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Abstract

This paper examines the claim that machine induction can alleviate the current knowledge engineer-
ing bottleneck in expert system construction. It presents a case study of the rule induction software
tool known as Expert-Ease and proposes a set of criteria which might guide the selection of appro-
priate domains.

1 Introduction

It is widely accepted that one of the critical bottlenecks in the construction of expert systems lies in
the elicitation and representation of expert knowledge, which can typically take months of intensive
effort. The reasons for this stem largely from the fact that when knowledge elicitation takes the form
of in-depth interviews, human experts often find it difficult to articulate and make explicit the know-
ledge that they undoubtedly have [22] indeed, much expertise is held on a tacit basis [15]. Thus, even
though experts are able to articulate certain formal rules, heuristics, and known facts of their do-
main, the information they leave out can be more important because of its crucial role within their
overall expertise; this unstatable knowledge sets the context within which overt knowledge is exer-
cised [2]. In order to circumvent this problem there have been moves in certain quarters of AI to use
an alternative knowledge elicitation technique known as machine induction.1 This involves the
automatic induction of domain rules from examples of decisions (e.g. classifications or diagnoses)
provided by experts. The rationale behind this approach is the contention that while human experts
may be poor at articulating domain rules suitable for direct inclusion in the rule base of an expert
system, they can readily supply examples of their decisions. Building on the work of Hunt [8],
several machine-efficient programs now exist to aid the speedy construction of expert system rule
bases [1, 10, 12, 16]. One of these programs—Quinlan's ID3 algorithm—is now commercially avail-
able in several packages such as Expert-Ease which is produced by Intelligent Terminals Ltd see:
[14, 18, 21]. Given a series of domain examples (known as a training set) for which values of specific
attributes pertaining to the examples are assigned, the program can induce an exhaustive decision
tree or machine-executable classification rule for those examples.

The use of programs to induce machine-executable rules from domain examples raises a number
of important philosophical issues; for instance, we might question the validity of inferences based
upon only incomplete or partial knowledge of a domain. The problem of induction—whether by
humans or machines—has occupied philosophers for a considerable time and remains essentially
unresolved. Michalski [11] points out that philosophers such as Polya doubted the possibility of
machines ever making plausible inferences. However, Michalski himself takes the view that recent
developments in artificial intelligence (AI) enable sufficient background knowledge to be given to a
computer program so that the problem of induction by computers can now be considered to have
become more tractable. Michalski and Chilausky [12] also claim that domain rules derived by
machine induction methods can be more successful in practical trials than those obtained by the
conventional interview-based methods of knowledge engineering. These are obviously important
claims and indicate that machine induction merits some scrutiny. In this paper I aim to set the tech-
nique of machine induction in perspective, and in particular to explore the claim that it can alleviate
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the bottleneck in knowledge engineering. I will also develop some useful criteria for selecting do-
mains suitable for the elicitation of knowledge by this method.

In the following section I will briefly introduce the idea of induction before going on to discuss
the expert system development tool known as Expert-Ease which I will use for a case study of
machine induction. (For other critiques of Expert-Ease see: [5, 6, 7, 13]).

2 The problem of induction

Put crudely, the process of induction (inductive inference) involves an attempt to make a general
statement about a class of objects based upon particular pieces of information about those objects.
For example, on the basis of observing the attribute "whiteness" among several different members
of the swan species one might infer that all swans were white. The intrinsic problem with such
reasoning is that induction is really a form of conjecture and there cannot exist any formal or logical
proof that an inductive inference is actually true; unless, that is, all of the objects in a domain are
known. This contrasts with the situation of deductive inference where, providing certain general
statements are true, then other more particular statements deduced from them are also true. The
quandary posed by the contrast between deductive and inductive inference is neatly summed up by
Shapiro [20, chapter 1, p. 5]:

The reason that it is not in general possible to provide an inverse to the deduction function is that unless all
relevant facts are available, a collection of facts is not a replacement for a theory and a theory induced from an
incomplete set of facts may always be refuted when further facts come to light.

In principle it is possible to induce an unlimited number of hypotheses about any given collection of
objects—a multiplicity which poses severe problems in assessing the validity of such hypotheses.
However, the purpose of machine induction is not, strictly speaking, necessarily that of discovering
new or original rules about a domain but, rather, that of capturing an adequate representation of
the knowledge of an expert. A number of practitioners of machine induction therefore impose the
working constraint that induced rules should be both intelligible and plausible to a domain expert.
Some also suggest that only the simplest rules should be selected—following the principle of
Occam's Razor. By such means it is contended that the problem of the validity of rules is not as
severe as might otherwise be supposed. Thus, while the computer can be used as a super-efficient
means of generating possible rules, human experts can serve an evaluative function in accepting or
rejecting rules when appropriate.

3 Expert-ease

As pointed out earlier, Expert-Ease is an implementation of Quinlan's ID3 algorithm. In its present
form Expert-Ease can handle a training set of the order of 250-300 examples; any training set can
have up to 31 atrributes with either logical (meaning nominal) or integer values. An example of an
integer attribute could be temperature, with values such as 10c, 12c, or 45c; a logical attribute could
be represented by the weather, with values such as sunny, raining, or snow. Integer attributes can
have any value in the range from - 32,766 to + 32,767; while logical attributes can be assigned up to
32 different values. A decision class or category is assigned for each example and can take on a series
of logical values. Essentially, the program works by finding an efficient classification rule or decision
tree for the examples. It is important to appreciate that Expert-Ease does not induce the only de-
cision tree for a given training set—indeed, different rule induction algorithms will tend to give dif-
ferent results from the same examples. Further, in certain cases one only has to increase the size of a
training set by one example in order to force Expert-Ease to arrive at a rule that is substantially dif-
ferent in appearance—e.g. the second rule might involve tests on attributes that were previously
untested.

In order to explore some of the issues inherent in attempts to elicit knowledge using Expert-Ease I
propose to consider the following questions:
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3.a How can suitable domains for the use of rule induction be identified?

While it is possible to show that machine induction is useful in certain well chosen domains such as
fault diagnosis or chess end games [17]—where all of the objects in a domain are known—a question
mark inevitably hangs over its role in those areas of expertise where knowledge is less well-bounded.
The problem that faces knowledge engineers who have to decide whether or not to use a machine
induction technique is the fact that the very nature of induction allows for no general theory of
applicability; without that knowledge engineers can only hope to arrive at piecemeal criteria by
which domains suitable for machine induction might be identified. One such criterion comes from
the distributors of Expert-Ease who warn that the program is not suitable for problem domains in
which random or stochastic influences play an important role—other criteria will emerge in the con-
text of the following questions and will be properly formulated in the final section.

3.b If experts are often unable to fully explicate their knowledge or to easily provide operating rules of
their domain, can they provide an appropriate range of examples (a training set) of their decisions?

Exponents of machine induction argue that although experts may find it difficult to provide domain
rules, they can easily supply domain examples. However, though it seems fairly evident that experts
can provide examples of their expertise or judgements, this is not to say that they can stipulate an
exhaustive set of examples which encapsulate their expertise. That is, the provision of a training set
involves much more than giving a list of possibly random examples; rather, these have to be care-
fully chosen if any really useful knowledge is to be transferred from the expert to the program. And
if experts cannot fully explicate the basis of their expertise how can we assume that they are in any
better position to provide an adequate training set?

3.c As each example is specified by a decision class or category, and a series of attributes, can experts
provide the relevant attributes?

If there is any merit in the argument that experts rely on intuitive know-how rather than rules[4],
then what standing do the posited attributes have? This is an important question because the attri-
butes supplied to a rule induction program are perhaps the most crucial input in this form of know-
ledge elicitation process. Yet, Expert-Ease itself cannot assist in the correct selection of attributes.
To be sure, experts can point out salient features pertaining to their decision-making activities—
otherwise they would hardly qualify as experts—but how can it be known whether or not these con-
stitute a sufficient set of attributes for the construction of a valid decision tree? A similar point has
been noted by Fox [5]; he imagines a case in which a diagnostic decision rule is induced from a train-
ing set composed of patients' records that include the attribute "age"—"if all the patients have dif-
ferent ages then . . . this is a perfect discriminant for the examples but if, in fact, age is irrelevant to a
diagnosis it will also have no predictive power". While a domain expert could spot such obviously
spurious attributes there is no guarantee that other more plausible but equally spurious attributes
will not be included—experts cannot account for all that they know. To be sure, if a complete set of
examples is presented to the program then the resultant decision tree is exhaustive; but this restricts
the use of rule induction to domains where all the objects are known beforehand. It is obviously
more desirable if induced decision trees have a predictive power for new examples: but this will
depend on the epistemological standing of the particular inductions in question.

3.d Given (3.c), can experts unambiguously assign values for the attributes?

Even if, for the sake of argument, we assume that experts are able to supply examples and relevant
attributes for a particular domain, can it be further assumed that the possible values that attributes
can take on are as readily available too? With logical attributes the values have to be strictly defined
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in advance. However, an expert might well know that a particular factor was important, and there-
fore constituted a putative attribute, but be uncertain as to exactly how the values of the factor
could be defined. Also, there is a related question here concerning the sensitivity of a decision tree to
discrepancies in the assigned values of attributes for any given example. General answers to these
questions cannot be given for they will depend on the particular domain and training set in question.

3.e What happens when users encounter new examples? can the values of attributes for any given
example always be unambiguously assigned?

The user of a decision tree might employ several different strategies to deal with new examples that
potentially have attributes, or specific values for attributes, which do not conform to those specified
with the original training set. The existence of such anomalous examples is important because of the
problematical nature of inductive inference: inductions based on an incomplete universe of objects
are always open to refutation by new instances. It turns out that the reactions of people to objects
which are similar to, but also different from what they expect, has been studied by anthropologists
and psychologists; these studies have an important bearing on the practical utility of machine induc-
tion. For example, one commentator sums up the matter as follows:

In a chaos of shifting impressions, each of us constructs a stable world in which objects have recognizable
shapes, are located in depth, and have permanence. In perceiving we are building, taking some cues, rejecting
others. The most acceptable cues are those which fit most easily into the pattern that is being built up.
Ambiguous ones tend to be treated as if they harmonised with the rest of the pattern. Discordant ones tend to
be rejected [3, p. 36].

The implication of this insight for the use of classification rules is that the treatment of anomalous
examples cannot be controlled by the knowledge engineer; different users of a classification rule may
react differently to the same anomaly. Where rule induction is used as an aid by domain experts this
is not really a problem for they are in the best position to judge what should and should not be con-
sidered to be an anomalous example; but it does imply that there is a limit to the level of user exper-
tise below which a classification rule should only be used with caution. In terms of costs, depending
on the nature of the problem in hand, the false classification of new examples could have con-
sequences which were more or less disastrous. For many domains the calculus of costs might be such
that false classifications (and their subsequent actions) constituted an insignificant, or at least an
acceptable risk. However, recently certain exponents of rule induction have called for the use of the
technique in relation to tasks such as aircraft take-off and landing and the control of nuclear power
installations. In domains such as these the calculus of costs would obviously be an important criter-
ion for assessing the practical utility of induced rules.

3.f What is the nature of a decision tree constructed by Expert-Ease? Put another way, what does it
mean to say that the program classifies the training set?

To illustrate the nature of the classification rule or decision tree produced by Expert-Ease, it is useful
to consider the following case. Suppose our training set consisted of co-ordinates for the X-Y plane,
that each example had an X-value and a Y-value, and that the decision class was either "yes" (indi-
cating that the example was on the straight line Y = X) or "no" (indicating that the example was
not on the line Y = X). Table 1 indicates such a possible training set.
Table 2 shows the decision tree induced by Expert-Ease from this training set.2

Table 1

X
1
0
1
2
3

Training set

Y
0
1
1
1
3

of X-Y co-ordinates

CLASS
no
no
yes
no
yes

X
5
6
6
8

10

Y
1
6
7
9

10

CLASS
no
yes
no
no
yes
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Table 2 Decision tree for the training set

Clearly, in this case Expert-Ease does not produce the most obvious classification rule: if X = Y
then yes, if not (X = Y) then no. Rather, in classifying the examples and thereby inducing a decision
tree, Expert-Ease effectively partitions the X-Y plane (the attributes space) into areas of "yes" and
areas of "no". And if we asked the program to classify other examples not originally included in the
training set (thus testing the predictive power of the decision tree) it would classify each example
according to which partition its co-ordinates happened to fall into. The accuracy of the decision
would depend on the relative size of the training set in comparison to the universe of co-ordinates;
the greater the training set, the more fine detail we would have in the decision tree—the smaller the
partitions in the X-Y plane—and the more powerful would be its predictive power. In this example
the problem of the resolution of the decision tree arises because the attributes had integer values but
with logical attributes, the decision trees are somewhat different. As stated earlier, with logical attri-
butes all possible values have to be specified in advance; otherwise, the program would query any
new example that had undefined values for an attribute. Such examples could of course be included,
but the decision tree would have to be re-induced—which brings us back to the problem of dealing
with potential anomalies.

3.g What is the epistemological status of a machine-induced rule?

The most fundamental question of all concerns the relationship between an expert's intuitive know-
ledge and a rule induced from examples of his or her decisions. More specifically, does an induced
rule represent a formal statement or transcription of an intuitive rule of thumb, or does it merely
represent a means of accounting for the competence of the expert? Although a machine induced rule
might appear reasonable to a domain expert, this does not mean that he or she actually uses that
rule in practice—nor indeed, that it is necessarily valid because it is plausible. When experts enter
into a dialogue with a knowledge engineer they begin to engage in form of a role-play in which they
reflect on their expertise in an abstract and artificial way. When asked to supply domain examples
and relevant attributes they implicitly take on board the assumptions of the machine induction
method. Further, there is a danger in this that they might tend to say what the knowledge engineer
wishes to hear. And, as Waterman [22] notes, experts can be nudged or constrained into a way of
thinking that bears little or no relation to their real problem-solving activity. Critics of knowledge
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engineering such as the Dreyfuses argue that experts do not use rules but, rather, intuitive processes
built up through experience; these do not depend on statable attributes so much as whole visual and
emotional experiences which are stored in an expert's memory. On this view the stipulation that
machine induced rules are required to be intelligible or plausible may not be quite as powerful a con-
trol as some have claimed. For if experts do not use rules, or if they don't rely on statable attributes,
then any plausibility granted to decision rules may be primitive at best, and completely spurious at
worst.

Another means of assessing the epistemological status of machine induced classification rules is
to compare them with the standing of other forms of knowledge which are also conjectural in char-
acter. One useful comparison can be made with mathematical knowledge; here I will specifically
consider the problem of classifying mathematical objects. In seeking to make generalizations about
the properties of objects such as polyhedra, mathematicians make inferences in the form of conjec-
tures and then attempt to prove them—if successful, conjectures become accepted as theorems. For
example, take the Euler-Descartes conjecture which provides a formula for the classification of
polyhedra; it states that for all regular convex polyhedra, V — E + F = 2; where V, E, and F repre-
sent the number of vertices, edges, and faces respectively [9]. To illustrate the formula, we might
consider the case of the simple cube; it has 8 vertices, 12 edges, and 6 faces. Substituting these values
in the formula yields the following: 8— 12 + 6 = 2. A number of proofs exist for this conjecture,
but just as an inductive inference based on an incomplete universe of examples is always open to
refutation by new examples, so too the mathematician cannot know whether there exist unknown
counterexamples which could refute the conjecture or a proof for it.

Now, what if we specified a training set for Expert-Ease which consisted of examples of potential
polyhedra, with attributes V, E, and F, and decision categories to indicate the status of each
example—i.e. whether or not the formula held. Clearly, following the implications of the experiment
with co-ordinates from the X-Y plane, Expert-Ease could not discover a rule in the form of the
Euler-Descartes conjecture. But the epistemological gulf between whatever classification rule
Expert-Ease induced and its mathematical counterpart does not simply stem from differences in
power and generality: for the Euler-Descartes conjecture is accompanied by proofs—which though
fallible, provide a more substantial basis for commitment and usage.

4 Overview

At the beginning I stated the aim of assessing whether or not rule induction might solve the know-
ledge engineering bottleneck. The preceding section has set out a number of problems in relation to
the use of rule induction and depending on how one interprets them one can arrive at different con-
clusions. In general terms, these problems can be viewed in two different ways. The first way would
be to consider them as technical or methodological in nature—in other words, they are concerned
essentially with the need to ensure an efficient and meticulous approach to rule induction. The other
way would be to view the problems as arising from the differences between the real knowledge of
domain experts and the model of expertise underpinning rule induction methods of knowledge
elicitation. Of course the latter position does not contradict the conclusion that methodological
rigour must become a hallmark of knowledge elicitation by rule induction; indeed it provides a more
powerful reason for extolling it. However, it says much more than that; for it implies that assessing
the utility of rule induction in any particular domain is a task that depends more on a substantial
knowledge of that domain than it does on the adherence to methodological strictures. On the former
view, removing the knowledge engineering bottleneck is only a matter of time and effort; on the
latter view, either the bottleneck is bound to remain or it will be merely superseded by problems
arising from the use of spuriously induced rules in ill-chosen domains.

That the machine induction lobby does not appear to have seriously taken up the issue as to the
possible range of reasons why experts are inarticulate stems from their assumptions about the
nature of expert knowledge. In a sense it seems fair to say that exponents of machine induction
merely wish to devise techniques that will get round the bottleneck problem. That is, the fact that
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experts cannot fully account for their own expertise is not the point of departure for philosophical
or other in-depth analysis; rather, it serves only to stimulate the development and refinement of
knowledge elicitation techniques within the existing framework or paradigm of knowledge engineer-
ing. The problem is not thought to lie in the models of expertise assumed by knowledge engineers
but in a lack of sufficiently powerful methods. Among some exponents of machine induction (but
also others in AI more generally) this has led to a rather superficial treatment of the problem. For
example, Shapiro states that "expertise does not include the ability to explain the reasons for . . .
professional decisions . . . [experts] have to a large extent forgotten how they learned their trade,
which tends to be largely based on experience assimilated into a form of intuitive 'Know-how'".
Further, Waterman [22] suggests that expert knowledge is stored in the human mind in a
"compiled" form. [For an alternative view to that proposed within AI see: 4, 19].

In a similar vein, advocates of rule induction methods have not adequately considered the
epistemological status of induced rules. In short, there may be little basis for faith in an induced rule
derived from incomplete data—however plausible it might appear; there is no equivalent to the
mathematicians's proof or anything approaching it. Yet, some advocates of machine induction
would all but exclude experts from the rule induction process. For example, in cases where data sets
already exist (e.g. medical records) there has been at least one suggestion that domain experts—
whose time is costly—be bypassed until the later stages of the knowledge engineering process and
rules induced directly from raw data. In contrast, in light of the problems outlined earlier, it would
seem reasonable to take an opposite view and suggest that domain experts must be brought into the
rule induction process early on.

Finally, it is worth returning to the problem of identifying suitable domains for the use of rule
induction; on the basis of the preceding discussion the following criteria might be considered to be
useful, though by no means exhaustive.

1 Any chosen domain must contain sufficient examples such that it is possible to construct a train-
ing set which constitutes a comprehensive encapsulation of expertise in that domain. In other
words, domain experts must be able to have confidence in providing the important examples.

2 It must be possible to choose attributes that can be clearly defined, both conceptually and in terms
of the values that they can take on.

3 Any potential domain should allow the choice of a training set and attribute values which are suf-
ficient to give the resulting decision tree enough resolution to cope with the range of examples
likely to be encountered in the future.

4 Domain experts must be able to formulate specific guidelines about how potentially anomalous
examples are to be dealt with.

5 Before a decision is taken as to whether or not to proceed with machine induction in a given do-
main, it is necessary to consider the potential costs of misclassification. These costs can then be
used as a criterion for informing the final decision.

6 The "deep" knowledge of the domain should be such that the "surface" plausibility of classifica-
tion rules can be backed-up by more substantial arguments.

Summary

In this paper I have sought to examine the claim that machine induction can alleviate the bottleneck
in knowledge engineering. Focusing on several problems inherent in the use of one particular
machine induction tool (Expert-Ease) I have suggested that solving the bottleneck problem is not
merely a matter of technique but necessitates a deeper investigation of the nature of human exper-
tise. On a more positive note, I have none the less concluded by suggesting a set of cautious criteria
which can be used to guide the selection of domains suitable for the use of Expert-Ease.

Notes

1 Induction is also very important in the area of machine learning.
2 The decision tree in Table 2 can be presented in a more readable form as follows:
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