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In this article we investigate an attribute-oriented induction approach for acquisition of abstract
knowledge from data stored in a fuzzy database environment. We utilize a proximity-based fuzzy
database schema as the medium carrying the original information, where lack of precise infor-
mation about an entity can be reflected via multiple attribute values, and the classical equiva-
lence relation is replaced with the broader fuzzy proximity relation. We analyze in detail the
process of attribute-oriented induction by concept hierarchies, utilizing the original properties
of fuzzy databases to support this established data mining technique. In our approach we take
full advantage of the implicit knowledge about the similarity of original attribute values, included
by default in the investigated fuzzy database schemas. © 2007 Wiley Periodicals, Inc.

1. INTRODUCTION

Attribute-oriented induction (AOI) is a descriptive database mining tech-
nique, which gradually transforms the original, massive set of data (i.e., initial
relation) into a concise form at the higher abstraction level, called a generalized
relation. The induction is achieved via hierarchical aggregation of similar data
collections, stored originally in a database at the low (primitive) level. The differ-
ent attribute values are merged into the common and more abstract conceptual
representations based on the background knowledge reflected in the concept hier-
archy. The aggregation of database records in the AOI approach is performed on
an attribute-by-attribute basis, where a separate concept hierarchy is employed for
generalization of each of the attributes included in the relation of task-relevant
data. Those hierarchies are indispensable for the AOI technique and were origi-
nally considered as a part of expert’s knowledge about generalized attributes. In
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764 ANGRYK AND PETRY

this article we investigate the character of the knowledge stored in the proximity
relations of fuzzy databases and analyze possible ways of its application to the
attribute-oriented generalization of the data originally stored in the form of fuzzy
tuples.

Due to the immense magnitude of data currently stored in commercial and sci-
entific databases, induction mechanisms became a practical necessity for many data
analysts. To retrieve interesting patterns or association rules it is often indispens-
able to start from pruning and compressing the voluminous sets of the original
data. Continuous processing of the original data is excessively time consuming and
might be expendable, if we are actually interested only in information on abstrac-
tion level much higher than directly reflected by the technical details stored usually
in large databases (e.g., serial numbers, time of transactions with precision in sec-
onds, detailed GPS locations, etc.). Simultaneously, the data themselves conceptu-
ally represent information at multiple levels (e.g., a bar code, 040101000, represents
a Milky Way Bar, which is a Chocolate Bar, pertaining to a Snack, or even a
Food group, etc.). This makes the original data naturally appropriate for general-
ization allowing its transformation to a certain level of abstraction, dictated by the
character of the analyzed data set or by preferences of data analysts and their clients.

Depending on the approach and the intention of data analysts, generation of
the generalized relation can be treated either as a final step of data mining (i.e., the
table is presented to the clients as a data summary, allowing them to interpret over-
all information'=*) or as a base for further knowledge extraction (e.g., extraction
of abstract association rules directly from the generalized relation®").

The hierarchical character of AOI provides analysts with the opportunity to
view the original information at multiple levels of abstraction, allowing them to
progressively discover interesting data aggregations. This approach seems to be
much more appropriate for detailed analysis of data sets than commonly used
simplified, nonhierarchical summarization. In contrast to the flat summarization,
a gradual process of AOI through concept hierarchies allows detailed tracking of
all records and can lead to the discovery of interesting patterns among data at the
lowest abstraction level of their occurrence. As a result, we are able to avoid
unnecessary loss of information due to overgeneralization. Moreover, in the AOI
approach, the tuples, which did not achieved significant aggregation at a low
abstraction level, rather than being removed from analysis, are gradually further
aggregated and so given a chance to reach a meaningful count at one of higher
abstraction levels.

In the next sections we introduce attribute-oriented induction and briefly
characterize crisp and fuzzy approaches to the data generalization; we will also
discuss the unique features of fuzzy database schemas that were utilized in our
research on attribute-oriented generalization. In the third part we will present
three techniques allowing convenient generalization of records stored in fuzzy
databases. The increase in efficiency of these methods over the originally pro-
posed solutions is achieved by taking full advantage of the knowledge about
generalized domains stored implicitly in fuzzy database models. Then we will
propose a method that allows multicontextual generalization of tuples in the ana-
lyzed database environments.
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2. BACKGROUND

2.1. Attribute-Oriented Induction

The idea of generalization of the database records though extensive utiliza-
tion of the concept hierarchies was popularized by Han and his coresearch-
ers' =710 and extended further by Hamilton, Hilderman, and their coworkers.!!~!2
The majority of this work focuses on attribute-oriented induction with utilization
of crisp concept hierarchies, where each attribute variable (concept) at each level
of hierarchy can have only one direct abstract (its direct generalization) to which it
fully belongs (there is no consideration of the degree of relationship, e.g., {master
of art, master of science, doctorate} C graduate, {freshman, sophomore, junior,
senior} C undergraduate).

Eight strategies applicable to the hierarchical generalization of attribute val-
ues have been proposed.’> The most essential for our analysis is the principle of
vote propagation. It states that each tuple coming from the initial task-relevant
relation should be represented by a single vote during the whole induction pro-
cess. The votes should be accumulated when merging identical tuples at each step
of AOI and this count, which reflects the number of the original tuples generalized
to the particular abstract concept, should be stored in each abstract tuple and then
reported as an additional argument in the generalized relation. Because the count
of the votes allows preservation of the original dependencies occurring among the
real (low-level) data at each stage of induction, its correctness is crucial for the
exactness of AOI performed. The importance of this observation as well as
the preservation of exact vote propagation when utilizing fuzzy concept hierar-
chies will be explained in the subsequent parts of this section.

Recently multiple groups of researchers investigated applications of fuzzy
concept hierarchies for AOI. Lee and Kim!® used fuzzy ISA hierarchies, from the
area of data modeling, to generalize database records to more abstract concepts.
Lee!* applied fuzzy generalization hierarchies to mine generalized fuzzy quanti-
tative association rules. Cubero et al.'> presented fuzzy gradual rules for data sum-
marization. Raschia and Mouaddib'® implemented the SaintEtiq system for data
summarization through extended concept hierarchies.

A fuzzy hierarchy of concepts reflects the degree with which a concept belongs
to its direct abstract. In addition, more than one direct abstract of a single concept
is allowed during fuzzy induction. Each link € in the fuzzy concept hierarchy is a
bottom-up directed arc (edge) between two nodes with a certain weight assigned
to it. Such a structure reflects a fuzzy induction triple (c*, ¢**1, w x 1), where c*
(i.e., an attribute value generalized to the kth abstraction level), and ¢**! (one of
its direct generalizers) are endpoints of €, and w1, being the weight of the
link ¢, represents the strength of conviction that the concept c* (a source of €)
should be qualified as concept cc*! (a target of €) when the data generalization
process moves to the next abstraction level. During attribute-oriented fuzzy induc-
tion (AOFI), the value of w .« .+ dictates actually what fraction of a vote, repre-
senting original attribute values generalized already to the concept c¥, is to be
propagated to its higher level representation, ¢¥*!.
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Fuzzy hierarchies of concepts allow a more flexible representation of real-
life dependencies. A significant weakness of this approach is a lack of automatic
preservation of exact vote propagation at each stage of attribute-oriented fuzzy
induction (AOFI). To guarantee exactness of the data summarization via AOFI we
need to assure that each record from the original database relation will be counted
exactly once at each of the levels of the fuzzy hierarchy.

This issue was successfully resolved by utilization of consistent fuzzy con-
cept hierarchies,!”'® which preserve exact vote propagation due to their complete-
ness and consistency. Speaking formally, to preserve completeness and consistency
of the AOFI process for all adjacent levels, k and k + 1, in fuzzy concept hierarchy
the following relationship must be satisfied:

ek

— k k k+1 k+1
2 ey =10, fEC T EC
=

In other words, the sum of weights assigned to the links leaving any single
node in a fuzzy concept hierarchy needs to be 1.0. Preservation of the above prop-
erty prevents any attribute value (or its abstract) from being counted more or less
during the process of AOFI (i.e., consistency of the fuzzy induction model is main-
tained). It also guarantees that a set of abstracts concepts at each level of hierarchy
will cover all of the attribute values that occurred in the original data set (i.e.,
completeness of the model is maintained). In effect, we are guaranteed to not lose
count of the original tuples when performing fuzzy induction on their attribute
values.

Formally, each fuzzy concept hierarchy can be transformed to the consistent
and complete generalization model via simple normalization of membership val-
ues in all outgoing links of the hierarchical induction model.

2.2. Similarity- and Proximity-Based Fuzzy Relational Databases

The similarity-based fuzzy model of a relational database, proposed origi-
nally in Refs. 19 and 20, is actually a formal generalization of the ordinary rela-
tional database.?! The fuzzy model, based on the max-min composition of a fuzzy
similarity relation, which replaces the classical equivalence relation coming from
the theory of crisp sets, was further extended by Shenoi and Melton,** Shenoi
et al.,>> and De Kumar et al.?* with the concept of the proximity relation. Because
a fuzzy proximity relation has a more general character than a similarity relation,
we will employ this model in our approach.

Important aspects of fuzzy relational databases are (1) allowing nonatomic
domain values, when characterizing attributes of a single entity and (2) generation
of equivalence classes based on the specific fuzzy relations applied in the place of
traditional identity relation.

As mentioned above, each attribute value of the fuzzy database record is
allowed to be a subset of the whole base set of attribute values describing a partic-
ular domain. Formally, if we denote a set of acceptable values for a single attribute
as D, and we let d;; symbolize a particular ( jth) attribute value, characterizing the
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ith entity, then instead of d;; € D, characteristic for the Codd’s?! database model,
the more general case d;; C D is allowed. That is, any member of the power set of
accepted domain values can be used as an attribute value except the null set. A
fuzzy database relation is a subset of the cross product of all power sets of its
constituent attributes 221 X 292 X ... X 2P»_ This allows representation of inex-
actness arising from the original source of information. When a particular entity’s
attribute cannot be clearly characterized by a single descriptor, this uncertainty
aspect can be reflected by multiple attribute values.

Another feature characterizing proximity fuzzy databases is substitution of
the ordinary equivalence relation, defining the notion of redundancy in the ordi-
nary database, with an explicitly declared proximity relation of which both the
identity and similarity relations are actually special cases. Because the original
definition of fuzzy proximity relations (also called tolerance relations) was only
reflexive and symmetric, which is not sufficient to effectively replace the classical
equivalence relation, the transitivity of proximity relation was added.?” This was
achieved by extending the original definition of a fuzzy proximity relation to allow
transitivity via similarity paths (sequences of similarities), using Tamura chains.?
So the a-proximity relation used in proximity databases has the following structure.

If P is a proximity relation on a set of acceptable attribute values D, then
given an a € [0,1], two elements x, z € D are a-similar (denoted by xP, z) if and
only if P(x,z) = « and are said to be a-proximate (denoted by xP, z) if and only
if they are (1) either a-similar or (2) there exists a sequence yi, ys,..., Yy, € D,
such that xP, y; P,y P,... Py y,, P, 2.

Each of the attributes in the fuzzy database has its own proximity table, which
includes the degrees of proximity (a-similarity) between all values occurring for
the particular attribute. A proximity table for the domain of COUNTRIES, which
we will use as an example for our further analysis, is presented in the Table I.

The proximity table can be transformed by Tamura chains to represent such
an a-proximity relation. Results of this transformation are seen in Table II.

Now the disjoint classes of attribute values, considered to be equivalent at a
specific a-level, can be extracted from the table. They are marked by shadings in
the Table II. Such separation of the equivalence classes arises mainly due to the
sequential similarity proposed by Tamura. For instance, despite the fact that the prox-
imity degree, presented in Table I, between the concepts Canada and Venezuela is

Table I. Proximity table for a domain COUNTRY.

New
Canada USA Mexico Colombia Venezuela Australia Zealand

Canada 1.0 0.8 0.5 0.1 0.1 0.0 0.0
USA 0.8 1.0 0.8 0.3 0.2 0.0 0.0
Mexico 0.5 0.8 1.0 0.4 0.2 0.0 0.0
Colombia 0.1 0.3 0.4 1.0 0.8 0.0 0.0
Venezuela 0.1 0.2 0.2 0.8 1.0 0.0 0.0
Australia 0.0 0.0 0.0 0.0 0.0 1.0 0.8
New Zealand 0.0 0.0 0.0 0.0 0.0 0.8 1.0
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Table II. a-Proximity table for a domain COUNTRY.

New
Canada USA Mexico Colombia Venezuela Australia Zealand

Canada 1.0 0.8 0.8 0.4 0.4 0.0 0.0
USA 0.8 1.0 0.8 0.4 0.4 0.0 0.0
Mexico 0.8 0.8 1.0 0.4 0.4 0.0 0.0
Colombia 0.4 0.4 0.4 1.0 0.8 0.0 0.0
Venezuela 0.4 0.4 0.4 0.8 1.0 0.0 0.0
Australia 0.0 0.0 0.0 0.0 0.0 1.0 0.8
New Zealand 0.0 0.0 0.0 0.0 0.0 0.8 1.0

0.1, the a-proximity is 0.4. Using the sequence of the original proximity degrees,
CanadaP ,Mexico = 0.5 A MexicoP,Colombia = 0.4 A ColombiaP,Venezuela =
0.8, we obtain CanadaP Venezuela = 0.4, as presented in Table II.

The transformation based on the sequences of proximities converts the orig-
inal proximity table back to a similarity relation as in a similarity database model."
The practical advantage of the proximity approach comes from the lack of neces-
sity to preserve the max-min transitivity when defining the proximity degrees. This
makes a proximity table much easier for a user to define. The a-proximity table,
although based on the proximity table, is generated dynamically only for the
attribute values that were actually used in the fuzzy database.

3. ATTRIBUTE-ORIENTED GENERALIZATION IN FUZZY
RELATIONAL DATABASES

Because a fuzzy database is an extension of the ordinary relational database
model, the generalization of fuzzy tuples through the concept hierarchies can always
be performed by the same procedure as presented by Han et al.® for ordinary rela-
tional databases. However, here we focus on the utilization of the unique features
of fuzzy databases in the induction process. First of all, due to the nature of fuzzy
databases we have an ability to reorganize the original data to the required level of
detail (by the merge of records, considered to be identical at a certain a-cut level,
according to the given similarity or proximity relation), so then we can start
attribute-oriented generalization from the desired level of detail. This approach, in
removing unnecessary detail, must be applied with caution. When merging the
tuples in fuzzy databases according to the equivalence at the given similarity level
(e.g., by using SELECT queries with a high threshold level), we are not able to
keep track of the number of original data records (itemsets) to be merged to a
single tuple. Lack of such information may result in significant change of balance
among the tuples in the database and lead to the erroneous (not reflecting reality)
information presented later in the form of support and confidence of the extracted
knowledge. This problem, which we call a count dilemma, is derived from the
principle of vote propagation and can be easily avoided by performing extraction
of initial data table at the very detailed level (i.e., @ = 1.0), where only identical
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values are merged (e.g., values England and Great Britain will be unified). So
then no considerable number of records would be lost as the result of such redun-
dancy removal.

In this article we investigate three closely related approaches to AOFI, which
are very convenient for implementation in the fuzzy database environments. The
connection among these techniques derives from utilization of a proximity (or sim-
ilarity) relation, a characteristic element of the fuzzy database models. We use it to
support data generalization in these environments, emphasizing its use as a replace-
ment for background knowledge, essential to generalization in other database
models.

3.1. Extraction of Concept Hierarchies from a-Proximity Tables

The generation of an a-proximity relation for a particular domain D;, in addi-
tion to providing a fuzzy alternative to an equivalence relation, also allows extrac-
tion of a partition tree, which can then be successfully employed by nonexperts to
perform attribute-oriented induction.

From the propagation of shadings in the Table II, we can easily observe that
the equivalence classes marked in the table have a nested character. As in Ref. 26,
each a-cut (where @ € (0, 1]) of a fuzzy binary relation in Table II creates disjoint
equivalence classes in the domain D;. If we let 11, denote a single equivalence
class partition induced on the domain D; by a single a-level-set, through the increase
of the value of a to a' we are able to extract the subclass of II,, denoted IT,, (a
refinement of the previous equivalence class partition). A nested sequence of par-
titions IT,,1, IT2, ..., TI«, where o' < a? < ... < a* may be represented in the
form of a partition tree, as in Figure 1.

This nested sequence of partitions in the form of a tree has a structure iden-
tical with that of a crisp concept hierarchy applicable for AOI. Because the AOI
approach is based on the reasonable assumption that an increase of degree of
abstraction makes particular attribute values appear identical, the increase of
conceptual abstraction in the concept hierarchy tree can be as well reflected by
the decrease of a values (representing degrees of similarity between original
attribute values). The lack of abstraction (0-abstraction level) at the bottom of

| Canada | USA | Mexico ]Colnmhiarlenszunlaiﬂ.ush'alia |N.Zaa|am:l| a=0.0 _t
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Figure 1. Partition tree of domain COUNTRY, built on the basis of Table II.
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Table III. Table of abstract descriptors (for Figure 1).

Abstraction level

Attribute value () Abstract descriptor
Canada 0.8 N. America
Colombia 0.8 S. America
Australia 0.8 Oceania
Canada 0.4 Americas
Australia 0.4 Oceania
Canada 0.0 Any

generalization hierarchy complies with the 1-cut of the a-proximity relation (a =
1.0) from the fuzzy model and can be denoted as S| . In other words, it is the
level where only those attribute values that have identical meaning (i.e., syn-
onyms) are aggregated.

The only thing differentiating the hierarchy in Figure 1 from the crisp con-
cept hierarchies applicable for AOI is the lack of abstract concepts, which are used
as the labels characterizing the sets of generalized (grouped) concepts. To create a
complete set of the abstract labels, it is sufficient to choose only one member of
every equivalence class IT (i.e., a single original value of the attribute) at each
level of hierarchy (reflected by «), and assign a unique abstract descriptor to it.
Sets of such definitions (original value of attribute and value of « linked with the
new abstract name) can be stored as a database relation (Table III), where the first
two attributes create a natural key for this relation.

The combination of partition tree in Figure 1 and the relation of abstract
descriptors (Table III) allow us to create the classical generalization hierarchy in
the form of Figure 2.

The disjoint character of equivalence classes generated from the a-proximity
(i.e., similarity) table does not allow any concept in the hierarchy to have more than
one direct abstract at every level of generalization hierarchy. Therefore this approach
can be utilized only to form a crisp generalization hierarchy. Such a hierarchy, how-
ever, can then successfully be applied as a foundation to the development of a fuzzy

a=00 4
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| Canada | | Usa | | Mexico | [Columbial Penezuelq |Au3trﬂlia| |N.Zea|and| a=1.0 T

Figure 2. Crisp generalization hierarchy formed using Tables II and II1.
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concept hierarchy—by extending it with additional edges to represent partial mem-
bership of the lower level concepts in their direct abstract descriptors. Depending
on the values of assigned memberships, data analysts can generate consistent or
inconsistent fuzzy concept hierarchies.

3.2. Generation of Single-Level Hierarchies

Because both the similarity and the proximity relation are binary fuzzy rela-
tions, they can be interpreted in terms of fuzzy classes, where memberships of
other elements (in our case other attribute values) in the fuzzy class P(x) are derived
from the rows in the proximity (or similarity) relation.?” In other words, the grade
of membership of attribute value y in the fuzzy class P(x) (e.g., a fuzzy represen-
tative of attribute value x or of the set of such values), denoted by wp((y), is
xP,y (or xP y for the similarity relation). For instance, from the Table I we can
extract a definition of the fuzzy class Australia, that is, P(Australia) = {Austra-
lia|1.0, New Zealand|0.8, Canadal0.0, Mexico|0.0, Colombial|0.0, . ..}. This alter-
native view on fuzzy binary relations provides motivation for development of two
other approaches. These may be more convenient for a user who does not have the
expertise to carry the whole induction process from the basics and would like to
use some support derived from existing proximity tables. Both of the techniques
to be described require some knowledge about generalized domains, but not at an
expert’s level.

3.2.1. Typical-Element Based Generalization

In practice, when generalizing attribute values, one can usually distinguish
subsets of lower level concepts that can be assigned to the particular abstract con-
cepts easily even by users who have only ordinary knowledge about the general-
ized domain. At the same time the assignment of the other lower level values is
problematic even among experts. Using the terminology presented in Ref. 28 we
can say that each attribute has a domain (allowed values), a range (actually occur-
ring values), and a typical range (most common values). We apply this approach to
the generalization process. When we have an abstract concept we can often iden-
tify its typical direct specializers, which are the elements clearly belonging to it
(e.g., we all would probably agree here that country Holland can be generalized to
the concept Europe with 100% surety). This can be represented as a core of the
fuzzy set (abstract concept) characterized by a membership of 1.0. However, there
are usually also lower level concepts, which cannot be definitely assigned to only
one of their direct abstracts (e.g., assigning the Russian Federation fully to the
abstract concept Asia would probably raise some doubts, as almost one-fifth of
this country lies west of the Urals). We call such cases possible direct specializers
and define them as the concepts occurring in the group of lower level concepts
characterized by the given abstract descriptor (fuzzy set) with the membership
0 < w = 1. Such elements create the support of a fuzzy set and are to be inter-
preted as the range of the abstract concept.
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In short, the idea behind this approach is to define initially the abstract con-
cepts via choosing their basic representative attribute values (i.e., typical represen-
tative specializers) and then to use the proximity table to extract a more precise
definition of the abstract class. For such extraction we assume a certain level of
proximity («), which should be interpreted as a level of precision reflected in our
abstract concept definition.

Using this approach we initially characterize each new abstract concept as a
set of its typical original attribute values with the level of doubt about its other
possible specializers reflected by the value of a. Then we select the fuzzy class
created from the a-cut of proximity relation for these predefined typical special-
izers and assess if this class fits well our expectations. Obviously some back-
ground knowledge about a generalized domain is now necessary so that the data
analyst could point out typical direct specializers. However, there is still a signif-
icant support provided by the proximity table allowing smooth generalization of
the most problematical cases. When we characterize an abstract concept by more
than one typical element, we must also choose an intersection operator that best
fits our preferences. This is necessary so that we would be able to extract a unified
definition in the case when the typical elements (i.e., fuzzy classes) are overlapping.

For instance, if we predefine the abstract concept North America by its two
typical countries Canada and USA with the level of proximity e = 0.6, and with the
operator MAX to reflect our optimistic approach, we can derive from Table I that

North America = MAX (Canada, USA), ¢
= {Canada|1.0; USA|1.0; Mexico|0.8}

Defining now Middle America as the cut of fuzzy class Colombia on the 0.4 level
we can extract from the proximity table:

Middle America = Colombia, , = {Mexico|0.4; Colombia|1.0; Venezuela|0.8}

As a result we can derive the fuzzy concept hierarchy and even modify the gen-
eralization model to become consistent through the normalization of derived

memberships:
0.8
0.8+04

= {Canada|1.0; USA|1.0; Mexico|0.67}

North America = {Canada|1.0; USA|1.0; Mexico

0.4
Middle America = {Mexico ; Colombia|1.0; Venezuela|0.8}

0.8+04

= {Mexico|0.33; Colombia|1.0; Venezuela|0.8}

As distinct from the previous approach, here users are given much more
freedom in defining abstracts. It is totally their decision as to which lower level
concepts will be aggregated and to what abstraction level. They can modify two
elements to control results of the generalization: (1) sets of typical elements and
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Table IV. Characteristics of high-level concepts
extracted from the proximity table.

Proximity level («)

Quantity of Low High
typical elements (close to 0) (close to 1)
Small Spread widely Precise
Large Confusing Precise
(Error suspected) (Assured)

(2) level of acceptable proximity («). Depending on the choice, the extracted
definitions of abstract concepts may have different characteristics. In Table IV
we summarize observations about the nature of definitions generated with this
approach. The most precise definitions are going to be generated when users
provide one typical element and allow only for a small increase of abstraction by
imposing a proximity level close to 1.0. The same minimum of imprecision in
generated definitions can be also accomplished with multiple values (i.e., typical
elements) if they all have identical meaning. Despite the fact that multiple syn-
onyms additionally confirm a user’s intent, they should not cause a spread of the
meaning of the generated definition. Obviously, a choice of acceptable proximity
ranges usually has a significant impact on the generated results. Definitions based
on different typical elements may appear as (1) distinct when we perform the
a-cut on a proximity table extracting only values that have high similarity to the
typical elements, and as (2) almost identical when we move to the higher abstrac-
tion level by defining larger range of acceptable a’s and allowing less similar
concepts to be placed in the extracted definitions.

When extracting overlapping definitions of abstract concepts from a proxim-
ity table, a fuzzy concept hierarchy results and one must be extremely careful to
keep this semantically meaningful. For instance, it makes no sense to predefine
two or more general concepts at a level of abstraction so high that they are inter-
preted almost as identical.

Some basic guidelines are necessary when utilizing this approach.

(1) We need to assure that the intuitively assumed value of « extracts the cut
(subset) of attribute values that corresponds closely to the definition of the abstract
descriptor we desired. The strategy for choosing the most appropriate level of a-cut
when extracting the abstract concept definitions comes from the principle of min-
imal generalization (minimal concept tree ascension strategy in Ref. 3), which
translates to minimal proximity level decrease in our approach. Accepting the strat-
egy of minimal abstraction increase at each successive step of AOI, we would
recommend always choosing the definition extracted at the highest acceptable level
of proximity, in other words, the definition provided by the cut of the proximity
relation with the biggest possible value of «, which already embraces all pre-
defined typical components of desired abstract descriptor (i.e., at the level where
the typical components occur the first time in the common equivalence class).
This approach allows us to prevent unnecessary overgeneralization.
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(2) The problem of selecting appropriate representative elements without exter-
nal knowledge about a particular attribute still remains; however, it can now be
supported by the study of the values stored in the proximity (or similarity) table.
Choosing typical values and then extracting a detailed definition from the proxim-
ity table will make AOFI more accessible for nonexperts. By using common knowl-
edge they may be able to point out typical elements of a generalized concept while
lacking expert knowledge necessary to characterize particular abstract in detail.

(3) Moreover, we should be aware that if the low-level concepts, predefined
as typical components of the particular abstract descriptor, do not occur in the
common equivalence class at any proximity level, then the contexts of the gener-
alized descriptor and the proximity relation may be not in agreement and revision
of the proximity table (or the abstract concepts) is necessary.

This approach allows us to place at the same level of concept hierarchy abstract
concepts that were built with different levels of proximity (different a-values). As
aresult this achieves more effective (i.e., compressed) induction. However, allow-
ing such a situation, especially when using a similarity table, we always have to
remember that the abstract concepts derived from the similarity relation have a
nested character. Placement of one abstract concept simultaneously with the other,
being its actual refinement, does not make sense and is in contradiction with the
relation represented by the similarity table.

The approach presented above allows us to form only two-level generaliza-
tion hierarchies or to derive the generalized concepts at the first level of abstrac-
tion in the concept hierarchy. Each of the abstract concepts defined with this method
is a generalization of the original attribute values, and therefore cannot be placed
at the higher level of the concept hierarchy.

The inability to derive multilevel hierarchical structures does not stop this
approach from being appropriate and actually very convenient for rapid data sum-
marization or something we call selective attribute-oriented generalization. To
quickly summarize the given data set, we may actually prefer to not perform grad-
ual (hierarchical) generalization, but to replace it with a two-level hierarchy cov-
ering the whole domain of attribute values. Such an appropriately built “flat
hierarchy” would represent the majority of dependencies between the original low-
level concepts, which are to be generalized, by propagation of fractions of vote
coming from each single attribute value instead of performing detailed hierarchi-
cal generalization.

In selective generalization, we generalize all attribute values from a specific
point of view that is dictated by the nature of the data mining task. We generalize
data in this specific context, omitting the records that do not fall into it. An exam-
ple of such a generalization is presented in Figure 3. Using that fuzzy hierarchy of
concepts we generate a generalized table with only those tuples that include coun-
tries from the regions of North and Middle America.

3.2.2.  Single Attribute Value Oriented Generalization

As in the previous approach, this technique also leads to the generation of a
two-level hierarchy. It is derived from the same approach of fuzzy class extraction
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North America Middle America

Figure 3. Consistent fuzzy generalization hierarchy built by extraction of partial knowledge
stored in the proximity relation for the attribute COUNTRY.

from the similarity or proximity table as the technique above. The biggest advan-
tage of this method is its ability to perform generalization of all original attribute
values in the context represented by the proximity table, but from the point of
view of the relevance of all these attribute values with respect to the distinguished
one (i.e., the one being a foundation of the extracted fuzzy class).

Let us use a simple example to illustrate this. From the proximity relation
(Table I) we can extract a single row, representing a fuzzy proximity class for the
attribute value Canada (Table V).

Now we can generate subsets of this fuzzy class’s domain (which is actually
the whole set of acceptable attribute values), defining disjoint ranges of accept-
able membership values (i.e., proximity levels):

Canada-similar = {Canaday ¢ , o} = {Canada, USA}
Canada-semisimilar = {Canaday, , ¢} = {Mexico, Colombia, Venezuela}
Canada-unsimilar = {Canaday o, } = {Australia, New Zealand }

Size of the assumed ranges is dependent on the preferences of the data analyst.
Smaller ranges generate a larger number of abstract classes, but may reduce the
number of lower level concepts in each of the extracted abstracts. The classes
presented above give us sufficient information to perform generalization of all
values occurring in the attribute COUNTRY from the point of view of the similar-
ity of these values to the country Canada (Figure 4). Obviously values Canada
and USA will be generalized as Canada-similar concepts, countries more distant as
semisimilar and unsimilar. Because degrees of proximity were already utilized to
extract these three subsets, we have not inserted them in the concept hierarchy.
Technically speaking, we simply sliced the single fuzzy class extracted from
the proximity relation into layers reflecting levels of the relevance of the attribute

Table V. Fuzzy proximity class for the attribute value Canada.

New
Canada  USA  Mexico  Colombia  Venezuela  Australia  Zealand

Canada 1.0 0.8 0.5 0.1 0.1 0.0 0.0

International Journal of Intelligent Systems DOI 10.1002/int



776 ANGRYK AND PETRY
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Figure 4. Value-similarity-based generalization.

values to the original attribute value, which then became a center of our attribute-
oriented induction process.

3.3. Multicontext Generalization

The above approaches, despite being very convenient (and almost automatic)
to use, have one common limitation. As discussed, both similarity and proximity
relations can be successfully utilized when building concept hierarchies. How-
ever, the nature of the generalization based on these particular hierarchies can
only reflect the context represented by the original similarity or proximity tables.
Each of the attribute values can be considered basically as a point in a multidimen-
sional space, reflecting multiple contexts of possible inductions (e.g., countries
can be aggregated by province, and then by continent, or by the official native
language, and then by the linguistic groups). Utilization of the predefined proxim-
ity tables restricts the context of an AOFI to the dimensionality originally reflected
by these tables. This might be limiting for any users who want to perform the
AOFI in a different context than represented in proximity tables. The techniques
presented above do not provide flexibility in allowing such modifications. Obvi-
ously, the data-mining analysts can be allowed to modify the values in the prox-
imity table in their own user views of the fuzzy database to represent the similarity
between the concepts (attribute values) in the context of their interests. The advan-
tage of such modifications is that now they can use these new proximity tables to
merge the records that are identical in the context of their interests.

The task of dropping dimensions (contexts) of performed induction at some
level of the generalization hierarchy, if not primarily reflected in the proximity
relation, remains however an important issue. We describe here briefly an approach
allowing a solution for this problem.

The last two methods presented in the previous section allowed only a single-
step generalization. To extend AOI to a higher abstraction level we need to simply
define new similarity or proximity tables reflecting similarity between the gener-
alized concepts. There is nothing preventing users from defining such tables in the
new context, as long as they have sufficient knowledge about a generalized domain
to be able to correctly describe such dependencies. We can even halt the induction
process performed with the multilevel hierarchy, presented in Figure 2, at any
level and build new similarity (or proximity) tables reflecting the distance between
abstract concepts in a totally different context than those primarily represented by
the original hierarchy. In Table VI we present such a similarity relation, reflecting
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Table VI. New similarity table reflecting the relation
between concepts from the first abstraction level,
according to the placement of Northern and Southern
hemispheres of the Earth.

N. America S. America Oceania
N. America 1.0 0.5 0.5
S. America 0.5 1.0 0.7
Oceania 0.5 0.7 1.0

similarity in context different than the one originally represented by the relation in
Table I1.

By cutting the hierarchy from Figure 2 after the first level of abstraction and
introducing new abstract names, which better fit the relation presented in Table VI,
we can generate a new concept hierarchy allowing induction from the first abstrac-
tion level to the third level in a new context. Then it will be merged with layers cut
from Figure 2 to perform AOI based on the modification of generalization context
at the first level of the abstraction. The hierarchy constructed in this manner is
seen in Figure 5.

4. CONCLUSIONS

In this article have we presented three possible ways that similarity and
proximity relations, implemented as the essential parts of fuzzy databases, can
be successfully applied to data mining via attribute-oriented generalization. We
demonstrated that both of these relations could be successfully utilized when
building generalization hierarchies, assuming that both the context of the intended
induction and the conceptual perspective reflected in the similarity or proximity
table are in agreement. Moreover, we also considered how both of these fuzzy
binary relations could be employed in building two-level concept hierarchies,
allowing transformation of the original attribute values into a representative group
of abstract concepts in a single step of the fuzzy induction. We characterized the

S. Semisphere

|Ganada | | USA J | Mexico | |Golomhial Panezualai [Australla] IN.Zaalandl

Figure 5. Multicontextual generalization hierarchy built from the merging of two similarity
tables starting at different abstraction levels.
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potential use of such approaches in rapid data summarization, selective general-
ization, or at the first stage of multicontextual generalization. We described the
recursive manner in which the abstract concepts can be further generalized via
building new proximity tables for the generalized attribute values, which may
even reflect new contexts of induction, dependent on the knowledge supplied by
the external source of expertise.

More advanced applications of the proposed solutions in the areas where fuzzy
databases are the most applicable (i.e., spatial databases) remain for further work
to illustrate a practical use of these approaches.
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