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Abstract. Sets of decision rules induced from data can often be very
large. Such sets of rules cannot be processed eﬃciently. Moreover, too
many rules may lead to overﬁtting. The number of rules can be reduced
by methods like Quality-Based Filtering [1,10] returning a subset of all
rules. However, such methods may produce decision models unable to
match many new objects. In this paper we present a solution for reducing
the number of rules by joining rules from some clusters. This leads to a
smaller number of more general rules.

1

Introduction

Classical decision models based on decision rules induced from data often consist
of huge amount of decision rules. However, such large sets of rules cannot be
eﬀectively processed, e.g., in matching of new objects. Moreover, too many rules
may lead to overﬁtting. Reducing the number of decision rules is also important
for experts analyzing the induced rules. There is a growing research interest
in searching for clustering methods or reduction methods of induced from data
decision or association rule sets (see, e.g., [1,3,6,7,8,15]).
There is a need to develop methods for inducing set of rules of feasible sizes or
methods for decision rule pruning without decreasing the classiﬁcation quality.
The number of rules can be reduced by methods like Quality-based Filtering
returning a subset of all rules. Such methods, however, may produce decision
models unable to recognize many new objects.
We present a method for reduction of the number of rules by joining rules
from some clusters. This leads to a smaller number of more universal decision
rules. We also present experimental results showing that it is possible to induce
sets of rules of a feasible size without decreasing the classiﬁcation quality.
Let us assume data are represented in decision tables [11] of the form presented below.
– a1 . . . aN
x1
..
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xk

d
d1
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where in rows are described objects xi ∈ X by means of attributes a1 , . . . , aN ,
and d denotes the decision attribute with values di corresponding to decision
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classes. From such data table one can generate all (minimal) decision rules [11].
Calculated rules have the form of conjunction, for example: r : (a1 = 1 ∧ a3 =
4 ∧ a7 = 2) ⇒ dr . If the conjunction is satisﬁed by the object x, then the rule
classiﬁes x to the decision class dr (r(x) = dr ). If the conjunction is not satisﬁed
by x, then the rule for x is not applicable what is expressed by the answer d?
(r(x) = d? ).
One can represent decision rules by means of sequences


N
rA (i) i=1 or by r : (a1 = rA (1) ∧ · · · ∧ aN = rA (N )) ⇒ d

where: rA (i) = attribute value or “ ” if an attribute value can be arbitrary.
New objects can be classiﬁed by means of voting strategies [5] using decisions returned by rules matching the objects. Rules can have assigned weights
describing their importance in voting. A very important question is how to rate
the quality of the rules and how to calculate the weights for voting. There are
some partial solutions for these problems [2].
One can induce all (minimal) rules from decision table [11]. Unfortunately, we
can get too many rules and then new objects can not be classiﬁed eﬃciently. The
other important reason why we want to have fewer rules is their readability [13].
If a large set of rules is generated then we are unable to understand what they
describe. Small number of rules is easier to analyze and understand by experts.
This is very important when we want to explore an unknown phenomenon from
data.
One can reduce the number of rules by selecting a subset of the set of all
rules (see, e.g., Quality-Based Filtering [1,10]). In this way one can obtain a
small number of rules. However, it is necessary to take care about the quality of
classiﬁcation of new objects [14]. After pruning of many rules from a given set
it is highly probable that many new objects will not be recognized because they
do not match any decision rule.
One can group (cluster) rules and then use hierarchical classiﬁcation. This
makes possible to reduce the time needed for classiﬁcation, but it can be still
hard to analyze such clusters by human being. Moreover, the process of rule’s
grouping is also a very diﬃcult problem. The results of clustering give us extra information about the set of rules and dependencies between them. Unfortunately,
no universal solution for such task is known.

2

System of Representatives

We would like to propose another solution based on joining the rules from some
clusters. By joining we can produce a smaller set of more general rules. Such rules
are able to recognize every object that was classiﬁed by the source rules. They can
also recognize many more unseen objects. It is important to note that the joining
should be performed on rules with similar logical structure. Therefore, ﬁrst we
will group the rules into clusters using some similarity measures and next we
join the clusters to more general rules. System of Representatives consists of the
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set of induced generalized decision rules. Figure 1 presents all stages necessary
to build the System of Representatives.
decision table

−→

↓

Estimate rule errors
on new objects



Group rules with
similar eﬃciency



quality rate
↓
split rules to groups
↓

Subgroup rules with

similar logic structures
Join rules from each
subgroup into one 
more general rule
Calculate weights
for voting

calculating decision rules



split groups
to subgroups
↓
building representatives
↓
quality rate

Fig. 1. System of Representatives construction

2.1

Rule Induction

We do not have to use the whole decision table for rule induction. A part of the
table can be used for rule generation and the remaining part makes possible to
estimate the quality of generated rules.
Decision rules, which are too detailed, are diﬃcult to join. One can overcome
this drawback by shortening rules (from generated rules we try to drop some
conjuncts from the left part of the rule; see, e.g., [5]).
2.2

Splitting the Set of Decision Rules into Groups

Splitting a given set of decision rules into clusters should guarantee that rules
joined (into a generalized rule) from the same cluster are of similar quality. It is
very important, because a rule of high quality joined with a rule of low quality
can give a weak rule, i.e., rule making many mistakes during the classiﬁcation
of objects. Hence we should try to join high quality rules with high quality rules
and low quality rules ones with low quality rules. First we split rules into classes
of rules with the same decision. Next, each class is split into clusters using some
clustering methods like the standard k-means algorithm [4]. Below we present
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an exemplary set of the parameters used for splitting of a given set of rules
R = {r1 , . . . , rn } into groups:
– a function which determines a weight for any rule [2,14], for example:
Q(r) = card ({x ∈ X : r(x) = dr and the proper decision on x is dr }) −
card {x ∈ X : r(x) = d? and the proper decision on x is dr }
– a distance function between rules, for example: d(r1 , r2 ) = |Q(r1 ) − Q(r2 )| .
Similarly to splitting into groups, one can split groups into subgroups using
the standard k-means algorithm [4], where the distance function used in our
experiments is the following one:
dL (r1 , r2 ) = N · |s (r1 ) − s (r2 )| +

N


dL0 (r1A (i), r2A (i))

i=1





where: s (r) = card {i : rA (i) = } and:

 0 if a = b
dL0 (a, b) = 1 if a = b ∧ a = ∧ b =

2 if a = b ∧ (a = ∨ b = )
Observe that s (r) is equal to the number of free attributes in rule r, and
N
A
A
i=1 dL0 (r1 (i), r2 (i)) expresses the degree of similarity of logical structures
of r1 and r2 .
Using the above distance function we guarantee that rules with similar logical
structures are joined into the same clusters. The joining of rules with diﬀerent
logical structures into one more general rule could cause many errors in classiﬁcation of new objects.
2.3

Joining Rules

After joining rules from any constructed cluster we obtain one rule called a
representative:
R: RA (1) RA (2) RA (3) . . . RA (N ) ⇒ d
where RA (i) = {r1A (i), · · · , rnA (i)} for i = 1, · · · , N, N is the number of attributes, and r1 , . . . , rn are joined rules from a given cluster.
We use one more parameter for the representative R, i.e., the maximal numR
R
ber Wmax
of free attributes (s (r)) in joined rules: Wmax
= maxi=1,...,n {s (ri )}.
This number is used in the matching of objects by generalized rules. Without this
parameter the rules are too general, which decreases the quality of classiﬁcation
by such rules.
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Matching Objects by Representatives - R(x)
R
.
Let WA := Wmax
Let i = 1.
If ai (x) ∈ RA (i) then go to Step 5.
If ∈ RA (i) then WA := WA − 1,
otherwise STOP and return R(x) = d? .
5. If i < N then i := i + 1 and go back to Step 3.
dR if WA  0
6. STOP and return R(x) =
.
d? if WA < 0

1.
2.
3.
4.

Let us consider an example. Rules to be joined are the following ones:
r1 : 1 3

1

2⇒d

r2 : 2 3

1

2⇒d

r3 : 5 3

11

4⇒d

After joining we obtain a representative:
R: {1,2,5} 3

{1, } { ,1}

R
=3
{2,4} ⇒ d ; Wmax

Now let us take some objects:
x1 : 1 3 3 1 2 3 2
x2 : 2 3 1 2 1 5 2
x3 : 2 3 6 1 1 3 4
x4 : 5 3 4 1 5 3 2

x5 : 6 3 4 1 5 3 2
x6 : 5 3 4 1 5 3 3
x7 : 5 1 4 1 5 3 2
x8 : 5 3 9 9 9 9 2

Objects x1 , x2 , x3 , x4 are classiﬁed by representative R to the decision class
corresponding to dR . Objects x5 , x6 , x7 , x8 are not recognized by R and the
representative R will return for them the answer d? .
R
the maximal number of free attributes we do not
By bounding to Wmax
make the rules too general. This makes possible to obtain the high classiﬁcation
quality of the induced representatives.
2.4

Algorithm Parameters and Complexity

The following parameters are used in tuning of the System of Representatives:
(i) a parameter describing a fraction of the number of objects from training
set used for inducing rules to the number of those used for the estimation of
classiﬁcation quality of induced rules, (ii) a parameter describing the acceptable
error in shortening rules, (iii) all parameters used for splitting into groups, (iv)
all parameters used for splitting into subgroups.
Experiments have shown that the System of Representatives can be tuned
for any tested data.
Observe that the computational complexity of the k-means algorithm is
quadratic. However, the System of Representatives is built only once and next
it can be used many times.

430

M. Miko3lajczyk
Table 1. Decision tables used in all experiments
Decision
Number of
Average
table
exam- conditional possible
number of
name
ples attributes decisions attributes value
Austra0
690
14
2
83.4
Austra1
345
14
2
55.0
345
14
2
56.8
Austra2
Diab0
768
8
2
156.4
Diab1
384
8
2
111.9
8
2
111.5
Diab2
384
2
29.5
Heart0
270
13
2
22.6
Heart1
135
13
Heart2
135
13
2
22.8
Irys
120
4
3
29.0
84
16
17
8.1
Kan 1
Kan 12
84
17
15
8.0
Kan 2
84
16
14
7.5
Kan 21
84
17
15
8.1
Lymn0
148
18
4
3.3
Lymn1
74
18
4
3.2
Lymn2
74
18
4
3.3
Monk1dat 124
6
2
2.8
Monk1tes 432
6
2
2.8
Monk2dat 169
6
2
2.8
Monk2tes 432
6
2
2.8
Monk3dat 122
6
2
2.8
Monk3tes 432
6
2
2.8
2
140.1
Tttt
615
8

3
3.1

Results of Experiments
Tested Data

In this section we present the results of experiments. All tests were made using
the CV5 (Cross Validation) method [9]. In experiments we used twenty-four decision tables presented in Table 1. Most of the data tables are from UCI Machine
Learning Repository [9] http://www.ics.uci.edu/ mlearn/MLRepository.html.
3.2

System of Representatives

Now we are ready to present the results of experiments obtained using our parameterized System of Representatives. For each table all parameters have been
tuned experimentally. The results are summarized in Table 2.
3.3

The Discussion of the Results

Let us look at the averaged results presented in Table 3. From Table 3 one can
observe that the strategy shortening of rules improves classiﬁcation quality and
reduces the number of rules. Therefore, we used this strategy in the System of
Representatives. Additional experiments showed that this improves signiﬁcantly
the results.
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Table 2. Results obtained by means of the proposed System of Representatives
Decision
Objects identiﬁed
table
correctly wrongly not recognized
Austra0
85.51% 14.49%
0.00%
Austra1
80.00% 20.00%
0.00%
Austra2
87.25% 12.75%
0.00%
Diab0
66.02% 33.98%
0.00%
Diab1
62.76% 37.24%
0.00%
0.00%
Diab2
67.45% 32.55%
0.00%
Heart0
83.70% 16.30%
0.00%
Heart1
80.00% 20.00%
Heart2
75.56% 24.44%
0.00%
Irys
92.50% 7.50%
0.00%
Kan 1
14.29% 83.33%
2.38%
Kan 12
39.29% 60.71%
0.00%
Kan 2
40.48% 59.52%
0.00%
Kan 21
33.33% 66.67%
0.00%
Lymn0
81.76% 18.24%
0.00%
Lymn1
81.08% 18.92%
0.00%
83.78% 16.22%
0.00%
Lymn2
Monk1dat 90.32% 9.68%
0.00%
0.00%
Monk1tes 100.00% 0.00%
Monk2dat 68.64% 28.40%
2.96%
0.00%
Monk2tes 66.20% 33.80%
Monk3dat 93.44% 6.56%
0.00%
0.00%
Monk3tes 97.22% 2.78%
Tttt
65.69% 34.31%
0.00%
Average
72.34% 27.43%
0.22%

Number Average time
of rules of classiﬁcation
24.80
0.01 s
30.60
< 0.01 s
26.40
< 0.01 s
146.60
< 0.01 s
90.40
< 0.01 s
77.80
0.02 s
13.40
< 0.01 s
15.40
< 0.01 s
11.00
< 0.01 s
24.80
0.07 s
150.00
< 0.01 s
116.60
0.01 s
100.00
< 0.01 s
127.40
< 0.01 s
49.40
0.16 s
44.00
< 0.01 s
30.00
0.06 s
59.00
< 0.01 s
49.40
0.01 s
67.20
< 0.01 s
22.60
< 0.01 s
27.60
< 0.01 s
13.20
< 0.01 s
45.40
< 0.01 s
56.79
0.02 s

Table 3. Averaged results of presented systems calculated on twenty-four tables, where:
kNN – k Nearest Neighbour system with k = 1, Classical std. – classical rule system
[12], Classical ext. – classical rule system with rule shortening [12] , QbF std. – Qualitybased Filtering system, QbF ext. – Quality-based Filtering system with rule shortening,
Rep. System – proposed System of Representatives
Objects identiﬁed
Decision
table
correctly wrongly not recognized
kNN
70.04% 29.86%
0.10%
Classical std. 69.56% 30.36%
0.08%
Classical ext. 71.08% 28.91%
0.01%
QbF std.
60.16% 17.38%
22.47%
QbF ext.
64.08% 18.33%
17.58%
Rep. System 72.34% 27.43%
0.22%

Number Average time
of rules of classiﬁcation
0.00
0.06 s
2772.55
0.06 s
2135.53
0.05 s
347.37
0.10 s
23.51
0.08 s
56.79
0.02 s

System of Representatives, like classical rule systems [12], makes more mistakes classifying objects than Quality-based Filtering systems. However, it recognizes correctly more objects. System of Representatives leads to better classiﬁcation quality than classical systems and to smaller number of decision rules.
Time needed for the classiﬁcation of new objects is very short.

4

Conclusions

The results presented in the paper show that it is possible to reduce the number of decision rules without decreasing the classiﬁcation quality. Moreover, we
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obtain less, more general rules. Hence, the time needed for classiﬁcation of new
objects is very short.
Unfortunately, it takes time to build and tune the System of Representatives.
However, by tuning of parameters the high quality System of Representatives
can be induced for various data. Once tuned and trained, the system exhibits
excellent eﬃciency and the very good classiﬁcation quality.
System of Representatives consists of relatively small number of rules and
in consequence the size of decision model built using such rules is substantially
smaller that in case of not generalized rules. Hence, using the Minimal Description Length Principle [13] one can expect that such models will be characterized
by higher quality of classiﬁcation than the traditional decision models.
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