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Abstract

Knowledge acquisition (KA) plays an important role
in building knowledge based systems (KBS). How-
ever, evaluating different KA techniques has been dif-
ficult because of the costs of using human expertise
in experimental studies. In this paper, we first ad-
dress the problem of evaluating knowledge acquisi-
tion methods. Then, we develop an analysis of the
types of errors a human expert makes in building a
KBS. Our analysis suggests that a simulation of the
key factors in building a KBS is possible. We demon-
strate the approach by evaluating three variants of a
practically successful KA methodology, namely Rip-
ple Down Rules (RDR). The experimental results pro-
vide some fundamental insights into this family of
KA techniques and suggest various hints for improve-
ment.

Keywords: artificial intelligence, knowledge base con-
struction, knowledge acquisition, simulation.

1 Introduction

Evaluation of KA tools and methodologies remains
problematic (Menzies & Hamelen 1999, Shadbolt &
O’hara 1999). The essential problem is that any eval-
uation requires people to actually build a KBS. If one
wishes to compare two methods then ideally the same
experts would use each of the methods, data would
be collected and comparisons made. Of course if the
same expert uses two methods for the same domain,
his/her experience in building the first system will
bias their performance on building the second system.
Further, where does one find even one expert able to
give their time to evaluation experiments, let alone
the multiple experts a proper study would require?

The Sisyphus experiments have been the major at-
tempt at evaluation by the KA community (Shadbolt
& O’hara 1999). The Sisyphus experiments provided
various types of material describing a problem area
and references to other resources, which could be used
by a non- expert in the problem domain to build
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a problem solver. The outcomes from these stud-
ies were both interesting and valuable, but both the
outcomes and the studies themselves largely reflected
the current focus of the knowledge acquisition (KA)
community on knowledge level (KL) modelling. The
various papers published showed how different prob-
lem solving methods (PSMs) could be applied to the
same problem type and how domain knowledge might
be represented for use with the PSM. However, it was
impossible for the participants to develop a complete
system or to properly test the system they had de-
veloped. There was simply not enough material pro-
vided, or even if there had been it probably would
have been too costly for participants, who were not
domain experts to build a real system. That is, these
studies could only really evaluate whether a PSM and
representation scheme appeared suitable for a domain
and the costs of preparing these.

There is a fundamental problem with only evaluat-
ing the early stage of developing a KBS. KA research
came about to address the ”knowledge-engineering
bottleneck”. That is, in the early days of expert
systems it was easy to demonstrate the technology
on small problems, but there was considerable diffi-
culty with the ad-hoc approach in dealing with large
scale knowledge-acquisition. The Sisyphus experi-
ments demonstrated a number of putative advantages
for various PSMs but did not get to the stage where
these could be really demonstrated. This problem
also occurs in the one study with a comparison of a
systematic modelling approach to an ad-hoc approach
(Corbridge & Shadbolt 1995). This study showed bet-
ter performance from ad-hoc methods, but the prob-
lem was so small that ad-hoc methods may have done
better because there were not the overheads from us-
ing a modelling methodology.

As the Sisyphus experiments have developed
(Shadbolt & O’hara 1999), there has been increasing
emphasis on documenting the time and other costs in-
volved in carrying out the initial development. There
have also been attempts to make the domains richer
by providing further data and resources. But out-
comes have remained at the level of demonstrating
the possible application of various PSMs and other
KBS components rather than demonstrating actual
performance in developing a KBS.

One can find a range of reports on the development
of individual KBS. However, to be published as aca-
demic papers these tend to report on developments



of systems for new problems. They therefore tend to
provide arguments on why the method or tool they
used is suitable for the problem rather than quanti-
tative data that can be used for comparisons. They
also tend to be published at an early stage of devel-
opment, rather than being a reflection on experience.
Shadbolt et al. make the point that funding tends
to be for new developments rather than evaluation
(Shadbolt & O’hara 1999). There is a small amount
of work on maintenance (Menzies 1999), but this does
not provide a good basis for comparative evaluation
as it tends to focus on experience with individual sys-
tems.

One approach to providing multiple experts
for evaluative studies is to use simulated experts
(Compton, Preston & Kang 1995). In these stud-
ies various KBS were developed by machine learning.
When a case was processed by these systems, the rules
that fired to correctly process the case and the con-
ditions in these rules, were used as an expression of
expertise. The level of expertise could then be varied
by the number of conditions selected from the rule
trace and the addition of random features from the
case. These ”experts” were then used to provide rules
to build further KBS. The advantage of this approach
was that it allowed complex domains to be considered
and complete KBS to be developed. An obvious lim-
itation of the approach is that a rule trace from a
machine-learning-developed KBS does not necessar-
ily correspond to human expertise. However, the use
of simulated experts did allow for repeat experiments
with a range of variations.

Another problem occurs in these simulated expert
studies which also occurs more generally in machine
learning evaluation. Machine learning evaluation is
well developed but is generally based on using data-
bases of cases drawn from specific domains (Blake &
Merz 1998). There are variations in performance of
the different algorithms on different datasets. How-
ever the datasets are not characterised in a way that
assists in explaining the variations. One simply has
a result that method X works well on the soya bean
dataset but not perhaps as well on the chess end-game
dataset.

A final limitation of using machine learning to
build simulated experts (Compton et al. 1995), was
the provision of a domain representation with the
data set, so the process of developing this could not
be simulated. However, it is not always a require-
ment to develop a domain representation as there are
many KBS applications which link to a larger infor-
mation systems which then provide the domain repre-
sentation. It was one of the strengths of the Sisyphus
studies that they required a knowledge representation
to be developed from descriptive material about a do-
main.

Finally, a basic tool in computer science is com-
plexity analysis. Complexity analysis is convention-
ally concerned with the time and memory required
for a program dealing with a certain class of problem.
Recent work has attempted to carry out a kind of
complexity analysis for the process of KA (Beydoun &

Hoffmann 2001). However, the analysis here attempts
to quantify how much knowledge, or how many inter-
actions with an expert will be required to develop a
KBS in the worst case.

2 Expert performance analysis

It seems that the aspects of expert performance that
affect development of a KBS are over-generalisation
or over-specialisation. For example if an expert pro-
vides a definition (e.g in the form of a classification
rule), then this definition may cover objects to which
the definition does not properly apply, or the defini-
tion may exclude objects which it should cover. For
example, a poor definition of a horse may include
cows; or more reasonably, donkeys. On the other
hand a more precise definition may exclude minia-
ture ponies. There are no absolutes in such a pro-
cess; a definition of horses may well include donkeys
or exclude miniature ponies quite appropriately; it de-
pends what the definition is to be used for. Regardless
of what the definition is used for, the two errors that
will occur are that objects will be covered by the defi-
nition inappropriately or objects which should be cov-
ered will be excluded. In classification based systems,
errors of over-generalisation or over-specialisation are
often called false positives or false negatives respec-
tively. Other terms such as sensitivity and specificity
are also used to quantify of over-generalisation and
over-specialisation in other disciplines.
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Figure 1: Overspecialisation and overgeneralisation

These errors not only apply to individual defini-
tions, but to a KBS itself. It is clear they apply
to classification systems. An error where an object
which is not classified, but which should be, is a false
negative. An error where an object is classified, but
shouldn’t be, is a false positive. The most common
error is when an object is wrongly classified. Here
there is a false positive error as the object is included
in a class to which it does not belong. There is also
a false negative error as the KBS failed to cover the
object correctly.

This analysis seems to apply not only to classifi-
cation system but all aspects of KBS. With a plan-
ning system, the KBS has error components that that
cause an incorrect plan to be produced for the data
provided. That is, the data was covered inappropri-
ately; there was overgeneralisation. However, the sys-
tem also failed to cover the data correctly, and that
was overspecialisation. In a similar manner, these



errors also apply to ontologies acquisition. The def-
initions of concepts, or the relations between them
result in objects failing to be covered or being cov-
ered inappropriately. If an expert provides too many
repeated low level definitions rather than developing
abstractions, there is an overspecialisation error. In
summary it seems fair to say that any KA depends on
declarative knowledge of one form or another. The er-
rors in declarative knowledge, whether provided by an
expert or obtained by machine learning are overgen-
eralisation and overspecialisation. This is not a very
profound insight, it is simple common sense. How-
ever, it seems to provide a useful basis for developing
a KA simulation.

In the study here we simulate obtaining rules from
the expert and so apply these errors at the rule level.
A given rule may cover cases for which the conclu-
sion is not appropriate; that is it is too general. Or
the rule is too specific and so excludes some cases
that should be covered. The intuitive response to an
overspecialised rule is to remove conditions and for
an overspecialised rule to add conditions. However,
whether one does this or corrects the system in some
other way depends on the KA tool or method being
used.

It should be noted that there are other perspec-
tives beyond overgeneralisation and overspecialisa-
tion. One could have a hierarchy of errors and con-
sider the cost of errors in the application domain
(Menzies & Hamelen 1999). This may also include
a notion of the degree of error. Some errors are close
to the correct answer, others are far away. However,
this judgement is made from some sort of perspective
of how bad the error is in the domain. That is, it
is from some sort of cost perspective. In the current
simulation framework developed here we simply con-
sider all errors as equal; an answer is either right or
wrong. However, a cost scale would be easy to include
in further development.

The key insight in this paper is to attempt to de-
scribe expert performance in terms of overgenerali-
sation and overspecialisation errors. A related as-
sumption is that the knowledge acquisition interac-
tion with the domain expert will cover many separate
items and that normally there will be some kind of
iterative process. For example a number of different
rules and/or a number of definitions related to an on-
tology may be provided. If the items of knowledge
provided have errors of overgeneralisation and over-
specialisation, there will also be some process of fixing
or improving. This does not necessarily imply a dis-
tinct maintenance phase. In the initial development
the expert may simply go back and improve earlier
definitions as later ones are added. What a KA simu-
lation does is to model the effect of combining errors
from many different items and where appropriate to
also model the process whereby these errors are then
corrected.

It seems that the two errors can be used to de-
scribe the differences between different levels of exper-
tise (for example, experienced experts and trainees).
Trainees will have a greater number of false positives

or false negatives, or both, than experienced experts
in the domain. The type of error that is more ac-
ceptable will vary with the domain. One major prob-
lem with previous work that used simulated experts
is how to model levels of expertise. For example in
(Compton et al. 1995), levels of expertise are repre-
sented by picking various subsets of the full condition.
There is no such difficulty in our approach as it al-
lows us to demonstrate the effects of different levels
of expertise by using different combinations of over-
generalisation and overspecialisation.

3 The Simulation Framework

For simplicity a number of assumptions are used in
the simulation framework here. We do not claim that
these assumptions perfectly capture the KA models.
However, they allow various parameters to be ad-
justed so that the effect of using more accurate as-
sumptions is encompassed anyway. This is not un-
usual in simulation as the benefits of simulation are
not only from the results of the simulation, but from
the process of developing the simulation. Many of
the results of a simulation became obvious indepen-
dent of the simulation. They become obvious through
the process of trying to build a simulator.

As noted above, the simulation here is restricted
to classification. Secondly the domain is assumed to
be made up of disjunctive regions. The minimum
number of rules required is therefore the number of
disjuncts in the domain. In the simulation we assume
that all disjuncts are equally probable. This is of
course not realistic. In a real domain it is highly likely
that some regions of the attribute space will be more
probable than others. However, the range of results
that would occur with a more realistic distribution
can be covered by having a greater of less number of
equally probable disjuncts.

Expert performance has been described in terms of
overgeneralisation and overspecialisation, as depicted
in Figure 1. For simplicity it is assumed that these
will be the same for all pieces of knowledge added for a
specific KBS. Again it would be more realistic if some
pieces of knowledge provided by an expert were more
reliable than others. Again, the range of results can
be simulated by having all the errors at high or low
levels. The simulation thus allows a kind of worst case
analysis to be carried out. To simulate all the errors
being large must be worse than some being large and
some being small. However, one can also get some
understanding of small errors, by simulating all the
errors being small.

3.1 Notations and Definitions

Let U denote a non empty set as the universal do-
main. We will need to define some notations that
will be used in the later sections.

Definition 1 A data case d is a point in the domain
U . We also write d ∈ U .

We now consider finite partitions of U . A particular
finite partition can be thought of as the target concept



structure (or the knowledge) that we would like to
acquire from the expert and transfer to a system.

Definition 2 A finite collection {A1, A2, . . . , An} of
subsets of U for some nonzero natural number n ∈ N

+

is called a partition of U if:

• For all 1 ≤ i ≤ N , Ai ⊆ U

•
⋃n

i=1 Ai = U , (the subsets cover the domain),

• For all 1 ≤ i, j ≤ N , Ai ∩ Aj = ∅ (the subsets
are disjunctive).

From now on, we fix a particular partition A =
{A1, . . . , An} of U . Moreover, we refer to a primary
rule (or a rule in short) as a production rule of the
form R : α → C where R is called the label of the
rule, α is called the condition that can be considered
as a constraint to define a region in the domain and
C is called the conclusion which is a classification. As
noted before, though the simulation here applies only
for classification problems, it is easy to extend the
ideas to more complex problems. A rule is intuitively
an attempt of the expert to capture a particular re-
gion in the domain. Therefore, we say a condition α
is satisfied by a data case d if d is in the region de-
fined by α. In this case, we also say, the data case d
is satisfied by the rule R or R fires on d.

Definition 3 Let R : α → C be a rule and d be
a data case. We denote Fires(R, d) if d is in the
domain’s region defined by α.

Definition 4 Let R be a rule, we denote

• the set of data cases evaluated by R as Input(R),

• the set of data cases that satisfy R as Accept(R),

• the set of data cases that do not satisfy R as
Reject(R).

Property 5 For any rule R in the knowledge base,
Input(R) = Reject(R) ∪ Accept(R).

Definition 6 Let d ∈ U be a data case. We denote
Class(d) to be the actual classification of a data case
d, i.e, Class(d) is the unique Ai ∈ A such that d ∈ Ai.

Definition 7 Let D ⊆ U be a set of data. We denote
Size(D) to be the cardinality of the set D.

3.2 Analysis

In this section, we investigate the effects that overgen-
eralisation and overspecialisation factors have over a
primary rule in the knowledge base. Note that due to
the length of the paper, all the proofs are omitted.

Suppose we have the target concept A that we
want to capture with a rule R as in the figure 2. Be-
cause the expert we consult is not perfect, the region
R captures is A′. Furthermore, assume that the car-
dinalities of each region of the domain are denoted as
in the figure.

x y

t
z

A’

A

Figure 2: Captured concept

Then the overgeneralisation and overspecialisation
factors in our framework are realised as

OS =
z

z + y
; OG =

x

x + y
(1)

Note that the more familiar precision and recall
factors, (usually used in measuring how a classifier
performs) can also be realised as

Precision = 1 − OS; Recall = 1 − OG.

Now, given a data case d that is drawn randomly
from the domain U , we can compute cover(R, d), the
probability that d is accepted by rule R. If Class(d)
is A then:

cover(R, d) =
y

y + z
= 1 − OS

otherwise if Class(d) is not A we have

cover(R, d) =
x

x + t

=
x

y + z

P (A)

1 − P (A)

=
(1 − OS) ∗ OG

1 − OG

P (A)

1 − P (A)

where P (A) is the prior probability of a data case
randomly drawn from U being in A. If we assume that
all the classes are equally distributed, then P (A) = 1

n
.

The following proposition gives the size of the set of
data accepted by a rule R with respect to the size of
the input set to R.

Proposition 8 Let

• R be a rule with target concept A;

• OG and OS be the overgeneralisation and over-
specialisation factors respectively;

• P (A) be the probability that a data case d in
Input(R) is actually of class A

then we have

Size(Accept(R)) = P (A) ∗
1 − OS

1 − OG
∗ Size(Input(R)).

Proposition 9 Let

• R be a rule with target concept A;

• OG and OS be the overgeneralisation and over-
specialisation factors respectively;



then we have

P (d ∈ A|d ∈ Accept(R)) = 1 − OG;

P (d /∈ A|d ∈ Accept(R)) = OG.

This proposition states that the distribution of the
A in the Accept(R) only depends on OG. It does not
depend on the distribution of A in Input(R) or OS.

In the following sections, we will apply this frame-
work to analyse knowledge acquisition methods.

4 Ripple Down Rules

In this section, we introduce three variants of a
practically successful KA methodology, namely Rip-
ple Down Rules (RDR). RDR was first introduced
in (Edwards & Compton 1993) and applied in the
medical expert system PEIRS. Formal specification
of RDR can be found in (Colomb 1999), (Richards
& Compton 1998) and (Cao et. al 2004). The ap-
proach has also been adapted to a range of tasks:
control (Shiraz & Sammut 1997), heuristic search
(Beydoun & Hoffmann 2000), document management
(Kang et. al 1997), landscape management (Mar-
tinez et. al 2001) and configuration (Compton et. al
1998). The level of evaluation in these studies varies,
but overall they clearly demonstrate very simple and
highly efficient knowledge acquisition. We will look
at three variants of RDR: Single Classification RDR
(SCRDR), Flat RDR (Flat RDR) and Composite
Rules (or Decision List (DL)).

4.1 Single Classification Ripple Down Rules

A SCRDR knowledge base is a finite binary tree with
two distinct types of edges, labelled with either ex-

cept or if-not, whose nodes are labelled with primary
rules. Figure 3 depicts an example of a binary RDR
knowledge base. We call α the condition and C the
conclusion of the rule.

airplane −> fly

except

except

if not if not

except
bird −> fly young,bird −> not fly

penguin −> not fly in−plane −> fly

−> not fly

Figure 3: An RDR knowledge base

SCRDR works as follows: a data case d is passed
to the tree starting from the root. If the data case en-
tails the condition of the current node, the conclusion
is temporarily recorded (and overrides the previous
conclusion). The data case is then passed to the next
node in the except branch. If the case does not en-
tail the condition of the rule, it is passed to the next
node in the if-not branch. The process continues un-
til there is no next node to evaluate. This algorithm
defines a path from the root of the tree to the node
that gives classification for the case.

One of the strengths of the RDR framework is that
rule bases are easy to revise. There is some supervi-
sion of the system so that incorrect classifications are

detected. If an incorrect classification is given by the
system which the expert wishes to correct, the expert
identifies features in the case which suggest the new
conclusion. This rule is automatically added to the
knowledge base so that it goes at the end of the pre-
vious inference path for the case. That is, the case
will be processed in exactly the same way, except that
it will also be passed to a further rule the new rule
added. The classification given by the system comes
from the last rule satisfied. That is, the case is first
given the erroneous conclusion as before. This is then
replaced by the new conclusion if the correction rule
fires. There is also a further component of the method
that the expert has to select sufficient features in the
case so that the new rule will not fire on a case for
which the previous rule was correct.

4.2 Flat Ripple Down Rules

Flat RDR can be considered as a n-ary tree of depth
two. Again, each node of the is labelled with a pri-
mary rule with the following properties:

• The root is a default rule which gives a dummy
classification (for example UNKNOWN).

• The rules in the nodes of depth 1 give classifica-
tion to a data case

• The rules in the nodes of depth 2 are called dele-
tion rule and work as refinements to the the clas-
sification rules.

A

deletion deletion deletion deletion

ROOT

CB

Figure 4: Flat RDR

Figure 4 shows an example of Flat RDR. Flat RDR
works as follow: a data case is passed to root. As the
root always fires, a dummy conclusion is recorded.
After that, the case is passed to all the classification
rules (the rules of depth 1). A conclusion of a rule
is recorded (and overrides the dummy conclusion) if
and only if the condition of this rule is satisfied and
none of its children (its deletion rules) fires. The final
classification given to the case is all the conclusions
recorded from the classification rules. If there is an
undesired conclusion, the human expert will be asked
to provide a deletion rule to remove it. The new dele-
tion rule is added as a child to the classification rule
that misfires the case. On the other hand, if the ex-
pert decides that a classification should be given to
this data case, a classification rule (rule of depth 1)
will be added. The system will propose the expert



with conditions that will not affect the past perfor-
mance.

FlatRDR is capable of handling the Multiple Clas-
sification Problem, i.e, a data case can be given more
than one label. It can be argued that it is possible
to decompose a multiple classification problem into a
single classification problem. However, such decom-
positions will make the problem exponentially com-
plex and lose the ontological structures of the domain.
In this simulation framework, however, we just apply
Flat RDR to the single classification problem.

4.3 Composite Rules

Composite Rules (Crawford, Kay & McCreath 2002a,
Crawford, Kay & McCreath 2002b) is another knowl-
edge representation schema applied in the IEMS (In-
telligent Email Sorter) system. Composite Rules
use clausal form to represent the knowledge base:
the clauses are interpreted as first order decision list
where the first clause that explains a query is used.
Each clause in the decision list is of the form

(Ri) Action ←− C unless C1, C2, . . .

where (Ri) is the label of the clause (rule), Action is
the conclusion of the rule which specifies what needs
to be done to the input date (e.g, which folder the
email should be placed in the IEMS application), and
C,C1, C2, . . . are relational conditions. The knowl-
edge base operates as follow: if C is satisfied with the
input data and none of the Ci is satisfied, then Action
is applied to the data and the evaluation stops. Oth-
erwise, i.e if C is not satisfied or any of the exception
C1, C2, . . . is satisfied, the input data is passed to the
next clause in the decision list. When an action is
wrongly applied for an input datum, an exception is
added to the current rule and the case is passed to
the next rule. If none of the rules applies to the input
datum, a new clause is added at the end of the list.
Because of this property, Composite Rules are also
termed Decision List (DL). We can see that Compos-
ite Rules are very similar to Flat RDR except for the
way the top rules are evaluated. It can be argued that
Composite Rules are more suitable to single classifi-
cation.

5 Implementation

The three methods we simulate share the following
generic process:

1. Create a default rule (which always gives a
dummy conclusion).

2. Accept a new data case.

3. Evaluate the case against the knowledge base.

4. If the case if not correctly classified then the ex-
pert is consulted, a primary rule (or rules) will
be added to the knowledge base to take care of
the new case.

5. Go to Step 2.

This process can be seen in the following pseudo-
code.

proc GenericSim()
KB = {DEFAUL RULE};
while StoppingCondition ! = true do

d = GenerateNewDataCase();
result = Evaluate(KB, d);
if Incorrect(result, d)

then Update(KB, d, result);
fi

od

Algorithm 5.1 Generic Simulation Process

To evaluate of data against a knowledge base, we need
to know how to evaluate it against a primary rule.
Given a data case d and a primary rule R, we can com-
pute the probability that R is satisfied by d based on
our analysis in section 3.2. The following pseudo-code
shows how this probability (cover) is computed.

proc cover(Rule, d)
if Rule.Conclusion = d.TrueClass

then cover = 1 − OS;

else cover = (1−OS)∗OG

(1−OG) ∗ P (d.TrueClass)
1−P (d.TrueClass)

fi

Algorithm 5.2 Computation of cover

Note that P (d.TrueClass) depends on the distribu-
tion of the set Input(R). We decide that a case is
fired by a rule if the cover above is greater than a
random number drawn from the uniform distribution.
Furthermore, each KA technique has its own imple-
mentation of the Evaluate() and Update() procedures
depending how the rules are structured in their knowl-
edge base and how knowledge base revision are done.

6 Result and Discussion

We run the simulation on an artificial domain of 20
disjunctive regions. The number of data cases pro-
cessed is 20, 000. The OS and OG factors are set to
combinations of {0.1, 0.2, 0.3, 0.4}. The simulation is
run 10 times for each technique. Figure 5 shows the
average number of knowledge acquisition sections as
function of number of cases processed for each com-
bination of overspecialisation and overgeneralisation
factors.

The graphs show that Composite Rules have the
better convergence rate when the expert has a high
level of expertise. In all the cases where OG < 0.3,
Composite Rules outperform the other methods and
shows good convergence. However, when the expert
is not doing well, particularly when he tends to over-
generalise, SCRDR outperforms other methods. Fla-
tRDR seems not to do as well as the other methods
in all of the tests. However, as we argued before,
Flat RDR was designed for Multiple Classification
Problem, and therefore these tests do not favour this
method. This is a possible explanation for the good
results achieved in (Crawford et al. 2002a) as in the
email domain, the users are able to provide highly
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Figure 5: No. of KA sessions vs No. of cases with
various expertise levels
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Figure 6: Error vs OG factor

accurate rules. Nevertheless, in an application of a
domain where high levels of expertise are not avail-
able, SCRDR might be the technique to start with.
When sufficient knowledge has been acquired, it is
possibly more efficient to switch to another method.

Another interesting feature we can see is that of
the two types of the experts’ error, overgeneralisation
seems to play a more important role in the resulting
knowledge base performance. Figure 6 shows the er-
ror as a function of OG factor for the methods. In
each graph, the lines represent different OS factors.
It is clear that while the lines are similar in each
graph, they all tend to increase exponentially. The
only method which performs satisfactorily is SRDR
as adding a rule in SRDR only affects the knowledge
base locally. This finding is particularly helpful in
building real life KBS as we now have some measure
of a favourite KB. That is, a KB tends to overspe-
cialise is arguably easier to maintain and extend than
a KB that tends to overgeneralise.

7 Conclusion and Future Work

The purpose of this paper is twofold. Firstly, we ad-
dress the problem of evaluating knowledge acquisi-
tion methods and its difficulties. We then propose
a parameterised framework to quantify the levels of
expertise based on data-model theory. Secondly, we
apply this framework to simulate three variants of
a practically successful incremental knowledge acqui-
sition technique, namely Ripple Down Rules. The
simulation shows interesting findings of the relations
between levels of expertise and performance of result-
ing knowledge bases.

At the early presentations of RDR, there were al-
ways comments that the size of the KB would explode
and reservations about the counter claim that this
doesn’t seem to occur in practice. A simulation does
not answer this question by the results it produces,
but rather the results together with the explicit as-
sumptions needed to think more carefully about how
the system works.

Simulation can only be used to provide precise
quantification in domains where the assumptions be-
hind the simulation are very well founded. In domains



where the assumptions are more speculative, the ben-
efits of building a simulator are usually in developing
a better understanding of the problem. For example
there could be no claim from the results here that in
real applications an expert could be characterised as
making a 10% overgeneralisation error which would
then result in an error of 0.2% after 20, 000 cases.
However, for example, in the case of SCRDR one gets
a much clearer insight into how a refinement structure
must provide fairly reasonable convergence partly in-
dependent of the error level. The refinement struc-
ture provides for a geometric decrease in overall error
which reduces the impact of the actual size of the er-
ror. In that sense, this work complements the logic-
based analysis in (Cao et. al 2004) for convergence of
incremental knowledge base construction.

In the future, we would like to look into more re-
alistic representations of the domain. For the time
being, the domain structure is just a disjunctive par-
tition. Hierarchical structures (such as taxonomy
and/or ontology) will be investigated. It is expected
that in a more complex domain, Flat RDR will show
a better performance.

We also intend to apply the knowledge acquisition
frameworks other than Ripple Down Rules. However,
this will be much more problematic as it will often
involve modelling the way in which the expert com-
municates with a knowledge engineer. The starting
point that the only errors are overgeneralisation and
overspecialisation will remain the same, but develop-
ing a reasonable model of the process may prove to
be difficult.
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