be interesti.n, 

to see it noise immunity would be improved by dasait:ring an event according to a. .et or rules using l 

measure which indicatel the degree of match (such as the degree 0/ eon'OA4nee [Michalski and Larson, 

1983]) rather ihan a boolean coverage telt. 

For the daia seta tested, the ExceL system usuaU:r generated more concise coven than Aq, and did 10 

in less time. No significant di.fference in the accuracy of the rules W&8 observed. The improvement in per­

formance has been attributed to a better description evaluation heuristic, focu.ing on inconsistencies, and 

implementation details such as the use of a data bue system and caching frequentl:r used information. 
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The need for preprocessors such as the V ARSEL program for relevant attribute selection [Baim, 1984] and 

the ESEL program for relevant event selection iCramm, 1983] as efficiency boosters is greatly reduced. In 

elect, many of the principles of these programs are incorporated into the ExceL algorithm. When a 

preprocessor is used there is a chance that valuable information will be lost and rule quality degraded, so it 

is desirable for a learning algorithm to be able to use all available information efficiently. 

A closed loop learning system has been used to demonstrate the learning capabilities of the system, 

and to examine performance improvement over time with varying levels of rule precision. It was shown 

that the learned rules could in fact be used to control the freshwater distilling plant simulator. But, it was 

found that the process of interactive learning using this closed loop system requires operating the simulator 

out5ide of normal limits. This approach would have to be modified for devices which are unsafe when 

operated outside of normal limits. Also, a large number of training examples were needed before the learn­

iDg system could determine which attributes were relevant. In the area of performance improvement, it 

"as found that the difference in error rate between exact and less precise rules increases as the percentage 

of observed events increases. The error rate converges to a level corresponding to the confidence threshold 

uaed in generating the rules, so rule of a predetermined level of precision can be generated. 

'.2. Limitations and Future Direetions 

In ExceL, the degree to which exceptions are allowed in inductively learned rules is controlled by user 

defined parameters for rule confidence and utility. This is much like specifying confidence thresholds for 

tri&gering rules in a deduction system. It would be desirable to eliminate the need for specifying these 

thresholds, possibly by allowing exceptions only when this makes a rule simpler according to a complexity 

criterion. 

Current inductive learning systems are very good at recognizing patterns in training data. However, 

the operators available for combining features in current systems are sometimes not adequate. For exam-

Pie, the rules that ExceL generates for the chemistry data set described in this paper are worthless to an 

~rienced chemist. The main problem is that concomitant variation of attributes ICopi, 1982J is not 

'oticed by the system. When a decision is based on a linear attribute such as distance, the system has no 

J 
l 

.. 



way to reeognile nor to represent proportionalities or mathematical relations between the decision attrj. 

bute and the descriptive attributes. A possible solution to this problem is to combine the current S1'~ 

with a system designed specifically Cor finding mathematical relations in data when a deeision is based 011 l 

linear attribute such as Abacus [Falkenhainer, 19841. 

Another problem is 'hat a simple rule which accurately describes the available data may not malt 

sense as far &8 a human expert is concerned, even though the system has the representational POWtt 

needed. This usually occurs because the system has no inCormation about the problem domain which cO!ili 

be used to guide induction, especially information about causal relations between the' descriptive attriblltft 

and the classification attributes. This is a problem with empirical learning systems in general, not just tilt 

system described in this thesis. A stopgap measure to handle this problem is to allow the user to adTiIJe 

the system by assigning cost and relevance weights to attributes. A better solution may be to provide tilt 

system with intormation about causal relations and other domain speeific information (preferably by a 

learning process) and allow it to do reasoning about the relevance or attributes Cor making particular dec~ 

sions trom this information. For example, in the rreshwater distilling plant problem, a large number 01 

examples must be accumulated before the learning system reeognile5 that levels and changes in level 01 

immediately adjacent containers are the most relennt attributes tor the deeision or how to adjust a partic. 

ular valve. Knowledge about piping systems and fluid flow might simp1ity this learning task. 

The incorporation or domain specific knowledge in machine learning haa been investigated b7 

Michalski [1980; 1983J. Michalski advocates using well defined knowledge representation languages, ,tI­
eral purpose induction algorithms, and modularity when including domain speeific knowledge. Research iI 

the area ot machine learning using domain specific knowledge to guide induction is also being conducted b7 

Dejong [1983}, and Mitchell [Mitchell, Mahadevan, and Steinberg, 1985J, among others. The knowledJt 

representation schemes used by these researchers tend to be ad hoc aince their approach is to find a power­

ful solution to a particular problem rather than to find a general purpoae but perhaps len powertul sol.. 

tion tor a wide class ot problema. The ExceL~ystem could be extended to incorporate additional back· 

gound knowledge by defining new types ot background knowledge rulet and corresponding inlereJlc:t 
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mechanisms. De\'eloping general purpose techniques for incorporating domain specific knowledge in induc­

tion programs is an ongoing research task. 

Incremental learning tends to be difficult in practice because or the bookkeeping involved. It is 

necessary to keep track of the examples associated with each decision rule, and the rules are continuously 

being modified. All of the most difficult problems of data base manipulation are involved. The data base 

system currently used in ExceL is line for short term rule development tasks, but a more sophisticated 

data base system which provides a convenient mechanism for long term storase and is easy to interCace to 

is needed. It should be possible to extend the system used in ExceL to fulfill this need at least in part. 

Certain aspects of incremental learning were not dealt with. For example, it would be desirable to 

be a.ble to introduce new decision classes during the learning process. Also, it should be possible to use pre­

viously learned concepts (such as knowledge or fluid flow) in the process of learning new concepts so that 

the learning task can be partitioned. The first shortcoming can be handled by the 

generalisation/specialization mechanism currently used. The second shortcoming could be corrected to 

lome desree using the background rule mechanism. 

The use oC VLI as a representation language is in itself a limitation. Relationship information must 

be represented in attribute form rather than directly in structural form. For example, the predicate 

adjacent (A, B) 

lIlust be represented in attribute form as 

[adjacent-A-B = true]. 

This is also a drawback when attempting to make rules about such things as opening and closing of valves 

in general rather than opening and dosing particular valves. Extensions are necessary to represent 

interesting background rules and to provide an interesting rule interpreter. Learning systems have been 

developed based on more powerful representation languages. INDUCE-2 learns rules in VL
21 

, a many­

IOrted predicate logic language [Hoff, Michalski, and Stepp, 1983], and Marvin learns rules in PROLOG 

[Sammut, 1981; Sammut and Banerji, 1983]. Solving learning problems using INDUCE-2 is computation­

ally very costly, and Marvin requires training examples that are carefully sequenced in order to achievee 



any results. Research should continue in the area or machine learning using more powerrul representlt~ 

languages such as Annotated Predica~ Calculus [Michalski, 1983]. 
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APPENDIX AI GLOSSARYtion 

There are a large num ber or words used in unique ways in the methodology described in this thesis. 

This appendix provides an introduction to this terminology. For a more rormal description or the variable 

nJued logic system VLI see [Michalski, 1974). 

Attribute 

An attribute, also rrequently called a variable, is some a.sped of an object to be described such a.s 

color, temperature, shape, weight, etc. Associated with each attribute is a set or values which the attribute 

lIay assume called its domo:in. There are rour Cundamental domain types in use: 

A nominal domain is a set or unordered discrete values. For example, the attribute color may have 

values red, green, orange, etc. 

A linear domain is a set oC ordered discrete values. For example, the attribute temperature may 

have values 3f! .. 105 degrees. The " .. " is the "range operator" and is used to speciry a segment oC 

values as shown here. 

A cyclic domain is a set or ordered discrete values, where the &rst element is the successor oC the last 

element. For example, the attribute day may have values Monday, Tuesday, Wednuday, ThurlJday, 

Friday, Saturda" Sunda" where Monday follows Sunday. 

A Iltructured domain is a set of unordered discrete values in a tree structure, where the tree structure 

represents an abstraction hierarchy of descriptions. For example, pentagon, hexagon, and octagon 

may all be siblings oC the node pol,,01l. ror the attribute shape. 

8eleetol' 

A selector consists oC an attribute, a relational operator, and a single value or a disjunctive list of 

'llues from the domain oC the attribute. The relation must be one oC: 

> < 

4 eeleetor is a predicate which is either satis&ed (true) or not satis&ed (Calse) in a particular context. The 

-lector [color = red] would be read "the color is red" Cor the particular object in question. The selector 



[shape = round v pointed] would be read "the sh&pe is round or pointed." This is an example of ·intern~ 


disj unction." 


Event Space 


An event 'pace is the space of all possible descriptions a.s defined by a given Ie' of attributes &lId 

their corresponding domains. That is, it is the cartesian product of 'he domain sets. This is essentially 

the same concept u a "reature space" used in pattern recogition, except that a reature space is typically 

described only by linear domain attributes while an event space may be described by any combination or 

nominal, linear, cyclic. or structured domain attributes. 

Complex 

A comp/e::, rormally speaking, is a cover of a portion or an event space. In this 'hesis, a complex it 

usually a conjunction of selectors. For eX&Illple, the complex 

[color = redJ[shape = round v pointed] 

is a description for all objects which are red and have either a round or pointed shape. 

Event 

An event is a complex which describes a single point in an event space. An even' hu one, and only 

one, value for each declared attribute. IC the attributes color, shape, and weight are defined with appropri­

ate domains, the complex 

[color = redJ[shape = round][weight = 25) 

would be an event. Events are also rrequently referred to u ezc.mplu since they serve as input eX&Illplet 

for inductive learning algorithms. 

Star 

A ,tc.r of an event e against a set of events F, denoted G(e I F). is the set of all possible maxima.lly 

general complexes which cover event e and don't cover II.ny of the event.l in F. Descriptions which cover aD 

event can be thought ot as generalisations of the event. Since in practIce we are onl1 interested in general­

ilations of an event which satisfy certain criteria, such as covering a large number or the other events ill , 
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thesame class and brevity, a star is usualIy reduced in size by eliminating uninteresting generalizations. 

Cover 

A cover, for the purposes or this thesis, is a disjunction of complexes. A cover may be interpreted u 

I description of a. clus or objects. Two types of descriptions are especia.lly significant in machine learning: 


discriminant descriptions and characteristic descriptions. 


Discriminant Description 


A discriminant descriptions is a description "'hich distinguishes a class of objects rrom a fixed 

Dumber or other object classes. It is typically the most genera.l possible description which covers all 

members of a given class and no members of any other class. 

Characteristic Description 

A characteristic description is a description which distinguishes a class of objects from an infinite 

number of other object classes. It is the most specific possible description which covers all members or the 

class. 

Lexicographic Evaluation Function (LEF) 

A lexicographic evaluation function with tolerancu is a list of criterion-tolerance pairs. A criterion is 

usually given as the name of a primitive evaluation function, and a tolerance is given as a real number 

between 0 and 1. A LEF can be used to establish a partial ordering on a set of objects, but we are usually 

interested only in the "best" subset of the set or objects with respect to the LEF. To find this subset, the 

&.rst primitive evaluation runction is applied to all members of a set of objects, and a fraction of the "best" 

objects as determined by the tolerance are retained. If the tolerance is 0, only those objects which tie with 

the "best" are retained. The process is repeated with the next criterion-tolerance pair on the set of 

lttained objects until either the set of objects is small enough or the list of criterion-tolerance pairs is 

exhausted. 
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APPENDIX BI A USER'S GUIDE TO EXCEL 

B.l. Introduction 

This appendix is a reference manual for the ExceL program for learning VLl rules with exceptiOllt, 

This program is useful for learning from noisy data, and for learning rules with legitimate exceptio~ 

which may be summarised by an unle" condition. The system is written in Fran. Lisp [Foderlfo , 

Sklower, and Layer, 19831 and runs under the Unix 4.2 operating system. The systems makes use of. 

package of macros and utilities designed to simpliCy the coding process [Becker, 1985a]. 

The system is designed for learning discriminant descriptions of classes of objects which are describtd 

in terms of attribute-value pairs. Some provisions have also been made for creating characteristic descrip. 

tiona from discriminant descriptions. The decision cla.ases may take several forma. The simplest form is. 

flat unordered set of decision classes, such u in a diagnosis problem where a single cause is usumed, The 

decision dasses may also be hierarchically structured, such as in a taxonomy or species of animals. Simple 

linear decision classes are also supported, but this algorithm does not perform well in this case because it 

does not recognise patterns of concomitant variation. 

The rules may be produced in either a single step or incrementally. The rules may be intersecting 

(ie), disjoint (dc) or sequentially ordered (vI). The rules may also be exact with respect to the set of pro­

vided training examples, or approximate. A conflict handling mechanism is also provided to assist the user 

in preparing consistent seta or training examples. 

The system may be run either interactively or in batch mode. Interactive running is recommended 

only for small data sets (tens of events) since larger data sets may require considerable computation time 

for rule formation. Running the program consists of creating a data set, which contains not only the 

training eventa hut also various control parameters, and then invoking the program. Results may be 

printed on the screen or directed to a 61e using the Unix system. 

There are numerous parameters and options included in this system to allow for testing the effects of 

changes to the system. It was designed as a research tool without a .great deal of concern Cor lriendUneti 

to nain users. However, defaults are provided for all parameters so that it is Cairly easy to use the sYltem 
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without a great deal of understanding of what the various parameters do. 

B.Z. Creating a Data Set 

A data set is created using one of the standard editors available under the operating system (vi, 

emacs, etc.). List format is used ror input to simplify parsing. Whenever a symbol or name is required, 

lJIy legal LISP symbol may be 'used: a letter followed by any number of characters or numbers. A data set 

contains the following components: 

( data...seUlame 
parameters « parameters list> ) 
types « attribute type dedar·ations> ) 
declarations « attribute declarations> ) 
bgrules «background rules» 
lisp ( < file names> ) 
classes <classification attribute> 
variables ( < even t description attributes> ) 
events « training events> ) 
state ( < production system initial state> ) 
statevars « variables used to describe state> » 

The order of the components is not critical, however the spelling of the tag name for each component 

is, Briefly, parameters control various aspects of program execution, including preference criteria for can­

didate hypothesis selection. A type name may be declared to describe a type which is common to several 

attributes. Declarations declare attributes, their types, and optionally meta-information about the cost 

&lid relevance of an attribute. Background rules (bgrules) may be de&ned for creating attributes whose 

'alues are functionally dependent on the values of attributes used to describe the training events. The 

e'ents will be partitioned into classes according to the domain of the attribute which is given as the 

classi&cation attribute. A list of the attribute names used in the training events tells the system the 

correspondence between the list of values given for each training event and the appropriate attribute. The 

training events are used by the system to guide formulation of dass descriptions. A sample data set which 

Illaltes use of most of the available features is shown below. 



A Sample Oat. Set 

(animals 


parameters 
((mustar 4) 

(trim nil) 

(utility 0.2) 

(confidence 0.8 ) 

(lef ((max-newpromi.se 0.3)(min-selectors 0.2)(max-newposcovered 0.0»» 


types ((boole nom (yea no))) 

declarations 
((dasl stru( ((birds <- water-birds land-birds) mammals reptiles)) 

(temp{bloodJ nom (warm (old) cost 1.3) 

(covering{body) nom (fur feathers scalea skin)) 

(habitat nom (air water land)) 

(weight lin (1 .. 300 by 1 units Ibs)) 

(sile lin (small medium large) coli 1.1 weight 0.7) 

(milk boole cost 2.0 weight 1.5) 

(eggs boole cost 1.5 weight 1.4» 


bgrules 
(([sile := large} < - [weight = 200 .. 300]) 

([sile := medium] <- [weight = 100 .. 199]) 

([sile := small} <- [weight = 1 .. 99}» 


clasles dasa 

variables (NAME FREQ CONF class temp{blood) (overing(body) eggs habitat milk weight) 

events 
{(robin 10 0.9 land-birds warm leathers yes land no 1) 

(emu 5 1.0 land-birds warm leathers yes land no 100) 

(duck 8 0.9 water-birds warm feathers yes water no 10) 

(penguin 7 0.8 water-birds warm CeathellYes water no 20) 


(human 20 1.0 mammals warm fur no land yes 175) 

(dog 5 0.8 mammals warm fur no land 'fes SO) 

(cat 5 0.' mammals warm Cur no land yes 10) 

(platypus 1 0.8 mammals warm Cur yes water yes 20) 

(dolphin 2 0.9 mammals warm skin no water no 300) 


(snake 4 1.0 reptiles cold scales yea land no 3) 

(komodo 1 1.0 reptiles cold scalea yea land no 20) 

(alligator 3 0.9 reptiles cold scales yes water no 75) 

(Crog 2 0.9 reptiles cold scales yes water no 1))) 


http:max-newpromi.se


The output generated by the ExceL program for this data set is shown below. The first set of tim­

ings is for init.ializing t.he data set. The second set of timings is for inducing rules from the initialized 

data. The table of parameter settings gives the values of all parameters for this particular run of the 

induction program. Each parameter is described in detail in the next section. For each class, a rule and 

some statistics are given. The format for a rule is: 

decision < = condition V condition V ... V condition •
l 2 a 

The decision is & single selector where the value specifies the decision class. E&ch condition is a conjunc­

tion or conjunction with an unless condition of the form: 

51 52 ... 5Jl : «parameters» 

or 

SID ( < parameters> ) 

where each S, is a selector. 
I 

The decision part of the rule occurs on a line by itself followed by a II <=" symbol which should be 

read as "if." Each condition occurs on a line by itself followed certain parameters. The values specified 

are, in order, the confidence assigned to the decision if the condition is satisfied, the number of newly 

Covered positive training examples, the total number of positive training examples, and the number of 

COvered negative training examples. Following each rule is another set of statistics about the rule as a 

-hole. The complexity of rule is defined as the number of selectors plus the number of complexes plus the 

lIumber of different variables in the rule. The rule complexity, number of complexes and number of selec­

lots in the rule are listed, followed by the number of training examples for the class and the number of 

tl;ceptional examples. Examples are counted by taking the sum of the confidence times the frequency asso­

e'lated with each example. 
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2.800 Sec. CPU 
0.000 Sec. GC 
16.000 Sec. REAL 

Sample Output 

Parameter Settin,. 

mode = ic utility = 0.2 stepsiJe = aU 

maxstar =4 confidence =0.8 redo =t 

solution. =5 conflicts = nil trace =0 

probe =1 ,amma = 2.0 unless =t 

trim = nil runcod = 1.0 

print = (exceptions results state summary params inittime runtime conflicts) 

leC = ((max-newpromise 0.3) (min-selectors 0.2) (max-newpo8conred 0.0» 

2.433 Sec. CPU 
0.000 Sec. GC 
13.000 Sec. REAL 

[eIUlI = birds] <= 
[covering(body) = CeathersJ : ( 0.89, 26.8, 26.8, 0.0) 

Rule Complexity! 
Rule Complexes: 
Rule Selectors: 
ClUll Examples: 
Poe. Exceptionsl 
Neg. Exceptions: 

3 
1 
1 

26.80 
0.00 
0.00 

[cl.... = water-birdsJ <= 
[habitat = waterJ : ( 0.85, 12.8, 12.8, 0.0) 

Rule Complexity: 
Rule Complexes: 
Rule Selectors: 
Class Examples: 
Pos. Exceptions: 
Neg. Exceptions: 

3 
1 
1 

12.80 
0.00 
0.00 

[cl.... = land-birds] <= 
[habitat = land] : ( 0.93, 14.0, 14.0, 0.0) 
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Rule Complexity: 3 
Rule Complexes: 
Rule Selectors: 1 
Class Examples; 14.00 
POI. Exceptions: 0.00 
Neg. Exceptions: 0.00 

[class = mammals] <= 
[covering(body) = fur v skin] : (0.94,31.1,31.1, 0.0) 

Rule Complexity: 3 
Rule Complexes: 1 
Rule Selectors: 1 
Class Examples: 31.10 
Pas. Exceptions: 0.00 
Neg. Exceptions: 0.00 

[class = reptiles] < = 
[temp(blood) = cold] : (0.95, 9.5, 9.5, 0.0) 

Rule Complexity: 3 
Rule Complexes: 1 
Rule Selectors: 1 
Class Examples: 9.50 
pos. Exceptions: 0.00 
Neg. Exceptions: 0.00 

Each component of the data set will now be described in detail. Each section starts with a statement 

or the form or syntax for entering the component in the data set, followed by a description of the purpose 

or the component and the options available. 

9.2.1. Parameter. 

POlIn: parameters ((paramJlame <value> )(paramJlame2 <value» ... ) 
l 

-here each param.ftame is one of the parameter names listed below and <value> is a legal value for the 

~iated parameter. The parameter, list is used to select non-derault values for program parameters. 

Ltoat parameters take a single value. Certain parameters take a list or values in a particular format. 

tach parameter, its purpose, its allowed values, and its default value is described below. 
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mode 

Specifies the mode to be used in cover generation. May be interseding covers (ic), disjoint 

(dc), or sequential covers (vI). 


Allowed Values: ic, dc, vi 

DeCault Value: ic 


maxstar 
Specifies the maximum number oC alternative descriptions retained during alternative deacript~ 
generation. A larger yalue ca.uses better descriptions to be selected because the sise oC the seUe, 
space is increased, but increases the amount oC computation time required. A value which is roughl) 
the number oC attributes used to describe training events seems to work well. 

Allowed Values: Integer 1 .. +00 

DeCa.ult Value: 5 


conftdence 
The minimum confidence that a deseription must have to be accepted as a solution. Low con.6denct 

solutions coyer many negative events, high confidence solutions cover very Cew. In general, more 
computation is required to find high confidence solutions. 

Allowed Values: Float 0.0 .. 1.0 

DeCault Value: 1.0 


utility 
Utility specifies the minimum utility that a complex may have and still be retained in the cover of. 
c1us. Requiring high utility Corces positive exceptions to be generated. Changing utility causes no 
change in computational requirements. 

Allowed Values: Float 0.0 .. 1.0 

DeCault Value: 0.1 


solutions 
Specifies the maximum number of solutions (descriptions which satisfy the confidence threshold) 
which will be searched for. The ADG algorithm terminates when either .. certain number oC sol", 
tions have been Cound or some solution has been found a certain number oC probe steps have beel 
tried. 

Allowed Values: Integer 1 .. +00 

DeCault Value: 2 


probe 
Specifies the number oC description generation cycles which will be perrormed arter a solution hi 
round in order to find another solution. It a larger value is used, more work will be done to liad 
better solutions. A small value, 0 or 1, is usually adequate. 

Allowed Values: Integer 0 .. +00 

Derault Value: 1 


·trim 
Specifies the method to be used ror trimming complexes in a clue cover. Trimming using the "drop· 
option reduces the number oC values in the reference or selectors in a cover 80 that only thoee needed 
to cover the positive events actually covered by the complex are retained. The ·unique- optio. 
reduces the number or values in the reCerence or selecton in a cover so that only those needed kI 
cover the newly (uniquely) covered positive events are retained. The ·enend" option enends the 
cover (making it more specialised) by multiplying in the rerunion or covered event.s. This may be 
thought or as a charaderistic descriptioD. It -nil" is used, the covers are not modified. 
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Allowed Values: nil, drop, unique, extend 

Derault Value: nil 


conflicts 
Specifies the method or conflict handling to be used. The "nil'" option indicates that no action is to 
be taken. The "keep" option indicates that conBicting evente are to be retained. The "drop" option 
indicates that conBicting events are to be dropped. The "max" option indicates that conflicting 
events are to be kept in the class where they occur the most Crequently. The "ask" option indicates 
that the user wants to be asked to decide about each conflict individually. 

Allowed Values: nil, keep, drop, max, ask 

DeCault Value: nil 


gamma 
Specifies the minimum ratio oC Crequency oC occurrence between the most Crequent and next most fre­
quent class when handling conflicts using "max". If the mOlt Crequent class is not gamma times 
bigger than the next btggest, then the conBicting event will be dropped Crom all classes. 

Allowed Values: Float 0.0 .. +oc 
Default Value: 2.0 

unless 
Specifies that negative exceptions should be summarised in an unleu condition. 

Allowed Values: t, nil 
Default Value: t 

I'uneonf 
Specifies the confidence level required Cor a rule to fire when running the rule interpreter. 

Allowed Values: Float 0.0 .. 1.0 

DeCault Value: 1.0 


ltepsise 
Specifies the stepsile (number oC new training events considered per step) to be used during incre­
mental learning. 

Allowed Values: all, Integer 1 .. +oc 

DeCault Value: all 


Petnember 
Specifies how to remember training events during incremental learning. If "all" is used, all events 
will be remembered. If "wrong" is used, events will be remembered only if the are misclassified by 
the current hypothesis. 

Allowed Values: all, wrong 

DeCault Value: all 


ll'&ee 

Specifies what level of tracing information to print. At level 0, nothing is printed. At level 3, all 
tracing printouts are invoked. 

Allowed Values: Integer 0 .. 3 

DeCault Value: o 
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print 
The value or thia pa.rameter is a list or symbols indicating what to print during t.nd alter a rUIl 

the program. 

Symbol Effect 
conflicts announce conflicting evenl, 
exceptions print po,itive ezception, and unle,. condition, 
results print eia" cover, 
stats print .tatidic. with each complu 0/0. eover 
summary print .ummarll .tatidic, lor each cover 
params echo input parameterl with the output (6atch operation) 
verbose print period, to .how the program i, ,till running 
inittime print the CPU time lor initialization 
runtime print the CPU lime for cover generation 
printtime print the CPU time lor di"lalling ruuil' 

Allowed Va.lues: any subset or­
(conflicts exceptions results stats summary params verbose inittime runtime printtime) 

Derault Value: (exceptions results stats summary params inittime runtime conflicts) 

lef 
Specifies the evaluation runctions which will be applied when selecting descriptions rrom among a 111\ 
or alternatives. A LEF is a list or criterion-tolerance pairs. A criterion runction may be selected 
rrom the list below. A tolerance must have a Float value between 0.0 and 1.0. A tolerance or 0.0 
specifies that only those descriptions which are as good as the best description will be retained. A 
tolerance or 1.0 specifies that all descriptions will be retained. 

Criterion Effect 
max-newpromise 
min-newpromise 
max-selectors 
min-selectors 
max-cost 
min-c08t 
max-weight 
min-weight 
max-promise 
min-promise 
max-confidence 
min-confi dence 
max-newposcovered 
min-newposcovered 
max-poscovered 
min-poscoVt!red 
max-negcovered 
min-negcovered 

Mazimize pro mile 6tlled on newl, covered po,itive event... 
Minimize promile 641ed on newl, covered po.itive event... 
Mazimize the num6er 0/ .elector.. in a complez. 
Minimize the number 0/ ,electo" in G eomp/ez. 
MGZimize the eod 0/ Gcomplez. 
Minimize the co,t 0/ G complu. 
MGzimize the weight 0/ Geomplu. 
Minimize the weight 01 G complez. 
MGzimize promile 6Gltd on Gil covered po,itive evenu. 
Mif&imize promile bued on Gil covered po,itive evenU. 
Mazimize utimated confid.ence. 
Minimize utimGted confidence. 
Mazimize number 0/ newlV covered po,itive event... 
Minimize number 0/ newlv covered po.itive event... 
MGZimize number 0/ covered po,itive evenu. 
Minimize number 0/ covered po.itive event,. 
MGzimize number 0/ covered negGtive evenu. 
Minimize number 0/ eOflered ne,Gtive event" 

Allowed Values: A list oC criterion-tolerance pairs. 

DeCault Value: ((max-newpromise 0.0) (max-newposcovered 0.0) (min-co8t 0.0»))) 




repeat 
Speci6es a new parameter list ror subsequent runs of the program when running in batch mode. 
Only parameter values which need to changed from the values used in the previous run need be 
specified. This allow one to run the program seTeral times with dil£erent parameter settings in one 
batch run. 

Allowed Values: A list of parameter lists. 

Default Value: nil 


The allowed and default values for all parameten are summariled in the table below. 

Parameter Allowed Values Derault Value 
maxstar Integer 1 .. +oc 5 
confidence Float 0.0 .. 1.0 1.0 
utility Float 0.0 .. 1.0 0.1 
solutions Integer 1, .. +00 2 
probe Integer 0 .. +oc 1 
trim nil, drop, extend nil 
conflicts nil, keep, drop, max nil 
gamma Float 0.0 " +oc 2.0 
construct t, nil nil 
runconf Float 0.0 .. 1.0 1.0 
mode ie, dc, vi ic 
stepsile all, Integer 1 .. +00 all 
remember all, wrong all 
trace Integer 0 .• 3 0 
print any subset oC: 

(conflicts exceptions results (exceptions results stats 
stats summary params verbose summary pa.rams inittime 
inittime runtime printtime) runtime conflids} 

Ier A list oC criterion-tolerance pairs. ((max-newpromise 0.0) 
(min-selectors 0.0) 
(max-newposeovered O.O})))) 

repeat A list of parameter lists. . nil 

8.2.2. Deeiarations 

declarations (attr...decl
1 

attr...decl
2 

... ) 

-h~ each tJlpcdecl is a type declaration and each attr-.decl is an attribute declaration, described below. 

r,~ and attribute declarations are used to associate domains and other inCormation with attributes. 

r~ ,
declarations are to be used to associate a name with a domain type that may be common to several 

Itt '0
ti utes. A type declaration has the Corm: 

(type...name domain_type members) 
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An attribute declaration has the Corm: 

(attributeJlame doma.in_type members [cost n][weight nJ[abbrev sHask aJ) 

or 

(attributeJlame typeJlame [cost nJlweight nJ[abbrev sHask aD 

Type..ftame and attribute_name are names created by the user. These may be single symbols, or compOllnQ 


names oC the form "symbol{symbol)". It is a good idea to pick meaningful names. 


Domain_type must be one or nom, lin, eye, or ,true. The form of member, depends on the domain type. 


Domain Type Abbreviation 
nominal nom 
linear lin 

cyclic cyc 
structured struc 

In a nominal members list one simply gives a list ot symbols representing the elements ot the 

domain. A linear domain may consist ot an ordered list ot symbols or a numerical range with an optionaJ. 

stepsi.e and optional units. The detault epsilon value (stepsi.e) is 1. All rules which apply to linear 

domains apply to cyclic domains. In a structured members list, each sublist represents a parent node to 

the lett ot the arrow and its children on the right or the arrow. A child may be a substructure as weU as" 

symbol. In addition, a symbol may occur at the top level ot a structure specification. 

Additional inrormation may associated with an attribute name: 

eost 
A value between 0.0 and +00, which indicates the cost associated with obtaining a value tor an attn. 
bute in the real world. The derault cost is 1.0. 

weight 
A value between 0.0 and +00, which indicates the relevance of this attribute with respect to the 
classification being made. The derault weight is 1.0. 

abbrev 
An abbreviated name which may be used instead or the principle name in the variables list. 

ask 
A string describing the meaning or the attribute. This is printed to the user when asking ror a value 
ror the attribute when it occurs in a rule in an expert system (see seetion on rule running). 
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8.2.1. Background Rules 

Form: bgrules (bgJulel bgJule2 ... ) 

where each bgJlde is a background rule, described below. Background rules are used for generating selec­

tors with values that are Cunctionally dependent on the values oC known attributes. This is useCul when 

converting relational inCormation to attribute Corm, and as a labor saving device. For example, iC an 

object has attributes ahape, height, and width, a rule may defined which generates a value Cor the attribute 

aTeA. A background rule may either elaborate the description oC the event by adding the new selector to 

the event, or replace one or more selectors with the new selector. The rules are distinguished by the type 

of arrow used: 

Elaboration: (th.s. < <- r.h.s.) 
Replacement: (l.h.s. <- r.h.s.) 

where l.h.8. and r.h.a. are lists oC selectors. When an event is processed using the background rules, each 

rule is applied to the event once in the seq\Jence that the rules are given, thus a rule can use values which 

ll'e generated by preceding rules. All variables used in background rules, whether initially in the event 

descriptions or generated via a background rule, must be declared. 

Three types oC selectors are used in background rules: 

1. [Var = k] 
2. [predicate] 
3. [Var := C(x)] 

All three types oC selectors may occur on the l.h.s. of background rules. Only types 1 & 2 may occur on 

the r.h.s. oC rules. The 3rd type is used to assign a value to an attribute and thus may only occur on the 

I.h.s. or a rule. Ie a predicate occurs on the l.h.s. or a rule, a boolean selector with a compound name is 

created. 

Arbitrarily complex Cunctions may be used ror deriving the new values. Within the system, opera-

Iors are defined ror deriving values based on logical or arithmetic runctiQns. Rules which use logical rune­

tions are called L-rulu, and rules which use arithmetic runctions are called A-rulu. In addition, aJl)' LISP 
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function may be used. Provisions have been made for loading files with LISP function definitions when t 

data set is loaded (see the next llection). The following operators have been defined for use in backgrOUnd 

rules: 

Arithmetic Functions 

Symbol Description Syntax Precedence 

unary minus prefix 900 
exponentiation infix 870 
factorial postfix 850

• multiplication infix 800 
/ division infix 800 
+ addition infix 700 

subtraction infix 700 
mod modulo infix 600 

Arithmetic Predicates 

Symbol Description Syntax Precedence 

> greater than infix 550 
>= greater or equal infix 550 
< less than infix 550 

< less or equal infix 550 
- equal infix 500 

<> not equal infix 500 

Logical Operators 

Symbol Description Syntax Precedence 

not logical not prefix 900 
and logical and infix 850 
or logical or infix 800 
=> implication infix 750 

<=> equivalence infix 750 

Internal Disjunction 

Symbol Description Syntax Precedence 

range operator infix 950 
v disjunction infix 900 

Symbols with a higher precedence bind more tightly than those with a lower precedence. In general, S1m­

bola with equal precedence bind more tightly on the left. These operators are defined for use with a data 
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driven parser [Becker, 1985cJ and it is relatively euy to define new operators for the system. When using 

LISP functions, the syntax is prefix form: 

< function> « argumenUist > ) 

where <function> is the name of a defined LISP function, and < argumenUist > is a list or constants 

a.nd/or declared attribute names. The following examples show a number of the different forms which 

may be used for background rules. Note that all operators must be surrounded by blanks. 

([sise := small] < < - [weight 0 .. 25]) 

This is a simple elaboration rule. The attribute ,ize is assigned the value ,mall when the value of the at­
tribute weight is between 0 and 25 inclusive. 

([area := length * height] < <- ) 

This is an elaboration rule which is always triggered since the r.h.s. is empty. The attribute area is as­
Jigned the value which is the product of the values of attributes length and height. 

([color := purpleJ < - [color = red v blue» 

This is a replacement rule which replaces the value of color. 

([color := uk(color)] < - [height < > length][color = orange v purpleD 

This is a another replacement rule. The left hand side contains a selector which will assign a new value to 
the eolor attribute based on the result of evaluating the a.k function, which is a user-defined LISP func­
tion. The r.h.s. contains a predicate [height < > length], and a set selector. Only the set selectors - those 
with "=" as the relation and a disjunction or range of values - are replaced. A predicate is used to deter­
1IIme when the replacement should occur. 

8.2.4. Lisp Code Files 

Form: lisp (pathname
1 

pathname
2 

... ) 

1I'here each po;thname is the file system pathname for a file to be loaded. When user defined LISP functions 

"e used in background rules, there must be a way to load the function definitions into the system. Each 

lIe listed in the lup component will be loaded when the data set i. initialised. 

8.2.6. Claaae8 

I'orlll: classes attribute 
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The data set ia partitioned into classes according to the values or the domain or an attribute lingl~ It 

the classification attribute. For nominal domains, each value in the domain characteriles a c1a.sa. ,__ 

structured domains, each node characteriles a class and a structured deci..sion rule is generated. L~ 

decision classes are supported only Cor small integer and symbolic linear domains. For set valued dOtn~ 

the values are the names or attribute. used to define decision classes between which no discrimination is" 

be made. In general, declarations or decision classes may be nested in this way as long as unique names llt 

used. 

B.2.&. Training Examples 

Form: variables (var var2 ••• ) 
l 


events (event. event ••• ) 

2 

where each tlar ia an attribute name, and each tltlent is a training event. Each training event is a list of 

values for each or the varia.bles in the IIariablu component of the data set. Each variable must OCCUI' olllJ 

once, and each event must have a value Cor each variable, in the correct order. The values must be legaJ. 

values rrom the doma.in of the associated variable. 

There are three special variables which may be used to associate meta-information with each eveDt. 

These are NAME, CONF, and FREQ. 

NAME 

NAME is used to give a unique name to each event. This name will be used whenever the event it 

printed instead of the conjunction of selectors. Thia i. of special interest when positive exceptiolll 

are generated. Any LISP symbol may be used as a name. There is no deCault name. 

CONF 

CONF is used to assign a confidence to each event which indicates how sure the expert who classified 

the event is that the event belongs to the associated deeiaion claaa. Allowed value. are 0.0 •• 1.0. 

The derault confidence for an event is 1. 
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FREQ 

FREt;} is used to indicate the frequency of occurrence of an event. This eliminates the need to enter 

duplicate copies of an event if it occurs many times. Allowed values are integers greater than 1. The 

default rrequency is 1. 

B.2.7. State 

Form: state ([varl = vall][var2 = val2J ... [Yarn = vaIn]). 

The state entry is used to specify the initial internal for the production system interpreter. It consists of a 

single VLl complex which has a single value for each variable. The initial state need not be specified, and 

may be omitted. 

B.2.8. State VarIables 

Form: statevars (varl var2 ... varn). 

This entry is a list of the variables in the state complex. It should be a superset of the variables in the 

state complex, if one is given. This is needed since the initial values of some variables may be unknown. 

B.a. 	 Interactive RunnIng 

System invocation is done via an alias which may be defined in the users ... login" file. The alias 

definition is: 

alias cover "lisp -f /mntb/2/michalski/jbecker/aq/cover.o \! ... 

Alternatively, one may simply type the long form of the command: 

lisp -f /mntb/2/michalski/jbecker/aq/cover.o 

Wben the program is invoked with no command line arguments, it enters the interactive mode. Other­

lriae, it enters the batch mode described below. The system is largely menu driven with prompting Cor 

otber input when needed. The top level menu looks like this: 
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E: Edit Data 
L: List Data 
G: Get Data 
B: Backup 

P: Parameters 
C: Cover 
S: Show Covers 
T: Test 
R: Run 

Q: Quit 

ExceL Menu 


Edit a data set file. 

View a data set file. 

Loads a data set from a file. 

Backup a data set to a file. 


Modify parameter settings. 

Generate class covers. 

Display the covers of a data set. 

Test covers against examples. 

Run a set of rules. 


Leave this menu. 


Type the corresponding letter to invoke the function: 

After each command completes the system pauses for a key press berore returning to the top leVel 

menu (except for the Quit command). Also, on a LISP error, typing <control> -d one or several tUnes 

will return the user to the top level menu. Each of the top level menu commands will now be described ia 

detaU. 

E: Edit Data 

This command allows the user to edit a data set without stopping the program run. When this com­

mand is selected, the system prompts (or a file name. After the user enters a file pathname, the sy,. 

tem executes the Unix "vi" command on the file. The user may then edit the file. When editing it 

completed, the file will be reloaded and the data set initialiled. 

L: List Data 

Thill command allows the user to view the source file for a data set (or any other file). When thiI 

command ill selected, the system prompts for a file name. After the user enters a file pathname, the 

system executes the Unix "more" command on the file. 

G: Get Data 

This command allows the user to load a data set into the lisp environment. Several data sets may be 

in. the lisp environment at once, and the user may switch between them. When thia command it 

selected, the system prompts (or a file name. After the user enters a file pathname, the system lo~ 
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the file. The first atom in the list describing the data set is taken to be the data set name, and the 

data set is stored under this name. The data set is then initialized. This involves parsing various 

expressions, setting various parameters, and encoding various structures in a special internal rorm 

used by the program. 

B: Backup 

This command allows the user to save the state of data set on a file. This is most userul when doing 

incremental learning over a long period or time. When this command is selected, the system prompts 

for a data set name Itnd a tile name. After these are entered by the user, the system writes out infor­

mation describing the data set to the named file. The tile may be reload using the "Get Data" com­

mand. 

P: Pa.rameters 

This command allows the user to modify parameter settings without editing the data set file. This is 

handy when experimenting with the effects or different parameter settings. The system will prompt 

for a data set name. Alter the user enters a name, the system will print the current settings for all 

system parameters, then prompt for a parameter name. After a parameter name is entered the sys­

tem will prompt for a value. Once a value is entered, the system prints the new settings and the pro­

cess repeats. When finished, type "ok" instead of a parameter name. Below is an example of what 

the screen looks like during the parameter setting process, USer input is shown bold face: 

Parameter Settings 
mode =ic utility = 0.0 stepsile = all 
maxstar 5 confidence = 1.0 redo =t 
solutions =1 conBicts = nil trace =0 
probe =0 gamma = 2.0 unless =t 
trim = nil runconf = 1.0 

print (verbose exceptions results stats summary params in ittime runtime conBicts) 
let = ((max-newpromise 0.3) (min-selectors 0.2) (max-newposcovered 0.0)) 

Parameter: mode 

Value: de 
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C: Cover 

This command allows the user to invoke the cover generation process. When this command it 

invoked, the system will prompt for a data set name. After a name is entered, iC the data ~t i 

present the system will invoke the learning algorithm on the data set. If the data set is not presellt, 

the system will look for a file with the given name and attempt to load it as a dataset. Wbtll 

finished, the results will be printed on the terminal screen. 

S: Showcovers 

This command allows the user to view the most recently generated set of covers for a data Itt 

When this command is invoked, the system will prompt for a dataset name. After a name is entered, 

the system will display the set of covers for the data set according the print parameter. 

T: Test 

This command is used for generating a eon./u"ion. mo.triz which shows how well a set of rules Coven I 

set oC examples (see example in section 5). When this command is invoked, the system will promp' 

for one data set containing rules (which mus' have previoully been generated using the Cover com.. 

mand) and another data set containing training examples. The same data set may be used for both. 

The data sets must have identical variable declarations. 

R: Run 

This command allows the user to run a set of rule.. The system prompts Cor a data set aame, ,he. 

invokes the rule runner on the named data let. Considerable uller sophistication is needed to use thia 

command because domain specific interCa,ce routines must be written Cor each application. The 

recommended method Cor developing a new application is to the distilling plant simulator as all 

example. 

Q: Quit 

This command causes the program to terminate and exit to the Unix operating system. 



B.4. 	Batch Job Running 

Running the program in batch mode is quite simple. The invocation command is identical to the one 

u.sed for interactive running, except that additional command-line arguments specify the input and output 

files. 	 The commmand synta.x is: 

cover <input.Jile> <output.Jile> &; 

The input file must be a properly structured data set. The output file is &111 file name the user chooses. 

The Unix "&;" command may be used to put the job in background. The progra.m will generate covers in 

the mode(s) specified in the para.meters list and then exit. 



APPENDIX CI EXPERiMENTAL DATA 

C.l. 	Car Starting Example 

The data set ror the car starting example is given below, rollowed by program output ror tbret 

different parameter settings. The first run is with parameters set to produce exact rules, the second run it 

with parameters set to produce approximate rules without unless conditions, and the third run is with. 

parameters set to produce approximate rules with unless conditions. 

Car Starting Data 

(auto 

parameters 
((mode de)(utility O.O)(eonfidenee 1.0)(unless nil) 
(repeat 

(((mode dc)(utility O.l)(confidence 0.9)(unles8 nil)) 
((mode dc)(utility O.l)(confidence 0.9)(unless t))))) 

declarations 

((engine 
(action 
(gas_tank 
(battery 

nom 
nom 
lin 
lin 

(doesJlotJtart starts» 
(none turnJcey hoLwire)) 
(empty tilled)) 
(dead charged))) 

classes engine 

variables 
(FREQ engine action gas_tank battery) 

events 
((100 starts turn-key filled charged) 
(1 starts hoLwire filled charged) 
(1 doesJlotJta.rt turn-key empty charged) 
(1 doesJlotJtart turn-key filled dead) 
(100 doesJlotJtart none filled charged) 
(1 doesJlotJtart none empty charged) 
(1 doesJlotJtart none tilled dead) 
(1 doelJlotJtart hoLwire filled dead) 
(1 doesJlotJtart hoLwire empty charged») 

http:doesJlotJta.rt


is 

tho 

Exact Rules 

Parameter Settings 

mode = de utility = 0.0 stepsile = all 
maxstar =5 confidence = 1.0 redo =t 
solutions =5 conflicts = nil trace =0 
probe =1 gamma = 2.0 unless = nil 
trim = nil runconC = 1.0 
print = (exceptions results stats summary params inittime runtime conflicts) 
leC = ((max-newpromise 0.0) (max-newposcovered 0.0) (min-cost 0.0)) 

1.633 Sec. CPU 
0.000 Sec. GC 
6.000 Sec. REAL 

[engine = doesJlotJtart] < = 
[action = none] : (1.00, 102, 102, 0) v 
[gas_tank = empty] : (1.00, 2, 3, 0) v 
[battery = dead] : (1.00, 2, 3, 0) 

Rule Complexity: 9 
Rule Complexes: 3 
Rule Selectors: 3 
Class Examples: 106 
Pos. Exceptions: 0 
Neg. Exceptions: 0 

[engine = starts] < = 

[action < > none:l[gas_tank = filled][battery = charged] : (1.00, 101, 101, 0) 

Rule Complexity: 7 
Rule Complexes: 1 
Rule Selectors: 3 
Class Examples: 101 
Po8• Exceptions: 0 
Neg. Exceptions: 0 

p"r"me~ere: (coDfideDce, Dewly covered poli~ive ex"mplea, Wl~"l covered poli\ive exampla, covered De,,,\ive exiUIlpla) 



Approximate Rules Without Unless CondItions 


Parameter Settings 


mode = de utility = 0.1 stepsile = all 
maxstar =5 confidence = 0.9 redo =t 

solutions = 5 conflicts = nil trace =0 
probe = 1 gamma = 2.0 unlells = nil 
trim = nil runconC = 1.0 
print = (exceptions results stats summary pauma inittime runtime conSicts) 
leC = ((max-newpromise 0.0) (max-newposcovered 0.0) (min-cost 0.0)) 

0.133 Sec. CPU 
0.000 Sec. GC 
1.000 Sec. REAL 

[engine = does..noLstart] <= 
[action < > turnJcey] : (0.99, 104, 104, 1) 

Negative Exceptions! 
[action = hOLwire][gas_tank = filledHbattery = charged] 

Positive Exceptions: 
[action = turnJceyJ[gas_tank = emptyj[battery = charged] 
[action = turnJceyJ[gas_tank = filledllbattery = dead] 

Rule Complexity: 3 

Rule Complexes: 1 

Rule Selectors: 1 

Class Examples: 108 

Pos. Exceptions: 2 

Neg. Exceptions: 1 


[engine = starts] <= 
[action = turnJcey] : (0.98, 100, 100, 2) 

Negative Exceptionll: 
[action = turnJcey][gas_tank = emptyj[battery = charged] 
[action = turn..key][gas_tank = filled][battery = dead] 

Positive Exceptions: 
[action = hOLwireJ!gas_tank = filledJ[battery = charged] 

Rule Complexity: 3 

Rule Complexell: 1 

Rule Selectors: 1 

Class Examples: 101 

POll. Exceptions: 1 

Neg. Exceptions: 2 


parametell: (conlldence, newl;r covered potitive examples, total covered po.itive exampl .., eovered nelative exampl..) 



Approximate Rules With Unless Conditions 

Parameter Settings 

mode = de utility = 0.1 stepsile = all 
maxstar =5 confidence = 0.9 redo =t 
solutions =5 conBicts = nil trace =0 
probe =1 gamma = 2.0 unless =t 
trim = nil runconf = 1.0 
print = (exceptions results stats summary params inittime runtime conBicts) 
lef = «max-newpromise 0.0) (max-newposcovered 0.0) (min-cost 0.0)) 

1.217 Sec. CPU 
0.000 Sec. GC 
4.000 Sec. REAL 

[engine = doesJloLstartj < 
[action < > turn-key] : (0.99, 104, 104, 1) 1_ 

[action = hOLwire][gas_tank = fiUed][battery charged] : (1.00, 1, 1, 0) 

Positive Exceptions: 
[action = turn-key][gas_tank = empty][battery = charged] 
[action = turn...key][gas_tank = filled][battery = dead] 

Rule Complexity: 9 
Rule Complexes: 2 
Rule Selectors: 4 
Class Examples: 106 
Pos. Exceptions: 2 
Neg. Exceptions: 1 

[engine = starts] < = 
[action = turn-key] : (0.98, 100, 100, 2) 1_ 


[gas_tank = empty] : (1.00, 1, 1, 0) v 

[battery = dead] : (LOO, 1, 1, 0) 


Positive Exceptions: 
[action = hoLwire][gas_tank = filledl!battery = charged] 

Rule Complexity: 9 

Rule Complexes: 3 

Rule Selectors: 3 

Class Examples: 101 

POI. Exceptions: 1 

Neg, Exceptions: 2 


parameteu: (conlldeDce. Dewly covered positive examples, tobl covered pOlitive examples. covf!red Df!,ative examples) 



------------------------------------------------------------------------------------

C.2. Data Set. 

This section contains listings or the data seta described in Section 4.1. 

C.2.I. ChemIeal Compound DomaIn 

The first data set contains inrormation about a sample or bimetalic coordination compounda. The 

goal is to find a set or rules which can be used to predict the metal to metal distance or a new compolllld. 

given a number or reatures or the compound. Although the system can produce correct rules ror the gi"fea 

data, they are not satisFying to a human expert. 

Chemieal Compound Data 

(chemilby 

puamelen ((confidence 0.9)(ulimy 0.1)) 

typ. 

(Inland .huc ((X < - Sr CI I) (PR3 < - PEl3) (NR2 < - NMe2 NEl2) (R < - Me CH2SiR3) (OR <- OCR3 OSiR3) CO NR3 DOlltlll 


declar lotion. 

((Metal nom (Co Cr MIl Mo Re Tc W)) 

(Oxidation lin (-IOn m)) 

(MMdi.tance lin (1.98 ,. 3.123 by 0.001 unitt &Dlltrom.)) 

{diltanet nom (verY-lieu neu fu very-fu)) 

(Radiu. lin (l.26 .. Ul by 0.01 unitt uI.bom.)) 

(Chu" lin H -20)) 

(e1ectronl/Metal lin (911 12 14 17)) 

(Conformation nom (.taaered eclipted)) 

(80ndOrder lin (1 .. 4 by 1)) 

(LilUd1 lilaad) 

(LilUd2 lilUd) 

(LilUd3 Iicud) 

(Liland4 lilaad) 

(LiludS liland)) 


bpul. 
({/di.luee :- verJ-neu! <- [MMdi.tance = 1.900 .. 2.2001) 

([di.tanel:= neu! <- [MMdi.tance = 2.201 .. 2.5001) 

Hdi.bac:e:== ru! <- [MMdi.lance = 2.501 .. %.SOOn 

([di.lanee := very-ful < - [MMdi.tuce = 2.801 .. 3.2001)) 


vuiabl. 
(NAME Metal Oxidation MMdi.t&nce Radiu. Cbarle electron./Metal Conformation 

8ondOrder Li,udl LilUd2 Lilud3 LilUd4 LilandS) 

eYenu ( 

("[Cr(CH3)8,f-" Cr n 1.980 U9 -4 12 eclipaed 4 Me MI Me Me nonl} 
r!Mo2CI8!4-" Mo n 2.139 l.40 -4 12 eclipaed 4 CI CI CI CI nonl} 



he 

ld. 

!n 

("IMo(CH3}8j4-· Mo o 2.148 1.40 -4 12 eclipled 4 Me Me Me Me DODe) 
("MQ2Bt4(p-MeC5H4N)4" Mo n 21S0 1.40 o 12 eclip.ed 4 St NR3 St NR3 DODe) 
(,Mo2CI4(p-MeC5H4N)4" Mo n 2.153 140 o 12 echpled 4 CI NR3 CI NR3 DODe) 
r M02(CH2SiMe3)6" Mo ill 2.167 1.40 0 9 .bueted 3 CH2SiR3 CH2SiR3 CH2SiR3 DODe DODe) 
("M02(NMe2)4CI2" Mo ill 2.200 1.40 0 9 Ibuered 3 NMe2 NMd CI DODe DODe) 
CM02(NMe2)4Me2" Mo ill 2201 140 0 9 .t..ggered 3 NMe2 NMeZ Me DODe DODe) 
("M02{NMe2)6" Mo ill 2.211 1.40 0 9 .t..ggered3 NMt2 NMt2 NMt2 DODe DODe) 
("Re2CI6IPEt312" Re ill 2.222 1.37 o 12 eclip.ed 4 PEU CI CI CI DODe) 
("Mo2(OCH2CMe3)6" Mo m 2.222 l.40 0 9 etaggered 3 OCR3 OCR3 OCR3 DO De DODe) 
("Re2CI(IP(Et)3]4" Re n 2.232 1.37 o 14 ecli Pled 4 CI PEU I CI PEt3 DODe) 
rlRe2C18]2-• Re ill 2.241 1.37 -2 12 eclipsed 4 CI CI CI CI DODe) 
("Mo2{OSiMe3)6HNMe2" Mo ill 2.242 1.40 o 11 sbuered 3 OSiR3 OSiR3 OSiR3 NR3 DODe) 
("W2[CH2Si(CH3}316" W ill 2.255 1.41 0 9 .tauered 3 CH2SiR3 CH2SiR3 CH2SiR3 DODe DODe) 
rlRe2Br8i2-" Re ill 2.270 1.37 -2 12 eclipled 4 Bf Br Br Br 1I0De} 
rW2(NMt2)4CI2" W ill 2.283 l.41 0 9 .ta.uered 3 NMe2 NMe2 CI 1I0De 1I0De) 
rW2(NEt2)4Me2" W ill 2.291 1.41 0 9 .taggered 3 NEt2 NEt2 Me DODe DOat) 
("W2(NMt2}6" W ill 2.294 1.41 0 9 .taggered 3 NMe2 NMe2 NMe2 DODe DODe) 
("W2(NEt2}412" W ill 2.296 l.41 0 9 .buered 3 NEt2 NElZ 1 DODe DODe) 
("W 2C 12(NEt2)4" W ill 2.301 1.41 0 9 .ta.ggered 3 CI NEt2 NElZ 1I0De 1I0De) 
("W2(NEt2)4Br2" W ill 2303 l.41 0 9 .ta.ggered 3 NElZ NElZ Br 1I0ne 1I01le) 
("W2(OCHMe2)6(pyr)2" W ill 2.332 1.41 o 11 sta.ggered 3 OCR3 OCR3 OCR3 NR3 DODe) 
rCo2(CO)6IP(n-Bn)3J2" Co o 2.66S 1.2S o 17 .bggered 1 CO CO CO DODe PEU) 
rMaI CO )8[PEt3j2" Mn o 2,913 1.37 o 17 .taggered 1 CO CO CO CO fEU) 
("MD2(CO)10' MD o 2,923 1.37 o 17 ltaggered 1 CO CO CO CO CO) 
/"Cr2(CO)10" Cr -I 2,970 1.29 -2 17 sbggered 1 CO CO CO CO CO) 
("Re2(CO)10· Re o 3.020 1.37 o 17 .taggered 1 CO CO CO CO CO) 
I"Tc2ICO)10· Tc o 3.036 1.35 o 17 .taggered 1 CO CO CO CO CO) 
rMo2(CO)10' Mo -1 3.123 l.40 -2 17 .ta.ggered 1 CO CO CO CO CO))) 

http:eclip.ed
http:eclip.ed


--

9. 

C.I.I. Stenonema Mayfly Doma1n 

Thia data set describes seven species ot Stenonema mayfiy nymphs in terms ot salient ph1~ 

characteristics. The goal is to find a set of rules which can be used to diatinguish members ot the diJrt~ 

species. The system is able to find simple rules For perForming this task. 

Stenonema Mayfly Data 

STENONEMA MAYFLY NYMPH EVENTS 

.~ 	"Taxonomy and Ecolol1 or Stenonema MaySi." 


Philip A. Lewi, 


National Environmenta.i R.earch Center, USEPA 


EPA-670/4-74-00& December 11114 


{maySy 

parameter, 

((mode ie) (c:onSidt nil)) 

declaration, 

((eI.... Dom (carolina candidum lIorideD,e cildeuleevei iDterpunc minnf!DtoDka pallidum» 

(maxilla....c.rownJpin. lin (0 .. 13 by 1» i Number or pectinate crOWQI on the mwUa (upper jaw) 

(ma.xillaJater .. IJetae lin (0 .. 50 by 1» ; Number ollateralletae (bri.tl.) on the mwll.. 

(inDet..s:aDine-"eth lin (0 .. Il by 1)) ; Number or teeth on inner canine or lel\ m .. ndible 

(outer..s:anineJeeih lin (0 .. Il b)' 1) i Number or teeth on inner ed,e or outer canine, len. mandible 

(tergaJIlid..;loru.l..paleJbealc. nom (abaent pr.ent) 

(terg .. ..;Iark..polterior ...marpnl nom ( .. baent pr.ent)) 

(d..rk...markuternU nom ( .. bMat pr.ent))) 

daa•• d .... 

variabl. 

(eI.... ma.xill:u:rown..Jpin. mwllaJateral..Jebe inner..s:anineJ~th 

outer..s:anine.Jeeth tergl....lllid..;lorla.i..pa.ie..ehealc. terga..;lark..po.terior-lllarpn. d .. rkJIlarbJtern....3) 

evenb 

((carolin 10 21 2 7 abaent abaent abaent) 


(earolin 10 24 2 .. baent abaen' abaent)
• 
(earolin 10 ao 2 abaen' ab.en' abaent)• 

. (carolina 10 2& 2 7 .. baen' abaen' abaent) 


(carolina 10 28 2 7 ab.ent abaen' abaeni) 


(carolin 10 20 2 7 abaent abaen' abient) 


(carolina 10 21 2 7 ab.eni abeen' abaen') 


(carolin 10 2. 2 • abaen' abaen' abaen') 


(carolina 10 ao 2 7 ab.en' abaen' abaen') 


(carolin 10 26 :I a ab.ent abaen' abaen') 




" 

{cudidum 

(candidum 

(candidum 

[candidum 

(cudidum 

(candidum 

(cllndidum 

(andidum 

(candidum 

(candidum 

(ftoridenle 

(ftoriden.e 

(ftoridenae 

(ftoridenae 

(8oridenle 

(8oridenae 

[Ooriden.e 

(8oridenle 

(floridenlt 

{8oridenle 

{florid enIt 

(8oridenle 

(ftoridenll! 

(cilderaleevei 
[rilderaleevei 

(cilderaleevei 

!rildenleevei 

(rildeuleevei 

(rildeuleevei 

(rildmleevei 

(rildersleevei 
(rildeuieevei 

(riiderlleevei 

(in"rpunc 

(in~erpunc 

(in~erpunc 

(interpunc 

[interpl.lnc 

(iD"rpl.lnc 

(iD"rpunc 

(iD~erpunc 

(iD~erpunc 
(iD~erpunc 

(lDiDDentonlca 

(lDiDDeo~onlca 
IlDiDlleotoolca 

IlDiDlleotooka 

(lDiooentoolc.. 

7 

9 

9 

8 

9 

7 

8 

7 

7 

9 

8 

8 

8 

9 

9 

9 

8 

8 

9 

9 

8 

II 

8 

11 

12 

13 

12 

12 

12 

13 

11 

11 

13 

8 

8 

10 

9 

II 

10 

9 

10 

10 

8 

8 

10 

10 

II 

8 

1& 

2S 

17 

17 

19 

23 

20 

19 

18 

22 

20 

21 

22 

2& 
24 

23 

23 

24 

20 
21 

24 

22 

2& 

31 

4& 

3& 

311 

42 

36 

30 

31 

10 

36 

24 

26 

30 

22 

29 

20 

27 

28 

30 

23 

32 

36 

40 

30 

34 

0 8 

0 8 

0 8 

0 8 

0 8 

0 8 

0 8 

0 8 

0 8 

0 8 

4 7 

4 7 

4 7 

4 7 
4' 7 

4 7 

4 7 

4 7 

4 7 
4 7 

4 7 

4 7 

4 7 

3 7 

4 II 

& 9 

7 9 

Ii 8 

Ii 9 

3 9 

6 II 

7 7 

6 8 

2 6 

Ii Ii 

4 6 

4 S 

2 7 

4 7 

5 7 

Ii 7 

Ii 6 

2 5 

4 6 

4 6 

4 7 

4 6 

4 7 

praent 

pretent 

present 

present 

praent 

presen~ 

present 

praenl 

pretent 

preteo~ 

presen~ 

preaent 

pretent 

present 

preaent 

pretent 

present 

preaent 

prettD~ 

pre.ent 

pretent 

praent 

praent 

preaeo~ 

pratot 

preaen~ 

pretent 

present 

pretent 

preltot 

praeo~ 

presen~ 

preteot 

preteDL 

preseDt 

preltDL 

praell~ 

praeo\ 

preteDl 

pratDt 

preteD~ 

praeD~ 

praeDt 

presto~ 

preseDt 

praent 

presellt 

preteDt 

lIbleD~ 

abient 

ablot 

.a.blent 

ab.ot 

ab.ent 

.a.bleD~ 

absen~ 

ablen~ 

ablo~ 

abaent 

ableD~ 

.a.blot 

abaent 

ablot 

abaent 

ablot 

abIent 

absent 

ablot 

abao~ 

ablot 

abltDt 

abaeDt 

absent 

abaen~ 

ablen ~ 

abient 

abaent 

abient 

abaent 

abaeDt 

ab_t 

praeD~ 

praeDt 

pratnt 

pretellt 

praent 

preteot 

pretent 

praen~ 

praeDt 

preteDt 

abaent 

abaent 

abaent 

abaent 

abaent 

praeDt) 

praeDt) 

praent) 

praen~) 

present) 

preaent) 

present) 

pretent) 

praent) 

pretent) 

preteDt) 

praen~) 

pretent) 

praent) 

praen~) 

preltnlj 

pretenl) 

praent) 

pruent) 

praent) 

praent) 

pretent) 

present) 

praent) 

praent) 

praent) 

pretent) 

preteD~) 

present) 

praent) 

pretent) 

pretent) 

preteDt) 

abaent) 

&bsent) 

&blen~) 

abient) 

abaeDt) 

&b'l!nt) 

abltnt) 

abient) 

abient) 

ablenl) 

praent) 

preteDt) 

pretent) 

praenl) 

pratnt) 
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(minn~n~onka 8 37 4 7 pr~~nt absent present) 

(minoentonil. \I 37 4 7 present absent present) 

(minnentonka \I 30 4 6 present absent pres~ntl 

(minnentonka 8 30 4 7 prennt absent present) 

(minnen\onka \I 37 4 6 present absent present) 

(pallidum 12 24 2 5 present absent present) 

(pallidum 11 24 2 8 present absent presenq 

(pallidum 13 21 2 6 present absent present) 

(pallidum 11 25 2 5 present absent present) 

(pallidum 12 25 2 7 present absent present) 

(pallidum 11 23 2 8 present absent present) 

(pallidum 12 22 2 7 present absent present) 

(pallidum 11 20 2 5 present absent present) 

(pallidum 11 20 2 5 present absent present) 

(paHidum 13 21 2 6 present absent present})) 



II 

C.Z... Freshwater Distllling Plant Domain 

This data set contains training examples ror operation or a simulation or the seawater system or a 

IM&water to freshwater distilling plant. Each row in the &evenu" table it used as a training example five 

times - once ror each or five valves in the system. The correct action (or each valve it also given in each 

row. The set o( 177 examples given here it sufficient to allow the system to learn adequate although not 

perfect rules (or operating the distilling plant simulator. 

Freshwater Dist1lling Plant Data 

pvame"r. 


((mode ie) (mu.h.r 20) (.olulioll' 10) 


11ft ((mu-lIewpromilt O.l)(min-coal 0.0)))) 


IypeI 

((level lin (0.0 .. 1000.0 by 0.1» 


(qlevellin (low ok hi,h» 


(cianI' lill (-200.0 .. 200.0 by 0.1» 


(qUanC' lin (down .,..dy up)) 


(Pllmp 110m (on 01) 

(&ciju., 110m (open ok .hul}) 


(PQtn lin (0.0 .. 1.0 by 0.1))) 


deelaralioDt ( 


(ldjll.\-vl adju.t) (adju.l-v2 adjuI') (adju.\-v3 adjult) (adjusl-v4 adju.t) (adju.\-v5 adjll.t) 


(&c\ioll It, (adju"-vl adjull-v2 adjll.\-T! adjlllt-v4 adju.t-v5)) 


(PllalP(pl) pump) (pump(p2) pump) 


(level(CI) level) (level(C2) level) (leveIIC3) level} 


(CI-Ievel qlevel ) (C2-level qlevel ) (C3-level qlevel ) 


(ciance(CI) ehul') (chuce(C2) chUI') (chuce(C3) chuCe) 


(Cl~aDce qcbaDce ) (C2-chaDle qchule ) (C3-chaDle qebaDce ) 


(PQtitioll(VI) polin) (potiiion(v2) potD) (potilion(v3) pon) (potHion(v4) posn) (potUioa(v5) pota)) 


bstlliea ( 


(lCI-levei :== lowl <-llevel(CI) = 0.0 .. 450.01) 


!lCI-level := okl <-lleveIICI) = 450.1 .. 549.01) 


(ICI-Ievel := bilhl <-llevel(CI) = 650.0 .. lOOO.Oj) 


(lCt-level := lowl <-llevelIC2) = 0.0 .. nO.oD 


(lCt-levei := okl <-llevel(C2) = 450.1 .. 549.0D 


(Ict-Ievel:= bilb] <-llevel(C2) = 650.0 .. lOOO.oD 


IIC3-level :== lowl <-llevel(C3) == 0.0 .. 450.01) 


(IC3-level :== okl < - Ilevel(C3) =450.1 .. 549.9]) 
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UCa-level := hiChl <-lleve\{C3) = 5&0.0 .. 1000.(1) 

(iC1-ehup:= downl <-lehuce(Cl) = -20M .. -HI) 
(/C1-ehup := Ilndyl <-lchanle(Cl) = -5.0 .. SOl) 

(lCl-ehup:= IIpl <- [chanlt(C1) = Ii.! .. 200(1) 

([C2-ehuI' .= downl <-lchanle(C2) = -200.0 .. -HI) 

([C2-ehuCt := ,teadyl < -lchanle(C2) == -S.O .. 5.(1) 

([C2-ehanp:= IIpl < -lehanle(C2) = S.l .. 200.(1) 

(iC3-chanle:= down] < -lehult(C3) = -200.0 .. -Un 
([C3-chanle := _teadyl <-lchanle(C3) =-s.o .. s.OI) 

(lC3-<hanle:= IIpl < - [chanle(C3) = U .. 200.0J)) 

Ii,p ( /mn\b/2/miclu.l,kifjbecbr/_imulate/I\.,i ) 

c1.... action 

v.,iabl. 

(adjuI'-vl adjuI\-v2 adjuI\-v3 adjuI\-v4 adjuli-v5 pump(pl) pump(p2) 

level{Cl) level(C2) Jevel(C3) ehanle(Cl) ehule(C2) chance(C3) 
poaition(vl) poaition(v2) poaition(v3) polition(v4) poaiiion(v5)) 

event.. ( 


(ok ok ok ok ok on 011 38&.1 921.8 21U 3409 -31.3 12.1 0.6 0.4 0.4 o.e 0.11 

(open .hut open ,hui open on on 138.3 41.8 eg5.3 18.3 -8.2 403 0.2 0.1 0.1 0.8 0.11 


(.hlli open ,hui open ,hili on on 281.9 98U 311.4 -403 409 -3.5 o.e 0.1 0.8 0.3 0., 

(open .hui open opeD .hlli on on 087.4 24.1 441.6 7.4 -10.2 1.5 0.3 0.1 0.1 0.2 U) 

(open open open ok open on on 415.9 230.5 sao.S -8." 0.0 3.3 0.1 0.4 0.1 0.1 
 UI 
(.hlli ok 'hili .bui ok on on 14U 1UI 601.4 -IU -2.1 8.' 0.1 0.1 O.S 0.1 IU) 
(open .hllt open ok .hll\ on on .eu U 44&.1 9.3 -15.2 1.2 0.4 0.1 0.2 0.3 o.~ 
(ok .bui open .hIli .bui on on . 703.4 0.0 4IU.I U -t.S 12.0 0.6 0.6 0.3 0.3 0..1 
(ok .hui open ,bui ok 011 011 103.4 0.0 473.4 0.0 0.0 11.& 0.6 0.4 0.4 0.2 Uj 
(ok ok open ok ok on Oil .92.1 0.0 471.0 -11.3 0.0 2.5 0.6 0.3 0.6 0.1 0.1) 
(Ihlli open .bui open .blli on on 282.5 e93.5 2&1.5 -1.3 209 -10.0 0.1 0.3 0.1 O.S 

(.hui ok .hui open •hd on Oil 291.0 ga9.7 211.4 U -3.8 -15.0 o.s 0.4 0.5 0.• .. 
a.~ 
" 

(ok ok ok open .bui on on 309.& 91S.3 251.0 18.8 -14.4 -10.5 0.5 0.4 0.4 0.1 0." 
(ok ok ok open .hll\ on on 333.7 963.1 25U 24.0 -22.2 -1.8 0.6 0.4 0.4 0.8 o.f) 

(Ihui .hui ok ok ok on on 411.3 845.7 29U 49.0 ...0.2 lU O.S 0.4 0.4 0.' OJ! 
(open ok ok ok ok 011 011 41U 880.0 280.1 43.1 -3U 13.9 0.3 0.4 0.4 U U) 

(open .bui ok ok ok Oil on S52.1 151.8 332.1 38.1 "'9.2 lU 0.4 0.2 0.4 U 0.. 
(ok ok ok ok ok on on 541.9 89&.1 352.9 .... 2 -53.7 20.& 0.6 0.1 0.4 U UI 
(ok open ok ok ok on on sao.& 511.4 3ge.1 -10.3 -82.1 24.1 0.6 0.1 0.4 0.' UJ 
(ok .hll\ open ok ok on 011 54e.1 610.3 426.1 18.9 -111.1 21.0 0.6 0.2 0.4 0.' 0..11 
(ok open open .hlli ok on on 53U 463.4 453.3 -18.1 -68.9 21.1 0.5 0.1 0.5 0.' UJ 
(open open ok ok open on on 4le.3 2118.9 501.5 ....1 le.O 3.6 0.3 0.0 0.8 0.7 0.11 
(OpeD open open ok open on 011 4eU 248.9 494.2 -24.4 -31.0 3.1 0.4 0.2 0.6 0.7". 

(ok .hlli ok ok ok on Oil 411.0 289.3 511.2 21.7 20.4 3.7 0.6 0.1 0.8 0.7 ul 
(ok ok ok ok ok on on 490.8 33U 519.0 U 22.1 U 0.6 0.4 0.8 0.7 aJj 
(ok ,hili ok ok ok on 011 4eU 366.5 523.2 8.2 2209 U 0.6 0.4 0.& 0.7 ul 
(ok open ok ok .hlli on on 480.& 403.7 saM -24.4 au u 0.6 0.2 0.' 0.7"~ 
(ok 'hili ok ok Ihui 011 on 4el.1 429.0 630.6 10.t' 26.3 4.1 0.6 0.3 0.8 0.7 0.4 
(ok open Ibtd ok ok on on 403.4 466.1 641.1 -28.2 25.1 4.7 0.6 0.2 0.8 OJ U/ 
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(ok .hut ok ok ok on 00 4118,7 4661 646,1 36.2 0,0 0.5 03 0,7 0.7 0.3) 
(ok ok ok ok ok 00 00 4944 456,1 648.1 -4.3 0.0 4,8 06 0.2 0.7 07 0.3) 
(ok ok ahut open ok on 00 492.7 486,8 526,6 -17 30.1 -25.6 05 0.2 0.7 0& 0.3) 
(ok ahut open ahut ok on OD &291 464.2 630.9 31.1 -31.6 6,3 0.6 02 0.6 0.7 0.3) 
(ok ok ahut open ok 011 on .448 481,6 481.0 44,4 34.2 -28.6 0,5 0.3 0.7 U 0,3) 
(ok ahut open abut ok 011 011 613,9 462.5 486.9 69.1 -35.1 6.9 0.6 0.3 0.6 0.7 0.3) 
(ahut open open opell ok 00 011 6014 4206 483,4 -142.1 3.1 -46,4 0.6 0.0 0.4 04 0.3) 
(ahut open open opeD ok 00 00 461.1 420.6 4"1.0 -10.1 0.0 -13.1 0.9 0.2 0.6 06 0.3) 
(ok open open .but ok on 011 43U 4205 463.1 -21.1 0.0 19.3 0,6 0.4 0.8 0.8 0.3) 
(open abut open ahut open 011 011 164.9 30.8 999.0 2.6.6 -11.0 3.1 0.3 0.11 0.2 0.1 0.2) 
(open ahut open .but ok 011 011 790.8 21.2 9911.8 26.9 -9,6 -2.2 0.4 0.6 03 0.6 0.3) 
(ok ahut open ok ok on 011 811.2 17.0 990.1 20.3 -4.2 -11.7 0.6 0.4 0.4 OS 0.3) 
(ok .hut OpeD ok ok 011 on 825.1 17,0 981.1 13.9 0.0 4.4 0.6 0.3 0.6 O.S 0.3) 
(ok .hut ok ok ok on 011 825.9 2%7 911.0 0.8 6.1 -10.1 0.6 0.2 0.6 O.S 0.3) 
(ok ok ok ok ok on OD 807.9 29.4 969,8 -17.9 6.1 -11.8 0.6 0.1 0.6 0.5 0.3) 
(ok ok ok ok ok on on 502.1 600.0 500,1 2.1 0.0 0.1 0.6 0.3 0.7 0.7 0.3) 
(ok ok ok ok ok on 011 601.6 600.0 600.4 4.9 0.0 0.3 0.6 0.3 0.7 0.7 0.3) 
(ok .hut ok ok ok on 011 51U 600.0 600.9 1.3 0.0 0.4 0.6 0.3 0.7 0.7 0.3) 
(ok ok ok ok ok 00 011 617.1 500.0 601.6 2.2 0.0 0.6 0.6 0.2 0.7 0.7 0.3) 
(ok ok ok ok ok 011 OD 619.1 500,0 60U U 0.0 0.1 0.6 0.2 0.7 0.7 0.3) 
(ok .hut open .hut ok on on 990.4 320.0 760.1 0.4 0.0 0.1 0.6 0.2 0.7 0.7 0.3) 
(ok ok open sbut ok on on 982.5 323.4 748.1 4.0 3.4 -1.6 0.6 0.1 0.8 0.11 0.3) 
{ok ok ok abut ok on 011 961.2 333.2 743.9 -16.3 9.8 -4.8 0.6 0.1 0.9 0.6 0.3) 
(ok open ahut opell ok on 011 290.4 920.0 150.1 0." 0.0 0.1 0.6 0.2 0.7 0.7 0.3) 
(ok ok ahut open ok 011 on 296.9 916.6 162.1 6.6 -3." U 0.5 0.3 0.6 0.8 0.3) 
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(ok ok ok ok ok Oil Oil 519.0 490.8 3321 4.0 UI 22.1 0.5 0.7 0.4 o a .~ 
(ok ok ,hili ok ok Oil OD !)232 41111.0 355.5 U 8.'Z 22.11 0.6 0.7 04 0 a .~ 
(ok ok opell ok ,bui OD OD 531.9 4808 4037 4.4 -24.4 24,6 0.6 0.7 0.2 oa. 

.~
(ok ok ahui ok .hui Oil OD 5316 4111.7 429.0 4.8 1U 253 0.5 0.7 0.3 oa.~ 
(ok ok opell .blli ok OD Oil 541.2 463.4 .551 4.7 -28.2 2U 0.6 0.7 0.2 oa.~ 
(ok ok ,bui ok ok 011 Oil !)4U 498.7 455.1 4.6 35.2 0.0 0.6 07 0.3 0 7 .~ 
(ok ok ok ok ok OD Oil 54U .94.. .55 1 U -4.3 0.0 0.5 0.7 02 07 Q.~ 
(ok opell ok .hui ok OD Oil 5256 .92.1 485.8 -25.5 -11 30.7 0.5 0.6 02 07 O~ 
(ok shllt .bui Opell ok OD OD 5309 529.7 .54,2 5.3 37.1 -3U1 0.5 0.1 0.2 Oe Q~ 
(ok opell ok .bui ok OD 011 481.0 444.8 487.8 -28.5 44.4 34.2 0.5 0.6 0.3 07 o.~ 
{ok ahllt sbui opell ok 00 OD 486.9 513.9 452.5 5.11 611.1 -35.1 0.5 0.7 0.3 011 '~l 
{Ibll& open opell opeD ok OD Oil 483.4 !)OU 420.5 -46.4 -142.7 3.1 0.8 0.4 0.0 04 Q~ 
(sbll& opell opell opeD ok OD Oil 44 US .61.7 420.5 -13.1 -10.7 0.0 0.11 0.8 0.2 oa O~, 
{ok sbllt opeD opell ok Oil Oil 463.7 434.6 420.5 19.3 -21.7 0.0 0.5 0.8 0.4 oa 0ll 
(opell Ibllt .bui opell opell Oil Oil 995.3 138.3 41.8 4.3 18.3 ~.2 0.2 0.8 0.7 0.1 0.1) 
(open Ibllt" .bui open opell OD Oil 999.0 164.11 30.8 3.7 26.8 -11.0 0.3 0.7 0.8 02 o~ 
(opell .bll& .bui Opell ok Oil 011 996.8 190.8 21.2 -2.2 25.9 -9.6 0.4 0.8 05 0.3 0.3) 
(ok ok .bui OpeD ok OD OD 990.1 8112 17.0 -8.7 20.3 -u 0.5 0.5 0.. 04 03) 
(ok ok .bui opeD ok OD Oil 981.7 82!>.! 17.0 -8.4 13.11 0.0 0.5 O.S 0.3 0 S O~) 
(ok ok .hui ok ok Oil OD IIn6 82U 22.1 -10.1 0.8 5.1 0.5 O.S os Oll02 
(ok ok ok ok ok OD Oil 959.8 807.9 29.4 -11.8 -11.11 8.1 0.5 O.S 0.1 0.11 Oll 
(ok ok ok ok ok OD OD 500.1 SOU 500.0 0.1 2.1 0.0 0.5 0.7 0.3 0.7 0.31 
{ok ok ok ok ok OD Oil 500.. S076 500.0 0.3 4.11 0.0 0.5 0.7 0.3 0.7 0.11 
(ok ok .hui ok ok OD OD 500.9 5U.9 500.0 0.• 1.3 0.0 o.r. 0.7 0.3 0.7 UI 
(ok ok ok ok ok Oil OD 50l.S SIU 500.0 08 2.2 0.0 0.5 0.7 0.2 0.7 Ul 
(ok ok ok ok ok Oil OD 502.2 519.7 500.0 0.1 2.6 0.0 0.5 0.7 0.2 0.7 O.)j 
(ok .hllt Ihui opeD ok Oil Oil 150.1 990.4 320.0 0.1 11.4 0.0 o.r. 0.7 G.2 0.7 O.at 
(ok .hlli ok opeD ok OD OD HB.1 982.5 323.4 -1.5 -8.0 3.4 0.5 0.6 0.1 0.8 UJ 
(ok .blli ok ok ok Oil Oil 743.9 9612 333.2 -4.8 -15.3 9.8 0.5 0.5 0.1 0.9 'UI . 
(ok OpeD OpeD .bui ok OD Oil 150.1 290.. 920.0 0.1 0.4 0.0 0.5 0.1 0.2 0.7 U, 
(ok OpeD ok .bui ok Oil OD 152.1 m.9 916.6 1.9 8.5 -3.4 0.5 0.8 0.3 0.8 0.4 
{ok ok olt ok ok Oil 011 151.3 309.7 906.4 6.8 U.8 -10.2 0.5 0.9 0.3 0.$ 0-4 
{.blli .hlli ok .bui ole OD OD 800.1 .93.7 714.5 0.1 -3.3 -3.5 0.8 0.1 0.0 0.2 0-4 
{.hlli .hlli ok ole ok OD Oil 198.7 498.5 161.5 -1.5 4.4 -13.0 0.7 0.6 0.1 0.1 0-4 
(.hlli .hlli .hui ole ok Oil Oil 7113.6 &01.4 744.9 -2.1 8.8 -18.6 U O.S 0.1 0.1 

(opeD opeD opeD ,bui .hui Oil OD 24.8 441.5 681.4 -10.2 1.5 7.4 0.3 0.1 0.2 0.1 

(opell OpeD 011: .bui ehui Oil Oil 11.6 .48.1 696.6 -15.2 1.2 U 0.• 0.2 0.3 0.6 

(ok OpeD .bui .hui .hui OD Oil 0.0 461.6 703.4 -9.8 12.11 8.8 0.5 0.3 0.3 0.$ 

(ok OpeD ebui ehui ok OD OD 0.0 473.4 703.4 0.0 11.8 0.0 0.5 0.4 0.2 0.4 

(olt OpeD olt ok ok Oil Oil 0.0 416.0 692.1 0.0 2.5 -11.3 0.5 0.5 0.1 0.3 

(ok OpeD 011: ok ok Oil Oil 0.0 479.9 613.2 0.0 3.9 -18.9 0.5 0.6 0.1 0.3 

(olt OpeD olt olt ok OD Oil U 483.5 6U.7 4.1 3.6 -27.5 0.5 0.7 0.1 0.3 

(.hlli shlli opeD Opell .bui OD Oil 1184.9 31Lt 288.9 4.9 -3.8 -4.3 0.9 0.8 0.3 0.1 

{.hlli Ihlli OpeD Opell .hui OD Oil 993.5 281.5 282.5 2.9 -18.0 -1.3 0.1 0.6 0.5 0.3 

(.hlli .hlli opeD ok .hui OD OD 989.1 266.4 291.0 -3.8 -15.0 8.5 0.8 O.S 0.6 0.4 

(ok ok OpeD ok Ibui OD OD 915.3 258.0 309.8 -H.. -10.& 18.8 O.S 0.4 0.7 0.4 

(olt olt OpeD olt Ihui OD OD 953.1 254.2 333.1 -22.2 -1.8 24.0 0.5 0.4 0.8 U 

(olt olt olt ok ok 011 Oil 1121.8 268.3 368.6 -31.3 12.1 34.9 0.6 0.• 0.9 0.4 

(.hui olt 011: .bui ok OD Oil 84U 295,7 461.3 -40.2 1&.8 .9.8 0.8 0.• 0.9 0.4 

(OpeD olt ok ole olt Oil Oil 888.0 280.1 411.1 ·35.8 13.9 43.1 0.3 0.4 0.9 0.4 

(OPeD olt olt .bui ok Oil OD 751.8 332.1 552.1 -411.2 11.1 38.1 0.4 0.4 0.11 U 

(olt olt olt ok ok OD OD 898.1 352.9 641.9 -53.1. 20.8 -4.2 0.5 0.4 0.11 0.1 

(ok ok olt Opell ok 011 OD 511.4 311U 530.8 -82.15 24.1 -10.3 0.6 0.4 0.9 0.1 
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(ok open ok ahut ok on on 510.3 425.6 549.7 -67.1 26.0 189 a 5 04 0.11 0.2 0.3) 

10k open .but open ok on 011 4')3.4 4&3.3 531.6 -569 27.7 -18 I as 0.5 0.11 0.1 0.3) 

io~o open ok open open on on 2305 500.5 475.11 0.0 3.3 -8.4 01 0.7 07 0.4 0.0) 

io~o ok ok opeo open OD 011 268.9 S07.5 4311.3 111.6 3.5 -41 0.3 0.8 0.7 0.6 0.1) 

lo~o open ok open open on on 248.9 4942 4118.7 -37.0 3.1 -24.4 04 0.5 0.7 0.2 0.2) 

10k ok ok shut ok on on 289.3 5112 467.0 20.4 3.7 27.7 OS 08 0.7 0.7 0.3) 

10k ok ok ok ok on 00 332.6 51110 4110.8 221 4.0 1.6 0.5 0.8 0.7 0.4 0.3) 
(ok ok ok sbut ok on 00 355.5 523.2 41111.0 22.11 U 82 0.5 0.8 0.7 0.4 0.3) 
(ok ok ok open ahut on on 4037 531.11 4S0S 245 ... -244 0.5 08 07 0.2 0.5) 
(ok ok ok .huL .hut on 011 429.0 536.5 4111.7 253 4.6 1011 0.5 0.8 0.7 0.3 0.4) 
(ok shuL ok open ok on 00 455.1 541.2 463.4 26.1 4.7 -28.2 0.5 08 07 0.2 0.3) 
(ok ok ok .huL ok on on 4&5.1 546.1 4118.7 0.0 4.6 35.2 0.5 0.7 0.7 0.3 0.3) 
(ok ok ok ok ok on on 455.1 5481 4114.4 0.0 4.8 -4.3 0.5 0.7 0.7 0.2 0.3) 
{ok abuL opeo ok ok 00 011 485.8 525.6 4112.7 30.7 -25.5 -1. 7 0.5 0.7 06 0.2 0.3) 
(ok open ahut .hut ok 00 on 454.2 530.11 52117 -31.6 5.3 37.1 0.& 06 0.7 02 0.3) 
(ok ahut open ok ok on on 4876 481.0 444.8 34.2 -28.5 44,4 0& 0.7 0.6 0.3 0.3) 
(ok open abut shut ok on on 4&2.5 486.11 513.11 -35.1 5.9 6111 0& 0.6 0.7 0.3 03) 
(abut open opeo open ok on on 420.5 483.4 SOU 31 -46.4 -142.7 0.6 0.4 0.4 0.0 0.3) 
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C.2.4. Soybean Disease Domain 

This data set contains examples of seventeen different soybean diseases described in terms of charac. 

teristics of individual soybean plants as well as macroscopic information such as cropping history for the 

affected field and the distribution of diseased plants in the field. The goal is to generate rules for determin. 

ing what disease a new example of a diseased soybean plant has. 

Soybean Disease Data 

(plant 

parameters ((mode ic) (conflicts nil» 

dedar atlons 

((dus nom 

(alternaria anthracnoae bact...blight baet..puatule brownJpot brownJtem charcoalJot cy.tJlematode diap..pod 

diapJtem downy...mildew rrog...eye phyHo.ticta phytophthora powdery...mildew purpleJeed rhiloctonia)) 

; ............... General and Environmental descriptors .............. . 


(time_oLoccurrence lin {april may june july aUiust september october) abbrev xl) 

; Thil question concern. the month or the year that the observed problem occurred. Ir the problem exi.t. 


; at the preeent time, chose the current month. If you are un.ure exactly what month the problem manirested 


; itaelf, or if the date falls between two month., just select your beat guesl. 


(precipitation lin (belowJlormal normal aboveJlorma.l) abbrev x2) 

; This question refers to the amount.of precipitalion observed through the growing sea.aon up to the point 


; where the crop problem was observed, If there ia any doubt u to the level of predpitahon, select "normaL· 


(temperature lin (belowJlormal normal aboveJlormal) abbrev x3) 

; Temperature refers to the averaie ambient temperature, You can compute this from common weather report 


; data (degree-day') if you reaHy have no idea what it is. Divide the number of degree-days by the number 


; of days since May 1. If the result is less than 20, select "below normaL· Ie 


; the result is greater than 30, select "above normal." Otherwise, select "normal." 


(croppingJiistorylin (none one two three fOllr_or.more) abbrev 1:4) 

; Some soybean diseuee are especially common in lIelds that have produced a soybean crop for more tban one 


; seiUOn. If this is the Brst season that soybeans bave been planted in the field where the problem wu 


; observed, select "none." If thi. i. the second year that YOll have planted loybeanl in the field, 


; select ·one; and 10 on. If more than one Beld i. concerned, select tbat anlwer which eorr~lpond. 


; to the field that hu had a .oybean crop for the leut number of yeats. 


http:amount.of
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(damaled~ea 

no.m (vo.uplJo.w..Areu (lo.up._uplud..Aru.. who.leJleld. KaHered..J>lant..lradien~Jro.mJleldJ:dle) abbuv d) 

; Thil ques~io.n co.ncernl 'he loca~io.n o.f the damaled plant. in the bldl, and ho.w 'he dam ale il occurrinl 

; amo.nl urio.u. plant... If mo.re tban o.De anlwer appliea (i.e. 'he pro.blem il manifea~inl iteelf in dill'eren~ waYI) 

; ~hen leled ••(aHered plut..." 

(aenri~y lin (mino.r potentiallYJenre leVere) abbrev x8) 

; Try \0 talce into. acco.unl both the number o.f plante all'eded and ~be conditio.n o.f 'he dileued plante. 


; A pro.blem co.uld be levere JUI' beeauae a larle number of planb are all'ecled. 


(planUu!ilh~ nom (leel_thuJlo.rmal no.rmal) abbrev x7) 

; Plut beilht Iho.uld no.t be co.nfQled witb plant .bnd. Heilbt refera \0 the pbYlicallenclh o.f the plant. 


; Sland refera \0 tbe fad tbat a planl may be erect o.r leaninl. 


j ••••••••••••••••••••••••••••• Leal deterip\or•••••••••••••••••••••••••••••••• 

(co.ndition_o.fJeaves no.m (abno.rmal no.rmal) abbrev xs) 

; Luvee are abno.rmal if tbey are dilcolo.red. if they have bolee in tbem. 


; if lbey are .bredded, if ~bey are twi.led, o.r if lbey have IPO~1 o.n them. 


(lufJpoh no.m (doeaJlo.t..Apply abMnt preaent) abbrev xii) 


; Leaf 'pot, may be .mall do.h are large blo.kbea, o.l\en o.f an 0.1f co.lo.r, lbat 


; !xCQr o.n lbe luvea o.f diaeued planb. If any lype o.f .pot i. occurinl, specify "preaenl.· 


(leafJpo~..J:o.lo.r no.m 

(do.eaJlo.t..Apply no.ne (ley tan lilhl...bro.wn lan_wilhJlark...bro.wn...border bro.wn 

reddi.b...bro.wn darkJ)fo.wn...pr ...black purple yello.w lilver) abbrev xlO) 

; Thi, refera \0 lbe co.lo.r o.f tbe iD~rio.r o.f lbe leaf lpot. no.L lhe marlin. If mo.re tban o.ne type o.f 

; leaf apot is preeut, "Ieet tht colo.r tbal occu,. o.n tbe mOil predo.minant type o.f 'poL. If Lbe 

; co.lo.r o.f the apob dOlI Do.t makh any o.f the co.lo.n liven, «leeL the doteet co.lo.r. 

(c:olo.r...pfJPo.t...PDJeverleJide no.m 

(d_Jlo.l..Apply Do.ne (ley Lan lilht..bro.wn IicM...bro.wn_wiLhJlark...bro.wn...border 

bro.wn reddiah bro.wn dark...bro.wn...pr ..black purple yello.w) abbrev 111) 

; If tbe leaf apob are Do.t vilible fro.m tbe uDderaide o.f Lhe leaf, aeleel "Do.De." 

; If tbey are, .elecL LhaL colo.r wbich il clo..eaL \0 lhe co.lo.r o.f Lhe mOIL lpob visible. 

(Jello.wJeafJpot. .halo.l no.m (d_Jlo.l..Apply ablenL pretenL) abbrev xl2) 

; Do. no.t co.nfu.e halo.. wiLh waLer-tOaked marlinl. Haloa are o.paque, 


i While marlinl are huslucent Halo.a are almo.d alwaYI yello.w. 


i WaLerJo.llbd marpa are 'raulucenl rin" aro.und leaf lpob. Do. Do.l conru~ ~eae witb halOl, 


j wbicb are o.paque &Dd "lIally yello.w. Marlinl are lenerally (o.lo.rl_. 


http:dark...bro.wn
http:IicM...bro.wn_wiLhJlark...bro.wn
http:darkJ)fo.wn
http:lan_wilhJlark...bro.wn
http:leafJpo~..J:o.lo
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(railedJeatJpott nom (doel..JlO~...a.ppl)' ab.en~ presen~) abbrev xU) 

; Thi. question reten to ~he undertide or ~he leat. Onen, a 'PO~ occur. onl)' on ~he upper lid. 

; ot leava. It, however, you ean teel a bump or .ee a alight peak OD ~he underaide ot the leal 

i where there i, a .pot oa the upper .ide, then ~he lut .pots an railed. 

(leatJPo~..growth nom 


(dotl..Jlot...a.ppl), trom...edge_oUeafjnward with_coneentricJingl Ipread_out...a.ad-flain 


brown_veinal..JIecro.il aecro.i • ...a.ero.._vein. vein_delimitedJlecrOlil) abbrev xlii) 

; To anlwer ~hi. queahoa. cOD.ider ~he con~inui~y and location of \be lpott on the leal. If 'he apoh are heaviea' a~ the edge or 

; the ~ip, thea aelect "from edge of leaf inward." It each apot aeema to have .wirla, then aelect ·scaUered with concentric rinp.· 

; It the ,poh occur along the leaf veina, tben .eled "veinal necro,i •. • 10 any other Cale, aelect ",uttered and plaia.' 

(leat..JpoUile 


lin (doeeJlot...a.pply thir'YJecondtLto..Jixteentbjnch lixteeD~Lto_eightbjncb greater _thaILeightbJocb) abbrev xl&) 


; Tbi, leem. preU)' obvious; )'OU mud be tbe penOD who alked wbat hail il. Leaf lpott ban a certain diameter: 


tbe itly-biU)' baby ones are lee. than l/ltS" 


tbe mommy onea are l/S" - 1/16" 


tbe great big daddy ones are greater than l/S" 


the really huge, monatroul ODes coverio, the entire leaf are whole leat 


(Ihot..holin, Dom (doee..Jlot...a.ppl), absent preeenl) abbrev xl7) 

; Shot holin, ia a procell whereby a leaf .pot eveDtually faUI out aDd a hole remaiD' iD the leal where the .pot 

; had hMD. Do not confute Ihot bola with iD.ect dama,e. Shot hola are geaerally perfectly lymme~rK eirelee. 

(.hreddiD, Dom (doelJlot...a.pply ablflDt presea~) abbrev xl8) 

; ShreddiDg il limitar to 'bot holin,. It appears aI laceratiool in the alI'eeted leavee. 

(leafJIlaltormation nom (dou..Jlot...apply abaeDt pre6eDt) abbrev xlV) 

; Thia qlleslion concern. the pneral SHAPE of the leavee. It the leavee are twi.kd or coatorkd, then lea! malformation i. preaenl 

(premature_defoliatioD DOm (doeeJlot...apply abaeDt pr ..eDt aUached....but.J!eadJeav..) abbrfY x20) 

; Premature defoliatioD iJ pr..eDt ir ~he leavee are 10 devutakd by dileue that they are fallin, olf or are completely dead. 

(leatJIlildew-,rowth aom (doeaJlot...a.ppty ahleDt oD_upperJea!..Jurface oDJowerJear..Jurrace) abbreT xU) 

; Mildew il ,eDerally a white .pot that may Jook lite mold. The lPOU may 

; be very small, 10 both lida of the leaf .houJd be checked carerully . 

. (lear~dilColoratioa Dom 

(doeeJlot...a.pply aone pneral...,yellowiDg 'reeDi.h...,yellowiD' moUliD, broDM 

purple Dondelc:ript yellowedJromJIlarliDIJ)r JDt.erveiDal) abbrev x22) 

; Thil qUeitioD refer. to the color of the leaTa apart from aDylear lpoW. MoUliD, refen to light or dark "eeD diM:oloratioa 

; arouDd the veiD'. DilColoratioD arouDd .hreadiD, or Ihot-holiDI Ihould Dot be couidered "'heD aa.weriDi thi' qllatioD. 

(politioD...Pr...a.lfectedJeava Dom (doee..Jlot...a.ppJy DearJower..Jlod.. DearJlpperJloda auUeredJ)D-flaat) abbrev xU) 
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, AlI'eded leaves art any tbat exbibi~ luf 'pot., .bludin" .bot-bolin, or di.colora~ion. If leaves in dill'erenL location. Ihow 

; dill'erent .ymptom., cbole tbe an.wer ~bat indicates the po.i~jon of tbe mo.~ leverly a!ected leava. 

(coodition...ofJeava..belowAectedJtava nom (doeaJlot .... pply unall'eded generaL..)'ellowin, defoliated nondeKrip~) abbrev dol} 


i Cboee the an.wer ~bat best describes the leaves below ~boee leaves tha~ are mOlt leverly all'ecLed. 


; If tbe diu&led ltava are .c:aHered on ~be plant, or if the di.e&led leava are near tbe lowu nodes, cbou "does not apply.· 


(leaLwithering .... nd_wilting nom (doeaJlot .... pply ab.ent present) abbrev :11.2&) 


; Be careful not to confu.e witbering and wiltin, with premature defoliation. Leava caJl witber and wilt withollt falling 


; 011' or dyin,. If tbe leaves are completely dud, chose "abient" &I tbe luuwer to thi. quation. 


; •••••••••••••••••••••••••••• Stem deacriptor•••••••••••••••••••••••••••••••• 


(colldition_otJtem nom (norma~ abnormal) abbrev d6) 

; The stem i. abnormal if tbere art laion. or Icab. (cukera) on it, if it i. discolored. if it appeara decayed internally or 

; uternally, if tbe Item il bent and the plant i. paralell to the r;round, if web-like growthe are praent on the Item. or if 

; fruiting bodia (email ,rowtbl protuding from tbe I~em) are present. 

(.krnJod,in, nom (dotlJloLapply absent praen~) abbrev d7) 

; Lodging causa ~be Item to bend over, making the plant lie on tbe ground. 

; Uilla.lly. tbil will occur tor a wbole area of a field, not jUlt in ieola~ed planLa. 

(Ikm..tanken 

nom (doaJloL..apply abient belowJoil nearJoiUine untilJecondJlode aboveJecondJlode nurJeaf...or..petiolejnjllry) 


abbrev d8) 


; Stem canke,. mi,ht be preaent in the from or a lesion (or ecab) on t.he et.em. 


; Cankere may be ieolated in blot.cba or epot.., or may run ext.enlively alone len,~hl of t.he I~. 


; Generally, cankera are of a dill'erent. color ~han t.he nat.ural color of lOY bean I~em. Canke,. 


; IIllIally are not. ulociat.ed wit.h decay or rot.; if the area il decayed or rotted, it ie probably not a canker. 


IcankerJeaion_color nom (doeaJlot .... pply none grey t.an brown reddilh..brown dark..brown...or..blaek) abbrev x29) 

; Select. "none" if the cankers are of t.he lame c:olor U t.be rat. of t.be .tem, but. be ver., careful. 

; canker leaion color ie very indicative of the type of It.em di.eue. 

(teddieh_canlterJllargin nom (doeaJlot3pply abient. present) abbrev x30) 

; Tbe margin should be dearly vieible and be red or reddilb brown 

(fruiting..bodia_oDJtem nom (doesJlot3pply absent present. inJines) abbrev x3i) 

; Fruiting bodiea are abnormal growth. which protrude out of the et.em, aliped with iLl len,tb. 

Itlternal..decay...ofJt.em nom (doetJlot3Pply abient. ftrm3nd..dry wat.ery..a.nd.,JIort) abbrev x32) 

; tbe lignl of decay Ihould be obvioul if pr_nt. It it. il not very dear t.hat the area La decayed, 

; \btll thil quest.ion ehould be uI'II'ered "ablnt.;" the problem area i. probably a .tem canker. 

http:wat.ery..a.nd
http:dark..brown...or
http:ulociat.ed
http:nurJeaf...or
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(mycelium..onJl4m nom (doesJlot..,apply abunt present) "bbrev lIl3) 

, Mycelia are 1I!"m~ntoul or web-like Irowtbl from a funlUI. Tbey m"y e.xl4nd "Ion I tbe lenltb ot tbe Item. 

(uteruIJtem.Jiilcolofil.tion nom (doesJlot..,apply ab.ent reddilbJ>rown brown lilver-lrey darkJ>rown black) abbrev x34) 

; Ederul dilcoloration il the color of tbe 114m "part from uy c"nkers or dec"yed areu. 

(locatioll-prJtem.Jii.color"tion nom (doesJlot..,apply nnrJoiUine untilJecondJlode aboveJecondJlode) abbrev x3S) 

; Exterul dilcolor"tion concernl the parb ot the Item tbat do not have 

; cankeu. It "ny non-lesion "rea. of the Item i. dilcolored. indicate ita loution. 

(interuLdilcoloration-pfJtem nom (doesJlot..,apply ab.ent reddi.h..brown brown bl"ck) abbrev d6) 

; You can determine it tbere i. internal deeay by breakinl the .tem in .everal places and lookinl for internal 

; dilcolontion. It il best to ule a knife '0 u to let a 1000 eroSi aection. 

(acieroti"JnteruLor.J!Xterul nom (doesJlot..,apply abient present) abbrev d7) 

; Sclerotia are bardened, tbickened afeU of tillue. Try lna.Ppini tbe .tem or Iqueelinl tbe plant in a 

i few places. It tbe Item Item. brittle or bud (not pliable) tben leleroti" are present. 

; ••••••••••••••••••••••••••• Fruit Pod dllcriplor•••••••••••••••••••••••••••• 

(colldition-pUruit...podl nom (normal abnormal) abbrev x38) 

; Fruit pods ate abnormal if they appear dileued, if tbey are lpotted, it tbq are diltorted, or if tbere are fewer tban normal. 

(rruit...pod. nom (doesJlot..,apply diaeued few_orJlone...present underdeveloped diltorted) abbuv x311) 

; It tbe fruit pod. are not yet present, thil question Ihould be Ikipped. Otberwi.e, examine tbe pod. quite carefully; f_ diau•• 

; a!feet tbe pod. in i.olation, .0 tbil question can provide much uuful dialnodic inrormation. 

(fruiUpoh nom (doesJlot..,apply abunt (oloredJpota darkJ>lotches brownJpota bupota..blackJpeckl) abbrev ,to) 

; Fruit Ipoh are lPOt. tbat ~Cllr on tbe 11Irface of the fruit podl. 

; •••••••••••••••••••••••••••••• Seed desetipk>r. *- ••••••••••••••••••••••••••• 

(aeed.J:ondition nom (normal abnormal) abbrev xU) 

; Tbi, questioll refeu to the .eed_ ill tbe pod_ of the developinl plant, not tbe teed, planted in tbe Iround. 

; Tbi, questioll i, important only in thelal4r .tales of ihe lealon; if the ,eedl have not yet developed, 

; an,wet "abaellt- or Ikip the questioll. If tbe ,eedI bave developed, tbey are abnormal if mold i. ,rowin, on 

; them, if tbey are diacolored. if ihey are .hfiveled, Of if tbq are .maller tban normal. 

{ • ..d...mold..,.rowtb nom (doesJlot..,apply abeent preMnt) abbrev xU) 

i It the leed, in the podl appear rotted, or if any powtb at all appuu on them, thell ,eed mold i, present. 

(leed.JIiacolora.tioll nom (dOetl.Jlot..,apply a.blent preMnt) abbrev d3) 
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; If the 8~a appear di,colored at all, or it there are .poh of dilcolorlltioll, the teed di.colorahon i, prl!tent 

(Me,Ldl5coloration-<:010r 110m (doQJlot.~pply grey reddi,b..!>rown brown blade pllrple nondeacript) abbrn xU) 

: Open a ,~ pod and in'p«t tbe aeeds. Ir II 'pol occllrs 011 any eeed, Ir1 10 charaderile ill color. 

; Normlll ,Ilda are oVlllar wilh a length or aboIII 1/2" and a width or aboul l/S" 
: Anytbing amaller than thil jl amaller Ihan normal. 

{aeedJhriveling nom (doI!tJlOI,J.pply abient pr_nl) abbrev x46) 

; Seed abriveling is present if lhe a~s in the rruil pods appear wrinkled or if Ibey are dialorled (I.e. not ovular). 

; ................................... Root detcriptor ••••••••••••••••••••••••••• 

(coodition_ofJooh nom (normal abnormal) abbru x41) 


; Roola are abnormal if Ibey are rolted, it galla or cyall appear on them, or if they are brillie. 


(rOOLJot nom (doesJloLapply absent present) abbrev x48) 


, Root rol may appear &I a decay on Ihe l\em bate and older rooll, &I 


; .Iunken canker or &I a diacolored rol along Ihe root and lower Item. 

: Galla and cyats appear &I amall, white nodes ilIong Ihe roob and lower l\em or the plan\. 

; The nodes are generaily arnall, but large enough 10 be very noticeable. 

(rooUclerotia nom (doesJlol...pply abient pr_nl) abbrev xSO) 

; It Ibe roots are brillie or hardened (nol pliable) Ihen aclerolia are present 
) 

;.,........................................................................... 


lll'i,blea 
(d... 

11 l2 x3 x4 xS x6 x1 xS d xlO xll,,12 xU xl4 xlS xlII xl1 xlS xlV dO xU x22 x23 xU x2S 
US 127 x28 x29 x30 x31 x32 x33 x34 x3!) x36 x37 x3S x39 x40 x41 xU d3 xU xU dO x47 xU X4V x!)O) 

-"Ie (by-ordinal-value

:8 2%3101026111123211211311000000000000112112tl10000) 
( '2 2 30 1 1 0 2 6 1 1 1 1 2 3 2 1 1 2 1 1 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 1 2 1 1 2 4 1 1 0 0 0 0) 
:'2231110261111232112113110000000000~0112112411000~ 

~i223001026111123211211311000000000000112112311000~ 

.'%231010261111232112113110000000000001120000000000) 

.'2230110201111632112113110000000000001120000000000) 


'2 213010261111632112113110000000000001120000000000) 

131111000000000000000001154121210111141211220000)
12 
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(I & :I 1 1 0 1 1 1 000 000 0 0 0 0 0 0 0 0 0 0 0 liS 4 1 1 1 1 1 0 1 1 1 :I 40000000 000) 
(1 S :I 1 3 2 1 0 1 000000 000 0 0 0 0 0 0 0 0 1 1 4 4 1 :I 1 1 1 0 1 1 1 :I 40000000000) 
(1 &:I 1 3 1 1 1 1 00 0 0 0 0 000 0 0 0 0 0 0 0 0 1 1 4 • 1 1 1 1 1 0 1 1 1 :I. 1 2 2 4 2 20000) 
(1 5 :I 1 1010100000000000000000 1 1 4 • 1 2 1 1 1 0 II 1 I 4 I :I 2 • 2 :I 0 0 00) 
1:l3:1111100:l3.2113221111:12310000000000001:l111:1322000~ 

(2 2 1 1 3 00 1 0 2 10 • :I 1 1 3 :I :I 1 1 1 1 :I :I 1 1 0 0 00 0 0 0 0 0 0 0 0 1 1 1 00000000 0 O) 
~311110102331113211111:1211000000000000121112.22000~ 

(241:l3101023421132221112211000000000000111000000000~ 

(2 2 2 1 30 1 1 0 2 10 4 2 1 1 3 2 2 1 1 1 1 2 2 3 1 0 0 0 0 0 0 0 0 0 000 1 :I 1 0000 00000 O) 
~42002110234Z1132:121112:131000000000000121000000000~ 

(25101301026421132211112211000000000000111000000000~ 

~31132000:l33222312212122310000000000000001210:l1010~ 

(32221131023322231221212241000000000000121000000000~ 

~3103301026622131111112231000000000000000000000000~ 

~2211221026622231221112241000000000000121121021000~ 

~3210121023322231221212241000000000000000000000000~ 

~2213021023322131221112241000000000000000121011000~ 

~.113301023322231221212231000000000000121000000000~ 

(4 :I :I :I 3 1 :I 1 0 286 1 2 1 32 :I 1 1 1 1 1 3 1 1 1 1 1 00 1 1 1 3 3 11 0000000000000) 
~3223:1210:l861:l13:121111131111S401113311121000000000~ 

(422:131:1102832213221111131111&401113311111000000000~ 

(42223121028622132111111311000000000000111000000000~ 

~122101102861:1132111111311000000000000000000000000~ 

~422221102631213211121l331115401113311000000000000~ 

~3222011026612132111111311116401113311000000000000~ 

(55023111010000000111116312111001111031000000000000~ 

(63011211100000000000000000111001111021000000000000~ 

~4013111010000000111111312111001110021000000000000~ 

(&4011201025512113111211301111001111031000000000000~ 

(63013111025111113111211101111001112231000000000000~ 

(5 4 1 1 3 1 1 1 0 2 10 1 1 :I 1 1 3 1 1 1 2 1 1 1 0 2 1 1 1 0 0 1 1 1 2 2 3 1 00 000 00 0 0 0 0 0 0) 
(S 6 0 2 3 1 2 1 0 2 5 10 1 2 1 1 3 1 1 1 2 1 5 3 0 2 1 1 1 0 0 1 1 1 1 0 3 1 0 0 0 0 0 0 0 0 0 0 0 0 0) 
~80:l3220100000000000000000114312218142113000000111~ 

~60231100100000001111123221110022181.2113000000121~ 

~5113200100000000000000000114812114242113000000111~ 

(5 5 1 1 3 1 00 1 000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 2 2 1 5 2 4 2 1 1 3 000 0 0 0 1 11 2) 
~4021210100000000000000000114812214142000000000121~ 

~4113110100000000000000000111002111042000000000111~ 

~6010110100000000000000000111002211042113112421111~ 

p3113110100000000000000000000000000000000000000112~ 

P41130101000000000000000000000000000000000000001121) 
PS1131101000000000000000000000000000001211110211121) 
p6113010100000000000000000000000000000121111021112~ 

p4113110100000000000000000000000000000121111021112~ 

(741 1 30101000000000000000000000000000001211110 till 2 I) 
(761 13020010000000 III 2 1 23 11 00000000000012111102111 t 1) 
~82132tl100000000000000000111003111011113121022000~ 

~61232111000000000000000001110021110111131tl022000~ 

~6223211100000000000000000111003111011113122322000~ 

(8522322010000000000000000011100tll10111131222t2000~ 

~8213211100000000000000000111002111011113000000000~ 
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~S221211100000000000000000111002111011113000000000~ 

~&22121DIOOOOOOOOOOOOOOOOOIII003111011113122322000~ 

~&21331110000000000000000012S423213312112121011000~ 

~421331010000000000000000012S4222IS312000000000000~ 

~4210320100000000000000000113422212111000000000000~ 

~$213310100000000000000000113612113112000121012000~ 

~3113311100000000000000000113423113111000000000000~ 

~6113300100000000000000000115412113312000122222000~ 

~S12130010000000000000000011&.22112311000000000000~ 

~OJ211001010000000111131311000000000000000000000000~ 

~5213221021)212133111131311000000000000000121011000~ 

(10 4 2 0 1 1 1 I 0 I 0 0 0 0 0 0 0 I 1 1 1 3 1 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0) 
(103 2 2 3 0 1 1 0 2 10 10 I 2 1 3 2 I 1.1 1 3 1 3 1 I 0000 0 0 0 0 000 0 0 0 0 0 0 0 0 0 0 0 0 0 0) 
(10 2 2 1 3 3 1 1 0 1 0 0 0 0 0 0 0 1 1 1 1 3 I 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0) 
(10 5 2 1 3 2 2 1 0 2 I) 2 1 1 1 3 2 1 1 2 2 3 1 3 I 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 2 2 1 2 1 0 0 0 0) 
(IO I> 2 1 1 3 1 1 0 1 0 0 0000 0 1 1 2 2 3 1 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 2 1 0 1 1 0000) 
(11 & 2 2 3 20 1 0 2 & I) 1 2 1 3 2 1 1 1 1 1 1 3 1 1 0 000 0 0 0 0 0 0 0 0 I I 20 009 0 0 0 000) 
(11 4 2 1 1 1 0 I 0 2 5 2 1 2 1 3 2 1 1 1 1 1 1 3 1 1 000 0 0 0 0 0 0 0000000000000000) 
III 6 2 2 3 0 2 1 0 2 S I) 1 2 1 3 3 2 1 1 2 1 1 3 1 2 1 1 5 5 1 1 1 1 1 0 1 1 1 1 2 I I 2. 1 1 000 0) 
(11 3 2 1 3 3 0 1 0 2 1 1 1 2 1 3 1 1 1 1 1 1 1 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 00 0) 

(11 4 2 2 1 2 1 1 0 2 & I) I 2 1 3 2 I 1 1 I 1 I 3 1 1 00 0 0 0 0 000 00000000000 0 0000) 
(ll I) 2 1 3 1 0 I 0 2 I) I) I 2 I 3 1 1 1 1 1 1 1 3 I I 1 1 & 5 1 1 I 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0) 
(Ill> 2 2 3 0 0 1 0 2 S 2 1 2 1 33 1 I I I 1 I 3 1 2 000 0 0 0 0 0 0 0 0 0 1 1 2 0 0 0 0 0 0 0 000) 
~3223101023112113212111311000000000000000000000000~ 

~4221211023112113211211311000000000000000000000000~ 

P22223301023112113211111311000000000000000000000000~ 

1121 I 2 3 I 1 1 0 2 3 1 1 2 1 1 3 I I 2 I I I 3 1 1 0 0 0 0 0 0 0 0 00 0 0 0 0 0 0000 0 0 0 0 0 0) 
1122 I 2 I 20 1 0 2 3 1 1 2 I I 3 1 1 1 I I 1 3 1 1 0 0 000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 000000) 
~2121121022112113211211111000000000000000000000000~ 
(12 2 2 1 3 3 1 I 0 2 3 I I 2 1 I 3 I 1 I I I I 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0) 
113 3 I 1 3 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 1 3 1 5 1 3 1 0 0 0 0 0 0 0 0 0 1 2 1 I) 
(13 & 1 1 3 0 1 0 0 1 0 0 0 0 0 0 0 1 1 1 3 1 6 I I 2 1 2 3 I) 1 1 I 1 5 2 3 1 0 0 0 0 0 0 0 0 0 1 2 I 1) 
(13 2 1 1 3 0 2 0 0 1 0 0 0 0 0 0 0 I 1 1 3 1 2 3 1 2 1 1 I 0 0 1 3 1 5 1 1 I 0 0 0 0 0 0 0 0 0 1 2 1 I) 
~311300010000000000000000012100111S21100000000012(1) 
~222302010000000000000000011100(3131310000000001211) 
[131 2 2 3 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 I I 0 0 I 3 I 5 1 3 1 0 0 0 0 0 0 0 0 0 1 2 1 1) 
(13 3 11 1000 I 00000000000000000 1 1 3 • I I 3 1 52 I 1 1 2 1000000 I 2 1 1) 
~4103101010000000111121311000000000000000000000000~ 
(14 21 003010 I 0000000 I I II 2 1 3 II 0000000000000000000000000) 

~1>011011010000000111121311000000000000000000000000~ 
~3013211010000000111121311000000000000000000000000~ 
~2103101010000000111121311000000000000000000000000~ 
~1011011010000000111121311000000000000000000000000~ 
~8100301010000000111121311000000000000000000000000~ 
~1)213201029912132111111311000000000000112112&11000~ 
(lI"> 62 0 3 101 1°000000000000000000000000000001121 12& 110000) 
~3203201100000000000000000000000000000000112&II000~ 
110 8 2 2 3 I 0 I 0 1 0 0 0 0 0 0 0 1 I 1 I I • 3 1 1 0 0 0 0 0 0 0 0 0 0 0 0 I 1 2 1 I 2 5 1 I 0 0 0 0) 
(U S2 I 3 101 I 000000000000000000000000000001 121 1 2f) I 10000) 
h~&20100101000000011111.311000000000000112112&11000~ 
~3213201100000000000000000000000000000000112611000~ 
~1203020100000000000000000123.112231110000000001211) 
(181 1 I 1 0 1 0 1 0 0000000000 000000 1 1 3 • 1 1 2 1 3 I I 1 000 00 0000 I 2 1 1) 
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(11 1 1 1 3 0 1 0 1 0 0 0 0 000 0 0 0 0 0 0 0 0 0 0 1 2 3 4 1 1 2 1 3 1 1 1 00 0 0 0 0 0 0 0 1 2 1 1) 

(11 2 2 0 0 0 0 0 1 0000 0000000000000 1 1 3. 1 1 2 1 3 1 1 1000000000 1 :2 1 1) 

(1I 2 1 1 3 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 2 3 • 1 1 2 1 3 1 1 1 0 0 0 0 0 0 0 0 0 1 2 1 1) 

(1 I 2 2 0 1 0 2 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 24 1 1 2 1 3 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0) 

(18 1 2 0 0 0 0 0 1 0 00 0 0 0 0 0 0 0 0 0 0 0 00 0 1 1 3 • 11 2 1 3 1 1 1 0 0 0 0 0 0 0 0 0 1 2 1 1))) 
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C .•• Results or Experiments on Induetlve Learning with Noisy Data 

This sections contains the tabulated data for the results of the experiments with noisy data in Sec­

~ion 4.4. In the following tables, an attribute name is given as the trial name Cor single attribute noise in 

that attribute. Average indicates the average of all single attribute noise trials, ALL indica.tes a trial with 

lIoise in all attributes, and CLASS indicates a trial with noise in the classification inCormation. Values are 

Siven Cor noise levels from 0 to 100 percent, in increments of 10 percent. In the first table, for noise in' 

~ting events only, each table entry is the average of 10 runs. In the remaining tables, each entry is the 

average over 5 runs. 

Noise Level 
Trial 

lnuilla_crown...spines 
lnuillaJateral...setae 
inner-,anine_teeth 
outer-,anine_teeth 
terga-mid_dorsaLpale...streaks 
terga-<iark..poster ior -margins 
dark-marks...sterna_9 

NOISE IN TESTING EVENTS ONLY 

PERCENT ERROR 

0 10 20 30 40 50 60 70 80 90 100 

0.0 3.0 5.4 8.3 8.6 13.4 15.4 16.7 19.9 22.6 23.0 
0.0 2.5 4.5 7.7 10.7 12.6 12.8 16.0 19.0 20.1 24.1 
0.0 5.6 9.8 17.0 23.7 24.1 31.3 37.7 44.5 48.7 56.6 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
0.0 1.7 5.2 8.4 10.9 14.7 18.5 17.9 21.5 25.8 26.7 
0.0 4.0 6.3 10.8 14.5 17.5 20.9 24.2 27.4 30.2 32.2 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

0.0 2.4 4.5 7.5 9.8 11.8 14.1 16.1 18.9 21.1 23.2 
0.0 16.7 29.8 39.2 50.1 59.8 69.8 73.1 77.2 82.1 87.0 
0.0 15.7 27.6 42.6 52.6 59.6 67.3 72.9 79.5 83.6 87.4 
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NOISE IN BOTH TRAINING AND TESTING EVENTS 

EXACT RULES (confidence = 1.0, utility = 0.0) 


PERCENT ERROR 

Noise Level 0 10 20 30 40 50 60 70 80 90 100 
Trial 

maxiUa.J:rownJpinea 0.0 1.5 4.0 4.5 4.4 2.8 3.8 1.7 1.4 1.0 1.7 
maxillaJaterauetae 0.0 3.3 5.1 6.1 6.0 7.7 9.4 13.6 12.5 13.6 14.8 
inner .J:anineJeeth 0.0 2.6 3.6 2.1 3.3 0.9 2.0 0.0 0.0 0.0 0.5 
ou ter .J:anine_teeth 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
tergaJJlid_dorsa4>ale...'ltreaks 0.0 0.4 0.8 0.0 0.0 0.8 0.0 0.0 0.0 0.0 0.0 
tergaJiark-posteriorJJlargins 0.0 2.2 2.3 1.4 0.5 0.9 2.7 0.0 4.1 0.0 2.5 
darkJJlarksJterna_9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

AVERAGE 0.0 1.4 2.3 2.0 2.0 1.9 2.6 2.2 2.6 2.1 2.8 
ALL 0.0 14.5 30.8 49.2 57.5 64.1 73.1 78.2 83.8 83.9 86.3 
CLASS 0.0 9.1 19.5 25.8 34.7 40.9 51.1 59.0 67.8 81.3 86.1 

RULE COMPLEXITY 

Noise Level 0 10 20 30 40 50 60 70 80 90 100 
Trial 

maxilla.J:rownJpines 
maxillaJaterauetae 
inner.J:anineJeeth 
outer.J:anine_teeth 
tergaJJlid..dors&l.pale.Jtreaks 
tergaJiark-POIteriorJJlargins 
darkJJlarksJterna_9 

AVERAGE 
ALL 
CLASS 

4.7 
4.7 
4.7 
4.7 
4.7 
4.7 
4.7 

4.7 
4.7 
4.7 

5.1 6.2 6.7 6.5 6.5 
5.1 5.5 7.0 6.8 7.6 
5.6 5.6 5.9 5.9 5.9 
4.7 4.7 4.7 4.7 4.7 
5.0 5.0 5.0 5.0 5.0 
5.1 5.4 5.3 5.3 5.3 
4.7 4.7 4.7 4.7 4.7 

5.0 5.3 5.6 5.6 5.7 
10.2 13.1 16.9 20.4 21.4 
11.9 16.9 19.2 21.5 22.9 

6.4 
7.2 
6.0 
4.7 
5.0 
5.4 
4.7 

5.6 
23.0 
26.4 

6.0 
7.6 
5.9 
4.7 
5.0 
5.0 
4.7 

5.6 
25.4 
26.7 

6.4 6.2 6.0 
9.1 8.0 8.3 
5.9 5.9 5.9 
4.7 4.7 4.7 
5.0 5.0 5.0 ill 

5.0 5.0 5.0 :.~: 

4.7 4.7 4.7 "' t 
T 

5.8 5.6 5.7 
25.2 26.3 26.4 
28.6 30.3 29.7 J 

-., 
:: 

~,l 

~. 

~~ 



Noise Level 
Trial 

maxiJlasrown....spines 
maxillaJateral....setae 
inneu:anine_teeth 
ou teu:an inLteeth 
tergaJIlid_dorsal...pale....streaks 
terga_dark...posterior ....margins 
darkJIlar ks .JItern a_9 

AVERAGE 
ALL 
CLASS 
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CPU TIME (seconds) 

0 10 20 30 40 50 60 70 80 90 100 

15 
15 
15 
15 
15 
15 
15 

15 
17 
17 
15 
15 
16 
14 

20 
21 
17 
15 
17 
19 
15 

22 
29 
18 
16 
17 
19 
16 

22 
30 
19 
17 
17 
18 
15 

23 
36 
19 
16 
16 
19 
15 

23 
32 
20 
17 
16 
17 
15 

23 
34 
19 
17 
16 
18 
15 

23 
45 
20 
17 
16 
18 
15 

23 
39 
20 
17 
16 
18 
15 

23 
41 
20 
17 
17 
18 
16 

15 
15 
15 

16 
34 
41 

18 
47 
72 

19 
72 
89 

20 
95 

111 

21 
107 
129 

20 
117 
156 

20 
150 
167 

22 
162 
165 

21 
156 
190 

22 
114 
174 

NOISE IN BOTH TRAINING AND TESTING EVENTS 

APPROXIMATE RULES (confidence = 0.9, utility = 0.1) 


Noise Level 
Trial 

maxilla.;:rown....spines 
maxilJaJateral....setae 
inner.;:anine_teeth 
Outer-.Canine_teeth 
LergaJIlid_dorsal...pale....streaks 
Lerga_dark...posterior ....margins 
darlUllarks....ster n a_9 

AVERAGE 
AlL 
CLASS 

0 10 

0.7 2.6 
0.7 2.5 
0.7 4.2 
0.7 0.7 
0.7 2.1 
0.7 1.8 
0.7 0.7 

0.7 2.1 
0.7 17.4 
0.7 5.5 

PERCENT ERROR 

20 30 40 50 60 70 80 90 100 

3.9 3.9 5.9 
5.5 5.5 6.7 
3.4 4.0 5.9 
0.7 0.7 0.7 
0.7 0.7 0.7 
2.7 0.7 6.6 
0.7 0.7 0.7 

2.5 2.3 3.9 
31.6 46.1 56.1 
16.1 27.7 32.3 

4.1 3.8 5.1 5.9 4.3 3.0 
8.1 10.2 ILl 11.3 11.2 11.6 
3.1 2.9 2.4 2.8 2.8 2.5 
0.7 0.7 0.7 0.7 0.7 0.7 
1.1 0.7 0.7 2.4 1.8 0.7 
1.7 1.5 2.3 2.8 1.7 1.9 
0.7 0.7 0.7 0.7 0.7 0.7 

2.8 2.9 3.3 3.8 3.3 3.0 
67.0 73.4 77.9 81.4 85.9 84.5 
43.5 55.4 60.0 75.4 78.7 88.9 
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Noise Level 
Trial 

maxilla.-erownJpines 4.4 4.9 4.8 5.0 5.1 4.8 5.2 5.2 5.2 5.2 5.0 
maxillaJateralJetae 4.4 4.6 5.5 5.5 5.6 6.3 6.4 6.1 7.5 7.9 7.4 
inner_canine_teeth 4.4 4.6 5.1 5.1 5.2 5.4 5.4 5.4 5.3 5.4 5.3 
au ter .-eanine_teeth 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 
terga~id_dorsaLpaleJtreaks 4.4 4.6 4.7 4.7 4.7 4.7 4.7 4.7 4.7 4.7 4.7 
tergaJlark-posterior~argins 4.4 4.7 4.8 4.7 5.0 5.3 5.2 5.2 5.2 5.2 5.3 
dark~arks....sterna....9 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 

AVERAGE 4.4 4.6 4.8 4.8 4.9 5.0 5.1 5.1 5.2 5.3 5.2 
ALL 4.4 6.6 9.6 12.6 14.4 16.4 17.2 20.0 19.5 19.4 18.7 
CLASS 4.4 7.2 11.2 13.1 16.6 17.9 19.1 20.1 20.0 20.6 19.2 

CPU TIME (seconds) 

Noise Level 0 10 20 30 40 50 60 70 80 90 100 
Trial 
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RULE COMPLEXITY 

0 10 20 30 40 50 60 70 80 90 100 

maxilla...crownJpines 
maxillaJateraLaeta.e 
inner ...canine_teeth 
outer...canineJeeth 
terga~idJlorsaLpaleJtreaks 
terga.-dar k-posterior ~argins 
dark~arksJterna....9 

AVERAGE 
ALL 
CLASS 

15 
15 
15 
15 
15 
15 
15 

15 
15 
15 

17 
16 
16 
18 
18 
17 
15 

18 
27 
32 

17 20 22 22 
20 23 24 30 
17 17 18 18 
16 18 17 17 
17 17 18 17 
18 20 17 18 
15 15 15 15 

17 18 18 19 
43 62 79 97 
52 81 115 113 

22 
31 
18 
17 
17 
18 
15 

20 
105 
138 

22 21 22 22 
30 41 40 39 
18 18 19 19 
17 17 17 17 
17 17 17 17 
18 18 18 17 
15 15 15 16 

19 21 21 21 
128 139 145 137 
158 185 184 160 
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NOISE IN BOTH TRAINING AND TESTING EVENTS 

APPROXIMATE RULES (confidence = 0.8, utility = 0.2) 


Noise Level 
Trial 

maxilla_crown...spines 
maxillaJateral...setae 
inner_caninLteeth 
outer _caninLteeth 
iergaJDid_dorsaLpale...streaks 
ierga_darLposteriorJllargins 
darkJDarks...sterna_9 

average 
ALL 
CLASS 

PERCENT ERROR 


0 10 20 30 40 50 60 70 80 90 100 


0.7 
0.7 
0.7 
0.7 
0.7 
0.7 
0.7 

0.7 
0.7 
0.7 

4.7 
2.6 
5.5 
2.1 
2.6 
2.1 
1.0 

2.9 
21.4 
3.4 

5.9 7.8 7.8 
5.8 6.5 7.7 
6.1 5.0 3.5 
2.0 1.8 1.5 
3.3 1.0 2.7 
2.8 2.9 2.8 
1.3 0.7 0.7 

3.9 3.7 3.8 
38.1 44.8 61.2 
17.7 32.2 35.1 

5.1 
9.3 
4.6 
1.7 
0.7 
2.9 
1.3 

3.6 
65.1 
45.7 

3.8 
9.4 
2.5 
1.8 
0.7 
1.7 
0.7 

2.9 
76.4 
58.7 

4.1 
10.7 
3.5 
1.8 
1.3 
3.8 
0.7 

3.7 
81.3 
66.0 

4.5 4.5 4.3 
11.3 8.5 10.2 
2.8 2.5 3.3 
1.9 1.5 0.7 
0.7 0.7 3.9 
4.0 2.1 2.1 
1.0 0.7 2.9 

3.7 2.9 3.9 
82.5 84.5 85.6 
73.8 81.0 87.8 



Noise Level 
Trial 

maxilla_crownJpines 
maxillaJaterauetae 
innerJ:anine_teeth 
outer...canine_teeth 
tergaJIlid_dorsaLpaleJtreaks 
terga...dark-posterior JIlargins 
darkJIlarksJternaJ 

average 
ALL 
CLASS 
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CPU TIME (s~onds) 

0 10 20 30 40 50 60 70 80 90 100 

15 
15 
15 
15 
15 
15 
15 

15 
15 
15 

16 
18 
17 
17 
15 
16 
15 

16 
27 
21 

17 19 19 19 
20 25 21 29 
17 17 17 18 
16 16 17 17 
16 16 16 16 
17 18 18 17 
15 16 15 17 

17 18 18 19 
36 43 68 77 
45 72 84 101 

19 
27 
18 
17 
16 
18 
15 

19 
93 

124 

20 
35 
18 
17 
16 
18 
15 

20 
108 
148 

19 19 20 
31 28 30 
18 19 18 
17 17 18 
16 16 17 
17 17 17 
16 15 15 

19 19 19 
108 125 130 
141 147 143 

c... Fresh Water Distilling Plant Statistics 

This table gives the percent error when testing all observed events against rules generated Crom a 

subset oC the observed events. Run A was done with the confidence threshold at 1.0 and the utility thret­

hold at 0.0 (exact rules). Run B was done with the confidence threshold at 0.9 and the utility threshold at 

0.1 (approximate rules). Run C was done with the confidence threshold at 0.8 and the utility threshold at 

0.2 (approximate rules). 

PERFORMANCE IMPROVEMENT DATA 

PERCENT -ERROR 

Percent oC Observed Training Events 
0 3 5 7 10 20 30 40 50 60 70 80 90 100 

A 

Run 

85.7 60.8 54.5 40.7 39.4 25.4 15.8 13.5 1.2 6.1 3.8 0.7 0.6 0.0 
85.1 60.8 54.5 40.1 39.4 23.0 21.0 14.8 15.3 12.5 9.1 5.2 12.1 6.8B 
85.1 60.8 54.9 41.4 40.6 21.5 24.1 22.5 25.0 23.1 20.1 14.8 19.0 13.5 C 
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C.6. Machine Readable Records 

The program code and data sets used in this thesis are being maintained on a 1600 BPI Unix tar tape 

under the cognizance of the archivist of the Intelligent Systems Group at the University of Illinois Depart­

ment of Computer Science. 

Code files in directory -jbecker/exeel: 

File 	 Descriptiont 

I 
cover.! Bootstrap loader for the system 
excel.l Induction algorithms 
excer.l Deduction algorithms 
backgrd.l Background rule parser and applier

I 
dataset.! Data set management routinesI, 

I 	 sets.l Generic set operations 

dbvl.l VLl data base operations 


vi1.1 VLl selector and complex operations 

parse.l Data driven parser 
arith.g Grammar for background rules 

'om a textio.l User interface 

thres-

Code files in directory -jbeeker/simulatel
~ld at 

File Description 

start.l Bootstrap loader for distilling plant simulator 
components.! Piping system component simulation code 
network.! Simulation network driver 
runner.l Critic, sensor, and effector routines for distilling plant 

Data files in direetory -jbeeker/exeel/data: 

File Description 

auto Car-starting example data 
chemistry Bimetalic coordination compound data 
mayfly Stenonema mayfly description data 
evaps Freshwater distilling plant data 
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