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Abstract. In knowledge discovery from uncertain data we usually wish
to obtain models that have good predictive properties when applied to
unseen objects In several applications, it is also desirable to synthesize
models that in addition have good descriptive properties The ultimate
goal therefore, is to maximize both properties, i e to obtain models that
are amenable to human inspection and that have high predictive perfor
mance Models consisting of decision or classification rules, such as those
produced with rough sets [19], can exhibit both properties In practice,
however, the induced models are often too large to be inspected This pa
per reports on two basic approaches to obtaining manageable rule based
models that do not sacrifice their predictive qualities: a priori and a pos
teriori pruning The methods are discussed in the context of rough sets,
but several of the results are applicable to rule based models in general
Algorithms realizing these approaches have been implemented in the
ROSETTA system Predictive performance of the models has been esti
mated using accuracy and receiver operating characteristics (ROC) The
methods has been tested on real world data sets, with encouraging re
sults

1 Introduction

Rough set theory, introduced by Pawlak [19], provides a theoretically sound
framework for extracting models, in the form of propositional decision rules,
from data There are two main tasks for which a model is useful: prediction and
description When performing knowledge discovery from databases (KDD), we
are interested in finding as good a model as possible from a set of data However,
what constitutes a good model may vary, depending on the goals of the particular
KDD process If the goal is to build a model that is able to classify unseen objects
as accurately as possible then the predictive quality is all important If the goal
of the KDD process is description, we need to formalize what it means that a
model displays good descriptive qualities This is a difficult task, but the size
of the model is of fundamental importance A model consisting of thousands of
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rules, or utilizing several hundred attributes is incomprehensible, while a small
model, for example containing in the neighborhood of twenty relatively short
rules or less, is easily understood by a human

There are two fundamentally different approaches to finding models display
ing good descriptive characteristics The first approach starts out by generating
as good a predictive model as possible, ignoring the descriptive quality It is then
believed that within this model there are some patterns which are of fundamental
importance, and others which are redundant or only apply to a small number
of objects in the data Each model consisting of rules which are contained in
the original model is called a submodel, and using various filtering strategies,
one accepts a small drop in predictive performance in exchange for a submodel
which is significantly smaller than the original model The other approach aims
at locating the most important patterns directly from the data This approach
is based on a generalization of Kowalczyk’s Rough Data Modelling [12]

The first approach may be computationally expensive, because the problem
of finding all models (ie reducts) is NP hard [23], even if it may, at times, be
alleviated through the use of appropriate heuristics

In the second approach, the cost of computing is much smaller, for the price
of, possibly, not finding the best model However, the models that are found may
be sufficiently good for the problem at hand It may also be that the computa
tional cost of the first approach is indeed unacceptable

Clearly, there are advantages and disadvantages with both approaches and
there is an apparent need to explore both dimensions in depth

The models considered here are induced from data and are on the form
RUL = {r, ,Tn}, Ti = a; = [B;, where each «; is a conjunction of descriptors
over the condition attributes, and each 3; a descriptor over the decision attribute,
of a decision system Such models can both be induced from data and used for
classification purposes using the ROSETTA system [18, 11] which is a tool kit for
data mining and knowledge discovery within the framework of rough set theory

Predictive performance of the models is estimated using ROC (Relative Op
erating Characteristics) analysis; a method with origins in signal theory that
is commonly used in medical diagnosis and is gaining popularity in machine
learning For comparative purposes, the area under the ROC curve (the AUC)
is recommended as the appropriate measure of classifier accuracy compared to
traditional accuracy measures [25] Differences in calculated AUC values for two
classifiers may be due to chance Hanley and McNeil [7] provide a statistical
hypothesis test for detecting statistically significant difference in two correlated
(calculated from the same data) AUC values We used this test with a 5% sig
nificance level for the two tailed test using Pearson’s correlation measure

Both approaches are illustrated here with experiments on real world data
sets, and the results are encouraging The methods and experiments are further
discussed in [1] and [13]

In the following it is assumed that the reader has some familiarity with the
use of the rough set framework for synthesizing models from data A tutorial
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introduction to rough sets may be found in [10] Kowalczyk’s method is, however,
briefly explained, as it may be less known

2 Filtering Strategies

2.1 A Posteriori Filtering

The general problem of post pruning of models is finding submodels with lower
complexity but without significantly lower predictive performance Thus, two
general properties of models are performance and complezity For rule filtering,
submodels correspond to subsets and complexity is equal to rule count The rule
filtering problem thus consists of finding a high performance subset RUL' of a
given rule set RUL

Genetic Filtering A genetic algorithm for rule filtering was implemented in
the ROSETTA framework, based on an implementation by Vinterbo [26] Given
an initial rule set RUL = {ry, ,ry} the search space {R: R C RUL} is repre
sented by bit strings of length n, where the semantics of a bit string b, b, is
the rule set {r; : b = 1} The fitness function is a weighted sum of the perfor
mance and the inverse of rule complexity Both the weight and the termination
criteria for the algorithm is set by the user

Quality-based Filtering Numerical measures of the quality of individual de
cision rules are generally derived from the contingency tables The contingency
table for the rule r = a — f tabulates the number of objects from the rule’s orig
inating decision system that matches the antecedent and/or the consequent For
each ¢ € {a,—a} and ¢ € {§, 5}, ng.y denotes the number of objects matching
both ¢ and ¢ Also, ny = ny g+ny, s and ny = ng,¢p+n-q,p The total number
of objects in the originating decision system is denoted |U| Relative frequencies
are often used: fy o = ng,u/|U|, fo = ng/|U| and fy, = ny/|U]| for ¢ € {a,—a}
and ¢ € {f,—8} The most commonly referenced numerical properties for a rule
r = a — (3 are accuracy(r) = nq.g/ne and coverage(r) = nq g/ng Coverage
was used as a measure for rule filtering in [16]

An overview of rule quality formulae is given by Bruha in [3] and is summa
rized in Table 1 We used these quality functions for rule filtering by plotting the
performance of the model versus the number of the individually best rules in
cluded from the corresponding orderings of the unfiltered rule set, and selecting
models according to given problem specific criteria

2.2 A Priori Filtering

Several approaches to a priori rule filtering exist In this paper, Rough Data

Modelling, and its generalization, Rough Modelling, have been investigated
Rough Data Modelling is a method introduced in [12] which attempts to

address two common problems found in traditional data mining methods: the



196 T. Agotnes, J. Komorowski, and T. Lgken

Quality measure Formula

Michalski poaccuracy(r) + (1 p) coverage(r)

Torgo Michalski with p = } + }accuracy(r)

Brazdil accuracy(r) ecoverage(m) 1

Pearson (Na,8 Moa,~B  Ma,-g N-a3)/(Ng N-p Na N-qa)

G2 2 (na,pIn(na,p |Ul/(na 1)) +na,-pIn(na,-5 [U|/(na n-p)))
J qualitya2(r)/(2|U])

Cohen (U] nap +1U| Noaimg na 18)/(U> Na ng  Noa n-p)
Coleman (U] nap mna ng)/(na n-g)

C1 qualitycoreman (r)((2 + qualityconen(r))/3)

C2 qualitycoteman (1) ((1 + coverage(r))/2)

Kononenko log, fs + log, accuracy(r)

Table 1. Rule quality formulae [3]

computation cost of model generation and the inability to tailor the method to
the specific needs of each data mining session Kowalczyk argues, as do many
others, that knowledge discovery should be looked upon as an iterative process
where the goals of the process may vary With the large number of alternatives
found at each stage in the knowledge discovery process (feature selection, dis
cretization, data mining, etc ), it is impossible to find general guidelines which
will always produce the best model This means that it is desirable to generate
as large a number of models as possible and search among these in order to find
a satisfying model However, the computational cost of many commonly used
algorithms prohibits the generation of numerous models, and in addition, most
algorithms are specifically designed to maximize (or minimize) a certain measure,
or a predefined combination of measures (accuracy, specificity, misclassification
cost, etc )

Rough data modelling simplifies the model generation process and makes it
feasible to search among a large number of models In addition, it allows the
user to tailor the data mining process to suit his/her own needs, by allowing
the user to specify in detail how to evaluate a model From a decision system
A = (U, AU {d}), a rough data model is a triple M =< B,dp, <>, where B
is an attribute subset of A that induces a set of equivalence classes EP dp
is a class decision function, which maps the equivalence classes E? to a single
decision value for each class, and < a linear ordering of the equivalence classes in
EP Both the class decision function and the ordering on the classes are decided
by the user The process of generating high quality models using rough data
modelling is a three step process [12]:

1 Specify the performance measure that is to be optimized, and specify the
measure used to rank classes in a model

2 Determine the search space, i e the collection of models that should be
searched for a model maximizing the measure found in step 1 This step also
involves determining the class decision function dp
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3 Determine the search procedure

And so now, each equivalence class in a particular rough data model is uniquely
identified by the values of the attributes in B It is thus equivalent to a single
rule of the form

(ar(z) =v) A Alfan(z) = vn) = (d(z) = d([2]B)) (1)

where B = {a;, ap},and {v1, vy} arethe characteristic values of the equiv
alence class of z, [z]p

The complexity of rough data modelling is linear with respect to the number
of objects in the data set [12] The size of the search space is decided by the
user specified upper and lower bounds on how many attributes to include in the
model, and it is only feasible to search for models which use relatively few (5 10)
attributes

Rough data modelling is closely related to several other strategies for extract
ing small, yet accurate models from possibly large data sets, for example rough
classifiers [20] and feature subset search [9] It is desirable to develop a unified
framework for mining compact, yet accurate models which is able to incorporate
new developments in rough set theory, such as replacement of the discernibility
relation with a similarity or tolerance relation [22,24], or the incorporation of
ordinal properties of attribute values obtained through the use of a dominance
relation [5]

As a step towards such a framework, we introduce the concept of rough
models, which is a generalization of rough data models While a rough data
model partitions the universe U using the indiscernibility relation, a rough model
is only required to have classes that cover U, imposing no restrictions on how
these are found For a decision system A4 = (U, A U {d}), a rough model is a
tuple

M:<B7dABaE7j7R> (2)

where B C A is a set of attributes, dg : U — Vy is an object decision function,
not a class decision function as used in rough data models This allows us the
added flexibility of being able to assign different decision values for objects which
belong to the same decision class, if we so desire FE is a set of object classes which
cover the universe U, < is a linear ordering on the classes in E, and R is a set of
reducts for the decision system A’, which is obtained by replacing the decision
values of each object z € U with dp ()

Rough data models are a kind of rough models where R = B, and E =
U/IND(B) In addition, one can easily define, for example, rough similarity
models, where the classes E are induced by a form of similarity relation [24]*,
rough dominance models, where the dominance relation, explained in [5], is used
to partition the universe into classes F, or rough Holte models, where each at
tribute in B is regarded as a reduct, yielding a model containing univariate
rules

! In this case, the classes will overlap
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3 Experimental Results

3.1 Rule Filtering

Two preliminary experiments using the rule filtering schemes presented herein
(ie genetic filtering and quality based filtering) have been carried out In the
first experiment, henceforth called “the acute appendicitis experiment”, we used
a data set describing 257 patients with suspected acute appendicitis collected at
Innherred Hospital in Norway [6] This data set has previously been mined in
[4] using methods from rough set theory In the second experiment, henceforth
called “the Cleveland experiment”, we used the Cleveland heart disease database,
available from the UCI repository [14], consisting of 303 patients with suspected
coronary artery disease 6 of the objects had missing values for one or more
attributes and were removed

Both datasets were split into equally sized learning, hold out and testing
sets three times After preprocessing, rule induction (using dynamic reducts [2])
were performed using the learning sets Rule filtering was done using the hold
out sets, and the performance assessed and compared to the unfiltered sets using
the testing sets

The two data sets were used to illustrate two slightly different rule filtering
applications In the acute appendicitis experiment, the goal was to find descrip
tive models These were subjectively defined as models with no more than 20
rules In the Cleveland experiment, the goal was to filter down the rule sets as
much as possible without any constraint on the maximal size of a rule set The
execution of the experiments differed in the selected parameters (e g the weight
for the fitness function in the genetic algorithm), and in the procedure used to
select a particular filtered model from several alternatives

The estimated performance of the pruned models is shown in Table 2

Acute Appendicitis Cleveland
Method Size AUC (SE) p value  Size AUC (SE) p value
Unfiltered 447 0 9043 (0 0363) 6949 67 0 9035 (0 0374)
Genetic 667 08930 (03318) 0 6209 3408776 (00377) 04475
Michalski (1 = 0) 9 67 0 8890 (0 0392) 0 6195 65 08920 (0 0353) n/a
Pearson 833 08661 (00426) 03253 92 33 0 8846 (0 0366) n/a
J 708734 (00411) 04813 11933 08753 (0 0380) n/a

Table 2. Performance of filtered versus unfiltered rule sets on previously unseen data
Only the best quality functions are shown All values are averages over three different
splits of the data set p values outside the Hanley /McNeil lookup table are specified as
n/a
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3.2 Rough Modelling

In order to investigate the performance of the rough modelling approach within
the ROSETTA toolkit, several data sets were analyzed using rough modelling, as
well as traditional rough set methods for comparison All results shown below
were computed using a genetic algorithm for rough model search, as initial ex
periments proved this algorithm on average used only 20 30% of the time used
by an exhaustive search and still consistently returned the same models Rough
models were generated from the Pima Indian diabetes data set from the UCI
repository, and the acute appendicitis data set described earlier

In order to investigate the effect of excluding the smallest equivalence classes
from the rough data models, the size threshold for inclusion into the rough
model was varied and a rough model generated from two thirds of the objects
in the data set The remaining objects were used to test the performance of the
resulting model, using ROC analysis The results for both data sets are shown
in Table 3, and the numbers are labeled Ap and Pg, for the appendicitis and
diabetes data, respectively

In addition to a decision function JB which sets the decision value for each
object to the dominating decision value for the equivalence class of that ob
ject, a decision function which copies the original decision value for each object
was implemented This breaks with the principle put forth by Kowalczyk that
each equivalence class should have a single decision value associated with it and
thereby produces a model which may contain indeterministic rules Table 3 also
shows the results using this decision function, labeled Ap and Pp for the two
data sets used The splits were unaltered to facilitate comparison of the AUC
values

The AUC values were compared using the Hanley McNeil test This was only
done for the appendicitis data, as no known benchmark existed for the diabetes
data The numerical results indicate that rough data models perform somewhat
worse than the best known RS model, but the difference is not significant if the
correct threshold for class size is selected This means that one may accept a
slight drop in performance, but the drop is often insignificant No good measure
of descriptiveness exists, but while the RS models for the appendicitis data
contained between 850 and 900 rules, the rough data models contained 15 rules
or fewer if the smallest classes (less than 5 objects) were filtered out from the
model On all other data sets examined, the size of the models found by a rough
model search were comparable to the results reported for the appendicitis set
(between 5 and 20 rules, if a small cut off on class size is used)

The performance of rough Holte models was only briefly investigated on the
appendicitis data The complete set of univariate rules for the data set, denoted
1R, was used as a benchmark, and a 3 fold split validation was carried out, with
different lower limits on the classes to be included in the model The results
are labeled Ay in Table 3 No significant differences were found between the
different rough Holte models and the 1R rule set, or between the different rough
Holte models This means that it is possible to mimic the performance of the 1R
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rule set (which in turn has been found to be comparable to the performance of
the best reduct based models) using only a handful of attributes

Size Model AUC (SE)

limit Ap Ao Ay Pp Po

RS 0907 (0 031) 0907 (0 031) 0907 (0 031)

1R 0908 (0 032) 0908 (0 032) 0908 (0 032)

0 0783 (0 049) 0794 (0 048) 0925 (0 028) 0692 (0 036) 0748 (0 034)
5 0 835 (0 043) 0 897 (0 033) 0 894 (0 034) 0694 (0 036) 0730 (0 034)
10 0816 (0 045) 0 857 (0 039) 0 884 (0 035) 0732 (0 035) 0763 (0 033)
15 0771 (0 050) 0 806 (0 047) 0903 (0 032) 0715 (0 035) 0767 (0 033)

Table 3. Results from analysis on the acute appendicitis data and diabetes data, using
a variety of rough models

4 Discussion

4.1 Rule Filtering

The results from both experiments are rather encouraging In the acute appen
dicitis experiment, dramatically smaller rule sets without significantly poorer

in fact, sometimes (insignificantly) better ~ performance were found In the
Cleveland experiment however, the selected models for one of the splits (split
3) generally had significantly poorer performance compared to the unfiltered
models

The performance of the quality functions for rule filtering purposes was di
verse It seems that the Michalski formula with g = 0 (see Table 1) can be
recommended Corresponding to filtering according to the coverage only (simi
lar to [16]), this is a rather surprising result In addition to the Michalski for
mula, the Pearson x? statistic and the J measure seem to perform well The
results back up [3] in that the theoretically based quality formulae generally do
not perform better than the empirically based The genetic algorithm performs
slightly (insignificantly) better than the quality formulae in the case with rela
tively small rule sets; but slightly poorer in the case with comparatively large
sets For practical purposes, rule filtering with the genetic algorithm is much
more time consuming than using quality based filtering

4.2 Rough Modelling

As with a posteriori pruning, the results obtained so far using rough modelling
are not a solid enough foundation on which to make strong claims about the
performance of rough models versus models mined using traditional rough set
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methods There is some indication that the performance of rough models falls
slightly short of the performance of larger rough set induced models, but the
evidence is not conclusive However, there is strong evidence supporting the con
jecture that rough models of comparable performance to traditional RS models
are far more descriptive No universally agreed upon measure of descriptiveness
exists, but a decrease in size from thousands of rules to between five and twenty,
few attributes used, as well as the option of determinism, add up to a very large
improvement in descriptive capability

The results in the experiments performed support the observations made by
Holte [8], that very simple rules often perform just as well as more complex
rules For the appendicitis data, it may seem that the predictive capabilities of
univariate rules match and possibly exceed those of rough data models as well as
the best known rough set based models, which both contain rules with several
attributes in the antecedent However, univariate rules are less interesting from
a knowledge discovery standpoint, as they only represent simple correlations
between individual attribute values and a decision value For a related discussion,
see [17] in this volume

5 A Comparison and Future Research

The results on rule filtering are rather encouraging It is possible to obtain small
models that preserve predictive quality While the computational costs may be
high, the method guarantees that no significant combination of features will be
excluded from the original set Applications of rule filtering vary widely in their
goals, and it may be impossible to construct an automatic method serving all
needs

The simplicity of rough model generation means that rough modelling is
applicable in particular to large databases; it is also well suited as an initial
approach to mining data By searching for various forms of rough models, models
which are of a high descriptive and predictive quality may be generated quickly
The insight gained from inspecting the rough models may then be used to process
the data before using reduct based model inducers to mine the best possible
predictive model, if this is of interest

The experiments presented here are still preliminary and not sufficient to
draw general and definite conclusions regarding the applicability of the pro
posed methods A further investigation should include a wider range of data sets,
induction algorithms, and, in the case of genetic algorithms, various parameter
settings Also, more sophisticated experiment designs  such as cross validation

should be considered

We also plan to investigate the relationship of our approaches to the so called
templates developed now at Logic Section of Warsaw University [15]

Not surprisingly, we can conclude that a knowledge discoverer will be best
served if both approaches are present in his/her arsenal The choice of tool will
depend on the task at hand We hope that this work will help him/her decide
which method to choose
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