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Foreword

Advances in Database Technologies (ADT) is a workshop series designed to pro-
mote interaction and discussion among researchers and practitioners in specific
topics related to advanced data modeling and database technologies. The first
ADT workshop was held in conjunction with the 17th International Conference
on Conceptual Modeling (ER’98) in Singapore. It consisted of three small work-
shops, i.e., the “International Workshop on Data Warehousing and Data Mining”
organized by Prof. Sham Navathe and Dr. Mukesh Mohania, the “International
Workshop on Mobile Data Access” organized by Prof. Dik Lun Lee, and the
“International Workshop on New Database Technologies for Collaborative Work
Support and Spatio-Temporal Data Management” organized by Prof. Yoshifumi
Masunaga. These three small workshops were held simultaneously on 19 and 20
November, and the papers were jointly published in this ADT’98 proceedings.

We would like to thank Prof. Sham Navathe, Dr. Mukesh Mohania, Prof. Dik
Lun Lee, Prof. Yoshifumi Masunaga and their program committees for work-
ing together to insure an excellent workshop program. The program co-chair of
ER’98 Prof. Tok Wang Ling and his organizing committee members gave out-
standing support to the workshops with the local arrangements, registration,
publicity, and the preparation of the proceedings. Our special thanks go to Prof.
Stefano Spaccapietra, Chair of the ER Steering Committee, for his encourage-
ment to make the ADT workshop an annual event to be held in conjunction
with the future ER conferences. We would also like to thank Dr. Peter Chen
and Dr. Bernhard Thalheim for their efforts in expanding the scope of the ER
conference series. We were fortunate to have ACM, ACM SIGMOBILE, the ER
Insitute and the Japanese research project on Advanced Databases (supported
by the Ministry of Education, Science, Sports and Culture of Japan) as work-
shop sponsors. Lastly, we would also like to express our sincere thanks to all
reviewers of the workshop papers.

We hope that the first ADT workshop was stimulating and enjoyable to all
who attended it, and we look forward to more successful ADT workshops in the
coming years.

December 1998 Prof. Yahiko Kambayashi
ER’98 Conference Chair

Dr. Ee-Peng Lim
ER’98 Workshop Chair



Workshop Chairs’ Messages

Data warehousing and data mining is a recent information technology that allows
electronic information to be easily and efficiently accessed for decision making
activities and the automated extraction of interesting patterns and trends in the
data stored in a data warehouse (called data mining).

The first international workshop on Data Warehousing and Data Mining
(DWDM’98) focuses on the physical and the logical design of data warehous-
ing and data mining systems. The scope of the papers covers the most recent
and relevant topics in the areas of data and web warehousing, multidimensional
databases, knowledge discovery and data mining.

We received more than 30 papers from over 15 countries and the programme
committee finally selected 14 papers. A special panel on ‘Data Warehousing and
Data Mining - Are we working on the right things?’ is included in the workshop
programme to discuss the current challenges.

We would like to thank the conference general chair, workshop general chair
and the organising committee of the 17th International Conference on Con-
ceptual Modelling (ER’98) for recognising the importance of the theme of this
workshop. We are very indebted to all programme committee members and the
referees who have very carefully and timely reviewed the papers. We would also
like to thanks all the authors who submitted their papers to this workshop.

November 1998 Sham Navathe
Workshop Chair

Mukesh Mohania
Program Committee Chair

International Workshop on
Data Warehousing and Data Mining



Workshop Chairs’ Messages VII

Wireless communication has added a new dimension of freedom to the In-
ternet. It gives people truly ubiquitous access to information and computational
resources, practically at any time and from anywhere in the world. In the past
few years, we have witnessed the astonishing progress in both research and tech-
nological advancement in wireless communication systems. We expect to see a
rapid penetration of the technology into every aspect of life, from global commu-
nication to applicance control in households. This workshop was organized with
this perspective in mind to provide a forum for this timely topic. To align with
the theme of the main conference (Conceptual Modelling, ER ’98), this work-
shop was intended to focus on the data access aspect of mobile systems. I am
glad that with the help of the program committee, we were able to put together
an interesting program drawing papers from industry and academia around the
world, with a panel on the future directions of academic research and industrial
development. I am also greatly indebted to Dr. Ee-Peng Lim for his tremendous
efforts in handling all the organizational aspect of the workshop and to Dr. Tok
Wang Ling for making the publication of the workshop proceedings possible.

I hope this workshop is merely the very first of a continuous sequence of
workshops dedicated to the data access aspect of mobile computing.

December 1998 Dik L. Lee
Chair, International Workshop on

Mobile Data Access



VIII Workshop Chairs’ Messages

The International Workshop on New Database Technologies for Collaborative
Work Support and Spatio-Temporal Data Management (NewDB’98) was held on
November 19-20, 1998 in Singapore. The NewDB’98 was organized in conjunction
with the Seventeenth International Conference on Conceptual Modeling (ER’98).
These proceedings contain the technical papers accepted for presentation at the
workshop.

The NewDB’98 program committee accepted 12 and 6 papers for regular and
short presentation, respectively, which were selected from 28 submitted papers
from various countries. It is interesting to note that the majority of the 13 ac-
cepted papers were from Japan. In Japan there is an on-going project “Research
and Development of Advanced Database Systems for Integration of Media and
User Environments” funded by the Ministry of Education, Science, Sports and
Culture. This is a three year project started in 1996, and is directed by Prof.
Yahiko Kambayashi of Kyoto University. In carrying out the project, we have
recognized that the support of collaborative work and management of spatio-
temporal data has become one of the most interesting and important database
applications, which is due to the tremendous progress of database and its sur-
rounding technologies in the last decade.

I believe that the future database systems in the coming twenty first century
cannot survive without supporting spatio-temporal virtual database environ-
ments which users enter to work together.

Last but no least, I would like to thank you all of the NewDB’98 program
committee members, Dr. Ee Peng Lim of ER’98 Workshop Chair, and Prof. Tok
Wang Ling of ER’98 Program Co-Chair for their hard work.

December 1998 Yoshifumi Masunaga
Chair, International Workshop on

New Database Technologies for
Collaborative Work Support and

Spatio-Temporal Data Management
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A Fuzzy Attribute-Oriented Induction Method

for Knowledge Discovery in Relational Databases

Noureddine Mouaddib and Guillaume Raschia

IRIN - Université de Nantes
2 rue de la Houssinière, BP 92208, 44322 Nantes Cedex 3, France

{mouaddib,raschia}@irin.univ-nantes.fr

Abstract. In this paper, we propose a fuzzy attribute-oriented induc-
tion method for knowledge discovery in relational databases. This method
is adapted from the DBLearn system by representing background knowl-
edge with fuzzy thesauri and fuzzy labels. These models allow to take
into account inherent imprecision and uncertainty of the domain repre-
sentation. We also show the power of fuzzy thesauri and linguistic vari-
ables to describe gradations in the generalization process and to handle
exceptions.

1 Introduction

The computerization of business activities produces an amount of data recorded
in databases. These databases are rapidly growing and managers would like to
explore this mine of information. This need leads up to researches on Knowledge
Discovery in Databases (KDD), considered as the non trivial process of identi-
fying valid, novel, potentially usefull, and ultimately understandable pattern in
data [1].
Our approach addresses this issue: it is based on the principle of attribute-

oriented induction proposed in the DBLearn system [2,3] which integrates the
learning-from-example paradigm, with relational database operations. DBLearn
first collects the interesting data using a SQL query. Next, it applies the general-
ization operator attribute by attribute on the extracted relation. Some attribute
values in the relation are replaced with higher level concepts defined into a par-
tially ordered hierarchy - general-to-specific concepts tree. On the final step, the
generalized relation is transformed into rules.
Our paper is motivated by two observations. First, the user domain knowl-

edge representation is usually vague, incomplete or uncertain, even if the user
is an expert. Second, as concept trees represent preferences and points of view
of the user, they are necessary to provide powerful and flexible tools to repre-
sent the knowledge about the domain. As you can see, our goal is not to solve
the inherent problems of induction process, but only to take advantage of an
establishment in order to improve efficiency and accuracy of attribute-oriented
induction methods, by using the DBLearn algorithm as a general framework.
The remainder of this paper is organized as follows. In section 2, we show how

fuzzy logic offers a framework to represent inherent uncertainty or vagueness of

Y. K amb ayash i e t al . ( E d s. ): E R’ 98, LNCS 1552, p p . 1– 13, 1999.
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domain knowledge. We present the advantage of using fuzzy thesauri and fuzzy
labels instead of concepts trees as it is used in DBLearn. Section 3 proposes
the fuzzy attribute-oriented induction method, which adapts and improves the
DBLearn algorithm. We conclude in section 4 and consider future works.

2 Background Knowledge Representation

In this paper, we propose two kinds of models which are able to represent complex
(uncertain, incomplete...) information. The first one (cf section 2.1) represents
symbolic values in a fuzzy thesaurus [4]. The second one represents numeric
values.

2.1 Representing Symbolic Values in a Fuzzy Thesaurus

General definition : A fuzzy thesaurus is a set (C,R,L, I) where :
• C is a set of concepts (or terms) {c1, . . . , cn}; e.g. {Boa, Oviparous, Re-

ptile, Snake, V iper}.
• R is a set of relations {r1, . . . , rm}; e.g. {isa, isn} is a set of relations where

isa means “is a” and isn means “is not a”.
• I is a given set of degrees in [0, 1].
• L is a partial function from C ×R×C into I. The function L generates a

set of links {l1, . . . , lp} where lk represents the equality L(ci, rq, cj) = α noted :

lk : ci
rq−→α cj

where ci, cj ∈ C, rq ∈ R and α ∈ I (used to express the strength of link lk).
We note origin(lk) = ci the origin of lk, end(lk) = cj the destination of lk,
rel(lk) = rq the relation involved in lk, and strength(lk) = α the degree of the
link. For example (cf figure 1), V iper isa−→1 Snake is a link.

Paths A path from a concept ci to a concept cj, noted path(ci, cj) is a set of
links {lk1 , . . . , lkq} such that :
lk1 , lk2 , · · · , lkq ∈ L, origin(lk1) = ci, end(lkq) = cj , end(lkm) = origin(lkm+1)

for m = 1, · · · , q − 1

Valid paths Some paths are not valid, for instance, “the neighbour of my neigh-
bour is not my own neighbour”. Thus, we use a grammar to define the set of
valid paths.
We consider G as a Chomsky’s grammar generating a set of sentences. A

sentence represents an authorized sequence of relations in a path with respect
to grammar G. We note this set L(G).
A valid path from a concept ci to a concept cj respecting a grammarG, noted

G−path(ci, cj), is a path {lk1 , . . . , lkq} such that the sequence rel(lk1), . . . , rel(lkq )
is in L(G).
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1 1
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Fig. 1. An extract of the thesaurus on the attribute “type”: thes1

Generalization grammar In this paper, we focus on a particular grammar used in
the knowledge discovery process: generalization grammar. We consider two kinds
of relations: isa (is a) and isn (is not a) like those represented in the example of
figure 1. Then, to give the set of more general concepts of a concept ci, we use
a grammar defined by:
G : X −→ isa+(1) | isa� isn isa�(0)
where the number between parenthesis indicates the authorization of the

generated sentence (i.e. 0 for an unauthorized path and 1 for an authorized
path). From the figure 1, Albatross can be generalized to Bird, Flying Ani-
mal and Oviparous. However, Ostrich can be generalized to Bird and Oviparous

but not to Flying Animal because there exists an invalid path {Ostrich isn−→1

Flying Animal}.

Generalized concept degree A degree d is associated to each higher level con-
cept cj to show to which extent it generalizes the concept ci. This degree is
calculated by:

d = α× γ
α = max

k=1,···,m
(strengthpath(G−pathk(ci, cj)))

γ = min
k=1,···,m

(max(β(G−pathk(ci, cj)),

1− strengthpath(G−pathk(ci, cj))))

where:
• strengthpath(p) gives the strength associated to path p (i.e. a kind of prox-

imity degree between the first and the last term of the path). The strength of a
path p = {lk1 , . . . , lkq} is calculated by:
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strengthpath(p) =Minp=1,...,q(strength(lkp))
• β(p) gives the authorization of a path p
• α is the degree of the best path from ci to cj (with the higher strength)
• γ is an aggregation of authorized level for all paths from ci to cj
From the previous example, Ostrich can be generalized to Bird with the

degree 0.7, to Oviparous with the degree 0.7, and to Flying Animal with the
degree 0. Then, we consider the set of more general concepts of a given con-
cept ci as a fuzzy set determinated by a membership function noted µci where
µci(ci′) = d is the generalization degree of ci to ci′ . For example, we have
µOstrich(Oviparous) = 0.7 from figure 1.
Using fuzzy thesauri, instead of concepts trees as in DBLearn allows to rep-

resent graduations of the generalization process. For example, we can represent
in the thesaurus (cf figure 1) that a concept Ostrich can be generalized to the
concept Bird with a weight lower than the concept Albatroos. If we consider the
concept Bird as the union of the following characteristics: to fly, to have a beak,
to have feathers..., an ostrich does not verify all these properties.
Exceptions are also easily taken into account with the “is not” link of fuzzy

thesauri. Unlike, to represent exceptions in a hierarchy, artificial classes are in-
troduced, for example “no flying bird”, “no feathers bird”...
As the fuzzy thesaurus should be a graph, multi-generalization is allowed

representing multiple points of view in the same hierarchy.

2.2 Representing Numeric Values with Fuzzy Labels

We use fuzzy labels [5] to generalize numerical values. They partition the at-
tribute domain into fuzzy subsets. For example, the domain of the attribute
“height” can be divided into three fuzzy labels “small”, “medium”, “tall”.
In [6], a similar method is used to reduce a relation, but authors did not use

the membership grade during the data reduction process to weight the general-
ized tuple obtained after substitution.
Compared to other approaches in KDD, fuzzy labels offer more flexibility

to represent the background knowledge, particularly when dealing with values
at the limit of a class. For example, the tuple < viper, 0.6 cm, ... > can be
generalized in < viper, small (0.8), ... > and in < viper, medium (0.2), ... >.

3 Fuzzy Attribute-Oriented Induction Method

The induction process is the most important part of works in machine learn-
ing. Its general principle consists in identifying symbolic concepts from observa-
tions [12]. Therefore this activity is really close from generalization process of
data. Symbolic concept is characterized by an intentional description of the gen-
erated categories - concepts, or classes -, as opposed to the clustering activity [8],
which only provides an extentional description of categories: the disjunction of
all the instances of the class. In our point of view, summarized descriptions are
built from background knowledge - fuzzy thesauri and fuzzy labels - and acquired
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concepts are in fact merged tuples. We could notice that the word concept is used
both for a merged tuple and for a term of a thesaurus.
Overall, the induction method we want to use is monothetic; it only considers

one property at a time for the abstraction process, as opposed to a polythetic
approach, which could take into account a lot of different attributes in order to
define the best data generalization. So we could roughly compare our approach
with the construction of decision trees [9] in classification problems.
Finally, the learning process we propose has several features in common with

constructive conceptual clustering algorithms [11] :

– the unsupervised nature of the learning task : the system must cluster and
merge instances without any advice or help from a human expert;

– the nonincremental process determined by the need of data global view for
the choice of future-merged tuples, but we could quite easily consider an
extension of the system which will integrate an incremental process in order
to deal with large and evolutive databases;

– the use of background knowledge, which allows a high level of abstraction
and a relevant semantics of concept descriptions;

– the great interpretability of the acquired concepts due to the use of the same
vocabulary between the domain expert and the system;

Nevertheless, the main feature of a typical conceptual clustering algorithm
is the top-down construction of a concept hierarchy [10], and consequentely the
definition of different abstraction levels. In our approach, there does not exist this
kind of data organization, even if we could take into account different abstraction
levels in the generalization process.
To apply the attribute-oriented induction, we have adapted the steps pro-

posed in DBLearn system to use fuzzy thesauri and fuzzy labels during the
generalization process. In a first step, DBLearn collects relevant data from the
database using a SQL query. The second step removes attributes which have no
significance in the process. In the third one, the procedure selects the attribute
on which the generalization operator will be applied (step four). In step five,
identical tuples are merged into an unique one. These last three steps are re-
peated until the number of tuples in the generalized relation is greater than a
threshold set by the user.
The procedure that performs the fuzzy attribute-oriented induction method

is noted:
FAOI(DB, Lat, FT, FL, thres): GR
where :
DB is the database that contains data on which the algorithm will be per-

formed.
Lat is a list that indicates for each attribute the number of distinct values

an attribute may have in the final relation GR. If a thesaurus is associated to
this attribute, Lat indicates the maximum steps in the thesaurus the general-
ization process may climb. For example, if the user indicates a level 2 for the
attribute “type” in the relation Ranimal (cf table 1), the generalization process
will actually climb until the values Bird or Snake (cf figure 1).
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FT and FL which are respectively the set of thesauri and the set of fuzzy
labels.

thres is the maximum number of distinct tuples in the generalized rela-
tion GR.

GR is the generalized relation. Its schema is adapted from the original relation
by attaching a weight to each significant attribute w_ai and adding an extra
column count detailed below.
To illustrate the extraction process, we use the following relation Ranimal.

Table 1. Ranimal

Ident Type Height ... place

AX34 vipera 0.3 ... France
AZ65 boa 1.2 ... Nigeria
... ... ... ... ...
AA88 ostrich 1.1 ... Australia

3.1 FAOI Algorithm

• Procedure FAOI(DB,Lat,FT,FL,thres):GR

IR = Collect_relevant_data(DB)

GR = Attribute_removal(IR, Lat)

While count(GR) > thres do

ag = Attribute_selection(GR, Lat)

GR = Generalization(GR, ag, FT, FL)

GR = Merging(GR)

End

• Procedure Collect_relevant_data(DB):IR
The user enters a SQL query to collect the interesting data on which the

data mining algorithm will be performed.

• Procedure Attribute_removal(IR,Lat):GR

GR = IR

For each attribute a in relation IR

do

if FT[a] = {} or FL[a] = {} and

Lat[a] < Distinct_values(Proj(IR, a))

then GR = GR - <a>

end
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This procedure examines all attributes in sequence. We remove those with
no higher level concepts specified on them and whose the number of distinct val-
ues in the relation IR is greater than the threshold specifed in the Lat list. For
example, the attribute “ident” that identifies animals in the relation RAnimal

can be removed from the relation. In fact, this attribute provides no property
that would characterize the class underlying the relation RAnimal. This strategy
is also used in DBLearn.

• Procedure Attribute_selection(GR,Lat):ag

max_value = 0

For each attribute a in relation GR

do

value_nb = Distinct_values(Proj(GR, a))

if value_nb > max_value

and value_nb > Lat[a]

then ag = a

max_value = value_nb

end

This procedure chooses the next attribute on which the generalization oper-
ator will be applied. As in DBLearn, we select the attribute with the maximum
number of distinct values.

• Procedure Generalization(RG,ag,FT,FL):RG

if ag is numeric attribute

then

GR = generalization_FL(GR, ag, FL[a])

else

GR = generalization_FT(GR, ag, FT[a])

end

According to the type of the selected attribute, two procedures are used for
the generalization: generalization FL if it is a numeric attribute and genera-
lization FT otherwise.
In this paper, we only explain generalization_FT but generalization_FL

can be defined in the same way.
Before that, we explore several problems we encountered while using fuzzy

thesauri to represent background knowledge.
The first difference with the DBLearn system is that, in databases, tuples

can contain values which are not necessarily leafs of the thesaurus. For example,
a database user observing a snake, does not always have necessarily information
to identify to which type it belongs. If there exist different levels in the initial
relation, we have to control the process applying the generalization one level at
a time to avoid over-generalization.
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The generalization is applied on concepts with maximum depth and climbs
one level at each step. For example, table 2 contains different level concepts. In
the first generalization step on the attribute “type”, only the values Ostrich and
Albatroos will be generalized because their depth level is the maximum in the
relation (cf figure 1). This maximum defines the first generalization level, which
decreases at each next step.

Table 2. An extract of the rela-
tion GR

type wt height wh ... count

ostrich 1 tall 0.9 ... 30
albatross 1 tall 0.7 ... 40
snake 1 small 0.8 ... 10
... ... ... ... ... ...

Table 3. Table 2 after one general-
ization and merging

type wt height wh ... count

bird 1 tall 0.78 ... 70
snake 1 small 0.8 ... 10
... ... ... ... ... ...

The second difference with the DBLearn system is the multi-generalization
and the use of different kinds of links to represent background knowledge, partic-
ularly the link “is not”. A concept can be generalized into more than one concept
or a concept can not be generalized into a higher level concept. Mistakes can be
made, if we do not take some precautions. Especially, the generalization process
should not leave out the previous steps as it is made in DBLearn. For example,
if a generalization is performed on the attribute “type”, table 3 describes the
relation after merging identical tuples. When identical tuples are merged, the
new weight associated to each attribute is calculated with a weighted average
(cf Merging procedure).
After a second generalization stage on table 3, table 4 is obtained. Instead

of table 4, we must obtain the relation described in table 5.

Table 4. Table 3 one step after

type wt height wh ... count

flying animal 0.8 tall 0.78 ... 70
oviparous 1 tall 0.78 ... 70
oviparous 0.9 small 0.8 ... 10
... ... ... ... ... ...

Table 5. Table 3 one step after, re-
specting the link “is not” in the the-
saurus

type wt height wh ... count

flying animal 0,8 tall 0,7 ... 40
bird 1 tall 0,9 ... 30
oviparous 1 tall 0,78 ... 70
oviparous 0,9 small 0,8 ... 10
... ... ... ... ... ...

To ensure the validity of the generalization, a particular procedure must be
applied to process the multi-inheritance and the “is not” link cases.
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The multi-generalization can generate problems only when several paths exist
between a specific concept cs and a generic concept cg. So, if we adopt the
strategy of generalizing at each step, cs will be generalized as many times as
the number of paths relating it to cg. The strategy we adopt is to generalize cs
directly to cg.
To solve the problem generated by the “is not” link, we adopted a similar

strategy. We detect concepts related with this link. If there exists a link labelled
“is not” between a concept cs and a generic concept cg, the concept cs can not be
generalized into cg’s ancestors. cs is generalized into the direct cg’s descendants
that are also ancestors of cs. But, this attribute value can not be generalized next
and it can not be merged with other tuples. That is why the tuple representing an
exception is stored in a particular relation named ER. These “exceptional” tuples
can be generalized on other attributes values and they can be merged together.
Then, the ER relation also stores information for each attribute indicating if the
attribute value can be generalized in the future (cf table 7) or not.
For example, in the thesaurus (cf figure 1), the concept Ostrich is related to

the concept Flying Animal with a link “is not”. So when table 2 is generalized on
the first column, Ostrich is directly generalized into Bird and this new tuple can
not have new generalizations on this value afterwards. Ostrich is also generalized
in Oviparous and this new tuple can handle the process further on.

Table 6. Table 2 after a generaliza-
tion

type wt height wh ... count

bird 1 tall 0.7 ... 40
oviparous 0.7 tall 0.9 ... 30
snake 1 small 0.8 ... 10
... ... ... ... ... ...

Table 7. ER table generated by gen-
eralizing table 2 into table 6

type wt gt height wh ... count

bird 0.7 false tall 1 ... 30

gt indicates if the value Bird can be gen-
eralized next.

The generalized relation GR is divided into two relations: ER (cf table 7) and
NR (cf table 6). The procedure of generalization and merging on each relation
can be processed concurrently. The generalized table GR is obtained by an union
of the relation ER and NR after generalization and merging.

• Procedure: generalization_FT(ER,NR,ag,ft): NR, ER

ER_generalization_FT(ER,ag,Lat,ft): ER

NR_generalization_FT(NR,ag,LAt,ft): NR, NER

ER = Union(ER, NER)

The generalization GR is obtained by an union of the relation ER and NR.

GR = Union(NR, Proj(ER,a1,wa1,...,an,wan,count))
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The function general_concepts, used below, gives for a concept (and its
associated weight) the set of more general concepts taking into account prob-
lems introduced by the multi-generalization and the link “is not”. Using the
exemple of the table 2, general_concepts(thes1,ostrich,1,1), where the
third parameter represents the weight associated and the fourth the level set by
the user in the list Lat, returns the following values: (bird, 0.7,false) and
(oviparous, 0.7, true). The level set by the user indicates in the procedure
if problems may occur or not in the generalization process. For example, still
using the table 2, if the level set by the user is 2, general concepts(thes1,ost-
rich,1,2) returns only (bird,0.7,true). Any problem can occur because the
concept related with Ostrich by a link “is not” is at the level 1 in the thesaurus
(cf figure 1). The generalization can not climb to this value.
There are actually two generalization procedures, that are slightly similar.

They only differ in their target relation. NR_generalization_FT addresses re-
lation NR, and ER_generalization_FT addresses relation ER. We describe them
below.

• Procedure: ER_generalization_FT(ER,ag,Lat,ft): ER

For each t in relation ER do

if generalizable(ft,t.ag)

then

Lcg = general_concepts(ft,t.ag,t.w_ag,Lat[ag])

if Lcg = {}
then t = update(t,g_ag,false)

ER = update_r(ER,t)

else

For each e in list Lcg do

if e.g = false

then t = update(t,g_ag,false)

end

t = update(t,ag,e.cg)

t = update(t,w_ag,e.wcg)

ER = update_r(ER,t)

• Procedure: NR_generalization_FT(NR,ag, Lat,ft): NR,ER

NNR = {}
For each t in relation NR do

if generalizable(ft,t.ag)

then

Lcg = general_concepts(ft,t.ag,t.w_ag,Lat[ag])

if Lcg = {}
then te =<t.a1,t.w_a1,true,...>

te = update(te,t.g_ag,e.g)

ER = ER + <t>

else



A Fuzzy Attribute-Oriented Induction Method for Knowledge Discovery 11

For each e in list Lcg do

if e.g = false

then te =<t.a1,t.w_a1,true,...>

te = update(te,t.ag,e.cg)

te = update(te,t.w_ag,e.w_cg)

te = update(te,t.g_ag,e.g)

ER = ER + <t>

else t = update(t,ag,e.cg)

t = update(t,w_ag,e.w_cg)

NNR = NNR + <t>

NR = NNR

• Procedure: Merging(GR):GR

ER = Merging(ER)

NR = Merging(NR)

GR = Union(NR, Proj(ER, a1,wa1,...,an,wan,count))

The Merging procedure applied on the relation gathers identical tuples to-
gether. Two tuples are considered as being identical if they have the same value
for all the columns except for w_ai and count. In the merged tuple, the weight
w ai associated to an attribute value depends on the attribute
weights tk.w ai, i ∈ {1..n} and the coverage tk.count of all the N tuples tk
to be merged. It is calculated as follows:

w ai(t1,...,tN) =

∑
k∈{1,..,N} tk.w ai× tk.count

∑
k∈{1,..,N} tk.count

The factor tk.count allows to take into account the contribution of each tuple
to the merged tuple, from a representativity point of view. The division by the
sum

∑
k∈{1,..,N} tk.count normalizes the calculated weight. Finally, and as the

generalization procedure, the merging procedure can be performed concurrently
on each of the relations ER and NR.

3.2 Generating Rules

The interpretation stage consists of giving a set of rules to the user. A rule takes
the following form:
Q are concept1 (d1) and concept2 (d2) and . . .
where Q is a fuzzy quantifier, concepti are concepts (attribute values) and di

are satisfaction degrees of concepts.
To be more useful and expressive to the user, we translate the rules into

sentences. For example, the following sentence express such a rule: “most animals
are apparently snakes and somewhat small”. To achieve this interpretation, we
procede in two steps:

First step: Final ER-NR merging. We apply the merging procedure on the rela-
tion GR (i.e. Merging( ER + NR)).
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Second step: interpretation of ER and NR.
The process examines all tuples of ER and NR in sequence. For a tuple

(c1, w1, . . . , cn, wn, count) we can deduce the rule: “count% of relevant data
are c1 (w1) and . . . and cn (wn)” where count% is the percent of count with
regard to the number of tuples in the initial relation (containing relevant data).
Next, a rule is converted to a sentence using a quantifier and linguistic terms

to qualify each element of the rule. The quantifier Q is translated into a term
taken from a given set of terms [7]. In this set, each term is represented by a
fuzzy set. In the same way, the different degrees become fuzzy terms modulating
the concepts. We shall not go further in this process but we illustrate it in the
following example. Let table 8 be the result of the extraction process from an
initial relation containing 1000 european animals.

Table 8. Final relation from an extraction process

type wt height wh . . . count

oviparous 0.9 small 0.8 . . . 800
oviparous 1 medium 0.9 . . . 200
flying animal 1 small 0.9 . . . 200

Three rules can be deduced from this relation:
80% of european animals are oviparous (0.9) and small (0.8)
20% of european animals are oviparous (1) and medium (0.9)
20% of european animals are flying animals (1) and small (0.9)
These three rules can have the following linguistic interpretation:
“Most european animals are roughly oviparous and roughly small”
“Few european animals are oviparous and roughly medium”
“Few european animals are flying animals and roughly small”

4 Conclusion and Further Work

We presented a fuzzy attribute-oriented induction method for rules discovery in
relational databases. This method adapts the one proposed in the DBLearn [2]
system to handle background knowledge represented by fuzzy thesauri and fuzzy
labels. Using this kind of models allowed us to take into account the inherent
imprecision and uncertainty of the domain knowledge representation. Fuzzy the-
sauri also offers a framework for representing graduations in the generalization
process. In short, valuation of links combined with “is not” relationship, and
multiple inheritance enrich attribute-oriented induction methods and offer an
easy way to represent exceptions.
Finally, we consider a concrete extension of this work by investigating the

data summary issue through the construction of a fuzzy data synthesis system
based on a concept formation algorithm [10].
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Abstract. The ability of the deductive database to handle recursive
queries is one of its most useful features. It opens up new possibilities for
users to view and analyze data. This ability to handle recursive queries,
however, still cannot be fully utilized because when recursive rules are
involved, the amount of deduced facts can become very large, making it
difficult and sometimes impossible to store, view or analyze the query
results. In order to overcome this problem, we have proposed the DSK
method and the DSK(S) method to discover characteristic rules from
large amount of deduction results without having to store all of them.
In this paper, we propose two new methods, the DSK(T) method and
the DSK(ST) method which are faster than the DSK method and the
DSK(S) method respectively. In addition, we propose a new sampling
method called magic sampling, which is used by the two methods to
achieve the improvement in speed. Magic sampling works when linear
recursive rules are involved and the magic set algorithm is used for de-
duction.

1 Introduction

The ability of the deductive database to handle recursive queries is one of its
most useful features. It opens up new possibilities for users to view and analyze
data. For example, a user who has stored data about all the vertices and arcs of
a graph in a deductive database can easily instruct the database management
system to deduce all the possible paths from a certain vertex and analyze them.
This ability to handle recursive queries, however, still cannot be fully utilized
because when recursive rules are involved, the amount of deduced facts can
become very large, making it difficult and sometimes impossible to store, view
or analyze the query results.

In [10], we have proposed five methods of applying the attribute-oriented
algorithm proposed by J. Han, Y. Cai, and N. Cercone[11,12] to discover char-
acteristic rules in large amount of deduced facts, deduced by recursive or non-
recursive rules, without having to store all of them. We chose the algorithm

Y. K amb ayash i e t al . ( E d s. ): E R’ 98, LNCS 1552, p p . 14– 29, 1999.
c© Springer-Verlag Berlin Heidelberg 1999
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because it has been found to be effective as a data mining [8,9] algorithm in
its implementation in DBLEARN [13]. In addition, the use of the algorithm has
been extended to object-oriented databases in [14]. In [10], we view the exten-
sional database (EDB) of a deductive database as a relational database, and
apply the algorithm to deductive databases.

Comparisons among the five methods ( KD, SDK, DK, DSK, DSK(S) ) in
terms of speed, accuracy, memory requirement, etc. have been made. From the
comparisons, we realized that the two most useful methods are the DSK method
and the DSK(S) method. The DSK method is reasonably fast and accurate
while the DSK(S) method is slightly slower, uses a lot less memory and accu-
rate. “D”, “S”, and “K” stand for “deduction”, “sampling”, and “knowledge
discovery” respectively. The “S” in brackets stands for “space”.

In this paper, we propose two new methods, the DSK(T) method and the
DSK(ST) method (“T” stands for time) which are faster than the DSK method
and the DSK(S) method respectively. In addition, we propose a new sampling
method called magic sampling, which is used by the two methods to achieve the
improvement in speed. Magic sampling works when linear recursive rules [4] are
involved and the magic set algorithm [3,4,6] is used for deduction.

The organization of this paper is as follows. In section 2, an example which
will be used in the explanation is presented. The DSK(T) method and the
DSK(ST) method are explained in sections 3 and 4. Qualitative comparisons
among the DSK method, the DSK(S) method, the DSK(T) method, and the
DSK(ST) method are presented in section 5. Section 6 is the conclusion of this
paper.

2 An Example

For the purpose of explanation, let us suppose an imaginary case where we have
the medical records for the last one thousand years of all the people in Japan who
suffered or are suffering from at least a kind of allergies. A one thousand year
period is supposed because we need medical records that cover many generations
to act as a good example. The medical records are stored in deductive databases
distributed all over Japan but they can be accessed as a single large database
from a user’s point of view. Here, a deductive database is regarded as a relational
database with deduction mechanism.

The extensional database of the imaginary deductive database has the fol-
lowing scheme:

MEDICAL RECORD(Patient, Parent, Allergy)

Although a more realistic medical record has more attributes such as address,
height, weight, etc., we only assume three attributes in this example to make
things simple. Based on the above scheme, we have a relation such as the one in
Fig. 1 to store the extensional database of the deductive database.

In the intensional database (IDB), we assume that rules to deduce the an-
cestors of patients exist and are expressed as below. In the rules, parent(R, S)
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Patient Parent Allergy

Masako YAMADA Taro YAMADA Y

Masako YAMADA Tomoko YAMADA Y

Taro YAMADA Toru YAMADA X

Taro YAMADA Keiko YAMADA X

Shigeo YAMADA Masako YAMADA Z

Hiroaki SUZUKI Jiro SUZUKI Z
...

...
...

Fig. 1. MEDICAL RECORD(Patient, Parent, Allergy).

Patient Ancestor

Taro YAMADA Toru YAMADA

Taro YAMADA Keiko YAMADA

Masako YAMADA Toru YAMADA

Masako YAMADA Keiko YAMADA

Masako YAMADA Taro YAMADA

Masako YAMADA Tomoko YAMADA

Hiroaki SUZUKI Jiro SUZUKI
...

...

Fig. 2. A deduced relation with Patient and Ancestor.

is equivalent to MEDICAL RECORD(R, S, -). Here, “-” means “not specified” and
anything can be inserted into “-”.

ancestor(R, S) : − parent(R, S).
ancestor(R, S) : − ancestor(R, T ), parent(T, S).

Using the rules for deducing ancestors, it is possible to deduce all the ances-
tors of any number of patients (Fig. 2). From the deductive database, we wish to
find a previously unknown hereditary allergy. The search can be conducted by
finding out the characteristic rules of all the allergies throughout the generations.

In order to use the attribute-oriented algorithm to find the characteristic
rules, we need some background knowledge in the form of concept hierarchies.
In our example, we assume that we have a concept hierarchy like the one shown
in Fig. 3. The two layers from the bottom of the concept hierarchy can be easily
constructed from the extensional database using the patients’ names and the
allergies they suffered from.

The concept hierarchy is used to generalize the names of Patient and
Ancestor to the allergies they suffered from and then to broader terms that
describe the allergies. Not all the names can be generalized because we do not
know the allergies that some of the patients’ parents suffered from. However,
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Toru
YAMADA

X Y Z

ANY

Allergic rhinitis

Extrinsic
asthma

Aspirin-
induced
asthma

Seasonal
allergic
rhinitis

Non-
seasonal
allergic
rhinitis

L

M N

Keiko
YAMADA

Taro
YAMADA

Masako
YAMADA

Hiroaki
SUZUKI

Jiro
SUZUKI

Taro
TOMITA

Naoto
YAGI

Tomoko
YAMADA

Asthma

Fig. 3. A concept hierarchy used as background knowledge.

Patient Ancestor Count Percentage

M M 74 37.0%

N N 18 9.0%

N O 19 9.5%
...

...
...

...

Fig. 4. Characteristic rules of the deduced relation.

most can be generalized and this should be sufficient for our purpose of finding
characteristic rules.

If we randomly sample a certain number of tuples, for example two hun-
dred tuples, from the deduced relation which contains attributes Patient and
Ancestor and generalize the instances of Patient and Ancestor using the con-
cept hierarchy in Fig. 3, we may obtain the characteristic rules of the deduced
relation in the form shown in Fig. 4 depending on the attribute thresholds and
the table threshold values set by the user. The characteristic rules can then be
processed using probabilistic and statistical methods to find hereditary allergies.
The errors between characteristic rules obtained from random samples and the
whole amount of deduced facts are very small. This has been shown in [15].

The way that we used above can help us find the characteristic rules. However,
since the deduced facts of every patient’s ancestors are often too many to be
stored in the limited memory capacity we have, we are not able to obtain a
random sample. We need to find a way to obtain a random sample and learn the
characteristic rules without having to store all the deduced facts. The DSK(T)
method and the DSK(ST) method represent two solutions.

3 The DSK(T) Method

If we take a closer look at the DSK method, we can find some redundancies in
processing when we try to build the aggregate relation introduced and used by
the DSK method. For example, when we find the number of ancestors of Masako
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YAMADA, we can also find the number of ancestors of Taro YAMADA; but that
is not done in the DSK method. The DSK method finds the number of ancestors
of Masako YAMADA and Taro YAMADA independently from scratch.

The DSK(T) method aims to increase the speed of forming the aggregate
relation by utilizing the information of each query. However, it works only when
linear recursive rules are involved and when the magic set algorithm is used
for query processing. These restrictions are not too harsh for real life problems
because there is a belief that most “real life” recursive rules are linear [4] and the
magic set algorithm is popular and efficient. With the restrictions, we obtain the
following lemma. We call a sampling method using the lemma magic sampling.

Lemma 1 ∀x, x ∈ magic(a) ⇒ magic(x) ⊆ magic(a);
a is a constant and magic(a) is the magic set of a.

Proof sketch. A linear recursive rule has the following form.

P0 : −P1, P2, P3, ....., Pm, P0. · · · · · (1)

For simplicity, variables have been omitted. Each literal may have different ari-
ties [5] but P0 at the head and P0 in the body must have the same arity.

From rule (1), adorned rules where only one variable is bound have the form
shown below. (The lemma stands when only one variable is bound.)

P ..ffbff..
0 : −P1, P2, P3, ....., Pm, P ..ffbff..

0 . · · · · · (2)
Although there are many ways to generate magic rules from adorned rules in
the form of (2), they can be summarized into the following two forms.

magic.P ..ffbff..
0 (X) : −Pi, Pi+1, ...Pj , magic.P ..ffbff..

0 (X).

magic.P ..ffbff..
0 (Y ) : −Pk, Pk+1, ...Pl, magic.P ..ffbff..

0 (X).

The first form shows that for a constant a,

magic.P ..ffbff..
0 (a) = {a} or ∅

and the lemma is correct. The second form is a rule of transitive closure and in
this case too, the lemma is correct. ✷

This lemma means when using the magic set algorithm to process a query q
involving a constant a, the magic set of a can also be used to process a query q
involving x. For example, we can use magic(Masako YAMADA) to find the
ancestors of Masako YAMADA, Taro YAMADA, etc. Finding the magic set is
“expensive” and by eliminating the need to find magic(x) for each x, we can
have a significant gain in speed.

The DSK(T) method consists of three steps: (i) deduction, (ii) sampling
and (iii) knowledge discovery. At step 1, deduction is performed and the number
of deduced facts for each fact in the extensional database is calculated. Based
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Patient Number of ancestors

Masako YAMADA 1023

Fig. 5. The aggregate relation. (Step 1a)

Patient Number of ancestors

Masako YAMADA 1023

Taro YAMADA 255

Toru YAMADA 200

Keiko YAMADA 55
...

...

Fig. 6. The aggregate relation. (Step 1b)

on the example in section 2, we look at the extensional database and select the
first tuple Masako YAMADA. Then we find the magic set of Masako YAMADA,
magic(Masako YAMADA), and find her total number of ancestors (see Fig. 5).

After that, for each person x in magic(Masako YAMADA), we use
magic(Masako YAMADA) to find the number of ancestors of x. Each x is checked
against the aggregate relation to see whether he or she has appeared in it or not
before we find the number of ancestors of x. If he or she has already appeared,
we skip and go to the next x. After finding the number of ancestors of each x,
we may obtain something like Fig. 6.

Then we go to the second patient, Taro YAMADA, in the extensional data-
base. By checking the aggregate relation, we know that his total number of
ancestors has been calculated. So we skip and go to the third patient, Shigeo
YAMADA.

Since Shigeo YAMADA is not in the aggregate relation, we have to find the
magic set of Shigeo YAMADA and calculate his total number of ancestors. Then
again for each person x in magic(Shigeo YAMADA), we check whether he or she
has already appeared in the aggregate relation before we find the total number
of ancestors of x. We find that every x has already appeared and thus can skip
the calculation.

The above process continues until we have calculated the total number of
ancestors of every patient in the extensional database. Finally, the accumulated
total number of ancestors of all the patients is calculated and we should obtain
an aggregate relation like Fig. 7.

At step 2, sampling is performed in 2 stages. At the first stage, a patient is
selected according to the probability p where

p =
the number of ancestors of a patient

the number of ancestors of all the patients
.
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Patient Number of ancestors

Masako YAMADA 1023

Taro YAMADA 255

Toru YAMADA 200

Keiko YAMADA 55

Shigeo YAMADA 1024
...

...

Hiroaki SUZUKI 2000
...

...

Fig. 7. The aggregate relation. (End of step 1)

Then at the second stage, all the selected patient’s ancestors will be deduced
and one of them, which is equivalent to one tuple from the deduction results,
will be sampled by random. After a tuple is sampled, the number of ancestors
of the selected patient and the total number of ancestors of all the patients are
each deducted by one. The two stages of step 2 are repeated many times until a
user specified n number of tuples have been sampled.

The sample is passed on to step 3 where the process of discovering charac-
teristic rules is performed using the attribute-oriented algorithm and we may
obtain a relation like Fig. 4. Steps 2 and 3 of the DSK(T) method are the same
as steps 2 and 3 of the DSK method. Further details of the DSK method can be
found in [10].

Summarizing the DSK(T) method, we can obtain the following algorithm:

Algorithm 1. Discovery of characteristic rules using the DSK(T) method.

Input. (i) A set of concept hierarchies, (ii) a set of attribute thresholds, (iii) a table threshold, (iv) an intensional
database, (v) an extensional database, and (vi) n, the number of tuples to obtain to form a sample.

Output. A set of characteristic rules of the deduced facts.

Method.

1. Collect the set of task-relevant data from the extensional database by a database query.
2. Create a view v of the attributes which bind the arguments of IDB predicates used in deduction from the set

of task-relevant data.
3. begin

for each tuple s in v do {
if s is not in the aggregate relation R
then do {

find magic(s),
use magic(s) to calculate the total number of tuples Nt that can be
deduced from s,
store s and Nt in R,
delete the deduced tuples of s,
for each x ∈ magic(s) do {

if x is not in R
then do {

use magic(s) to calculate the Nt of x,
store x and Nt in R,
delete the deduced tuples of x }

}
delete magic(s) }

}
Calculate the sum S of all Nt.

end
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4. do {
Sample a tuple t from relation R based on the formula p(t) = Nt

S
,

deduce from t,
select a result u by random from all the deduction result that can be
deduced from t,
store t (without Nt) and u together as one tuple in relation Q,
reduce Nt by one,
reduce S by one,
delete all deduction results }

until n distinct tuples have been stored in Q.
- Comment:
p(t) is the probability for t to be selected from R.
Distinct tuples can be obtained by avoiding deduction result selected
previously.
If this does not work, select a new t.

5. Generalize relation Q according to the set of attribute thresholds, the table threshold and the set of concept
hierarchies provided.

6. Present the generalized relation as a set of characteristic rules with two additional attributes, Count and
Percentage.

Like the DSK method, we have the following theorem:

Theorem 1 The distribution of a sample obtained by the DSK(T) method from
deduction results D is the same as the distribution of a sample obtained by ran-
dom sampling from D.

Proof sketch. Assuming that the total number of deduction results is S, the
probability that a deduction result is sampled is 1

S . Using the DSK(T) method,
the probability that a deduction result is sampled is Nt

S × 1
Nt

, which is
equal to 1

S . ✷

4 The DSK(ST) Method

The DSK(S) method also has some redundancies in processing when building
the buffer relation. In this section, we propose the DSK(ST) method which does
away with the redundancies and improves the speed of the DSK(S) method.

The DSK(ST) uses the idea of magic sampling to improve the DSK(S)
method and has the same restrictions as that of the DSK(T) method, i.e. the
DSK(ST) method can be applied when only linear recursive rules are involved
and the magic set algorithm is used for query processing. With the restrictions,
Lemma 1 also stands true for the DSK(ST) method.

The DSK(ST) method consists of 2 steps: (i) deduction and sampling, and(ii)
knowledge discovery. At the first step, deduction and sampling are performed
together to obtain a random sample of n tuples from the deduction results. n
is specified by the user. Step 1 consists of three stages. At stage 1, a sample
of patients is taken. At stage 2, ancestors of each patient in the sample are
deduced and one of them is selected for each patient. At stage 3, more patients
and their ancestors are selected if a sample of n tuples has not yet been obtained
at stages 1 and 2.

Using the example in section 2, stage 1 starts by creating a view (see Fig. 8)
with only the attribute Patientwhich binds the argument of the IDB predicates.
Then the first patient of the view, Masako YAMADA, is selected and her total
number of ancestors, t, is calculated using the magic set algorithm and stored
in a variable called scanned tuples. Assuming that Masako YAMADA has 1023
ancestors (see Fig. 6), it will be “scanned tuples = t = 1023”.
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Patient

Masako YAMADA

Taro YAMADA

Shigeo YAMADA

Hiroaki SUZUKI
...

Fig. 8. A view with only the attribute Patient.

Variable Patient

selected tuple1 Masako YAMADA

selected tuple2 Masako YAMADA

selected tuple3 Masako YAMADA
...

...

selected tuplei Masako YAMADA
...

...

selected tuplek Masako YAMADA

Fig. 9. Selected patients after examining the first patient, Masako YAMADA.

Then Masako YAMADA is stored in a relation called buffer relation like what
is shown in Fig. 9. The buffer relation will eventually hold a sample at the end
of step 1. k, which is the number of tuples in the buffer relation, is defined as an
integer which is equal to n× r where r, the redundancy factor, is a real number
specified by the user. k is purposely made to be r times greater than n so that we
can still obtain a sample of at least n number of tuples from the buffer relation
after avoiding similar tuples. r must be greater than 1 and the user can set it
to, for example, 1.2 to obtain enough tuples to form a sample.

After that, unlike the DSK(S) method which discards the information of
Masako YAMADA’s ancestors, we make use of magic(Masako YAMADA) to find
the total number of ancestors of each x where x ∈ magic(Masako YAMADA) =
{Taro YAMADA,Toru YAMADA,Keiko YAMADA, ...}

Taro YAMADA in magic(Masako YAMADA) is first examined and the total
number of ancestors, t, of Taro YAMADA is calculated. Then, for each variable
from selected tuple1 to selected tuplek, modification of the content is determined
by the following probability.

selected tuplei =

(
selected tuplei ; with probability scanned tuples

scanned tuples+t

Taro YAMADA ; with probability t
scanned tuples+t
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Variable Patient

selected tuple1 Taro YAMADA

selected tuple2 Masako YAMADA

selected tuple3 Masako YAMADA
...

...

selected tuplei Taro YAMADA
...

...

selected tuplek Masako YAMADA

Fig. 10. Selected patients after examining Taro YAMADA.

Variable Patient

selected tuple1 Taro YAMADA

selected tuple2 Masako YAMADA

selected tuple3 Toru YAMADA
...

...

selected tuplei Keiko YAMADA
...

...

selected tuplek Masako YAMADA

Fig. 11. Selected patients after examining all the elements of
magic(Masako YAMADA).

The variable scanned tuples is also updated by incrementing it by t. As-
suming that t for Taro YAMADA is 255, scanned tuples will be incremented
to 1278 (= 1023 + 255) and we may obtain something like Fig. 10.

For the rest of the patients in magic(Masako YAMADA), variables
selected tuple1 to selected tuplek and scanned tuples are updated accord-
ingly until every patient in magic(Masako YAMADA) has been examined (see
Fig. 11). We then store the elements of magic(Masako YAMADA) in a relation
called cache relation (see Fig. 12). The cache relation tells us who have already
been examined and should not be examined again.

After we have finished examining the first patient and the elements of its
magic set, we go to the second patient, Taro YAMADA. We first have to check
to see whether Taro YAMADA is in the cache relation. Since he is in there, we
do not have to find his ancestors nor update the buffer relation. We just skip
Taro YAMADA and delete Taro YAMADA from the cache relation because he
will not appear later when we go further down the view and we thus do not need
to check for his existence again in the cache relation.

The third patient, Shigeo YAMADA, is not in the cache relation. Therefore,
we have to find his magic set and his ancestors and update the buffer relation.
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Patient

Taro YAMADA

Shigeo YAMADA

Hiroaki SUZUKI
...

Fig. 12. A cache relation

Variable Patient

selected tuple1 Taro YAMADA

selected tuple2 Masako YAMADA

selected tuple3 Hiroaki SUZUKI
...

...

selected tuplek Masako YAMADA

Fig. 13. Selected patients at the end of stage 1.

We then proceed to examine all the elements in the magic set of Shigeo YA-
MADA. For elements which are already in the cache relation, we neither find
their ancestors nor update the buffer relation. They are simply deleted from
the cache relation. For elements which are not in the cache relation, we use
magic(Shigeo YAMADA) to find their ancestors, update the buffer relation and
store the elements in the cache relation for future references.

The above process is repeated until we reach the last patient of the view. Let
us suppose that we have obtained something like Fig. 13 after stage 1 and we have
found that there are 100,000 Patient-Ancestor relations
(scanned tuples = 100000).

At stage 2, for each selected patient, all his or her ancestors are deduced and
one of them is randomly selected. The probability that an ancestor is selected is 1

t
where t is the total number of ancestors. This will give us Fig. 14. From Fig. 14,
we only select n number of distinct tuples to form a sample. This can be done by
selecting the tuples one by one from top to bottom while ignoring the redundant
tuples. For example, from Fig. 14, we may get a sample like Fig. 15, after ignoring
redundant Patient-Ancestor relations such as the “Masako YAMADA - Toru
YAMADA” relation.

If at the end of stage 2, we can find a sample of n number of tuples, then we
can pass this sample to step 2 where we try to discovery of characteristic rules
is carried out. However, there is a possibility that there are so many overlapping
Patient-Ancestor relations that we cannot find enough tuples to form a sample.
To solve this, we will have to go to stage 3 to find additional tuples.
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Variable Patient Ancestor

selected tuple1 Taro YAMADA Keiko YAMADA

selected tuple2 Masako YAMADA Toru YAMADA

selected tuple3 Hiroaki Suzuki Jiro Suzuki
...

...
...

selected tuplek Masako YAMADA Toru YAMADA

Fig. 14. Selected patients and their selected ancestors.

Patient Ancestor

Taro YAMADA Keiko YAMADA

Masako YAMADA Toru YAMADA

Hiroaki Suzuki Jiro Suzuki
...

...

Tadashi IZUMI Jun IZUMI

Fig. 15. A sample obtained after stage 2.

Suppose we are short of m tuples to form a sample. At stage 3, m patients
are selected using the same method as in stage 1 using variables selected tuple1

to selected tuplel where l is equal to m × r.
In order to be statistically correct, the total number of ancestors of each

patient, t, is reduced by the total number of Patient-Ancestor relations that
are already in the sample and involve the patient being examined. This means,
for example, if there are 10 Patient-Ancestor relations in the sample with
Taro YAMADA as the attribute value of Patient, then when Taro YAMADA
is examined, t of Taro YAMADA will be reduced by 10 (t = t − 10).

After l patients have been selected, the ancestors of each selected patient is
deduced and one of them is randomly selected using the same method of stage 2.
Again, to be statistically correct, Patient-Ancestor relations which are already
in the sample must be avoided. For example, if Taro YAMADA’s ancestors are
{Toru YAMADA, Keiko YAMADA, ...} and the relation “Taro YAMADA -
Keiko YAMADA” is already in the sample, Keiko YAMADA is deleted from the
set of ancestors of Taro YAMADA before the selection of ancestor is made.

At the end of stage 3, m number of distinct tuples which are not in the sample
are selected from l number of Patient-Ancestor relations and inserted into the
sample. There is a possibility that a sample with n number of Patient-Ancestor
relations still cannot be obtained after stage 3. In this case, we will have to
execute stage 3 again until we obtain n number of Patient-Ancestor relations.

Finally, the sample obtained at step 1 is passed on to step 2. At step 2 char-
acteristic rules are discovered using the attribute-oriented algorithm. Depending
on the attribute threshold and the table threshold values set by the user, the
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characteristic rules in relevance to Patient and Ancestor can be something like
Fig. 4.

Summarizing the DSK(ST) method, we can obtain the following algorithm:

Algorithm 2. Discovery of characteristic rules using the DSK(ST) method.

Input. (i) A set of concept hierarchies, (ii) a set of attribute thresholds, (iii) a table threshold, (iv) an intensional
database, (v) an extensional database, (vi) r, the redundancy factor ( positive real number ), and (vi) n, the
number of tuples to obtain to form a sample.

Output. A set of characteristic rules of the deduced facts.

Method.

1. Collect the set of task-relevant data from the extensional database by a database query.
2. Create a view v of the attributes which bind the arguments of IDB predicates used in deduction

from the set of task-relevant data.
3. Initialize variable scanned tuples to zero.
4. begin

for each tuple s in the view v do {
if s is in the cache relation C
then delete s from C,
else do {

find magic(s),
Examine(s, magic(s)),
magic temp = magic(s),
for each element u in magic(s) do {

if u is in C
then do {

delete u from C,
delete u from magic temp }

else Examine(u, magic(u)) }
C = C ∪ magic temp }

}
end.
Examine(z, magic) {

use magic to calculate t, the total number of tuples that can be deduced from z,
if z = x of the “x − y” pairs already in the sample
then t = t - the number of “x − y” pairs where z = x,
delete the deduced tuples of z,
update the contents of each variable selected tuplei where i = 1, 2, ..., n × r using the
following formula

selected tuplei = selected tuplei ; with probability scanned tuples
scanned tuples+t

or

selected tuplei = z ; with probability t
scanned tuples+t

scanned tuples = scanned tuples + t }
}

5. begin
for the content x of each selected tuplei (i = 1, 2, ..., n × r) do {

Perform deduction,
if deduction result d = y of the “x − y” pairs already in the sample
then remove d from D, the set of deduction results,
randomly select a deduction result y from D,
form an “x − y” pair and replace selected tuplei with the “x − y” pair }

end.
6. Select n number of distinct (ignore redundant pairs) “x−y” pairs from selected tuplei and append

them to relation Q.
7. if n number of distinct “x − y” pairs cannot be obtained,

then do step 3 and step 6 to obtain additional pairs, setting n to the number of pairs needed
until n number of distinct “x − y” pairs have been obtained.

8. Generalize relation Q according to the set of attribute thresholds, the table threshold and the set
of concept hierarchies provided.

9. Present the generalized relation as a set of characteristic rules with two additional attributes, Count

and Percentage.

The following theorem shows that the distribution of the sample obtained by
the DSK(ST) method is the same as the distribution of the sample obtained by
the method used in the example in section 2.

Theorem 2 The distribution of a sample obtained by the DSK(ST) method from
deduction results D is the same as the distribution of a sample obtained by ran-
dom sampling from D.

Proof sketch. Assuming that the total number of tuples of D is S, the probabil-
ity that a tuple is sampled is 1

S . Using the DSK(ST) method, the probability p1

that the ath tuple in the buffer relation will be selected at the end of step 4
in Algorithm 2 is shown below. In the equation, ta is the number of deduction
results of the ath tuple and scanned tuples is the number of tuples that have
been scanned until the (a − 1)th tuple.
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p1 =
ta

scanned tuples+ ta
× scanned tuples+ ta

scanned tuples+
Pa+1

i=a ti

× · · ·

×scanned tuples+
Pk−2

i=a ti

scanned tuples+
Pk−1

i=a ti

× scanned tuples+
Pk−1

i=a ti

scanned tuples+
Pk

i=a ti

=
ta

scanned tuples+
Pk

i=a ti

=
ta

S

At step 5, a deduction results of the ath tuple will be selected with the prob-
ability 1

ta
. Therefore, we can prove that a deduced fact is selected with the

probability p2 where

p2 =
ta
S

× 1
ta

=
1
S

. ✷

5 Comparisons

We can compare the DSK method, the DSK(T) method, the DSK(S) method
and the DSK(ST) method in terms of the accuracy of the characteristic rules
discovered, the speed of discovery, the amount of storage needed in the process
of discovery, and the ease of implementation. Because of page limitation, we only
mention briefly the comparison results.

The distribution of the sample obtained by any of the four methods is the
same as the distribution of the sample obtained by random sampling. Therefore,
they have the same accuracy.

In terms of speed, the DSK(T) method is the fastest. The DSK(ST) method
has to do more complex processing than the DSK(T) method and is therefore
the second fastest. The third fastest method is the DSK method. The slowest
method is the DSK(S) method. However, it should be noted that the speed
improvement of the DSK(T) method and the DSK(ST) method is accomplished
by narrowing the problem domain of the DSK method and the DSK(S) method.

The DSK(S) method uses the least amount of memory. It is followed by the
DSK(ST) method, the DSK method and the DSK(T) method. An interesting
relation between memory usage and accuracy exists in the case where the amount
of available memory is fixed. The method which uses less memory can collect a
larger sample and this can increase the accuracy of the characteristic rules

In terms of ease of implementation, the DSK method is the easiest to imple-
ment. The hardest to implement method is the DSK(ST) method. The DSK(S)
method and the DSK(T) method lie in between and they are equally complex
and equally hard to implement.

The characteristics of the four methods are summarized in Fig. 16. From
the table, we can see that each method has its own unique advantage. The DSK
method is best when fast implementation is needed. The DSK(S) method and the
DSK(T) method is good for saving space and time respectively. The DSK(ST)
method saves both space and time.
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Method DSK DSK(S) DSK(T) DSK(ST)

Accuracy A A A A

Speed of discovery∗ B B A A-

Memory usage‡ B A B A-

Implementation A B B C

∗ : When the IDB predicates involved have 3 or more arguments, the speed decreases.
‡ : When the IDB predicates involved have 3 or more arguments, memory usage

increases.

Fig. 16. Qualitative comparisons among the four methods.

6 Conclusion

In this paper, we have proposed the DSK(T) method and the DSK(ST) method
that improve the DSK method and the DSK(S) method in terms of speed. The
two methods use our proposed sampling method, magic sampling, to achieve the
improvement in speed.

Qualitative comparisons among four methods, the DSK method, the DSK(S)
method , the DSK(T) method, and the DSK(ST) method have been made and
the role of each method has been pointed out. We feel that quantitative com-
parisons based on actual experiments are still needed to verify and to provide
rigorous comparisons. Furthermore, investigation to see whether these methods
can be further improved is still needed.

Other than characteristic rules, we think that discovering association
rules [1,2] and classification rules [7,11] from large amount of deduction results
are also useful and should be further investigated. As the generation of ran-
dom sample in the DSK(T) method and the DSK(ST) method are not tightly
coupled with the attribute-oriented algorithm used, modifications can be easily
made to accomodate other data mining algorithms. Furthermore, possibilities of
further improvements when using other query processing strategies should also
be investigated.

We have used a typical example of analyzing the data of patients and their
ancestors to find hereditary allergies in this paper. Apart from the medical field,
the methods proposed are also useful in facilitating advanced analysis of data in
other fields such as in anthropology and sociology to analyze the diet of people
of the same generation [4] and their ancestors, and in fault analysis systems and
circuit simulation systems where expert systems are involved.
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Abstract. Many different kinds of algorithms have been developed to
discover relationships between two attribute groups (e.g., association rule
discovery algorithms, functional dependency discovery algorithms, and
correlation tests). Of these algorithms, only the correlation tests discover
relationships using the measurement scales of attribute groups. Measure-
ment scales determine whether order or distance information should be
considered in the relationship discovery process. Order and distance in-
formation limits the possible forms a legitimate relationship between two
attribute groups can have. Since this information is considered in cor-
relation tests, the relationships discovered tend not to be spurious. Fur-
thermore, the result of a correlation test can be empirically evaluated by
measuring its significance. Often, the appropriate correlation test to ap-
ply on an attribute group pair must be selected manually, as information
required to identify the appropriate test (e.g., the measurement scale of
the attribute groups) is not available in the database. However, infor-
mation required for test identification can be inferred from the system
catalog, and analysis of the values of the attribute groups. In this paper,
we propose a (semi-) automated correlation test identification method
which infers information for identifying appropriate tests, and measures
the correlation between attribute group pairs.

1 Introduction

Many algorithms have been developed to discover the extent that the values of
a pair of attribute groups associate with each other. These relationship discov-
ery algorithms include algorithms that mine for functional dependencies [13],
association rules [1], and correlations [2].

Most of the recently developed algorithms discover relationships between at-
tribute groups without taking into account information such as the measurement
scale, or statistical significance of the results. Thus, the relationships discovered
by these algorithms are often spurious or erroneous. For example, the support
and confidence framework used by association rules may discover relationships
that are contrary to the real world situation [3].

Y. K amb ayash i e t al . ( E d s. ): E R’ 98, LNCS 1552, p p . 29– 40, 1999.
c© Springer-Verlag Berlin Heidelberg 1999



30 ChuaüEngüHuangüCecilüet al.

One type of information that can assist in relationship discovery is the mea-
surement scale of the attribute group. Measurement scales specify the measure-
ment properties (distinctiveness, order, distance, and zero value) in effect on
an attribute group. Statisticians recognize four different measurement scales,
the nominal, ordinal, interval, and ratio scales [2]. The nominal measurement
scale indicates that the values of an attribute group are distinct. For exam-
ple, Religion has a nominal measurement scale. All we know about the values
‘Catholic’, and ‘Buddhist’ is that they describe different religions. The ordinal
measurement scale indicates that the values of an attribute group not only are
distinct, but have an intrinsic order as well. For example, School Ranking has
an ordinal measurement scale. Being the ‘1st’ in school is better than being
the ‘2nd’. The interval measurement scale indicates that values are not only dis-
tinct, and have order, but also the distance between the values can be measured.
For example, Date of Birth has an interval measurement scale. Someone born
on September 4, 1976 was born 2 days after someone born on September 2, 1976.
The ratio measurement scale has all of the properties of the interval measure-
ment scale. In addition, one value of the ratio measurement scale conforms to
a ‘zero value’. This ‘zero value’ indicates the absence of the property that the
attribute group measures. For example No of Children is on the ratio scale. If
you have 0 children, you have no children.

An example of how measurement scale information is useful in determining
the spuriousness of a relationship is given in Table 1. In Table 1, a one-to-one
mapping can be established between the values of Salary, and Time Leave Home.
This mapping seems to imply that a relationship exists between Salary, and
Time Leave Home. However, Salary, and Time Leave Home have the interval
measurement scale, and can be treated as continuous. We can therefore expect
that a genuine relationship between these two attributes would be a continu-
ous function. However, the Intermediate Value Theorem [16] states that for any
continuous function, every value Y between some pair of values B1 and B2 will
have a corresponding value X between the pair of values A1, and A2, where A1

is associated with B1, and A2 is associated with B2. In Table 1, we see no ev-
idence that the Central Limit Theorem holds. Thus, we can suspect that the
relationship between Salary, and Time Leave Home is spurious.

Table 1. An Artificial Relationship

Salary Time Leave Home

10,425.00 7:45
15,492.66 6:30
20,485.42 8:15
15,628.23 7:54
27,154.21 7:05

Correlation tests employ the measurement scale to measure the relationship
between two attribute groups. As they exploit the properties of measurement
scales, relationships they discover tend to be less spurious than other relationship
discovery algorithms which do not exploit this information. This is important,
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as large databases may contain many spurious relationships. In addition, the
results of correlation tests can also be validated by measuring the significance of
the results. Significance measures the probability that a relationship discovered
by the correlation test is a spurious one [2].

However, there are problems with using correlation tests for data mining.
These problems include: 1) the identification of the measurement scale of an at-
tribute group, and 2) the need for more information than just the measurement
scales to determine the appropriate correlation test. First, to identify the ap-
propriate correlation test, the measurement scales of the attribute groups must
be known. For example, one of the correlation tests for interval measurement
scales, such as the coefficient of determination should be used to measure the
correlation of an attribute group pair with interval measurement scales. The cor-
relation coefficient of an attribute group pair with nominal measurement scales
should be calculated using a correlation test such as the phi coefficient. However,
because of the large number of attributes in the relation, the data mining spe-
cialist cannot be expected to determine the measurement scale for every single
attribute group manually.

Also, additional information needs to be derived in order to determine the
appropriate correlation test from those usable for each measurement scale. For
example, both the phi coefficient, and the contingency coefficient are used on
attribute group pairs with nominal measurement scales. However, the phi coef-
ficient should be employed only when both attribute groups have at most two
distinct values, and the contingency coefficient should be applied when any at-
tribute group has three or more distinct values. This information can be inferred
from the values, length, and data type of the attribute.

Finally, the problem of identifying correlation tests for relationship discovery
in data mining is complicated by the need to identify the appropriate correlation
tests not only for the individual attribute pairs, but also the attribute group
pairs. For example, while the attributes Monthly Salary, Bonus, Net Yearly -
Salary, and Taxes may have no strong pair-wise relationships, the combination
{Monthly Salary, Bonus} may correlate strongly with {Net Yearly Salary,
Taxes}, as the attributes are related to each other through the function Mon-
thly Salary ×12+ Bonus = Net Yearly Salary + Taxes.

Therefore, a (semi-)automatic method should be developed to facilitate de-
termining the appropriate correlation tests. In this paper, we propose and discuss
a (semi-)automated correlation test identification method. The result of the ap-
propriate correlation test (i.e. correlation coefficient) measures the strength of
the relationship of the attribute group pair. While our correlation test identi-
fication method assumes that the database to be mined follows the relational
database model, it can be generalized to other database models as well. In this
paper, the discussion of our method focuses on the attribute groups of a single
relation only.

Problem Definition- Let R be a relation with attributes A= {A1, A2, . . . , An}.
G = 2A is the set of attribute groups. Let Pij = (gi, gj) be a relationship between
two mutually exclusive attribute groups, i.e. gi ∈ G, gj ∈ G, gi ∩ gj = ∅}. Given
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a Pij , calculate the correlation coefficient Sij (which determines the strength of
the relationship between the attribute groups of the pair). To calculate Sij , we
must first identify the appropriate correlation test T for (gi, gj).

2 Overview of the Correlation Test Identification Method

Attribute characteristics necessary for determining the appropriate test must
be identified. We identify these characteristics and classify them into a set of
representations. For each attribute, at most one representation should be identi-
fied. The representation can be identified by analyzing the instances, data type,
and length of each attribute. We assume that the system catalog records the
data types of attributes. If the system catalog does not contain information on
the length of attributes, this information can be derived from the instances. In
addition, the representations of the individual attributes are used to infer the
representations of the attribute groups. The two representations of an attribute
group pair will then determine the appropriate correlation test used to measure
their relationship.

Data instances are used to infer the representation of an attribute. In a large
relation, examining all data instances may take too much time. To speed up
processing, a sample may be used for analysis as long as that sample is represen-
tative. Our method incorporates a formula which estimates the representative
sample size.

There are four steps in the correlation test identification method:
Step 1: Take a Representative Sample. A representative sample of the

relation is extracted to speed up relationship discovery. The size of the sample is
determined based on the acceptable degree of error, and the acceptable proba-
bility that this degree of error will be exceeded. The formula for calculating the
sample size (Step 1) is discussed in Section 3.

Step 2: Assign Representations to All Attribute Groups. Each at-
tribute is assigned a representation based on the analysis of its data type, length
of the attribute, and values. The representations of attributes are then used to
determine the representations of attribute groups. The identification of represen-
tations for attributes, and attribute groups (Step 2) are discussed in Section 4,
and 5 respectively.

Step 3: Select Tests. The attribute groups are paired to form all possible
sets of Pij . The representations of the two attribute groups in each pair are then
used to identify the most appropriate correlation test. Section 6 discusses the
identification of the appropriate correlation tests.

Step 4: Execute and Evaluate the Correlation Test Result. The cor-
relation test is executed, and the result and its significance is analyzed. If the
result of the test is strong and significant, it is validated by executing the cor-
relation test on other samples in the same attribute group pair. The evaluation
of correlation tests is discussed in Section 7.
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3 Identifying a Representative Sample

Most of the time, the relation to be mined will contain a large number of in-
stances. Any examination of all instances in the relation would take a very long
time. If a random sample of the data in the relation is extracted, it often will
be representative of the original data set. Thus, while mining the representative
sample is quicker than mining the relation, the result of mining the sample will
often be comparable to that of mining the relation.

Our method uses the worst case of the formula for calculating sample size
from estimated proportions n = p×(1−p)×Z(α/2)2

ε2 to generate our sample size,
where p is a value between 0 and 0.5 which indicates a degree of variability, n
is the size of the sample, ε is a degree of error, α is a probability this degree of
error will be exceeded, and Z is a function describing the area under the standard
normal curve [10]. As we do not know the degree of variability, we set p to be
the worst case value of 0.5. This formula can be used to estimate sample size in
any relation with a large number of instances, as it assumes that the number of
instances is infinite.

4 Assigning Representations to Individual Attributes

4.1 Representations

To identify the appropriate correlation test for an attribute group pair, we need
to know more than just the measurement scale. The measurement scales are sub-
divided into a set of representations, which captures this additional information.

We are not aware of any correlation test which exploits zero value infor-
mation to measure a relationship. Therefore, we do not differentiate between
attribute groups with the ratio and interval measurement scales. For the in-
terval measurement scale, two major characteristics of the data play a major
part in determining the appropriate correlation test. First, the various tests for
attributes groups with interval measurement scales can only handle attribute
groups with certain numbers of attributes. For example, the coefficient of de-
termination requires that of the two attribute groups being compared, one of
them contains only one attribute. Second, dates differ from other kinds of at-
tributes with the interval measurement scale, because multiplication, division,
exponentiation, etc. cannot be performed on dates. Thus, two date attribute
groups {X1, X2, . . . }, {Y1, Y2, . . . } can relate to each other only through a linear
functional form, i.e. X1 ± X2 ± . . . ± C = Y1 ± Y2 ± . . . .

Few correlation tests exist for the ordinal measurement scale, so it is not
necessary to further partition it. However, for the nominal measurement scale,
special case tests exist which exploit the special characteristics of dichotomies.
Dichotomies are attribute groups with nominal measurement scales which have
only two distinct values. Since dichotomies only have two values, they have char-
acteristics that are different from other nominal attribute groups. For example, it
can be assumed that all values in the dichotomy are equidistant. In the dichotomy
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Sex with values {M, F}, we can say that |M−F| = |F−M|. However, for a non-
dichotomy like Religion, it cannot be assumed that |Catholic − Buddhist| =
|Buddhist − Moslem|. We subdivide the nominal measurement scale into two
scales, one scale for dichotomies, and one scale for non-dichotomies.

We take these characteristics of the measurement scales into account by par-
titioning the measurement scales into the following representations:

– Multi-attribute Numeric (MAN)- An attribute group with this repre-
sentation has an interval measurement scale. This attribute group contains
more than one attribute.

– Single-attribute Numeric (SAN)- An attribute group with this repre-
sentation has an interval measurement scale. This attribute group contains
only one attribute.

– Single-attribute Date (SAD)-This is an attribute group which repre-
sents temporal data (e.g., The attribute group {Date of Birth} is a SAD).
This attribute group contains only one attribute.

– Multi-attribute Date (MAD)- An attribute group with this represen-
tation uses several attributes to describe a temporal ‘fact’.

– Ordinal(Ord.)- The Ordinal representation indicates that while the val-
ues of the attribute group have a ranking order, no information is available
to determine the distance between the values.

– Categorical(Cat.)- This representation means that the only measure-
ment property found in the attribute group is distinctness.

– Dichotomous(Dich.)-Attribute groups with the Dichotomous represen-
tation can only contain two distinct values, e.g., {M, F}, {0, 1} etc.
The measurement scales are partitioned into the following representations:

1) The Interval measurement scale is partitioned into the MAN, SAN, MAD,
and SAD representations, 2) The Ordinal measurement scale has the analogous
Ordinal representation, and 3) The Nominal measurement scale is partitioned
into the Categorical and Dichotomous representations. In this paper, any
discussion of a measurement scale applies to all representations with that mea-
surement scale. In addition, when we refer to a Numeric representation, we
mean theMAN, and SAN representations collectively. When we refer to a Date
representation, we mean the SAD and MAD representations collectively.

4.2 Data Types

The data type of an attribute is useful in determining its representation. How-
ever, different RDBMSes use different labels to describe the same data types.
For the purpose of this paper, we assume that the following are the data types
available in the RDBMS:

– Integers- The values of attributes with this data type differ from each other in
increments of at least one unit. For example, the attribute Years Of Service
is often given an Integer data type.
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– Decimals - Attributes with this data type may have values which differ from
each other by less than one unit. For example, the attribute Salary can be
given the Decimal data type.

– Date- A data type where user input is restricted to specifying a day, month,
and year. For example, Date Of Birth is often assigned a Date data type.

– String-Each character in this data type may have any value.

4.3 Identifying and Eliminating Representations for Single
Attributes

An attribute with a particular data type can only have certain representations.
The possible representations of each data type are shown in Table 2. A set of
heuristic rules are then applied to the attribute to identify which of the possi-
ble representations is the correct one. Many of these heuristic rules have been
adapted from rules used in SNOUT [15] to identify measurement scales from
survey data.

Table 2. Initially Generated Hypotheses

Type SAN SAD Ordinal Categorical Dichotomous

Integer
√ √ √ √ √

Decimal
√ √

String
√ √ √ √ √

Date
√

The heuristic rules are listed below. Each heuristic rule uses more informa-
tion to determine the correct representation than the previous rule. However, the
additional information used by each rule is less reliable as compared to informa-
tion added by the previous rule. Thus, representations identified by an earlier
rule can be said to be more accurate than representations identified by a later
rule.

1. Attributes with the Date data type have the Date representation.
2. If the attribute has a possible Dichotomous representation, and the num-
ber of distinct values of the attribute is two or less, the attribute has the
Dichotomous representation. If the number of values is more than two, the
attribute can not have the Dichotomous representation.

3. If the length of the attribute varies across the values, it cannot have the
SAD representation.

4. If the values of an attribute with the String data type contains non-numeric
characters, then the attribute cannot have the SAN representation.

5. If an attribute does not conform to an accepted date format, it cannot
have the SAD representation. For example, an attribute with the instance
‘231297’ might have the date representation, since this instance could mean
December 23, 1997. However, if the same attribute had another instance
‘122397’, it could not have the date representation, since both instances
could not indicate a date under the same format.
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6. If an attribute is longer than nine characters, it cannot have the Ordinal
or Categorical representations. If an attribute has more than 25 distinct
values, it cannot have these two representations either. An attribute with
less than 25 distinct values cannot have the SAN representation [15].

7. Attributes with the Integer data type can not have the Categorical repre-
sentation if the length of the values is greater than 2. If the difference between
the minimum and maximum value of attributes with the Integer data type is
greater than 25, it will not have the Categorical representation. This
rule follows as a direct consequence of rule 6. If an attribute with the String
data type has only values with characters between ‘0’ and ‘9’, then it must
also follow this rule.

8. If the first character of any value of an attribute with the String data type
differs from the first character of all other values by 3 or more, (e.g., ‘D’ differs
from ‘A’ by 3), then the attribute does not have an Ordinal representation.

9. If an attribute may have both a SAD and a SAN representation, the at-
tribute will not have the SAN representation.
Justification: The range of values which can indicate a SAD forms only a
small proportion of the range of values which can indicate a SAN. If every
single value in an attribute falls into the range of values that indicate a SAD,
the attribute is more likely to represent a SAD than a SAN.

10. If an attribute can have both an Ordinal and a Categorical representa-
tion, the attribute cannot have the Ordinal representation.
Justification: It is often difficult to identify whether an attribute really has
an Ordinal or a Categorical representation based on the schema and in-
stance information alone. However, a correlation test designed for attribute
groups with Categorical representations can be correctly used to compare
attributes with Ordinal representations. However, the reverse is not true.
By using this rule, we err on the side of caution.

11. Attributes which may have SAD, and Ordinal, or SAD, and Categori-
cal representations have the SAD representation. The reasoning in this rule
is similar to that of rule 9.

After an attribute has been processed using these rules, it is possible for it
to have no representation. This indicates that the attribute can not be analyzed
using correlation tests. After the system has discovered the representations for
the individual attributes, the data mining specialist may review the results, and
change any representation he or she deems incorrect.

5 Identifying Representations for Attribute Groups

The representation for an attribute group which contains only one attribute
is the same as the representation of that attribute. The representation for an
attribute group containing more than one attribute is determined by consulting
Table 3. We discuss some of the counterintuitive derivations of attribute group
representations in this section.
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Table 3. Representations of Attribute Groups With More Than One Attribute

Attr. Grp 1
Attr. Grp 2

MAN SAN MAD SAD Ord. Cat. Dich.

MAN MAN MAN MAD MAD N/A N/A N/A
SAN MAN MAN MAD MAD N/A N/A N/A
MAD MAD MAD MAD MAD N/A N/A N/A
SAD MAD MAD MAD MAD N/A N/A N/A
Ord. N/A N/A N/A N/A Cat. Cat. Cat.
Cat. N/A N/A N/A N/A Cat. Cat. Cat.
Dich. N/A N/A N/A N/A Cat. Cat. Cat.

An attribute group with the Numeric representation combined with an at-
tribute group with the Date representation produces an attribute group with
the MAD representation. This rule reflects the situations when numbers are
used to increment or decrement a date. For example, when the attribute group
with SAN representation {Project Duration} is combined with the attribute
group with SAD representation {Date Started} it produces the attribute group
{Project Duration, Date Started}. The combined attribute group identifies
the date the project was completed.

An attribute group with the Ordinal representation combined with an at-
tribute group with the Ordinal representation produces an attribute group with
the Categorical representation: Intuitively, the combination of two attribute
groups with Ordinal representations should result in an attribute group with
the Ordinal representation. We do not allow this for two reasons. First, the or-
dering priority of the two attribute groups is often not self evident. For example,
the attribute group {A1, A2} may be ordered as (A1, A2) or as (A2, A1). Second,
we have found no correlation test which allows attribute groups with Ordinal
representations to have more than one attribute. Instead, we downgrade the rep-
resentation of the combined attribute group to a Categorical representation.
Similarly, an attribute group with an Ordinal representation is treated as if it
had a Categorical representation when it is combined with attribute groups
having Interval representations.

An attribute group with the Interval representation and an attribute group
with the Nominal representation cannot be automatically combined. For the
two attribute groups to be combined, the attribute group with an Interval
representation would have to have its values transformed to values which can be
compared using a correlation test for Categorical, or Dichotomous repre-
sentations. It is not possible to perform this transformation automatically.

It is not possible to convert the values of an attribute group with the Inter-
val representation to values acceptable for the Dichotomous representation,
as there are too many distinct values in an attribute group with the Inter-
val representation. While a sample of the instances of an attribute group with
the Interval representation does not physically capture all the distinct values,
missing values can still be extrapolated from the values present in the sample.
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For example, while the sample may not have the value 49, the presence of 49 may
still be inferred because the values 50 and 48 exist in the sample. “Dichotomiza-
tion” destroys the notion of distance between values, and thus the inferred values
are lost in the process. This would make the sample unrepresentative.

The conversion of an attribute with the Interval representation to one
with the Categorical representation cannot be automatically performed, as
the appropriate categorization system, and the appropriate number of categories
are often not apparent from an examination of the data. Arbitrary selection of
a categorization method may lead to incorrect categorization. If categorization
is performed manually, the combined representation of an attribute group with
the Interval representation, and one with the Categorical representation
will be Categorical.

6 Measuring Relationships between Attribute Groups

Once representations for all attribute groups have been identified, all mutually
exclusive attribute groups can then be paired for analysis. Depending on the
representation of each attribute group in the pair, one of the tests in Table 4 is
selected to measure the correlation of the attribute groups.

Table 4. Tests to Compare Relationships Among Attribute Groups
Repr. MAN SAN MAD SAD Ordinal Categorical Dichotomous

MAN Canon. Corr. Box-Tidwell Canon. Corr. Box-Tidwell MANOVA MANOVA Log. Regr.
SAN Box-Tidwell Box-Cox Box-Tidwell Box-Cox Spearman ANOVA Pt. Biserial
MAD Canon. Corr. Box-Tidwell Canon. Corr. Pearson Corr. MANOVA MANOVA Log. Regr.
SAD Box-Tidwell Box-Cox Pearson Corr. Pearson Corr. Spearman ANOVA Pt. Biserial
Ord MANOVA Spearman MANOVA Spearman Spearman Cntgcy. Coeff. Ordered Log.
Cat MANOVA ANOVA MANOVA ANOVA Cntgcy. Coeff. Cntgcy. Coeff. Cntgcy. Coeff.
Dich Log. Regr. Pt. Biserial Log. Regr. Pt. Biserial Ordered Log. Cntgcy. Coeff. Phi Coeff.

Most of the tests described in Table 4 are common and accepted tests for
comparing attribute groups with the representations described. They are dis-
cussed in most classic statistics textbooks (e.g., [2,9,14]).

7 Evaluating the Correlation Tests

Once an appropriate correlation test for a pair of attribute groups has been
determined, the test is performed against the representative sample extracted
from the instances of the attribute group pair. The test will yield two values, the
correlation coefficient, and the statistical significance. The correlation coefficient
measures the degree to which the values of one attribute group predict the values
of another. The value of the ANOVA which is comparable to the correlation
coefficient is the F-ratio, which measures the difference in the distribution of
interval values associated with each categorical value.

The statistical significance indicates the probability that the relationship be-
ing discovered occurred as a result of chance. The smaller the significance value,
the more certain we are that the correlation test found a genuine relationship.
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A maximum significance threshold, and minimum correlation coefficient
threshold for each test can be specified by the mining specialist prior to rela-
tionship discovery. Only attribute group pairs which have correlation coefficient
values above the coefficient threshold, and significance values below the signifi-
cance threshold will then be confirmed.

Like other kinds of knowledge discovered by data mining, relationships dis-
covered by correlation tests should not be taken as gospel until they are verified
and validated. While setting the significance threshold to a low value would
reduce the number of discovered relationships that are spurious, some spuri-
ous relationships will still be discovered. Furthermore, setting the significance
threshold to an extremely low value will cause the method to reject many gen-
uine relationships, thus rendering the method less effective.

The results of correlation tests can be validated empirically in several ways.
A quick, and reliable way would be to first re-sample values from the attribute
group pair identified as having a strong correlation, and then run the same corre-
lation test again. If repeated tests on different samples produce high correlation
coefficients, and low significance values, then we are more certain that a genuine
relationship exists between the two attribute groups. Of course, if time permits,
the best validation would be to perform the correlation test on all the values of
the attribute group pair.

8 Conclusion

In this paper, we propose and discuss a heuristic method for identifying corre-
lation tests to measure the relationship between attribute group pairs. We have
also discussed how correlation tests can provide information not only on the
strength, but also the significance of a relationship. We are currently attempting
to extend our research in several directions.

First, are in the process of standardizing the results of the various correlation
tests. The possible results of the various correlation tests vary widely. For ex-
ample, the Spearman’s Rho, Box-Tidwell, and Canonical Correlation tests have
scores ranging from -1 to 1. The minimum score of the contingency coefficient
is 0, but the maximum score varies according to the sample size. The result of
the F-ratio has a minimum value of 1, and a theoretically infinite maximum.
We cannot expect that an untrained user will be able to interpret these varied
scores.

Second, we are attempting to apply this method to the database integra-
tion problem. In developing this method, we have noted the similarity between
data mining, and the attribute identification problem in database integration.
Attribute identification is the sub-problem of database integration which not
only deals with identifying equivalent attributes (i.e. attribute equivalence [12]),
but sets of attributes as well. Finding representations for attribute identifica-
tion is a problem of significantly larger scope than finding representations for
data mining, since relationships between attribute groups with String and Key
representations must also be accounted for. We are currently investigating the
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applicability of an extended version of our correlation test identification method
to the attribute identification problem.

Finally, we are looking for ways to validate our method. As it is difficult to
mathematically validate heuristic methods, we are attempting to validate the
heuristics employed against real world databases. Currently, we are acquiring a
large variety of data sets to validate our method against. Results from prelim-
inary tests on small, publicly available data sets (e.g., [4,8]) are encouraging.
However, further tests still need to be performed.
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Abstract.  With the increase in the size of datasets, data mining has become one of
the most prevalent topics for research in database systems.  The output from this
process, the generation of rules of various types, has raised the question of how rules
can be considered interesting.  We argue that, in many cases, it is the meta-rule that
holds the most interest.  That is, given a set of known rules about a dataset, it is the
confluence of rules relating to a small subset of characteristics that commonly
becomes the focus of interest.  In earlier work, we investigated the manner in which
meta-rules, rules describing rules, could be discovered and used within a data
mining system.  In this paper we extend this and present an approach that enable
meta-rules to be found incrementally.  The emphasis of the work is on temporal data
mining as we find that temporal data readily lends itself to data mining techniques,
however, as can be seen from the paper, the temporal component can easily be
abstracted out and the results are thus also applicable in a non-temporal domain.

1 Introduction

Data mining has recently become a common research topic in the field of database
systems partly due to the increase in interest in size of datasets, and partly due to the
maturity of current database and machine learning technology.  The output from this
process, the generation of rules of various types, has raised the fundamental question
of how the generation (or at least the presentation) of a potentially limitless number of
rules can be restricted to those that are in some way interesting.  We argue that, in
many cases, it is the meta-rule that holds the most interest.  That is, given a set of
known rules about a dataset, it is the confluence of rules relating to a small subset of
characteristics that commonly becomes the focus of interest.  In earlier work
(Abraham and Roddick 1997a) we investigated the manner in which meta-rules -
rules describing rules, could be discovered and used within a data mining system.  In
this paper we extend this and present an approach that enable meta-rules to be found
incrementally.  In this respect, it parallels the incremental data mining work done on
normal data although some interesting differences have been found and are discussed.

                                                          
1 This paper is an abstract of a longer Technical Report CIS-98-010 available from the School
of Computer and Information Science at the address above.
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For many reasons, the emphasis of much of our work (q.v. Rainsford and
Roddick 1996; Abraham and Roddick 1997b, 1998b) relates to temporal data mining
as we find that temporal data readily lends itself to non-trivial data mining techniques
that commonly suggest cause and effect – one of the most useful, yet most difficult
connections to make manually.  However, as can be seen from the paper, the temporal
component can easily be abstracted out and the results are thus also applicable in a
non-temporal domain.  Our framework includes the following:
♦ Definitions of the elements within the framework (in this case, meta-rules and

other supporting components).
♦ Naming conditions that enable the meta-rule mining process to take place (the

environment and the existence of pre-compiled rule sets).
♦ Describing the process itself.

Throughout this paper, we will refer to meta-rules as rules that express changes
in two or more rule sets possibly compiled by different methods at different times.
This concept of examining changes in evolving rule sets is dissimilar to previous
efforts such as rule maintenance (Cheung, et al. 1996; Cheung, Ng and Tam 1996),
which generally do not retain earlier versions of an updated rule, and thus no
comparison between new and old versions is possible.  The term meta-rule has been
chosen to describe the fact that we are constructing rules about already existing rules
(or even meta-rules), by way of describing the variation of patterns between rule set
layers.

The paper is sub-divided as follows.  The remainder of the introduction
introduces meta-rules and discusses the meta-rule set base and the definition of
difference measures.  Section 2 discusses the processing of the meta-rule set base and
the meta-rule mining process itself.  This is a synopsis of the work formerly presented
in (Abraham and Roddick 1997a) and is included here (and in more detail in
(Abraham and Roddick 1998a)) for completeness.  Section 3 looks at the applications
of meta-rules and meta-rule mining in a number of different application domains
while Section 4 presents a framework for mining evolution patterns in spatio-
temporal data.

1.1 Meta-Rules and the Meta-Rule Set Base

Many of the terms used in data mining and knowledge discovery literature have many
meanings and a number of terms need to be clarified.

Definition 1.  A rule r in rule set R on data set D describes a characterisation of the
contents of D in an If A then B with caveat c format, where A and B are
concepts/patterns represented or implied in D and caveat c may be a probability or
some other kind of expression indicating rule feasibility.  A meta-rule m in meta-rule
set M on rule set R then describes a characterisation of the contents of R in the same
fashion.

As this definition is very general (and can be extended to define meta-meta-rules
etc.), we give an interpretation of it for the snapshot data case.  By allowing the data
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set D to be a collection of snapshots {D1, ..., Dn} over the same domain with their
corresponding homogenous rule sets compiled into R = {R1, ..., Rn}, Ri being the rule
set extracted for Di, i = 1,...  , n, a meta-rule set Mi,j relates to rules belonging to rule
set layer pairs (Ri, Rj) of R and will express differences between the two rule set
layers forming the pair.  The collection of all Mi,j, i, j = 1,...  , n, makes up the meta-
rule set M over R.  This can be viewed as a restriction of the original definition of
meta-rules as characterisation (in this case, difference description) is only performed
for pairs of selected subsets and not for R as a whole, but it is a convenient and
capable way to handle the snapshot nature of the original data.

Definition 2.  Given two rule sets R1 and R2 of the same rule type, compiled on the
same data domain but registered at different times, with set R2 being for the later time,
we define four categories of rule to make up the meta-rule set base between R1 and
R2:
- New Rules.  Rules in rule set R2 that do not themselves or, in some variant

(modified) form, appear in R1.
- Expired Rules.  Rules in rule set R1 that do not themselves or, in a variant form,

appear in R2.
- Unchanged Rules.  Rules that appear in both R1 and R2 in the same form.
- Changed Rules.  Rules that appear in both R1 and R2, but in a different form.

Depending on the rule type, the extent of modification necessary to change an
existing rule is determined by some predefined difference measure.

2 Processing the Meta-Rule Set Base and the Meta-Mining
Process

The new, expired, unchanged and changed rule categories can be obtained by an
appropriate separation algorithm and are presented in the same normalised format as
the input rule sets, except for the changed category.  This happens because the change
in a given rule must be explicitly recorded to facilitate later processing.  Therefore,
rules in the changed category of the meta-rule set base will have an extended
normalised format, recording both the old and new values of the designated
difference measures.  For example, for association rules, two new columns are added
to the original four to record the antecedent, consequent, old and new confidence and
support values.  Alternatively, if the interest measures are quantitative and we are
only interested in the deviation in the difference measures, the magnitudal change
from the original values can be stored instead of new values (or may be omitted
altogether).  An altered normalised form would be used in such cases instead of an
extended one.  In the association example, columns to be used form a set containing
the {antecedent, consequent, confidence and support percentage deviation}.  Note
that this differs from the original format of {antecedent, consequent, confidence and
support} in that the confidence and support deviations can be negative as well as
positive, while the original confidence and support values are always non-negative.
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In processing the categorised meta-rule set base, we mentioned general
descriptions, or generalisation as the obvious choice.  Alternatives may exist (such as
mining associations within each group), but we shall concentrate on the individual
generalisation of the four categories in further discussions.  Three of these categories
(new, expired and unchanged) are in the original normalised rule input format.
Processing them can therefore be done in the same fashion.  Because the rules are
normalised, the contents of each category can be treated as the data source for the
particular mining algorithm employed.  In addition, if the original rules were derived
using some kind of background knowledge, typically conceptual hierarchies, then
they can be re-utilised by the algorithm, e.g. the previously mentioned attribute-
oriented induction technique of Han, et al. (Han, Cai and Cercone 1992).  Thus,
higher level conceptualisations of the rules in each category can be attained for both
the constant rule parts and difference measures.  Of course, if no conceptual
hierarchies were available at the time of generating the original rule sets, then they
may need to be provided before induction can take place.

In the case of the changed rules category, we may employ the same above
strategy when extracting general descriptions for the constant rule parts.  On the other
hand, to measure and generalise change in the difference measures, separate change
magnitude hierarchies must be introduced.  This, in fact, is the area where the most
powerful observations can be made.

Whilst meta-rules are capable of expressing the general characteristics of the
meta-rule set base categories, some obvious questions remained unanswered in
previous sections.  Three of these issues are listed below and are discussed in more
detail in (Abraham and Roddick 1998).

- Identification.  A meta-rule, as stated above, relates to rules in different rule
sets, or more strictly, different layers of a given rule set.  Therefore, it must be
identifiable with these rule set layers.

- Existence.  The four categories in the meta-rule set base may or may not exist for
every rule type.  For example, spatial dominant generalisation of geo-referenced
data, (qv. Lu, Han and Ooi 1993) does not have new or expired rules as rules in
both sets relate to the same generalised spatial areas determined by the
generalisation thresholds.

- Feasibility.  In the case of some rule types we may not require the use of meta-
rules if the rule sets are small and comparison is easy by other means.  A typical
example could be the extraction of general descriptions for only a limited number
of spatial areas.  Association rule sets, on the other hand, are often quite large
(Klemettinen, et al. 1994), and are therefore one of the possible areas where
meta-rule discovery can be most beneficial.
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2.1 The Meta-Rule Mining Process

Meta-rule mining is only one component of the process.  The typical meta-rule
extraction process consists of four steps (Abraham and Roddick 1997a).
- Rule set generation.  In this step, we select and mine individual snapshots and

collect the associated rules into separate rule sets (timestamped for
identification).  The rules that are generated are commonly of the same rule type,
and the same hierarchies for background knowledge, also including possible
generalisation thresholds, etc., must be used to ensure full compatibility between
the resulting rule set layers.

- Input preparation.  This is the stage of preparation before meta-rule mining.  If
necessary, we convert the contents of the snapshot rule set layers into a
consistent format to facilitate rule processing.

- Meta-rule set base generation.  A separation algorithm that takes two rule set
layers as input, compares them and produces the four categories of the meta-rule
set base: new, retired, unchanged and changed rules, some of which may be null.

- Processing of categories.  The meta-rule mining process is concluded by
individually processing each meta-rule set base category to derive general
characterisations for the contents of each of the four (or possibly only some
selected, e.g. new and expired) categories.  This step is the one that constitutes
the second level of abstraction described by the term meta-rule.

3 Applying Meta-Rules in Different Domains

In the previous section we concentrated on extracting meta-rules from a number of
rule sets compiled on time-stamped data layers.  In this section, we demonstrate this
process by providing a specific example and discuss modifications to the original
concept to accommodate the incremental update of the meta-rule set as the data
eventually gets refreshed.

We shall use and extend the example used in (Lu, Han and Ooi 1993), in which
temperature data is generalised for regions of British Columbia, Canada.  Spatially
distributed data collection points are allocated to regions that are obtained by
conceptual hierarchy ascension and generalisation thresholds.

Area Temperature
Mid-Central Hot

… …

North-Central Mild

North-Central Mild

North-Central Mild

… …

South-West Moderate

Table 1 : Generalised region temperatures
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For each region, temperature data values are averaged and generalised to higher-
level temperature concepts.  The resulting table contains (region, temperature) pairs
with values such as (North-West, mild) and (Mid-Central, hot), see Table 1.  Thus,
stage 1 of the meta-rule generation process starts with two spatial-data dominant
generalisations of the same spatial area, using the same conceptual hierarchies and
generalisation thresholds, but for temperature attribute data registered at two different
times.

Stage 2 of the meta-rule mining process, input preparation, can be omitted as the
rules are expressed in a two-column tabular format by default.

Area Temperature
North-Central Mild

North-Central Mild

North-Central Mild

Area Old Temperature New Temperature
Mid-Central Hot Warm

Mid-East Warm Moderate

Mid-West Moderate Warm

South Central Mild Cool

South-East Warm Cool

South-West Moderate Cool

Table 2: Unchanged and changed generalised temperatures: An example

The next step (Stage 3) is to use a merge-and-split algorithm with the region
description being the constant part of the rules and the temperature concept the
difference measure.  Because we required the use of the same conceptual hierarchies
and generalisation thresholds for the regions, this ensures that they remain the same
for both data layers, ie. there is a one-to-one correspondence between regions in the
two tables.  Therefore, there will not be any new and expired rule categories.  The
unchanged category contains (region, temperature) pairs as in Table 1 that have the
same temperature concept in both sets, e.g. (Mid-West, mild), while the changed
category holds (region, old temperature, new temperature) triplets such as (Mid-East,
hot, moderately hot), see Table 2, with the total number of entries in the two groups
equalling the number of existing generalised regions.

The final step in the meta-rule mining process describes further the contents of
these two categories.  In the unchanged case, climbing the spatial conceptual
hierarchy may merge adjoining regions.  This may be done even if the temperatures
are different for the merged regions.  In this case, the resulting meta-rule may state
‘The temperature of the North region remained the same between the surveys’.  In the
database, this can be represented by a (region, temperature set) pair such as (North,
{mild, moderately cold}).  Notice that the constancy of the temperature is implied by
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the membership in the appropriate meta-rule set base category and does not have to
be explicitly stated.  Furthermore, if the temperature set contains a single entry, the
resulting meta-rule can be even more specific, ‘The temperature in the North
remained mild’.  Similar results can be achieved for the regions in the changed
category.  Merging them may immediately produce descriptions such as ‘The
temperature has changed in the South’.  However, investigating the direction of
change may further enhance this.  For this purpose, rules may be applied to the (old
temperature, new temperature) pairs, replacing them with concepts such as ‘moderate
increase’, ‘steep decline’, and so on, that can be associated with each region
producing rules like ‘The Mid-East experienced a moderate temperature decrease’, in
the case of the above example triplet.  Furthermore, regions may be merged using a
set of change concepts in a similar fashion to the unchanged case, by applying a
restriction on the direction of the change.  This may produce a database entry such as
(South, {moderate decrease, steep decrease}) that can be interpreted as ‘The
temperature decreased in the South’, after the change values are further generalised.

3.1 Incremental Maintenance

Until now, we have discussed generating meta-rules for snapshot data.  The database
used for this purpose does not, however, need to use the snapshot model: snapshots
can be taken of continuously changing databases at certain time points and mined.  In
some circumstances, only the rules generated need to be preserved for meta-rule
mining and there may be no need to store the earlier versions of the database itself.

Certain database types (transaction databases, for example) only allow a limited
set of operations such as insertion of new records or the reversal of existing records.
This makes it relatively easy to keep track of modifications within the database.
Clearly, as their contents change, so may the rules that are implied by the data.  In
order to adjust the rules to reflect the database contents at any given time, the rule
generation algorithm could simply be run again.  This, however, presents a number of
questions.  Firstly, when do we run the rule generation algorithm again?  Should it be
done after each new insertion, or should it wait until a certain threshold is reached?
Secondly, is it necessary to re-run the algorithm on the whole data set when only a
relatively small number of records may have been inserted (at least, a small number
compared to the total number of records)?  These questions are addressed by Cheung,
et al. (1996).  Their rule maintenance algorithm focuses on the contents of newly
inserted data and their effects on already existing rules and reduces processing
requirements dramatically.

Another example can be found in Rainsford, et al. (Rainsford, Mohania and
Roddick 1996), which successfully manages to apply rule maintenance to another
data mining technique, in this case, classification.  Subsequent work concentrates on
enhancing existing algorithms, such as Cheung, Ng and Tam. (1996), to handle multi-
level associations, or Cheung, Lee and Kao (1997) to allow maintaining association
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rules with more versatile changes permitted in the database, such as modifications or
deletions.  In addition to describing incremental mining algorithms, the question of
when it is appropriate to initiate the maintenance process has received attention (Lee
and Cheung 1997).

We now discuss the benefits of maintaining meta-rules.  The points to be
investigated include:
- The possibility of utilising some of the earlier results or develop new techniques

to maintain meta-rules;
- The possibility of maintaining meta-rules – at which level will this happen?  Is

the maintenance restricted to the incremental updates of the underlying rules or
can meta-rules be also incrementally maintained?

- If it is possible to maintain meta-rules, is it viable and/or useful to use this
method?  Can we show that maintaining meta-rules is more efficient than the
direct extraction and generation of rules and meta-rules?

- Finally, if all of the above are possible, can an efficient algorithm to perform
incremental maintenance of meta-rules be derived?
To answer these questions, we separate our investigation into two parts: the

examination of maintaining the rule sets used as input in the meta mining process and
the inspection of possible methods to use to maintain the meta-rules themselves.

Initially, it appears that the use of incremental updates for the input rule sets is
indeed an option: because snapshots are taken of the same database, only the
difference between these snapshots determines the effectiveness of incremental
algorithms.  This has been extensively studied for association rules in transaction
databases with deletions and insertions allowed by Cheung, et al. (Cheung, Lee and
Kao 1997) (a modification of an existing record can be treated as a deletion followed
by an insertion).  They have shown that as long as the changes between the data sets
do not exceed a certain limit then incremental updating works faster than re-running
existing extraction algorithms.  This means, that if appropriate measures are installed
to trace the number of updates between snapshots, it becomes possible to select the
most efficient algorithm to generate the next rule set, be that either an incremental
updating technique or re-running the original extraction algorithm.

Figure 1 contrasts changes that occur in data and rules from one time instance to
another.  The superscript E (expired) has been used to denote data/rules that exist is
the earlier sets but not in the later ones.  Similarly, the superscript N (new) has been
used to denote data/rules that exist in the later sets but not in the earlier ones.

The main difference that can be observed between the data and rule sets for
times T1 and T2 in the figure is that we must explicitly mark the rules that changed
over time.  This can be avoided for raw data as any modification can be treated as a
deletion followed by an addition.  We cannot, however, allow the same for rules,
because one of the major benefits of meta-level discoveries lies in inferring
regularities of change.  Thus, one of the additional tasks of incremental meta-rule
maintenance should be the handling of changed rules from one rule set to another.
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The aim of maintaining rules from dynamically changing data is to bring the
rules describing the data up to date.  The database is constantly updated while the
rules are extracted only when this is considered to be important, such as significant
change in the data or an upcoming scientific analysis.  This means that there is
normally some difference between the current contents of the rule set and those that
are implied within the present data, unless there have not been any changes to the
database since the last rule set generation/update.  Meta-rules, on the other hand,
describe events in the environment for selected time periods, ie. there is a from rule
set and a to rule set, the two sets used to generate one set of meta-discoveries.  In
other words, a discovery is tied to a certain period of time and when we maintain
meta-rules, we need to consider what happens to both the starting and ending rule set
of the period to be updated.  Meta-rules will always, at least implicitly, reference the
two rule sets that are used to generate them, in order to provide the time frame in
which the rules are valid.  There is a possible exception to this, though, namely those
meta-rules that are valid now, ie. are extracted between an old and the current rule set,
because these latter observations can be viewed as still in the process.

Data       Rules

Superscripts: E – Expired          Subscripts: 1 - Data (rule) set at time T 1

U – Unchanged 2 - Data (rule) set at time T 2

N - New
C - Changed

D 1

D 2

R 1

R 2

D E

D U

D N

R E

R U

R N

R C

Figure 1: Changing data and rule sets

Figure 2 illustrates some example rule sets and the meta-rule sets that can be
generated upon them.  Suppose there are some previously compiled rule sets, and a
new one is generated.  New sets of meta-rules can be generated between this new rule
set and any of the previous ones.  If there are n previous sets and we add a new one, n
new meta-rule sets Mi(n+1), i = 1, ..., n can be extracted in all.  The following two
scenarios exist for creating these meta-rule sets:
a). We extract the meta-rule set for the new and immediately preceding rule sets, ie.

Mn(n+1).  No previous meta information is available for this process, meaning that
no incremental procedures can be employed at the meta-level and full extraction
needs to be performed.  In this kind of meta-rule mining, the advantage gained
can only be in the production of Rn+1 from Rn, by using incremental rule
maintenance.
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b). We extract the meta-rule set for the new and older rule sets, Mi(n+1), 1 ≤ i < n.  In
any of these cases, a meta-rule set can already exist between the starting rule set
Ri and the old ending rule set Rn.  Therefore, it may become possible to use the
contents of Min in the production of Mi(n+1).

  Time

R 1 R 2 R 3 R 4 R 5

M 12 M 23 M 34 M 45

M 13 M 24 M 35

M 14 M 25

M 15

Figure 2: Rule and meta-rule sets

The observation we made in scenario B above presumes that previous meta-rule
sets are available.  This may not always be the case and depends on the mining
strategy employed by the meta-miner.  A possible preference might be that meta-rules
are mined between an elected starting rule set (say R1 of Figure 2) and the current
one.  Thus, one new meta-rule set is generated every time the current rule set is
updated.  In this case, scenario B still applies, as the meta-rule set between the
starting rule set and the preceding one is available (for example, if R5 is the new rule
set and we are extracting M15, the meta-rule set M14 is available).  Problems can arise
when in addition to this simplified meta-rule mining technique we also employ a
‘time windowing’ approach.

The time windowing approach to incremental rule updates was initially proposed
by Rainsford, et al. (Rainsford, Mohania and Roddick 1997).  Its purpose is to discard
some old data during the generation of the current rule set, ensuring that its contents
more closely represent the presently prevailing regularities in the environment.  This
addition to the incremental updating process can be viewed as an improvement on
earlier work such as Cheung, et al. (1996), who highlight the need for statistically
significant amounts of data.  The time windowing approach retains this important
aspect but maintains that some of the old data should no longer contribute to the
current rules.  We wish to follow a similar approach in producing meta-rule sets.
That is, we would no longer keep meta-rules that span over a very long period of
time.

In addition to applying time windowing, we may also request that to justify a
meta-rule update we must have an appropriately significant change between the
newly generated rule set and the previous one.  For example, if a meta-rule set Mij

exists and there is very little change observed between rule sets Rj and its current
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successor Rj+1, then there might be very little advantage gained by extracting Mi(j+1).
User defined thresholds may be used to control this process.  For instance, a delta-file
can be kept to store rules that have changed since the last meta-rule update, and a
threshold (e.g. the percentage of changed rules compared to the total number of rules
must exceed a given value) has to be reached to trigger the meta-rule update.

4 Discussions on a Framework for Mining Evolution Patterns in
Spatio-Temporal Data

In earlier discussions, we gave a definition for a rule in knowledge discovery terms.
The description If A then B with caveat c can be easily converted into more
appropriate formats used in conjunction with popular data mining techniques, such as
generalisation and association.  An even simpler description is to express a general
rule as a function of the data itself, e.g. R(X) where X represents the domain or the
data set being mined and R is a data mining function.  By extrapolating this train of
thought, a meta-rule would then be a function of this function, e.g. M(R(X)).  Using
Clausal Form Logic and omitting the uncertainty measure c for the moment, a rule
can be written as

A � B
or more specifically,

{p1, ..., pm} � {q1, ..., qn} (1)
where p1, ..., pm and q1, ..., qn (n, m ≥ 0) are atomic logical expressions, ie. either true
or false values, or predicates with at least an argument each.  In a spatial (and hence
also spatio-temporal) environment, we can distinguish between three classes of
predicates that describe attributes of spatial objects, their location and spatial
relationships:

attribute predicates a_predicate(o, v)
positional predicates p_predicate(o, v)
relationship predicates r_predicate(o, o’)
where o and o’ denote spatial objects and v attribute values or positional

references.  We treat the first two types in the same way since for our purposes
positional information can be managed as another set of attributes.  A fourth type of
predicate that is introduced by the temporal dimension concerns the existence of
objects over time.  At any given time,

existential predicates e_predicate(o)
describe the status of object o with regards to its presence in the corresponding
temporal snapshot of the data.

Suppose that there exists a set of rules about the spatio-temporal environment at
time T1.  As data collection continues, at time T2 another set of rules may be
extracted.  A simple rule of the form:

p � q
where p and q are predicates of the above four classes may change in several different
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ways.  In Table 3 existential, value related and relationship predicates are separated
because changes in values and object identities as well as the predicate itself indicate
different forms of evolution in a rule. Notice that it is possible to use the same four
groups to categorise rule sets at times T1 and T2 as has been done while discussing
meta-rules.  Rows with no explanations in Table 3 contain new rules with their
expired counterparts in the earlier rule set, while the other explanations indicate
changed rules unless it is explicitly stated that they are unchanged.

Predicate Object Value Object Explanation
U U - - Unchanged (existential) rule

U C - - -

U U U - Unchanged (value) rule

U U C - Value evolution

U C U - Object substitution

U C C -

U U - U Unchanged (relationship) rule

U U - C Object substitution

U C - U Object substitution

U C - C

C U - - Existential change

C C - -

C U - U Relationship change

C U - C

C C - U

C C - C

Table 3: Changes in rule description over time

It is also possible to observe other types of change in Equation 1.  Instead of a
variation in the descriptions, the structure of the antecedent or consequent may
evolve.  Suppose, for instance, that another term is added to the antecedent at time T2

while the rest of the formula remains intact.  Equation 1 can then be written as
{p1, ..., pm, p(m+1)} � {q1, ..., qn} (2)
This equates into a more specific description of the rule, or specialisation.  For

instance, an additional observation can be made regarding the object in the rule.
When this is incorporated into the rule, our knowledge about the object is increased
and hence becomes more specific.  Similarly, if a term is removed from either the
antecedent or the consequent, the expression becomes more general, ie. the evolution
we observe is a form of generalisation.

Another aspect of evolution within a predicate term is the rate of change in the
attribute value of an object.  The multi-valued predicates that can be used are often
qualitative (e.g. colour can be blue, white, direction can be north, north-east, etc.) and
are not immediately quantifiable.  It is nevertheless important to note just how much
an attribute has changed from one time to another, ie. to define the proximity between
two predicate values.  A range of different norms can be employed to define distances
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between values, both for numeric attributes and qualitative descriptions.  An example
for the qualitative attribute colour is to convert colour names to numbers on the hue
palette using an auxiliary reference look-up table that uses a 360 degree disk
representation for all allowed colours and take the difference of the angles
corresponding to two colours.

In spatial and spatio-temporal information systems quantitative (and sometimes
derived qualitative) data often contain measurement errors making subsequent
observations for the same set of objects vary.  Thus, rules that may indicate minor
change over time should be treated with care if change does not exceed some given
thresholds.  In addition, change in a particular attribute may not be considered
interesting.  For example, a drop in the average temperature from summer to winter
may be sizeable but not necessarily interesting.  The determination of the attributes
where change carries a high level of significance hence remains an important aspect
of spatio-temporal evolution mining.  We propose that the specification of these
attributes be, at least partially, the a user responsibility since their relative importance
is commonly application dependent.  Moreover, the attributes relevant to interesting
discoveries may change over time, and therefore need to be maintained between data
mining processes.  This observation is underlined by a discussion in (Silberschatz and
Tuzhilin 1996) which highlights the relevance of objective and subjective
interestingness measures and their tendency to evolve over time.

Furthermore, when an object parameter changes in a predicate expression, it may
not necessarily imply a drastic deviation from the original rule.  In a spatio-temporal
environment, objects are not just related by spatial relationships and their positional
characteristics, but depending on the model employed they often belong in a class
structure of types.  This means that when an object is replaced in a predicate by one
of its descendants in a particular class structure, the rule becomes more refined,
because more information is available about the object type.  Conversely, if an object
is replaced by one of its ancestors, the description becomes coarser.  A paradox of
these changes is that the particularity of an object and its support are inversely
related, ie. the more refined a description the less likely that the corresponding object
occurs in the database and hence some of the strength of the associated rules may
diminish.  On the other hand, other types of uncertainty measures, such as confidence
values, may be unaffected or even improved.

In summary, a spatio-temporal rule extracted by data mining techniques can
change in time, space, description and structure.  If a rule contains an antecedent and
a consequent, there are in total 28 possible combinations, some of which are not valid.
For example, it is safe to require that both sides of the rule have to change in time in
order to constitute any kind of change in the rule.  On the other hand, if a rule does
not change in time, then no other component should be allowed to change either.
This “no alternate realities” requirement does not, however, exclude that two rules in
a particular rule set cannot be very similar.  For instance, it is possible that rule A of
the set is a refined version of another rule B of the set, but as far as their membership
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in the rule set goes, they are considered different.  For the remaining combinations,
most constitute change to a degree where rules would be regarded as new and not
altered, leaving only a small number of options interesting from the knowledge
discovery point of view (although the fact that a rule has not changed but was
replaced entirely could be an interesting observation in itself).

This paper outlines the work in progress of a part of a research project
investigating the applicability of data mining in a variety of domains.  It is our
contention that many of the useful aspects of data mining are in the mining of the
rules themselves and we argue that meta-rule mining can yield useful results in this
area.

Further work is progressing in the areas of temporal, spatio-temporal,
incremental and meta-rule mining and results to date can be found at
http://www.cis.unisa.edu.au.
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Abstract. Data mining has as goal to extract knowledge from large
databases. A database may be considered as a search space consisting
of an enormous number of elements, and a mining algorithm as a search
strategy. In general, an exhaustive search of the space is infeasible. There-
fore, efficient search strategies are of vital importance. Search strategies
on genetic-based algorithms have been applied successfully in a wide
range of applications. We focus on the suitability of genetic-based algo-
rithms for data mining. We discuss the design and implementation of a
genetic-based algorithm for data mining and illustrate its potentials.

1 Introduction

Research and development in data mining evolves in several directions, such as
association rules, time series, and classification. The latter field has our attention.
We have developed an algorithm to classify tuples in groups and to derive rules
from these groups. In our view, a user formulates a mining question and the
algorithm selects the group(s) that satisfy this question. For example, in an
insurance environment, a question may be to identify persons with (more than
average) chances of causing an accident. Then, the algorithm searches for the
(group) profiles of these persons.

In general, the search spaces that should be inspected in order to find an-
swers on mining questions are very large, making exhaustive search infeasible.
So, heuristic search strategies are of vital importance to data mining. Genetic
algorithms, which are heuristic search strategies, have been successfully used in
a wide range of applications. A genetic algorithm is capable of exploring different
parts of a search space [10].

In this paper, we discuss the applicability of a genetic-based algorithm to
the search process in data mining. We show how a genetic algorithm can be
suited for data mining problems. In our approach, a search space consists of
expressions. An expression is a conjunction of predicates and each predicate
is defined on a database attribute. Initially, a random number of expressions,
called initial population, is selected. Then, the initial population is manipulated
� This research has been sponsored by the Dutch Ministry of Defense.
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by applying a number of operations. The best individuals are selected to form
the next generation and the manipulation process is repeated until no significant
improvement of the population can be observed.

In general, data mining algorithms require a technique that partitions the
domain values of an attribute in a limited set of ranges, simply because consid-
ering all possible ranges of domain values is infeasible. Suppose that we have an
attribute age which has a domain between 18 to 65, and an expression of the form
age in [vi, vk], in which vi and vk are values from the domain of age, defining a
range of values. The problem is how to choose the values for vi and vk. As illus-
trated in [11], this is in general an NP-complete problem. Our solution to this
problem is based on a suitable choice of the mutation operator (see Section 3.3).
Furthermore, we have chosen a representation for individuals that seamlessly fits
in the field of databases. The same holds for the manipulation operators and the
function to rank individuals (fitness function). The fitness function discussed in
this paper is close to our intuition and gives rise to a speed up of the optimiza-
tion process. Based on our approach, we have implemented a (prototype) tool
for data mining, and have performed a preliminary evaluation. The results will
be presented in this paper.

A genetic approach has been proposed in [2] to learn first order logic rules and
in [7] a framework is proposed for data mining based on genetic programming.
However, the authors neither come up with a implementation nor with experi-
ments. The effort in [2] is focussed towards machine learning, and the important
data mining issue of integration with databases is superficially discussed. The
effort in [7] describes a framework for data mining based on genetic program-
ming, and stresses on the integration of genetic programming and databases.
However, an elaborated approach to implement and evaluate the framework is
not presented. Other related research has been reported in [1,8,9]. While in [8,9]
variants of a hill climber are used to identify the group(s) of tuples satisfying
a mining question, the approach in [1] is based on decision trees. However, the
problem of partitioning attribute values has not been discussed in these efforts.
We note that a genetic-based algorithm has, by nature, a better chance to escape
from a local optimum than a hill climber.

The remainder of this paper is organized as follows. In Section 2, we outline
some preliminaries and problem limitations. In Section 3, we identify the issues
that play a role in genetic-based algorithms and adapt them in a data mining
context. In Section 4, we point out a number of rules that may speed up the
search process of a genetic-based algorithm. Section 5 is devoted to an overall
algorithm for data mining. In Section 6, we discuss the implementation of the
algorithm and some preliminary results. Finally, Section 7 contains conclusions
and further work.

2 Preliminaries & Problem Limitations

In the following, a database consists of a universal relation [6]. The relation is
defined over some independent single valued attributes, such as att1,att2,..., attn,
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and is a subset of the Cartesian product dom(att1) × dom(att2) ×...× dom(attn),
in which dom(attj) is the set of values that can be assumed by attribute attj . A
tuple is an ordered list of attribute values to which a unique identifier (tid) is
associated. So, we do not allow missing attribute values. Furthermore, we assume
that the content of the database remains the same during the mining process.

An expression is used to derive a relation, and is defined as a conjunction of
predicates over some attributes. The length of an expression is the number of
attributes involved in the expression. An example of an expression of length 2
is (age in [19, 24]∧ gender is ‘male’), representing the males who are older than
18 and younger than 25. An expression with length 1 is called an elementary
expression. In this paper, we deal with search spaces that contain expressions.

3 Data Mining with Genetic Algorithms

Initially, a genetic algorithm [10] randomly generates an initial population. Tradi-
tionally, individuals in the population are represented as bit strings. The quality
of each individual, i.e., its fitness, is computed. On the basis of these qualities, a
selection of individuals is made (an individual may be chosen more than once).
Some of the selected individuals undergo a minor modification, called mutation.
For some pairs of selected individuals a random point is selected, and the sub-
strings behind this random point are exchanged; this process is called cross-over.
The selected individuals, modified or not, form a new population and the same
procedure is applied to this generation until some predefined criteria are met.

In the following, we discuss the issues that play a role in tailoring a genetic
algorithm for data mining. Section 3.1 is devoted to the representation of indi-
viduals and Section 3.2 to the fitness function. Finally, in Section 3.3, we discuss
the two operators to manipulate an individual.

3.1 Representation

An individual is regarded as an expression to which some restrictions are im-
posed with regard to the the notation of elementary expressions and the number
of times that an attribute may be involved in the expression. The notation of
an elementary expression depends on the domain type of the involved attribute.
If there exists no ordering relationship between the attribute values of an at-
tribute att, we represent an elementary expression as follows: expression := att
is (v1, v2,...,vn), in which vi ∈ dom(att), 1 ≤ i ≤ n. In this way, we express that
an attribute att assumes one of the values in the set {v1, v2,...,vn}. If an order-
ing relationship exists between the domain values of an attribute, an elementary
expression is denoted as expression := att in [vi, vk], i ≤ k, in which [vi, vk]
represents the values within the range of vi and vk. An attribute is allowed to
participate at most once in an individual. This restriction is imposed to prevent
the exploration of expressions to which no tuples satisfy. In the following, an ex-
pression to which no tuples qualify will be called an empty expression. Consider
a database in which, among others, the age of persons is recorded. Then, the
expression age in [19,34] ∧ age in [39,44] represents the class of persons whose
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p1 = gender is (‘male’) ∧ age in [19,34]
p2 = age in [29,44] ∧ town is (‘Almere’, ‘Amsterdam’, ‘Weesp’)∧ category is (‘lease’)
p3 = gender is (‘male’) ∧ age in [29,34] ∧ category is (‘lease’)
p4 = gender is (‘female’) ∧ age in [29,40] ∧ category is (‘lease’)∧ price in [50K,100K]
p5 = gender is (‘male’) ∧ price in [20K,45K]

Fig. 1. Example of a population

age is between 19 and 34 as well as between 39 and 44. It should be clear that
no persons will satisfy this expression, since age is a single-valued attribute.

In the following, a population is defined as a set of individuals. As a running
example, we use a database that keeps record of cars and their owners. This
artificial database consists of the following universal relation1: Ex(gender, age,
town, category, price, damage), in which the attributes gender, age, and town
refer to the owner and the remainder of the attributes refer to the car. Attribute
category records whether a car is leased or not, and damage records whether a car
has been involved in an accident or not. An example of a population consisting
of 5 individuals is given in Figure 1.

3.2 Fitness Function

A central instrument in a genetic algorithm is the fitness function. Since a genetic
algorithm is aimed to the optimization of such a function, this function is one of
the keys to success. Consequently, a fitness function should represent all issues
that play a role in the optimization of a specific problem. Before enumerating
these issues in the context of data mining, we introduce the notion of cover.

Definition 1: Let D be a database and p an individual defined on D. Then, the
number of tuples that satisfies the expression corresponding to p is called
the cover of p, and is denoted as ‖σp(D)‖. The set of tuples satisfying p is
denoted as σp(D).

Note that p can be regarded as a description of a class in D and σp(D) summa-
rizes the tuples satisfying p. Within a class we can define subclasses. In the fol-
lowing, we regard classification problem as follows: Given a target class t, search
interesting subclasses, i.e., individuals, within class t. We note that the target
class is the class of tuples in which interesting knowledge should be searched for.
Suppose we want to expose the profiles of risky drivers, i.e., the class of persons
with (more than average) chances of causing an accident, from the database
Ex(gender, age, town, category, price, damage). Then, these profiles should be
searched for in a class that records the characteristics of drivers that caused
accidents. Such a class may be described as damage = ‘yes’.

We feel that the following issues play a role in classification problems.

– The cover of the target class. Since results from data mining are used for
informed decision making, knowledge extracted from databases should be

1 We note that a universal relation can be obtained by performing a number of joins
between the relations involved in a database.
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Fig. 2. Shape of the fitness function

supported by a significant part of the database. This increases the reliability
of the results. So, a fitness function should take into account that small
covers are undesired.

– The ratio of the cover of an individual p to the cover of the target class t,
i.e., ‖σp(D)∩σt(D)‖

‖σt(D)‖ . If the ratio is close to 0, this means that only a few
tuples of the target class satisfy individual p. This is undesired for the same
reason as a small cover for a target class. If the ratio is close to 1, almost all
tuples of the target class satisfy p. This is also undesired because this will
result in knowledge that is often known. A fitness function should take these
properties into account.

Taking into account above-mentioned issues, we have defined the following fitness
function:

F (p) =




‖σp(D)∩σt(D)‖
β‖σt(D)‖ C(t) if ‖σp(D) ∩ σt(D)‖ ≤ β‖σt(D)‖

‖σp(D)∩σt(D)‖−‖σt(D)‖
‖σt(D))‖(β−1) C(t) otherwise

in which 0 < β ≤ 1, and

C(t) =

{
0 if ‖σt(D)‖

‖σ(D)‖ ≤ α

1 otherwise

and 0 ≤ α ≤ 1.
We note that the values for α and β should be defined by the user and will

vary for different applications. The value of α defines the fraction of tuples that
a target class should contain in order to be a candidate for further exploration.
The value β defines the fraction of tuples that an individual should represent
within a target class in order to obtain the maximal fitness. In Figure 2, the
shape of the fitness function is presented.

The fitness grows linearly with the number of tuples satisfying the description
of an individual p as well as satisfying a target class t, i.e., ‖σp(D) ∩ σt(D)‖,
above a user-defined value α, and decreases linearly with ‖σp(D) ∩ σt(D)‖ after
reaching the value β‖σt(D)‖.

It should be clear that our goal is to search for those individuals that approxi-
mate a fitness of β‖σt(D)‖. Consider the target class damage = yes that consists
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of 100.000 tuples. Assume that a profile is considered risky if about 30.000 out
of 100.000 persons satisfy this profile. This means that β ≈ 0.3. Assuming that
33.000 of the persons caused an accident are young males, the algorithm should
find individuals like (gender is (‘male’) ∧ age in [19,28]).

3.3 Manipulation Operators

Mutation As stated in the introduction of this section, a mutation modifies an
individual. In defining the mutation operator, we take into account the domain
type of an attribute. If there exists no ordering relationship between the domain
values, then we select randomly an attribute value and replace it by another
value, which can be a NULL value as well, in an expression that contains this
attribute. For example, a mutation on attribute town of individual p2 (see Fig-
ure 1) may result into p′2 = age in [29,44] ∧ town is (‘Almere’, ‘Den Haag’,
‘Weesp’) ∧ category is (‘lease’).

If there exists a relationship between the domain values of an attribute, the
mutation operator acts as follows in the case that a single value is associated
with this attribute in an expression, i.e., the expression looks as att is (vc). Let
[vb, ve] be the domain of attribute att. In order to mutate vc, we choose randomly
a value δv ∈ [0, (ve − vb)µ], in which 0 ≤ µ ≤ 1. The mutated value v′c is defined
as v′c = vc + δv or v′c = vc − δv as long as v′c ∈ [vb, ve]. The parameter µ is used
to control the maximal increase or decrease of an attribute value.

To handle overflow, i.e., if v′c �∈ [vb, ve], we assume that the successor of ve

is vb, and, consequently the predecessor of vb is ve. To compute a mutated value v′c
appropriately, we distinguish between whether vc will be increased or decreased,
which is randomly determined.

In the case that vc is increased

v′c =
{

vc + δv if vc + δv ∈ [vb, ve]
vb + δv − (ve − vc) otherwise

and in the case vc is decreased

v′c =
{

vc − δv if vc − δv ∈ [vb, ve]
ve − δv + (vc − vb) otherwise

Let us consider the situation in which more than one value is associated with
an attribute att in an expression. If a list of non successive (enumerable) values
is associated with att, we select one of the values and compute the new value
according to one of the above-mentioned formulas. If a range of successive values,
i.e., an interval, is associated with att, we select either the lower or upper bound
value and mutate it. A potential disadvantage of this strategy for intervals is
that an interval may be significantly enlarged, if the mutated value crosses a
domain boundary. Suppose that the domain of age is [18,60], and we mutate the
upper bound value of the expression age in [55, 59], i.e., the value 59. Assume
that the value 59 is increased by 6, then 59 is mutated in the value 23. The new
expression becomes age in [23, 55].
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We note that the partitioning of attribute values, i.e., the selection of proper
intervals in an expression, is simply adjusted by the mutation operator.

Cross-over The idea behind a crossover operation is as follows; it takes as
input 2 expressions, selects a random point, and exchanges the subexpressions
behind this point. In general, not all attributes will be involved in an expres-
sion. This may have some undesired effects for a cross-over. First, a cross-over
may produce individuals in which an attribute is involved more than once. For
example, a cross-over between the individuals p1 = gender is (‘male’) ∧ age in
[19,34] and p2 = age in [29,44] ∧ town is (‘Almere’, ‘Amsterdam’, ‘Weesp’) ∧
category is (‘lease’) after the first attribute results into the following individuals:
p′1 = gender is (‘male’) ∧ town is (‘Almere’, ‘Amsterdam’, ‘Weesp’) ∧ category
is (‘lease’) and p′2 = age in [19,34] ∧ age in [29,44]. As we can see, the attribute
age appears twice in p′2.

Second, a cross-over may result in an offspring that is exactly the same as
the parents with probability 1.0. For example, a cross-over between p1 and p2

that occurs on a point that is beyond the last elementary expression of p2, i.e.,
category is (‘lease’), will result into the equal new individuals.

To prevent the above-mentioned effects, we apply the following technique to
perform cross-overs. Consider two individuals pi and pj that have been selected
for crossover. Let Ai be the set of attributes that is not involved in pi but is
involved in pj and Aj the set of attributes that is not involved in pj but is in-
volved in pi. Then, for each attribute in Ai, we generate an empty elementary
expression using this attribute and add it to pi. The same procedure is applied
to the attributes of Aj . This procedure has as effect that the lengths of pi and pj

become equal. Finally, we regard an individual as a sequence of elementary ex-
pressions, and order these in pi and pj according to the rule that elementary
expressions having the same attribute will appear at the same position in pi

and pj . Then, the cross-over between pi and pj can be performed. We note that
the cross-over point should be chosen between the first and final position of pi

or pj. The following example illustrates this technique.

Example 1 Consider the individuals p1 = gender is (‘male’) ∧ age in [19,34]
and p2 = age in [29,44] ∧ town is (‘Almere’, ‘Amsterdam’, ‘Weesp’) ∧ category
is (‘lease’) again. Then, A1 = {town, category} and A2 = {gender}. So, we ex-
tend p1 with the following expression town is (‘’) ∧ category is (‘’) and p2 is
extended with gender is (‘’).

After ordering the elementary expressions p1 and p2 look as follows:
p1 = gender is (‘male’) ∧ age in [19,34] ∧ town is (‘’) ∧ category is (‘’)
p2 = gender is (‘’) ∧ age in [29,44]∧ town is (‘Almere’, ‘Amsterdam’, ‘Weesp’)

∧ category is (‘lease’)
Now, a cross-over at position 2 results into
p′1 = gender is (‘male’) ∧ age in [19,34] ∧ town is (‘Almere’, ‘Amsterdam’,

‘Weesp’) ∧ category is (‘lease’)
p′2 = gender is (‘’) ∧ age in [29,44] ∧ town is (‘’) ∧ category is (‘’)
Note that p′2 is equal to age in [29,44]. ✷
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In the next section, we introduce a number of rules that may prevent the
exploration of unpromising individuals.

4 Optimization Rules

In this section, we discuss two propositions that may be used to prevent the
exploration of unprofitable individuals. These propositions are derived from the
shape of the fitness function. The complexity of a genetic-based algorithm for
data mining is determined by the evaluation of the fitness function [5], since
this is computationally the most expensive operation. Before presenting these
propositions, we introduce the notion of a similar of an individual.

Definition 2: Let length(p) be the number of elementary expressions involved
in p. An individual psim is a similar of p if each elementary expression
of psim is contained in p or psim contains each elementary expression of p
and length(psim) �= length(p).

As stated in the foregoing, we search for individuals with high values for the
fitness function F , see section 3.2. for F .

We note that the computation of F (p) requires the number of tuples that
satisfy individual p. So, these tuples should be searched for and retrieved from
the database, which is a costly operation [6]. Although several techniques may be
used to minimize the number of retrievals from a database, still large amounts
of tuples have to be retrieved from the database in mining applications. The
techniques to minimize retrievals are mainly based on storing frequently used
tuples in an efficient way in main memory [4]. In this way, disk accesses are
reduced.

In the following, two propositions will be presented that may be used to avoid
the computation of fitness values of unprofitable individuals. These propositions
decide if the fitness value of a similar of an individual p is worse than the fitness
of p. If this is the case, this similar can be excluded from the search process.

Proposition 1: Let psim be a similar of p. If ‖σp(D)∩σt(D)‖ ≤ β‖σt(D)‖ and
length(psim) > length(p) then F (psim) ≤ F (p).

Proof. From length(psim) > length(p) follows that σpsim(D) ⊆ σp(D). As a
consequence, ‖σpsim(D) ∩ σt(D)‖ ≤ ‖σp(D) ∩ σt(D)‖. Since ‖σp(D) ∩ σt(D)‖ ≤
β‖σt(D)‖, it follows F (psim) ≤ F (p). ✷

Proposition 2: Let psim be a similar of p. If ‖σp(D)∩σt(D)‖ ≥ β‖σt(D)‖ and
length(psim) < length(p) then F (psim) ≤ F (p).

Proof. Similar to the proof of Proposition 1. ✷

Note that the propositions do not require additional retrievals from a
database to decide if F (psim) ≤ F (p).

We discuss an alternative how these propositions at cross-over level may
contribute in optimizing the search process. As stated in the foregoing, a cross-
over is applied on a mating pair and results into two offsprings. Suppose that a
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mutation is performed after a cross-over, and the parent and the offspring with
the highest fitness values are eligible to be mutated (see Section 5). Consider an
offspring po resulted from a cross-over, and let po be a similar of p, one of its
parents. If we can decide that F (po) ≤ F (p), then it is efficient to mutate po.
The reason is that computation on an unmutated po will be a wasting of effort.

In the next section, we propose an overall algorithm, in which we apply the
two propositions.

5 Algorithm

The previous section was devoted to the major issues that play a role in designing
a genetic-based algorithm for data mining. In this section, we describe the overall
algorithm. Before starting this description, we discuss a mechanism to select an
individual for a next generation.

The mechanism to select individuals for a new generation is based on the
technique of elitist recombination [12]. According to this technique, the indi-
viduals in a population are randomly shuffled. Then, the cross-over operation
is applied on each mating pair, resulting into two offsprings. The parent and
the offspring with the highest fitness value are selected for the next generation.
In this way, there is a direct competition between the offsprings and their own
parents. Note, the offspring provides the possibility to explore different parts of
a search space.

The elitist recombination technique has been chosen for two reasons. First,
there is no need to specify a particular cross-over probability, since each individ-
ual is involved in exactly one cross-over. Second, there is no need for intermediate
populations in order to generate a new population as is the case in a traditional
genetic algorithm. These properties simplify the implementation of a genetic
algorithm. Let us outline the overall algorithm.

The algorithm starts with the initialization of a population consisting of an
even number of individuals, called P (t). The individuals in this population are
shuffled. Then, the cross-over operation is applied on two successive individuals.
After completion of a cross-over, the fitness values of the parents are compared2;
the parent with the highest value is selected and it may be mutated with a
probability c. This parent, p′sel, is added to the next generation, and in case it
is mutated its fitness value is computed. Then, for each offspring, po, we test if
this offspring is a similar of p′sel and if its fitness value is worse or equal than
p′sel. If this is true, po is an unpromising individual, and, therefore, we always
mutate po. Otherwise, we mutate po with probability c. Note, to compare the
fitness value between p′sel and po, the propositions of the previous section are
used. So, no additional fitness values are computed for this comparison. After
possible mutation of the offsprings, their fitness values are computed, and the
most fittest offspring is added to the new generation. This process is repeated
for all individuals in a generation.

2 These values are already computed and stored by the algorithm.
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Fig. 3. Architecture of a data mining tool

Once the new population has been built up, the total fitness of the existing
as well as of the new population is computed, and compared. The algorithm
terminates if the total fitness of the new population does not significantly im-
prove compared with the total fitness of the existing population, i.e., that the
improvement of the total fitness of the new population is less than a threshold
value ε. For a detailed discussion with regard to the algorithm, we refer to [5].

6 Implementation and Preliminary Results

Based on the algorithm described in Section 5, we have built a re-targetable
prototype of a data mining tool, which means that the tool can be coupled to
different databases. The main goal of the current effort is to determine if the
genetic-based algorithm is able to find hidden knowledge.

Let us continue with the description of the tool. The tool takes as input a
mining question and produces a set of answers for the question. The prototype
is running in a Microsoft Access 97 environment that uses the Microsoft Jet
Engine3. The genetic-based algorithm is implemented in Visual Basic. We have
chosen this environment for two reasons. First, this environment is available
at our laboratory. Second, the database that we want to mine is a Microsoft
database.

In Figure 3, the architecture of our tool is represented. Once the tool receives
a mining question, it runs the genetic-based mining algorithm, which generates,
among others, a population. The individuals of the population are passed to the
3 Within the scope of a feasibility study, a previous version of the algorithm was
implemented in C and connected to the Monet Database Server [3].
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Query Generator. For each individual a corresponding SQL query is generated.
These queries are passed to the MS ACCESS DBMS, which on its turn pro-
cesses the queries and passes the results to the data mining tool. These results
are used to compute the fitness of each individual. Upon request of the user
individuals and their associated fitness values can be shown. The user has the
possibility to modify the initial mining question or to specify additional require-
ments with regard to the question. We note that this is a very useful feature of
a mining tool, since, in practice, a user starts a mining session with a rough idea
of what information might be interesting, and during the mining session (with
help of the results provided by the system) the user specifies more precisely what
information should be searched for.

The generation of a query corresponding to an individual p is straightforward.
Recall that an individual is a conjunction of predicates. So, this forms the major
part of the WHERE clause of a query corresponding to p. Since we require the
number of tuples satisfying p and a target class t, the query corresponding to p
is: select count(*) from database where p ∧ t .

We have applied the tool on an artificial database, and are currently applying
it on a real-life database. In the following, we describe the databases and the
results obtained so far.

Artificial database This database consists of the relation Ex(gender, age, town,
category, price, damage). For this database 100.000 tuples have been generated,
of which 50% have a value ”yes” for damage, i.e., 50% of the tuples relate to
an accident. Furthermore, the fact that young men in lease cars have more than
average chances to cause an accident was hidden in the database. The goal of
mining this database was to determine whether the tool is capable to find the
hidden fact. Therefore, we have set the target class as damage = ‘yes’, and we
searched for the profile of risky drivers. We note that the expression for the
hidden profile is: age in [19,24] ∧ category is (‘lease’) ∧ gender is (‘male’).

We have mined the database with varying initial populations, consisting of 36
individuals. The following three classes of initial population were distinguished:
(1) random: the populations contained a few individuals that could set the al-
gorithm quickly on a promising route, (2) modified random: individuals that
could apparently set the algorithm on a promising route were replaced by other
(not promising) individuals, and (3) bad converged: the populations contained
individuals with low fitness values.

We have observed that the algorithm usually finds near optimal solutions,
i.e., profiles that look like the hidden one, in less than 1000 fitness evaluations.
The differences between the hidden profile and profiles found by the algorithm
(for different initial populations) were mainly caused by variations in the range
of attribute age.

With regard to the settings of the parameters α and β, we note that ap-
propriate values could be easily selected, since the content of the database is
precisely known. ✷
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Real-life database Currently, we are mining a real-life database, the so-called
FAA incident database, which is available at our aerospace laboratory. This
database contains aircraft incident data that are recorded from 1978 to 1995.
Incidents are potentially hazardous events that do not meet the aircraft damage
or personal injury thresholds as defined by American National Transportation
Safety Board (NTSB). For example, the database contains reports of collisions
between aircraft and birds while on approach to or departure from an airport.
The FAA database consists of more than 70 attributes and about 80.000 tuples.

The initial mining task on the FAA database was: search for the class of
flights with (more than average) chances of causing an incident, i.e., profiles of
risky flights. This search resulted in (valid) profiles but which could be easily
declared. An example of such a profile is that aircraft with 1 or 2 engines are
more often involved in incidents. The explanation for this profile is that these
types of aircraft perform more flights.

During the mining process the mining question was refined in the following
three more specific questions: (1) given the fact that an incident was due to
operational defects not inflicted by the pilot, what is the profile of this type of
incident?, (2) given the fact that an incident was due to mistakes of the pilot,
what is the profile of this type of incident?, and (3) given the fact that an incident
was due to improper maintenance, what is the profile of this type of incident?

We have proposed these questions to our tool with the following values for the
parameters, α = 0, β = 0.25, mutation probability (c) = 0.3, and ε = 0.1. Fur-
thermore, the population size was set on 50. On the first glance, the results of the
tool appear to be promising. Safety experts at our laboratory are analysing the
results. On the basis of their analysis, we will set up a plan to mine the database
more systematically, and to study the impact of different parameter values on
the results provided by the tool. The goal of the latter study is to formulate some
guidelines for selecting parameter values for similar type of databases, such as
an aircraft accident database. ✷

Although our evaluation is not completed yet and a significant amount of re-
search has to be done, e.g., on performance issues, in order to build an adequate
genetic-based data mining tool, the preliminary results are promising. A second
observation is that the range interval of an attribute in an expression may sig-
nificantly enlarged, if a mutation occurs on a domain boundary. An interval that
consists of (almost) the whole the domain slows down the search process. In a
next version of the tool, we will enhance the mutation operator. An alternative
is to clip on boundary values in cases of overflow.

7 Conclusions & Further Research

In order to answer mining questions, very large search spaces should be inspected,
making an exhaustive search infeasible. So, heuristic search strategies are of
vital importance in searching such spaces. We have discussed a genetic-based
algorithm that may be used for data mining. Contrary to the conventional bit
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string representation in genetic algorithms, we have chosen a representation that
fits better in the field of databases. The fitness function discussed in this paper
is close to our intuition and gives rise to an optimization of the search process.

A genetic-based algorithm for data mining has two major advantages. First,
the problem of partitioning attribute values in proper ranges could be solved by
choosing a suitable mutation operator. Second, a genetic-based algorithm is able
to escape a local optimum and does not pose any restrictions on the structure
of a search space.

By means of a (prototype) implementation and a preliminary evaluation,
we have shown the potentials of a genetic-based data mining tool. Since the
preliminary results of the tool appear to be promising, we are setting up a
research plan to evaluate this tool thoroughly. The outcome of the evaluation
will determine our future research activities in this field.
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Abstract. The effective representation and manipulation of web data
is currently an active area of research in databases. In a web warehouse,
web information coupling provides the means to derive useful informa-
tion from the WWW. Web information is materialized in the form of
web tuples and stored in web tables. In this paper, we discuss web data
visualization operators such as web nest , web coalesce, web pack and web
sort to provide users with the flexibility to view sets of web documents
in perspectives which may be more meaningful.

1 Introduction

Currently, web information may be discovered primarily by two mechanisms;
browsers and search engines. This form of information access on the Web has
a few shortcomings [6]. To resolve these limitations, we introduced Web In-
formation Coupling System (WICS) [6], a database system for managing and
manipulating coupled information extracted from the Web. WICS is one of
the component of our web warehouse, called Whoweda (W arehouse of Web
Data) [1,5,14]. In WICS, we materialize web information as web tuples and store
it in a web table. We equip WICS with the basic capability to manipulate web
tables and correlate additional, useful, related web information residing in the
web tables [17]. Note that a web table is a collection of directed graphs (i.e., web
tuples). The following example briefly illustrates query graph and web table, and
provides the motivation for our work in this paper.

Example 1. Suppose a user Bill wish to find a list of drugs and their side
effects on diseases from the WWW. We assume that there is a web site at
http://www.panacea.org/ which provides drug related information. Bill figured
that there could be hyperlinks with anchor labels ‘side effects’ in
http://www.panacea.org/ that might be useful. To couple these related infor-
mation from the WWW, Bill constructs a coupling framework (query graph) as
shown in Figure 11.
� This work was supported in part by the Nanyang Technological University, Ministry
of Education (Singapore) under Academic Research Fund #4-12034-5060, #4-12034-
3012, #4-12034-6022. Any opinions, findings, and recommendations in this paper are
those of the authors and do not reflect the views of the funding agencies.

1 In the figures, the boxes and directed lines correspond to nodes (Web document)
and links respectively. Observe that some nodes and links have keywords imposed
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Fig. 1. Web schema (query graph) of ‘Drugs’ web table.

The global web coupling operator [6] can be applied to retrieve those set of
related documents that match the coupling framework. Each set of inter-linked
documents retrieved for the coupling framework is a directed graph (also called
web tuples) and is materialized in web table called Drugs. A small portion of the
web table is shown in Figure 2(a). Each web tuple in Drugs contains information
about the side effects of a drug on a disease.

The above approach of storing web information in a web table has the following
shortcomings:

– It does not provide us with the ability to see the overall structure of the
information captured in the web table. It is not possible for a user to visualize
how one web tuple in a web table is related to another.

– The set of web tuples in a web table may contain duplicate web documents.
For example, documents at http://www.panacea.org/ (denoted by a1) in
all the web tuples in Figure 2(a) are identical. Similarly documents (denoted
by b1) in the first two web tuples are identical. Thus, a web table may contain
duplicate documents and there is no mechanism to provide a coalesced view
of the set of web tuples. A coalesced view allows a user to browse lesser
number of directed connected graphs when locating information.

– It does not allow a user to group web tuples based on related information
content , or similar (or identical) web sites. A user has to manually probe
each web tuple to find these information. For example, the fifth, seventh and
eighth web tuples in Figure 2(a) deal with the side effects of the drug Beta
Carotene. However, these information cannot be grouped together in our
web table.

– The set of web tuples are materialize in web tables. There is no other mate-
rialized representation of these web tables. For example, the collective view
of these web tuples can be stored as a set of directed graphs having lesser
number of nodes or links as compared to the original web table. This can
optimize the query, storage and maintenance cost.

In this paper, we introduce some data visualization operators to resolve the above
difficulties. These operators take as input a set of web tuples of a web table and
provide a different view of the tuples as output. This gives users the flexibility
to view documents in different perspectives that are more meaningful. Formally,

on them. These keywords express the content of the web document or the label of
the hyperlink between the web documents.
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we illustrate some data visualization operators and provide formal algorithm for
these operators.

These operators provide different storage representation of web tuples which
will help in optimizing the query, storage and maintenance cost. These different
representations may also lead to inconsistency problems with respect to the
original web table. Due to space limitations, we have not discussed the above
problems in this paper.

2 Related Work

There has been considerable work in data model and query languages for the
World Wide Web [11,12,13,16]. For example, Mendelzon, Mihaila and Milo [16]
proposed a WebSQL query language based on a formal calculus for querying the
WWW. The result of WebSQL query is a set of web tuples which are flattened
immediately to linear tuples. Konopnicki and Shmueli [12] proposed a high level
querying system called the W3QS for the WWW whereby users may specify
content and structure queries on the WWW and maintain the results of queries as
database views of the WWW. In W3QL, queries are always made to the WWW.
Fiebig, Weiss and Moerkotte extended relational algebra to the World Wide Web
by augmenting the algebra with new domains (data types) [11], and functions
that apply to the domains. The extended model is known as RAW (Relational
Algebra for the Web). Inspired by concepts in declarative logic, Lakshmanan,
Sadri and Subramanian designed WebLog [13] to be a language for querying and
restructuring web information. Other proposals, namely Lorel [2] and UnQL [9],
aim at querying heterogeneous and semistructured information. However, none
of these systems discuss data visualization operators similar to ours.

3 Background

Since our goal is to discuss data visualization operators in WICS, we use as
a starting point the Web Information Coupling Model (WICM), designed as
part of our Web Warehousing project (Whoweda). We describe WICM briefly,
only to the extent necessary to understand the concept of data visualization
operators. A complete description of the data model and its usefulness is given
in [6,17].

3.1 Web Objects

It consists of a hierarchy of web objects. The fundamental objects are Nodes and
Links . Nodes correspond to HTML or plain text documents and links correspond
to hyper-links interconnecting the documents in the World Wide Web. We define
a Node type and a Link type to refer to these two sets of distinct objects. These
objects consist of a set of attributes as shown below:

Node = [url, title, format, size, date, text]

Link = [source-url, target-url, label, link-type]
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For the Node object type, the attributes are the URL of a Node instance and
its title, document format, size (in bytes), date of last modification, and textual
contents. For the Link type, the attributes are the URL of the source document
containing the hyperlink, the URL of the target document, the anchor or label of
the link, and the type of the link. Hyperlinks in the WWW may be characterized
into three types: interior , local , and global [16].

The next higher level of abstraction is a web tuple. A web tuple is a set of
connected, directed graphs each consisting of a set of nodes and links which are
instances of Node and Link respectively. A collection of web tuples is called a
web table. If the table is materialized, we associate a name with the table. There
is a schema (see next section) associated with every web table. A web database

consists of a set of web schemas and a set of web tables.

3.2 Web Schema

A web schema contains meta-information that binds a set of web tuples in a
web table. Web tables are materialized results of web queries. In WICS, a user
expresses a web query by describing a query graph.

When the query graph in Figure 1 is evaluated, a set of web tuples each
satisfying the query graph is harnessed from the WWW. By collecting the tuples
as a table, the query graph may be used as the table’s schema to bind the tuples.
Hence, the web schema of a table is the query graph that is used to derive
the table. Formally, a web schema is an ordered 4-tuple M = 〈Xn, X�, C, P 〉
where Xn is a set of node variables, X� is a set of link variables, C is a set of
connectivities (in Disjunctive Normal Form), and P is a set of predicates (in
Disjunctive Normal Form).

Observe that some of the nodes and links in the figures have keywords im-
posed on them. To express these conditions, we introduced node and link vari-
ables in the query graph. Thus, in Figure 1 node d represents those web docu-
ments which contains the words ‘side effects’ in the text or title. In other words,
variables denote arbitrary instances of Node or Link. There are two special vari-
ables: a node variable denoted by the symbol ‘#’ and a link variable denoted
by the symbol ‘-’. These two variables differ from the other variables in that
they are never bound (these variables are not defined by the predicates of the
schema).

Structural properties of web tuples are expressed by a set of connectivities .
Formally, a connectivity k is an expression of the form: x〈ρ〉y where x ∈ Xn,
y ∈ Xn, and ρ is a regular expression over X�. (The angle brackets around ρ are
used for delimitation purposes only.) Thus, x〈ρ〉y describes a path or a set of
possible paths between two nodes x and y.

The last schema component is the set of predicates P . Predicates provide a
means to impose additional conditions on web information to be retrieved. Let p
be a predicate. If x, y are node or link variables then the following are possible
forms of predicates: p(x) ≡ [x.attribute CONTAINS "A"] or p(x) ≡ [x.attribute
EQUALS "A"] and p(x, y) ≡ [x.attribute = y.attribute]. where attribute refers
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Fig. 2.

to an attribute of Node, Link or link type, A is a regular expression over the
ASCII character set, x and y are arguments of p.

4 Web Data Visualization Operators

A query graph returns a set of web tuples which are stored as a web table.
However, a user may wish to view these web tuples in different framework. In
this section, we introduce some data visualization operators to add flexibility in
viewing query results coupled from the WWW. Within this context, we propose
an algorithm for each operator and illustrate each operator with an example.

4.1 Web Nest

Web tuples in a web table may be topically related. However, the relationship is
not explicit from the way we store tuples in a web table. A visualization of this re-
lationship gives an overview of the information space harnessed from the WWW
and how these information are topically related. The web nest operator achieve
this. It is an unary operator whose operand is a web table and whose output
is a set of directed connected graphs condensed from the web table. Formally,
let W be a web table with schema M = 〈Xn, X�, C, P 〉. Then, Gn = Nest(W )
where Gn is the set of condensed graphs.
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Input: Web table W with schema M = 〈Xn, X�, C, P 〉.
Output: A set of directed connected graphs Gn.

Retrieve the first web tuple (denoted as ti) from W ;
Store the tuple ti in Gn;
for each of the remaining web tuples (denoted as tj) in W do {

Z = 0; for each directed connected graph in Gn {
for each node xj ∈ tj {

Get the URL of xj ;
for each node xi ∈ ti {

if (URL of xj = URL of xi) {
Remove xj ;
Concatenate the out-bound and/or in-bound links
of xj with the node xi in Gn;
Z = Z + 1;

}
else {

Add xj in Gn;
Retrieve the next node in ti;

}
}
Retrieve the next node in tj ;

}
if (Z = 0) /* None of the nodes in tj are identical to ti */

Add tj in Gn as a seperate directed connected graph;
}

}
Fig. 3. Algorithm nest.

Algorithm Nest Algorithm nest is used to determine the topical relationship
between a set of web tuples in a web table. It takes a web table as an input
and produce a set of graphs as output. In Whoweda, a set of instances of a
node variable may appear in more than one tuple in a web table. For example,
in Figure 2(a) the node b1 (an instance of node variable b) appears in first,
second and sixth tuple. This indicates that the URLs of the instances of b in
these web tuples are identical. Algorithm nest identifies multiple occurence of
such identical nodes (by comparing the URLs of these nodes) in a set of web
tuples and concatenate these tuples to one another over these identical nodes.
Execution of this algorithm eliminates such replicated nodes in a web table. The
formal description of the algorithm is given in Figure 3.

Example 2. Consider the web table in Figure 2(a). Application of web nest op-
erator on the web table Drugs will result in a directed connected graph as shown
in Figure 2(b) . Note that in Figure 2(b) none of the instances of node variables
are replicated. The darkened boxes in the figure represents nodes over which web
tuples are concatenated.
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4.2 Web Coalesce

The set of web tuples in a web table may contain duplicate web documents. For
example, documents denoted by b1 in the first two web tuples in Figure 2(a)
are identical. The number of duplicate nodes (documents) increases with the
number of outgoing links of each nodes that satisfies the query graph. Thus, the
size of a web table is proportional to the number of outgoing links satisfying the
schema in each nodes. For reasonably small size of the web tables, browsing each
web tuples for information of interest is a feasible option. However, browsing
web tables of significant size may be tedious and inefficient way of locating
information of interest. This problem may be minimized by coalescing duplicate
nodes to reduce the size of the number of directed connected graphs in a web
table. A coalesced web table results in a set of directed connected graphs and
allows the user to browse lesser number of graphs (web tuples) compared to
the original web table to locate desired information. To achieve this, we define
the web coalesce operator. It takes a web table and a node variable as input
and produce as ouput a set of directed connected graphs. It combines those
web tuples in a web table which contains identical instances of the input node
variable. Note that web coalesce is a specialization of web nest operation. Web
nest coalesce web tuples by removing all duplicate nodes, whereas web coalesce
operation coalesce a web table based on a node variable explicitly specified by
a user. Formally, the web coalesce operation on node variable x ∈ Xn is defined
as Gc = Coalesce(W, x).
Algorithm Coalesce The objective of Algorithm coalesce is similar to that of
Algorithm nest. Analogous to Algorithm nest, it concatenates a set of web tuples
in a web table. However, Algorithm coalesce only eliminates identical instances
of a specified node variable from a set of web tuples as opposed to removal of all
identical nodes in web nest operation. Algorithm coalesce takes as input a web
table and a specified node variable based on which web coalesce operation is to
be performed and produce a set of coalesced graph as output. First, it identifies
multiple occurence of identical instances (same URL) of specified node variable
by comparing the URLs of these nodes. Then, it concatenate the web tuples over
these identical nodes to produce a set of coalesced graphs. The formal description
of the algorithm is given in Figure 5.

Example 3. Consider the web table in Figure 2(a). Suppose Bill wish to coalesce
the web tuples in Drugs on node variable b. This query will create a set of
directed connected graphs as shown in Figure 4(a). The darkened boxes in the
figure represents nodes over which web coalesce is performed. Note that each
graph describes side effects of various drugs for a particular disease.

4.3 Web Pack

The web pack operator groups the web tuples in a web tables based on similar
criteria. It provides the flexibility to view web tuples containing similar nodes
together. A user explicitly specifies the node variable and the criteria based on
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Fig. 4. Web coalesce and web pack operation.

which web pack operation is performed. The criteria based on which packing of
web tuples can be performed is given below:

– Host name: Web tuples containing instances of specified node variable with
identical host name are packed together.

– Domain name: Web tuples containing instances of specified node variable
with identical domain names (.com, .edu, .org, .gov, .net, .mil etc) are
grouped together.

– Keyword content:Packing may be performed by grouping web tuples whose
instance of specified node variable contains user-specified keyword(s).

Note that in the case of packing based on keywords, the packed web table may
contain duplicate web tuples since two different keywords may appear in the same
node in a web tuple. Furthermore, tuples containing the keyword are displayed
as top results and the remaining web tuples are pushed down in the packed web
table. Formally, the web pack operation on node variable x ∈ Xn is defined
as Wp = Pack(W, x, criteria) where Wp is the packed web table.
Algorithm Pack The objective of Algorithm pack is to group a set of web
tuples (on a specified node variable) based on identical host name, domain name
or keyword set. It takes as input a web table W with schema M = 〈Xn, X�, C, P 〉,
a node variable x ∈ Xn and packing condition P (P may be domain name,
host name or keyword set) and produces as ouput a collection of packed web
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Input: Web table W with schema M = 〈Xn, X�, C, P 〉, Node variable x
such that x ∈ Xn.
Output: A set of directed connected graphs Gc.

Retrieve the first web tuple (denoted as ti) from W ;
Get the URL of the instance of the node variable x (denoted as ui) in ti;
Store the tuple ti in Gc;
Remove ti from W ;
for each of the remaining web tuples (denoted as tj) in W {

Get the URL of the instance of node variable x (denoted as uj) in tj ;
for each directed connected graph in Gc {

if (ui = uj) {
Concatenate tuple tj with ti when the URL of nodes
in tj is identical to the corresponding URL of the nodes in ti;
Denote the concatenated directed graph in Gc as ti;
Remove the web tuple tj from W ;

}
else {

Add tj in Gc as a separate directed graph;
Retrieve the next graph in Gc and denote it as ti;

}
}

Retrieve the next web tuple from W ;
}

Fig. 5. Algorithm coalesce.

tuples Wp based on the packing condition P . If the packing condition is host
name or domain name then Algorithm pack retrieve the domain name or host
name of instances of x (by checking the URLs of these nodes) in each web
tuple and compare them to find if they are identical. Tuples with identical host
or domain names are grouped together and stored in Wp. The remaining web
tuples with distinct host or domain names are appended at the end of Wp. This
displays of the group of web tuples with identical domain or host names as top
results in Wp.

If the packing condition is a keyword set then Algorithm pack first checks the
existence of the keyword(s) in each instance of x. Then, all the web tuples in W
with identical keyword(s) (each keyword must be an element of the specified
keyword set) are packed together and displayed as top results in Wp. Note that
Algorithm pack may create duplicate web tuples when the packing condition
is a keyword set. This is because different keywords may appear in the same
document. The formal description of the algorithm is given in Figure 6.

Example 4. Continuing with the web table in Figure 2(a), suppose Bill wish to
group all the web tuples in Drugs on node variable d which contains the keywords
“Beta Carotene” or “Letrozole”. The result of this query is shown in Figure 4(b).
Note that the group of web tuples whose instance of node variable d contains the
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Input: Web table W with schema M = 〈Xn, X�, C, P 〉, Node variable x
such that x ∈ Xn,
Pack condition P ∈ {host name, domain name, keyword set}.
Output: Web table Wp.

(1) Z = 0;
(2) if (P = host name or P = domain name) {
(3) Get the first web tuple (denoted as t1) in W ;
(4) Get the instance of node variable x in t1;
(5) Get the host name (denoted as h1) or domain name (denoted as d1)
(6) depending on P from the URL of the node;
(7) for each of the remaining web tuples in W {
(8) Get the instance of node variable x;
(9) if (P = host name)
(10) Get the host name from the URL of the node;
(11) else
(12) Get the domain name;
(13) if (host name of the node instance = h1 or domain name = d1) {
(14) Append the web tuple at the end of Wp;
(15) Remove the tuple from W ;
(16) Z = Z + 1;
(17) }
(18) else
(19) ;
(20) }
(21) Append t1 at the end of Wp;
(22) if (Z = 0)
(23) Mark the tuple t1;
(24) Remove t1 from W ;
(25) Repeat steps (1) to (24) for the remaining web tuples in W ;
(26) Move the set of marked web tuples at the end of Wp;
(27) }
(28) else {
(29) for each keyword or combination of keywords in the keyword set {
(30) for each web tuples in W {
(31) Get the instance of node variable x;
(32) Check if the keyword or set of keywords exist in the node;
(33) if (keyword exists) {
(34) Append the web tuple at the end of Wp;
(35) Z = Z + 1;
(36) Mark the web tuple in W ;
(37) }
(38) Get the next web tuple in W ;
(39) }
(40) }
(41) }
(42) Get the set of web tuples which are unmarked in W ;
(43) Append these web tuples at the end of Wp;

Fig. 6. Algorithm pack.
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Input: Web table W with schema M = 〈Xn, X�, C, P 〉,
Sort condition Sc ∈ {node, local, global, interior},
Ordering type Ot ∈ {asc, desc}
Output: Web table Ws.

(1) Z = 0;
(2) if (Sc = node) {
(3) for each web tuple in W {
(4) Calculate total number of nodes N ;
(5) Store N ;
(6) }
(7) else {
(8) for each web tuple in W {
(9) Z = 0;
(10) for each link {
(11) Get the link-type of the link;
(12) if (Sc = local) {
(13) if (linktype is local)
(14) Z = Z + 1;
(15) else
(16) ;
(17) }
(18) else {
(19) if (Sc = global) {
(20) if (link-type is global)
(21) Z = Z + 1 ;
(22) else
(23) ;
(24) }
(25) else {
(26) if (link-type is interior)
(27) Z = Z + 1 ;
(28) else
(29) ;
(30) }
(31) }
(32) }
(33) Store Z for each tuple;
(34) }
(35) }
(36) if (Ot = asc)
(37) Sort the tuples in ascending order based on N or Z;
(38) else
(39) Sort the tuples in descending order;
(40) Store the sorted web tuples in Ws;

Fig. 7. Algorithm sort.
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keyword “Beta Carotene” or “Letrozole” is displayed as top query results and
remaining web tuples in Drugs are pushed down. The tuples whose instances of
node variable d (the first four tuples) are filled with black are grouped together
since they contain the keyword “Beta Carotene”. The tuples whose instances
of node variable d (fifth tuple) are filled with a pattern, are grouped together
because they contain the keyword “Letrozole”. Note that the node d4 contains
both the keywords. Thus, tuple containing d4 is replicated (1st and 5th web
tuples are identical) in the web table created after web pack operation.

4.4 Web Sort

Web sort operator sort web tuples based on given conditions . The conditions
to sort the web tuples in a web table in ascending or descending order are given
below:

– Total number of nodes in each web tuple.
– Total number of specified link-type (local, global or interior) in each web

tuple. This allows a user to measure the frequency of local, interior and
global links in the web tuples returned in response to his query.

Web sort enables us to rearrange the tuples in ascending or descending order
based on the number of occurrences of local, global or interior links in each tu-
ple or total number of nodes in each tuple. Formally, web sort operation on a
web table W with schema M = 〈Xn, X�, C, P 〉 is Ws = Sort(W, sort condition,
order type) where sort condition is the condition based on which sorting is per-
formed and order type specifies the ordering method (ascending or descending)
of the sorted web tuples.
Algorithm Sort Algorithm sort rearranges the web tuples in ascending or
descending order based on the sorting condition. It takes as input a web table W ,
sort condition Sc and ordering type Ot (ascending or descending order) and
produces as output a sorted web table Ws based on the sorting condition. For
each tuple in W , Algorithm sort calculates the total number of nodes or total
number of local, global or interior links (depending on the sort condition Sc) and
arranges these tuples in ascending or descending order. The formal description
of the algorithm is given in Figure 7. Due to space limitations, we do not provide
an example for web sort here. Refer to [8] for details.

5 Conclusion

In this paper, we have motivated the need for the data visualization operators
and introduced some operators such as web nest, web coalesce, web pack and
web sort that provides different flavors of visualizing web tables. Due to space
limitations, we have not reported inverse operators like web unnest , web expand ,
web unpack . Refer to [8] for details. Currently, we are implementing these web
operators as a part of a web query language.
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Abstract. In the recent years, the database community has witnessed
the emergence of a new technology, namely data warehousing. A data
warehouse is a global repository that stores pre-processed queries on data
which resides in multiple, possibly heterogeneous, operational or legacy
sources. The information stored in the data warehouse can be easily and
efficiently accessed for making effective decisions. The On-Line Analyt-
ical Processing (OLAP) tools access data from the data warehouse for
complex data analysis, such as multidimensional data analysis, and de-
cision support activities. Current research has lead to new developments
in all aspects of data warehousing, however, there are still a number of
problems that need to be solved for making data warehousing effective.
In this paper, we discuss recent developments in data warehouse mod-
elling, view maintenance, and parallel query processing. A number of
technical issues for exploratory research are presented and possible solu-
tions are discussed.

1 Introduction

A data warehouse is an integrated repository that stores information which
may originate from multiple, possibly heterogeneous operational or legacy data
sources. The contents of a data warehouse may be a replica of a part of data
from a source or they may be the results of preprocessed queries or both. This
way of storing data provides a powerful tools to business organizations for mak-
ing business decisions. The architecture of a data warehousing system allows a
number of ways to integrate and query (such as eager or in-advance) informa-
tion stored in it. This approach of integrating data from distributed data sources
pays rich dividends when it translates into calculated decisions backed by sound
analysis. Thus, the Data warehousing coupled with On-Line Analytical Process-
ing (OLAP) enable business decision makers to creatively approach, analyze and
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understand business problems. The data warehouse system is used to provide so-
lutions for business problems since it transforms operational data into strategic
decision making information. The data warehouse stores summarized informa-
tion over operational data. This summarized information is time-variant and
provides effective answers to queries like “what are the supply patterns of ’toy’
product in California in 1997 and how were they different from last year?” To
extract this information from a distributed relational model, we would require to
query multiple data sources and integrate the information at a particular point
before presenting the answers to the user. This requires time and it is not online.
In a data warehousing scenario, such queries find their answers in a central place,
thus reducing the processing and management costs.

[Wid95] proposed a number of technical issues in data warehousing which
needed the immediate attention of the research community. A lot of work has
been done in many areas since then and new issues have come to the fore. [CD97]
presents the state of art in data warehousing and OLAP, with emphasis on new
requirements. The work presented serves as a very good overview and is an
excellent survey in this area. However, there is a need to initiate a discussion on
the impending research problems in the above mentioned fields. We need to delve
into each research problem minutely rather than adopting a global approach.
In this paper, we attempt to give new direction in some of these problems by
providing insight for developing efficient solutions and by discussing some of the
well known solutions.

The rest of the paper is organised as follows. In Section 2, we give an archi-
tecture of a data warehousing system. We discuss the multidimensional model
and the implementation schemes in Section 3. In Section 4 we highlight the need
for constraints in the multidimensional environment and its proposed uses. A
promising challenge in data warehousing is how to maintain the materialized
views. The view maintenance has branched into a number of sub-problems like
self maintenance, consistency maintenance, update filtering and on-line view
maintenance In Section 5, we investigate these sub-problems. We also discuss
the issues of parallelism in data warehousing in Section 6. We mention the other
areas of active research in Section 7. Section 8 concludes the paper with a dis-
cussion on possible future work.

2 Data Warehousing System

The data warehousing system architecture is illustrated in Figure 1. Warehouse
data is derived from the data contained in operational data systems. These
operational data sources are connected to the wrappers/monitors, whose main
function is to select, transform and clean data. It also monitors changes to the
source data and propagates them to the integrator. The integrator’s job is to
combine data selected from different data sources. It resolves conflicts among
data and brings data in consistent form. After integration, data is propagated
into warehouse storage. Many commercial analysis and development tools are
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Fig. 1. A data warehousing architecture

available for data selecting, filtering, transforming, and loading. Examples in-
clude Platinum InfoRefiner and InfoPump, SAS Access, IBM Data joiner.

There are two approaches to creating the warehouse data, namely, bottom-
up approach and top-down approach, respectively. In a bottom-up approach,
the data is obtained from the primary sources based on the data warehouse ap-
plications and queries which are typically known in advance, and then data is
selected, transformed, and integrated by data acquisition tools. In a top-down
approach, the data is obtained from the primary sources whenever a query is
posed. In this case, the warehouse system determines the primary data sources
in order to answer the query. These two approaches are similar to eager and lazy
approaches discussed in [Wid95]. The bottom-up approach is used in data ware-
housing because user queries can be answered immediately and data analysis can
be done efficiently since data will always be available in the warehouse. Hence,
this approach is feasible and improves the performance of the system. Another
approach is a hybrid approach, which combines aspects of the bottom-up and
top-down approaches. In this approach, some data is stored in a warehouse, and
other data can be obtained from the primary sources on demand [HZ96].
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The metadata contains the informational data about the creation, manage-
ment, and usage of the data warehouse. It serves as a bridge between the users
of the warehouse and the data contained in it. The warehouse data is accessed
by OLAP server to present the same in a multidimensional way to the front end
tools (such as analytical tools, report writer, spreadsheets, data mining tools)
for analysis and informational purposes. Basically, OLAP server interprets client
queries (the client interacts with front end tools and pass these queries to the
OLAP server) and converts them into complex SQL queries (indeed extended
SQL) required to access the warehouse data. It might also access the data from
the primary sources if the client’s queries need operational data. Finally, the
OLAP server passes the multidimensional views of data to the front end tools,
and these tools format the data according to the client’s requirements.

3 The Multidimensional Data Model

The data models for designing traditional OLTP systems are not well-suited for
modelling complex queries in data warehousing environment. The transactions
in OLTP systems are made up of simple, pre-defined queries. In the data ware-
housing environments, queries tend to use joins on more tables, have a larger
computation time and are ad-hoc in nature. This kind of processing environ-
ment warrants a new perspective to data modelling. The multidimensional data
model i.e., the data cube turned out to be an adequate model that provides
a way to aggregate facts along multiple attributes, called dimensions. Data is
stored as facts and dimensions instead of rows and columns as in relational data
model. Facts are numeric or factual data that represent a specific business activ-
ity and a dimension represent a single perspective on the data. Each dimension
is described by a set of attributes.

The conceptual multidimensional data model can be physically realized in
two ways, (1) by using trusted relational databases (star schema/snowflake
schema [CD97]) or (2) by making use of specialised multidimensional databases.
In this section we briefly describe multidimensional scheme.

Multidimensional Scheme

This scheme stores data in a matrix using array-based storage structure. Each
cell in the array is formed by the intersection of all the dimensions, therefore,
not all cells have a value. For example, not all database researchers publish in
all journals. The multi-dimensional data set requires smaller data storage since
the data is clustered compactly in the multidimensional array. The values of
the dimensions need not be explicitly stored. The n-dimensional table schema is
used to support multidimensional data representation which is described next.

n-dimensional Table Schema An n-dimensional table schema is the funda-
mental structure of a multidimensional database which draws on terminology
of the statistical databases. The attribute set associated with this schema is
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of two kinds: parameters and measures. An n-dimensional table has a set of
attributes R and a set of dimensions D associated with it. Each dimension is char-
acterized by a distinct subset of attributes from R, called the parameters of that
dimension. The attributes in R which are not parameters of any dimension are
called the measure attributes. This approach is a very unique way of flattening
the data cube since the table structure is inherently multidimensional. The ac-
tual contents of the table are essentially orthogonal to the associated structure.
Each cell of the data cube can be represented in an n-dimensional table as ta-
ble entries. These table entries have to be extended by dimensions to interpret
their meaning. The current literature on n-dimensional table however does not
give an implementation of the MDDB which is different from the implementa-
tion suggested by the already existing schemas. This implementation breaks up
the n-dimensional table into dimension tables and fact tables which snowballs
into snowflake schema and traditional ROLAP. The challenge with the research
community is to find mechanisms that translate this multidimensional table into
a true multidimensional implementation. This would require us to look at new
data structures for the implementation of multiple dimensions in one table. The
relation in relational data model is a classic example of 0-dimensional table.

4 Constraints on the Multidimensional Databases

In a relational schema, we can define a number of integrity constraints in the con-
ceptual design. These constraints can be broadly classified as key constraints,
referential integrity constraints, not null constraint, relation-based check con-
straints, attribute-based check constraints and general assertions (business
rules). These constraints can be easily translated into triggers that keep the
relational database consistent at all times. This concept of defining constraints
based on dependencies can be mapped to a multidimensional scenario.

The current literature on modelling multidimensional databases has not dis-
cussed the constraints on the data cube. In a relational model, the integrity and
business constraints that are defined in the conceptual schema provide for ef-
ficient design, implementation and maintenance of the database. Taking a cue
from the relational model, we need to identify and enumerate the constraints that
exist in the multidimensional model. An exploratory research area would be to
categorise the cube constraints into classes and compare them with the relational
constraints. The constraints can be broadly classified into two categories: intra-
cube constraints and inter-cube constraints.. The intra-cube constraints define
constraints within a cube by exploiting the relationships that exist between the
various attributes of a cube. The relationships between the various dimensions
in a cube, the relationships between the dimensions and measure attributes in a
cube, dimension attribute hierarchy and other cell characteristics are some of the
key cube features that need to formalised as a set of intra-cube constraints. The
inter-cube constraints define relationships between two or more cubes. There
are various considerations in defining inter-cube constraints. Such constraints
can be defined by considering the relationships between dimensions in different
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cubes, the relationships between measures in different cubes, the relationships
between measures in one cube and dimensions in the other cube and the overall
relationship between two cubes, i.e., two cubes might merge into one, one cube
might be a subset of the other cube, etc.

Using Constraints The cube constraints will facilitate the conceptual schema
design of a data warehouse and allow us to provide triggers in a multidimensional
scenario. In a relational database system, triggers play a very important role by
enforcing the constraints and business rules in a very effective manner. The UP-
DATE, INSERT and DELETE triggers in the relational model have provided the
robustness by allowing least manual intervention. The current data warehouse
maintenance algorithms have neglected the role of triggers in designing effective
view maintenance paradigms. The research community needs to envision the
new types of triggers which would be needed for effective data warehousing. The
constraint set will be of vital importance to this faculty.

The constraint set can also be used to solve the existing problems like view
maintenance. In [MKK97,RSS96], the authors have proposed the view mainte-
nance techniques based on the view expression tree that is used for evaluating
the view as a query. The auxiliary relations are materialized for each node in
the tree in addition to the materialized view. The updates to nodes in the ex-
pression tree are calculated and propagated in a bottom-up fashion. The update
to each node in the tree is derived from the updates to its children nodes and
the auxiliary relations materialized for the children and the node itself. If the
constraints are defined on the view, then they can be broken down into smaller
components (i.e. sub-constraints) and these sub-constraints can be pushed down
into the expression tree to provide new efficient mechanisms for view mainte-
nance and aggregate query optimization. That is, the constraints can be defined
at each node in the tree. In this case, the updates to each node can be checked
using these constraints before propagating them to the parent node. If some
of the updates violate constraints, then there is no need to propagate these
updates to the parent node. This method of decomposing the constraints and
pushing them down along the edges of the expression tree can effectively reduce
the communication and computation costs. The constraint set acts like a sieve
which effectively filters the updates that do not affect the view.

Further, the constraint set will be an very effective tool that can be used in
every aspect of data warehousing. The constraint set will enable us to define a
complete algebra for the multidimensional data model which is independent of
the underlying schema definitions. Also, the constraint set will allow evolution
of new attributes in the multidimensional scenario. Some of these constraints
can be used to map the multidimensional world into the relational world. We
can view the data model as a soccer ball and the constraints can help us get an
impression of that ball from a certain perspective. The constraint set will enable
us to seek new, improved implementation mechanisms that are able to conserve
the multidimensionality of data. Our first task is to define a constraint set on the
multidimensional data model which is complete in any implementation scheme.
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The constraints need to be formally defined and the precedence order for the
constraints needs to be decided. We hope that the discussion we have initiated
will spark off hectic activity in the research community.

5 View Maintenance

A data warehouse (DW ) stores integrated information from multiple data
sources in materialized views (MV ) over the source data. The data sources
(DS) may be heterogeneous, distributed and autonomous. When the data in
any source (base data) changes, the MV s at the DW need to be updated ac-
cordingly. The process of updating a materialized view in response to the changes
in the underlying source data is called View Maintenance. The view maintenance
problem has evoked great interest in the past few years. This view maintenance
in such a distributed environment gives rise to inconsistencies since there is a fi-
nite unpredictable amount of time required for (a) propagating changes from the
DS to the DW and (b) computing view updates in response to these changes.
Data consistency can be maintained at the data warehouse by performing the
following steps:

– propagate changes from the data sources (ST1 - current state of the data
sources at the time of propagation of these changes) to the data warehouse
to ensure that each view reflects a consistent state of the base data.

– compute view updates in response to these changes using the state ST1 of
the data sources.

– install the view updates at the data warehouse in the same order as the
changes have occurred at the data sources.

The inconsistencies at the data warehouse occur since the changes that take place
at the data sources are random and dynamic. Before the data warehouse is able
to compute the view update for the old changes, the new changes change the
state of the data sources from ST1 to ST2. This violates the consistency criterion
that we have listed. Making the MV s at the data warehouse self-maintainable
decimates the problem of inconsistencies by eliminating the finite unpredictable
time required to query the data source for computing the view updates. In the
next subsection, we describe self-maintenance of materialized views at the data
warehouse.

Self-Maintenance Consider a materialized view MV at the data warehouse
defined over a set of base relations R = {R1, R2, ..., Rn}. MV stores a pre-
processed query at the data warehouse. The set of base relations R may reside
in one data source or in multiple, heterogenous data sources. A change ∆Ri

made to the relation Ri might affect MV . MV is defined to be self-maintainable
if a change ∆MV in MV , in response to the change ∆Ri can be computed
using only the MV and the update ∆Ri. But the data warehouse might need
some additional information from other relations in the set R residing in one
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or more data sources to compute the view update ∆MV . Since the underly-
ing data sources are decoupled from the data warehouse, this requires a finite
computation time. Also the random changes at the data sources can give rise to
inconsistencies at the data warehouse. Some data sources may not support full
database functionalities and querying such sources to compute the view updates
might be a cumbersome, even an impossible task. Because of these problems, the
preprocessed query that is materialized at the warehouse needs to be maintained
without access to the base relations.

One of the approaches is to replicate all base data in its entirety at the
data warehouse so that maintenance of the MV becomes local to the data ware-
house. [GM95,Küc91,GMS93]. Although this approach guarantees self-
maintainability at the warehouse, it creates new problems. As more and more
data is added to the warehouse, it increases the space complexity and gives rise
to information redundancy which might lead to inconsistencies. This approach
also overlooks the point that the base tuples might be present in the view itself,
so the view instance, the base update and a subset of the base relations might
be sufficient to achieve self-maintainability in the case of SPJ (Select-Project-
Join) views [Huy97]. But how can the subset of the base relations that is needed
to compute the view updates be stored at DW? This question was addressed in
[QGMW96], which defines a set of minimal auxiliary views (AVs) to materialize
that are sufficient to make a view self-maintainable. Although materializing aux-
iliary views at the DW was a novel concept, the minimality of auxiliary views
defined was still questionable since the MV instance was never exploited for self-
maintenance. Most of the current approaches maintain the MV s separately from
each other using a separate view manager for each view and such approaches
fail to recognize that these views can be maintained together by identifying the
set of related materialized views. This issue of multiple-view self-maintenance
was addressed for the first time in [Huy97].

In some approaches to multiple-view self-maintenance, a set of auxiliary views
(AV ) are stored at the data warehouse along with the set of materialized views
(MV ) such that together MV ∪ AV is self-maintainable. The research chal-
lenge lies in finding the most economical AV s in terms of space complexity and
computational costs. The view self maintenance is still an active research prob-
lem. It is not always feasible to provide self-maintainability of the views at the
data warehouse. When the cost of providing self-maintainability exceeds the cost
of querying data sources for computing view updates, it is profitable to allow
querying of data sources instead.

Update Filtering The changes that take place in the source data need to
be reflected at the data warehouse. Some changes may create view updates
that need to installed at the data warehouse; some changes leave the views at
the data warehouse unchanged. If we are able to detect at the data sources
that certain changes are guaranteed to leave the views unchanged, we need not
propagate these changes to the data warehouse. This would require checking of
distributed integrity constraints at a single site. As many changes as possible
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can be filtered at the sources and only the changes that result in view updates
may be propagated to the warehouse. The update filtering will reduce the size of
the maintenance transactions at the data warehouse, thus minimizing the time
required to make the data warehouse consistent with the data sources. The side
effect of update filtering is that we need to make our data sources (and the
wrapper/monitor) components more intelligent. They need to know about their
participation in the data warehouse and the data warehouse configuration so
that the updates can be checked against the constraint set before propagating
them. To be able to realize this, the data sources cannot be decoupled from the
data warehouse anymore. This would give rise to new problems like configuration
management i.e., if there is a change in the schema at any data source or at the
data warehouse, all the participating entities need to be informed of this change
so that they can modify the constraint set to reflect this change. The view
maintenance strategies would now be based on the constraint set and any change
to the constraint set would warrant a change in the existing view maintenance
transaction.

On-Line View Maintenance Warehouse view maintenance can be either done
incrementally or by queueing a large number of updates at the data sources to
be propagated as a batch update from the data sources to the data warehouse.
In current commercial systems, a batch update is periodically sent to the data
warehouse and view updates are computed and installed. This transaction is
called the maintenance transaction. A user typically issues read-only queries
at the data warehouse and a long-running sequence of user queries is called a
reader session. The batch maintenance transaction is typically large and blocks
the reader sessions. This makes the data warehouse offline for the duration
of the maintenance transaction. The maintenance transaction typically runs at
night. With the advent of the internet and global users, this scheme will have
to give way. The 24 − hour shop concept is what most companies are striving
for and the data warehouse to be online 24 hours to allow the company to
be competitive in its strategies. Incremental view maintenance which updates
the data warehouse instantaneously in response to every change at the data
source is expensive and gives rise to inconsistent results during the same reader
session. An update from the data source will change the results a user might
see over a sequence of queries. We need to get around these problems. [QW97]
discusses a possible approach to this problem by maintaining two versions of
each tuple at the data warehouse simultaneously so that the reader sessions and
the maintenance transactions do not block each other. A possible solution may
need the integration with self maintenance techniques, where auxiliary views can
be used to answer queries during maintenance transactions.

6 Parallelism in Data Warehousing

In this paper, we have discussed every possible technique to evaluate OLAP
queries faster. All these techniques are restricted in their ways. The precompu-
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tation strategy needs to anticipate queries so that it can materialize them in
the data warehouse. OLAP queries are of adhoc nature and restricts precomput-
ing to the imagination of the designer. The indexing schemes we have discussed
provide faster access to the data stored in the warehouse, but does not reduce
the size of tables stored at the data warehouse. One can say that the strate-
gies presented provide faster query processing, but they need not be fast enough
as perceived by the user. One mechanism that is recently being exploited by
vendors to compute queries quickly is to execute the query in parallel by par-
titioning data among a set of processors. This can potentially achieve linear
speedup and can significantly improve query response times. However to exploit
this technology we need to address a few key issues like parallel data placement
and parallel join.

The existing data warehouse schema design strategies is not catered to par-
allel data placement, although the star schema suggests implicitly the need of
partitioning the data into a set of dimension tables and fact tables. Many DBMS
vendors claim to support parallel data warehousing to various degrees. Most of
these products, however, do not use the dimensionality of data that exists in a
data warehouse. The effective use of parallel processing in this environment can
be achieved only if we are able to find innovative techniques for parallel data
placement using the underlying properties of data in the warehouse. [DMT98]
use the data indexing strategy to provide efficient data partitioning and parallel
resource utilization. Effective algorithms that split the data among n parallel
processors and perform parallel join operation have been illustrated. We need to
take a cue from this work and find more effective solutions.

7 Other Research Challenges

The research challenges discussed so far are directly concerned with the prob-
lem of faster data integration. There are other challenges which are a result of
the data warehousing concept. Here we mention a few such challenges which
are currently active. One such problem arises due to the changing user require-
ments. As the requirements of the user changes, the view definitions at the data
warehouse change dynamically. We need to develop view adaptation techniques
that do not need the entire recomputation of the materialized view at every
change. In [GMR95,MD96,Moh97], the authors have presented the view adap-
tation techniques for a data warehouse that recompute only parts of the view
(if any) which cannot be derived from the existing materialized views. These
techniques are applicable for SPJ queries. However, there is a need to devise
adaptation algorithms for aggregated queries.

One issue which has seen little investigation is the fragmentation of a multi-
dimensional database. Fragmentation plays an important role in the design of a
distributed database system, it enables the definition of appropriate units of dis-
tribution which enhance query performance by enabling concurrent and parallel
execution of queries. The requirement for parallel processing of OLAP opera-
tions to achieve quick response times is also important [DMT98]. This can be
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acheived by fragmenting multidimensional database into number of fragments.
We identify two types of possible fragmentation; (1) slice ’n dice that selects
subsets of data by ‘cutting up’ the multidimensional hypercube representation
of the global data into sub-cubes. This strategy is currently employed by vendors
of multidimensional databases that support fragmentation; for example the Ess-
base OLAP Server Partitioning option. (2) severing that divides the global data
by removing dimensions from a hypercube. This method may be used to divide
a cube into two cubes with different dimensions from each other. Operations
performed during severing ensure that the original cube may be reconstructed
from the two severed cubes.

Another interesting problem is the problem of data expiry in the warehouse.
Data that is materialized in the warehouse may not ne needed after a point. We
need to devise efficient schemes that determine the data expiry point and do
effective garbage collection by removing the unnecessary tuples.

8 Conclusions

This paper brings together under one roof all the techniques of integrating data
quickly to help effective decision making. The data warehousing phenomenon,
which has grown from strength to strength in the last few years presents new
challenges everyday as we find new applications where warehousing can play a
crucial role. In this paper, we have discussed the recent advances and research
problems in three different areas, namely, data warehouse modeling, view main-
tenance, parallel query processing. Since the four areas discussed in this paper
directly contribute in a large way to the warehousing phenomenon, there is a
need to integrate the research work that is done in these different areas under
one umbrella. This paper serves as a stepping stone in this direction.

Further, we have exploited the multidimensionality of data in the warehouse
to introduce the concept of constraints on the data cube. We highlight the use-
fulness of the constraint set in every aspect of data warehousing, that is, de-
sign, implementation and maintenance. This paper also underlines the need for
dynamic self-maintainability of materialized views and discusses the issues in-
volved. In this paper, new areas for exploratory research have been presented
and we hope that the issues presented will invoke keen interest from the data
warehousing community.
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Abstract. The World Wide Web is a distributed global information re-
source. It contains a large amount of information that have been placed
on the web independently by different organizations and thus, related
information may appear across different web sites. To manage and ac-
cess heterogeneous information on WWW, we have started a project of
building a web warehouse, calledWhoweda (W arehouse ofWeb Data).
Currently, our work on building a web warehousing system has focused
on building a data model and designing a web algebra. In this paper, we
discuss design and research issues in a web warehousing system. The is-
sues include are designing algebraic operators for web information access
and manipulation, web data visualization and web knowledge discovery.
These issues will not only overcome the limitations of available search
engines but also provide powerful and friendly query mechanisms for
retrieving useful information and knowledge discovery from a web ware-
house.

1 Introduction

Most users obtain WWW information using a combination of search engines and
browsers. However, these two types of retrieval mechanisms do not necessarily
address all of a user’s information needs and have the following shortcomings:

– Web browsers fully exploit hyperlinks among web pages, however, search
engines have so far made little progress in exploiting link information. Not
only do most search engines fail to support queries on the web utilizing link
information, they also fail to return link information as part of a query’s
result.

– The search is limited to string matching. Numeric comparisons, as in con-
ventional databases, cannot be done.

– Queries are evaluated on the index data rather than on the original and
up-to-date data.

– The accuracy of results is low as there is an almost unavoidable repetition
of information and existence of non-relevant data in the results.

� This work was supported in part by the Nanyang Technological University, Ministry
of Education (Singapore) under Academic Research Fund #4-12034-5060,#4-12034-
3012, #4-12034-6022. Any opinions, findings, and recommendations in this paper
are those of the authors and do not reflect the views of the funding agencies.
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– From the query’s result returned by the search engines, a user may wish to
couple a set of related Web documents together for reference. Presently, he
may only do so manually by visiting and downloading these documents as
files on the user’s hard disk. However, this method is tedious, and it does
not allow a user to retain the coupling framework .

– The set of downloaded documents can be refreshed (or updated) only by
repeating the above procedure.

– If a user has successfully coupled a set of Web documents together, he may
wish to know if there are other Web documents satisfying the same coupling
framework. Presently, the only way is to request the same or other search
engines for further Web documents and probe these documents manually.

– Over a period of time, there will be a number of coupled collections of Web
documents created by the user. As each of these collections exists simply as
a set of files on the user’s system, there is no convenient way to manage and
infer further useful information from them.

To overcome the limitations explained above and provide the user with a
powerful and friendly query mechanism for accessing information on the web,
the critical problem is to find the effective ways to build web data models of
the information of interest, and to provide a mechanism to manipulate these
information to garner additional useful information. The key objective of our
web warehousing project, called Whoweda (W arehouse of Web Data), at the
Centre for Advanced Information Systems in Nanyang Technological University,
Singapore is to design and implement a web warehouse that materializes and
manages useful information from the Web [22]. To meet the warehousing ob-
jective, we materialize coupled web information in the form of web tuples and
store them in web tables . We define a set of web operators with web seman-
tics to equip the warehouse with the basic capabilities to manipulate web tables
and couple additional, useful, related web information residing in the web ta-
bles [9,22]. These operators include web algebraic operations such as web select,
web join, web union, web intersection, and so on [22]. In this paper, we present
an overview of a web warehouse and highlight new research directions in some
of the important areas of building a web warehousing system.

1.1 Related Work

There has been considerable work in data model and query languages for the
World Wide Web [13,15,16,20]. For example, Mendelzon, Mihaila and Milo [20]
proposed a WebSQL query language based on a formal calculus for querying the
WWW. The result of a WebSQL query is a set of web tuples which are flattened
immediately to linear tuples. Konopnicki and Shmueli [15] proposed a high level
querying system called the W3QS for the WWW whereby users may specify
content and structure queries on the WWW and maintain the results of queries as
database views of the WWW. In W3QL, queries are always made to the WWW.
Fiebig, Weiss and Moerkotte extended relational algebra to the World Wide Web
by augmenting the algebra with new domains (data types) [13], and functions
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that apply to the domains. The extended model is known as RAW (Relational
Algebra for the Web). Inspired by concepts in declarative logic, Lakshmanan,
Sadri and Subramanian designed WebLog [16] to be a language for querying and
restructuring web information. Other proposals, namely Lorel [2] and UnQL [11],
aim at querying heterogeneous and semistructured information. These languages
adopt a lightweight data model (based on labeled graphs) to represent data, and
concentrate on the development of powerful query languages for these structures.

2 Web Information Coupling Model

In Web Information Coupling System (WICS) [9], we materialize web informa-
tion as web tuples stored in web tables. Each web table is associated with a
web schema. We equip the WICS with the basic capability to manipulate web
tables and correlate additional useful and related web information residing in
the web tables [22]. We proposed a Web Information Coupling Model (WICM)
which describe web objects, web schema and a web algebra for retrieving infor-
mation from the web and manipulating these information to derive additional
information.

2.1 Web Objects

It consists of a hierarchy of web objects. The fundamental objects are Nodes and
Links . Nodes correspond to HTML or plain text documents and links correspond
to hyper-links interconnecting the documents in the World Wide Web. We define
a Node type and a Link type to refer to these two sets of distinct objects. These
objects consist of a set of attributes as shown below:

Node = [url, title, format, size, date, text]

Link = [source-url, target-url, label, link-type]

For the Node object type, the attributes are the URL of a Node instance and
its title, document format, size (in bytes), date of last modification, and textual
contents. For the Link type, the attributes are the URL of the source document
containing the hyperlink, the URL of the target document, the anchor or label of
the link, and the type of the link. Hyperlinks in the WWW may be characterized
into three types: interior , local , and global [20].

The next higher level of abstraction is a web tuple. A web tuple is a set of
connected, directed graphs each consisting of a set of nodes and links which are
instances of Node and Link respectively. A collection of web tuples is called a
web table. If the table is materialized, we associate a name with the table. There
is a schema (see next section) associated with every web table. A web database

consists of a set of web schemas and a set of web tables.

2.2 Web Schema

A web schema contains meta-information that binds a set of web tuples in a
web table. Web tables are materialized results of web queries. In WICS, a user
expresses a web query by describing a query graph.
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When the query graph is evaluated, a set of web tuples each satisfying the
query graph is harnessed from the WWW. By collecting the tuples as a table,
the query graph may be used as the table’s schema to bind the tuples. Hence,
the web schema of a table is the query graph that is used to derive the table.
Formally, a web schema is an ordered 4-tuple M = 〈Xn, X�, C, P 〉 where Xn is a
set of node variables, X� is a set of link variables, C is a set of connectivities (in
Disjunctive Normal Form), and P is a set of predicates (in Disjunctive Normal
Form).

Observe that some of the nodes and links in the figures have keywords im-
posed on them. To express these conditions, we introduced node and link vari-
ables in the query graph. Thus, in Figure ?? node d represents those web docu-
ments which contains the words ‘side effects’ in the text or title. In other words,
variables denote arbitrary instances of Node or Link. There are two special vari-
ables: a node variable denoted by the symbol ‘#’ and a link variable denoted
by the symbol ‘-’. These two variables differ from the other variables in that
they are never bound (these variables are not defined by the predicates of the
schema).

Structural properties of web tuples are expressed by a set of connectivities .
Formally, a connectivity k is an expression of the form: x〈ρ〉y where x ∈ Xn,
y ∈ Xn, and ρ is a regular expression over X�. (The angle brackets around ρ are
used for delimitation purposes only.) Thus, x〈ρ〉y describes a path or a set of
possible paths between two nodes x and y.

The last schema component is the set of predicates P . Predicates provide a
means to impose additional conditions on web information to be retrieved. Let p
be a predicate. If x, y are node or link variables then the following are possible
forms of predicates: p(x) ≡ [x.attribute CONTAINS "A"] or p(x) ≡ [x.attribute
EQUALS "A"] and p(x, y) ≡ [x.attribute = y.attribute]. where attribute refers
to an attribute of Node, Link or link type, A is a regular expression over the
ASCII character set, x and y are arguments of p.

3 Web Algebra

The web algebra provides a formal foundation for data representation and ma-
nipulation for the web warehouse. It supports structured and topological query
with sets of keywords specified on multiple nodes and on hyperlinks among the
nodes. The user query is a graph-like structure and it is used to match the por-
tions of WWW satisfying the conditions. The query result is a set of graphs
called web tuples. We then define a set of web operators with web semantics to
manipulate web tuples stored in a web table. The basic algebraic operators in-
clude global and local web coupling, web select, web join, web intersection, web
union, etc. These operators are implemented as a part of our web query lan-
guage. Briefly, these operators are discussed below. More details can be found
in [5,9,22].
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3.1 Information Access Operator

Global Web Coupling Global coupling enables a user to retrieve a set of col-
lections of inter-related documents satisfying a web schema or coupling frame-
work, regardless of the locations of the documents in the Web. To initiate global
coupling, the user specifies the coupling framework in the form of a query graph.
The coupling is performed by the WIC system and is transparent to the user.
Formally, the global web coupling operator Γ takes in a query (expressed as
a schema M) and extracts a set of web tuples from the WWW satisfying
the schema. Let Wg be the resultant table, then Wg = Γ (M). Each web tu-
ple matches a portion of the WWW satisfying the conditions described in the
schema. These related set of web tuples are coupled together and stored in a web
table. Each web tuple in the web table is structurally identical to the schema of
the table. The formal details appear in [9].

3.2 Information Manipulation Operators

Web Select The select operation on a web table extract web tuples from a
web table satisfying certain conditions. However, since the schema of web tables
is more complex than that of relational tables, selection conditions have to be
expressed as predicates on node and link variables, as well as connectivities
of web tuples. The web select operation augments the schema of web tables
by incorporating new conditions into the schema. Thus, it is different from its
relational counterpart.

Let W be a web table with schema M = 〈Xn, X�, C, P 〉. Selection condi-
tion(s) on that table is denoted by another schema Ms = 〈Xs,n, Xs,�, Cs, Ps〉
where Cs contains the selection criteria on connectivities, and Ps contains pred-
icates on node and link variables in Xs,n and Xs,� respectively. Formally, we
define web select as follows: Ws = σMs(W ) where σ is the select operator.

Web Project The web project operation on a web table extract portions of
a web tuple satisfying certain conditions. However, since the schema of web
tables is more complex than that of relational tables, projection conditions have
to be expressed as node and link variables and/or connectivities between the
node variables. The web project operation reduces the number of node and link
variables in the original schema and the constraints over these variables. For
more details, refer to [5].

Given a web table W with schema M = 〈Xn, X�, C, P 〉, a web projection
on W computes a new web table W ′ with schema Mp = 〈Xnp , X�p , Cp, Pp〉.
The components of Mp depends on the project conditions. Formally, we define
web project as follows: W ′ = π〈project condition(s)〉(W ) where π is the symbol for
project operation.

A user may explicitly specify any one of the conditions or any combination
of the three conditions discussed below to initiate a web project operation.
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– Set of node variables: To project a set of node variables from the web
table.

– Start-node variable and end-node variable: To project all the instances
of node variables between two node variables.

– Node variable and depth of links: To restrict the set of nodes to be
projected within a limited number of links starting from the specified node
variable.

Web Cartesian Product A web cartesian product, denoted by ×, is a binary
operation that combines two web tables by concatenating a web tuple of one web
table with a web tuple of other. If Wi and Wj are web tables with n and m web
tuples respectively, the resulting web table W created by web cartesian product
consists of n × m web tuples.

Local Web Coupling Given two web tables, local coupling is initiated ex-
plicitly by specifying a pair(s) of web documents (coupling node variables) and
a set of keyword(s) to relate them. The result of local web coupling is a web
table consisting of a set of collections of inter-related Web documents from
the two input tables. To elaborate further, let Wi and Wj be two web ta-
bles with schemas Mi = 〈Xi,n, Xi,�, Ci, Pi〉 and Mj = 〈Xj,n, Xj,�, Cj , Pj〉 re-
spectively. Let wi and wj be two web tuples from Wi and Wj , and nc(wi)
and nc(wj) are instances of node variables nci and ncj respectively. Suppose doc-
uments at http://www.virtualdisease.com/cancer/index.html (represented by
node nc(wi)) and http://www.virtualdrug.com/cancerdrugs/index.html (repre-
sented by node nc(wj)) contain information related to cancer and appears in wi

and wj respectively. Tuples wi and wj are coupling-compatible locally on nc(wi)
and nc(wj) since they both contain similar information (information related to
cancer).

We express local web coupling between two web tables as follows:

W = Wi ⊗({〈node pair〉,〈keyword(s)〉}) Wj

where Wi and Wj are the two web tables participating in the coupling operation
and W is the coupled web table satisfying a schema M = 〈Xn, X�, C, P 〉. In this
case, 〈node pair〉 specifies a pair of coupling node variables in the web table Wi

and Wj , and 〈keyword(s)〉 specifies a list of keyword(s) on which the similarity
between the coupling node variable pair is evaluated.

Web Join The web join operator combines two web tables by concatenating
a web tuple of one table with a web tuple of other table whenever there ex-
ists joinable nodes . Let Wi and Wj be two web tables with schemas Mi =
〈Xi,n, Xi,�, Ci,p, Pi〉 and Mj = 〈Xj,n, Xj,�, Cj , Pj〉 respectively. Then Wi and Wj

are joinable if and only if there exist at least one node variable in Mi and in Mj

which refers to identical (having the same URL) node or web document.
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Consider the following predicates of the node variables c and z where c ∈ Xi,n

and z ∈ Xj,n:

pi4(c) ≡ [c.url EQUALS "http://www.singapore.com/area/"],
pj4(z) ≡ [z.url EQUALS "http://www.singapore.com/area/"]

Since the node variables c and z of Mi and Mj respectively refers to the same web
document at URL ‘http://www.singapore.com/area/’, the web tables Wi and Wj

are joinable. The joinable nodes are c and z.
Formally, we define W = Wi �� Wj is a set of web tuples satisfying schema

M = 〈Xn, X�, C, P 〉 where Xn is the set of node variables appearing in P , X� is
the set of link variables appearing in P , C and P are obtained from Mi and Mj .
We discussed web join operator in detail in [10].

Schema Tightness In a web warehouse, a user expresses a web query by
describing a query graph or coupling framework. The query graph is used as the
schema of the web table to bind the web tuples. In reality, it is unrealistic to
assume from the (naive) user complete knowledge of the structure of the query
graph. The user may express some incomplete graph structure based on the
partial knowledge. Thus, such query graphs, if used as schema of the web table,
may contain unbound nodes and links. Furthermore, a web schema serves two
important purposes: First, it enables users to understand the structure of the
web table and form meaningful queries over it. Second, a query processor relies
on the schema to devise efficient plans for computing query results. Both the
tasks become significantly harder when the schema contains unbound nodes and
links.

To address these challenges, we design and implement a web operator called
schema tightness operator . The schema tightness operator takes as input a web
table containing unbound nodes and links and web schema and tighten the web
schema of the web table by imposing constraints on the unbound nodes and links
in the web table.

4 Web Data Visualization

A query graph returns a set of web tuples which are stored in a web table.
However, a user may wish to view these web tuples in different framework.
Here we present some data visualization operators to add flexibility in viewing
query results coupled from the WWW and to generate some additional useful
information.

4.1 Web Ranking Operators

Presently, in the WICM we have web operators to manipulate information from
the WWW globally and locally. A crucial problem that a WIC system faces is
extracting hot tuples for a user query (the most relevant web tuples). This prob-
lem is challenging because hot tuples might not be displayed at the beginning of
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the web table. We are developing two web ranking operators; global ranking and
local ranking operators to rank web tuples generated by global and local web
coupling respectively. The ranking operators are based on the following factors:

– Number of occurrence of a keyword in a document.
– Location of occurrence of a keyword in a document, i.e.,whether the keyword

occurs in the title, text or anchor of a document.
– Overlap between all pairs of web documents, i.e., if A, B and C are docu-

ments in three web tuples considered relevant (in that order) to a user query,
then we believe that the “interestingness” of B is lower than C if B overlaps
with A significantly, while C is a distinct result. Thus, our ranking function
will rank web tuple containing C before the web tuple containing B.

4.2 Data Visualization Operators

Presently, in the WICMwe have a set of web operators to manipulate information
from the WWW. Web information is materialized and displayed in the form of
web tuples stored in a web table. This approach of displaying information to the
user has few shortcomings:

– It does not provide us with the ability to see the overall structure of the
information captured in the web table. It is not possible for a user to visualize
how one web tuple in a web table is related to another.

– The set of web tuples in a web table may contain duplicate web documents.
There is no mechanism to provide a coalesced view of the set of web tuples.
A coalesced view allows a user to browse lesser number of directed connected
graphs when locating information.

– It does not allow a user to group web tuples based on related information
content , or similar (or identical) web sites. A user has to manually probe
each web tuple to find these information. However, these information cannot
be grouped together in our web table.

– The set of web tuples are materialize in web table. There is no other rep-
resentation of these web tables. For example, the collective view of these
web tuples can be stored as a set of directed graphs having lesser number of
nodes or links as compared to the original web table.

To resolve the above difficulties, we have introduced to following data visualiza-
tion operators:

– Web Nest: This operator allows one to visualize relationships between web
tuples in a web table. It provides an overview of the information space har-
nessed from the WWW and shows how these information are topically re-
lated.

– Web Unnest: This operator returns the original web table from a set of di-
rected connected graphs created by the web nest operation.

– Web Coalesce: This operator coalesces duplicate nodes to reduce the size of
the number of directed connected graphs in a web table. A coalesced web
table is a set of condensed graphs and allow a user to browse lesser number
of graphs (web tuples).
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– Web Expand: This operator expands a coalesced web table to recover the
original set of web tuples.

– Web Pack: This operator groups a web tuples based on related (or similar)
information content, and similar (or identical) web sites.

– Web Unpack: This operator returns the original set of web tuples from the
packed web table.

– Web Sort: This operator sorts web tuples in ascending or descending order
based on the total number of nodes or link types (local, global or interior)
in a web tuple.

These web operators take as input a set of web tuples of a web table and provide
a different view of the tuples as output. This gives users the flexibility to view
documents in perspectives that are more meaningful. These operators provide
different storage representation of web tuples which will help in optimizing the
query, storage and maintenance cost. These different representations may also
lead to inconsistency problems with respect to the original web table. Currently,
we are investigating these problems.

5 Web Data Mining

The resulting growth in on-line information combined with the almost unstruc-
turedness of web data necessitates the development of powerful yet computa-
tionally efficient web mining tools. Web mining can be defined as the discovery
and analysis of useful information from WWW data. Web mining involves three
types of data; data on the WWW, web documents structure and the data on
users who browse web pages. Thus, web data mining should focus on three issues;
content-based mining [17], web usage mining [23] and web structure mining. Web
content mining describes the automatic search of information resources available
on-line. Web usage mining includes the mining of data from the server access
logs, user registration or profiles, user sessions or transactions, etc. Web struc-
ture mining involves mining web document’s structures and links. A survey of
some of the emerging tools and techniques for web usage mining is given in [21].
One of the important areas in Whoweda involves the development of tools and
techniques for mining useful information from the web.

The web contains a mix of many different data types, and in a sense subsumes
text data mining, database data mining, image mining, and so on. The web
contains additional data types that are not available in a large scale before,
including hyperlinks and massive amounts of (indirect) user usage information.
Spanning across all these data types is the dimension of time, since data on the
web changes over time. Finally, there is data that are generated dynamically, in
response to user input and programmatic scripts. In Whoweda, we primarily
focus on mining useful information from these different data types. For further
information related to web mining in Whoweda refer to [7].
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5.1 Web Bags and Knowledge Discovery

Most of the search engines fail to handle the following knowledge discovery goals:

– From query results returned by search engines, a user may wish to locate
the most visible Web sites [4] or documents for reference. That is, sites or
documents which can be reached by many paths (high fan-in).

– Reversing the concept of visibility, a user may wish to locate the most lu-
minous Web sites [4] or documents for reference. That is, web sites or doc-
uments which have the most number of outgoing links.

– Furthermore, a user may wish to find out the most traversed path for a
particular query result. This is important since it helps the user to identify
the set of most popular interlinked Web documents which are traversed
frequently to obtain the query result.

We have introduced the concept of web bag in [5] and used web bags for knowl-
edge discovery. Informally, a web bag is a web table containing multiple occur-
rences of the identical web tuples. A web tuple is a set of inter-linked documents
retrieved from the WWW that satisfy a query graph. A web bag may only be
created by projecting some of the nodes from the web tuples of a web table
using the web project operator. A web project operator is used to isolate data of
interest, allowing subsequent queries to run over a smaller, perhaps more struc-
tured web data. Unlike its relational counterpart, a web project operator does
not eliminate identical web tuples autonomously. The projected web table may
contain identical web tuples, thus forming a web bag. The duplicate elimination
process is initiated explicitly by a user. Autonomous duplicate elimination may
hinder the possibility of discovering useful knowledge from a web table. This is
due to the fact that these knowledge may only be discovered from the web bags.

5.2 Warehouse Concept Mart (WCMart)

Due to the large amount of data on the WWW, knowledge discovery from web
data becomes more and more complex. We propose the building of concept hi-
erarchies from web documents and use them in discovering new knowledge. We
call the collection of concepts a Warehouse Concept Mart (WCMart). Concept
marts are built by extracting and generalizing terms from web documents to rep-
resent classification knowledge of a given class hierarchy. For unclassified words,
they can be clustered based on their common properties. Once the clusters are
decided, the keywords can be labeled with their corresponding clusters, and com-
mon features of the terms are summarized to form the concept description. We
may associate a weight at each level of concept marts to evaluate the importance
of a term with respect to the concept level in the concept hierarchy. Concept
marts can be used for the following:

– Intelligent answering of web queries: Knowledge discovery using concept
marts facilitates querying web data and intelligent query answering in web
warehousing system. A user can supply the threshold for a given key word
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in the concept mart and the words with the threshold above the given value
can be taken into account while answering the query. The query can also be
answered using different levels of concept marts [14] or can provide approx-
imate answers [19].

– Ranking result tuples of a query: In our model, tuples returned as a result of
a web query are stored in a web table. We use warehouse concept marts for
ranking these tuples so that the most relevant tuples are returned in response
to a user’s query. The user may rank tuples interactively by specifying various
threshold values and concept levels.

– Global information coupling across the WWW: In our model, we introduce
the concept of web information coupling. It refers to an association of related
web documents. We use concept marts to define this “association” among
web documents. Since the coupling is initiated by the user, he may supply
threshold values for keywords in the concept mart to be used in the coupling.

– Web mining: Concept marts can also be used for web data mining. Web
mining so far in the literature is restricted to mining web access patterns and
trends by examining the web server log files [23]. An alternative is to make
use of web concept marts in generating some useful knowledge. We may use
association rule techniques to mine associations between words appearing in
the concept mart at various levels, and the query graph. Mining knowledge
at multiple levels may help WWW users discover interesting rules which are
difficult to find otherwise.

– Characterization of web tables: In a web warehouse, we store tuples in web
tables. We need to categorize these tables so that a user’s query can be di-
rected to the appropriate table(s). Based on the classification of web tables,
a user may also specify tables to be used for evaluating his query. We cate-
gorize the web tables using the concept marts. We generate concept marts
from web tables and classify a set of tables by known classes or concepts.

6 Conclusions

In this paper, we have reported an overview of a Web Warehousing Project
(Whoweda) [22] at the Nanyang Technological University, Singapore and dis-
cussed some interesting research ideas in that context. Building a warehouse
that accommodates data from the WWW has required us to rethink nearly
every aspect of conventional data warehousing and relational technology. This
paper brings together some of the important techniques required for designing
a web warehouse and generating useful knowledge. In particular, our focus is
on web data model and an algebra for web information access, manipulation
and visualization. We have also discussed the motivation for developing a Web
Concept Mart and its application in web warehousing. Furthermore, we have
outline the problem of web mining and maintenance of web information. We
believe that issues presented here will serve as an interesting example for further
discussion.
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Abstract. Multidimensional data modeling plays a key role in the design of a
data warehouse. We argue that the Entity Relationship Model is not suited for
multidimensional conceptual modeling because the semantics of the main char-
acteristics of the paradigm cannot be adequately represented. Consequently, we
present a specialization of the E/R model - called Multidimensional Entity Re-
lationship (ME/R) Model. In order to express the multidimensional structure of
the data we define two specialized relationship sets and a specialized entity set.
The resulting ME/R model allows the adequate conceptual representation of the
multidimensional data view inherent to OLAP, namely the separation of quali-
fying and quantifying data and the complex structure of dimensions. We dem-
onstrate the usability of the ME/R model by an example taken from an actual
project dealing with the analysis of vehicle repairs.

1 Introduction

Multidimensional data modeling plays a key role during the design of a data ware-
house. The multidimensional warehouse schema offers an integrated view on the
operational data sources. Consequently, it serves as the core of the data warehouse
and as the basis for the whole warehouse development and maintenance cycle. Due to
this central role sufficient attention should be paid to the development of this schema.
Figure 1 sketches the process of the schema design in data warehousing environ-
ments. The schema is mainly influenced by user requirements and the availability and
structure of the data in operational systems. Most warehousing projects take an evo-
lutionary approach1, i.e. start with a prototype providing a certain functionality and set
of data. This prototype will be further adopted according to the changing and growing
requirements gained from users’ feedback. Thus the user requirements are subject to
frequent changes making schema evolution an important issue. To assure the flexibil-
ity and re-usability of the schema in such an environment, the model must be speci-
fied on a conceptual level (e.g. using the Entity Relationship Model). This means
especially that it must not assume any facts that are the result of further design steps

                                                          
1 both in our experience from industrial projects [9] and in the warehouse literature, see e.g.

[11]
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e.g. the decision which database technology is to be used (multidimensional vs. rela-
tional).

For OLAP and data warehouse systems this is even more important as the most
common design methodologies mix up the conceptual and the logical/physical design.
Currently the state of art in dimensional modeling is the use of implementation
(mostly even tool specific) formalisms for data modeling. For example, the ubiquitous
star schema is not conceptual in the sense that it assumes the relational implementa-
tion and contains further decisions (e.g. denormalization) that should be subject of the
physical design phase.

There is a consensus ([11], [13], [15]) that the multidimensional paradigm comes
very close to the inherent structure of the problem domain (decision support systems).
In this paper we investigate the special requirements of the multidimensional para-
digm. We argue that the established conceptual design methods used for relational
(e.g. the Entity Relationship Model [4]) or object-oriented systems  do not offer the
necessary support to reflect the multidimensional data model in a natural and intuitive
way. Moreover, some of the multidimensional semantics is lost when expressing a
multidimensional schema with these techniques. This means that the semantics must
be represented informally which makes them unusable for the purpose of automatic
generation (e.g. automatic generation of database schemes or query tools).

User 
Requirements

OLTP 
schemas

Conceptual 
multidimensional

schema
Physical 
schema

analysis conceptual
design

physical
design

Fig. 1. Schema design process in data warehousing environments

Possible approaches to an expressive conceptual multidimensional model are to
build a new model from scratch (which also means additional effort for its formal
foundation) or to use an existing, general-purpose model and modify it so that the
special characteristics of the multidimensional paradigm can be expressed.

Consequently, this paper presents a multidimensional specialization of the E/R
model - called Multidimensional E/R Model (ME/R Model). By basing our approach
on an established model we enable the transfer of the research results published in the
context of the E/R model. This includes especially the work about automatic schema
generation and formal foundation of the semantics. Furthermore, it is possible to
make use of the proven flexibility of the well accepted E/R model.

The remainder of this paper is structured as follows: section 2 informally intro-
duces the multidimensional paradigm and states the special requirements of OLAP
applications regarding the data model. Section 3 describes the specializations of the
E/R model that are necessary to fulfil these requirements and defines the ME/R
model. In section 4 we investigate the expressive power of the ME/R model. To dem-
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onstrate the feasibility of our approach we model a real world example (section 5).
Finally, we present related (section 6) and future work (section 7).

2 The Multidimensional Paradigm

The multidimensional paradigm is useful for a multitude of application areas (e.g.
GIS, PACS, statistical databases and decision support). For the purpose of this paper
we focus on typical OLAP applications. For example a vehicle manufacturer might
want to analyze the vehicle repairs to improve his product, define new warranty poli-
cies and to get  information about the quality of the garages.

Often a cube metaphor ([3]) is used to represent this data view as shown in figure
2. Such a cube corresponds to a subject of analysis called fact (e.g. vehicle repair).
The cells of the data cube contain the (mostly numerical) measures (also called quan-
tifying data) describing the fact (e.g. costs and duration of the vehicle repair). The
axes of the cube (called dimensions or qualifying data) represent different ways of
analyzing the data (e.g. vehicle and time of the repair).

vehicle 
manufacturer

Mercedes

Australia country

month

35
cell

measure

dimension

june

dimension-
member

BMW

Germany

30

25

Fig. 2. A visualization of a multidimensional schema using the cube metaphor

This data view is similar to the notion of arrays. However, with arrays the dimen-
sions of the multidimensional data space are only structured by a linear order defined
on the indexes. For OLAP applications this is not sufficient because from the point of
view of the OLAP end-user, the elements (respectively instances) of an OLAP dimen-
sion (called dimension members) are normally not linearly ordered (e.g. garages)2.

Instead classification hierarchies containing levels are used for the structuring of
dimensions. A hierarchy level contains a distinct set of members. Different levels
correspond to different data granularities (e.g. daily figures vs. monthly figures) and
ways of  classification (e.g. geographic  classification of garages vs. classification of
garages by type). Level A is classified according to level B if a classification of the
elements of A according to the elements of B is semantically meaningful to the appli-
cation (e.g. the level ‘days’ are classified according to ‘month’).

                                                          
2 A prominent exception to this rule is the time dimension that possesses an inherent order
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A level can be classified according to any number of levels thus forming multiple
hierarchies on a single dimension. For example, garages can be classified by their
geographical location and their type (see example in section 5). Another special case
of hierarchies are alternative paths. This type of  hierarchy occurs if several classifi-
cation paths exist between two levels. An example for this is the classification of
cities by geographical regions and federal districts (see figure 3).
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Fig. 3. Hierarchy levels structure the dimensions(left). Alternative pathes within a dimen-
sion(right)

Another orthogonal way of structuring dimensions from a users point of view is the
use of dimension level attributes. These attributes describe dimension level members
but do not define hierarchies (e.g. the name and address of a customer or the name of
the region manager).

Not only qualifying data but also quantifying data possesses an inherent structure.
In most applications  different measures describing a fact are common (e.g. for a
vehicle repair it might be useful to measure the duration of the repair, the costs for
parts being exchanged and the cost for the wages). That means that a cell of the cube
does contain more than one numeric value. Some of these measures are derived, i.e.
they can be computed from other measures and dimension attributes (e.g. total repair
cost is the sum of part costs and costs for wages).

A complex schema can contain more than one cube. This becomes necessary if an
application requires the analysis of different facts (e.g. vehicle sales and repairs) or if
not all of the measures are dependent on the same set of dimensions.

These multiple cubes can share dimensions (e.g. the time dimension). This does
not necessarily mean that these cubes measure data using the same granularity. For
example vehicle sales might be recorded and analyzed on a weekly basis, while the
vehicle repairs are recorded daily (see section 5).

Regarding the multidimensional paradigm it is obvious, that the E/R model is not
very well suited for the natural representation of multidimensional schemas. The
inherent separation of qualifying and quantifying data cannot be expressed as all en-
tity sets are treated equally by the E/R model. Furthermore the semantics of the com-
plex structure of the dimensions (classification relationship between dimension levels)
is an integral part of the multidimensional paradigm that is too specific to be modeled
as a general purpose relationship.
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3 The Multidimensional E/R Model

In order to allow the natural representation of the multidimensional semantics inher-
ent to OLAP schemas, the E/R model is specialized. Of course, there are several pos-
sible ways to achieve this goal. Our design was driven by the following key consid-
erations:
• Specialization of the E/R model: All elements that are introduced should be special

cases of native E/R constructs. Thus, the flexibility and expressiveness of the E/R
model is not reduced.

• Minimal extension of the E/R model: The specialized model should be easy to learn
and use for an experienced E/R modeler. Thus, the number of additional elements
needed should be as small as possible. A minimal set of extensions ensures the
easy transferability of scientific results (e.g. formal foundations) from the E/R
model to the ME/R model by discussing only the specific extensions.

• Representation of the multidimensional semantics: Despite the minimality, the
specialization should be powerful enough to express the basic multidimensional
semantics, namely the separation of qualifying and quantifying data and the hierar-
chical structure of the qualifying data.

A lot of variations of the E/R model (for an overview see e.g. [18]) have been pub-
lished since the first proposal of Chen. For the purpose of this paper we use a very
basic version of the E/R model. We formally describe our specialized E/R model
using the meta modeling approach. We adhere to the four layer technique of the
ISO/IRDS standard for metadata [12]. Figure 4 shows the meta model of our M/ER
model (Dictionary Definition Layer of the IRDS). The part with the white background
shows the meta model of the E/R model we use as a foundation. For the purpose of
describing the meta model, we make use of an extended version of the E/R model
which allows the concept of generalization. This is done to increase the readability of
the meta model. However, the decision which type of constructs are allowed in the
E/R model itself (and thus the ME/R model) is left open to the modeler.
Following our key considerations we introduce the following specialization:
• a special entity set: dimension level,
• two special relationship sets connecting dimension levels:
� a special n-ary relationship set: the ‘fact’ relationship set and
� a special binary relationship set: the ‘classification’ relationship set.

Since the semantic concept ‘dimension level’ is of central importance, we intro-
duce a special entity set for dimension levels.

To model the structure of qualifying data we introduce a special binary relationship
set: the classification relationship. It relates a dimension level A to a dimension level
B representing concepts of a higher level of abstraction (e.g. city is classified accord-
ing to country). The classification graph is defined as follows: RG = (E,V) with E
being the finite set of all dimension levels e1,..,ek and V = { (ei,ej) | i≠j ∧ 1 ≤ i,j ≤ k  ∧ ei

is classified according to ej  }. Due to the special semantics of the classification rela-
tion, no cycles must be contained in the graph as this could lead to semantically not
reasonable infinte roll-up pathes (e.g. day is classified according to month and month
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is classified according to day). This means the following global integrity constraint
must be fulfilled (→* denotes the transitive closure of the classification relation):

jieeEee jiji ≠�→∈∀ *:,,

Thus the classification graph RG is a directed acyclic graph (DAG). The name at-
tribute of the classifiaction relation set describes the criteria of classification. (e.g.
‘lives in’ for the classification relationship set connecting ‘customer’ and ‘geographi-
cal region’)
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Fig. 4. The meta model of the ME/R model is an extension of the meta model of E/R.

The fact relationship set is a specialization of a general n-ary relationship set. It
connects n different dimension level entities. Such a relation represents a fact (e.g.
vehicle repair) of dimensionality n. A description of the fact is used as the name for
the set. The directly connected dimension levels are called atomic dimension levels.

The fact relationship set models the inherent separation of qualifying and quanti-
fying data. The attributes of the fact relationship set model the measures of the fact
(quantifying data) while dimension levels model the qualifying data.

To distinguish our specialized elements from the native E/R modeling elements
and to enhance the understandability of the graphical model, we use a special graphi-
cal notation for dimension level sets, fact relationship sets, and classification relation-
ship sets (figure 5).
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fact 
name

a fact relationship set

level name

a dimension level set
a classification
relationship set

Fig. 5. The graphical notation of the ME/R elements.

4 Distinctive Features of the ME/R Model

After having introduced the ME/R model, we now investigate how the ME/R
model fulfills the requirements of the multidimensional paradigm. An example for
modeling a real-world scenario can be found in the next section.

A central element in the multidimensional paradigm is the notion of dimensions
that span the multidimensional space. The ME/R model does not contain an explicit
counterpart for this concept. This is not necessary because a dimension consists of a
set of dimension levels. The information which dimension-levels belong to a given
dimension is included implicitly within the structure of the classification graph. For-
mally, the fact relationship identifies the n atomic dimension levels ei1,..ein. The ac-
cording dimensions Dk are the set of the dimension levels that are included in the
subgraph of the classification graph RG(E,V) defined by the atomic level.

{ } nkeeEeD
kik ≤≤→∈= 1| *

The hierarchical classification structure of the dimensions is expressed by dimen-
sion level entity sets and the classification relationships. As previously noted, the
classification relationship sets define a directed acyclic graph on the dimension levels.
This enables the easy modeling of multiple hierarchies, alternative paths and shared
hierarchy levels for different dimensions (e.g. customer and garage in figure 7). Thus
no redundant modeling of the shared levels is necessary. Dimension level attributes
are modeled as attributes of dimension level entity sets. This allows a different attrib-
ute structure for each dimension level.

By modeling the multidimensional cube as a relationship set it is possible to in-
clude an arbitrary number of facts in the schema thus representing a ‘multi-cube
model’. These different cubes and their shared dimensions can be expressed as shown
in figure 7. Notably the schema also contains information about the granularity level
on which the dimensions are shared. This information is for example necessary for the
design of multidimensional joins during further development steps.

Regarding measures and their structure the ME/R model allows record structured
measures as multiple attributes are possible for one fact relationship set. The semantic
information that some of the measures are derived cannot be included in the model.
Like the E/R model the ME/R model captures the static structure of the application
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domain. The calculation of measures is a functional information and should not be
included in the static model. An orthogonal functional model should capture these
dependencies.

year

vehicle
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costs (part)

costs (wages)

costs (total)

# of persons

duration day

month vehicle
sales

price

Fig. 6.  Multiple cubes sharing a dimension on different levels

5 Applying the ME/R Model (Case Study)

To demonstrate the feasibility of our ME/R model, we present a real application. The
following example is taken from a project with an industrial partner [10]. An automo-
bile manufacturer stores data about repairs of vehicles. Among other, the date of re-
pair, properties of the vehicle (e.g. model), information about the specific repair case
(e.g. costs, number of garage employees involved, duration of the repair), data about
the garage doing the repair, and data about the customer who owns the vehicle are
stored.

Typical examples queries for this scenario are: “Give me the average total repair
costs per month for garages in Bavaria by type of garage during the year 1997” or
“Give me the five vehicle types that had the lowest average part costs in the year
1997”

The first design step is to determine which data are dimensions and which are
facts. We assume that the repair costs (broken down by part costs, wages and total)
for a specific vehicle (owned by a customer) for a specific garage are given on a daily
basis. Then the facts (quantifying data) are the repair costs (parts, wages, total). Vehi-
cle, customer, garage and day are the corresponding dimensions (qualifying data) and
because they are at the finest granularity also the atomic dimension levels. Thus, the
fact relationship connects the vehicle repair fact with the dimensions vehicle, cus-
tomer, garage and day. The classification relationships are shown in figure 7 which
contains the complete ME/R diagram for this case study. The fact relationship in the
middle of the ME/R diagram connects the atomic dimension levels. Each dimension is
represented by a subgraph that starts at the corresponding atomic level (e.g. the time
dimension starts at the dimension level day and comprehends also month and year).
The actual facts (part costs, wages, total costs, number of persons involved and dura-
tion of the repair) are modeled as attributes of the fact relationship. The dimension
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hierarchies are depicted by the classification relationships (e.g. vehicle is classified
according to model and brand). Additional attributes of a dimension level (e.g. age or
income of a customer) are depicted as dimension attributes of the corresponding di-
mension level.
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Fig. 7. The ME/R diagram for the analysis of vehicle repairs

Notably, the schema contains a classification relationship between the entities
‘customer’ and ‘geographic region’ and between ‘garage’ and ‘geographic region’.
This shows a distinctive feature of our model: levels of different dimensions may by
classified according to a common parent level. This might imply that the dimension-
ality of the cube is reduced by one when executing a roll-up operation along this clas-
sification. However, this is not the case as the model only captures the semantical
fact, that the same type of classification (geographical classification) is used in both
dimensions. During later phases of the development cycle this information can be
used to avoid redundancies as the geographical regions only have to be stored once.
The corresponding data cube however still contains two dimensions that contain the
same members (customer geographical region and garage geographical region).

Since our ME/R model is a specialization of the E/R model, regular E/R constructs
can also be used in ME/R diagrams. In our example, the entity vehicle can be ex-
tended e.g. to distinguish between cars and trucks. This scenario is shown in figure 8.
We use the isa relationship to model the categorization of vehicles. The extended
diagram (i.e. with ‘regular’ E/R constructs and special ME/R constructs) further al-
lows us to model additional features of the subtypes of our entity vehicle.  Features
[14] are attributes that are only meaningful in a subclass but not in a superclass. Dif-
ferent subclasses may have different features. For example, for a vehicle in general
one might store attributes like length, width, height, colour, or horse power, but a
feature like loading capacity or loading area in m² is only meaningful for trucks. For
a car on the other hand, it might be useful to store the number of seats or the type of
gear (i.e. manual or automatic). Thus, using these combined E/R and ME/R modeling
technique, features as introduced in [14] can be modeled on a conceptual level.
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Fig. 8. Combining ME/R notation with classical E/R constructs

6 Related Work

A lot of publications are available concerning ‘multidimensional data modeling’.
Unfortunately only very few recognize the importance of the separation of conceptual
and logical/physical issues. This is largely because the development in this area has so
far been driven by the product vendors of OLAP systems. To our knowledge only
very few papers investigating a graphical conceptual (i.e. implementation independ-
ent) data modeling methodology for multidimensional database have been published.
Ralph Kimball proposes the design of Data Warehouses using a multidimensional
view of the enterprise data. He presented a ‘multidimensional modeling manifesto’
[13]. However, his approach is not conceptual in the sense that it is not independent of
the implementation (a relational implementation in the form of a ‘star schema’ is
assumed).

In the area of statistical databases, graphical conceptual models to capture the
structure and semantics of statistical tables have been proposed (e.g. [16], [17]) for a
long time. The data warehouse research community focused mainly on physical issues
(e.g. [9]) of data warehouse design. Quite a lot of work has also been done to formal-
ize or extend ([7],[14]) the multidimensional data model (see [2] for a comparison)
and to define query languages for these data models ([1]). However, these formalisms
are not suited for conceptual modeling of user requirements. Our work supplements
these papers by providing a graphical conceptual layer (as the E/R model provides for
the relational paradigm).

Nevertheless, recently the deficit in conceptual models has been recognized. [6]
proposes a formal logical model for OLAP systems and showed how it can be used in
the design process. The paper suggests a bottom-up approach to data warehouse de-
sign. The authors assume an integrated E/R schema of the operational data sources
and give a methodology to transform this schema into a dimensional graph which can
be translated into the formal MD model. Our model is more suited to a top-down
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approach modeling the user requirements independently from the structure of the
operational systems.

[8] also proposes a conceptual model called dimensional fact (DF) scheme. They
give a graphical notation and a methodology to derive a DF model form the E/R mod-
els of the data sources. Although the technique supports semantically rich concepts it
is not based on a formal data model. Our approach is to specialize a well researched
and formally founded model. Furthermore, the notation does not allow the modeling
of alternative paths which we believe is an important requirement.

In [14] Lehner et al. present a conceptual multidimensional data model. They argue
that the common classification hierarchies are not sufficient for all types of applica-
tions. Therefore, they propose feature descriptions as a complementary mechanism
for structuring qualifying information. As the main focus of the paper is the extension
of the paradigm, no graphical notation (apart from the cube visualization) is provided.

7 Conclusions and Future Work

We started from the fact that the multidimensional paradigm plays a central role in
the data warehouse and OLAP design process. However the fundamental semantics of
this paradigm cannot be adequately expressed using the E/R model. Consequently, we
proposed ME/R, a specialization of the E/R model especially suited for the modeling
of OLAP applications. We also defined a graphical notation for the new elements
which allows intuitive graphical diagrams. Our technique supports the easy modeling
of multidimensional semantics (namely the separation of qualifying and quantifying
data and the complex structure of dimensions). Multiple hierarchies, alternative paths
and shared dimension levels can be naturally expressed. By designing ME/R as a
specialization of the common E/R model we ensure a shallow learning curve and a
high intuitivity of the diagrams. Since the modeler can combine ME/R elements with
classical E/R elements semantically rich models can be built. Finally, we demon-
strated the flexibility and usefulness of our approach by modeling a real world exam-
ple.

The ME/R model can serve as the core of a full scale data warehouse design meth-
odology. Using the ME/R model it is possible to capture the multidimensional appli-
cation semantics during the conceptual design phase of a data warehouse. This infor-
mation can be used during later phases (physical design and implementation) of the
data warehouse process for (semi-) automatic system generation. A first step in this
direction will be the mapping of the ME/R model to the formal logical multidimen-
sional data models that were proposed recently.

The ME/R model allows to capture the static data structure. The modeling of dy-
namical (e.g. anticipated query behavior) and functional (e.g. the additivity of meas-
ures along dimensions or the functional relationship between hierarchy levels) aspects
deserve a deeper study. Currently we are investigating a dynamic and a functional
model supplementing the static model (analogous to the OMT) and study the interre-
lationship between those models. Additionally, we are working on a classification of
multidimensional schema evolution operations (e.g. ‘add dimension level’) and ex-
amine the impacts of these operations. To this end, we evaluate schema evolution
approaches from object-oriented databases and investigate their feasibility in the
multidimensional case.
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Abstract. While most data analysis and decision support tools use nu-
merical aspects of the data, Conceptual Information Systems focus on
their conceptual structure. This paper discusses how both approaches
can be combined.

1 Introduction

The data model of Conceptual Information Systems relies on the insight that
concepts are basic units of human thinking, and should hence be activated in
data analysis and decision support. The data model is founded on the math-
ematical theory of Formal Concept Analysis. Conceptual Information Systems
provide a multi-dimensional conceptually structured view on data stored in re-
lational databases. They are similar to On-Line Analytical Processing (OLAP)
tools, but focus on qualitative (i. e. non-numerical) data. The management sys-
tem TOSCANA visualizes arbitrary combinations of conceptual hierarchies and
allows on-line interaction with the database to analyze and explore data concep-
tually.

Data tables are usually equipped with different types of structures. While
most data analysis tools use their numerical structure, Conceptual Information
Systems are designed for conceptually structuring data. As concepts are the basic
units of human thought, the resulting data model is quite universal — and is
also able to cover numerical aspects of the data. However, up to now, the model
does not have any features which support techniques specific to numerical data.

Many applications indicate the need for not only using tools which operate
only on numerical or only on conceptual aspects, but to provide an integrative
approach combining both numerical and conceptual structures for data analysis
and decision support in one tool. In this paper we discuss how the data model
of Conceptual Information Systems can be extended by numerical aspects. The
developments discussed in the sequel arose mostly from scientific and commercial
applications, but for sake of simplicity, we start with a small demonstration
application: a Conceptual Information System for a private bank account. But
first, we provide some basics about Formal Concept Analysis.
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Fig. 1. Formal context and concept lattice of gaseous pollutants

2 The Mathematical Background: Formal Concept
Analysis

Concepts are necessary for expressing human knowledge. Therefore, the process
of knowledge discovery in databases benefits from a comprehensive formalization
of concepts which can be activated to represent knowledge coded in databases.
Formal Concept Analysis ([10], [1], [13]) offers such a formalization by mathe-
matizing concepts which are understood as units of thought constituted by their
extension and intension. For allowing a mathematical description of extensions
and intensions, Formal Concept Analysis always starts with a formal context.

Definition A formal context is a triple (G, M, I) where G is a set whose ele-
ments are called (formal) objects, M is a set whose elements are called (formal)
attributes, and I is a binary relation between G and M (i. e. I ⊆ G × M); in
general, (g, m) ∈ I is read: “the object g has the attribute m”.

A formal concept of a formal context (G, M, I) is defined as a pair (A, B)
with A ⊆ G and B ⊆ M such that (A, B) is maximal with the property
A × B ⊆ I; the sets A and B are called the extent and the intent of the
formal concept (A, B). The subconcept-superconcept-relation is formalized by
(A1, B1) ≤ (A2, B2) :⇐⇒ A1 ⊆ A2 (⇐⇒ B1 ⊇ B2). The set of all concepts
of a context (G, M, I) together with the order relation ≤ is always a complete
lattice, called the concept lattice of (G, M, I) and denoted by B(G,M, I).

Example. Figure 1 shows a formal context about the potential of gaseous pollu-
tants. The six gases NOx, . . . , CO2 are the objects, and the seven listed perils
are the attributes of the formal context. In the line diagram of the concept
lattice, we label, for each object g ∈ G, the smallest concept having g in its
extent with the name of the object and, for each attribute m ∈ M , the largest
concept having m in its intent with the name of the attribute. This labeling
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no. value paid for objective health date

3 42.00 Konni ski-club s 03. 01. 1995
20 641.26 Konni, Florian office chairs / 23. 01. 1995
27 68.57 Family health insurance hi 02. 02. 1995
34 688.85 Tobias office table / 06. 02. 1995
37 25.00 Father gymn. club s 08. 02. 1995
52 75.00 Konni gymn. club s 24. 02. 1995
73 578.60 Mother Dr. Schmidt d 10. 03. 1995
77 45.02 Tobias Dr. Gram d 17. 03. 1995
80 77.34 Parents money due / 21. 03. 1995

Fig. 2. Withdrawals from a private bank account

allows us to determine for each concept its extent and its intent: The extent
[intent] of a concept contains all objects [attributes] whose object concepts [at-
tribute concepts] can be reached from the concept on a descending [ascend-
ing] path of straight line segments. For instance, the concept labeled with CO
has {CO, SO2, NOx} as extent, and {human toxicity potential, greenhouse ef-
fect, ecotoxicity} as intent. The concept lattice combines the view of different
pollution scenarios with the influence of individual pollutants. Such an integrated
view can be of interest for the planning of chimneys for plants generating specific
pollutants.

In the following, we distinguish, for each formal concept �, between its extent
(i. e., the set of all objects belonging to �) and its contingent (i. e., the set of all
objects belonging to � but not to any proper subconcept of �). In the standard
line diagram, the contingent of a formal concept � is the set of objects which is
represented just below the point representing �. The extent of the largest concept
is always the set of all objects. The extent of an arbitrary concept is exactly the
union of all contingents of its subconcepts.

In many applications, the data table does not only allow Boolean attributes
as in Fig. 1, but also many-valued attributes. In the next section, we show by
means of an example how such many-valued contexts are handled by formal
concept analysis.

3 The Conceptual Aspect of the Bank Account System

The basic example underlying this paper consists of a table of all withdrawals
from a private bank account during several months. A small part of this table
is shown in Fig. 2. As an example, the row numbered 20 contains information
about a withdrawal of 641.26 DM for office chairs for the sons Konni and Florian
paid on January 23, 1995. In formal concept analysis, data tables such as the
one in Fig. 2 are formalized as many-valued contexts.
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Definition A many-valued context is a tuple K := (G, M, (Wm)m∈M , I),
where G, M , and Wm, m ∈ M , are sets, and I ⊆ {(g, m, w) |g∈G, m∈M, w∈Wm}
is a relation where (g, m, w1)∈ I and (g, m, w2)∈ I implies w1=w2. Thus, each
m ∈ M can be seen as a partial function. For (g, m, w) ∈ I we say that “object g
has value w for attribute m” and write m(g) = w.

Clearly each finite many-valued context can be represented as a relational data-
base table where the set G of objects occurs in the first field chosen as primary
key.

In the following we construct a conceptual overview with the purpose to
answer questions like “How much has been paid for health for each family
member?”. Therefore we first introduce a conceptual language representing the
meaning of the values occuring in the column health of Fig. 2. This language
is represented by the formal context in Fig. 3. For example, the withdrawals
labeled “s” in column health of Fig. 2 are assigned to “sport” and to “health”,
while the withdrawals labeled “/” are not assigned to any attribute of this scale.
The concept lattice of this formal context is represented by the line diagram
in Fig. 3 which demonstrates graphically the intended distinction between the
withdrawals not assigned to “health” and those assigned to “health” and the
classification of these into three classes. This is an example of a conceptual scale
in the sense of the following definition.

Definition A conceptual scale for an attribute m ∈ M of a many-valued context
(G, M, (Wm)m∈M , I) is a formal context Sm := (Wm, Mm, Im).

Conceptual scales serve for “embedding” the values of a many-valued attribute
in a conceptual framework describing the aspects the user is interested in. But to
embed also the original objects, in our example the withdrawals, into this frame-
work we have to combine the partial mapping of the many-valued attribute m
and the embedding of the values. This is done in the following definition of a
realized scale.
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sport doctor health insurance

health

67

686

Fig. 4. Frequencies of withdrawals related to “health”.

Definition Let Sm = (Wm, Mm, Im) be a conceptual scale of an attribute m
of a many-valued context (G, M, (Wm)m∈M , I). The context (G, Mm, J) with
gJn : ⇐⇒ ∃w∈Wm: (g, m, w)∈I ∧ (w, n)∈Im is called the realized scale for the
attribute m.

To construct the concept lattice of the realized scale we assign to each value w
of m, hence to each object of the scale Sm, an SQL-query searching for all ob-
jects g in the given many-valued context such that m(g) = w. The concept lattice
of the realized scale for “health” is shown in Fig. 4 where the contingents are
replaced by their cardinalities, called frequencies.

Reading example: There are exactly six withdrawals assigned to “sport” and
exactly 67 withdrawals not assigned to “health”. Finally we remark that there are
no withdrawals which are assigned to “health” but neither to “sport”, “doctor”
or “health insurance”.

In TOSCANA, the user can choose conceptual scales from a menu. The
database is queried by SQL-statements for determining the contingents of the
concepts. Finally the results are displayed in a line diagram representing the
embedding of the concept lattice of the realized scale in the concept lattice of
the scale.

The line diagram in Fig. 4 is unsatisfactory insofar as we would like to see
not only the frequencies of withdrawals but the amount of money paid. In the
next section we shall discuss how this can be visualized.

4 The Numerical Aspect of the Bank Account System

For an efficient control of the household budget, the user needs an overview over
the distribution of the money, and not of the number of withdrawals. Hence,
for each contingent S, we display the sum over the corresponding entries in the
column “value” instead of the frequency of S. The result of this computation is
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sport doctor health insurance

health

45518

3980

19301667383

sport doctor health insurance

health

41538

19301667383

Fig. 5. Summing up book-values over contingents (left) and extents.

Mother Father T K F

Parents TK TF KF

Children

Family

38213

78978

23211773329092445

Fig. 6. Summing up book-values over contingents of the scale “family”.

the left line diagram in Fig. 5. We can see for example that the withdrawals for
“sport” sum up to 383 DM and the withdrawals not concerning “health” sum
up to 41538 DM. The right line diagram shows, for each formal concept, the
sum over the values of all withdrawals in the extent (instead of the contingent)
of this concept, for instance the total amount of 45518 DM for all withdrawals
in the given data table and the amount of 3980 DM for “health”. To visualize
also the amount of money paid for the family members (and for relevant groups
of them), we use the scale “family” in Fig. 6. This diagram shows for instance
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Mother Father
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TK
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Children
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sport

doctor

health insurance

health

36028

1930254

741

48
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20824117

688

45

2714

194

1286

1159

Fig. 7. Summing up over contingents in the nested line diagram of the scales
“health” and “family”.

that there are withdrawals of 2445 DM for “Mother”, that 78 DM are classified
under “Parents”, but not under “Mother” or “Father” (this is the “money due”
in the last row of Fig. 2) and that 38213 DM appear for withdrawals classified
under “Family” which are not specified further.

Next we combine the scales “family” and “health”. The resulting nested line
diagram is shown in Fig. 7. Now the withdrawals are classified with respect to the
direct product of the scales for family and health. For instance, 733 DM expended
for Tobias split into 45 DM for a doctor and 688 DM not concerning health, i. e.,
the amount spent on his office table (see Fig. 2). This nested line diagram shows
also that the withdrawals for health insurance (which amount to 1930 DM) are
all summarized under the concept “Family” and are not specified further.

In the next section, we describe the formalization of numerical structures.
This is the basis for generalizing the example in Section 6.
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5 Relational Structures

In Section 2, we have seen how conceptual structures are formalized. Let us now
consider the numerical aspect of the data. In fact, the formalization is a bit more
general, such that it covers arbitrary relations and functions on arbitrary sets.
It is based on the mathematical notion of relational structures.

In the bank account example, the bankbook values are real numbers, for
which addition is defined. In general, for each m ∈ M , there may be functions
and relations on the set Wm.

Definition A relational structure R := (W,R,F) consists of a set W , a set R
of relations R ⊆ W ar(R) on W , and a set F of functions f : W ar(f) → W , where
ar assigns to each relation and function its arity.

For instance, the data types implemented in the database management system
(e. g., Integer, Real, Boolean, Currency, or Datetime) are relational struc-
tures. Hence, for each attribute m ∈ M , we can capture the algebraic structure
of its possible attribute values by a relational structure Rm := (Wm,R�,F�),
just as we captured their hierarchical relationships by a conceptual scale Sm.

Definition A conceptual-relational scheme of a family (Wm)m∈M of sets is a
family (R�,S�)�∈M where, for each m ∈ M , Rm := (Wm,R�,F�) is a relational
structure and Sm = (Wm, Mm, Im) is a conceptual scale.

Here we should mention, that sometimes conceptual and relational aspects over-
lap. Depending on the purpose, they should be covered by a relational structure
or by a conceptual scale, or by both. Time, for instance, can be captured by
a linear order in a relational structure or by some scale (e. g., an inter-ordinal
scale, if only certain time intervals are of interest).

Relational structures can be used for creating new scales. This logical scaling
was developed by S. Prediger (cf. [5]). In this paper, however, we discuss only how
relational structures may affect the data analysis process once the conceptual
scales are created.

6 Conceptual Scaling Supported by Relational Structures

The bank account example and other applications show that it is useful not
to analyze numerical and conceptual aspects of the data independently, but to
combine them. In this section, we discuss how Conceptual Information Systems
can be extended by a numerical component. Since the required functionalities
differ from application to application, the idea is to delegate application-specific
computations to an external system (e. g., book-keeping system, CAD system,
control system, etc.). TOSCANA already provides an SQL-interface to the rela-
tional database management system in which the many-valued context is stored,
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so that we can use the numerical tools of the relational database system (as, for
instance, in the bank account example).

In the process of going from the request of the user to the diagram shown
on the screen, we can distinguish two consecutive, intermediary subprocesses.
First, the chosen scale is imported from the conceptual scheme, and to each of
its concepts, a subset of objects is assigned (by default, its extent or contingent).
Second, for each of these sets, some algebraic operations may be performed. Most
of the implemented Conceptual Information Systems only activate the first step.
Our bank account system is an example where the second step is also activated.
In the first step, we also can identify two actions where a numerical component
can influence the analysis or retrieval process: the import of scales from the
conceptual scheme, where parameters can be assigned to parametrized scales,
and the import of objects from the database, which can be sorted out by filters.
Finally, we can imagine a further action, following the display of the line diagram,
which results in highlighting interesting concepts. These four activities which
make an interaction between conceptual and numerical component possible now
shall be discussed in detail.

6.1 Adapting Conceptual Scales to the Data

A conceptual scale represents knowledge about the structure of the set Wm

of possible values of the attribute m. In general, it is independant from the
values m(G) that really appear in the database. In some situations however, it
is desirable to construct the scale automatically depending on m(G).

Inter-ordinal scales are typically used when a linear order (e. g., a price scale, a
time scale) is divided into intervals with respect to their meaning. The boundaries
of the intervals are usually fixed by a knowledge engineer. However, the range of
possible attribute values is not always known a priori. Hence, for a first glance
at the data, it has proved useful to query the database for the minimal and
the maximal value and to split up this interval into intervals of equal length.
Depending on the application, it might also be useful to fix the boundaries on
certain statistical measures, as for instance average, median, quantiles. These
“self-adapting scales” reduce the effort needed to create the conceptual scheme,
since they are re-usable. It is planned to implement a user interface by means
of which the user can edit parameters at runtime. For instance, he could first
invoke an inter-ordinal scale with equidistant boundaries and then fine-tune it
according to his needs.

This user interface leads to the second example, an application in control
theory: Process data of the incineration plant of Darmstadt were analyzed in
order to make the control system more efficient (cf. [2]). Process parameters like
ram velocity and steam are stored in a database. The ram velocity does not
influence the steam volume directly, but only with a certain time delay. When
the time delay is kept variable, the user can change it via the interface during
the runtime of TOSCANA. That can be used, for instance, for determining the
time delay of two variables experimentally: The engineer examines the nested
line diagram of the corresponding scales for ordinal dependencies. By varying
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the shift time, he tries to augment the dependencies, and to determine in this
way the time delay.

The possibility of using parameters is also of interest for filters that control
the data flow from the database to TOSCANA. They are discussed in the next
subsection.

6.2 Filtering the Objects of the Many-Valued Context

In many applications, users are interested in analyzing only a specific subset
of objects of the many-valued context; for instance, if one is interested in the
withdrawals from the bank account during the past quarter only. If such a subset
is determined conceptually, being the extent (more rarely the contingent) of a
concept of a suitable combination of conceptual scales, TOSCANA provides for
the possibility of “zooming” into that specific concept by mouse click. In the
sequel of the analysis only objects belonging to that concept are considered.

But if the interesting subset is not available as extent or contingent of some
combinations of earlier constructed scales it is often easier to use a filter. Fil-
ters are designed to generate one single interesting subset of the set of objects
while conceptual scales generate a whole set of interesting extents and all their
intersections and contingents.

For such applications, the conceptual scheme should be extended by filters.
In addition to conceptual scales, the user can choose filters from a menu. When
a filter is activated, then objects are only considered for display if they pass
the filter. A filter is realized as an SQL-fragment that is added by AND to the
conditions provided by the chosen scales.

The remarks about parameters in the previous subsection apply to filters
as well. An example for the use of parameters in filters is again the system of
Sects. 2 and 3. As described above, we can construct a filter that only accepts
withdrawals effected in a certain period, e. g., the last quarter. The interface for
editing parameters introduced in Sect. 5.1 provides the possibility of examining
the withdrawals of any period required. When the user activates the filter, he is
asked for start and end date.

6.3 Focussing on Specific Aspects of the Objects

The bank account system is an example of focussing on different aspects of the
data. There we focus not only on withdrawal numbers, but also on the sum of
bankbook values. Now we discuss how this example fits into the formalization
described in Sect. 4. Once the user has chosen one or more scales, TOSCANA
determines for each concept of the corresponding concept lattice a set S of objects
– in most cases its extent or its contingent. In Sect. 1 we mentioned that the
user can choose for each concept whether all names of the objects in S shall be
displayed or only the cardinality of S. A third standard aspect in TOSCANA is
the display of relative frequencies. The last two aspects are examples of algebraic
operations.
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The focussing in the example of Sects. 2 and 3 can be understood as being
composed of two actions: Firstly, instead of working on the set S, the sequence
(m(g) ∈ Wm)g∈S is chosen. In the bank account example, this projection assigns
to each withdrawal from S the corresponding book-value. Secondly, the sum∑

(m(S)) :=
∑

g∈S m(g) is computed (and displayed). The latter is done in
the relational structure assigned to the corresponding attribute. In TOSCANA,
this is realized by a modification of the way the SQL-queries are generated: the
standard COUNT-command used for the computation of the frequency of S is
replaced by a SUM-command operating on the column “value”.

6.4 Highlighting Interesting Concepts

Focussing also can be understood in a different setting. It also means drawing
the user’s attention to those concepts where the frequency of objects (or the sum
of book-values, etc.) is extraordinarily high (or low). The determination of these
concepts is based on the frequency distribution of the nested line diagram. This
distribution can be represented – without its conceptual order – by a contingency
table with entry nij in cell (i, j) where i (j, resp.) is an object concept of the
first (second) scale. As a refinement of Pearson’s Chi- Square calculations for
contingency tables we recommend calculating for each cell (i, j) the expected
frequency eij := (ninj)/n (“expected” means “expected under independence
assumption”) where ni ( nj , resp.) is the frequency of object concept i (j, resp.)
and n is the total number of all objects. To compare the distribution of the
observed frequencies nij and the expected frequencies eij , one should study the
dependency double matrix (nij , eij). Pearson’s Chi-Square calculations reduce
the dependency double matrix to the famous χ2 :=

∑
ij((nij − eij)2/eij). But

the matrix also can be used as a whole in order to highlight interesting places
in a nested line diagram:

– If the user wants to examine the dependency double matrix in detail, then he
may choose to display their entries at the corresponding concepts. Addition-
ally, one of the matrices of differences nij − eij , quotients (nij − eij)/eij , or
quotients nij/eij may be displayed in the same way. The conceptual struc-
ture represented by the line diagram helps us to understand the dependency
double matrix.

– If a less detailed view is required, then the calculation component can gener-
ate graphical marks which indicate those concepts where the matrix entries
are above or below a given threshold. A typical condition in applications is
”eij > k and nij/eij > p” where k and p are parameters which can be chosen
on a suitable scale.

The Chi-Square formula is a very rough reduction of the information about
dependencies, but, clearly, the degree of reduction depends on the purpose of the
investigation. If one is interested not only in having an index showing whether
there is a dependency, but in understanding the dependencies between two many-
valued attributes with respect to chosen scales in detail, then one should carefully
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study the distribution of observed and expected frequencies. This can be done
with the program DEPEND developed by C. Wehrle in his diploma thesis ([9],
supervised by K. E. Wolff).)

7 Outlook

The connections between conceptual scales and relational structures should be
studied extensively. Therefore, practical relevant examples containing both parts
should be considered.

It is of particular interest to examine the compatibility of various conceptual
scales and relational structures on the same set of attribute values. From a formal
point of view both structures are of the same generality in the sense that each
conceptual scale can be described as a relational structure and vice versa. But
they are used differently: conceptual scales generate overviews for knowledge
landscapes, while relational structures serve for computations.

This paper discussed how numerical components can support conceptual data
processing. One should also investigate how, vice-versa, results of data analysis
and retrieval activities in Conceptual Information Systems can be made acces-
sible to other systems. This discussion may lead to hybrid knowledge systems
composed of conceptual, numerical and also logical subsystems, each focussing
on different aspects of the knowledge landscape inherent in the data.
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Abstract. Nested data cubes (NDCs in short) are a generalization of
other OLAP models such as f-tables [4] and hypercubes [2], but also of
classical structures as sets, bags, and relations. This model adds to the
previous models flexibility in viewing the data, in that it allows for the
assignment of priorities to the different dimensions of the multidimen-
sional OLAP data.
We also present an algebra in which most typical OLAP analysis and
navigation operations can be formulated. We present a number of alge-
braic operators that work on nested data cubes and that preserve the
functional dependency between the dimensional coordinates of the data
cube and the factual data in it. We show how these operations can be
applied to sub-NDCs at any depth, and also show that the NDC algebra
can express the SPJR algebra [1] of the relational model. Importantly,
we show that the NDC algebra primitives can be implemented by linear
time algorithms.

1 Introduction and Motivation

Since the 1993 seminal paper of Codd et al [6], on-line analytical processing
(OLAP) is recognized as a promising approach for the analysis and navigation of
data warehouses and multidimensional data [5,7,12,13,16,28]. Multidimensional
databases typically are large collections of enterprise data which are arranged ac-
cording to different dimensions (e.g., time, measures, products, geographical re-
gions) to facilitate sophisticated analysis and navigation for decision support in,
for instance, marketing. Figure 1 depicts a three-dimensional database, contain-
ing sales information of stores. A popular way of representing such information is
the “data cube” [9,17,28]. Each dimension is assigned to an axis in n-dimensional
space, and the numeric values are placed in the corresponding cells of the ‘cube.’

The effectiveness of analysis and the ease of navigation is mainly determined
by the flexibility that the system offers to rearrange the perspectives on different
dimensions and by its ability to efficiently calculate and store summary infor-
mation. A sales manager might want to look at the sales per store, or he might
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Day : day Item : item Store : store
Jan1 Lego Navona → 32
Jan1 Lego Colosseum → 24
Jan1 Scrabble Navona → 13
Jan1 Scrabble Colosseum → 14
Jan1 Scrabble Kinderdroom → 22
Jan2 Lego Kinderdroom → 2
Jan2 Lego Colosseum → 21

Fig. 1. A multidimensional database.

want to see the total number of items sold in all his stores in a particular month.
OLAP systems aim to offer these qualities.

During the past few years, many commercial systems have appeared that
offer, through ever more efficient implementations, a wide number of analy-
sis capabilities. A few well-known examples are Arbor Software’s Essbase [10],
IBM’s Intelligent Server [19], Red Brick’s Red Brick Warehouse [24], Pilot Soft-
ware’s Pilot Decision Support Suite [23], and Oracle’s Sales Analyzer [25]. Some
of these implementations are founded on theoretical results on efficient array
manipulation [21,22,26].

In more recent years, however, it has become apparant that there is a need
for a formal OLAP model that explicitly incorporates the notion of different and
independent views on dimensions and also offers a logical way to compute sum-
mary information. Lately, a number of starting points for such models have been
proposed (an overview is given in [3]). Gyssens et al. [14] have proposed the first
theoretical foundation for OLAP systems: the tabular database model. They give
a complete algebraic language for querying and restructuring two-dimensional
tables. Agrawal et al. [2] have introduced a hypercube based data model with a
number of operations that can be easily inserted into SQL. Cabibbo and Tor-
lone [4] have recently proposed a data model that forms a logical counterpart
of multidimensional arrays. Their model is based on dimensions and f-tables.
Dimensions are partially ordered categories that correspond to different ways of
looking at the multidimensional information (see also [9]). F-tables are struc-
tures to store factual data functionally dependent on the dimensions (such as
the one depicted in Figure 1). They also propose a calculus to query f-tables
that supports multidimensional data analysis and aggregation.

In this paper, we generalize the notions of f-tables and hypercube by intro-
ducing the nested data cube model. Our data model supports a variety of nested
versions of f-tables, each of which corresponds to an assignment of priorities
to the different dimensions. The answer to the query “Give an overview of the
stores and their areas together with the global sales of the various items,” on the
data cube of Figure 1, for instance, is depicted in Figure 2 by a nested data
cube. We also present an algebra to formulate queries, such as the one above,
on nested data cubes. This query language supports all the important OLAP
analysis and navigational restructuring operations on data cubes. There are a
number of operations whose aim lies purely in rearranging the information in
the cube in order to create different and independent views on the data. These
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include, for instance, nesting and unnesting operations, factual data collection
in bags, duplication, extention of the cube with additional dimensions, and re-
naming. The algebra also contains selection, aggregation, and roll-up operations,
which support data analysis.

Motivation. The model we propose offers a natural paradigm for perceiving large
data cubes, as it adds to previously mentioned models mainly flexibility in view-
ing the data by assigning priorities to different dimensions. Put another way,
grouping on values of an attribute is made explicit. As is shown in the next sec-
tion, the NDC model can also be used to represent common data structures such
as sets, bags, and relations. Furthermore, our model generalizes and improves
upon a number of other OLAP models, as discussed later in this paragraph.

Let us first come back to the problem of perceiving large data cubes. Tra-
ditional data cubes are “flat” in the sense that they treat each dimension in
the same way. This causes two kinds of perceptional difficulties. Firstly, the di-
mensionality can be too high to be practically visualizable in a ‘cubic’ format.
Secondly, the cardinality (the number of tuples in the database) is typically very
high. Our approach can be used to decrease both measures.

Store : store Area : area

Navona Italy → Item : item
Lego → {|32|}
Scrabble → {|13|}

Colosseum Italy → Item : item
Lego → {|24, 21|}
Scrabble → {|14|}

Kinderdroom Belgium → Item : item
Lego → {|2|}
Scrabble → {|22|}

Fig. 2. A three-dimensional data cube containing sales information.

We now turn to the comparison of our approach to other OLAP models.
While the query language for the tabular data model proposed by Gyssens
et al. [14] only covers restructuring of tables, ours supports both restructuring
and complex analysis queries. Their model, although generalized for an arbitrary
number of dimensions [15], is mainly suited for two-dimensional spreadsheet ap-
plications. The NDC model, however, offers a theoretical framework for “cube
viewers” where users navigate through a space of linearly nested n-dimensional
cubes.

Our model is based on a simple hypercube model such as the one proposed
by Agrawal et al. [2]. Their approach primarily deals with the insertion of their
alebra into SQL, while this paper proposes an independent implementation of
nested data cubes.
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The NDC model most closely resembles the f-tables proposed by Cabibbo
et al. [4]. Like their model, ours contains explicit notions of dimensions and
describes hierarchies of levels within dimensions in a clean way. However, the
model we propose also allows the construction of a hierarchy of the dimensions
in an NDC. This does not only make viewing very large cubes easier, it also
gives semantics to the scheme of a data cube. Different end-users will typically
prefer different schemes for the same underlying data.

An important problem with the calculus for f-tables as proposed by Cabibbo
et al. is that in at least two cases it is necessary to leave the model temporarily.
Firstly, when aggregate functions are used, the result of a query may no longer
be functional. In contrast, the NDC model has the ability to collect factual
data in bags which allows us to stay within our model after grouping and before
aggregation. Once data is collected in bags, a wide variety of aggregate functions
can be performed on them by reusing the constructed bags.

Secondly, in the f-table model, it is not clear where in the system the infor-
mation for the roll-up function is to be found. It is assumed that it is known
for every value in any level how to roll-up to a value in a higher level from the
hierarchy. Conversely, our operator that is used for roll-up takes any relation as
input, meaning that roll-up information can be stored in another NDC.

While our model clearly shares similarities with the nested relational
model [11,18,27], it is not a generalization of it. Importantly, our model im-
poses linear nesting which only allows for the construction of a linear hierarchy
of dimensions. Finally, Lehner [20] considered a Nested Multidimensional Data
Model where nesting, however, mainly applies to the modeling of dimensional
levels. Furthermore, their approach does not formalize the content of the cube
and permits only single numerical values as cube entries. Also, it does not allow
for user defined aggregation, nor does it treat dimensions and measures symmet-
rically.

Organization. Section 2 introduces nested data cubes (NDCs). Section 3 intro-
duces the operators of the NDC algebra and illustrates them by presenting an ex-
tensive example. Section 4 contains two results concerning the expressive power
of the NDC algebra. Section 5 shows how our algebra can be implemented effi-
ciently. For formal definitions and the proofs of the theorems, we refer to [8].

2 Nested Data Cubes

In this section, we formally define the nested data cube model and illustrate the
definitions using the data cube of Figure 2. After giving additional examples,
we show that the set of NDCs over a given scheme is recursively enumerable.
Algebraic operators that work on NDCs are presented in the next section.

In what follows, we use the delimiters {|·|} to denote a bag. We assume the
existence of a set A of attributes and a set L of levels. In Figure 2, the attributes
are Store, Area, and Item, and the levels are store, area, item, and num (the
set of natural numbers). Every level l has a recursively enumerable set dom(l)
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of atomic values associated to it. For technical reasons, the set L contains a
reserved level, λ, which has a singleton domain: dom(λ) = {�}, with � the
Boolean true value. We define dom =

⋃{dom(l) | l ∈ L}.
For certain pairs (l1, l2) of L × L, there exist a roll-up function, denoted

R-UPl2
l1

, that maps every element of l1 to an element of l2. Further requirements
may be imposed on the nature of roll-up functions, as is done in [4].

Definition 1. (Coordinate).

– A coordinate type is a set {A1 : l1, . . . , An : ln} where A1, . . . , An are distinct
attributes, l1, . . . , ln are levels, and n ≥ 0.

– A coordinate over the coordinate type {A1 : l1, . . . , An : ln} is a set {A1 :
v1, . . . , An : vn} where vi ∈ dom(li), for 1 ≤ i ≤ n.

The set of attributes appearing in a coordinate (type) γ, is denoted att(γ). �

The NDC of Figure 2 has two coordinate types; i.e., {Store : store,Area : area}
and {Item : item}. An example of a coordinate over the former coordinate type
is {Store : Navona,Area : Italy}.

Definition 2. (Scheme). The abstract syntax of a nested data cube scheme
(NDC scheme, or simply scheme) is given by:

τ = [δ → τ ] | β (1)
β = l | {|β|} (2)

where δ is a coordinate type, and l is a level. Throughout this paper, the Greek
characters δ, τ , and β consistently refer to the above syntax. �

The nested data cube of Figure 2, for example, is

τ0 = [{Store : store,Area : area} → [{Item : item} → {|num|}]].

As another example, the scheme of Figure 1 is [{Day : day, Item : item,Store :
store} → num].

Definition 3. (Instance). To define an instance (nested data cube) over a
scheme τ , we first define the function dom(·) as follows:

dom(δ) = the set of all coordinates over coordinate type δ

dom([δ → τ ]) = {{v1 → w1, . . . , vm → wm} | m ≥ 0, and
v1, . . . , vm are pairwise distinct coordinates of dom(δ), and
wi ∈ dom(τ) for 1 ≤ i ≤ m}

dom({|β|}) = {{|v1, . . . , vm|} | vi ∈ dom(β) for 1 ≤ i ≤ m}

An NDC over the scheme τ is an element of dom(τ). �
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Figure 2 is a representation of an instance of the NDC with scheme τ0.

Definition 4. (Depth). The depth of a scheme τ , denoted depth(τ), is defined
as the number of occurences of δ in the construction of τ by applying rule (1) of
Definition 2.

The notion of depth is extended to NDCs in an obvious way: if C is an
NDC over the scheme τ , then we say that the depth of C is depth(τ). The
notion of subscheme of a scheme τ at depth n is assumed to be intuitively clear.

�


The NDC with scheme τ0 is of depth 2. The subscheme at depth 2 is [{Item :
item} → {|num|}].

We now give some additional examples.

Example 1. Note that [{} → num] is a legal scheme. Its depth is equal to 1. All
NDCs over this scheme can be listed as follows (assume dom(num) = {1, 2, . . .}):
{} (the empty NDC), {{} → 1}, {{} → 2}, and so on.

Importantly, num itself is also a legal scheme. Its depth is equal to 0. The NDCs
over num (as a scheme) are 1,2, . . . �


Example 2. NDCs can represent several common data structures, as follows.

Bag: An NDC over a scheme of the form {|β|}.
Set: An NDC over a scheme of the form [{A : l} → λ].
Relation: An NDC over a scheme of the form [δ → λ]. The NDC called C0 in
Section 3 represents a conventional relation.
F-tables [4]: An NDC over a scheme of the form [δ → l]. �


Example 1 shows that the NDCs over the scheme [{} → num] are recursively
enumerable. The following theorem generalizes this result for arbitrary schemes.

Theorem 1. The set of all NDCs over a given scheme τ is recursively enumer-
able.

3 The NDC Algebra

The NDC algebra consists of the following eight operators:

bagify This operator decreases the depth of an NDC by replacing each inner-
most sub-NDC by a bag containing the right-hand values appearing in the
sub-NDC;

extend This operator adds an attribute to an NDC. The attribute values of the
newly added attribute are computed from the coordinates in the original
NDC;

nest and unnest These operators capture the classical meaning of nesting and
unnesting;
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duplicate This operator takes an NDC and replaces the right-hand values by
the attribute values of some specified attribute;

select and rename These operators correspond to operators with the same
name in the conventional relational algebra;

aggregate This operator replaces each right-hand value w in an NDC by a new
value obtained by applying a specified function to w.

Furthermore, the NDC algebra also allows for the use of these operators at
arbitrary depths. For instance, the use of nest at depth 2, will be denoted by
nest2. For more details, we refer to Section 4.1.

These operators are illustrated in the following extensive example, which is
purely designed to contain all operators (and thus contains redundant steps).
Readers interested in the formal definitions of the operators and the details of
their semantics, are refered to [8].

Before turning to the example, we make the following remarks. Due to space
restrictions, we omit several intermediate NDCs. Also, to make the tables smaller
in size, we have used abbreviations for the attributes. It should be noted that
the size of the tables printed below is big because we chose to show all sub-
cubes at once. However, in interactive cube-viewers, sub-cubes will only “open”
when clicked upon, thus reducing the size profoundly. Finally, the reader should
understand that the definitions of the operators are formed such that the result
of an operation always retains functionality.

The query used in the example is

Give an overview per (area, country) pair and per item of the amounts
of toys sold over all shops and all time, in the area of Europe.

We start from raw data in a relation C0 containing information about toy
shops. Typically, such tables contain more than one attribute that can be seen
as a measure. In C0, for instance, both the number of items sold (So) as well as
the number of damaged or lost items (Lo) can serve as a measure.

Da : day It : item St : store So : num Lo : num Co : country
Jan1 Lego Colosseum 35 4 Italy → �
Jan1 Lego Navona 12 1 Italy → �
Jan1 Lego Kindertuin 31 6 Belgium → �
Jan1 Lego Toygarden 31 1 USA → �
Jan1 Scrabble Atomium 11 2 Belgium → �
Jan1 Scrabble Colosseum 15 2 Italy → �
Jan1 Scrabble Funtastic 22 0 Canada → �
Jan1 Scrabble Kindertuin 19 5 Belgium → �
Jan1 Scrabble Navona 17 3 Italy → �
Jan2 Lego Kindertuin 42 5 Belgium → �
Jan2 Lego Navona 28 7 Italy → �

C0

Cube C1 is obtained after selecting one attribute (So) from C0 to be used
as a measure, i.e., C1 = duplicate(C0,So). After chosing this measure for
the OLAP analysis, a logical next step would be to remove this and all other
measures from the coordinate type of the NDC. This projection can be simulated
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in our NDC algebra by the following three steps; first the measures are put in a
seperate sub-cube by using the nest operator, then the information is collapsed
in bags, and finally the aggregate sum is computed.

However, to save space, we temporarily leave the measures in the coordinate
type. In later steps, they will disappear.

C1 = [{Da : day, It : item, St : store, So : num, Lo : num, Co : country} → num].

In order to satisfy the query, we have to add the area attribute to the coordinate
type. This is done by applying extend, i.e.,

C2 = extend(C1, Ar , area, R-UPareacountry).

Thus, the scheme of C2 is [{Da : day, It : item, St : store, So : num, Lo : num, Co :

country, Ar : area} → num].

We now nest in two steps. Thus, C3 = nest(C2,Ar) and C4 = nest2(C3,Co).
The scheme of C3 then is

[{Ar :area} → [{Da :day, It :item, St :store, So :num, Lo :num, Co :country} → num]].

Ar : area

Europe →

Co : country

Belgium →
Da : day It : item St : store So : num Lo : num
Jan1 Lego Kindertuin 31 6 → 31
Jan1 Scrabble Atomium 11 2 → 11
Jan1 Scrabble Kindertuin 19 5 → 19
Jan2 Lego Kindertuin 42 5 → 42

Italy →

Da : day It : item St : store So : num Lo : num
Jan1 Lego Colosseum 35 4 → 35
Jan1 Lego Navona 12 1 → 12
Jan1 Scrabble Colosseum 15 2 → 15
Jan1 Scrabble Navona 17 3 → 17
Jan2 Lego Navona 28 7 → 28

America →

Co : country

USA → Da : day It : item St : store So : num Lo : num
Jan1 Lego Toygarden 31 1 → 31

Canada → Da : day It : item St : store So : num Lo : num
Jan1 Scrabble Funtastic 22 0 → 22

C4 = [{Ar : area} → [{Co : country} → [{Da : day, It : item,St : store,So :
num,Lo : num} → num]]]

We now decrease the number of tuples in the cube by performing a selection.
Cube C5 = select(C4, Ar , Europe). The scheme of C5 is the same as that of C4.
To obtain the pairs of (area, country) requested in the query, unnesting is applied
to the cube. Cube C6 = unnest(C5), and its scheme is

[{Ar :area, Co :country} → [{Da :day, It :item, St :store, So :num, Lo :num} → num]].
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We now need to nest on the item attribute (as mentioned in the statement
of our example query), appearing in the second level of grouping. Cube C7 =
nest2(C6, It), with scheme

[{Ar : area, Co : country} → [{It : item} →
[{Da : day, St : store, So : num, Lo : num} → num]]].

Since we have now obtained the necessary grouping, all attributes remaining at
the deepest level of nesting are not needed anymore. Their data is collapsed into
bags, i.e., C8 = bagify(C7). Note that we are now removing the measures from
the coordinate type, and are also putting all information over all dates together.

C8 = [{Ar : area, Co : country} → [{It : item} → {|num|}]].
As a last step in the process of realizing our example query by using the NDC
algebra, we perform the sum aggregate on the bags of cube C8 to obtain the
totals of sold items. This yields the desired result.

Ar : area Co : country

Europe Belgium → It : item
Lego → 73
Scrabble → 30

Europe Italy → It : item
Lego → 75
Scrabble → 32

C9 = aggregate(C8, sum)

4 The Expressive Power of the NDC Algebra

In this section, we show some properties concerning the expressiveness of the
NDC algebra. We first show that the NDC algebra is sufficiently powerful to
capture algebraic operations working directly on sub-NDCs over a subscheme of
a scheme. Next, we show that the NDC algebra can express the SPJR algebra [1].
We refer to [8] for the proofs of the theorems in this section.

4.1 Applying Operators at a Certain Depth

The recursion in the definition of NDC is a “tail recursion.” Consequently, the
“recursion depth” can be used to unequivocally address a sub-NDC within an
NDC. This is an interesting and important property of NDCs. It is exploited
by defining operators that directly work on sub-NDCs at a certain depth. Such
operators reduce the need for frequent nesting and unnesting of NDCs.

Definition 5. Let C be an NDC over the scheme τ . Let 1 ≤ d ≤ depth(τ). Let
op(C, a1, . . . , an) be any operation of the NDC algebra.

Let τ ′ = subscheme(τ, d). Then opd(C, a1, . . . , an) is defined iff op(τ ′, a1, . . . , an)
is defined. �
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The details of the impact on schemes and NDCs are omitted. They can be found
in [8].

In the example of Section 3, cube C4 was obtained from C3 by using the nest
operator at depth 2.

The following theorem states that opd(C, a1, . . . , an) is not a primitive operator;
i.e., it can be expressed in terms of the operators of the NDC algebra.

Theorem 2. Let C be an NDC over the scheme τ .
The operator opd(C, a1, . . . , an) with d ≥ 2 is redundant.

As an example of this theorem, cube C4 of the previous section can be obtained
from cube C3 by applying the following expressions at depth 1:

C4 = nest(nest(unnest(C3), It),Ar).

4.2 The SPJR Algebra

Theorem 3. The NDC algebra expresses the SPJR [1] algebra.

The proof for Theorem 3 (see [8]) shows how the extend operator can be
used to simulate the relational join.

5 Implementing the NDC Algebra

The operations of Section 3 can be implemented by algorithms that run in linear
time with respect to the number of atomic values that appear in the data cube.
We assume that each aggregate function is computable in polynomial time.

We introduce two new constructs: the iCube which holds the actual data
in an n-dimensional array, and the iStruct, essentially a string representing the
structure behind the data.

For example, consider the scheme [{A1 :a1,A2 :a2} → [{B1 :b1,B2 :b2} → c]].
It can be implemented by the iCube cube of type c[#b1][#a2][#d1][#b2][#a1]
(the array type of the Java language is used for simplicity) together with the
iStruct [5, 2 → [1, 4 → ·]]. In the iCube’s type, #a1 denotes the cardinality
of dom(a1) plus one. That is, there is one entry for each element of dom(a1)
(indexes 1, 2, . . . , #a1 − 1) on top of the entry with index 0. The numbers in
the iStruct denote positions in the array type. For example, “5” refers to the
fifth dimension, which ranges to #a1. A possible member of an NDC over the
given scheme is [{A1 : u1,A2 : u2} → [{B1 : v1,B2 : v2} → w]] which will be
represented in the iCube as cube[v1][u2][0][v2][u1] = w.

Note that an extra, unused dimension is present in the iCube (namely, the
third dimension ranging to #d1). This is necessary in case the extend operation
is used, as we require the types of iCubes to remain the same throughout the
computation of the query. This dimension will then be used to store the attribute
created by the extend operator.



Nested Data Cubes for OLAP 139

A final remark relates to the use of bags in our model. The implementa-
tion should support fast access to the elements in a bag of an NDC, to facili-
tate the computation of aggregate functions. Consider, for example, the scheme
[{A :a}→{|c|}]. NDCs over this scheme contain bags. One possible implementa-
tion uses the iCube cube of type c[#a][#d] and the iStruct [1 → {|2|}]. A member
[{A : v} → {|w1, w2|}] of an NDC over this scheme, for example, is represented
by {|cube[v][i] | 1 ≤ i < #d|} = {|w1, w2|}.

The operations of the NDC algebra are implemented in such a way that the
type of the iCube never changes. Importantly, the nest, unnest, and bagify
operations only change the iStruct, leaving the iCube unaffected. The other
operations also change the content of the iCube. Based on this, we can implement
an expression in the NDC algebra in linear time. We now give a concrete example.

Let revenue be an NDC over the scheme

[{Store : store → [{City : city} → [{Product : product} → num]]]

We want to answer the query “For each city, give the maximal total revenue
realized by any store in that city.” The iCube and initial iStruct implementing the
NDC are revenue = num[#store][#city][#product] and [1 → [2 → [3 → ·]]],
respectively. The algebraic expression for the query is

aggregate(bagify(aggregate(bagify(nest(unnest(revenue),)City),)sum),)max

A Java-like linear program implementing the expression is

for (int c = 1; c ≤ #city; c++) {
revenue [0][c][0] = 0;
for (int s = 1; s ≤ #store; s++) {

revenue [s][c][0] = 0;
for (int p = 1; p ≤ #product; p++) {

revenue [s][c][0] += revenue [s][c][p];
}
revenue [0][c][0] = max(revenue [0][c][0], revenue [s][c][0]);

}
}
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