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Abstract

A critical component of applying machine
learning algorithms is evaluating the per-
formance of the models induced and using
the evaluation to guide further development.
Traditionally the most common evaluation
metric is error or loss, however this provides
very little information for the designer to use
when constructing a system. We argue that
an evaluation method should provide detailed
feedback on the performance of an algorithm
and that this feedback should be in the lan-
guage of the problem: Our goal is to char-
acterize model errors or the di�erences be-
tween models in the feature space. We pro-
vide a framework for this that allows di�er-
ent algorithms to be used as the discovery
engine and we consider two approaches: (1)
a classi�cation strategy where we use a stan-
dard rule learner such as C5; (2) a descriptive
paradigm where we use a new discovery algo-
rithm: a contrast set miner. We show that
C5 su�ers from several problems that make
it unsuitable for this task.

1. Introduction

A fundamental problem in machine learning is under-
standing the conditions for which a learning algorithm
works well. Understanding an algorithm's strengths
and weaknesses and being able to compare algorithms
with each other are necessary for designers to develop
(or select) learning algorithms for a speci�c problem.
Generally, one can attempt to analyze and understand
algorithms either theoretically or empirically.

Theoretical analyses of machine learning algorithms
have usually resulted in weak performance guarantees
that are not much use to a practitioner. Algorithms
are typically proven to be asymptotically consistent

(i.e. will achieve the Bayes optimal error rate given
enough training examples) or that the algorithm can
be used to PAC (Probably Approximately Correct)

learn a given concept (i.e., the algorithm will achieve
bounded error with high probability) (Valiant, 1984).
Another approach is to analyze average case behav-
ior under speci�c distributional assumptions, such as
learning conjunctive or m-of-n concepts (Langley &
Iba, 1993; Langley & Sage, 1999; Pazzani & Sarrett,
1992). Although these analyses are useful in under-
standing the general behavior of an algorithm, they
are unable to provide guidance to the designer in the
form of speci�c predictions of an algorithm's perfor-
mance with a given problem. Thus most researchers
and practitioners resort to empirical evaluation to un-
derstand learning algorithms.

The most common method of empirically evaluating a
classi�er is to examine its error, or more generally loss,
and many comparisons of algorithms use only this met-
ric. Loss can easily be estimated by using a test set or
cross-validation. However because loss is a single num-
ber, it does not reveal much about the algorithm ex-
cept gross performance on the domain. If loss was con-
sistent over all areas, this would be su�cient to charac-
terize performance, however this is clearly not the case:
some classes are more di�cult than others especially
in applications such as fraud detection (Fawcett &
Provost, 1997). Even within a class, certain instances
will be more or less di�cult. Other evaluation meth-
ods include confusion matrices that cross-tabulate the
true classes of instances with the predicted class, ROC
curves (Bradley, 1997; Provost, Fawcett, & Kohavi,
1998) which evaluate the algorithm's performance in
terms of true and false positive rates, and the Kappa
(�) statistic (Cohen, 1960) which is a summary mea-
sure of agreement between two models.

These approaches leave the practitioner with little un-
derstanding of how the algorithm and problem domain
interact. They cannot answer questions like \On which
types of examples is my classi�er most and least accu-
rate?", or \What are the di�erences between these two
classi�ers given that they have the same accuracy?"

To date, there has been little work on understanding
the areas a classi�er is performing well or poorly and



presenting this information in a comprehensible man-
ner. We address this de�ciency by presenting proce-
dures which characterize model errors and di�erences.
We focus on producing results that are interpretable,
comprehensible and provide insight into the domain.

Our goal is to automatically characterize model errors
or model di�erences in the feature space of the prob-

lem. Speci�cally, we seek conjunctions of attributes
and values that represent areas of good or poor perfor-
mance (or agreement/disagreement between two mod-
els). For example, in the Adult Census domain (Blake
& Merz, 1998) the goal is to predict if the salary of
a person is greater or less than �50,000 from demo-
graphic variables. When we evaluate models produced
for this task, we would like to obtain rules such as:

Classi�er MC4 (Kohavi, Sommer�eld, &
Dougherty, 1997) is 21% less accurate than
average on people who are between 45 and
55 years of age, are high school graduates,
and are married. This represents 115 mis-
classi�ed instances.

Alternatively, if we are comparing two classi�ers:

MC4 and naive Bayes are 9% less likely to
agree than average on people who have Mas-
ters degrees and are married. This represents
50 instances with di�erent predictions.

Knowledge of model errors or di�erences could be used
in many ways to help guide the iterative process of
constructing a machine learning system. For example,
it could be used to:

1. Identify areas in the feature space where the model

should not be trusted. Examples which fall into
poorly performing areas can be agged for excep-
tion and handled by a human.

2. Give insight into the domain by identifying hard

areas. For example, knowing that we are less ac-
curate on people who are older than 45 and have
a high school education with the naive Bayesian
classi�er suggests that perhaps education level
and age interact and that the independence as-
sumption is not appropriate.

3. Indicate where the model should be improved or

repaired. For example, if our credit processing
application makes many errors on people who are
X and Y then we could develop a special purpose
model for those applicants, or we could collect
more data in those areas to improve performance.

4. Understand how changes to an algorithm a�ect its

performance in a problem domain. For example,

we could answer \How does relaxing the indepen-
dence assumption in the naive Bayesian classi�er
by allowing dependencies a�ect classi�cation?"

Many classi�ers can produce con�dence ratings on
their predictions. Our work di�ers from this in that we
generate a description of the model's performance, not
a con�dence value for a speci�c instance (although we
could also do this). Additionally, most methods that
generate con�dence ratings are tied to the learning al-
gorithm and cannot easily be transfered.

In the next section we discuss related work. In Sec-
tion 3 we present a framework for solving this problem
and in Section 4 we describe two di�erent discovery en-
gines that can plug into the framework. In Section 5
we experiment on data to evaluate these approaches.
Finally, we present concluding remarks in Section 6.

2. Related Work

Many researchers have tried to learn when a classi�-
cation algorithm is appropriate for a problem domain
based on characteristics of the data set (Aha, 1992;
Brazdil, Gama, & Henery, 1994; Rendell & Cho, 1990;
Michie, Spiegelhalter, & Taylor, 1994). The basic idea
is to use properties such as the number of features,
number of classes, or the number of instances to learn
by inspection or through automated analysis when an
algorithm is appropriate. For example, Aha (1992)
used a rule learner to automatically derive results such
as the following.

If (# training instances < 737) AND (# pro-
totypes per class > 5.5) AND (# relevant at-
tributes > 8.5) Then IB1 will perform better
than C4

These works characterize performance in terms of data
set properties. In contrast, we take an orthogonal ap-
proach where our goal is to characterize performance
in terms of the feature space.

Another related area is multiple models work (Diet-
terich, 1997) which examines methods for combining
several classi�ers to obtain better performance than
could be achieved individually. Many multiple model
approaches have attempted to learn where a model is
appropriate in the feature space and to select the best
model for each instance based on its location.

For example, Merz (1995) partitions the feature space
according to existing decision regions in the compo-
nent classi�ers. He then attempts to select the best
classi�er for each region. Wolpert (1992) introduced
a framework called stacked generalization where the
goal was to have a classi�er learn which of the base
classi�ers to listen to on the basis of past predictions



and location of the test instance in the feature space.
Brodley (1995) partitions the feature space recursively
and selects the best classi�er for each region.

The main di�culty with using this work to charac-
terize models is that the focus is on prediction not
description. Thus often the learning is implicit and
cannot be easily shown to the end user. For example,
consider trying to understand the decision regions of
a neural network used for model selection.

3. Framework for Characterizing

Models

The basic approach we use is to augment a test set of
data (data not used to train the classi�ers) with infor-
mation concerning whether or not the classi�er made
a correct prediction, or alternatively, if the models dif-
fered from each other. We then use an algorithm, such
as C5 or STUCCO (Bay & Pazzani, 1999a, 1999b), to
determine the conditions when errors or di�erences oc-
cur. Table 1 describes the MErr procedure for charac-
terizing model errors, and Table 2 describes the MDi�
procedure for characterizing model di�erences.

This process can be viewed as a simple form of meta-
learning (Wolpert, 1992) where the models that we
seek to characterize are the base learners and the goal
is to generate comprehensible descriptions of model
errors or di�erences (instead of accurate predictions).

Table 3 shows an example of MErr's augmented data.
The �rst four columns represent the original learning
problem for which salary is the target variable. The
last column is the augmentation and indicates if the
classi�er agreed with the true class labels. For MDi�,
we would include extra columns for each classi�er's
salary prediction.

Table 1. Finding Model Errors (MErr)

Procedure MErr
Input: D test data, C classi�er
Output: R rules describing errors of C
Begin
1. predict classes for all instances in D with C
2. foreach element of D
3. if the prediction matches the true class
4. then augment the instance with agree = 1
5. else augment the instance with agree = 0
6. discover rules (R) which describe when agree is 0 or 1.
End

4. Discovery Algorithms

In this section we describe two algorithms that could
be used for discovery in our framework.

Table 2. Finding Model Di�erences (MDi�)

Procedure MDi�
Input: D test data, C1 classi�er 1, C2 classi�er 2
Output: R rules describing when C1 and C2 (dis)agree
Begin
1. predict classes for all instances in D with C1; C2

2. foreach element of D
3. augment the data vector with class predictions
4. if the predictions are the same
5. then augment the instance with agree = 1
6. else augment the instance with agree = 0
7. discover rules (R) which describe when agree is 0 or 1.
End

Table 3. MErr Augmented Data

Age Sex Occupation Salary Agree
34 M Tech-Support > �50K 0
49 F Prof-Specialty > �50K 1
24 F Exec-Managerial � �50K 0
57 M Admin-Clerical � �50K 1

4.1 A Contrast Set Miner: STUCCO

We briey review the STUCCO algorithm for mining
contrast sets. The reader is directed to Bay and Paz-
zani (1999a, 1999b) for a more detailed description.

STUCCO is a complete mining algorithm that searches
for contrast sets, conjunctions of attribute-value pairs,
that have substantially di�erent probabilities across
several distributions or groups. Formally, the goal is
to �nd contrast sets (cset) where

P (cset j G1) 6= P (cset j G2) (1)

jsupport(cset; G1) � support(cset; G2)j � � (2)

The support of a contrast set with respect to a group
G is the percentage of examples in G where the con-
trast set occurs; � is a user de�ned threshold called the
minimum support di�erence. Equation 1 is a statisti-
cal signi�cance criterion; it ensures that the contrast
set represents a true di�erence between the groups and
is not caused by uctuations in random sampling. We
test this by using a chi-square test which must reject
independence of group membership and the contrast
set (i.e. the null hypothesis is P (cset j G1) = P (cset j
G2)). Equation 2 is an e�ect size criterion; it measures
the magnitude of the di�erence and ensures that the
e�ect is big enough to be important.

These two criteria map directly onto our problem.
For both MErr and MDi� the groups are the sets
of instances where agree=0 or agree=1. The crite-
ria are equivalent to �nding sets where the agree-
ment di�ers from the average; i.e. if A and N are
the set of examples where agree=0 and agree=1, then
STUCCO searches for sets with agreement di�erent
from jAj=(jAj+ jN j).



STUCCO takes a two stage approach to mining. In
the �rst stage, STUCCO searches for all possible con-
trast sets that meet the criteria. In the second stage,
STUCCO summarizes the mined results to present
only a small set of rules.

STUCCO organizes the search for contrast sets using
set-enumeration trees (Rymon, 1992) to ensure that
every node is visited only once or not at all if it can be
pruned. Figure 1 shows an example set-enumeration
tree for four attribute-value pairs. STUCCO searches
this tree using breadth-�rst search; it starts with the
most general terms, i.e. those contrast sets with a
single attribute-value pair such as gender = female or
occupation = Tech-Support. These sets are the easiest
to understand and will have the largest support. It
then progresses to more complicated sets that involve
conjunctions of terms, for example, gender = female ^
occupation = Tech-Support.

{1}

{1,2}

{1,2,3}

{4}

{1,2,4}

{1,3}

{1,3,4}

{1,4}

{2}

{2,3}

{2,3,4}

{2,4}

{3}

{3,4}

{1,2,3,4}

{}

Figure 1. Example search tree for four attribute-values
pairs f1,2,3,4g.

At each level, STUCCO scans the database to count
the support of all nodes for each group. It examines
the counts to determine which nodes meet the criteria
and which nodes should be pruned.

STUCCO's pruning is based on obtaining tight bounds
on the maximum support di�erence in any branch of
the tree, maximumvalue of the �2 statistic used to test
Equation 1, and the maximumdi�erence between any
descendent and its ancestor. During search, STUCCO
dynamically reorders attribute-value pairs to maxi-
mize the e�ect of pruning.

STUCCO also explicitly controls the search error to
limit false discoveries. STUCCO keeps careful track
of the number of statistical tests made to verify Equa-
tion 1 and adjusts the � level for individual tests to
control the overall Type I error rate.

In the second stage, STUCCO summarizes the mined
results by showing the most general contrast sets �rst,
those involving a single term, and then only showing
more complicated conjunctions if they are surprising
based on the previously shown sets. For example, we

might start by showing the contrast sets gender = fe-

male, occupation = Tech-Support, and salary > �50K.
STUCCO would then show more complicated sets such
as gender = female ^ occupation = Tech-Support fol-
lowed by gender = female ^ occupation = Tech-Support

^ salary > �50K. The conjunctions are only shown if
their supports could not be predicted from the subsets
using a log-linear model (Everitt, 1992).

4.2 A Rule Learner: C5

Another approach to distinguishing two groups from
each other is to use a rule learner or decision tree
to learn a classi�cation strategy (i.e. the classes are
agree=0 and agree=1). In this paper, we use C5 which
is an updated version of C4.5 (Quinlan, 1993). It is
a workhorse of the machine learning community and
is a gold standard to which many new algorithms are
compared.

C5 performs greedy heuristic search to develop a de-
cision tree. Starting at the root of the tree, C5 selects
an attribute-value test to partition the feature space.
Each partition is represented by a child node and is
then recursively divided with more tests. The tests are
chosen to create child nodes which tend to be mainly
of one class. After �nding the tree C5 can then convert
it to rules and remove unnecessary terms.

Note that if we augment the data with class predictions
(Table 2, Line 3), C5 will only obtain rules that say if

the prediction from classi�er 1 is di�erent from clas-

si�er 2 then agree = 0. Because of the greedy search
strategy, no further rules will be generated since rules
of this form can cover the entire data set.

One might think that a quick �x is to perform two
runs of C5: once with the �rst algorithm's prediction
and again using only the second algorithm's predic-
tion. While this may solve the immediate problem of
obtaining rules that reference class predictions, it does
not address the cause: Once C5 �nds a rule that cov-
ers a set of examples it does not look for alternative
coverings. In practice, C5 almost always considered
class predictions informative for �nding rules where
agree=0 and included them as tests, thus we now have
the opposite problem of trying to �nd rules which do
not include class predictions. Clearly, we can always
remove some variables from the analysis to force C5 to
generate rules without them, however this process of
running C5 on di�erent subsets of features can become
very cumbersome.

While C5 is an e�ective classi�cation tool, we believe it
has several disadvantages in a discovery context: First,
rule learners and decision trees are not complete. They



use heuristics to prune large portions of the search
space and thus they may miss important rules. Sec-
ond, decision trees and rule learners are unstable clas-
si�cation algorithms (Breiman, 1996). Small changes
in the learning set can result in wildly di�erent trees
or rule sets. Stability is essential for domain users to
accept the discovered knowledge. For example, in a
manufacturing domain Turney (1995) found that the
engineers \were disturbed when di�erent batches of
data from the same process result in radically di�er-
ent decision trees." The engineers lost con�dence even
though the trees had high predictive accuracy. Finally,
it is di�cult to specify useful criteria such as minimum
support or an acceptable false positive rate in the clas-
si�cation framework.

5. Evaluation

Evaluating descriptive tasks is di�cult because it is
somewhat subjective and the factors that make a rule
set useful may di�er from person to person. However,
we believe that there are several quanti�able charac-
teristics that are important to any discovered rule set.
First, the individual rules should a�ect a substantial
number of instances. Rules that a�ect only a small
number of instances are not interesting because of their
limited impact. Second, the rules should be short as
short rules are easier to comprehend. Rule length is
not the only factor in rule comprehensibility (Pazzani,
Mani & Shankle, 1997), but it serves as a useful oper-
ational measure (Domingos, 1997). Finally, the rules
should be stable to minor variations of the data if users
are to accept the results as valid (Turney, 1995).

We evaluated the impact of a rule by examining its
e�ect size which we de�ne as the di�erence in the
number of examples on which a model agrees with the
true labels (or other model) compared with the av-
erage agreement (see the example with MC4 below).
Rule Length is the number of terms in the conjunction
used to identify an area of model agreement or dis-
agreement. We de�ne stability as the expected pair-
wise agreement of rule sets constructed from di�erent
data sets drawn from the same distribution where the
agreement of two rule sets X and Y is:

agreement(X;Y) =
jX \Yj

jX [Yj
(3)

Agreement is 0 when X and Y have no rules in com-
mon and 1 when they are identical.

We evaluated models induced on the Adult Census
data set (Blake & Merz, 1998). The classi�cation task
is to categorize people with salary greater or less than
�50,000 per year based on demographic variables such

as age, working class, education, sex, hours worked,
capital gain or loss reported, etc. We used the original
training set of 32561 instances to develop our classi�ers
and the test set of 16281 instances to evaluate them.

We used this database because the variables and prob-
lem task are understandable and meaningful. Most
readers will have some intuition about the types of
people who have high salaries and this can provide a
sanity check on our discovered rules. We examined
three queries to evaluate our system.

1. What types of errors does the decision tree MC4
(Kohavi et al., 1997) commit?

2. What are the di�erences between the nearest
neighbor (1NN) and 5-nearest neighbor (5NN)
classi�ers?

3. How does relaxing the independence assumption
in the naive Bayesian classi�er by allowing limited
dependencies a�ect classi�cation? We compare
naive Bayes with SuperParent, a Bayesian classi-
�er that allows additional dependencies (Keogh &
Pazzani, 1999).

We discretized the data set prior to analysis by exam-
ining the variables and their histograms and selecting
cutpoints that were meaningful to us.1 For ease of in-
terpretation, we converted our results for both C5 and
STUCCO into English rules with the following format.

Classi�er MC4 is 15% less accurate than av-
erage at predicting the salary of people whose
occupation is craft-repair and are married.
This represents 183 misclassi�ed instances.

By accuracy di�erences we mean absolute di�erence:
i.e. if the average accuracy was 85% then the above
rule identi�es a set of people where the accuracy is 85%
- 15% = 70%. The 183 misclassi�ed instances is the
e�ect size of the rule and is the number of additional
examples that would have been correctly classi�ed if
the accuracy was the same as the average.

In our initial experiments with C5, we found that the
default options produced poor rule sets: C5 would pro-
duce many rules that had very small e�ect sizes and
occasionally would fail to �nd any rules at all (i.e. C5
would just predict agree=1 as a default class). In an
attempt to mitigate the small e�ect sizes, we set the -m
parameter, which sets the minimum number of cases
that must follow at least two branches after a split, to
maximize the e�ect size of the resulting rules. We tried
values ranging from 2 (the default) to 640 (2, 5, 10, 20,

1The naive Bayesian classi�er requires that continuous
variables are discretized or that a probability model, such
as a Gaussian, is �t to the marginal distributions.



40, 80, 160, 320, 640) and we reported the results for
the value that produced rules with the highest median
e�ect size without a degenerate rule set (e.g., no rules
for agree=0 or agree=1). We also found it necessary
to set the misclassi�cation costs to balance the di�er-
ent class sizes. We set the cost of misclassifying an
instance inversely proportional to its class frequency.
For STUCCO, we set � = 2% to focus on rules with
large e�ect sizes.

Table 4 summarizes the experimental results for our
three queries. For stability, we created 20 random
samples of size 5000 from the test data and reported
the average agreement between all pairs of rule sets.
For MDi� we reported the results for STUCCO rules
which did not reference class predictions to make the
results comparable to C5.

Table 4. Summary of C5 and Stucco (S) rule sets charac-
terizing MC4 errors, comparing 1NN with 5NN and com-
paring Naive Bayes (NB) with SuperParent (SP).

MC4 Errors 1NN vs. 5NN NB vs. SP
C5 S C5 S C5 S

number of rules 52 143 685 123 46 192
median e�ect size 44 148 2 64 38 115
average rule size 2.9 2.0 3.8 2.1 2.6 2.6

stability 0.25 0.54 0.05 0.48 0.24 0.40

5.1 Characterizing Decision Tree Errors

We used MErr to characterize the errors that the de-
cision tree, MC4, would make on the Adult data set.
MC4 correctly classi�ed 13811 cases and incorrectly
classi�ed 2470 cases. Appendix A shows a subset of
the discovered rules. The results highlight a number
of problems with using C5 as a discovery algorithm.

First, C5 su�ers from fragmentation problems caused
by the divide and conquer approach to induction. C5
found many rules that a�ected only a small number of
examples. For example,

MC4 is 6% more accurate than average on
people who have a Bachelors degree, are mar-
ried, work in a professional specialty, re-
ported a capital gain of �0, and have a salary
> �50K. This represents 13 correctly classi-
�ed instances.

This occurs because in C5 the tree structure will tend
to divide the data into very small sets with high con-
centrations of instances with agree = 0 or 1.

Second, C5 also missed many obvious rules found by
STUCCO. For example, C5 did not �nd the following
two very simple rules:

MC4 is 26% less accurate than average on
people who have a salary > �50K. This rep-
resents 1013 misclassi�ed instances.

MC4 is 13% less accurate than average on
people who are married. This represents 925
misclassi�ed instances.

This occurs because of the heuristic and greedy search
to obtain very high purity subspaces. C5 will typi-
cally ignore attribute-value sets with smaller accuracy
di�erences but large e�ect sizes.

STUCCO was more stable than C5 on this query. In
Figure 2 we plotted the agreement between all pairs
of rule sets for C5 and STUCCO. The x-axis measures
agreement, and the y-axis measures jX [ Y j which is
the size of the union. This shows that STUCCO was
more stable even though it produced larger rule sets.
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Figure 2. Stability of C5 and STUCCO

5.2 Di�erences Between 1NN and 5NN

We used MDi� to compare the 1NN and 5NN clas-
si�ers. We chose this task because we believed it
would be extremely di�cult as the two classi�ers are
very similar: The 5NN classi�er can be viewed as a
smoothed version of the 1NN classi�er. The voting
process over the k nearest neighbors serves as a vari-
ance reduction technique (Bay, 1999).

There were 14996 test cases where the 1NN and 5NN
classi�ers agreed and 1285 cases where they disagreed.
As we can see from the statistics in Table 2, the frag-
mentation problem is much worse for C5 on this query.
The median e�ect size for C5 was only 2, whereas for

STUCCO it was 64. C5 was also very unstable on this
dataset producing many long rules (average size 3.8)
which did not re-occur with alternative test data sets
drawn from the same distribution.

5.3 Relaxing the Naive Bayes Independence

Assumption

We used MDi� to analyze how the naive Bayesian clas-
si�er changes when we add additional dependencies
between features. We compared naive Bayes with Su-
perParent (Keogh & Pazzani, 1999), an e�cient search



algorithm for adding dependencies to maximize clas-
si�cation performance. Naive Bayes and SuperParent
agreed on 86% of the examples.

As before, C5 still su�ers from fragmentation problems
and �nds rules that a�ect only a small number of ex-
amples. Limited space prevents us from displaying all
our results, thus we present a small subset of STUCCO
results in Table 5 which shows the di�erences between
NB and SP by occupation.

Table 5. Occupation and Model Di�erences

model e�ect
occupation agreement size
craft-repair -15% -307
other-service +12% +192
exec-managerial +3% +51
prof-specialty +4% +75
handlers-cleaners +11% +79
machine-op-inspect +4% +44
admin-clerical +5% +82
farming-�shing -8% -38
transport-moving -18% -136

From the table we can clearly see how adding depen-
dencies a�ected occupation categories. In contrast, a
typical C5 rule involving occupation is:

Naive Bayes and SuperParent are 21% less
likely to agree than average on people who
have some college education, are married,
work in transport-moving and reported a
capital-gain of �0. This represents 14 in-
stances with di�erent predictions.

C5 does not build its rule set hierarchically; thus we
never see the main e�ects as with STUCCO.

6. Conclusions and Future Work

We presented MErr and MDi� which are simple pro-
cedures for characterizing the errors a model makes or
the di�erence between two models in the feature space
of the domain. They produce comprehensible descrip-
tions and allow a practitioner insight into the domain
using the language of the problem.

Both procedures use a plug-in algorithm such as a rule
learner or contrast set miner to generate descriptions of
a model's performance. We evaluated MErr and MD-
i� using C5, a classi�cation algorithm, and STUCCO,
a discovery algorithm for �nding contrast sets. We
found that C5 su�ers from several problems that make
it unsuitable for this task such as fragmentation, in-
completeness, and instability. STUCCO did not su�er
from these problems. We believe that MErr and MDi�
in conjunction with STUCCO will be e�ective diagnos-
tic tools for building machine learning systems.

Finally, we see two main areas for future work. First,
we believe that it is important to try other algorithms
as rule generators. In particular, Maximal Parsimo-
nious Discrimination (Valdes-Perez & Pericliev, 1997)
appears promising as it was designed to generate com-
prehensible class descriptions. Second, there has been
little research into understanding how humans inter-
pret rules and rule sets and our work would greatly
bene�t from further investigation here.
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Appendix A: Example Rules

Table 6 shows a subset of rules found by STUCCO and C5
on MC4 errors. After sorting the rules by e�ect size, we
selected every sixth and second rule respectively.


