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modate the examples.

Unfortunately we do not have the space to de-
scribe theory revision in detail. However, note that
theory revision systems have been implemented us-
ing a variety of techniques, including both logic
and connectionist frameworks. Here we use the

system, which revises theories expressed in
an extended propositional logic. In , the-
ories consist of rules written as Horn clauses and
examples represented as vectors of observable fea-
tures. uses abductive and inductive reason-
ing to affect six types of changes. Antecedents can
be specialized, generalized, added or deleted, and
rules may be added or removed from the theory.
For a more detailed overview of theory revision and
the algorithm, see (Ourston and Mooney,

1990).
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Our description of the algorithm begins
with the observation that student modeling can be
viewed as theory revision. Due to the restrictions
imposed by , 1t 1s assumed that the tutor-
ing task is a categorization problem (multiple con-
cept lesson). While categorization problems have
not been a major focus of ICAI modeling efforts,
concept lessons have a well understood pedagogy
(Dick and Carey, 1990) and are common CAT appli-
cations. Furthermore, as Gilmore and Self (Gilmore
and Self, 1988) have pointed out, machine learning
has been successfully applied in categorization do-
mains making it natural to explore its potential in
concept tutorials. Other tasks, specifically proce-
dural ones, in general cannot be represented using
propositional Horn clauses. It is important to point
out, however, that the basic technique of using the-
ory revision for student modeling is not limited to
categorization domains since other theory revision
algorithms may use different underlying representa-
tions.

Given this assumption, the correct knowledge for
the task can be represented in a straightforward
manner using Horn clause rules. Fach concept is
represented as the head of a Horn clause, and the
components of that concept make up the predicates
that form the body of the clause. Disjunctive con-
cepts are represented using multiple clauses. Fig-
ure 1 shows part of a theory for animal classifica-
tion.

The full theory classifies examples as one of twelve
different animals. The rules form a hierarchy where
the consequents of some rules are referenced as
antecedents in others. Disjunctive concepts (e.g.
« ”) are represented by multiple rules. Ex-
amples are classified by the theory via rule chaining.
For instance, the following example

Figure 1:
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is classified by the rules in Figure 1 as a giraffe.
Either or suffices to
prove which, when combined with

proves . The rest of the facts combine for
the final categorization as a giraffe.

Modeling faulty student knowledge now becomes a
matter of modifying the theory to make it consis-
tent with responses generated by the student. In
other words, the correct theory modeling a perfect
student is altered using theory revision to match ac-
tual student behavior. This is contrary to the typ-
ical use of theory revision, but in principle there is
no difference. We are simply reversing the notion of
“goodness”: instead of fixing incorrect theories, we
use theory revision to introduce faults to model the
incorrect knowledge of the student.

As an example, consider again the giraffe example
above. If the feature were absent
and the student still classified the example as a gi-
raffe. there would be an inconsistency between the
rules and the student’s observed behavior.
would modify the rules to account for the discrep-
ancy by removing the antecedent
from the giraffe rule, as long as this change re-
mained consistent with other classifications made
by the student.

begins with a correct theory of perfect
student behavior and a list of examples as catego-
rized by a particular student. These student catego-
rizations could be collected in any number of ways
including a multiple choice test where the student
classifies examples represented as lists of features
(such tests are common in the instructional design
of CAT systems). Here we assume that a multi-
ple choice test can be constructed from a pool of
examples and the results given to as ex-
amples of a particular student’s behavior.
then changes the correct input theory to match the
student’s erroneous classifications.

For many tutoring domains, it is possible to out-
line typical misconceptions that a student might ex-
hibit. This is one of the justifications for the bug
library approach described earlier. Assuming that
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