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Summary. We evaluate the rough set and the association rule method with re-
spect to their performance and the quality of the produced rules. It is shown that
despite their different approaches, both methods are based on the same principle
and, consequently, must generate identical rules. However, they differ strongly with
respect to performance. Subsequently an optimized association rule procedure is
presented which unifies the advantages of both methods.

1 Introduction

Data mining methods are part of knowledge discovery from databases. Its
objective is to extract nontrivial, beforehand unknown and potentially useful
information. There exist several data mining procedures which differ in their
methodology as well as in their data types.

In our work we focus on a comparison of the association rules with the
rough sets. The association rule method was developed particularly for the
analysis of large databases, whose attributes posses only Boolean values. The
rough set method, however, investigates databases. Its attributes can posses
several values with the constraint, that a predefined set of attributes must
exist on which the generated rules are based on. In order to be able to make a
fair comparison, both procedures should operate on the same data type. Our
aim is to find out, which method is more efficient, and whether a combination
of both methods improves the overall quality of unscrambled rules.

2 Association Rules

The association rule method was developed originally for the analysis of large
databases of customer transactions. Each transaction consists of items pur-
chased in a supermarket. In order to apply this method to data multi-value
attributes, we defined the term item in a different way.

2.1 Transforming Attributes into Items

An item combines the name (label) of an attribute with one of its possi-
ble values. Each attribute has a finite set of values which is called domain.
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Within a database each combination of attribute name and attribute value is
distinguishable. Consequently, there exists a set A = {a1,as,as, ..., a,} with
p € N items in a database.

Ezample 1. To represent an attribute with binary domain we only need one
item a; € {0, 1}. For example, for attribute ‘spaghetti’ with domain(spaghetti)
= {bought, notbought} (i = 1) we set a; = 1 if spaghetti are bought (see Fig.

1).

spaghetti
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>
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Original relational data with attributes Bitmap table with sttributes
TID and spaghetts TiDand &

Fig. 1. Transformation of relational data into an efficient bitmap representation for
attributes with binary domains.

FEzample 2. For an attribute with no-binary domain, each attribute value
corresponds to one item. For example, for attribute ‘blood pressure’ with
domain(blood  pressure) = {high, low, normal} (i = {1,2,3}) the following
items result: a; = “blood pressure high”, as = “blood pressure low” and
ag = “blood pressure normal” (see Fig. 2).
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Fig. 2. Transformation of relational data into an efficient bitmap representation for
attributes with no-binary domains.

Finally an association rule can be defined as follows: Given the subsets
X CcAandY C A with XNY = (), an association rule is an implication in the
form X — Y, with a confidence ¢ (0 < ¢ < 1) and a support s (0 < s < 1).
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The confidence is a measure of how many tuples that contain X also contain
Y. The support is the relative frequency of the set X U Y.

2.2 Data Structure ‘Bitmap’

It is known from Database Theory that bitmaps are efficient data struc-
tures (Jiirgens/Lenz, 2001). Therefore the original relational schema has to
be transformed into a bitmap table. The first column holds the primarykey at-
tribute TID, each of the remaining columns contain a binary bitmap-attribute
i.e. an item from the original data set (see Fig. 1 and 2). This structure is
efficient, because the column-address of a bitmap-attribute doesn’t change.
Therefore it is possible to check very fast each tuple, by direct access for
the appropriate column, whether the searched item is or is not available in
the corresponding tuple of the original data set. If its present there is a ‘1’
otherwise a ‘0’ in the bitmap.

2.3 Rules Derivation

The procedure to generate association rules is based on the multi-pass-algo-
rithm Apriori'. The principle idea of this algorithm is to scan several times
a database while searching for sets of items that occur in a sufficient large
number. After each pass the number of items in those “large sets” is increased
by one until all existing sets in the database are found. Subsequently the
association rules are derived from these item sets.

3 Rough Sets

The rough set theory was introduced by Zdislaw Pawtak?. It is a method for
uncovering dependencies in data, which are recorded by relations. A detailed
introduction to rough set theory can be found in Munakata (1998).

3.1 Model

The rough set method operates on data matrices, so called “information
tables” (see Table 1). It contains data about the universe U of interest, con-
dition attributes and decision attributes. The goal is to derive rules that give
information how the decision attributes depend on the condition attributes.

A prerequisite for rule generation is a partitioning of U in a finite num-
ber of blocks, so called equivalence classes, of same attribute values by ap-
plying an equivalence relation. For example, the equivalence relation R;
= {(u,v)|u(blood pressure, temperature) = v(blood pressure, temperature)}

! See Agrawal/Srikant (1994).
2 See Pawlak (1982).
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Table 1. Information table.

universe condition attributes decision attribute
DeISon temperature  blood pressure freart problem
Adams normal low no

Brown normal low no

Carter normal medium jes

Ford high high jes

Gill high high no

Bellows medium medium es

leads to a partition of U into three equivalence classes U; = {Adams,

Brown}, Uy = {Carter} and Uz = {Ford,Gill} (see Table 1). Given these
classes, rules like e.g. “If temperature normal and blood pressure low then
heart problem no.” can be derived . Generally, no unique rule derivation is
possible. For example, Ford and Gill have identical values of the condition
attributes, but differ in their values of the decision attribute. In order to an-
alyze such data, the concept of approximation spaces is used to determine
the confidence of the derived rules.

The quality of the extracted rules depends also strongly on the possibility
of attribute reduction. Reducing the number of attributes in a dataset by
removing the redundant ones is one of the main objectives of rough set theory
and at the same time one of the main problems. Finding a minimal reduct is
a NP-hard? problem. Finding all reducts has exponential complexity*.

In our approach we try to reduce the computing time by applying the
concept of reduct extraction directly to the produced rules, not to attributes.
First, in order to generate strong rules, all rules which support and confidence
values don’t reach the given minimum threshold, are deleted. Second, the
reducts are extracted. Suppose, there are two rules with same decision item
and same confidence value, and their only difference is the set of condition
items. The condition itemset of rule no 1 is a subset of the condition itemset
of rule no 2. In this special case rule no 2 is redundant and can be deleted
without having loss of information.

3.2 Rough Set Based Rule-Generation with RS-Rules+

Besides the “classic” version of rule generation with a fixed decision attribute
(cf. Table 1), our algorithm RS-Rules+ offers the possibility of varying the
selected decision attributes of a table. Each attribute of the table will be in-
cluded either as a decision or condition attribute. RS-Rules+ is explained on
the basis of Table 2: The attributes of the original data set are {A}, {B} and

3 See Rauszer (1991).
4 See Skowron/Rauszer (1992).



Improving Association Rule Mining by Means of Rough Sets 5

{C}. Each attribute has two non null values A = {ay,a2}, B = {a3, a4} and
C = {as, ag}, so that there are six items (bitmap-attributes) for the resulting
bitmap-table: {a;},{az2}, {as},{as},{as}, {as}. In the first step all possible
rules are constructed from all bitmap-attributes of the table. For example,
for {A} — {B} four item-related rules can be set up: {a1} — {as},{a1} —
{as},{a2} — {as} and {a2} — {as}. All rules not fulfilling the minimum
support and minimum confidence are deleted. The condition items from the
remaining rules ({a;1} and {a4}), build pairwise the condition itemsets for the
next run® (i. e. {a1,a4}). Again all possible rules are produced, their support
and confidence is measured and the ‘weak’ ones are deleted. The set of the
remaining rules (({a1,a4} — {as})) is compared with the set of produced
rules in the previous run in order to remove the unnecessary ones.

Suppose, {ai,a4} — {as} has the same confidence as {as} — {as}. In
this case {a1,a4} — {as} is dominant and will be deleted. Since there are
no more rules left to extract from the itemsets of the next generation, the
algorithm stops.

In case that {a1, a4} — {as} is necessary it is stored as a valid rule and its
condition itemset is part of the basis for next generation condition itemsets.
Since there is no other new rule left, no new condition itemset(s) can be setup
and the algorithm stops.

Table 2. Rule-Generation with RS-Rules+.

1st run 2nd run
New condition attribute- A={a,, ax}
sets B={a;, a4} {a;, a5}
C={as . ag}
Possible Rules {ai} > {a3}
{a:} > {as}
{a:} 2 {as}
{ai} > {ag}
{22} = {as} {a1.a4} 2 {22}
{a:} > {aq4} {as,as > {aq}
{aq} > {as} {as,a4t > {as}
{aq} > {ag} {as,a4 = {ag}
{as} > {as}
{as} > {as}
{aq} =2 {as}
{as} > {as}
Rules with minsupport {a;} =2 {23}
(valid rules) {a4} 2 {as}
Condition attribute-sets

with minsupport {a:}, {ad} {8124}

{a1.24} > {as}

5 The formation of condition itemsets is based on the same principle as the k-
itemset construction in 2.3.
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4  Comparison of the Procedures

The transformation of the underlying data set into a bitmap-representation
and the modification of the rough set rules induction scheme allow an ob-
jective comparison of both methods. Three benchmark data sets have been
selected, which differ in size and number of attributes®:

1. Car Evaluation Database: 1728 tuples, 25 Boolean attributes in the bit-
map-table.

2. Mushroom Database: 8416 tuples, 12 original attributes selected, 68 bool-
ean attributes in the bitmap-table.

3. Adult: 32561 tuples, 12 original attributes selected, 61 boolean attributes
in the resulting bitmap-table.

The computing times of the rough set algorithm for the benchmark data
were between 2 minutes and 4 hours, those of the association rule algorithm
between 40 seconds and 45 minutes” (c.f. Table 3). Both procedures supplied
similar results for all examined tables, except for few cases due to reducts
of the rough set algorithm®. However, not creating redundant rules does not
lead to any principal difference of rule production. Hence we conclude that
both procedures are equivalent with respect to the produced rules.

Theorem. Let ¢, s € (0, 1] values for minimum confidence and minimum
support. Then the algorithms Apriori and RS-Rules+ induce identical rules
from given data D w.r.t. ¢ and s if the extraction of reducts by RS-Rules+
does not take place.

Proof. Let X — Y be any rule derived with RS-Rules+ and S the ap-
proximation space for Y. S is spanned by all the items, which are involved in
X. The restriction of S on the lefthand-side X of a rule selects from D exactly
those records which inherit a condition itemset equal to X. For this set Dx
of the extracted records % > s holds. Since only those rules are derived
by RS-Rules+, which fulfill the minconfidence ¢ and the minsupport s, both
criterions are satisfied for the set Dxy C Dx. Hence the Apriori-algorithm
will induce this rule also.

Conversely, let X — Y be any rule derived with Apriori. Then Dx_y the
set of all records inheriting the large itemset X U Y fulfills the inequalities
% > s and |Lﬁg;?‘ > c¢. Since all approximation spaces S are derived by

RS-Rules+, there exist a S’, such that S’ is an approximation space for Y,
and hence the rule X — Y is induced, too. O

5 The benchmark data can be found in UCI Repository of Machine Learning
Databases and Domain Theories (URL: ftp.ics.uci.edu/pub/machine learning-
databases/Adult, /car, /mushroom).

T All tests were executed on a PC with an AMD K6-2/400 processor.

8 A more detailed description can be found in Delic (2001).
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5 Hybrid Association Rule Procedure Apriori+

Since the generated sets of rules of both procedures are almost equivalent, the
selection of the procedure depends on the role of reducts. The best solution
would be an additional extension of the faster association rule method with
functions of the rough set procedure, such as formation of reducts and the
ability to refer to a fixed decision attribute if needed. This hybrid method
was realized with our algorithm “Apriori+”: The derived rules are examined
on reducts, unnecessary rules are deleted. If there is a given fixed decision
attribute, all itemsets without this attribute can be ignored for rule genera-
tion.

A further benchmark test confirmed the advantages of Apriori+: With
all examined data sets the same rules (including reducts) as with RS-Rules+
have been extracted, whereby the necessary computing times corresponded
to almost 100% to the Apriori association rule procedure (see Table 3).

Table 3. Complexity (CPU time) grouped by database, parameters and the use
of the decision attributes for the algorithms Apriori (Apr), Apriori+ (Apr+)and
RS-Rules+ (RS+).

Database Car Evaluation Mushroom Adult
Minsupport 10% 35% 17%
Minconfidence 75% 90% 94%
;F;i;r?guli)eecision Yes No Yes No Yes No
Method RS+ | APT | Apr RS+ [APT [Rs+ | APT | apr [RS+ | APT RS+ [ APF | Apr [RS+ | APT
E};’;’]T‘me 115|112 [1.10 (315 [112 332 [2.02| 2 |15 [2.02]| 64 |44 |44 |233 |44

From the examination of reducts on the rules and Theorem 1 follows
directly:

Corollary. Let ¢, s € (0, 1] values for minimum confidence and minimum
support. Then both algorithms Apriori+ and RS-Rules+ induce identical
rules from given data D w.r.t. ¢ and s, if the extraction of reducts does take
place.

In this case, the same redundant rules are left out by both algorithms.

6 Summary

The association rule procedure, which was originally developed for processing
attributes with Boolean domains, can be based upon bitmap tables in order
to analyze attributes with multi-value domains. The Rough set procedure
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originally was for generating rules with a fixed decision attribute. Evidently,
the need of an a-priori-definition was removed.

On the basis of different data sets we compared the quality of produced
rules and the necessary computing times of the algorithms. It turned out, that
the rules of RS-Rules+ and Apriori+ do not differ. The computing times were
in favor of the association rule procedure.

Even so, any final judgement should be stated carefully, since many fac-
tors have a great impact. The needed time of computation e.g. depends also
strongly on the implemented algorithms. Improvements with the rough set
algorithm could lead to reduction of computing time. Another factor is the
methodology of the rule generation. It cannot be excluded that there exists
another rough set based procedure which is more efficient for rule generation
than the one introduced here. The investigation on these and other related
questions will be subject of further work.
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