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1. Introduction

The research area | would like to focus on is known as Attribute-Oriented Induction (AQI) for
Knowledge Discovery in Databases. Attribute-Oriented Induction is a process of grouping of
data, enabling transformation of similar data collections, expressed originally in a database at the
low (primitive) level, into more abstract conceptual representations. Process of data
generalization is a fundamental element of Attribute-Oriented Induction, a descriptive database
mining technique [1], which compresses the original set of data into a generalized relation,
providing concise and summarative information about the massive set of the low-level task-
relevant data.

Generalization of database records is performed on an attribute-by-attribute basis, applying a
separate concept hierarchy for the each of the generalized attributes included in the relation of
task-relevant data. Each concept hierarchy represents background knowledge about the domain
allowing gradual, similarity-based, aggregation of attribute values stored in the origina tuples.
This hierarchy is built usualy in the bottom-up manner progressively increasing the abstraction
of the generalization concepts at each new level. Original attribute values from the task-specific
(initial) relation are gradually generalized to more abstract concepts. Such terse representation of
dataset is then directly presented to the user or used as a input table for additional Data Mining
techniques.

2. Summary of earlier work on the problem

The idea of applying concept hierarchies for attribute-oriented induction in data mining was
popularized by Han and his co-researchers [2, 3, 4, 5] and extended further by Hilderman,
Hamilton, Cecrone and their co-workers [6, 7, 8].

2.1. Crisp Concept Hierarchies[2-8]

Origindly, hierarchical grouping proposed by Han [3] was based on tree-like generaization
hierarchies, where each of the concepts at the lower level of the generalization hierarchy was
allowed to have just one abstract concept at the level directly above it (its direct generalization).
There was no consideration of the degree of this relationship.

2.2. Fuzzy Concept Hierarchies [13-17]

Yager [9, 10], followed by Kacprzyk [11] and Dubois and Prade [12], investigated application of
fuzzy sets to the area of dataset summarization through linguistic concepts. Summarization of
database records with utilization of fuzzy concept hierarchies was approached directly in late
nineties by four groups of independent researchers. Lee and Kim [13] used ISA hierarchies, from
area of data modeling, to generalize database records to more abstract concepts. Lee [14] applied
fuzzy generalization hierarchies to mine generalized fuzzy quantitative association rules. Cubero,
Medina, Pons and Vila [15] presented fuzzy gradual rules for data summarization and Raschia,
Ughetto and Mouaddib [16, 17] implemented SaintEtiq system for data summarization through
extended concept hierarchies.
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Fuzzy hierarchy of concepts [13-17] reflects the degree with which one concept belongs to its
direct abstract and more than one direct abstract of a single concept is allowed. Because of the
lack of guarantee of exact vote propagation, such a hierarchy seems to be more appropriate for
simplified data summarization, or to the cases when subjective results are to be emphasized (we
purposely want to modify the role or influence of certain records).

2.3. Fuzzy Relational Databases

The similarity-based fuzzy model of a relationa database, proposed first by Buckles and Petry in
1982 [18, 22-26]], is actually a forma generaization of the ordinary relational database model
introduced by Codd [19] in 1970. The model, based on the max-min composition of a similarity
relation utilized as the extension of the classical identity relation coming from the theory of crisp
sets, was further extended by Shenoi and Melton in 1989 [20, 28-32] with the concept of the
proximity relation.

The most distinctive qualities of the fuzzy relational database are: (1) alowing non-atomic
domain values, when characterizing particular attributes of a single entity and (2) generation of
equivalence classes (effecting such basic properties of relationa database as the removal of
redundant tuples) with the support of similarity relation [21] applied in the place of traditiona
identity relation.

3. Plan for theinvestigation

My objective is to investigate the development and properties of Crisp (CCH) and Fuzzy (FCH)
Concept Hierarchies and their potential in attribute-oriented generalization of ordinary and fuzzy
relational databases. The following chapter includes a detailed explanation of thisidea.

There are three aspects of my dissertation research. As | mentioned earlier there was some work
done on applying FCH in area of ordinary relationa databases, | want extend these concepts,
adding the features, which | believe, are important for consistent DM via AOI with FCH. Main
part of my work is to apply the AOI approach to mine knowledge from fuzzy databases, which
has not appeared previoudy in the literature.

3.1. Fuzzy Concept Hierarchiesin Ordinary Databases - Research Task

The problem appears to lay in the lack of fuzzy model completeness, where a single tuple is
guaranteed to remain with a “weight” of one record at each of the fuzzy generalization levels.
When generalizing data for data mining purposes we have to preserve the number of tuples and
the relation between them in the identical proportions at each level of generdization. This leads
to the two following properties, which must be maintained at each level of generalization
hierarchy: (1) the set of concepts at each level of hierarchy should cover al of the attribute
values that occurred in the original database (so we are guaranteed to not lose the number of
tuples when generdizing their values), (2) never allow any attribute value (or its abstract) to be
counted more or less than once at each level of the generaization hierarchy (when we allow a
concept to partially belong to more than one of its direct abstracts, we have to check each time
that the sum of fractional memberships is equa 1.0). This conclusion derives directly from the
V ote Propagation principle introduced by Han [3]
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Expected solution: The Fuzzy Concept Hierarchy is complete and consistent (preserves Exact
Vote Propagation principle) when for all adjacent hierarchy levels, Sand T (where T is a direct
Iyl
abstraction level of S), the following relationship is satisfied: g my =1,"sl S" 41 T
i=1
where: i isthe index of the generaization concepts at the abstraction level T.
In other words, the sum of weights assigned to the links leaving a single node in the fuzzy
concept hierarchy needs to be aways 1.0 to preserve completeness of the generalization model.

3.2. Crisp Concept Hierarchiesin Fuzzy Databases - Research Task

| am interested in employing the similarity/proximity tables, which are essentia elements in each
of the mentioned fuzzy database models, as a source of information sufficient to form the crisp
concept hierarchies for attribute-oriented generalization purposes. Consequently, this approach
should alow us to perform attribute-oriented induction without the necessity of obtaining the
background knowledge about each of generalized attributes, presumed so far to be obligatory in
this method.

Expected solution: The existence of a similarity relation modeled for a particular domain can
lead to the extraction of a crisp concept hierarchy, allowing attribute-oriented generalization. Let
S, bethe a-cut of the smilarity relation S presented in the Table 1. It can be shown [21] that if S
is a smilarity relation on a given domain D; (which is a single attribute in our case), then
"al (0,1] each S, creates equivalence classes in the domain D;. Now, let P, denote the
equivalence class partition induced on domain D; by S.. Clearly, P. is a refinement of P, if
a’3a. A nested sequence of partitionsP a1, P a2,..., P ak may be represented diagrammatically
in the form of a partition tree.

The nested sequence of partitions in the form of a tree has a structure identical with the crisp
concept hierarchy for data mining generalization purposes.

3.3. Fuzzy Concept Hierarchiesin Ordinary Databases - Research Task
An acceptance of non-atomic values may lead to the occurrence of imprecision, taking place
when single entity is described by multiple values, which are not considered to be equal at the
specific level of smilarity/proximity. | am interested in developing a method allowing attribute-
oriented generalization of multiple attribute values, describing a single entity, according to their
similarity. There is a connection between precision and certainty since very imprecise (abstract)
statements have a greater chance to be correct than precise ones [37, 38], | would like to
investigate if AOI applied on imprecise data would lead to removing the imprecision when the
specific level of abstraction in the concept hierarchy is reached during generalization.
Expected solution: | believe that during generalization of tuples with imprecision it would be
preferable to take two basic things under consideration:
a) Value of smilarity between the terms (attribute values) describing particular entity. As|
mentioned before a strong connection between precision and certainty seemsto exist.
b) Number of similar terms, since it can influence the certainty about the generaization
path.
Driven by these two assumptions | believe that generdization of the imprecise information
should be assessed both on the number of inserted descriptors for particular domain as well as on
the samilarity of inserted values. This is just a sketch of possble solution; a mechanism
performing such generalization of multiple attribute-values still needs to be investigated.
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