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Abstract

This paper presents a survey of machine induction, studied mainly from the field of artificial
intelligence, but also from the fields of pattern recognition and cognitive psychology. The paper
consists of two parts: Part I discusses the basic principles and features of the machine induction
process; Part II uses these principles and features to review and criticize the major supervised
attribute-based induction methods. Attribute-based induction has been chosen because it is the
most commonly used inductive approach in the development of expert systems and pattern
recognition models.

1 Introduction

Over the years of development of information technology, a number of tasks have been considered
for automation such as character recognition, image analysis, medical diagnosis, structure
elucidation for molecules in chemistry, speech recognition, and others. In order to automate any of
these tasks, it is necessary to endow a machine with a large body of knowledge about the problem
domain. The knowledge should be encoded in a systematic and precise way, and should also
integrate well with other possibly preexisting knowledge, so that it will enhance the machine skills.

However, the task of knowledge acquisition and knowledge integration has been recognized to
be a bottleneck in the development of any automatic recognition program (Feigenbaum, 1981)
(e.g., for expert systems). The main difficulty is that human experts are often unable to make
explicit their domain expertise in a manner precise enough to enable the transfer of expertise from
the human mind to the machine's memory.

On the other hand, recent progress in data processing technology has made the accumulation
and systematic organization of large volumes of data a routine activity. Therefore, the automatic
development and refinement of knowledge models is now possible when the machine is given as
input a large (or, sometimes, even a small) amount of data that express instances of a certain task
domain. In other words, the machine may be endowed with an inductive learning component that
automatically translates data into knowledge. This knowledge may be used either to build a model
on which the recognition of new instances will be based, or to refine and update a pre-existing
recognition model.

The automated induction problem had been considered by the early 1950s in the field of
statistical pattern recognition (Chow, 1957). Later, progress in the field of artificial intelligence
made it possible to build systems that extracted knowledge from data, and this knowledge was
represented in an explicit symbolic form which was more humanly understandable than a complex
mathematical model (Winston, 1975). The inductive knowledge extraction approach has been
successfully applied to various real world problems (such as the development of cleavage rules for
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of Greece.
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molecules in chemistry [Buchanan & Mitchell, 1978], soyabean disease diagnosis [Michalski &
Chilauski, 1980], credit card assessment [Carter & Catlett, 1987], routing of steel products in a job
shop [Buntine & Stirling, 1989]), and is currently envisaged as a routine commercial practice for
problem domains which are very complex, and for which any humanly supplied knowledge would
be incomplete and unreliable (Michie, 1988).

PART I: PRINCIPLES OF INDUCTION

Here we aim to establish a framework useful for the study of various inductive methods (such
methods are examined in Part II).

Section I.I attempts a brief review of the concept of induction, as expressed by various
philosophers, and a general formulation of the machine induction problem. Section 1.2 emphasizes
the necessity of inductive bias as a means of making induction a tractable process. Section 1.3
presents a mathematical (probabilistic) formulation of induction. Section 1.4 focuses on various
data representation formalisms. Section 1.5 briefly discusses the major inductive learning para-
digms. Finally, section 1.6 deals with dimensions that characterize inductive algorithms, such as
incrementality, experimentation capability and search strategies.

I.I Characterization of induction

The concept of induction2 dates back to Aristotle (5th century B.C.). Since then, many authors
have suggested various definitions of induction. According to the most important of these
definitions, induction can be regarded as:

• Generalization by complete enumeration of all the objects that this generalization subsumes
(Aristotle).

• Theory formation from observational facts (Francis Bacon).
• Concept formation by aggregation of objects into classes. Each class of objects has an intension

and an extension. The intension consists of the properties that an object should possess in order
to be a member of a class. The extension consists of the objects that possess these properties
(empiricists, such as Locke and Hume).

• The operation of discovering and providing empirical propositions (John Stuart Mill).
• The inverse process of deduction (Jevons).
• Generalization from a number of instances, by considering the positive and negative analogies

between them (Keynes, 1921).
• Information compression (Watanabe, 1972).
• Determination of a model that prescribes decisions for the undertaking of certain actions. The

model should be in accordance with the behaviour of the input instance (behavioural interpre-
tation of induction [Newman, 1957]).

The adoption of different definitions leads to different formulations of the inductive learning
problem. For the purposes of this paper, inductive learning will be formulated as:

Given
• A set of data3 described in a certain instance language
• Background knowledge that defines the language of the hypotheses to be generated, the

quality criteria used to choose among competitive hypotheses, and any other constraints
imposed on the data set and on the candidate hypotheses

2 Induction is the translation of the Greek word tnaywyfj
3Synonymous words are instances, examples, events, observations.
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(a) (b) (c)

Figure 1 An illustration of the inductive bias. If the aim of induction is to produce a rule which
determines whether a randomly chosen point in the above two-dimensional board, is positive (+) or
negative (—) (on the basis of the data set given in Figure la), then there are two alternative
hypotheses that perfectly fit the above data set:

(i) if (x,y) belongs to the circle with centre (2,2) and radius R = 2 then point (x,y) is (+) else point
(x,y) is ( - ) (Figure lb)

(ii) if [1 < x < 3] and [1 < y < 3] then point (x,y) is (+) else point (x,y) is (-) (Figure lc)

The choice of one of the above hypotheses is the result of the inductive bias. If the bias favours
the preference of circle-based hypotheses, then hypothesis (i) has to be chosen. If the bias is in
favour of rectangles then the inductive algorithm chooses hypothesis (ii)

Determine
• A hypothesis that strictly or weakly fits the input data4 and also satisfies the background

knowledge.

1.2 The role of the inductive bias

Induction is not a process deterministically producing a unique outcome. It is possible for a given
set of data to induce more than one hypothesis which fits that set. This issue introduces ambiguity
into inductive inference, and the question of which hypothesis should be finally chosen from the set
of well-fitted hypotheses. The problem was initially made explicit by Mitchell (1980), who
introduced the concept of bias as any basis for choosing one hypothesis over another, other than the
degree of fit with the input data.

Utgoff (1986) identified two major sources of bias:

1. Linguistic bias: this bias is imposed by the language(s) used to represent the data and the
hypotheses to be created, and also by the background knowledge.

2. Algorithmic bias: this bias is due to the nature of the algorithm used, whereby search restrictions
are placed on the space of the candidate hypotheses, in order to make induction tractable and
efficient.

Moreover, there are two important features of the inductive bias:

The strength of bias expresses the degree of restriction that a bias imposes on the search for a
hypothesis, the stronger the bias, the more restrictions it imposes on the number of candidate
hypotheses that have to be examined. The strength of bias can be formulated as the sum of that due
to the linguistic source plus that due to the algorithm (Rendell, 1986).

The correctness of bias A bias is said to be correct if it includes the target hypothesis in its scope.

An example that illustrates the role of the inductive bias, is given in Figure 1.

4The fit of a hypothesis to the data set is strict when all the data are consistent with the hypothesis, while the fit
is weak when a high proportion of data (not necessarily all) is consistent with the hypothesis.
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In practical induction problems the input data are expressed in a definite (instance) language;
sometimes, however, it is not known whether this language is adequate to completely specify the
problem domain and/or whether there are errors(noise) in the data set. What is available is an
algorithm that induces hypotheses from data; but it is still unknown whether the linguistic and
algorithmic biases are correct. The bias pertaining to an inductive system might be:

(i) Fixed (Mitchell, 1982);
(ii) adjusted by user supplied parameters that define preference criteria (Michalski, 1983);
(iii) Shifted during hypothesis formation in order to achieve better quality descriptions (Utgoff,

1986; Schlimmer, 1987; Pagallo, 1989);
(iv) Decided by consideration of problem characteristics in relation to previous problems, and by

selection of the most appropriate bias type from a set of available alternatives (this approach
assumes the existence of a Variable Bias Management System (VBMS) as described in
Rendelletal.,1987).

1.3 Mathematical formulation of induction

Following the previous section, induction can be regarded as an inference process over a space of
candidate hypotheses which are constrained by the input data as well as by the inductive bias. To
model the inductive inference problem, one can define a probability function5 over the hypothesis
space St. In this way, induction becomes the determination of a hypothesis H eSt that maximizes
the probability P(H/E, B), where E is the evidence provided by the input data set, and B is the bias.

According to Bayes law, P(H\E,B) = P(E\H,B).P(H\B)/P(E\B). The term P(E\B) =
~ZH g gf P(E \H,B). P(H IB), does not depend on any particular hypothesis H, and will be treated as
a constant.

The term P(E\H, B) expresses the probability (deductive) of obtaining evidence E (arising from
the input data set) given the hypothesis H (with respect to bias B). The choice of the evidence
criteria drawn from the input data set varies from one problem to another. Nevertheless, a
fundamental source of evidence is the observed error of the hypothesis H (as observed over the
input data set). The evidence E can be expressed as E =(e,f), where e is the observed error and/
represents the collection of any other source of evidence derived from the input data (e.g.,
similarities between them). The/component of evidence is particularly important in unsupervized
learning (clustering) approaches, where the input instances do not have a class label; in that case,
there is no observed error e to calculate.

The term P{E\H,B) can be rewritten as P(E\H,B) = P(e,f\HB) = P(e \H,B).P(f\ e,H,B).
The probability P(e \H,B) expresses the reliability of hypothesis H and is high when the observed
error of this hypothesis is close to the real error of it (with respect to the target concept) .This aspect
has not been made explicit by most existing inductive systems. Moreover, inductive methods
require that the error of the induced hypothesis is low. A sufficient condition for achieving
hypotheses with low real error is to choose among the hypotheses with high reliability the ones that
have low observed error on the input data set.

The term P(H | B) is the prior probability of hypothesis H (with respect to bias B) which
expresses subjective preference criteria for one hypothesis over another, and is independent of any
particular data set. These criteria are called "extra-evidential" by some authors (Watanabe, 1985;
Rendell, 1986). It is worth mentioning that the subjectivity of the prior probability has been
disputed by authors like Keynes (who believed that the only factors that determine the prior
probability are the similarities and differences observed among the input data) (Keynes, 1921), and
Carnap (who believed that the only important factor in the determination of the probability

5The model discussed here presents the authors' views on the induction task. Many other probabilistic
formulations have been reported in the literature (Mortimer, 1988).
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P{H \E) is the causal relation between H and E expressed by the probability P(E \H)) (Carnap,
1950).

1.4 Representation formalisms

In induction, when speaking about representation, one refers to:

• The formalism used to describe the input data.
• The formalism(s) used to describe the output hypotheses, as well as any intermediate hypoth-

eses considered during the induction process.
• The formalism(s) used to describe the background knowledge.

The background knowledge is either implicit to the instance and hypothesis languages, or can be
described in any of the hypothesis representation formalisms; background knowledge represen-
tation formalisms are not, therefore, considered separately.

Hypothesis representation formalisms are common to those used in other artificial intelligence
applications. Such formalisms include logic, graph-based representations, production rules,
frames, algebraic expressions and grammars. This paper will not discuss hypothesis representation
formalisms, since they have been adequately examined elsewhere (Kocabas, 1991).

1.4.1 Data representation formalisms

1.4.1.1 Attribute-based descriptions
In an attribute-based domain, every instance is represented as a vector of attribute values. Values
may belong to an unordered, partially ordered or totally ordered set; furthermore, the value set
may be finite, numerably infinite (i.e. integer numbers) or innumerably infinite (e.g., real
numbers)6. Attributes define global properties of an object, and are used to connect the meaning
(the intension) of a concept to the objects (the extension) that fit that meaning (Mervis & Rosch,
1981). Inference over an attribute space consists of assessing similarity among instances according
to their syntactic distance. However, such "syntactic" similarity may not be semantically sound if
the attributes are not the necessary and sufficient ones with which to describe the target concept.
Therefore, a background theory is additionally needed that indicates how similarity has to be
assessed on the basis of the domain attributes (Medin & Wattenmaker, 1986). The attribute-based
representation has been adopted by the statistical pattern recognition approaches (Devijver &
Kittler, 1982), and also by many artificial intelligence-based inductive systems (Gams & Lavrac,
1987).

1.4.1.2 Higher order descriptions
Attribute-based representations are awkward for describing domains in which objects are compo-
site structures of various components. This aspect was emphasized by the structuralists at the
beginning of this century; they believed that objects are decomposable into more elementary parts
that provide explanations for them (Medin & Wattenmaker, 1986). Such a view has been adopted
by the syntactic pattern recognition paradigm (Fu, 1974), in which objects are represented as
composite structures (of atomic components) that are generated with respect to a grammar. The
introduction of artificial intelligence techniques into inductive learning accounted for a variety of
data representations, such as first order logic (Hayes-Roth, 1974), semantic nets (Winston, 1975)
and frames (Blythe, 1988). In particular, first order logic has become a very popular formalism for
data representation, and has been used both for theoretical studies on the inductive learning

6For example, the attributes colour (whose possible values belong to the unordered set {blue,brown,red})
and age (whose possible values belong to the ordered set [0,100]) define a two-dimensional attribute space.
The vector (blue,\8) is an instance of that attribute space, where [colour = blue] and [age = 18].
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problem (Plotkin, 1971) and for the construction of inductive systems that induce clauses from
data, such as the CIGOL (Muggleton, 1988), FOIL (Quinlan, 1989 b) and GOLEM (Muggleton,
1991) systems.

1.5 Induction in machine learning

Machine learning is concerned with developing computational theories of learning and construct-
ing learning systems. Learning refers to the ability of a human (or machine) to increase its
knowledge and improve its skills. Induction is a way of learning, and has received considerable
attention in the machine learning community. This section outlines the two major inductive
learning paradigms, namely Supervised Inductive Concept Learning and Unsupervised Inductive
Concept Learning. Other machine learning paradigms that use induction to some extent, are7

connectionist learning, genetic algorithms, learning search heuristics and learning by analogy.

1.5.1 Supervised inductive concept learning

In this paradigm the learner is presented with a set of instances where each instance is labelled with
a unique class that belongs to a set of classes. The task is to develop a model that fits the input
instances, satisfies any background knowledge provided, and can be used to classify new unlabelled
instances.

The first approaches, based on statistical decision theory, appeared within the pattern recog-
nition field (Sebestyen, 1962; Nilsson, 1965), and pursued the minimization of the misclassification
rate. Classification models were mainly mathematically-based, such as discriminant functions,
density estimation models and distance-based models.

In the early 1970s, there appeared artificial intelligence-based approaches (also called symbolic)
(Michalski, 1973; Winston, 1975). These approaches, highly influenced by cognitive science, were
mainly focused on issues such as knowledge representation and human understandability, while
often requiring 100% consistency of the training data to the generated hypotheses (Mitchell, 1982).
The output hypotheses were described by logic-based or network models rather than by mathemat-
ical expressions.

Supervised inductive concept learning is the most widely studied machine learning paradigm,
and includes problems such as prediction of a law that governs a sequence of observations (Angluin
& Smith, 1983; Dietterich & Miehalski, 1985) and inference of a grammar from positive and
negative instances of it (Bierman & Feldman, 1972).

1.5.2 Unsupervised inductive concept learning

Unsupervised inductive concept learning can be divided into two major categories: scientific
discovery and clustering.

The task of scientific discovery is the determination of a set of qualitative or quantitative laws
that govern the generation of the input observations. Examples of scientific discovery systems are
the AM system (Lenat, 1983) (that discovered laws of set and number theory), and the BACON
system (Langley et al., 1984) (that discovered quantitative laws of chemistry).

In the clustering problem, the learner is given a set of unlabelled input instances and is asked to
partition the instance set into groups (clusters) so that members of the same group will exhibit a
high degree of similarity (Anderberg, 1973). There exist hierarchical clustering methods (that form
a hierarchy of clusters at various levels of abstraction) and non-hierarchical ones (that form a "flat"
partition of the input instances' set). The clusters can be presented either extensionally, by the
instances corresponding to each of them, or they can be given intensional descriptions (e.g., each
cluster can be expressed as a conjunctive concept); this latter type of clustering is called Conceptual

7These paradigms have been surveyed in detail in Kocabas (1991).
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clustering (Michalski & Stepp, 1983; Fisher, 1987). Similarity between instances is assessed as a
function of the descriptors used to specify them. Nevertheless, similarity may also take into account
the conceptual coherence of instances according to the specific type of concept (e.g., conjunctive
concepts), which is pursued in the case of conceptual clustering. Supervised inductive concept
learning can itself be viewed as a clustering process which also takes into account the teacher
provided class membership of the input instances.

1.6 Dimensions that characterize inductive algorithms

1.6.1 Incrementality

Single step inductive systems require all the training data to be available before the inductive
algorithm is used. When new training data become available, these systems have to discard
previously existing hypotheses and start the induction task from the beginning (with the enriched
data set).

Alternatively, there are incremental systems that allow new instances to integrate with pre-
viously existing hypotheses by suitably updating these hypotheses without the need to discard them
and start the induction process from the beginning. Incremental learning is inherent in the way
humans learn; humans use a partial memory learning mechanism while keeping in mind some
important events.

Single step inductive systems are more resistant to noise, but they are also slower when an
update is required. Nevertheless, there have recently appeared incremental learning systems that
exhibit good noise immunity because of the use of a numerical model that controls inductive rule
generation (Schlimmer, 1987; Gross, 1988).

1.6.2 Experimentation capability

Many inductive algorithms passively receive fully specified instances in order to induce hypotheses.
However, there are algorithms that possess active experimentation capability which allows them to
propose partially specified instance descriptions to an oracle (which may be either the system user
or another part of a more general system) and ask for the complete specification of them.
Experimentation capability helps to speed up the learning process, and to receive precise
information about instances whose concept membership is not clear (Gross, 1988). Furthermore,
experimentation enlarges the scope of hypotheses' types for which formal convergence properties
about their learning behaviour can be obtained (Amsterdam, 1988 a). Experimentation has often
been used in systems that learn search heuristics. These systems generate their own problems and
pass them to the heuristic problem solver which (by searching for a solution) provides positive and
negative instances of the operators' application to the inductive algorithm.

1.6.3 Search strategies

Inductive learning can be viewed as the process of searching the space of candidate hypotheses that
fit the input data and the background knowledge (Mitchell, 1982). Such a search is characterized by
three dimensions:

1. The strategy that controls hypotheses development. The most common strategies encountered in
the induction literature are depth first (Winston, 1975), breadth first (Hayes-Roth, 1974) beam
search (Clark & Niblett, 1987) and best first (Muggleton, 1987).

2. Induction by generalization vs. induction by discrimination. Some systems start with the most
specific hypotheses and gradually generalize them. Hypotheses obtained in this way give good
characterizations of particular concepts, but they are susceptible to errors of omission (resulting
from too specific generalizations) and errors of commission (resulting from over-
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generalizations). On the other hand, some systems start with an overgeneral hypothesis and
specialize it to discriminate between various concepts. Induction by discrimination is appropri-
ate for probabilistic domains where there may be noice or incomplete input information.
However, the results produced by discrimination systems may not always be humanly under-
standable.

3. Data driven vs. model driven search. Data driven systems use specific instance descriptions for
the hypothesis generation process (e.g., the AQ system [Michalski, 1973] uses seed instances to
form decision rules). Model driven systems suggest candidate hypotheses independently of the
particular instances pertaining to the data set; then use the input data to evaluate these
hypotheses and choose the best among them. For example, the CN2 system (Clark & Niblett,
1987) (one of whose intentions was to make a noise tolerant variant of AQ) considers all the
candidate terms and evaluates the quality and significance of each of them according to the fit
they exhibit with the input data set. Model driven systems are more appropriate for probabilistic
and noisy domains.

PART II: APPROACHES TO SUPERVISED ATTRIBUTE-BASED INDUCTION

The general characteristics of the induction process, which were specified in Part I, will be
illustrated in the supervised attribute-based induction approaches examined here. In the (super-
vised) attribute-based induction (ABI) problem, the learner is given a set of data (instances of the
domain), each of these described by a vector of attribute values and labelled with a unique decision
class that belongs to a set of classes. The aim of ABI is the construction of a hypothesis (which is
called a classifier) that will be used to classify new, unlabelled, instances. A simplified example of
the ABI process is provided in Figure 2.

We will view various approaches that have appeared in statistical pattern recognition and
artificial intelligence, under a unified framework. Particular attention is given to the conceptual
interpretation of these approaches rather than to the details or the jargon pertaining to specific
systems.

Section II. 1 discusses the major stages involved in attribute-based induction. Section II.2
indicates the difficulties of the ABI process. Section II.3 discusses various criteria employed to
assess the quality of the induced concepts, such as misclassification error, concept simplicity,
concept usability and ability of the concept to detect regularities pertaining to the problem domain.
Section II.4 criticizes the most important methods developed in the field of statistical pattern
recognition, such as discriminant analysis, exemplar-based methods and Bayesian classifiers.
Section II.5 presents and comments on the characteristics of artificial intelligence-based (also
called symbolic) methods, such as AQ and version spaces. Section II.6 surveys decision tree
classifiers, which incorporate features of both statistical and symbolic methods. Section II.7
outlines the Valiant learning framework which attempts to determine convergence rates and to

Data Set: age

25
18
32
27
34

job

student
student
secretary
nurse
doctor

hair

brown
red
blond
dark
red

class

+
+
-
—
+

Some Candidate Hypotheses:

1) IF [job = student] OR [hair = red] THEN [class = +] ELSE [class = - ]
2) IF [job = student OR doctor] THEN [class = +] ELSE [class = - ]
3) IF [hair = brown OR red] THEN [class = +] ELSE [class = - ]
4) IF [age < 25] OR [hair = red] THEN [class = +] ELSE [class = - ]

Figure 2 A simplified example of attribute-based induction (Attributes: age, job, hair, class)
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Initial
attributes

Figure 3 The attribute-based induction life cycle

analyse the complexity of ABI systems. Section II.8 discusses the applicability of attribute-based
induction in knowledge engineering, and also the associated difficulties and limitations of it.

II.1 Stages of attribute-based induction

The ABI problem involves four stages (see also Figure 3).

STAGE 1: Attribute construction
The initial set of attributes may not be adequate to account for a good quality classifier, and a new
attribute set, derived as a function of the initial attributes, may be needed. New attributes are
constructed either by the human expert or automatically by the system. When the induction
process involves the automatic construction of new attributes from the existing ones, it is called
constructive induction (Michalski, 1983). constructive induction is useful in the following circum-
stances:

1. To merge disjunctive regions in the original attribute space. When a class of the domain is
dispersed into many disjunctive (i.e., non-connected) regions of the original attribute space, it is
very difficult and inefficient to discriminate all these regions by a hypothesis that only uses the
initial attributes. Nevertheless, when these regions are systematically placed on the attribute
space, it is possible to construct new, higher level attributes, that make explicit that systematic
placement. This process has been called disjunctive construction (Rendell, 1988). Disjunctive
construction simplifies the final hypothesis description, improves the performance of the
resulting classifier over new instances, and helps in the prediction of new disjunctive regions
pertaining to the original attribute space.

2. To shift the bias implied by the initial attributes. The initial attributes, together with the
hypothesis representation language, impose a bias concerning the form of the output hypoth-
esis. It ofen happens that the target hypothesis cannot be expressed in the given hypothesis
representation language using the initial attributes, while the same hypothesis can be expressed
in that hypothesis representation language when using new attributes constructed as functions
of the initial ones. As an example, consider a two class domain (with classes + and - ) , where
each instance is represented as a pair of two real valued attributes (x,y), and the output
hypothesis should be represented as a conjunction of ranges of attribute values. If the target
hypothesis for class + is a circle with centre (xo,yo) and radius R, then the initial attributes are
unable to express that target hypothesis (w.r.t. the hypothesis representation language).
However, if the new attribute z = distance[(x,y) from (x0,yo)] *s constructed, the target
hypothesis can be expressed in the required hypothesis representation language, as follows:

if [z s R] then [class = + ]
else [class = - ]
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3. To compress a hypothesis into a more compact form. This is necessary in large domains (e.g.
chess endgames). In these domains the target hypothesis could be represented by the initial
attributes. However, it would be highly desirable to have a more concise hypothesis description
by using new, higher level attributes. Thus, the problem domain is structured from the initial
attributes to the higher level ones, and eventually to the decision classes. In this context,
constructive induction makes the output hypothesis more understandable to the human expert.
Furthermore, it increases the efficiency of searching through that hypothesis, in order to classify
new, unlabelled instances.

An example of hypothesis compression is the structured induction approach (Shapiro, 1987).
Structured induction creates a hierarchy of attributes in which the initial attributes lie in the
terminal nodes. At each non-terminal node, the value of the corresponding attribute is obtained
to be the class label resulting from the application of a classification rule which has been induced
using as attributes those that correspond to the children of the current node. Therefore,
induction takes place at each non-terminal node of the attribute hierarchy, in order to generate
rules that express the association of lower level attributes to the higher level ones. The root of
the hierarchy is associated with the set of the decision classes. Structured induction was a
successful approach for complex chess endgames. However, the attribute hierarchy was created
manually by the domain experts, and any attempt to automate it did not prove promising
(Paterson, 1983).

Other examples of hypothesis compression approaches are the DUCE system (Muggleton,
1987), which creates new terms when a common conjunction of attribute values appears in many
instances or rules, and the MIRO system (Drastal et al., 1989) that minimizes the number of
disjuncts in an AQ-like hypothesis description by amalgamating different attribute values into a
common higher level attribute value through background knowledge rules that express
attribute value dependencies.

STAGE 2: Attribute selection
The initial (or the constructed) attribute set contains unnecessary attributes whose presence
introduces problems, such as high dimensionality and/or noise. In this case, the system (or,
sometimes, the human expert) must select the attributes that are relevant for the design of the
classifier. The problem of attribute selection was initially addressed by Lewis (1962), and various
techniques for automatic selection of relevant attributes have been suggested by Jain and Dubes
(1978), Devijver and Kittler (1982) and Bairn (1988).

STAGE 3: Classifier design
This process (also called learning) is carried out automatically by performing induction on the set of
the training instances of the problem domain. There are various design methods which will be
discussed in the forthcoming sections. What is worth emphasizing is that the attribute construction
and selection stages do not necessarily precede but often occur during the learning stage.
Moreover, it is possible to iteratively perform induction by backtracking from a particular stage to a
previous one. Any induced classifier should be tested on a testing data set in order to assess its
performance. Furthermore, it may be necessary for the classifier to be refined and converted to a
new representation formalism before it is used for the classification of unlabelled instances.

STAGE 4: Classification (recognition) of unlabelled instances
During this stage, the classifier is used for the class identification of new, unlabelled instances. The
classification stage requires a rule interpreter that searches through the classifier to decide the class
with which the unlabelled instance will be labelled. The rule interpreter should take into account
the way classification rules have been generated from the training data.

The recognition process is often performed by an expert system that uses the classifier as its
knowledge base, the rule interpreter as its inference engine, and which also contains a user
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interface that enables the system to interact with the user and explain its reasoning. The expert
system may, also, provide a facility for the modification of its knowledge base, when necessary.

11.2 Difficulties of attribute-based induction

ABI is not a simple process. The main problems encountered during ABI are:

1. Inadequacy of the representation language to describe the target concept. One way to alleviate
this problem (which has been called incorrect bias in Part I) is to construct new attributes as
functions of the initial ones.

2. Related to the previous problem is the incapability of the current approaches to detect what type
of classifier is most suitable for a particular application. This makes ABI both an art (the
selection of the most appropriate classifier is, still, intuitively performed by the user) and a
science (in the methodological derivation of a classifier from a data set by the use of an inductive
algorithm).

3. Small size data sets and also biased data acquisition techniques render classifiers unreliable.
4. The presence of few attributes (inadequate to account for perfect classification) or too many (that

are redundant, irrelevant and increase, often exponentially, the complexity of the induction
process) (Kanal & Chandrasekaran, 1971; Jain & Dubes, 1978).

5. Noise in the data set which is due to erroneous or unreliable measurements. There are two types
of noise: noise in the attribute values and noise in the class label of instances. Noise is very
difficult to theoretically detect and analyse (Boucheron & Sallatin, 1988). To overcome noise,
systems use either statistical techniques (which aim at increasing the reliability of the classifier)
or additional domain knowledge (Clark & Niblett, 1987).

11.3 Quality criteria for classifier assessment

If. 3.1 Error

The error of a classifier can be defined as the probability of misclassification of a randomly chosen
instance of the attribute space. This probability cannot be exactly computed, but can only be
estimated from the input data set. The most commonly used error estimation methods are:

1. Resubstitution estimate estimates error on the basis of the percentage of misclassifications
occurring in the training data set. This method has been found to be optimistically biased
because the classifier has been constructed to fit the training data. However, if the number of
data tends to infinity, the resubstitution error estimate converges to the true error of the
classifier.

2. Holdout estimate estimates the error of a classifier by the percentage of misclassifications
occurring to a test data set independent from the training set. This method has been found to be
pessimistically biased (Toussaint, 1974). Another problem associated with the method is the
determination of the optimum split of an input data set into training and testing sets. A common
strategy is to use 70% of the input data for training and 30% for testing the resulting classifier
(Breiman et al., 1984; Cestnik et al., 1987). However, for a particular problem, (Highleyman,
1962) found that the size of the test set should never be less than that of the training set for the
error estimates to be reliable.

3. Cross-validation estimate partitions the input data into v equal size subsets, and each time one of
these subsets is kept as test set, while the other subsets are used together for training a classifier.
The above process is repeated v times, and the results, after testing the classifier on the
corresponding test sets, are averaged. This method becomes unbiased as v increases; increasing
the value of v, however, increases the computational cost (since v classifiers have to be trained),
and the variance of the error estimate (Glick, 1978). A particular case of cross-validation is the
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leave one out (or V) method, in which v equals the number of input data. For small samples, a
method of sampling with replacement, called bootstrapping (Efron, 1983), is more appropriate
for error estimation because of its low variance.

II. 3.2 Simplicity

Simplicity refers to the structure of the classifier. Simple structures are preferred to complex ones
because they tend to be better understandable to human beings (Michalski, 1983). Moreover, logic
based descriptions (e.g., production rules) are far more understandable than mathematical models
or complex graph representations. This is the reason why artificial intelligence methods often
sacrifice statistical soundness and error minimization for the sake of simplicity. Nevertheless, the
preference of simple hypotheses to complex ones (also known as Occam's razor or as the principle
of parsimony) often increases classification accuracy on non-training instances (Michalski et al.,
1986 b; Mingers, 1989 b; Blumer et al., 1987), because a complex hypothesis may be the result of
overfitting the training set. Moreover, simplicity is affected by the inductive bias. If the inductive
bias does not allow the target hypothesis to be included in the set of the candidate hypotheses, then
the induced hypothesis is often complex and overfits the training data.

II. 3.3 Usability

A necessary requirement for a classifier is for it to be effectively used when a new unlabelled
instance is to be classified. Effective use implies optimization in the search performed in order to
classify that new instance. Optimization is achievable by a well structured classifier (e.g., decision
tree) and/or by an appropriate rule interpreter. To increase usability it is often necessary to convert
an existing classifier into a more structured representation. Such an approach has been adopted by
the ELIS system (Leigh, 1984) that transforms a set of production rules into a directed acyclic
graph.

11.3.4 Regularity detection

The ideal aim of induction would be the determination of the target concept (the model that
underpins the selection of the input data). However, this aim is unlikely to be realized, unless the
learner possesses knowledge about the functional form of the target concept (e.g., the learner
might have been told that the target concept is a conjunction of attribute values). Such knowledge
is, in general, unavailable, but even its existence does not imply the possibility of identifying the
target concept in polynomial time (Kearns et al., 1987).

A minor aim of induction is the detection of interactions occurring among the input attributes.
Such interactions express regularities pertaining to the problem domain, and could be indicated
through the structure of the classifier. However, one should be very cautious in interpreting a
classifier's structure. In a series of experiments, Breiman et al. (1984) showed that tree classifiers
with slightly different accuracy, gave rise to totally different tree structures, for the same problem.

II.4 Statistically oriented methods

These methods have been developed within the statistical pattern recognition paradigm (Nilsson,
1965; Duda & Hart, 1973; Devijver & Kittler, 1982), and their main characteristics are:

1. They are not flexible in handling a mixed set of discrete and continuous attributes. Thus, they
either convert continuous attributes to discrete ones by grouping intervals, or they convert
discrete attributes to dummy continuous ones; both alternatives (especially the latter) may lead
to serious side effects and deviations from the desired performance of the classifier.

2. They view induction as a statistical decision theory problem. This is an advantage, in the sense
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that rigorous learning algorithms have appeared with interesting convergence properties.
However, the resulting classifiers are represented in the form of mathematical models which are
hard for human beings to understand. Thus a lot of information regarding the structure of the
domain remains implicit.

The most important statistical methods8 are discriminant analysis, Bayesian classifiers, nearest
neighbour classifiers (Duda & Hart, 1973) and belief networks (Pearl, 1985).

II.5 Symbolic methods

Symbolic methods have been developed by the artificial intelligence community, and they view
induction as a search in which the learner is given the input instances (as initial state), the
background knowledge (that defines rules of inference which enable moving from one state to the
next) and is required to reach an output hypothesis (final state) (Michalski, 1983). Moves from one
state to the next are guided by generalization, specialization and reformulation operators. The
representation formalisms involved in the inductive process (e.g., logic, graphs, frames, etc.) are
common to those employed in other areas of artificial intelligence applications. The objective of
symbolic approaches is to induce hypotheses which are represented in a humanly understandable
form (this is the reason why mathematical models are rejected) and can be used by an expert system
in order to classify new unlabelled instances. These methods often require the generation of a
hypothesis that does not misclassify any training instance. Therefore, symbolic methods are
appropriate only for deterministic domains. However, various versions of the methods can be
adapted to cater for probabilistic and/or noisy domains by the introduction of statistically oriented
heuristics to the learning process.

The following subsections discuss the two major existing symbolic methods, namely the version
spaces and the AQ algorithm. Other methods are exemplified by the CHARADE system
(Ganascia, 1987), the DUCE system (Muggleton, 1987), the STAGGER system (Schlimmer,
1987) and its descendant, the HILARY system (Iba et al., 1988).

11.5.1 Version spaces

The version space of a training data set, with respect to bias B, is defined by Mitchell (1982) as the
set of the hypotheses (resulting from bias B) which are consistent with all the training instances.
The hypotheses of the version space are partially ordered by the generality relation. Thus, the
version space is delimited by two sets: the set (S) of the most specific hypotheses, and the set © of
the most general hypotheses. Learning on a version space consists of incrementally accepting
training instances and updating the sets (S) and © until both shrink to the same unique hypothesis,
which is the target concept (see also Figure 4). Mitchell called the above learning process candidate
elimination. Failure to reach the target hypothesis means that this is not included in the hypothesis
space resulting from bias B (i.e., the bias is not correct, to borrow the terminology introduced in
section 1.2).

Mitchell (1982) has demonstrated that on a discrete attribute space with conjunctive target
concept and without noise in the training set, the candidate elimination approach is able to identify
this target concept. However,the cardinality of the set © may increase exponentially to the
number of data (Haussler, 1988). Furthermore, in a continuous attribute space, no finite training
data set can account for the exact determination of the target concept. Thus Haussler (1988)
introduced the idea of approximating the target concept by error at most e with confidence at least
1 — 5 and computing the number of instances required for that approximation (provided that the
target concept is conjunctive).

8This paper will not enter into the details of statistical methods because they are not widely used in knowledge
engineering.
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Figure 4 An illustration of the version space method. The attribute space contains two
numerical attributes {x\,x2) and two decision classes (o and x). The aim of induction is to
determine a hypothesis (which is a conjunction of attribute values) that covers all o points and no
x point. In Figure 4a the algorithm has accepted some data and has formed the sets ©and © to
be the following:

The set of the most general hypotheses ©contains two hypotheses (marked by the dashed lines
in Figure 4a), namely:

©={[0.5 fix, £2.5], [ 0 . 5 < J C 2 < 3 ] }
The set of the most specific hypotheses © contains only one hypothesis, namely:

© = {[1 < x, < 2] and [1.5 < x2 =s 2.5]}

In Figure 4b the algorithm has accepted more data and the sets ©and ©have both shrunk to the
unique hypothesis: [1 < x, < 2] and [1.5 < x2 < 2.5].
Now, © = ©, therefore the hypothesis:

if [1 < x, < 2] and [1.5 s x2 s 2.5] then class = o
else class = x

is the required target hypothesis

A serious problem arises when the target concept contains disjunctions. Murray (1987), in his
HYDRA system, suggested that one could minimally specialize hypotheses in d)by introducing all
possible disjunctions, if no conjunctive concept is fully consistent with the training instances. This
approach is guaranteed to produce a disjunctive concept consistent with the training data but not in
polynomial time. Other approaches which generate version spaces by introducing minimal
disjunction criteria, are discussed in Kodratoff (1988). Bundy et al. (1985) considered the version
space problem as a focusing problem where the aim is to minimize the uncertainty about the target
concept by incrementally adjusting the concept boundaries (by the acceptance of new training
instances) until these stabilize to the target concept. Thornton (1987) showed that the advantage of
the focusing method is that it is capable of discovering the target concept (in a discrete attribute
space) while other methods (e.g., decision trees) are not. However, he pointed out that the
efficiency of focusing decreases if the target concept contains disjunctions.

The version spaces approach does not seem useful for practical learning problems (e.g.,
knowledge base construction) for three main reasons:

1. It is restricted to two class domains, and no attempt has been made so far to extend it to multi-
class domains.

2. It works satisfactorily only with conjunctive target hypotheses or with target hypotheses in
which the number of disjuncts is very few.

3. It is computationally expensive.

II.5.2 TheAQ algorithm

The AQ algorithm (Michalski, 1973) was inspired by non-hierarchical seed-based clustering
methods (Anderberg, 1973). The objective of the algorithm is to group the training instances of
each decision class into a number of clusters (which are not necessarily disjoint) and assign to each
such cluster a description that is a conjunction of attribute values which cover all the training
instances of that cluster and no training instance that belongs to another decision class.

The algorithm can be described as follows:
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For each class of the domain DO9

1. Select a seed instance e from the class you wish to describe.
2. Generate a set of conjunctive descriptions such that each description covers the seed

instance e and does not cover any instance of another class.
3. Select the best conjunctive description © according to a quality criterion.
4. Remove the training instances that this description covers. Add © as a new disjunct in

the class description.
5. If there are still uncovered training instances of this class Then go to Step 1 in order to

generate new conjunctive descriptions to cover these remaining instances.
6. Else Form the decision rule:

If C, Or C2 .. Or Cr Then class
where C, (1 < / < r) are the conjunctive descriptions (clusters) that cover all the
training instances of class.

A simple example, illustrating how induction proceeds using the AQ algorithm, is given in
Figure 5.
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Figure 5 The AQ algorithm. The attribute space contains two numerical attributes {x\ ,x2) and two
decision classes (x and o). In the beginning, AQ looks for a conjunctive description of the instances
of class x. Picking as seed instance the \x\ point of Figure 5a, it induces the expression: [x, < 3].
Removing the training instances for which [x, < 3] (Figure 5b), there have still remained training
instances of class x. To cover these instances, AQ induces the conjunctive expression [x\ < 4] and
[x2 < 2] (Figure 5b). Now all instances of class x have been covered; therefore, the rule for class x is:

if [xi < 3] or ([xi < 4] and [x2 < 2]) then class = x

Following the same process, AQ generates the following rule for the class o (Figures 5c and 5d):

if ([A:, > 3] and [x2 a 2]) or [x, > 4] then class = o

9 If the domain contains only two decision classes, then it is sufficient to determine a rule only for the one class
and any instance that does not match that rule will be automatically classified to the other class.
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Conjunctive descriptions generated during Step 2 are assessed by a set of criterion tolerance
pairs ((/4i,Ti), . . . (Am,T m)) where A{ defines the criterion (e.g., number of terms in the
conjunction) and T,- defines a threshold of acceptance of a description with respect to that criterion.
The (conjunctive) descriptions are first assessed by criterion Ax\ those that score above threshold
T\ are assessed by criterion A2 and the same process continues over the next criteria until either the
list of criteria has been exhausted or a single description has remained as a candidate (which is
finally chosen).

The above algorithm can also account for incremental learning and various versions have been
produced, such as AQ11 (Michalski & Chilauski, 1980), AQ15 (Michalski et al., 1986 b) and GEM
(Reinke & Michalski, 1988). The general idea behind the AQ algorithm (i.e., seed-based
clustering) was also employed in the unsupervised learning (clustering) system CLUSTER/2
(Michalski & Stepp, 1983) which creates clusters from a training set of unlabelled instances and
intensionally describes each cluster as a conjunction of attribute values.

AQ is useful for constructing the knowledge base of an expert system, because it works with any
number of classes. Furthermore, the output hypothesis is represented as a set of conjunctive
If..then rules, which is the most common representation for expert systems. AQ has been applied
in the construction of an expert system for soyabean diagnosis. That system showed superior
performance to an expert system constructed by traditional knowledge acquisition techniques for
the same domain (Michalski & Chilauski, 1980). However, AQ is not appropriate for noisy and
probabilistic domains because it requires 100% accuracy of the induced rules on the training set. A
version of AQ, called AQ15 (Michalski et al., 1986), was built in order to induce probabilistic rules.
Nevertheless, AQ15 showed inferior performance compared to decision tree systems (Cestnik et
al., 1987). Another problem associated with AQ is that of rule interpretation. The rule induction
algorithm does not impose any constraints on the rule interpreters applicable to the resulting set of
rules. This can be regarded as an advantage, in the sense that any available rule interpreter (i.e.,
expert system shell) can be used for the classification of new instances. However, the induced set of
rules does not possess any structure (unlike a decision tree, for instance); thus, searching that rule
set for the classification of new instances might be inefficient.

II.6 Decision tree methods

Decision tree methods are a hybrid of statistical and symbolic methods. The statistical component
of decision tree methods concerns the tree induction process which is guided by statistically-based
criteria. The symbolic component concerns the decision tree structure and the conversion of a
decision tree into a set of production rules. For their predominant position in the inductive learning
literature, decision trees are dealt with in more detail than the other methods.

Decision trees are non-parametric classifiers that recursively partition regions of the attribute
space into subregions. A decision tree is a collection of nodes. Each node of the tree corresponds to
a region of the attribute space, and the root of the tree corresponds to the entire attribute space.
Each terminal node is assigned to a class. This class is assigned by the classifier to any instance that
belongs to the corresponding region. Each non-terminal node of the tree is associated with a test
with 1 possible outcomes. The test partitions the corresponding region of the attribute space into
subregions, where each subregion corresponds to a child of the original region.

A new instance is classified by the decision tree, by traversing a path from the root of the tree to a
terminal node. At each non-terminal node along the path, the instance is subjected to the test
associated with that node. The outcome of the test, which depends on the instance's attribute
values, determines the respective child node where the instance should pass next. When that
instance reaches a terminal node, it is classified to the class assigned to that node.

A generic decision tree development algorithm proceeds as follows:

Tree development algorithm
0. Initialize: A : = The root of the tree



Principles of induction 323

Dataset: = The entire training set
1. Expand-tree (A, Dataset)

Proceed expand-tree (A, Dataset)
If the stopping criterion is satisfied for Dataset Then
— Declare A as a terminal node
— Assign A to the majority class
Else
— Select a split from the set of candidate splits subject to a splitting criterion.
— Partition Dataset into m subsets Datasetj (1 < / < m) so that:
V @e Dataset, @ e Dataset, iff the attr. values of d classify it to child node
(subregion) B,.
— For each child node B, resulting after splitting node A Do Expand-tree
(B,-, Dataset,)

The decision tree development process (which is illustrated by an example in Figure 6) is mainly
characterized by four issues (Breiman et al., 1984):

1. A set of candidate tests (splits) whose outcomes determine the way a particular region (node) is
partitioned into subregions (child nodes). Most of the existing systems employ splits based on
the values of one attribute (as shown in Figure 6). For numerical (i.e., real or integer valued)
attributes, a region is usually split into two subregions10. For discrete attributes, some
algorithms create binary splits, while others create a separate child node for each distinct
attribute value. Some recent approaches have considered splits based on the conjunction of
several attribute values (Pagallo, 1989; Matheus & Rendell, 1989). Another alternative is to
consider splits based on linear combinations of numerical attributes (Breiman et al., 1984);
however, these types of splits result in decision trees that are not easily understandable to
human experts.

2. A criterion that determines which split to choose from the set of candidate splits. A region of the
attribute space is split into subregions, in order to reduce the uncertainty concerning the class
membership of the instances that belong to that region. That uncertainty is quantified by the
introduction of an impurity function f(A) associated with each region A. f(A) is a function of the
class probabilities at region A. These class probabilities are usually estimated by the class
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Figure 6 The decision tree development process. The attribute space contains two numerical
attributes {xi,x2) and two decision classes (o and x) (Figure 6a). The attribute space is first
partitioned by a line parallel to the x2 axis. Region (x, < 3) is not further partitioned, and it is
assigned to class x. Region (x\ S: 3) is further partitioned into two subregions by the line (x2 = 2).
The first subregion (x2 < 2) is assigned to class x (since all the training data corresponding to it belong
to class x). The second subregion contains few data belonging to class x; we decide to stop further
refinement and assign this subregion to class o (Figure 6b). Figure 6c shows the decision tree
representation of the feature space partitioning of Figure 6b

'"However, there are decision tree algorithms in which a split based on the values of a numerical attribute may
partition a region into more than two subregions (Kass, 1980).
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relative frequencies observed in the training set. The value of f(A) is low when the probability of
one class is very high, while the probabilities of the other classes are very low. After splitting
region A into subregions Bu . . ., Bh the impurity becomes X' = 1 P(Bj) . f{B\) (where F(6,) is
the probability that a randomly chosen instance from region A belongs to subregion 6,).
Therefore, the reduction in the impurity after splitting is A/ = f(A) — V' = i P(Bi).f(B]). A
decision tree algorithm chooses the split that maximizes A/ from amongst all the candidate
splits.

The most frequently used impurity functions are (Breiman et al., 1984):

(i) The entropy of the class probabilities pj (where 1 < j < k for a k class domain) at region
A:

k

f(A) = - ) Pi. log2 Pi)

(ii) The quadratic entropy (also called Gini diversity index) of the class probabilities at
region A:

k

(iii) The error of region A, if A was declared as terminal and assigned to the highest
probability class:

f(A) = 1 - max pj

An alternative to the impurity function-based splitting criteria is the use of statistical
tests, such as the %2 contingency test, that measure whether a candidate split signifi-
cantly reduces the impurity of a region (Kass, 1980). It has been shown that the
entropy impurity function and the x2 t e s t criteria are asymptotically equivalent
(Mingers, 1989 a). Furthermore, several variants of the splitting criteria presented
above have been considered to induce better decision trees for particular problems
(Mingers, 1989 a).

3. A criterion that determines whether to stop further partitioning of a region (and declare it as
terminal), and a criterion that decides whether to prune an already formed tree in order to
increase its reliability over the classification of future unlabelled instances. A standard criterion
for stopping further expansion of a node is that all the training instances corresponding to that
node should belong to the same decision class. However, such a criterion may result in large
trees whose terminal nodes correspond to very few training data. Such trees show high
misclassification error when classifying non-training instances, while the observed misclassifica-
tion error over the training set is very low. In order to increase the accuracy of the trees over
non-training data, it is necessary either to establish stricter stopping criteria or to prune an
already developed tree, by rendering some non-terminal nodes (regions) into terminal ones,
subject to a pruning criterion (Mingers, 1989 b).

4. A rule that assigns a class to the instances that belong to a terminal node (region). The most
common rule is to assign the class of the majority of the training instances that belong to that
node.

Induction of decision trees proceeds top-down, by splitting a region into small subregions
according to a split selection criterion (therefore, decision tree induction is model driven).
Furthermore, most of the existing inductive algorithms perform non-backtracking depth-first
search over the space of possible splits of a certain region. The induction of a decision tree that
optimizes a specific criterion (e.g., minimization of terminal nodes) can only proceed bottom up,



Principles of induction 325

but the search time is exponential in the number of the domain attributes (Payne & Neisel, 1977).
Therefore, bottom up methods are not practically useful.

Decision tree systems are not incremental, since the whole training set is required to be available
from the beginning of the induction process. Some incremental versions of decision tree systems
that appeared in the literature, such as the algorithms ID4 (Schlimmer & Fisher, 1986) and ID5
(Utgoff, 1988), update the tree only when the introduction of a new training instance significantly
changes the statistics associated with each node. However, both ID4 and IDS need to keep all the
training instances in memory in order to update the tree when necessary. Another important
alternative is to use a subset (a window) of the training set for learning a decision tree, and then to
examine the tree classification performance over the remaining training data; if the tree misclassi-
fies a significant amount of them, then the misclassified data are added to the existing window to
form a new window which will be used for the generation of a new tree. This process is repeated
until a tree with good classification behaviour on the entire training set is generated. Windowing
has been used by the ID3 (Quinlan, 1986) and C4 (Quinlan et al., 1986) systems; nevertheless,
experiments show that windowing does not offer significant advantages compared to single step
learning with the entire training set (Wirth & Cattlet, 1988).

An important problem pertaining to decision tree systems is how they handle missing attribute
values. Missing attribute values occur in three levels (Quinlan, 1989 a), and various methods have
been suggested to cope with them:

1. When computing the score of split selection criteria.
2. When assigning instances with unknown values on the splitting attribute(s) to the appropriate

branch(es).
3. When classifying instances that miss values of attributes encountered along the path from the

root of the tree to a terminal node.

The decision tree structure offers an excellent top-down inference method for classifying new
instances. However, most existing expert system shells are rule-based. In this case, the decision
tree can be converted into a set of conjunctive if Condition then class production rules, each rule
corresponding to a distinct path of the tree. Furthermore, it is possible to prune the initial set of
production rules by removing some conditions from the if part of these rules (Quinlan, 1987 a).
This type of pruning was found to be very effective, especially in cases where traditional tree
pruning techniques are unable to yield satisfactory results (Quinlan, 1987 b). However, a rule set
obtained from the paths of the decision tree destroys the tree structure and renders inference
ineffective. A method that isomorphically maps a decision tree into a set of production rules, is
described in Kalkanis (1989). This method results in larger rule bases than those obtained by
forming a separate rule from each path of the tree; on the other hand, it makes inference as
effective as with the original decision tree.

Decision tree induction is based on divide and conquer methods, since each region of the
attribute space is divided (split) into subregions, and each of these subregions may be further
divided. An alternative to a divide and conquer method is a separate and conquer method.
Separate and conquer methods induce decision lists which are specific types of decision trees. A
decision list is represented as a list of pairs ((Tucki), . . ., (Tr, ckr), default class), where T, =
Tj(x\, . . ., xd) is a Boolean function of the domain attributes, and cki is a class assigned to the
instances that belong to the subregion in which 7, = 1 (see also Figure 7). If T, is a function of a
single attribute, then the list is called a linear decision tree (Arbab & Michie, 1985).

Learning on decision lists mainly involves the determination of the appropriate term T, at level
/ - 1 of the list. In the approaches existing so far, this term is a conjunction of attribute values.
There are two main alternatives for choosing T,:

1. The class for which Tt is true is prespecified—this is the case in systems like PRISM
(Cendrowska, 1987) and GREEDY3 (Pagallo & Haussler, 1988).
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Figure 7 Separate and conquer methods determine a term that accounts for a satisfactory
classification of a part of the domain. The remaining part of the domain has to be recursively
subjected to the same process

2. The class for which 71,- is true is not prespecified, but is dynamically determined as the class of the
best candidate term—this approach has been followed by systems like CN2 (Clark & Niblett,
1987) and GROVE (Pagallo & Haussler, 1988).

The search methods for the derivation of T, are either depth first (e.g., PRISM, GREEDY3,
GROVE) or beam search (e.g., CN2). the evaluation functions used by the current systems, to
control search, are either information theoretic criteria (CN2, PRISM, GROVE) or criteria
maximizing the target class probability of the instances that satisfy the term 7, (GREEDY3).
Furthermore, CN2 applies a stopping criterion when the addition of further conjunctive terms to 7,
does not significantly improve classification quality, while GROVE and GREEDY3 perform
pruning by dropping some conjunctive terms after the entire T, has been created.

Decision lists are easily converted to production rules of the form if T, then cki which have to be
examined in the sequence they appear in the list, when a new instance comes to be classified.
Therefore, decision lists tend to be more understandable than decision trees.

In the long run, decision tree methods possess the following advantages over purely symbolic
methods:

1. They are applicable to both deterministic and probabilistic domains. Furthermore, they show a
satisfactory performance in the presence of noisy data.

2. The terminal nodes of the tree (and, subsequently, the resulting production rules) may be
accompanied by a certainty factor that indicates the probability of the classes assigned to these
nodes. Alternatively, each terminal node may be accompanied by a confidence interval estimate
of the error rate of the corresponding production rule. Confidence interval estimates can be
obtained from the training set (Kalkanis, 1991). The advantage of confidence interval estimates
over point estimates is that they incorporate the confidence component which expresses the
probability that the error rate of the resulting rule lies within the predicted interval.

3. The tree induction process is computationally efficient, and is guided by statistically sound
criteria.

4. The structure of the decision tree offers a simple rule interpreter which is very efficient for the
classification of new instances.

The major drawback of decision tree methods is a result of the single attribute splits that most of
the currently existing approaches use. Using only single attribute splits makes tree induction quick
because the set of candidate splits of a node is highly constrained. However, that constraint,
combined with the non-backtracking depth first search employed by most tree induction algo-
rithms, renders decision trees inappropriate for some problem domains. Decision lists relax the
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single attribute constraint by allowing binary splits based on a conjunction of attribute values,
nevertheless the requirement that one of the resulting two child nodes should be terminal might not
always be the best policy. To combine the advantages of decision tree and decision list approaches,
Chan (1989) suggested an approach in which each node is split by a conjunction of terms derived by
using decision list induction techniques. Both of the resulting child nodes are then considered for
further splitting.

II.7 The valiant learning framework

The Valiant learning (or Probably Approximately Correct (PAC) Learning) framework, was
introduced by Valiant (1984) as an attempt to analyse the complexity of the induction task and
provide convergence rates for various classes of hypotheses''. Learnability, in the sense of Valiant,
can be defined as follows (Haussler, 1987):

Definition A class of hypotheses (concepts) 3f is (polynomially) learnable if there exists an
algorithm L that runs in polynomial time w.r.t. all the associated input parameters, and also
that:

Given:
1. A set of training data coming from any probability distribution and any target concept

HeW.
2. A maximum error tolerance e and a confidence parameter d.

The algorithm induces a hypothesis HL in which12: />{Error (HL) < e} > 1 - 6. Furthermore,
the number of data required for inducing hypothesis HL is polynomial w.r.t e, d and any other
parameters pertaining to the problem domain (e.g., number of attributes, complexity of the
target concept, etc.).

The Valiant learning framework was first applied to Boolean attribute-based domains, and gave
some positive learnability results for various classes, such as conjunctive concepts, k-CNF, k-DNF
concepts, while it was found that the general Disjunctive Normal Form (DNF) class was not
learnable (Kearns et al., 1987). The above results were extended to be valid for any attribute-based
two class domain, by using results based on convergence rates of a generalization of the Glivenko-
Cantelli theorem given in Vapnik and Chervonenkis (1971). Such extensions have been reported in
Blumer et al. (1986) and Haussler (1988). Furthermore, various variants of the PAC learning
framework have appeared, intending to examine learnability under different learning protocols,
such as learning by experimentation (Amsterdam 1988 a), learning in the presence of background
knowledge (Milosavljevic, 1987), learning in the presence of attribute noise (Angluin & Laird,
1988), and incremental learning with memory bounds (Haussler, 1988 b).

However, the Valiant learning framework is very restricted. The main limitations of it are
outlined below:

1. It requires that the learner knows the class where the target concept belongs (i.e., the concept
bias) before induction begins. Christman (1989) extended the PAC learning framework so as to
perform a test and report whether the output hypothesis HL (produced by algorithm L) does
meet the learnability requirements. That test guarantees (with confidence 1 — <5) that any class
of hypotheses learnable by algorithm L will be reported as learnable by the test; while
hypotheses belonging to classes that do not guarantee learnability may also be PAC learned
byL.

1' A class of hypotheses is a set of hypotheses that share a common representation formalism. For instance, all
the hypotheses that are written as disjunctions of conjunctions of terms (where each conjunction contains at
most k terms), form the class of k-DNF (k-Disjunctive Normal Form).
l2Error (HT) is a random variable of the training sample, and is defined with respect to the target concept.
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2. The training set size required to PAC learn a concept H is valid for all concepts of a concept class
and for any probability distribution over the attribute space. However, in a practical induction
problem, the input data are drawn from a particular (although unknown) distribution, and the
target concept is not necessarily the most difficult to learn among all the concepts of the concept
class. Therefore, the actual problem required size of the data set is often much less than that
predicted by the PAC learning model. Buntine (1989) considered PAC learnability in a
Bayesian framework and produced more realistic figures.

3. The Valiant learning framework currently tackles two class deterministic domains, although
most real world domains are multi-class probabilistic ones (Amsterdam, 1988 b). Moreover, it
requires that the concept H r produced by algorithm L, is 100% consistent with the training
data. An attempt towards relaxing these constraints would be possibly to determine rates of
convergence for algorithms that minimize the resubstitution error rather than requiring the
latter to be zero (Vapnik, 1989).

II.8 Applicability of inductive methods to knowledge engineering

Inductive methods are useful for knowledge base construction and knowledge base refinement.
Knowledge base refinement is used to:

1. Integrate new knowledge into an existing knowledge base so that the new knowledge is
consistent with the existing knowledge.

2. Compress a knowledge base in order to resolve conflicts, eliminate redundant rules and impose
a better structure to it. Methods for automatic knowledge base refinement are reported in Lee
and Ray (1986) and Wilkins and Buchanan (1986).

Knowledge base construction is the main application area of inductive methods. Attribute-
based induction is the most common inductive learning paradigm used for knowledge base
construction. Attribute-based induction simplifies the knowledge acquisition task, because the
domain expert(s) is not required to explicitly articulate a complete and consistent set of rules that
express his/her domain expertise. Instead, the expert should determine a set of necessary and
sufficient attributes that characterize the problem domain. Furthermore, the expert should format
an available set of past cases (instances) of the problem domain, so that each case is described as a
vector of attribute values.

The determination of a set of necessary and sufficient attributes is a non-trivial process. The
expert should take care not to include irrelevant or highly correlated attributes. Moreover, the
attributes must be formatted in a way directly relevant for the expression of any causal relationship
between attribute values and classes. For example, if the difference x — y of two numerical
attributes affects the class membership of an instance (while none of x and y affect the class
membership individually), the expert should include the attribute x — y in the attribute set, rather
than just the primitive attributes x and y. Including only primitive attributes renders classification
rules inefficient. Even the most sophisticated constructive induction approach is unable to
compensate for the human expertise in the selection of the appropriate set of attributes.
Constructive induction approaches are effective once an appropriate set of initial attributes is
available. Furthermore, many of the existing constructive induction techniques require a consider-
able amount of background knowledge in order to suggest useful new attributes.

The formatting of a large set of past cases into vectors of attribute values is a tedious process that
requires considerable attention and expertise. Different cases may have been recorded by different
experts in the files, and it is very hard to describe all these cases by the predefined set of attributes.
Therefore, many revisions in the predefined attribute set are necessary to reach a set of necessary
and sufficient attributes and format all the cases as vectors of these attributes' values. Furthermore,
there may be missing or erroneous attribute values which degrade the performance of the resulting
set of rules. Another problem is that the set of the available past instances may not be fully
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representative of the problem domain. In this case, the expert has either to provide a set of
additional simulated instances, or has to modify the rules generated by the inductive algorithm in
order to compensate for unrepresentative training data.

The rules generated by an inductive algorithm are rarely used immediately as the knowledge
base of an expert system. Human experts often refine the induced rules by removing irrelevant
conditions and adding other conditions missing from the original rule set. Buntine and Stirling
(1989) describe an approach called interactive induction, where the following iterative process
takes place: a decision tree algorithm generates rules from data. The expert modifies these rules by
considering new attributes and/or removing some other attributes from consideration. The training
data are reformatted by updating the set of attributes, and the decision tree induction algorithm
runs with the updated attribute set. Iterations stop when the expert is happy with the decision tree
output. Interactive induction was successfully applied to generating rules for routing steel
produced in a job shop.

Above all, attribute-based induction is not appropriate for complex domains where higher order
languages (such as predicate logic, graphs or frames) or deep knowledge models are necessary.
Nevertheless, learning in complex domains usually requires a large amount of background
knowledge to be supplied by the expert in order for the system to generate accurate hypotheses in
an efficient manner. However, some attribute-based induction approaches can be extended so as to
be applicable to complex domains. Examples of such attempts are the INDUCE (Michalski, 1983)
and the FOIL (Quinlan, 1989 b) systems that are first order logic extensions of the attribute-based
systems AQ11 and ID3, respectively.

Conclusions

The first part of this paper tried to make clear that induction is a subjective process, since there may
be more than one alternative hypothesis that fits a set of input data. The choice of the final
hypothesis is a consequence of the inductive bias which incorporates the learner's preference for
one alternative over another. The subjective statement of the inductive problem was then
quantified and the role of the representation in the induction task was highlighted.

Part II focused on methods for attribute-based induction. In attribute-based induction, most of
the background knowledge is incorporated in the semantics of the input attributes, further to that
point induction becomes, more or less, a mechanistic process. The basic criteria to assess the
quality of the induced rules are their accuracy over the classification of new unlabelled instances
and their soundness and understandability to the human experts. Early statistical approaches,
developed within the field of pattern recognition, disregarded the issue of soundness and
understandability, while many symbolic approaches (developed by artificial intelligence
researchers) failed to produce successful classification rules in noisy and uncertain domains. It
seems that approaches such as decision trees and decision lists (both of which are easy to convert to
production rules) offer the advantage of statistical preciseness together with that of human
understandability.

In the long run, it is questionable whether inductive methods can cover the whole knowledge
acquisition life cycle. In the authors' opinion, rule induction should be integrated as part of the
knowledge acquisition process (which encompasses other stages, such as background knowledge
elicitation, validation and refinement of the induced rules by the user, etc.). Efforts for creating
such integrated knowledge acquisition methodologies, are still at the research stage (Rappaport &
Gaines, 1990).
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