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Abstract

In this paper we propose a general framework
to explore and analyse database summaries built
from massive data sets. Summaries are multidi-
mensional vague concepts, represented by a set
of fuzzy terms provided on each attribute as do-
main knowledge. We define a logical data model
called summary partition, as cubes do in OLAP
systems. We then propose a set of unary oper-
ators over this data model. We also study their
properties.

Keywords: database summarization, vague con-
cept, OLAP cubes.

1 Introduction

Because of the ever increasing amount of infor-
mation stored each day into databases, users can
no longer have an exploratory approach for visu-
alizing, querying and analyzing their data with-
out facing the problem often referred as ’'Infor-
mation Overload’. Hence, as mentioned in [5],
the data summarization paradigm has become
“a ubiquitous requirement for a variety of ap-
plication environments, including corporate data
warehouses, network-traffic monitoring and large
socio-economic or demographic surveys”.

On-Line Analytical Processes (OLAP) and mul-
tidimensional databases are arising great inter-
est from the summarization task point of view,
since they allow an end-user to query, visual-
ize and access part of the database using cubes
of aggregate values computed from raw data.
Therefore, in complement to these well-known
OLAP approaches, a fuzzy set-based summariza-
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tion method called SaintEtiQ) have been proposed
by [11] providing summaries which cover parts of
the primary database. Since interpretation and
exploration of summaries is a main goal of sum-
marization, the symbolic/numerical interface pro-
vided by tools of the Zadeh’s fuzzy set theory
[14], are the fundamental background of all the
approaches to linguistic summarization. Signifi-
cant works have been done in this area, for in-
stance by Yager [13], Rasmussen and Yager [12],
Kacprzyk [7], Bosc et al. [3], Cubero et al. [4],
Dubois and Prade [10]. Other interesting works
are done in fuzzy multidimensional model by Lau-
rent [9], Delgado et al. [6] and Blanco et al. [2].
Inspired by research works in [1] where the au-
thors define a set of algebraic operators for OLAP
cubes. We propose the adaptation of this algebra
to linguistic fuzzy summaries which provide to the
user some intentional descriptions of part of the
data set. To do that we consider features of fuzzy
summaries to point out a set of interesting prop-
erties. The final goal of this work is to offer to the
end-user a set of high level operators for explor-
ing and querying summaries in decision making
environments.

The paper is organized as follows: section 2
presents multidimensional databases and OLAP
operators. Section 3 presents an overview of the
SaintEtiQ system. Owur contribution consists in
section 4 and section 5. Indeed, section 4 de-
scribes the data model we designed over the sum-
maries to support decision making processes. In
section 5 we define a collection of unary operators
to handle summaries. And finally in section 6 we
conclude and propose future works.
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2 Multidimensional Databases

Multidimensional database technology is a key
factor in the interactive analysis of large amounts
of data for decision-making purposes.

On-Line Analytical Process framework is very in-
teresting for data analysis since it handles hierar-
chies to represent data at different levels of granu-
larity. It consists in a set of technologies to collect,
store, and treat multidimensional data for analy-
sis. With OLAP tools, users do not aim at ma-
nipulating data at individual level. They rather
want to see data at aggregated, consolidated level
for the discovery of trends. The datacube was in-
troduced by Gray et al. in [8]. A cube is a set of
data organized according to dimensions. A mea-
sure is the value contained in a cell, associated
to the values taken on dimensions composing the
cube.

OLAP operators. Here is a partial list of trans-
actional and granularity operators used to manip-
ulate data cubes [1]:

Transactional manipulation, considers the exten-
sion of well-known operations of the standard re-
lational framework. It deals with multidimen-
sional information.

- The Slice operation consists in selecting slices
from the cube by using a criterion on a dimen-
sion.

- The Dice operation consists in selecting a subset
of cells matching a criterion on the measure.

- The Projection operation consists in deleting one
or several dimensions.

- The Merge operation consists in merging cube
dimensions according to aggregation function.
Granularity operators, define navigation opera-
tions through hierarchies constructed on dimen-
sions.

- The Roll-up operation consists in describing the
cell values at some higher level of granularity on
a dimension.

The above enumeration concerns only unary oper-
ators. Obviously, there exist a few more n-ary op-
erators in OLAP algebra such as cartesian prod-
uct, join or drill-down .... They are out of the
scope of this communication, but we have to study
them in the future.

3 Overview of SaintEtiQ system

The SaintEtiQ) approach considers a primary
relation R(Aj,...,A,) in the relational data-
base model, and constructs a new relation
R*(A4,..., A,), in which tuples z are summaries
and attribute values are fuzzy linguistic labels
[14] describing a sub-table of R.
The preprocessing. All tuples t of R are
rewritten using background knowledge (BK),
such as fuzzy linguistic labels. For instance, a
fuzzy linguistic label young, gather several values
t.AGE of distinct tuples t on the attribute AGE.
Consider the tuple Burns = (N PP Boss, 87000%)
for (name(id) = (occupation,income)) from re-
lation about SIMPSONS-CHARACTERS. The
translation step converts this tuple into two
user-defined vocabulary tuples:
Burns [1] = (businessman, enormous)
Burns 2] = (firmmanager, enormous)
An example is given in table 1, where ¢ is the
appropriate satisfaction degree obtained from the
membership grade of each record to linguistic
terms.

This translation step support the process of

NAME OCCUPATION ¢ INCOME ¢
(id)

Apu [1] businessman .7 miserable 1.0
Apu [2] shopkeeper 1.0 | miserable 1.0
Burns[1]| businessman .9 enormous 1.0
Burns 2] | f.manager 1.0 | enormous 1.0
Moe[l] | businessman .7 miserable 1.0

Table 1: Example of translation step of the rela-
tion SIMPSONS-CHARACTERS

finding the best representation of a database
tuple according to BK provided by the user.
It consists in transforming the raw data into
a new tuple by replacing the original value by
the set of descriptors defined in the BK. The
result of translation is considered as the first
level of summarization. Burns [k] is in fact the
intentional description of a summary of database
records close to Burns.

The summary. Each summary z provides a
synthetic view of a part of the database. The
subset of database records R, involved into
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the summarization is usually called the extent,
whereas the summarized description I, of these
database records is the intent. For convenience,
we will denote by z the intent I, of summary z.

Intent: The intentional description
z = (z.A1,..,2.A;,) of a summary describes simi-
lar features of tuples in R,. It allows to generalize
the descriptions of database tuples, attribute by
attribute. Each z.A; is a fuzzy set represented by
some linguistic label d. A descriptor d generalizes
the attribute values of database records in the
extent of z. Label d is associated with a weight
«a corresponding to the highest membership
grade of the t.A's to d: a = maxep, {d(t.A)},
where d(t.A) = ¢4(t.A). This ag corresponds to
the satisfaction of having d as a summary de-
scriptor. z = (2.Ay, 2. Ag, ..., 2.A,) with z.A; €
F(D}),1 < i < n, where F(X) denotes
the set of fuzzy sets on X. Dj is the
translated attribute domain of A defined as
the finite set of linguistic terms describing
the attribute A. For instance, D;FNCOME =
{miserable, modest, reasonable, enormous, ...}

Extent: A summary is defined in an exten-
sional manner with a collection of records
R, = {t1,ta,...,t,}, where t; is a database tuple.
For instance, consider R, = { Apu, Burns, Moe}.
The rewritten tuples identified by t[1], ¢t € R.,
in table 1 allow to define the summary z. The
intentional description of z is given by :
z= < {.7/businessman + .8/artist} ,
{1.0/enormous + 1.0/miserable} >

Cardinality: The -cardinality of 2z is de-
fined as card(R.) = ) ;cp w(t), where w(t)
is the weight associated to the tuple t de-
pending on the number of rewritten tuples.
For instance, consider record ¢ has 2 dis-
tinct rewritten tuples: (artist, miserable) and
(artist,enourmous) then w(t) = 1/2. card(R,)
corresponds to the representativity of the sum-
mary z according to the database R. The descrip-
tor cardinality card, 4(d) relative to the extent of
z determines the proportion of database records
involved into the generalized description of R,
with the linguistic label d.
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4 Data Model

4.1 Summary and space partition

We want to build a generic materialized view from
all or parts of the relation R. For this, we propose
to define the notion of summary partition as a
collection of summaries verifying a constraint.

Definition 1 (Summary Partition). Let A =
{A1,... A} be a set of attributes. A partition P
is a set of summaries z built on A and satisfying
the weak orthogonality property. P = {zo,...,2n}
such as : Yi # j € [0.n], Ik < m, z. AN
2. A, =0 where m is the number of attributes.

The property of weak orthogonality means that
we can’t have two summaries in the same sum-
mary partition that share the same intentional
representation on each attribute. We say that two
summaries are conflictual if they do not verify the
property of weak orthogonality.

Definition 2 (Partition space). Let A =
{Ay,... A} be a set of attributes. The partition

space noted P is the set of summary partitions
built on X, VX C A.

We note that this data model of fuzzy sum-
maries is based on multidimensional vague con-
cepts. It performs a conjunctive approach on each
attribute, whereas possibilistic databases consider
weighted disjunctive attribute values. It is worth
to mention that the associated semantics of al-
gebraic operators defined over these two models
is not similar, e.g. attribute AGE can be repre-
sented by old and young people in the first model,
and by young or old people in possibilistic data-
bases.

4.2 Hierarchy

The SaintEtiQ system [11] incrementally builds a
summary hierarchy noted by Hg as shown by fig-
ure 1. Nodes of this rooted tree are summaries
defined at different abstraction levels. The root
is the more general summary whereas leaves are
the most specific ones.

The partial ordering on summaries: Given
z and 2/, two elements of the summary hierarchy,
we define the relation < as : (z <X 2') & (2.4; C
2/ A;,VA; € A). If z < 2/ we say that 2/ gen-



eralizes z, such that the linguistic descriptors of ‘ ‘ OCCUPATION ‘ Qag ‘ INCOME ‘ Qg ‘
2z’ on each attribute are either at least as general businessman 0.7 | miserable 1.0
as those of z, or they are new ones representing 211 | artist 0.8 | enormous 1.0
another trend of the group of tuples in R, — R,. ‘ 7191 ‘ shopkeeper ‘ 0.9 ‘ miserable ‘ 1.0 ‘
‘ 2192 ‘ sch.qual.employee ‘ 0.3 ‘ modest ‘ 1.0 ‘
‘ 213 ‘ sch.qual.employee ‘ 0.8 ‘ enormous ‘ 1.0 ‘
z9 artist 0.8 | modest 1.0
miserable 1.0
‘ 23 ‘ businessman ‘ 0.8 ‘ enormous ‘ 1.0 ‘

|211| |212| |Zl3| |221|

[z121]  [2122]

Figure 1: Example of SaintFtiQ hierarchy

Definition 3 (Summary height). In our sum-
mary tree the height h(z) of each node is the
longer path from this node to one of its leaves,
e.g. if z is a leaf then h(z) = 0.

Abstraction level. An abstracton level is re-
garded as a cut of a summary tree.

Definition 4 (Cut). A cut C of a summary tree
is a set of summaries verifying the two following
properties : (1) the weak orthogonality and, (2)
the completness: | J-(R.) = R. We note C(HR)
the set of cuts built on the hierarchy Hg.

C(HR) is a subset of the partition space P (see
def 2): C(Hgr) C P.

Example For the hierarchy in the figure 1, the
set of cuts is:

Py= {20}
Py = {z1,2,23}
Py = {211, 212, 213, 22, 23}
Py = {211, 2121, 2122, 213, 22, 23}
Py = {z1,21,220,23}
C(R):q Ps= {21,201, 2001, 2222, 23}
Ps = {211, 212, 213, 221, 222, 23}
Pr = {211, 212, 213, 221, 2221, 2222, 23 }
Py = {211, 2121, 2122, 213, 221, 222, 23}
Py = {z11, 2121, 2122, 213, 221, 2221,
2922, 23}

Table 2: Presentation of partition P3

The SaintEtiQ hierarchy will help us to define an
algebra for on-line analysis and high-level presen-
tation of data. It will also guide us in the ex-
ploration of the summaries providing a relevant
starting point for analysing process, as well as
a backbone for granularity operators like roll-up
and drill down.

The algebra we will define over our data model
is close on the set of partition space P. It means
that the result of each operator over a summary
partition P gives a summary partition P’, i.e.
(P,P") € P2

5 Operators

In this section we focus on definitions of unary
operators. Binary operators are out of the scope
of this paper but they have to be studied in order
to deal efficiently with fuzzy summaries. In the
following we present the selection, roll-up , merge
and projection, wich are the main part of our core
algebra over summary partitions.

5.1 SELECTION

Definition 5 (Selection). The selection opera-
tor o on the summary partition P from R, gives
a new summary partition P’ such that: P’ =
o(P,pred(z)), where pred(z) is the selection pred-
icate on:

- Summary properties (Dice), or

- Attribute values (Slice).

The selection operation allows us to extract a
sub-set of the summaries of a partition without
any update of their intentional and extensional
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descriptions.

Dice. The first type of query is the selection from
summary properties. Based on the hierarchical
organization of the summaries we can express
any structural constraint, like the granularity
using the height of summary. The predicate is
then h(z) =n,n € N. For instance, if we want to
retrieve only the leaves from the hierarchy (figure
1), pred(z) is defined as h(z) = 0, gives the par-
tition P’ = {z11, 2121, 2122, 213, 221, 2221, 2222, 23 }-

Slice. The second type of query is the se-
lection over fuzzy attribute values of summaries
and their membership grades. We define it as:
z.A 0 ¥, where 0 is a fuzzy set operator such as
=, Cp,Np,Cp,etc, and ¥ € F(Dj) is a fuzzy
set. For instance, P’ = o(P,2. INCOME Cp
{1.0/enormous,1.0/modest}). Given the parti-
tion P5 of table 2, P = {211, 2192, 213, 22, 23}.

5.2 ROLL-UP

The set of all the partitions is partially ordered,
thanks to the relationship defined over the sum-
maries into the SaintEtiQ hierarchy.

Definition 6 (Roll-up). The roll-up operation is
a generalization of the partition at a higher level
of granularity:

P =

Roll —up(P ={z1,...,2i, Zit1s-- s Zn}s
{Zl, e 7Zz})
P = {Zzit1,..., 20}

such that ¥z € {z1,..
Ry =Up(R:, ... R:)

%}, 2=z and

Example. In table 2, Roll — up(Ps, {2121, z122}) =
Py, with 2191 < 219 and z122 X z12 and sz =
RZ121 U RZIQQ'

5.3 MERGE

The merge operation needs a summary partition
and an aggregation function. Merging summaries
of a partition consists in aggregating membership
grades of similar desriptors over each attribute.

Definition 7 (Merge). Let P = {z1,..,2ky ., Zn }
be a summary partition. We then define the merge
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operator as:

P’ merge(P,{z1,..,2k}).

P = {Z*azk-i-l)"'vzn}

For  instance,  merge(P,{z,z;}) with
zi =  ({ag/di}, {ap/da}) and zj =
{ac/di}, {ag/ds}) gives birth to z* =
({maz{aq, act /di},{ap/d2}, {aa/ds})

The usual aggregating function is the maximum.
We suppose that only merge operations such as
summary z* is not conflictual with other sum-
maries z € P’ (z # 2*) are allowed. About the
extension corresponding to the merge operation
we can say that:

R+=R,U---UR,, and,

card(z*) = card(z1) + - - - + card(z)

\ | OCCUPATION | a4 | INCOME | aq |
z13 || sch.qual.employee | 0.8 | modest 1.0
z1929 || sch.qual.employee | 0.3 | miserable 1.0

merge(P3, {213, 2122})
sch.qual.employee | 0.8 | miserable 1.0
z* modest 1.0

Table 3: Merging on the partition P

The table 3 shows how we can merge two sum-
maries z13 and 2199.

5.4 PROJECTION

We consider here the operator consisting in re-
ducing the number of attributes describing the
summaries of a partition.

Definition 8 (Projection). Let P be a summary
partition. We define the projection operator as:
P’ =14, 2,(P)

P ={Z/3ze PNZ =7a, a2}

where the summary projection m, (x,y) = (x).

The extensional descriptions of summaries remain
the same after applying the projection operator.
As for the merge operation the projection oper-
ation is able to generate partitions which do not
verify the weak orthogonality property. For in-
stance, the possible projections of the two sum-
maries in table 4 have to involve the A attribute.



Indeed, 7 c (21, 22), TB(21,22), T (21, 22) lead to
conflictual summaries, i.e. with indistinguishable
descriptions.

A |B C
21 (a1 |y | a
a2
z2 |az | b1 | a

Table 4: Example of representation on attributes
A, Band C

6 Conclusion

In this paper we first introduced the concept of
summary partition . Beforhand summaries are or-
ganized into a hierarchy. We then defined unary
operators over the SaintEtiQ-oriented partitions.
Current and future works concern the definition
of binary and higher-level operators. This work is
intended to provide the core algebra of an effec-
tive and rich tool for visualizing, querying and ac-
cessing the data through the summaries as OLAP
datacubes operators do.
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