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THE AQ18 MACHINE LEARNING AND DATA MINING SYSTEM:
AN IMPLEMENTATION AND USER’'S GUIDE

Summary

This report is a comprehensive user’s guide for AQ18, an environment for natural induction,
machine learning and knowledge discovery. By natural induction is meant a form of inductive
inference which strives to induce data descriptions that are most natural and comprehensible to
people. This feature is achieved by employing a highly expressive description language
(attributional calculus).

Along with alearning for determining attributional rulesets from examples, or for incrementally
improving the previously learned rulesets through new examples, AQ18 also incorporates a
ruleset testing module (ATEST) and a module for selecting the best attributes for a given
learning problem (PROMISE).

AQ18 enables a user to experiment with a variety of criteria for ruleset optimality, generate
rulesets at different levels of generality, and of many different types (such as unordered, ordered,
disjoint, overlapping, consistent, inconsistent, discriminant, characteristic, and optimal according
to a user-defined multicriterion quality measure). Due to automatic parameter adjustment and
data-dependent inference rules, AQ18 can work with many different kinds of data, from very
small to very large (e.g., with thousands of attributes and/or decision classes, and hundreds of
thousands examples), containing noise or noise-free, definite or ambiguous, involving multi-type
attributes, and with single or multiple example occurrence.

In contrast to conventional learning systems that assume that the output (dependent) variable
represents a fixed number of digoint classes (more than one), AQ18 can aso be applied to
problems with only one class (no negative examples), with overlapping classes (which occur
frequently, e.g., in design problems), or with hierarchically arranged classes. In addition to
nominal, discrete, and continuous attributes, it can also reason with structured attributes, whose
value sets are hierarchies. Versions of AQ18 have been compiled for the Sun Solaris, IBM-PC-
compatible, and Apple platforms.
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1 INTRODUCTION

The tremendous growth of machine learning applications, in particular in the areas of data, image
and text mining, has created an urgent need for systems that can efficiently search for regularities
or data descriptions in very large and/or multimedia information sources. In many such
applications, generated descriptions or patterns need to have not only a high predictive accuracy,
but also be easy to interpret and comprehend by the user. Different applications may also require
different types or forms of descriptions to be generated, which creates a need for a learning
system that can easily change the type or form of description generated. When a genera
description or a strong pattern is learned from data, an obvious next step is to test its predictive
accuracy on new data. It is also desirable to visualize the learned descriptions in order to see their
relationship to the data, and to illustrate possible errors.

The AQ18 environment for natural induction, machine learning and knowledge discovery has
been designed to address these and related issues. In the following paragraphs we briefly
introduce the main features implemented in AQ18. A theoretical basis and a more detailed
description of these features are provided in (Michalski, 1999).

Natural induction

Most current methods for symbolic learning (such as decision rule or decision tree learning) are
primarily oriented toward efficiently inducing descriptions or patterns from large collections of
data that are assumed to contain noise. The quality of the descriptions are measured in terms of
predictive accuracy on new data. The requirement for description comprehensibility, although
often mentioned in the literature, has been largely ignored. One reason for thisis that description
comprehensibility is difficult to measure. Another reason, perhaps more important, stems from
the fact that decision trees and conventional decision rules are knowledge representations of
relatively low expressive power. Consequently, to express some cognitively simple descriptions
may require a very complex decision tree, or an unreasonably many conventional rules (which
use conditions in the form “attribute-value” or “attibute-rel-value’, whererel is > or <). Some
learned descriptions thus cannot be easy to understand though they may represent a simple
concept.

Toillustrate the above idea, consider adecision rule:
If X1 <Xo, X3# X4, and Xzisred or blue, then decisionis A Q)

If variables x;, 1=1,2,3,4, are two-valued, then representing (1) would require a decision tree with
26 nodes and 20 leaves, or 12 conventional decision rules. If variables x, are five-valued, then
representing (1) would require a decision tree with 810 leaves and 190 nodes, or 600
conventional decision rules. The need for such a complex representation of a relatively simple
relationship demonstrates a major limitation of these representational formalisms. If the learning
system could express the above rule in a form identical or directly related to (1), that is, in a
“natural” form, then resulting representation would not only be simpler to manage
computationally but also easier to understand and interpret by a user.

This example illustrates a central design criterion for the AQ18 system, which calls for
employing a knowledge representation that can express learned knowledge in the form as natural
to people as possible. A system satisfying such requirement is called a natural induction system
(Michalski, 1999). The above knowledge representation must, however, satisfy certain
constraints, namely, be syntactically and semantically well-defined and relatively easy to
implement. Therefore, it cannot be natural language.



To approach such a goal, AQ18 employs the attributional calculus, a highly expressive
description language based on variable-valued logic system VL1* (Michaski, 1999). VLI* can
be viewed as a logic system that occupies a place between propositional calculus and predicate
caculus.

For example, aVL1* expression of (1) would be:
[Decision=A] <= [X1<Xy] & [X3#Xs] & [X3 =redv blue] 2

In order to make the rule (2) more readable, and to provide a user with more information about it,
AQ18 would print it in a form even closer to (1), and add to it certain annotations:

[Decision = A] if [x1<X,: 1998, 966] & [x3 # X4 80, 19] & [Xs= red or blue: 780, 40]

Evaluations: t=750, u=700, n=14, f=4, g=.9

Ambiguous. (pointersto examples that satisfy the rule but also belong to another class)
Exceptions:  (pointers to examples of other classes that satisfy the rule conditions)
Positives covered: (pointersto al positive examples covered by the rule)

Flexibly covered: (pointersto all positive examples flexibly matched)

where

-- bracketed statements indicate single conditionsin the rule,

-- apair of numbers after “:” in every condition specifies the number of positive and negative examples
covered by the condition, respectively

--Evaluationsis alist of values of various rule characteristicst, u, n, f, q

--t specifiesthe total number of the positive examples covered by the rule (rule coverage)

--u specifies the number of examples covered only by this rule, and not by any other rule associated with
Decision=A

--n denotes the number of negative examples covered by therule (“negative coverage')

--g denotes the rule quality as measured by a rule quality criterion based on rule coverage and training
accuracy (Kaufman and Michal ski, 1999)

--f denotes the number of examplesin the training set that are matched flexibly (Section 6)

--Ambiguousis alist of covered training examples that belong to both positive and negative classes

--Exceptions (false positives) isalist of pointers to n negative examples covered by the rule

--Positives covered (true positives) is a list of pointers to positive examples crisply covered by
therule.

--Flexibly covered is alist of pointers to positive examples that are covered by flexible matching

(Section 6.2).

To distinguish conventional decision rules (which use conditions in the form attribute=value or
attribute-rel-value, where rel is “<” or “>") from AQ18's rules (which can use more expressive
conditions, see Section 4.4), the former rules are called elementary and the latter are called
composite (Michalski, 1999). As illustrated by the example above, the composite rules may be
able to represent some functions much more compactly and understandably than elementary
rules.

In AQ18, aresult of alearning process is a family of rulesets, where each ruleset is a collection
of attributional rules that together characterize one decision class (thus aruleset is equivalent to a
disunctive normal form (DNF) description of the class). Below we describe briefly the most
important features of AQ18.



Flexible criterion of rule optimality

Decision tree learners or convetional rule learners typicaly employ only on criterion of atribute
quality or rule quality. For example, C4.5 (Quinlan, 1993) uses an information gain ratio as a
criterion for attribute selection; RIPPER-k (Cohen, 1995) evaluates rules according to a measure
that determines the difference between the numbers of positive and negative examples covered
by arule; and CN2 (Clark and Niblett, 1989) uses an entropy-based measure. It is unlikely that
any such single criterion will be most suitable for all possible applications. Consequently, these
programs perform differently on different problems. In contrast to such a single-criterion
philosophy, AQ18 makes available to a user a menu of different criteria for evaluating rule
quality. A user can select the most appropriate criteria from the list, and arrange them into a
lexicographic evaluation functional (LEF), which appears to best represent the requirements of
the problem at hand (Section 5.2). To make it easy to use by an inexperienced user, the system
has heuristic rules to specify LEF, when the user does not specify it explicitly.

Controlling the inter- and intra-relationships in the rulesets

In different application areas, different types of forms of the description may be most suitable for
the problem at hand. Yet, conventiona rule or decision tree learners create descriptions of one
type only, regardless of the problem. Consequently, they may be good for one class of problems,
but less good for another. In short, these methods do not provide a user with the possibility of
fitting the type or form of the description to the problem.

Let us explain the above point in more detail. In applications in which each example can belong
to one class only (a common classification problem), a desirable form of a description would be a
logically digoint and complete family of rulesets, that is, a family in which no two rulesets
logically intersect, and the union of all the rulesets covers the whole representation space. In such
a case, each possible example is uniquely classified to one class. A decision tree constitutes such
a classifier. An assumption is made that any possible example belongs to one of the a priori
defined classes. AQ18's “digoint cover,” or dc mode produces a logicaly digoint family of
rulesets. Such afamily does not necessarily cover all possible examples; in some situations may
it produce an “unknown” decision. If one wants to assign every possible example to one class,
and never use the “unknown” option, then the method of flexible matching is used (Section 6.2).

In some applications, an example may correctly belong to more than one class. For example, in
design problems, a component or design element may used to serve different needs, and thus
belong to more than one class (e.g., Moczulski, 1998). To be able to generate such aternative
decisions the intersecting cover, or ic, mode is used. In contrast to the previous case, here the
intersections of rulesets cover cases that belong to corresponding classes (rather then areas
unoccupied by training examples). Thus, if there are 10 classes, and any non-empty subset of
them can potentially be assigned to an example, one may need only 10 rulesets for representing
al possible decision subsets (while methods that are limited to producing logically digoint
classes, e.g., decision trees, would require separate learning of all relevant subset of classes, that
is, up to 1023 classes).

In some applications, it is desirable to learn an unordered family of rulesets. Given such a
family, and an example to classify, the rulesets can matched against the example in any order.
This may provide a useful flexibility (at the expense of representational complexity). If, on the
other hand, classes are semantically ordered (the dependent variable is of rank type), or if it is



useful to consider them in a certain order (e.g., in the order of decreasing class frequencies), then
it is desirable to generate an ordered family of rulesets (this is done by using the sequential
cover, or sc, mode in AQ18 (a.k.adecision list mode—see the description of the mode parameter
in Section 5.1). An ordered family of rulesets can be significantly ssimpler than a logically
equivaent unordered family of rulesets (in terms of the total number of rules and/or conditionsin
them), but its evaluation requires a strict order in which rules are tested against data.

Discriminant vs. characteristic descriptions. controlling the level of generality

Another important aspect of descriptions to be learned is their intended purpose and level of
generality. When a description is used only to discriminate between a given class and other
classes from an a priori defined set, then one would seek a discriminant description, which
contains the minimum number of rules and conditions that are sufficient for discrimination (the
discriminant cover; Michalski, 1999). In some applications, one may want to find a description
that contains the maximum number of features that are common in a class of examples, that is, to
determine a characteristic description of the class (the characteristic cover). Disregarding
special cases, discriminant descriptions are the most general descriptions of given classes of
examples, and characteristic descriptions are the most specific descriptions of these classes.
Characteristic descriptions can be particularly useful in applications in which the number of
classes is not fixed a priori (as typically assumed in current learning methods), but is growing
(e.g., in document classification, or computer intrusion detection). Sometimes the most desirable
is a description of intermediate generality. AQ18 allows one to control the type of description
(the trim parameter; see Section 5.1).

Ruleset evaluation and testing (ATEST classifier module)

The ATEST module is used to apply a knowledge base to a set of examples. If the classification
of the examplesis known, this serves as atest of the predictive accuracy of the knowledge. If the
classification is not known, ATEST serves as classifier of unknown examples. The ATEST
module makes five different testing methods available (Section 6).

Strict vs. flexible matching

In some applications, classification decisions should made by evaluating descriptions (rulesets)
as logical statements, which either match or do not match a given example (crisp or strict
matching). In other applications, given an unclassified example, a classification decision is made
by evaluating the degree of match between the example and candidate classes, and determining
the best match (flexible matching). The crisp matching method is computationally much simpler
than the flexible matching method, especially if there are very many classes. Also, cognitively it
is easier to understand the decision process when the crisp method is used. On the other hand,
the flexible matching method tends to be more accurate than the crisp method in complex
problems (as it is able to draw more complex boundaries between concepts in the representation
space). To increase predictive accuracy, one may also generate a “committee” of different
rulesets for each class, and make classification decisions based on the committee's vote
(boosting). The cost of such a procedure is, however, the cognitive understandability of the
decision process. While such a procedure may be useful in some situations, it is recommended to
avoid it, if the understandability of generated descriptions is important.



For a detailed explanation of the theory, algorithms and different features underlying the AQ
approach to natural induction, and their embodiment in AQ18, the reader is referred to
(Michalski, 1999). An experimental comparison of the rule quality criterion employed in AQ18
with criteria used in other learning methods is described in (Kaufman and Michal ski, 1999).

2A SUMMARY OF FEATURESAND WHAT ISNEW

AQ18 learns task-optimized attributional rulesets from examples and counter-examples, and/or
from previously known rules (learned or handcrafted). Each ruleset is a collection of rules for
one decision class (correponds to a DNF description of the class). When learning rulesets, AQ18
employs background knowledge in the form of 1) definitions of attributes and their types, 2) prior
rules (input hypotheses) when available, and 3) a preference criterion that evaluates competing
candidate hypotheses from the viewpoint of its adequacy for the given task at hand. For
simplicity, the system assumes a default preference criterion, unless the user creates a different
one, which suits better the given learning task. Such a preference criterion is composed by
arranging available elementary preference criteria into a lexicographic evauation functional
(Section 5.2).

AQ18 has a number of features that were not present in the previous versions of AQ programs.
To give an overal understanding of AQ18's capabilities, below is a summary of its maor
functions and features with a brief explanation. To provide a quick sense of the new features for
readers, who are acquainted with earlier versions of AQ programs, such features are marked by *.

» The ability to search for strong patterns in very large datasets; such patterns optimize the rule
quality, Q(w), which represents a trade-off between the coverage, and training accuracy (or
inconsistency). *

» Selection of most a subset of attributes based on user criteria in problems with very large
number of attributes. *

»  Two new modes of flexible-matching for rule application or testing.*

e Capability for an automatic ruleset simplification (by removing rules), without introducing
any misclassification of training examples (the no-loss truncation due to flexible matching)

» Full functionality for reasoning with hierarchically structured decision attributes.*

» Ability to take into consideration different types of input attributes in inductive reasoning:
nominal, rank, cyclic, structured and continuous.

* Ruletesting confusion matrices can be output at three levels of abstraction.*
» Traning and testing examples can be weighted based on frequency of occurrence.*
* A “uniclass’ mode for characterizing a single set of examples.*

» Fivedifferent options for dealing with ambiguous examples, i.e., examples that occur in more
than one class (two new options*).

» Ability to learn rulesets that are complete and consistent with regard to al the training data.

» Ability to handle noise and inconsistency in the data; this is achieved by applying a
description quality criterion, which maximizes the rule “strength” at the expense of rule
compl eteness and/or inconsistency.*



» Generating rulesets that optimize a user-designed preference criterion, assembled from the set
of available elementary rule evaluation criteria, in order to maximally fit the specific learning
problem.

» Ability to generate rulesets with different relationships among individual rules: intersecting,
digoint, or ordered.

» Ability to generate rulesets at different level of generality: maximally general, maximally
specific, and optimized according to a given rule quality criterion.

* To make system easy to use by inexperienced users, it can be run without defining any
parameters (in this case, the system dynamicaly determines which parameters are most
suitable for a given dataset, or uses default parameters).*

The primary output from the program is a family of rulesets. Each ruleset is a collection of
attributional rules (VL1* based rules) associated with one decision class (that is, with one value
of the decision variable). Thus, there are as many rulesets as decision classes.

Depending on the control parameters (Section 5), AQ18 can produce outputs with more or less
information about the learned rulesets. The underlying algorithm for generating rulesets is AQ,
which is the first known “separate and conquer” (a.k.a. progressive covering) method for rule
induction. It performs a step-wise beam search through a space of attributional rules, until it finds
aruleset that satisfies the termination criterion (Michalski, 1999).

3 WHAT ISNEEDED TO RUN AQ18

31 Overview of Requirements

AQ18 can be run on SUN-Solaris 1 and 2), PC-Windows 3.1, NT, Win 95 or DOS, and
Macintosh operating systems. To run it, do asfollows:

If you run on a Sun platform, follow these steps:

1. Get/install/access a copy of the system, which consists of one or more executable files.
2. Build the input files required for your task.

3. Enter the appropriate command.

4  GETTING STARTED: A SSIMPLE EXAMPLE OF USING AQ18

This section describes a sample use of AQ18 using the m1 files provided in the AQ18 package.
m1 (or Monk #1) is the first in the set of three classification problems known collectively as the
Monk’s problems (Thrun et a., 1991). The goa of this problem is to correctly predict whether
the given robot (as described in a single example) isin classl or class2. Each robot is described
by six attributes (x1..x6). This example does not show how all of the AQ18 tables are used, but
it serves as an introductory example featuring some of the most important table types.

If the package has been successfully installed (see the installation notes if thisis not the case) the
example can be run as follows:

(Solaris, DOS) ag18 < ml.agin (with ag18 in the current directory or path)



(Mac) double click on AQ18 (m1 must be in the same folder as AQ18)

The following sections describe the input file (ml.agin) and output generated by AQ in more
detail.

4.1 Input to the Learning Module

Input to AQ18 in this example includes a parameters table, variables table, and two events tables.
Not all of the training events from the m1 file are shown here for space reasons. The output of
AQ18 is shown in Section 4.2. The first table defines the parameters that will guide AQ18's
performance (Section 5.1). The second table defines the six variable domains (Section 5.4). The
remaining tables define the event sets (Section 6.3.8).

par anet er s '
run maxstar trim echo ws

1 10 mni pve cpXx

vari abl es
# type size cost name
1 lin 4 1.00 x1.x1
2 lin 4 1.00 X2. X2
3 lin 3 1.00 x3. x3
4 lin 4 1.00 x4. x4
5 lin 5 1.00 x5. x5
6 lin 3 1.00 X6. x6

cl assl-events
X1 x2 x3 x4 x5 x6

WERENNWENENEPENDW
PNFRPEPNWORPNWONEN
PNNNRPRPRPERPENNE
NWWRPNWNRFRPWWER -
NWhARRBRNWEARANWS
NNENNNENNNEN

cl ass2-events
X1 x2 x3 x4 x5 x

NEFENEFENNO

3 3 1
2 2 1
2 3 2
2 2 1
3 3 1
2 2 1

3
1
2
3
3
3

4.2 Output from the Learning Module

This section shows what rules are generated after running AQ18 over the entire ml.agin input
file. Which tables are echoed depends on the value of the echo parameter in parameters table.
The echo parameter in the parameters table in the input file tells AQ18 to echo the parameters,
variables and events tables in addition to the learned rules (outhypo tables). The input tables are
already given in section 4.1 so only the new outhypo table are shown here. The complete output
isavailable in ml.agout.



cl assl-out hypo

# cpx

1 x1=1] [x2=2..3] [x5=2..4] (t:22, u:22)
2 x1=2..3] [x2=1] [x5=2..4] (t:11, u:11)
3 x1=3] [x2=2] [x5=2..4] (t:5, u:b)

4 x1=2] [x2=3] [x5=2..4] (t:5, u:b)

cl ass2- out hypo
# cpx
1 x5=1 (t:16, u:1l1)
2 x1=3] [x2=3] (t:15, u:1l)
3 x1=2] [x2=2] (t:10, u:10)
4 x1=1] [x2=1] (t:7, u:6)

Outhypo tables containing decision rules (covers) are generated for each class. The classl-
outhypo table gives rules describing the classl examples (robots). Similarly the class2-outhypo
table provides rules for class2. The weights associated with rules describe the coverage of
individual rules. For instance, the weights associated with the first rule for class2 indicates that
16 examples are satisfied by that rule, and 11 of these examples are satisfied by this rule only.
More details on these weights are provided in the description of the ‘wts parameter in Section
5.1.

4.3 An example using the Testing Module

This section provides sample input and output files for use with the testing module of AQ18.
This module tests rules against labeled testing examples. Input to the testing module consists of
parameters, domains, rules or training events and testing events. The parameters are given to the
system in a parameters table. The available parameters and their meanings are given in Section
5.1). The domains of variables are given in the standard variables table (Section 5.4). If rules
have already been generated in a previous run or are from some other source, then AQ18isrunin
test only mode (as indicated in the parameters table). If rules have not yet been generated,
training events in an events table must then be provided. In this case rules will be generated and
immediately evaluated against the testing data.

The amount of information supplied by the testing module, and the method of evaluation
between testing examples and rules is controlled by the test parameter (Section 5.1). This section
provides examples of each of the available testing options.

4.3.1 Inputto AQ18 with testing events

This section provides an example of an AQ18 input, which contains testing examples. These
files are provided under the name mltest.agin and mltest.agout. The evaluation methods
designated by test parameter codes “€’, “f”, “m”, “q” and “w” are invoked in sequence, and the
“c” parameter is present telling the program to echo a full confusion matrix. When multiple test
evauation methods are selected, they are performed in the order that they appear in the
parameters table. This example introduces two types of input tables not shown in Section 4.1:
names tables, which define names for the different values of a variable (Section 5.5), and tevents

tables, which provide the program with event sets by which rules are to be tested (Section 5.8).
par aneters

run node anbi g trim ws maxstar echo criteria verbose test
1 ic pos spec cpx 10 peq def aul t 1 ef ngwe
vari abl es

# type si ze cost namne



1 nom
2 nom
3 nom
4 nom
5 nom
6 nom
ti-nanes
val ue name
0 no
1 yes
sm nanes
val ue nane
0 no
1 yes
hs- names
val ue name
0 round
1 square
2 oct agonal
bs- names
val ue name
0 round
1 square
2 oct agonal
ho- names
val ue name
0 swor d
1 bal | oon
2 flag
j c-nanes
val ue name
0 red
1 yel | ow
2 green
Pos-events
# hs
1 round
2 r ound
3 round
4 round
5 squar e
6 square
Neg- event s
# hs
1 round
2 squar e
3 oct agonal
4 oct agonal
5 oct agonal
6 oct agonal
7 oct agonal
8 oct agonal
9 r ound
10 round
11 square

Pos-tevents

NPWNWW

00
00
00
00
. 00
. 00

RPRRRRE

bs

round
round
square
oct agonal
square
square

bs

oct agonal
oct agonal
squar e
round

oct agonal
round
squar e
round

oct agonal
oct agonal
round

hs

bs

sm
ho

jcC

ti

sm
yes
yes
yes
yes
yes
no

sm
yes
yes
no
yes
no
no
yes
no
no
no
yes

ho

flag
swor d
swor d
bal | oon
bal | oon
bal | oon

ho
swor d
swor d
swor d
swor d
bal | oon

jcC
yel | ow
red
red
red
red
green

jc
yel | ow
yel | ow
green
bl ue
green
bl ue
red
green
bl ue
green
yel | ow

ti
yes
no
yes
yes
yes
yes

ti
no
no
no
yes
no
no
no
no
yes
yes
yes



# hs bs sm ho jc t

1 round octagonal yes sword bl ue yes
2 round octagonal yes sword green yes
3 round round yes sword red no
4 round square yes sword red yes
5 squar e square no bal | oon green yes

Neg-tevents

# hs bs sm ho jcC t

1 round octagonal yes sword yell ow no
2 square octagonal yes sword yell ow no
3 round round yes sword red no
4 octagonal square no swor d green no
5 oct agonal round yes sword bl ue yes

4.3.2 Output from AQ18 with testing results

The output when testing events are included consists of the rule sets and the requested testing
results. The testing results are displayed in a confusion matrix that provides for every testing
event the degree of confidence that that event belongs to each class. If the event matches a class
other than the class to which it belongs, the name of that best matched class will be printed under
the ‘Class’ heading. If the event most matches the correct class, no entry is given in the Class
column. If atesting example matches multiple classes including the correct class, that example
will be counted as correctly classified. Below are listed the same set of testing examples tested
using al five evaluation methods. This list includes flexible matching (test parameter setting
“€”), weighted flexible matching (test parameter setting “f”), rform (test parameter setting “m”),
hgform (test parameter setting “q”) and igform (test parameter setting “w”) (Sections 5.1 and 6).
The ¢ option was aso given to the test parameter so that full confusion matrices would be
provided for each testing summary. If there are many testing events, the user may prefer not to
see the entire confusion matrix, but rather a summary of the tests. The file containing this output
isfound in mltest.agout.

Pos- out hypo

# cpx
1 [hs=round] [bs=round, square] [sneyes] [ho=sword,flag] []jc=red,yellow
(t:3, u:3)

2 [hs=round, square] [bs=square, octagonal] [ho=balloon] []jc=red, green]
[ti=yes] (t:3, u:3)

Neg- out hypo
# cpx
1 [hs=round, octagonal] []c=green, bl ue] (t:7, u:7)
2 [hs=square, octagonal] [snmryes] [ho=sword, flag] []c=red,yellow
(t:3, u:3)
3 [hs=round] [bs=octagonal] [smryes] [ho=sword] [jc=yellow] [ti=no]
(t:1, u:l)
Testing Summary ( Fl exMat ch)
# Event C ass menber Pos Neg
Pos:
1 Neg 0.60(1) 1.00(1)
2 Neg 0.80(2) 1.00(1)
3 1.00(1) 0.75(2)
4 1.00(1) 0.75(2)
5 1.00(2) 0.50(1)



1 0.80(1) 1.00(3)

2 0.60(1) 1.00(2)

3 Pos 1.00(1) 0.75(2)

4 0.40(1) 1.00(1)

5 0.60(1) 1.00(1)
# Events Correct: 7 # Events Incorrect: 3 Accuracy: 70%
# Total Selectors: 22 # Total Conplexes: &5

khkkkkhhhkkhkkhhkkkhhhkkhkhhhkkhhhxhdhhhkdhdxhkdhhkdhdxhdhhkdhxkddrhkdhdxddxhkdhxkddxkkdhx*x*k

ER Ik O R o O R R G S S S R R O S S R S R A

Testing Summary (Wi ght ed Fl exMat ch)

khkhkkkhhhkkhkhhkkkhhhkkhkhhhkhhhkhkhhhkdhhxhkdhhkdhdxkhdrhkdhdxddrhkdhdxddrxhkdhrxkddxkkdhx*x*k

# Event Cl ass menber Pos Neg
Pos
1 Neg 0.57(2) 1.00(1)
2 Neg 0.77(2) 1.00(1)
3 1.00(1) 0.68(2)
4 1.00(1) 0.68(2)
5 1.00(2) 0.56(1)
Neg:
1 0.81(1) 1.00(3)
2 0.56(1) 1.00(2)
3 Pos 1.00(1) 0.68(2)
4 0.34(1) 1.00(1)
5 0.52(1) 1.00(1)
# Events Correct: 7 # Events Incorrect: 3 Accuracy: 70%
# Total Selectors: 22 # Total Conplexes: 5

ER Ik o R R R R S S S R R S S A O R R

khkkkkhkhkkhkhhkkkhhhkkhkhhhkkhhhxkhhhhkdhdxhdhhkdhdxkhdrhkdhdxkddrxhkdhkdxddrxhkdhrxkddxkhhx*x*k

Testing Sunmary (Rfor
R S S Sk Rk S S S R I S b S S Rk S b S R Rk S S S b S S

# Event d ass nmenber Pos Neg
Pos:
1 Neg 0. 00 0. 64
2 Neg 0. 00 0.64
3 0. 50 0. 00
4 0. 50 0. 00
5 0. 50 0. 00
Neg:
1 0. 00 0. 09
2 0. 00 0.27
3 Pos 0. 50 0. 00
4 0. 00 0.64
5 0. 00 0. 64
# Events Correct: 7 # Events Incorrect: 3 Accuracy: 70%
# Total Selectors: 22 # Total Conpl exes: 5

khkkkkhhhkkhkhhkhkkhhhkkhkhhhkhhhkhhhhkdhhxhdhhkdhdxhdhhkdhdxddrhkdhdxddrxhkhhrxddxkhhx*x*

Rk Sk o O R o O R R G R S S R R S O S S S R o O

Testing Sunmary (Hgform

khkkkkhhhkkhkhhkkkhhhkkhkhhhkkhhhkhhhhkdhdxhkdhhkdhdxhdhhkdhdxddrhkdhdxddrxhkdhxkddxkhhx*x*k

# Event Cl ass menber Pos Neg



Pos:

1 Neg 0. 00 1.00
2 Neg 0. 00 1.00
3 1.00 0. 00
4 1.00 0. 00
5 1.00 0. 00
Neg:
1 0. 00 1.00
2 0. 00 1.00
3 Pos 1.00 0. 00
4 0. 00 1.00
5 0. 00 1.00
# Events Correct: 7 # Events Incorrect: 3 Accuracy: 70%
# Total Selectors: 22 # Total Conplexes: 5

IR R RS SRR SRR EE RS EEEEEEEREEEREEREREEEEE SRR EEREEEREEREREEEREE R R SRR EE S

khkkkkhhhkkhkhhkhkkhhhkhkhhhkkhhhkhhhhkdhdxhdhhkdhdxhdrhkdhxddrhkdhdxddrxhkdhrxkddxkhhx*x*k

Testing Sunmary (1gform

IR R RS SRR SRR SRR RS EEEEEEEREEEREEREREEEEE SRR EEREEEREEREREE R R E R R EEEEEE S

# Event d ass nmenber Pos Neg
Pos:
1 Neg 0. 00 0.41
2 Neg 0. 00 0.41
3 0.18 0. 00
4 0.18 0. 00
5 0.18 0. 00
Neg:
1 0. 00 0. 06
2 0. 00 0.18
3 Pos 0.18 0. 00
4 0. 00 0.41
5 0. 00 0.41
# Events Correct: 7 # Events Incorrect: 3 Accuracy: 70%
# Total Selectors: 22 # Total Conpl exes: 5

khkhkkkhhkkhkkhhkkkhhhkkhkhhhkhhhxkhhhhkdhhxhdhhkdhdxhdhhkdhxddrhkdhdxrdrxhkdhrxkddxkhhx*x*%

This testing used:
Systemtine: 0. 017 seconds
User tine: 0.00 seconds

In each of the test runs shown above, 7 of the 10 test events were correctly classified. Their
degrees of match varied according to the testing algorithm.

44 A Brief Review of Ruleset Representation

AQ18 uses the VL1 (Variable-valued Logic system 1) and APC (Annotated Predicate Calculus)
(Michalski, 1975; 1983; 1998) representationa formalisms.

Training examples are given to AQ18 in the form of events, which assign values to the domain’s
variables. Each decision class (or class, for short) in the training set may be assigned a set of
events, which form the set of positive examples of the class. During the learning of rules, the
events from all other classes are considered negative examples. When rules for another class are
being generated, the positive and negative example labels are changed accordingly. For each
class AQ18 chooses the best decision rule set (according to user-defined criteria) that classifies



the input events. The user may provide initial decision rules to the program. These rules are
treated as initia hypotheses. Intermediate results during the search for a cover are caled
candidate hypotheses or partial covers.

Each decision rule is described by one or more conditions (also known as selectors), al of which
must be met for the ruleto apply. A condition isarelational statement and is defined as:

[REFEREE REL REFERENCE]
where:

REFEREE (LHS of a condition) isan attribute, or two or more attributes connected by “&” or
“v” (called internal conjunction or disjuntion, respectively)

REL (RELATION) isoneof thefollowing symbols. <, <=, =, <>, >= >

REFERENCE (RHS of acondition) isavalue, arange of values, an interna digunction of
values, or an attribute.

Simple conditions state that the attribute in TERM takes one of the values defined in
REFERENCE. Examples of simple conditions (a.k.a. ssimple selectors) are shown below:

[color = red, white, blug]
[width = 5]
[temperature = 20...25, 50..60]

Extended conditions may be used when more than one attribute take on the same values.

Attribute names are separated by a“.”. Examples of extended conditions are shown below:

[hair_color.eye _color = brown] (“hair color and eye color are both brown’)
[length.width.height = 10..15]  (“the length, width, and height are al in the range 10 to 15”)
[state of birth.state of residence = Georgia] (the state of birth and state of residenceis
Georgia)

A rule (aso called a complex) is a conjunction of conditions. The following are examples of
rulesin AQ notation:

[color = red, white, blue] & [stripes = 13] & [stars= 1..50]
[width = 12] & [ color = red,blue]

For ssimplicity, the conjunction symbol “&” is usually omitted.

A ruleset (or a cover) for adecision classis a set of rules that together describe al of the
positive examples and none of the negative ones of that decision class. The following is an
example of aruleset or acover:

{[color = red, white, blug] [stripes = 13] [stars = 50],
[color = red, white, blug] [stripes = 3] [stars = 1]}

A rulset or cover is satisfied if any of its rules are satisfied. A rule is satisfied if all of its
conditions are satisfied. A condition is satisfied if the referee takes one of the values in the
reference. The ruleset shown in the above example can be interpreted as follows:

An object isaflagif:



1) Its color is red, white, or blue, and it has 13 stripes and 50 stars on it, or
2) ltscolor isred, white, or blue, and it has 3 stripesand 1 star on it.

5 FILEFORMATSAND EXPLANATIONS
The AQ learning and testing programs accept input of datain the formats described below.

AQ format input files consist of a set of tables, all of which must be separated by at least one
blank line. Tables consist of three parts: their identifier (one line), their header (the second line),
and their body. The identifier indicates the type of table, and if it is atype that can have multiple
individua tables, (such as the names tables, for which there may be one for each attribute), it also
includes the name specifying when this particular table applies. The name and the type are
separated by a hyphen, e.g., “ shape-names’.

The header line identifies each of the columns in the body of the table; this is essential because
columns may often be put in different orders, or even be omitted entirely. If an optional column
is not used, a default value will be assigned. Names within a table header may be separated by
Spaces or tabs.

The body simply consists of the entries in the table, separated by spaces. Lines may be continued
over acarriage return by ending the line with a backslash (\) character.

Comments can be placed anywhere in the input file. The syntax of comments is the same as the
syntax for comments in C: /* comment */. Comments may span multiple lines. Comments will
not be echoed back at output.

Example
/* Filenanme: ml.aqin
Date: 1/23/98
Source: Monk’s problem set */

The following sections describe in detail the tablesin AQ, their purpose, and syntax. Most tables
are optional and many of the parts within each table are also optional.

51 The parameterstable

The optiona parameters table contains values which control the execution of AQ18. All of the
parameters have default values. The default values are provided in parentheses following the
name of the parameter. Each row of the parameters table corresponds to one run of the program.
In this way the user may specify in a single input file many runs using different parameter
settings on the same data.

An input file may include multiple parameters tables in various parts of the input file. However,
there are anumber of constraints and complexitiesif the user intends to use this feature directly.

1. If the first parameter table has no ‘run’ field, i.e,, no run numbers are specified, then no
subsequent parameters table may include this parameter. Similarly, if the first parameter
tableincludesa‘run’ parameter, then al following tables must include it explicitly as well.



2. Run numbers are used as labels for parameter settings. Run values must begin with 1 and
each new run number must be one more than the highest one previously used. A previousy
used run number may appear on another parameter line, meaning that both parameter lines
with this run number refer to the same run. If for that reason there are multiple values for any
parameter in a given numbered run, the values appearing later will overwrite the earlier ones,
the last value given supersedes the prior ones; this value will take effect. More details on the
run parameter are given below.

A parameters table consists of a name line (that ssimply reads “parameters’), a header line
defining the table’s columns, and one or more lines defining parameter settings. The columns
that may appear in a parameters table are as follows (with default values in parentheses):

ambig (neg)
An optional parameter which controls the way ambiguous examples (i.e. overlapping examples

from both the positive and negative class) are handled. Examples overlap when they have at
least one common value for each variable. Lega values are:

neg Ambiguous examples are always taken as negative examples for the current class,
and are therefore not covered by any classification rule set when consistent rules
are learned.

pos Ambiguous examples are aways taken as positive examples for the current class,

and are therefore covered by more than one classification rule set when complete
rulesets are learned.

empty Ambiguous examples are ignored, i.e., treated as though they were not part of the
input event set. They may or may not be covered by some classification rule(s).

max This option can be used when training examples are weighted according to number
of occurrences. If there is one class for which there are more occurrences of the
ambiguous example than in any other single class, learning will take place with the
point in the event space covered by the ambiguous examples considered to belong
to that class. Otherwise, the point will be handled as if the ambig parameter was
set to empty.

maj This option can be used when training examples are weighted according to number
of occurrences. If there is one class for which there are more occurrences of the
ambiguous example than in al the other classes combined, learning will take place
with the point in the event space covered by the ambiguous examples considered to
belong to that class. Otherwise, the point will be handled as if the ambig parameter
was set to empty.

criteria (default)

Entry is the name of the criteria table (Section 5.2) to be applied to a given run. The name must
be of apha type, and a criteria table with that name (unless it is “default”) must appear later in
the input file.



echo (pvne)

Specifies which tables are to be printed as part of the output. Values in this column consist of a
string of characters. Each character represents a single table type. The order of charactersin the
string controls the order of the tables in the output. No blanks or tabs are allowed in this string
(such white space separates words in the input and will confuse the parser). Legal values for the
echo parameter and the tables they represent are shown below:

0---- no echo

b----- children tables
C---—-- criteria table
d----- domaintypes table
e---- events tables

i - inhypo tables
n----- names tables
p---- parameters table
q----- tevents tables
S----- structure tables
V ----- variables table
maxstar (1)

Optional parameter that specifies the maximum number of aternative solutions retained during
each stage of rule generation. The program uses a beam search, in which at any intermediate
stage, the best candidate hypotheses are retained up to a certain number. A higher number
specifies awider beam search, which also requires more computer resources and processing time.
Empirical evidence indicates that in general the size of maxstar should be approximately the
same as the number of variables used. The rules produced tend to indicate a good compromise
between computational resources and rule quality. Maxstar values may range from 1 to 50. The
default is the minimum value.

mode (ic)
An optiona parameter which controls the way in which AQ18 isto form rules. Legal values for
this column are:

ic “Intersecting covers’ mode allows rules from different classes to intersect over
areas of the learning space in which there are no examples.

dc “Digoint covers’ mode produces covers that do not intersect at all with one
another.

vl “Variable-valued logic’ or sequential cover mode produces rules are order-

dependent. That is, the rules for class n will assume that the rules for classes 1 to
n-1 were not satisfied. Hence there are no rules given for the last class; if none of
the other rules were satisfied, an example is by default put into this class. Note:
Thisoption is not available for decision tree generation.

To illustrate the difference between these modes, consider two classes, one consisting of red
circles, and the other one consisting of blue squares. Inic mode, therules“Class 1 if red, Class 2



if square” might be produced. In dc mode, such a rule set would not be alowed, since red
squares would be described by both rules. In vl mode, only the rule for Class 1 would be
necessary; anything else would be assumed to belong to Class 2.

neg_ex_probe (0)

An optiona parameter only employed when the noise parameter (see below) is set to yes, this
parameter limits the application of the rule generation operator. In norma mode (no noise or
when neg_ex_probe = 0), AQ18 finds rules that distinguish positive examples of the target class
from each negative example in turn, choosing the best from among them. It may be the case that
anear-optimal rule is learned after arelatively small number of negative examples are examined,
and that the rest of the process is somewhat a waste of time. This parameter, when set to a
positive value, terminates the process if ever the number of iterations specified by the parameter
fail to generate any improvement in the rules under consideration.

noise (no)

An optiona parameter which controls whether the rule creation process is to treat the training
data as potentially containing noise or other variance (value yes), or as an infallible oracle of the
data (value no). In the latter case, rules will always be perfectly consistent with regard to the
training data (with alowances for ambiguity -- see the ambig parameter). When noise may be
present, AQ18 may search for “better” rules that nonetheless admit some negative examples of
the target class. Two methods are used to generate better rules that are inconsistent with regard
to the input data. During rule generation, negative examples of the target class whose exclusion
from potential rules does not lead to higher rule quality are treated as noise and ignored. Second,
when a rule has been learned, AQ18 tries to generdize it further, even if that may introduce
inconsistencies, if that will result in a better rule.

g_weight (0.5)

An optional parameter which affects the system’s criterion for judging the quality of candidate
rules when the noise parameter has been activated (set to yes). This weight defines the balance
between arul€e’s coverage level and its training accuracy, with legal values between O (inclusive)
and 1 (exclusive). The value indicates the portion of the rule’s quality measure that will be based
on its coverage level. For example, g weight = 0.25 indicates that coverage will contribute 25%
to the rule’ s quality measure and training accuracy the other 75%.

rule probe (0 or 2)

rtol (0 or 20)

An optional pair of parameters used when a complete ruleset for each class (one in which every
training example of the class satisfies at |east one of the learned rules) is not desired. For smple
rulesets, a complete ruleset is preferable, but in large, noisy datamining applications, the
generation of a complete ruleset will be a time-consuming process typically resulting in a few
strong rules, and many spurious ones.

The use of these two parameters limits the search process. After each rule is generated, it is
tested to determine whether its quality level is close enough to that of the best rule discovered so



far (the necessary degree of closeness is defined by the rtol parameter) to warrant a continued
search. After rule probe consecutive failures, the rule generation process for the current
decision class terminates. Rtol is a tolerance expressed in percent; a value of 30 indicates that
any rule whose quality is within 30% of that of the best rule found thus far resets the termination
clock.

In default mode (both set to zero), a complete ruleset is generated. If only rule_probeis set, rtol
isassigned a default value of 20%. If only rtol isset, rule_probeis assigned adefault value of 2.

run (1..n)

An optiona parameter which controls for which execution of the program the parameters line
applies. Run numbers must be positive integers beginning with "1", with no succeeding integer
appearing as a run number before its predecessor has already appeared. If used, this parameter
must be in the first column of the parameters table. The default value is simply the number of
the ling, so the third parameters line would be assigned a default run number of 3.

test (m)

Optional parameter that controls the method of evaluation and the form of the output produced
from testing the provided tevents (testing events) against the learned or provided rules. If no
tevents are given, this parameter has no effect. This parameter is specified by a string of
characters from the set {a, b, c, e, f, m, g, w}. The characters e, f, m, g and w specify different
methods for testing; the test runs will be performed in the order that they appear, allowing for a
direct comparison between testing methods. The presence or absence of the a, b, or ¢ character
specifies the completeness of the output. The five methods vary in their evaluation of the degree
of match between the testing examples and the rules. The legal values for this parameter and an
explanation of each method of evaluation are as follows:

e Equal-weight flexible matching. Degrees of match between rules and test events
are determined by the percentage of conditions in the rule matched by the testing
event.

f Weighted flexible matching. Similar to mode e, except the weight of a given

condition in determining a degree of match is based on its informativeness in
explaining the training data set.

m INLEN, or rform mode used for testing. This is the mode used in the INLEN
system (Michalski et al., 1992).

q hgform evaluation method first described in (Michalski and Chilausky, 1980).

w igform evaluation method described in (Michal ski, 1986).

The last three methods shown above use a two-step approach to determining the degree of match
between the testing examples and the different decision classes. First the examples are checked
for exact match (i.e., satisfying the rule completely). If any exact match is found, their degree of
match with the various decisions are solely based on the rules that were matched exactly. If there
was no exact match, flexible matching is caled upon (using the same algorithm as mode €), in



which the degree of match isinstead based on how closely the rules come to covering the testing
examples.

As noted above, the presence or absence of the values a, b, or ¢ controls the degree of detail in
the output:

abc These values control whether a confusion matrix is reported in addition to the
summary of the test run. If the value c is present, the full matrix is echoed,
consisting for each test event of the event identifier, the class to which it was
assigned (if not the one it was intended for), whether or not it was exactly
matched by a rule (not applicable in modes e and f), and the exampl€e's degree of
match for each of the decision classes. In modes e and f, the degree of match
entries also indicate (by parenthesized number) which of the rules for the class
best matched the test event.

If the value b is instead present, a shortened confusion matrix will be reported.
This will contain most of the information given in mode c, but will only list one
degree of match--the highest one found.

If the value ais instead present, a confusion matrix is generated for classes, rather
than individual examples. Rows represent the intended classes, columns represent
the assigned classes, and the entries represent the number of testing examples for
which the denoted result ocurred.

If no values a, b, or ¢ are present, only the testing summary is provided. The
summary provides the number of events correct, the number of events incorrect,
the percentage of correct events, and the total numbers of conditions and rules in
the rule set.

Example testing summaries using the m, g and w options are provided in Section 4.4 along with
examples of full confusion matrices. Details of the testing methods are given in Section 6.2.

trim (mini)
An optional parameter that specifies the generadity of the output rules (i.e., the number of
possible events they satisfy). The legal values are:

gen Rules are as general as possible, involving the minimum number of conditions,
each with a maximum number of values.

mini Rules are as simple as possible, involving the minimum number of conditions, each
with aminimum of values.

spec Rules are as specific as possible, involving the maximum number of conditions,
each with a minimum of values.



Each condition restricts the set of events which will satisfy a rule, but each value in a condition
relaxes these restrictions. Hence, rules with few conditions, all of which permit many values will
be more general than ones with many conditions, each of which specifies only afew values.

trunc (yes)

An optional parameter that specifies whether rule truncation should be performed during
learning. If this parameter is set to “yes’, rules will be removed from the output rule set provided
that the remaining rules are still consistent with the training examples based on the “weighted
flexible match” criterion. The rule truncation process was designed to remove “lightweight”
rules — rules that describe only afew training examples for the decision class. However, it tends
to aso remove some heavier rules while leaving some of the lightweight rules in the rule set.
The reason for this behavior is that the heavyweight rules removed are largely redundant — many
of the examples they cover aso satiisfy other rules for the decision class, and typically even the
examples uniquely covered by the rule lie in close proximity in the event space to the partially
overlapping rules. Lightweight rules on the other hand often represent anomalous cases in
remote portions of the event space.

When the trunc option is used and rules are successfully removed, AQ18 returns both the rule set
learned prior to truncation and the one created by trunc’s removal of rules.

verbose (1)

Used in: Rule Learning, Knowledge Testing

Optional parameter that specifies whether the time taken by the learning and/or testing processis
to be added to the output from AQ18. The verbose parameter is not solely responsible for
controlling the contents of the output. The echo parameter controls which tables are echoed, the
wts parameter (see below) controls the level of detail in the rule descriptions, and the test
parameter controls the testing summary detail. The default value for the verbose parameter is 1.
Legal values are:

0 No learning or testing times are echoed.
1 Learning/testing time is echoed.

wts (cpx)

Optional parameter that specifies whether AQ is to display weights with the rules it produces.
The weights can give the user a gauge of the importance of individual rules or conditions based
on how much they discriminate between the classes and how many of the input examples they
actually applied to. Legal values are:

no Include no weights in the output.

CpX Two weights are associated with each complex (rule). The first weight is the total
number of positive events that the rule covers (the total weight, denoted by “t”).
The second weight is the number of events covered by this rule and no other rule in



the cover (the unique weight, denoted by “u”). Rules for a given class will be
displayed in decreasing order of the t-weight. If the rules were generated using the
trunc option, a third weight will be given (the flexible-match weight, denoted by
“f”), showing the number of events covered by no rules after truncation, but
matching best to this rule using the weighted flexible match criterion. If the rules
were learned in “noisy” mode, such that inconsistent rules may be present, a weight
denoted by “n” will indicate the number of negative examples covered by therule.

evt In addition to the two weights (total and unique) calculated for each complex, alist
of exampleindicesis printed. These indices list by number, or by key field if keys
were included in the events-tables, the positive examples which are covered by
each rule. If rule truncation was used, the examples matched flexibly to the rule
arelisted in aseparate line.

sel Weights are calculated for each selector (condition) in the rule set. There are two
weights associated with each selector. The first weight is the number of positive
examples covered by the condition, and the second weight is the number of
negative examples covered by the condition. When selector weights are shown, the
conditions within a rule are displayed in decreasing order of the ratio of the first
weight to the sum of both weights, i.e., the percentage of positive events covered.
Otherwise the conditions in arule are displayed in the order that their attributes (as
given in the TERM portion) are given in the variables table.

al All weights and example information is printed for each selector and complex. In
other words, all isthe union of evt and sdl.

A sample parameters table is shown below. This table directs AQ to run twice. Valuesin the
first row are the default and control the first run. Values in the second row control the second
run of AQ on the same data. Note that the default criteriatable is the ONLY one for which it is
unnecessary to follow with afull table description. The mincost criteria table, however, must be
defined later in theinput file. See the next section for a description of criteriatables. Parameters
not present in the parameter table (e.g. “run”, “mode” and “maxstar”) take their default valuesin
both runs.

Example:

paraneters

anbi g trim Wt s echo criteria
neg m ni cpx pvne def aul t
pos gen al | pvne m ncost

5.2 Thecriteriatables

All criteria tables other than the “default” must be defined. This table type is used to define a
lexicographic evaluation function (LEF). An LEF evaluates a set of candidate hypotheses, using
a series of preference criteria in order, with the most important criterion being used first, and so
on. Examplesthat fail to meet the first criterion are eliminated, while those that qualify are only
then evaluated on the second criterion. Those that qualify under that criterion are then examined
according to the third one, and so forth. The LEF is used by STAR to judge the quality of each
complex formed during learning. The LEF consists of severa criterion-tolerance pairs. The



ordering of the criteria in the LEF determines the relative importance of each. The tolerance
specifies the alowable deviation from the optimal found value within each criterion.

A criteria table name consists of two parts - the specific name, which must appear in the
“criterid’ column of the parameters tables (in the example above “mincost” was used) and the
table name, -criteria. In the previous example “mincost” in the parameters table refers to the
existence of a“mincost-criteria’ table later in the input file. Any vaue in the criteria column of
the parameters table except “ default” must have a corresponding -criteria table and vice-versa.

#(1..n)

This column numbers the entries in the criteria table. Values must be sequential integers. This
column is not required.

criterion (maxnew, minsel)

This mandatory column specifies the criterion which is to be applied at this point in the LEF.
There are eight defined criteria.  From these eight the LEF that best describes the user's rule
preference is built. At least one and at most all eight criteria can be used in a criteria table.
Criteria may also be selected by number rather than name. These numbers are the indices of the
criteriain thistable.

maxnew (1) -  maximize the number of newly covered positive events, i.e. events that are not
covered by previous complexes.

maxtot (2) -  maximize the total number of positive events covered.

newvsneg (3) - maximize the ratio between the total number of newly covered positive
examples and all negative events covered. Computationally expensive.

totvsneg (4) - maximize the ratio between the total number of positive covered examples and
al negative evente covered. Computationally expensive.

mincost (5) -  minimize thetotal cost of the variables used (see Section 4.3.4).

minsel (6) - minimize the number of extended selectors (conditions).
maxsel (7) - maximize the number of extended selectors.
minref (8) - minimize the number of references (permitted values) in the extended selectors.

maxgain (9) - maximize the information gain ratio of the cover being built, based on the
definition in [Quinlan, 1993].

newdifneg (10) -maximize the difference between the number of newly covered positive
examples and covered nergative examples. Thiswill produce a ranking of rules
equivaent to that in IREP (Furnkranz and Widmer, 1994), RIPPER (Cohen,
1985), and PROMISE (Baim, 1982), athough thisistrue of the latter only under
circumstances of ordinary example distribution (Kaufman and Michalski, 1998).

minent (11) -  minimize the entropy measure used to evaluate rulesin CN2 (Clark and Niblett,
1989).



tolerance (0.00)

This mandatory column specifies the relative tolerance in the importance of this criterion. In a
strict LEF (tolerance = 0) any complex not having the best (or equal) value for a criterion is
immediately eliminated. This real-valued number specifies the degree of tolerance in the
importance of the criterion given in the sameline. Asan example, suppose the best complex ina
list had a value of 100 for the first defined criterion, and the tolerance for this criterion was 0.2.
The absolute tolerance value is the product of the tolerance value (0.2) and the best value (100)
and thereby allows a leniency range of 20. Any complex with a value between 80 and 100 will
not be eliminated from the list of rules under consideration; instead they would make up the set
of rules evaluated under the second criterion..

An example is given below. The first -criteria table given is the default. In many experiments,
this criteria table will produce good results. This is the only -criteria table that need not be
defined. The second example is a user-defined table called "mincost”. Note that row numbers
may be omitted.

Example:
default-criteria

# criterion tol erance
1 maxnew 0. 00

2 ninsel 0.00

m ncost-criteria

criterion tolerance
m ncost 0.20
maxt ot 0. 00

5.3 The domaintypestable

The domaintypes table is used to define domains for the attributes by which the input and output
events are defined. Thistableisoptional, but it is convenient if several attributes have the same
set of possible values. The table consists of four columns. The type, size, and cost columns all
have the same meanings as defined in the variables table description. There is no limit to the
number of domains, or to the number of values (as defined in the size column) in a domain.

name (Xn)

This mandatory column is the name of the domain being defined and must be of alpha type. If
the name is not provided, the default name will be xn where n is the index of the entry in the

domaintypes table.
type (nom)

This optional column specifies the type of the domain being defined. Five domain types are
legal. Thelega types are described below:

nom A "nominal" domain consists of discrete, unordered values (e.g. colors)

lin A "linear" domain consists of discrete, ordered alpha or numeric values (e.g.
sizes—small, med, large)

cyc A "cyclic" domain consists of discrete valuesin acircular order (e.g. months).



str A "structured” domain has values in the form of a hierarchical taxonomy (e.g.
types of food). A variable with a structured domain requires that domain be
described in a structure table (Section 5.6) as well.

con A “continuous’ domain consists of real-valued numbers.
size (2)

This optional integer value specifies the number of valuesin the domain being defined. Thereis
no preset limit on domain size. This value has no effect on continuous variables that are
discretized by AQ15.

cost (1.00)

This optional real value specifies the relative expense of the domain being described. This value
is used by the mincost criterion in the LEF (see description of the criteria table, Section 4.2.3).
The expense of an attribute may be determined by the difficulty or expense of acquiring the
value, or it may be set by a domain expert to encourage or discourage this attribute' s appearance
in generated rules. For instance, in a medical domain, it would be desirable to make a diagnosis
viaablood test, rather than exploratory surgery.

To only generate rules that involved the results of such surgery when absolutely necessary, the
attribute describing the results of the surgery could be assigned a prohibitively high cost, while
the blood chemistry attributes would have low costs.

xthres (0.9)

This optional real value specifies the degree to which a continuous variable's value set is to be
discretized if the user does not provide AQ18 with specific intervals. The higher the threshold,
the stricter the termination condition for the discretization process, and the fewer intervals the
value set will be divided into. Discretization is performed using the ChiMerge algorithm
(Kerber, 1992). Lega vaues are between 0 and 1. This value has no effect on non-continuous
domains or ones in which the user provides the intervals to be used.

The domaintypes table is normally used in conjunction with the variables table and the names
table. An example of both the variables table and domaintypes is given at the end of the
following section.

54 Thevariablestable

The mandatory variables table specifies the names and domains (legal values) of the variables
used to describe events. The variables table must include at least one, and at most al 5 of the
following columns. Thereis no preset limit to the number of variables, or to the domain size of a
variable.

#(1..n)

This optional column numbers the entries in the variables table. Vaues must be sequential
integers.



name (xn)

This column specifies the name of the attribute. Names must be of alpha type. If the name
column is omitted, the default value is xn, where n is the number of the row in which this
variable was defined. The value in the name column takes the form name.domain-name, where
name is the alpha string name of the specific variable while domain-name is a more general name
of the domain (if defined in the domaintypes table), or simply arepetition of the variable name.

type (nom)
This column specifies the type of the variable domain. Six domain types are legal:

nom A "nominal" domain consists of discrete, unordered values (e.g. colors).

lin A "linear" domain consists of discrete, ordered apha or numeric values (e.g. sizes
—small, med, large).

cyc A "cyclic" domain consists of discrete valuesin acircular order (e.g. months).

str A "structured” domain has valuesin the form of ahierarchical taxonomy (e.g. types

of food). A variable with a structured domain requires that domain be described in
astructure table (section 5.6) as well.

con A “continuous’ domain consists of real-valued numbers.
ign An attribute present in the data, but to be ignored during learning.
size (2)

This integer gives the number of legal values in the domain being defined. Thereis no limit on
the domain size. The size of a structured variable is defined as the total number of nodes in the
hierarchy (internal and leaf). This value has no effect on continuous variables that are discretized
by AQ15.

cost (1.0)

This real number specifies the relative 'expense’ of the domain being defined on this line. The
value is used when computing criterion mincost is used in the LEF. The default cost is 1.0.
Further explanation is given in Section 4.2.4.

The following example shows domaintypes and variables tables for a computer selection task.
Notice that five of the ten variables take on boolean domains.

xthres (0.9)

This optional real value specifies the degree to which a continuous variable' s value set is to be
discretized if the user does not provide AQ18 with specific intervals. The higher the threshold,
the stricter the termination condition for the discretization process, and the fewer intervals the
value set will be divided into. Discretization is performed using the ChiMerge algorithm
(Kerber, 1992). Legal vaues are between 0 and 1. This value has no effect on non-continuous
domains or ones in which the user provides the intervals to be used.

Example:

domai nt ypes vari abl es

name type si ze # name cost

bool ean nom 2 1 pascal.boolean 10.0

op_system nom 2 2 fortran. bool ean 10.0



fl oppi es lin 4 3 cobol . bool ean 10.0
processor nom 3 4 op_system 10.0
menory str 8 5 floppies 100.0
6 disk. bool ean 0.0
7 processor 1.0
8 nmenory 100.0
9 printer.boolean 0.0

The variables table may be used in conjunction with the domaintypes and names tables. In the
example given above, the type and size columns were defined for al domaintypes so that these
columns were not needed in the variablestable.

55 Thenamestables

The names tables are used to specify the legal domain values for an attribute. These must include
the attribute values that appear in the events tables. If no names table is present in the input file,
then the values for that domain are assumed to be the integers from 0 to size-1 (size is defined in
the variables or domains table). The specific name of a names table must be the same as that
used in the domains or variables table. There are two required columns in each names table,
value and name.

value (1..n)

This column must be an integer beginning with '0" and continuing sequentially up to size-1. This
column is the integer equivalent of the name to be defined in the next column. This column is
required. Thereisno preset limit to the number of values for an domain being defined.

name (1..n)
This column defines the input and output name of the value being defined. Alpha, integer or real
types are dlowed. Only two decimal places are stored for real types. This column isrequired.

Below are examples of the -names tables for the computer selection problem defined above. All
variables that are of type “boolean” may take values “yes’ and “no”. The domain “make” hasthe
values “IBM”, “Compaqg’, “Zenith” and “Apple’. Note that for the variable “floppies’ the
default values of 0, 1, 2 and 3 are acceptable, so thereis no need for a*“floppies’ namestable.

Example:
bool ean- nanes
val ue nane
0 no
1 yes

make- nanes
val ue nane

0 | BM

1 Conpaq
2 Zenith
3 Appl e

If a user provides the values for a continuous variable's intervals, rather than letting the
ChiMerge algorithm determine them, they are entered in a names table consisting of size-1
entries (where size is defined in the domaintypes or variables table). The name column of the
table lists the maximum value for the interval, starting with the lowest one.



For example, avariable percent_price_increase with ranges decrease by more than 3%, change of
less than 3%, increase of 3% to 7.5%, increase by 7.5% to 15% and increase of more than 15%
could be encoded as follows:

vari abl es

# nane type size
1 percent _price_increase con 5

percent _price_i ncrease-namnes
val ue nane

0 -3
1 3

2 7.5
3 15

Examples could then be entered using the exact values for their price change attribute.

5.6 Thestructuretables

The structure table is optional and is used to define a structured domain for any variable of the
structured type (as specified in the domaintypes or variables table). A structured domain has the
form of a hierarchical graph, in which the lowest level corresponds to the values of the variable
a the lowest level of generality. Higher levels (as defined the structure table) specify parent
nodes in the hierarchy of values and are used to simplify classification rules.

For instance, the hierarchy for the structured variable shape may have curve and polygon as top-
level nodes, circle and ellipse as leaves under curve, and triangle and square among the leaves
under polygon.

The specific name of a structure table must be the name of the domain, as specified in the name
column of the domaintypes table, or if the domaintypes table is not specified, in the variable
name from the variablestable. A structure table consists of three columns:

name

This optional apha or integer type entry specifies the name of the element in the hierarchy
corresponding to the value given in the “value” column of the table. If this column is included,
the names used in this column may appear in classification rules instead of the values named in
the names table or the events-tables.

value

This mandatory integer entry specifies a parent node in the hierarchy. This node will be defined
as the parent of the nodes specified in the subvalues column. If thisvalueis a subvalue of some
other values, the row in which this value is declared as a parent must appear before any rows in
which it is listed as a subvaue (e.g. entries must be given in a bottom-up order). This integer
value must always be greater than any of the subvalues in the following column.

subvalues

This mandatory entry specifies a set of children values for the parent node as defined in the value
column. This entry consists of a string of integers separated by commas or by “..” to indicate
ranges. These numbers correspond to values as defined in the names table of the variable or
previous rows of the structure table.



The hierarchical graph below shows an example of a structured domain for the variable
"memory". Note that the same node (64 in this example) may be shared by multiple parents
(“medium” and “large”’). Below are the input tables to define such a structure.

Note that for the variable “memory” a names table must first be defined, because a domain of all
values between 2 and 280 would be inefficient and might cause inaccurate rules. Furthermore,
the node "large" must be defined after the node “very _large”, asit is higher in the tree.

Example:
nenor y- nanes nenory-structure
val ue nane name val ue subval ues
0 2 very_snal | 8 0,1
1 4 smal | 9 8,2
2 16 nmedi um 10 3..5
3 32 very_l arge 11 6,7
4 48 | arge 12 5,11
5 64
6 128
7 280
8 very_snmal
9 smal
10 medi um
11 very_l arge
12 | arge
Memory
Small Medr um Large
Very small Very large
128 280

5.7 Theinhypo and outhypo tables

The inhypo tables are optional and are used to input rules for incremental learning (i.e., learning
by modifying prior hypotheses, rather than from examples alone), for decision structure
generation, for standalone rule testing, and for knowledge visuaization. (Inhypo stands for
“input hypothesis,” and outhypo for “output hypothesis.” The difference comes from whether
they were provided by the user or directly from an earlier AQ18 output file). The specific name
of this table must match the name of one of the decision classes. The rules input in the inhypo
table have three possible roles. In the first, when there is at |east one events table specified, the
input rules are used as initial covers for incremental learning. If no events tables are present, the
inhypo rules are treated as events for rule optimization. If no events tables are present, at least
one tevents table is present, and the testonly parameter is “yes’, the input rules are used for
testing alone.



If inhypo rules for different classes intersect in the event space, then their intersection is treated
as determined by the “ambig” parameter in the parameters table (Section 5.1). There are two
columnsin the inhypo table.

#(1..n)

This mandatory column associates a number with each complex in the rule set for the class being
described by this inhypo table. It is a sequentially increasing integer (1..#complexes). Only in
inhypo tables may an entry span more than one line. There must always be a # entry for each
complex in thetable.

cpx ([1)

This mandatory column specifiesthe VL1 rule. A complex (rule) is presented as a conjunction of
selectors (conditions), each enclosed in square brackets. Selectors and complexes are defined in
Section 2. Extended selectors (in which more than one variable sharing the same domain are
given together in a condition) may be used, with the variables being delineated by periods.

The degrees of match determined by rule testing are in some of the testing modes affected by the
number of training examples covered by a rule. In order to pass that information to the rule
testing module in testonly mode, rules’ total and uniquly covered weights may be included in
parentheses at the end of the rule. This is optiona information that will have no effect on
incremental learning or rule optimization.

Below are examples of an inhypo table:

Example:
Under 1000- i nhypo
# cpx
1 [fl oppies=0] (t:8, u:b)
2 [cd_romparallel _cpu = no] (t:4, u:l)
FromL000_4000-i nhypo
# cpx
1 [floppies = 1,2][nmenory > 16] (t:12, u:l2)
2 [floppies > 3][nenory >= 4] (t:3, u:3)
5.8 The event and tevent tables

Events and tevents tables have identical structure except the examples contained in events tables
are used for learning and those in tevents are used in testing. Both types of tables contain a
specific name corresponding to the name of the decision class. This name must be of type apha.

The column headers for this table consist of the attribute names (as defined in the variables
table). The values in the row of the table must be legal values for the appropriate attribute. In
the case that many attributes are used, events tables may be split. Each split table must contain
the specific name and 'events and a different set of attributes. Attributes can not overlap
between split events tables. Events tables consists of three column types: 1) row number, 2) Key
and 3) attribute name.

#(1..n)
This optional column is an integer index of the example. Vaues must be sequential integers
beginning with 1. This column is optional.



Key ()
This optional column permits the user to include an identifier for the example in alpha form.

This feature is useful when the wts parameter is set to ‘al’ or ‘evt’ (Section 6.3.1). It appears
like any other variable column, but in its role as strictly an identifier, its values are not used in
learning.

Weight (1)
This optional column allows the user to input an example occurring multiply just once; the
number in this column serves as a count of the number of instances of such an example.

variables (x1..xn)

This definition consists of an arbitrary number of columns, one for each attribute in the variables
table.  The entries in the rows of the table must contain legal values of the corresponding
variables in the heading. Entries may be single values or they may be an ‘unknown’ symbol (*).
Unknown values (*) are internally represented as taking all legal values for that attribute domain.
Below isan example of a set of eventstables:

Example:
Under 1000- event s
Pascal Fortran Cobol fl oppi es Disk Processor Menory Printer
no no no 0 no M6502 2..16 no
no no no 0 no Z80 32 no
Over 4000- event s
# Pascal Fortran Cobo
1 vyes yes yes
2 no yes yes
Over 4000- event s
# fl oppies Disk Processor Menory Printer
1 1 yes Z80 128 no
2 2 no 1 8085 64 yes

59 The children tables

The optional children tables define the hierarchical ordering of the values of the decision variable
(i.e., the different classes) in cases in which the decision variable is structured. The specific
name of the table must be the name of a class already defined, i.e. the name must have appeared
as the specific title in an events table. The rule base may be structured to arbitrary depth. The
children table consists of two columns:

node
This mandatory apha column specifies the name of the child node being defined, i.e., the
subclass of the class by which the tableistitled.

events

This mandatory column is a list of indices of events belonging to the parent node (the node on
which the table's name is based) which are examples of this child node. The list of indices may
use commas (1,2,3,4) or ranges (1..4). The events are numbered in the order they appear in the
parent node’ s events table.

The tree below shows how a decision attribute may be structured. In this case classes
“Under1000”, “From1000to4000” and “Over4000” are siblings at the top of the structure. The



class “From1000to4000” has thirteen events and two sub-classes — “From 1000t02000” and
“From2000to4000".

The example below defines the two classes “From1000to2000” and “From2000to4000” which
are subclasses of the class “From1000to4000”. Assuming that there is already an eventstable for
“From1000to4000” with 13 events, the following children tables would assign events 1 to 6 and
11 to class “From1000to2000” and events 7 to 13 to class “From2000to4000” .

Example:
Fr omL000t 04000-chi | dren
node events

Fr onl000t 02000 1..6,11
Fron2000t 04000 7..13

From1000to4000

—

From1000to2000 From2000to4000

123456 789 10 11 12 13

The optional varsel table alows the user to specify instructions for AQ18 to reduce the attribute
set prior to learning. By selecting only the more task-relevant attributes, AQ18 can learn more
quickly, and often will generate clearer, more useful knowledge. Attribute selection is based on
the PROMISE algorithm (Baim, 1982) and the modifications to it (Kaufman, 1997) to alow for
rule-oriented output.

5.10 Thevarsd table

The varsel table consists of two columns;

varbasis (max)
This apha column specifies the means by which the attribute selection engine will rate the
different attributes. The user may choose between two values:

max This value biases the selection process toward attributes that will work well in
decision rules or other declarative representations. The preferred attributes will
have values that discriminate well among the classes.

avg This value biases the selection process toward attributes that will work well in
decision trees/structures or other procedural representations. The preferred
attributes will have strong overall discriminatory power given a distribution of
values similar to that found in the training data.

cutoff (t50)
This column consists of a string specifying the basis for retention or removal of attributes. The
string consists of aletter, either ‘a or ‘t’, followed by a number.

If the first character of the string is ‘a’, AQ18 will retain the best n attributes, where n is the
number specified in the remainder of the cutoff string. Obviously, n must have avalue of at least
1, and less than the original number of attributes in the dataset.



If the first character of the cutoff string is ‘t’, the number following it sets a threshold attribute
promise value that attributes must reach to be retained. The range of the promise levelsis 0-100,
with 0 signifying no discriminatory utility and 100 signifying perfect discrimination.

In the example below, the user has specified attribute selection based on their promise for
performance in decision rules. Only the best six attributes will be retained.

Example:

var sel
var basi s cut of f
max ab

6 TESTING RULESETS

6.1 Objective

The Testing module is used to evaluate the performance of a collection of rulesets (a rule base).
This new module incorporates the functionality of the separate testing program known as ATEST
(Reinke, 1984). By sharing the input format with STAR, it becomes a convenient operator in the
STAR package, allowing the user immediate analysis of discovered rules.

6.2 Testing Methods

In this module the fundamental operation is the calculation of the degree of match between arule
and an example in the form of a vector of attribute values. The calculated value is called a
degree of confidence. The calculation of confidence varies with the method of evaluation
selected by the user in the test parameter in the parameters table. Full descriptions of these
methods are given below based on the following test parameters:

m INLEN, or rform mode used for testing. This mode is named after INLEN in which it is
used (Michalski et al, 1992). In this method of evaluation:

For every testing example, evaluate each class ruleset (cover) against the testing
example.

If amatch exists between one or more covers and an example:

For each cover, confidence is the probabilistic sum of confidences for each
rule in the cover, where the probabilistic sum of occurrences A and B is
P(A) + P(B) - (P(A) * P(B)). A rule's confidence calculation depends on
the source of the evidence for that rule. If the rule was learned from
training examples provided in the current learning session, then the rule’s
confidence is the percentage of examples of its class covered by that rule
(i.e. aheavier rule or one that better describes a large share of the training
examples will have a higher confidence when matching a new testing
example than amatch to a‘lighter’ rule.)

Else:

The rule's confidence is the ratio of testing examples of that class covered
by that rule to the total number of testing examples of that class covered



by any rule for that class (i.e. in the absence of training examples, a
‘stronger’ ruleis one that matches more of the testing examples).

Else (if no match exists between a class ruleset and the testing example):

A class confidence is a probabilistic sum of confidences for each rule in
the cover. A rule's confidence is calculated as the ratio of the number of
conditions in the rule matching the example to the tota number of
conditionsin therule.

hgform evaluation method first described in (Michalski and Chilausky, 1980). In this
method of evaluation:

Evaluate each cover against al testing examples. If a match exists between arule
for agiven class and an example:

For each class, the degree of match (confidence) is the number of training
examples of the class covered by the rules that match the testing example.
This vaue is normalized by dividing all confidence values by the
maximum cal culated confidence.

Else

For each class, confidence is the probabilistic sum of confidences for each
rule in the cover. A rule's confidence is calculated as the ratio of the
number of conditions in the rule matching the example to the total number
of conditionsin therule.

igform evaluation method described by Michaski (1986). In this form of
evaluation:

Evaluate each class ruleset against all testing examples. |f a match exists
between a cover and an example:



For each class, the degree of match (confidence) is the probabilistic sum of
confidences for each rule's confidence in that class. A rule s confidenceis
calculated as the ratio of the number of events covered by the rule to the
total number of all events (for all classes). This evaluation scheme
assumes the number of training examples in a class are characteristic of
the distribution of examplesin the universe of possible examples.

Else

For each class, confidence is the probabilistic sum of confidences for each
rule in the cover of that class. A rule's confidence is calculated as the
product of the confidences for each condition in the rule weighted by the
percentage of all training examples covered by the rule. A condition’s
confidence is 1 if it covers the testing example otherwise it is a value
between O and 1 proportional to the ratio of the number of possible values
satisfying the condition to the full domain size.

e Equally weighted flexible matching evaluation method. In thisform of evaluation:

A class confidence is the maximum degree of confidence for the rulesin the class
cover. A rule's degree of confidence is calculated as the ratio of the number of
conditions in the rule matching the example to the total number of conditions in
the rule. To break ties in determining the class best matched, the class will be
determined by which rule covered the most trianing examples.

f Weighted flexible matching evaluation method (not available in testonly mode). In this
form of evauation:

A class confidence is the maximum degree of confidence for the rulesin the class
cover. A rule’ s degree of confidenceis calculated as follows:

For each condition, determine its informativeness weight defined by
number of training examples of the decision class that satisfy the condition
divided by the total number of training examples that satisfy it. Normalize
by dividing by the sum of al of the informativeness weights for the
conditions comprising the rule. A rule's degree of confidence is
determined by taking the sum of the normalized informativeness weights
of the conditions in the rule matching the testing example.

To break ties in determining the class best matched, the class will be determined
by which rule covered the most trianing examples.

Example testing summaries are provided in section 5.2, along with examples of full confusion
matrices using the m, g and w options.

7  AQ18SPREDECESSORS: A LITTLE HISTORY FOR THE CURIOUS

The underlying framework of AQ18 is the STAR methodology (Michalski, 1969; 1983), and
the A% algorithm for solving the general covering problem (Michalski, 1969); the name stands for
“algorithm for gquasi-optimal solutions. AQ18 can, however, execute a variety of modifications
of the basic algorithm, in order to fit the learning process to the problem at hand. For example,



it can take into consideration the level of noise in the data, the size and type of data, optimize
rulesets according to many different preference criteria, and produce the different types of output
descriptions (intersecting, digoint, ordered, maximally general, maximally specific, optimized).

The termination criterion depends on the control parameters. The default parameters assume that
data are large and may have some errors, so the system seeks rulesets that optimize the
description quality crieterion (Kaufman and Michalski, 1998; Michalski, 1998).

The program implements the STAR method of inductive learning (Michalski and Larson 1983).
It is based on the AQ algorithm for solving the general covering problem (Michalski, 1969).

AQ18 is an immediate descendent of AQ15c (Wnek et al, 1995), a C-based implementation of
AQ15 (Hong, Mozetic, Michaski, 1986). AQl5 was an enhancement of the GEM
(Generalization of Examples by Machine) program, written by Bob Stepp and Mike Stauffer.
GEM was written from scratch on the Cyber 175; rather than as a modification of the AQ7-AQ11
series of programs (Michalski 1969; Michalski and Larson, 1975; 1978; 1983).

AQ15c included a number of new features that extend the functionality of previous versions.
One change from previous versions is the language in which it is written. AQ15c was ported to
ANSI-C. The most important advantage of this change is that it reduced the need for limiting,
system-defined data structures. In particular, the Pascal set structure, which under Sun Pascal
was limited to a cardinality of 58, was very restrictive as it forced upon the programmers a
complex way of handling sets, and limited attributes in the data sets to 58 values. The ANSI-C
version had no preset limitations on the number of variables, the number of values per variable,
or the number of classes. In addition, the ANSI-C version proved to be on average six times
faster than the previous implementation, and provided better error diagnostics.

Another important result of the port from Pascal to ANSI-C was the ability to easily port the
program to different platforms. The AQ15c version was ported to Sun Solaris, IBM-compatible,
and Apple platforms. More platforms can be supported in the future with no change in the
underlying source code because of the use of ANSI-C.
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