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Abstract: In supervised learning the inductive algorithm seeks to develop a
conceptual description, or prescriptive model, from examples or objects that have
been pre-classified. On the other hand, in unsupervised learning, or clustering,
the task of the algorithm is to group non-classified examples into clusters of
examples, building a descriptive model. Central to all of the goals of clustering
is the notion of similarity (or dissimilarity) between the individual objects being
clustering.

The key distinction between prediction and description is that prediction has as
its objective a unique variable, known as the class attribute in supervised learning,
while in descriptive problems no single variable is central to the problem.

In this work we propose an approach, as well as a particular implementation of
this approach, were a combination of traditional clustering and inductive learning
are used to find and interpret special patterns from a database in order to ex-
tract useful knowledge to represent real world domains. This approach helps the
user to make explicit his/her prior knowledge relevant to the problem allowing
to organize the set of objects in different clusters into a set of classes considered
to be semantically interpretable by the user.
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1 Introduction

In supervised learning the inductive algorithm seeks to develop a conceptual description
from examples or objects that have been pre-classified. On the other hand, in unsupervised
learning the task of the algorithm is to group non-classified examples into classes (clusters)
of examples (Mitchell 1997). In general, to group objects it is defined a measure of similarity
between the objects which is further applied to determine the clusters. According to this
view, clusters are defined as collection of examples whose intra cluster similarity is high
and inter cluster similarity is low, and are called similarity-based methods. The similarity-
based approach represents the so-called weak method, i.e., a general method that uses little
problem domain knowledge (Michalski & Stepp 1987).

Conceptual clustering has been introduced as a novel form of clustering in which clusters
are not just a collection of examples or objects possessing numerical similarity; rather, the
clusters are understood as a group of objects that together represent a concept. In other
words, conceptual clustering produces not only clusters, but also descriptions of the related
concepts (Kubat, Bratko & Michalski 1998).

In this work we propose a combination of traditional clustering and inductive learning in
order to interpret special patterns extracted from databases. In our approach, a combination
of traditional clustering and inductive learning is used to find and interpret special patterns
from a database, aiming to extract useful knowledge to represent real world domains. This
methodology helps the user to make explicit his/her prior knowledge relevant to the problem.
It is an iterative and interactive process structured in several phases in order to help the user
to organize the set of objects into a set of clusters considered to be semantically interpretable.

We also present a particular implementation of this approach as well as tools oriented to
the interpretation of clusters, to help the user analyze the results. These tools allow the user
to evaluate the quality of clusters, to improve the degree with which a clustering scheme fits
a specific data set, to improve the number of clusters in a partition and others facilities.

This work is organized as follows: Section 2 gives some background and justification of
the proposed approach. Section 3 describes an implementation of our approach and Section 4
shows a case study using a real-world data set. Finally, Section 5 gives some conclusions.

2 Proposed Approach

Our approach to aid the user interpreting clusters is illustrated in Figure 1. The method-
ology consists of the following four steps:

1. a non-classified set of training examples is submitted to some unsupervised Machine
Learning (ML) algorithm whose objective is to discover clusters in the data set;

2. the discovered clusters are then used to label the original data set of non-classified
training examples. The class of each example is given by the cluster it belongs to.
Thus, the new training set is augmented by a class attribute;

3. this new training set is submitted to a supervised ML algorithm. As the main interest
is to produce descriptions of related concepts, appropriated algorithms are those that
induce hypothesis in a symbolic language such as rules or decision trees;

4. the concept induced in the previous step can then be interpreted by the user (a domain
expert).

1



Figure 1: Proposed approach

Considering the result (user interpretation) obtained in this last step, the user may decide
to repeat the process in different ways by: (a) using another unsupervised ML algorithm
and/or changing its input parameters; (b) joining previous classes (clusters) into a single one;
(c) using another supervised ML algorithm and/or changing its input parameters. Afterwards
the process can be repeated from any of these points upwards.

Although different clusters are expected to have descriptions with different values of the
relevant attributes, observations of how people cluster examples or objects suggest that they
search, out of many potential attributes, for one or more attributes that are most relevant
to the goal of clustering and on that basis cluster the examples. Examples are put to the
same cluster if they score human similarity on these attributes. This explains the idea of
(b), i.e. joining previous classes, in fact joining original clusters found by the unsupervised
ML algorithm, into a single class, or cluster.

Figure 2: Explanation of the clusters process

For example, considering that the clustering algorithm has found the four clusters C(1),
C(2), C(3) and C(4) (step 1 of the proposed approach) as illustrated in Figure 2 (I). The
following step is to label each example with the cluster it belongs to (step 2). After submitting
this new training set to the supervised ML algorithm (step 3) the user analyzes the induced
concept (step 4). Considering that after interpretation the user suspects that clusters C(1)
and C(4) refer to the same concept (+), and clusters C(2) and C(3) refer to the same concept
(–) as shown in Figure 2 (II), then the user may decide to join them into two classes, say
C(1,4) and C(2,3), repeating the process from step 2 upwards — (b) in Figure 1 — using
now as classes the new labels C(1,4) and C(2,3).

3 Implementation of the Proposed Approach

In this section we present a particular implementation of the proposed approach using
AutoClass and See5 as the unsupervised and supervised Machine Learning algorithm respec-
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tively — Figure 3.

Figure 3: Implementation description

AutoClass 1 is an unsupervised Bayesian classification system that seeks a maximum
posterior probability classification (Cheeseman & Stutz 1990). Rather than just partitioning
examples, as most clustering techniques do, the Bayesian approach searches in a model
space for the “best” cluster description. A best classification optimally trades off predictive
accuracy against the complexity of the clusters, and so does not “overfit” the data. Such
clusters are also “fuzzy”; instead of each example being assigned to a cluster, a example has
a probability of being a member of each different cluster. AutoClass has several key features
such as: can determine the number of clusters automatically; can use mixed discrete and
real valued data; can handle missing values; processing time is roughly linear in the amount
of the data.

See5 2 is a commercial program for WindowsTM platform based on C4.5 and C4.5rules
algorithms (Quinlan 1993), that includes new characteristics of both of them which are
considered outstanding algorithms by the ML community. See5 has been designed to analyze
substantial database records and tens to hundreds of continuous or discrete attributes. See5
classifiers are expressed as decision trees or sets of unordered if-then rules (Baranauskas &
Monard 2000b). It is worth to note that both systems, AutoClass and See5, use a similar
attribute-value format to describe the examples.

In the proposed implementation — Figure 3 — the non-classified data set of examples
are given as input to AutoClass. The result of an AutoClass run is one (or more) of the best
classification found for each example. A classification consists of the class model(s) and a
set of classes (clusters), each with the class probability, i.e. cluster membership. By default
AutoClass will write out a number of report files (Matsubara, Martins & Monard 2002).
In our implementation we use one of the standard reports which gives a cross-reference
by cluster number. For each cluster and for each example in the corresponding cluster,
AutoClass lists the primary probability membership of the example as well as any lesser
probability membership, greater than or equal to 0.001, of belonging to a different cluster.
This information is given in the AutoClass report file as tuples <Example Number, Cluster,
Probability>.

Afterwards, examples are automatically labelled by InClass, a computational tool we
1http://ic.arc.nasa.gov/ic/projects/bayes-group/autoclass-c-program.html
2http://www.rulequest.com/see5-info.html
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have implemented in the programming language PERL3 (Wall, Christiansen & Schwartz
1996). InClass is programmed to process strings by regular expressions, which is the main
characteristic of PERL. InClass takes as input the original data set as well as the AutoClass
report and outputs the new labelled data set. In fact, InClass can consider all the examples
or only examples with a class membership greater or equal than a user defined probability
— see Algorithm 1.

Algorithm 1 InClass
Require: Data set; {set of Examples, i.e. original data set}

Report; {set of Tuples <Example,Cluster,Probability> created by AutoClass using Data set}
MinProbability; {minimum class membership}

1: procedure InClass (Data set,Report,MinProbability)
2: Final := ∅
3: for all Tuple in Report do
4: if Probability ≥ MinProbability then
5: label Example with Cluster
6: Final := Final ∪ {Example} {include labelled Example}
7: end if
8: end for
9: return Final

10: end InClass

The labelled data set can now be used by See5, or any other symbolic ML algorithm,
such that a description of examples in the same cluster can be expressed as if-then rules.
Finally, the induced knowledge can be interpreted by the user who may take several actions
before repeating the process from some point upwards, as explained before. We have also
implemented other secondary tools to help the user during this cluster interpretation fase.

In the following section we describe a case study using the proposed approach in a real-
world data set.

4 Case Study

The experiments were carried out using the well known Breast-cancer data set from
the UCI repository (Merz & Murphy 1998) donated by Ljubljana Oncology Institute. The
Breast-cancer data set consists of 285 patient descriptions represented by 9 (nine) features
— 4 (four) continuous (C) and 5 (five) discrete (D) — and 2 (two) classes predicting the
recurrence (29.47% of the examples) or no recurrence (70.53%) of breast cancer. This data
set has some noise (less than 1%) and examples with missing values.

It is important to observe that the original data set has not been pre-processed in any
way, for example by removing or replacing missing values or transforming continuous to
discrete attributes. Table 1 describes the Breast-cancer data set attributes.

Several experiments were carried out. In all the experiments AutoClass as well as See5
were executed using default value parameters. First, the class attribute (attribute 10 rec in
Table 1) was not given to AutoClass, only the first nine attributes values were used to find
the clusters. Afterwards, all the experiments were repeated using also the class attribute
to find the clusters in order to verify the influence of the Breast-cancer class attribute for
clustering.

3Practical Extraction and Report Language.
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Attributes Type Description

01 age C age of patient

02 age at meno D gt40; leq40; premenopaus

03 tumor size C size of breast tumor

04 involved nodes C number of involved nodes

05 node capsule D yes; no

06 degree of malig C degree of malignity

07 breast D left; right

08 breast quadrant D central; left upper; left lower;
right upper; right lower

09 irradiation D yes; no

10 rec D recurrence; no recurrrence
Class Attribute

Table 1: Data set attributes description

4.1 Experimental Results not Using the Original Class Attribute

As described in Section 2, in a real experiment the user can take several actions. In our
case, initially we repeated the experiment from step 1 of the proposed approach fixing the
number of clusters in 2 (two), 3 (three), 5 (five) and 7 (seven). Finally, we let AutoClass
determine the number of clusters automatically. It should be observed that for the first four
experiments AutoClass found clusters having class membership 1 for all 285 examples. The
results obtained are shown in the following sections.

4.1.1 Fixing the Number of Clusters in 2

The main results obtained when fixing the number of clusters in 2 are showed in Table 2
where:

• Cl - different clusters found by AutoClass;

• P - InClass MinProbability input parameter;

• # Ex - number of examples labelled by InClass;

• # ExCl - number of examples in each cluster;

• % Ex - distribution of examples by cluster;

• A-Error - See5 apparent error rate, i.e. using all data set as training and test set;

• Error (10CV) - See5 error rate obtained through 10–fold cross–validation;

• MJ Error - majority error;

• # R - number of rules induced by See5 using all examples in the data set;

• Av # R - average number of rules induced by See5 obtained through 10–fold cross–
validation;

• # Rec, # nRec - number of examples having the attribute class equal to recurrence or
no recurrence respectively in the original Breast-cancer data set that belong to cluster
Ci(j) where i gives the total number of clusters and j identifies the cluster.

5



Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C2(0) 146 19 127 51.23
C2(1) 1 285 139 65 74 48.77 48.77% 0.0% 0.0% ± 0.0% 2 2.0 ± 0.0

Table 2: Results with 2 clusters

The results in Table 2 show that the predictive power of these two clusters (classes) is
very good since the true error rate is zero. Also, it was observed that none of the examples
belong to more than one cluster neither with very small probability. In fact, from the total
of 285 examples, all of them belong to one of the clusters with probability equal 1.

Table 3 shows both rules induced by See5 for 2 clusters. For each rule See5 gives the
number of examples covered by the rule as well as the confidence factor of the rule (the
number between 0 and 1 inside the symbol “[ ]”). It should be observed that See5 induces
unordered rules (Baranauskas & Monard 2000a). Thus, the same example can be covered for
more than one rule. This is not the case for these two clusters since both rules are disjoint,
covering all 285 examples using only the attribute involved nodes.

Rule 1: (cover 146) Rule 2: (cover 139)

involved_nodes <= 0 involved_nodes > 0

-> class C2(0) [0.993] -> class C2(1) [0.993]

Default class: C2(0)

Table 3: Induced rules for 2 clusters

The interpretation of the hypotheses induced is very simple:
• examples that have involved nodes attribute value less or equal to 0 belong to the

cluster assigned C2(0) — (Rule 1);

• examples that have involved nodes attribute value greater than 0 belong to the cluster
assigned C2(1) — (Rule 2).

4.1.2 Fixing the Number of Clusters in 3

The experiment was repeated fixing the number of clusters in 3. Table 4 shows the results
obtained.

Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C3(0) 139 65 74 48.77
C3(1) 1 285 138 18 120 48.42 51.23% 0.0% 0.0% 3 3.0 ± 0.0
C3(2) 8 1 7 2.81

Table 4: Results with 3 clusters

As the experiment with 2 clusters, the error rate is zero and the induced rules are few.
Each example in the data set (for all 285 examples) belongs to only one cluster with prob-
ability equal 1. Table 5 shows the rules induced by See5 for 3 clusters. It is interesting to
observe that Rule 1 is equal to Rule 2 in Table 3, covering the same 139 examples. The
other 146 examples are covered by the disjoint rules Rule 2 and 3 in Table 5.

It can be observed that only two attributes (involved nodes, tumor size) were used to
represent the rules set. As before, the rules cover all examples and each example is covered
by only one rule.
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Rule 1: (cover 139) Rule 2: (cover 138)

involved_nodes > 0 tumor_size > 0

-> class C3(0) [0.993] involved_nodes <= 0

-> class C3(1) [0.993]

Rule 3: (cover 8) Default class: C3(0)

tumor_size <= 0

-> class C3(2) [0.900]

Table 5: Induced rules for 3 clusters

4.1.3 Fixing the Number of Clusters in 5

Table 6 shows the results obtained in the experiment where the number of clusters was
fixed in 5.

Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C5(0) 138 18 120 48.42
C5(1) 60 17 43 21.05
C5(2) 1 285 60 40 20 21.05 51.58% 0.0% 0.0% 5 5.0 ± 0.0
C5(3) 19 8 11 6.67
C5(4) 8 1 7 2.81

Table 6: Results with 5 clusters

Again, the error rate is zero and the number of induced rules is small (5 rules). All
examples belong to only one cluster with probability equal to 1. Table 7 shows the rules
induced by See5 for these 5 clusters. In this table the Rule 1 and Rule 5 are respectively
equal to Rule 2 and Rule 4 in Table 5, covering the same 138 and 8 examples respectively.
The other 139 examples are covered by the disjoint rules Rule 2, 3 and 4.

Rule 1: (cover 138) Rule 2: (cover 60)

tumor_size > 0 involved_nodes > 0

involved_nodes <= 0 degree_of_malig > 1

-> class C5(0) [0.993] degree_of_malig <= 2

-> class C5(1) [0.984]

Rule 3: (cover 60) Rule 4: (cover 19)

involved_nodes > 0 involved_nodes > 0

degree_of_malig > 2 degree_of_malig <= 1

-> class C5(2) [0.984] -> class C5(3) [0.952]

Rule 5: (cover 8) Default class: C5(0)

tumor_size <= 0

-> class C5(4) [0.900]

Table 7: Induced rules for 5 clusters

In this case, the number of attributes to represent the rule set is equal to 3 (involved nodes,
tumor size, degree of malig). As before, the rules cover all examples and each example
is covered by only one rule.

4.1.4 Fixing the Number of Clusters in 7

Table 8 shows the results obtained fixing the number of clusters in 7.

7



Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C7(0) 65 9 56 22.81
C7(1) 60 17 43 21.05
C7(2) 60 40 20 21.05
C7(3) 1 285 49 4 45 17.19 77.19% 0.4% 0.4% ± 0.4% 7 7.0 ± 0.0
C7(4) 24 5 19 8.42
C7(5) 19 8 11 6.67
C7(6) 8 1 7 2.81

Table 8: Results with 7 clusters

The rule set consists of 7 rules and although the error rate is not zero, the true error rate
— Error (10CV) — is very small. As before, all examples belong to the one cluster with
probability equal to 1. The rules induced by See5 are shown in Table 9.

Rule 1: (cover 65) Rule 2: (cover 60)

tumor_size > 0 involved_nodes > 0

involved_nodes <= 0 degree_of_malig > 1

degree_of_malig > 1 degree_of_malig <= 2

degree_of_malig <= 2 -> class C7(1) [0.984]

-> class C7(0) [0.985]

Rule 3: (cover 60) Rule 4: (cover 49)

involved_nodes > 0 tumor_size > 0

degree_of_malig > 2 involved_nodes <= 0

-> class C7(2) [0.984] degree_of_malig <= 1

-> class C7(3) [0.980]

Rule 5: (cover 25) Rule 6: (cover 19)

involved_nodes <= 0 involved_nodes > 0

degree_of_malig > 2 degree_of_malig <= 1

-> class C7(4) [0.926] -> class C7(5) [0.952]

Rule 7: (cover 8) Default class: C7(0)

tumor_size <= 0

-> class C7(6) [0.900]

Table 9: Induced rules for 7 clusters

The attributes to represent the rule set (involved nodes, tumor size, degree of malig)
are the same as the ones in the previous experiment with 5 clusters. The rule set covers all
examples and only one example is covered by more than one rule.

In fact, up to 7 clusters there is a hierarchy of cluster, as shown in Figure 4 where, in
each level, examples in clusters one level up are the same or are further divided into disjoint
clusters. It should be observed that as AutoClass does not use the hierarchical technique to
find clusters, this is an interesting result that can be further analyzed by a domain expert in
order to attach some meaning to those clusters.

4.1.5 Not Fixing the Number of Clusters

In this experiment AutoClass found 10 clusters. Table 10 summarizes the results obtained.

It can be observed that there are 86 examples (285-199 in Table 10) that belong to more
than one cluster. Using auxiliar computational tools we implemented, it was observed that

• 13 examples belong to clusters C10(2) and C10(6);

8



Figure 4: Hierarchy of clusters

Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C10(0) 60 40 20 21.05
C10(1) 49 4 45 17.19
C10(2) 43 17 26 15.09
C10(3) 37 4 33 12.98
C10(4) 0 285 28 5 23 9.82 78.95% 0.7% 1.0% ± 0.5% 11 10.9 ± 0.1
C10(5) 24 5 19 8.42
C10(6) 17 0 17 5.97
C10(7) 12 7 5 4.21
C10(8) 8 1 7 2.81
C10(9) 7 1 6 2.46
C10(0) 60 40 20 30.15
C10(1) 49 4 45 24.62
C10(2) 43 17 26 21.61
C10(3) 8 0 8 4.02
C10(4) 1 199 0 0 0 0.00 69.85% 0.0% 1.0% ± 0.7% 7 7.0 ± 0.0
C10(5) 24 5 19 12.06
C10(6) 0 0 0 0.00
C10(7) 0 0 0 0.00
C10(8) 8 1 7 4.02
C10(9) 7 1 6 3.52

Table 10: Results not fixing the number of clusters

• 31 examples belong to C10(3) and C10(4);

• 7 examples belong to C10(7) and C10(9);

as shown in Table 11 and illustrated in Figure 5.

Overlay Clusters # Examples
C10(2, 6) 13
C10(3, 4) 31
C10(7, 9) 7

Table 11: Number of examples supported for more than one cluster — 10 clusters

The predictive power of See5 is quite good since the error rate is very low (1.0% ±
0.5%). The reason might be that each of those 86 examples belong to one cluster with high
probability, and to the other with very low probability.

As shown in Table 10, See5 induced 11 rules for P = 0 and 7 rules for P = 1. The
attributes used by those rules are shown in Table 12, where “•” refers to P = 0 and “◦” to
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Figure 5: Clusters found by AutoClass — 10 clusters

P = 1. It can be observed that only four attributes are relevant for predicting examples in
each cluster.

# Attributes
age age at tumor involved node degree of breast breast irradiation

meno size nodes capsule malig quadrant
• •

C10(0) ◦ ◦
• • •

C10(1) ◦ ◦ ◦
• •

C10(2) ◦ ◦
• • • •

C10(3) ◦ ◦ ◦
• • •

C10(4)
• •

C10(5) ◦ ◦ ◦
• •

C10(6)
• •

C10(7)
•

C10(8) ◦
• •

C10(9) ◦ ◦

Table 12: Attributes in rules set using 10 clusters

All rules induced by See5 have a high confidence factor as shown in Table 13 for P = 0
and in Table 14 for P = 1.

The attributes age at meno, tumor size, involved nodes and degree of malig were
used in the rules set for P = 0. The total number of examples covered by the rules is 287.
This means that at most two examples (287− 285) are covered by more than one rule (only
0.7% of the examples in the data set).

The number of rules using P = 1 decreased from 11 to 7 and only the attributes
tumor size, involved nodes and degree of malig were used to represent the rule set
induced.

As mentioned before, the class label of the Breast-cancer data set was not considered
in the experiment described in the previous sections. However, it is worth noticing that
the clusters discovered by AutoClass in all the experiments described are not related to the

10



Rule 1: (cover 60) Rule 2: (cover 49)

involved_nodes > 0 tumor_size > 0

degree_of_malig > 2 involved_nodes <= 0

-> class C10(0) [0.984] degree_of_malig <= 1

-> class C10(1) [0.980]

Rule 3: (cover 43) Rule 4: (cover 37)

involved_nodes > 1 age_at_meno = premenopaus

degree_of_malig > 1 tumor_size > 0

degree_of_malig <= 2 involved_nodes <= 0

-> class C10(2) [0.978] degree_of_malig > 1

degree_of_malig <= 2

-> class C10(3) [0.974]

Rule 5: (cover 28) Rule 6: (cover 1)

age_at_meno = leq40 age_at_meno = gt40

involved_nodes <= 0 involved_nodes <= 0

degree_of_malig > 1 degree_of_malig > 1

degree_of_malig <= 2 -> class C10(4) [0.667]

-> class C10(4) [0.933]

Rule 7: (cover 25) Rule 8: (cover 17)

involved_nodes <= 0 involved_nodes > 0

degree_of_malig > 2 involved_nodes <= 1

-> class C10(5) [0.926] degree_of_malig > 1

degree_of_malig <= 2

-> class C10(6) [0.947]

Rule 9: (cover 12) Rule 10: (cover 8)

involved_nodes > 0 tumor_size <= 0

involved_nodes <= 1 -> class C10(8) [0.900]

degree_of_malig <= 1

-> class C10(7) [0.929]

Rule 11: (cover 7) Default class: C10(0)

involved_nodes > 1

degree_of_malig <= 1

-> class C10(9) [0.889]

Table 13: Induced rules for 10 clusters — P = 0

concept of recurrence/no recurrence. For example, observe in Table 10 that examples of
both classes belong to the same cluster for P = 1. For P = 0 although C10(6) holds only
no recurrence examples all of them have probability membership less than 1.

Next, we describe the results obtained repeating the same experiments but using also the
class label attribute.

4.2 Experimental Results Using the Original Class Attribute

In these experiments, the data set was incremented with the class attribute and we
run the same experiments fixing the number of clusters in 2, 3, 5, 7 and letting AutoClass
determines the number of clusters automatically. In this last case 10 clusters were found by
AutoClass again.

In the experiments using 2, 3 and 5 clusters the results obtained were the same as before.
In other words, the class label attribute of this data set is not considered relevant by AutoClass
to cluster the examples. In the experiment with 7 clusters, only the apparent error rate —
A-Error — decreased from 0.4%± 0.4% to 0.3%± 0.3%. In the experiment when AutoClass
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Rule 1: (cover 60) Rule 2: (cover 49)

involved_nodes > 0 tumor_size > 0

degree_of_malig > 2 involved_nodes <= 0

-> class C10(0) [0.984] degree_of_malig <= 1

-> class C10(1) [0.980]

Rule 3: (cover 43) Rule 4: (cover 8)

involved_nodes > 0 tumor_size > 0

degree_of_malig > 1 involved_nodes <= 0

degree_of_malig <= 2 degree_of_malig > 1

-> class C10(2) [0.978] degree_of_malig <= 2

-> class C10(3) [0.900]

Rule 5: (cover 24) Rule 6: (cover 8)

tumor_size > 0 tumor_size <= 0

involved_nodes <= 0 -> class C10(8) [0.900]

degree_of_malig > 2

-> class C10(5) [0.962]

Rule 7: (cover 7) Default class: C10(0)

involved_nodes > 0

degree_of_malig <= 1

-> class C10(9) [0.889]

Table 14: Induced rules for 10 clusters — P = 1

determines the number of clusters the results are similar to the experiment without the class
attribute. In Table 15 are shown the results obtained for 10 clusters.

Cl P # Ex # ExCl Rec nRec % Ex MJ Error A-Error Error (10CV) # R Av # R
C10(0) 65 9 56 22.81
C10(1) 60 40 20 21.05
C10(2) 49 4 45 17.19
C10(3) 33 13 20 11.58
C10(4) 0 285 24 5 19 8.42 77.19% 0.4% 0.4% ± 0.4% 10 10.0 ± 0.0
C10(5) 17 0 17 5.96
C10(6) 12 7 5 4.21
C10(7) 10 4 6 3.51
C10(8) 8 1 7 2.81
C10(9) 7 1 6 2.46
C10(0) 65 9 56 26.86
C10(1) 60 39 21 24.79
C10(2) 49 4 45 20.25
C10(3) 29 13 16 11.98
C10(4) 1 242 24 5 19 9.92 73.24% 0.4% 0.4% ± 0.4% 7 7.0 ± 0.0
C10(5) 0 0 0 0.00
C10(6) 0 0 0 0.00
C10(7) 0 0 0 0.00
C10(8) 8 1 7 3.31
C10(9) 7 1 6 2.89

Table 15: Results using the class attribute

When we compare these results (Table 15) with the correspondent experiment not con-
sidering the class attribute (Table 10, page 9), it can be observed that true error rate and the
number of induced rules decreased. From the total number of examples (285), only 43 (15%)
of the examples (285 - 242) in Table 15 belong to some cluster with probability less than 1.
It should be observed that when the class attribute was not used the number of examples
that belong to same cluster with probability less than 1 is 86 (285 - 199) in Table 10. Thus,
in this case there are 50% more examples that belong to more than one cluster.
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Table 16 and Figure 6 shows that there are overlay clusters, ie., there are

• 7 examples that belong to clusters 3 and 5 simultaneously denoted by C10(3, 5);

• 9 examples that belong to clusters 3 and 7 simultaneously denoted by C10(3, 7);

• 2 examples that belong to clusters 5 and 7 simultaneously denoted by C10(5, 7);

• 5 examples that belong to clusters 6 and 9 simultaneously denoted by C10(6, 9).

Overlay Clusters # Examples
C10(3, 5) 7
C10(3, 7) 9
C10(5, 7) 2
C10(6, 9) 5

Table 16: Overlay clusters — 10 clusters

Figure 6: Clusters found by AutoClass (using the class attribute) — 10 clusters

Table 17 shows the attributes used by See5 for P = 0 and P = 1 in order to describe the
10 clusters.

# Attributes
age age at tumor involved node degree of breast breast irradiation

meno size nodes capsule malig quadrant
• • •

C10(0) ◦ ◦ ◦
• •

C10(1) ◦ ◦
• • •

C10(2) ◦ ◦ ◦
• • •

C10(3) ◦ ◦
• •

C10(4) ◦ ◦
• •

C10(5)
• •

C10(6)
• • •

C10(7)
•

C10(8) ◦
• •

C10(9) ◦ ◦

Table 17: Attributes in rules set using 10 clusters (using the class attribute)
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The rule set induced by See5 considering P = 0 is shown in Table 18. It can be observed
that four attributes (age, tumor size, involved nodes, degree of malig) were enough
to represent the rules set. The number of examples covered by this rule set is 286. This
means that only one example (286− 285) is covered by more than one rule. This represents
0,35% of the examples in the data set.

Rule 1: (cover 65) Rule 2: (cover 60)

tumor_size > 0 involved_nodes > 0

involved_nodes <= 0 degree_of_malig > 2

degree_of_malig > 1 -> class C10(1) [0.984]

degree_of_malig <= 2

-> class C10(0) [0.985]

Rule 3: (cover 49) Rule 4: (cover 33)

tumor_size > 0 age <= 58

involved_nodes <= 0 involved_nodes > 1

degree_of_malig <= 1 degree_of_malig > 1

-> class C10(2) [0.980] degree_of_malig <= 2

-> class C10(3) [0.971]

Rule 5: (cover 25) Rule 6: (cover 17)

involved_nodes <= 0 involved_nodes > 0

degree_of_malig > 2 involved_nodes <= 1

-> class C10(4) [0.926] degree_of_malig > 1

degree_of_malig <= 2

-> class C10(5) [0.947]

Rule 7: (cover 12) Rule 8: (cover 10)

involved_nodes > 0 age > 58

involved_nodes <= 1 involved_nodes > 1

degree_of_malig <= 1 degree_of_malig > 1

-> class C10(6) [0.929] degree_of_malig <= 2

-> class C10(7) [0.917]

Rule 9: (cover 8) Rule 10: (cover 7)

tumor_size <= 0 involved_nodes > 1

-> class C10(8) [0.900] degree_of_malig <= 1

-> class C10(9) [0.889]

Default class: C10(0)

Table 18: Induced rules for 10 clusters (using the class attribute) — P = 0

The rule set induced by See5 considering P = 1 is shown in Table 19. The number of
induced rules decreases from 10 (P = 0) to 7 (P = 1). Furthermore, only three attributes
(tumor size, involved nodes, degree of malig) were enough to represent the rule set
for P = 1.

In summary, the experiments including the class attribute found the same clusters as
before, i.e. not considering the class attribute, except for the last experiment with 10 clusters.
We can then conclude that for this data set the class attribute, when considered as any other
attribute, does not play an important role during AutoClass search for the maximum posterior
probability classification of the examples.
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Rule 1: (cover 65) Rule 2: (cover 60)

tumor_size > 0 involved_nodes > 0

involved_nodes <= 0 degree_of_malig > 2

degree_of_malig > 1 -> class C10(1) [0.984]

degree_of_malig <= 2

-> class C10(0) [0.985]

Rule 3: (cover 49) Rule 4: (cover 29)

tumor_size > 0 involved_nodes > 0

involved_nodes <= 0 degree_of_malig > 1

degree_of_malig <= 1 degree_of_malig <= 2

-> class C10(2) [0.980] -> class C10(3) [0.968]

Rule 5: (cover 25) Rule 6: (cover 8)

involved_nodes <= 0 tumor_size <= 0

degree_of_malig > 2 -> class C10(8) [0.900]

-> class C10(4) [0.926]

Rule 7: (cover 7) Default class: C10(0)

involved_nodes > 0

degree_of_malig <= 1

-> class C10(9) [0.889]

Table 19: Induced rules for 10 clusters (using the class attribute) — P = 1

5 Conclusion

The comprehensibility condition in concept learning is very important. In conceptual
clustering objects in the same cluster do not necessarily have to be similar in some mathe-
matically defined sense as in traditional clustering, but must as a group represent the same
concept. Clustering in this case is not only based on local closeness of points but also on
global (expert) concepts characterizing collections of local closeness of points.

In conceptual clustering there is a constant duality between category description and
cluster membership. Thus, the result of conceptual clustering is not only a set of clusters
(a classification of the initially given objects) but also a set of concepts characterizing the
obtained clusters (a classification scheme). Since this classification scheme represents gener-
alizations of given facts and can be incorrect, in many applications it is crucial that they be
interpreted by a human expert before they can be used.

In this work we propose an approach, as well as a particular implementation of this
approach, were a combination of traditional clustering and inductive learning can be used to
find and interpret special patterns from a database, in order to extract useful knowledge to
represent real world domains.

In this particular implementation we use Autoclass, a comprehensible Bayesian clustering
scheme, and the inducer See5. To illustrate the proposed approach we use the Breast-cancer
data set from UCI. Although the results obtained with this data set do not allow us to
illustrate, after interpreting rules that cover each cluster, the effect of joining some clusters
considering they may refer to the same concept, as illustrated in Figure 2, it was possible
to discover a hierarchy of clusters when fixing the number of clusters as 2, 3, 5 and 7. This
hierarchy is no longer valid when the number of clusters is 10. It should be observed that for
AutoClass 10 is a good number of clusters for this data set. However, a particularly difficult
problem in clustering algorithms is “how many clusters are there in the data set?”. This is
an important question but formal methods for finding the optimal number of clusters in a
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data set are few (Halkidi, Vazirgiannis & Batistakis 2000; Halkidi & Vazirgiannis 2001).

The idea of joining the clusters found by AutoClass into a single class — Section 2
item (b) — which heavily depends on expert interpretation, was successfully investigated
in (Martins, Monard, Haedo & Matsudo 2001) using a large real-world database provided
by domain experts from Buenos Aires University, Argentina, where the experts were able to
characterized semantically several groups of data.

Thus, results suggest that the aims of the proposed approach can be achieved encouraging
further results. As similar implementations can be considered for other clustering techniques
and inductive Machine Learning algorithms, they will be further investigated in the future
in order to incorporate this approach in the computational environment for knowledge dis-
covery we are implementing (Baranauskas, Monard & Batista 2000).

Acknowledgments: We would like to thank Gustavo E. A. P. A. Batista and Edson T.
Matsubara for helpful comments on the draft of this paper. This research is partially sup-
ported by Brazilian Research Councils FINEP and CAPES as well as Federal University of
Mato Grosso.
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A Examples and Clusters

Table 20 shows, for each example and the experiment described in Section 4.1, the cluster it
belongs to.

# Example Class 2 Clusters 3 Clusters 5 Clusters 7 Clusters 10 Clusters
1 nRec 1 0 2 2 0
2 nRec 1 0 1 1 6
3 nRec 1 0 2 2 0
4 nRec 0 1 0 3 1
5 nRec 0 1 0 0 3
6 nRec 1 0 2 2 0
7 Rec 1 0 2 2 0
8 nRec 0 1 0 0 3
9 Rec 1 0 1 1 2
10 nRec 1 0 2 2 0
11 nRec 0 2 4 6 8
12 nRec 0 1 0 0 4
13 nRec 0 2 4 6 8
14 nRec 0 1 0 3 1
15 Rec 1 0 3 5 7
16 nRec 0 2 4 6 8
17 Rec 1 0 2 2 0
18 Rec 1 0 1 1 2
19 nRec 0 1 0 4 5
20 nRec 0 1 0 3 1
21 Rec 1 0 2 2 0
22 nRec 0 1 0 3 1
23 nRec 0 1 0 0 4
24 Rec 0 1 0 0 3
25 Rec 1 0 2 2 0
26 nRec 1 0 1 1 2
27 nRec 0 1 0 0 4
28 nRec 0 1 0 0 3
29 nRec 0 1 0 0 3
30 Rec 1 0 1 1 0
31 nRec 0 1 0 4 5
32 nRec 0 1 0 0 3
33 nRec 0 1 0 0 4
34 nRec 0 1 0 0 3
35 nRec 1 0 1 1 6
36 nRec 0 1 0 4 5
37 nRec 0 1 0 0 3
38 nRec 0 1 0 3 1
39 Rec 1 0 2 2 0
40 nRec 0 1 0 0 4
41 nRec 0 1 0 3 1
42 nRec 0 1 0 4 5
43 nRec 0 1 0 3 1
44 nRec 0 1 0 0 3
45 nRec 0 1 0 4 5
46 nRec 1 0 3 5 9
47 nRec 0 1 0 0 3
48 nRec 0 1 0 0 4
49 nRec 1 0 2 2 0
50 Rec 0 1 0 3 1
51 Rec 1 0 2 2 0
52 Rec 1 0 2 2 0
53 Rec 0 1 0 4 5
54 nRec 0 1 0 0 4
55 nRec 0 1 0 0 3
56 Rec 1 0 2 2 0
57 Rec 1 0 2 2 0
58 Rec 1 0 2 2 0
59 nRec 0 1 0 4 5

continued on next page
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continued from previous page
# Example Class 2 Clusters 3 Clusters 5 Clusters 7 Clusters 10 Clusters

60 Rec 1 0 2 2 0
61 Rec 0 1 0 3 1
62 nRec 0 1 0 4 5
63 nRec 1 0 1 1 2
64 nRec 1 0 1 1 2
65 Rec 1 0 2 2 0
66 nRec 1 0 1 1 6
67 nRec 1 0 1 1 2
68 nRec 0 1 0 3 1
69 nRec 0 1 0 4 5
70 nRec 1 0 2 2 0
71 nRec 1 0 1 1 2
72 nRec 0 1 0 3 1
73 Rec 1 0 1 1 2
74 nRec 1 0 1 1 2
75 Rec 1 0 2 2 0
76 nRec 0 1 0 3 1
77 nRec 0 1 0 3 1
78 nRec 1 0 2 2 0
79 Rec 1 0 2 2 0
80 Rec 1 0 1 1 2
81 nRec 0 1 0 3 1
82 nRec 0 1 0 0 4
83 Rec 0 1 0 3 1
84 nRec 1 0 1 1 2
85 Rec 1 0 1 1 2
86 Rec 0 1 0 0 3
87 nRec 0 1 0 3 1
88 nRec 0 1 0 0 4
89 nRec 1 0 1 1 6
90 nRec 0 1 0 0 3
91 nRec 0 1 0 3 1
92 nRec 0 1 0 0 3
93 Rec 1 0 2 2 0
94 Rec 1 0 2 2 0
95 nRec 0 1 0 0 3
96 Rec 1 0 3 5 9
97 nRec 0 1 0 4 5
98 nRec 0 1 0 0 4
99 Rec 1 0 2 2 0
100 nRec 0 1 0 0 3
101 Rec 0 1 0 4 5
102 nRec 0 1 0 3 1
103 nRec 1 0 3 5 9
104 nRec 0 1 0 3 1
105 nRec 0 1 0 4 5
106 Rec 1 0 2 2 0
107 nRec 0 1 0 3 1
108 Rec 1 0 2 2 0
109 nRec 0 1 0 0 4
110 nRec 1 0 2 2 0
111 nRec 0 2 4 6 8
112 nRec 1 0 1 1 2
113 nRec 1 0 1 1 6
114 nRec 0 1 0 0 3
115 nRec 1 0 3 5 9
116 Rec 1 0 2 2 0
117 Rec 1 0 2 2 0
118 nRec 1 0 1 1 2
119 nRec 1 0 1 1 2
120 nRec 1 0 2 2 0
121 nRec 0 1 0 3 1
122 Rec 1 0 2 2 0
123 nRec 0 1 0 0 3

continued on next page
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continued from previous page
# Example Class 2 Clusters 3 Clusters 5 Clusters 7 Clusters 10 Clusters

124 nRec 1 0 2 2 0
125 nRec 0 1 0 3 1
126 nRec 1 0 3 5 9
127 Rec 1 0 2 2 0
128 nRec 1 0 2 2 0
129 nRec 1 0 1 1 6
130 nRec 0 1 0 4 5
131 nRec 0 1 0 3 1
132 Rec 1 0 2 2 0
133 nRec 0 1 0 0 4
134 nRec 1 0 2 2 0
135 nRec 1 0 1 1 6
136 Rec 0 1 0 0 4
137 Rec 0 1 0 0 3
138 nRec 1 0 1 1 2
139 nRec 1 0 1 1 2
140 Rec 1 0 3 5 7
141 nRec 0 1 0 0 3
142 nRec 0 1 0 4 5
143 nRec 1 0 1 1 2
144 nRec 1 0 2 2 0
145 nRec 0 1 0 4 5
146 Rec 1 0 3 5 7
147 nRec 0 1 0 3 1
148 nRec 1 0 1 1 2
149 nRec 0 1 0 0 3
150 Rec 1 0 1 1 2
151 nRec 0 1 0 3 1
152 nRec 0 1 0 0 4
153 nRec 1 0 1 1 2
154 Rec 1 0 2 2 0
155 nRec 1 0 1 1 2
156 nRec 1 0 1 1 2
157 nRec 0 1 0 0 3
158 Rec 1 0 2 2 0
159 nRec 0 1 0 3 1
160 nRec 0 1 0 0 4
161 Rec 1 0 1 1 2
162 nRec 1 0 1 1 2
163 Rec 1 0 1 1 2
164 nRec 0 1 0 3 1
165 nRec 1 0 1 1 6
166 nRec 0 1 0 0 4
167 nRec 0 1 0 3 1
168 nRec 0 1 0 3 1
169 nRec 0 1 0 3 1
170 nRec 0 1 0 0 4
171 nRec 0 1 0 0 4
172 nRec 1 0 1 1 2
173 Rec 1 0 1 1 2
174 Rec 1 0 2 2 0
175 nRec 1 0 1 1 6
176 nRec 0 1 0 3 1
177 Rec 1 0 3 5 7
178 nRec 0 1 0 3 1
179 nRec 1 0 1 1 2
180 nRec 0 1 0 3 1
181 nRec 1 0 1 1 2
182 Rec 1 0 2 2 0
183 nRec 0 1 0 3 1
184 nRec 1 0 1 1 2
185 Rec 1 0 1 1 2
186 Rec 1 0 2 2 0
187 nRec 0 1 0 0 3

continued on next page
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continued from previous page
# Example Class 2 Clusters 3 Clusters 5 Clusters 7 Clusters 10 Clusters

188 Rec 1 0 3 5 7
189 Rec 1 0 2 2 0
190 nRec 1 0 1 1 2
191 Rec 0 1 0 0 4
192 nRec 1 0 2 2 0
193 Rec 1 0 2 2 0
194 nRec 0 1 0 3 1
195 nRec 1 0 1 1 6
196 nRec 0 1 0 0 4
197 nRec 1 0 1 1 2
198 Rec 0 1 0 3 1
199 nRec 0 1 0 0 3
200 nRec 0 1 0 4 5
201 nRec 0 1 0 4 5
202 nRec 1 0 1 1 2
203 nRec 1 0 1 1 2
204 Rec 1 0 2 2 0
205 Rec 1 0 2 2 0
206 nRec 0 1 0 0 3
207 nRec 1 0 1 1 6
208 Rec 1 0 1 1 2
209 Rec 0 1 0 0 4
210 nRec 0 1 0 3 1
211 nRec 0 1 0 3 1
212 nRec 0 1 0 0 3
213 nRec 0 1 0 0 3
214 Rec 1 0 1 1 2
215 nRec 1 0 3 5 7
216 nRec 0 1 0 0 3
217 nRec 0 1 0 0 3
218 nRec 0 1 0 3 1
219 nRec 1 0 1 1 2
220 nRec 1 0 2 2 0
221 Rec 1 0 2 2 0
222 Rec 1 0 3 5 7
223 Rec 0 1 0 0 3
224 Rec 1 0 1 1 2
225 nRec 0 1 0 3 1
226 nRec 0 1 0 3 1
227 nRec 1 0 1 1 6
228 nRec 1 0 2 2 0
229 nRec 0 1 0 3 1
230 nRec 1 0 3 5 9
231 nRec 0 1 0 0 3
232 Rec 0 1 0 0 4
233 Rec 1 0 3 5 7
234 nRec 0 1 0 0 4
235 nRec 1 0 3 5 7
236 nRec 1 0 1 1 6
237 nRec 1 0 2 2 0
238 nRec 1 0 1 1 6
239 nRec 1 0 3 5 7
240 nRec 1 0 3 5 7
241 nRec 1 0 1 1 6
242 Rec 1 0 1 1 2
243 nRec 0 2 4 6 8
244 nRec 0 1 0 0 3
245 Rec 1 0 2 2 0
246 nRec 1 0 1 1 6
247 nRec 0 1 0 3 1
248 nRec 0 1 0 4 5
249 nRec 0 2 4 6 8
250 nRec 0 1 0 0 3
251 Rec 0 2 4 6 8

continued on next page
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continued from previous page
# Example Class 2 Clusters 3 Clusters 5 Clusters 7 Clusters 10 Clusters

252 Rec 1 0 2 2 0
253 nRec 0 1 0 3 1
254 Rec 0 1 0 4 5
255 nRec 0 1 0 3 1
256 nRec 0 1 0 0 4
257 nRec 1 0 2 2 0
258 Rec 1 0 2 2 0
259 Rec 1 0 2 2 0
260 nRec 0 2 4 6 8
261 nRec 0 1 0 0 4
262 nRec 0 1 0 0 3
263 nRec 1 0 2 2 0
264 nRec 1 0 3 5 7
265 Rec 0 1 0 4 5
266 nRec 0 1 0 3 1
267 nRec 0 1 0 4 5
268 nRec 0 1 0 0 3
269 nRec 1 0 2 2 0
270 nRec 0 1 0 3 1
271 nRec 1 0 1 1 6
272 Rec 1 0 2 2 0
273 nRec 0 1 0 0 4
274 nRec 0 1 0 4 5
275 nRec 0 1 0 3 1
276 nRec 0 1 0 0 4
277 Rec 0 1 0 0 4
278 Rec 0 1 0 4 5
279 nRec 0 1 0 0 3
280 Rec 1 0 2 2 0
281 nRec 0 1 0 0 3
282 nRec 0 1 0 4 5
283 Rec 0 1 0 3 1
284 Rec 1 0 1 1 2
285 nRec 1 0 3 5 9

Table 20: Examples and clusters
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