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Preface

This issue includes some papers of The International Congress on Data
Mining and Information Systems (ICDIS 2006). Research in this field is
intended to improve applications performance and automatically finding
of anomalies, deviations and interesting phenomena in a sea of data.

The topics covered in this number are related to:

— Merging semantic information

— Measuring inconsistency of information

— Automatic generation of hypotheses

— Decision making using hierarchical information
— Evaluation of mined rules and data models

— Engineering requirements in Data Mining projects

The field is active and we foresee that many research results would be
seen soon in commercial products, providing the advantages that authors
are working on.

We thank to all people who participated in this event. The reader is
welcomed to enjoy the contents of this volume.

November 2006 Jesus M. Olivares Ceja
Adolfo Guzmén Arenas
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Automatic Merging of Knowledge using Ontologies

Alma Delia Cuevas Rasgado and Adolfo Guzman Arenas
Center for Research in Computer Science, National Polytechnic Insti-
tute, Av. Juan de Dios Batiz, s/n, Zacatenco, 07738
Mexico City, Mexico
almadeliacuevas@gmail.com; aguzman@acm.org

Abstract. The fact that many people simultaneously construct the pages of the
Web in an independent way, generates a great obstacle for the machines that
track the information in it. Therefore. the concept of Semantic Network has
been introduced. It provides a standardization of the information through
markup languages (SGML. XML, etc.) where the user generates his own anno-
tations. almost all of them as labels or syntactic rules. Relatively few of the lan-
guages have tried to represent and to manipulate the knowledge with methods of
Artificial Intelligence. This paper proposes a structure (an ontology) more suit-
able to represent knowledge, with interesting contributions with respect to
current languages (AML+OIL[5]. RDF[8]. OWL[12]). Also. this paper presents
an automatic algorithm to match and merge two or more ontologies. This merg-
ing is important when it is desired to increase the knowledge in an ontology. In
that way it is possible to accumulate the knowledge in an automatic way. The
process of merging begins by obtaining the value of the similarity between each
elements of the ontologies (through COM[1] Algorithm); later. the optimal
matching is sought. Finally, the result defines the new ontology. This process
is performed totally by the computer. That is to say, the user does not take part
in this process. as it happens in current merging algorithms (OntoMerge[6],
FCA-Merge[9], Chimaera[11]. Prompt[13]. 1{-Map[14]). In the merging, the
OM Algorithm solves problems of contradiction and reorganization of the final
ontology. The efficiency of the algorithm of fusion is demonstrated through
several examples.

Keywords: Knowledge base, Internet, Ontology merging

1 Introduction

These days computers are not anymore isolated devices but they are important entry
points in the world-wide network that interchanges knowledge and carry out business
transactions. Nowadays, using Internet to get data, information and knowledge inter-
change is a business and academic need. Despite the facilities to have access to the
Internet, people face the problem of heterogeneous sources because there are not

© Jests Olivares, Adolfo Guzman (Eds.)
Data Mining and Information Systems.
Research in Computer Science 22, 2006, pp. 3-14



4 Alma Cuevas R., Adolfo Guzmén A.

suitable standards in knowledge representation. This paper addresses this need of
businesses and academia.

Many answers that people require involve acceding several sources in the Internet
and then they merge manually the acquired information in a reasonable way. Merging
the information is an important task and many languages and tools (DAML+OIL[5],
RDF[8] and OWL[12]) have been developed to describe and process Internet content
but the languages lack enough expressiveness to detail knowledge representation.

It is required that computer decipher the information (said, in a document written
in a natural language) and convert it to a suitable notation (its knowledge base) that
preserves relevant knowledge. This knowledge base can be an ontology. Ontology is
an information technology that manages the knowledge through nodes that are joined
with each other through relations, to describe a knowledge domain. Current works
that merge ontologies (OntoMerge[6], FCA-Merge[9], Chimaera[11], Prompt[13],
and If-Map[14]) rely on the user to solve the most important problems found in the
process. This paper describes two important contributions to obtain better advantages
of the Web resources:

1. A new notation to represent knowledge using ontologies, called OM
(Ontology Merging) Notation and
2. An automatic algorithm to merge ontologies called OM Algorithm- That
is, without human intervention
The OM notation provides several improvements to current languages of definition of
ontologies. Two of them are: (a) the new type of relation called Partition; (b) a node
or concept can also be defined as a relation.
Likewise, the merging algorithm that we will explain is totally automatic. This algo-
rithm solves by itself all the problems found in the process. That is to say, the user
does not take part in the process.

2. OM Notation

In the context of sharing knowledge, ontologies provide a clear, syntactic and formal-
ized structuring of a set of nodes also called concepts that are related to each other,
under a knowledge domain and that is common to many people and machines.

OM Notation represents ontologies through a structural design with labels similar
to XML. Theses labels identify the description of the concepts and their relations. The
labels and their descriptions are shown on table 1.

The binary and n-ary relations are described in OM Notation. That is, a relation
can have more of one value and these could be concepts. For example, Zebra concept
has a relation Color that is connected to two elements White and Black.



Automatic Merging of Knowledge using Onlologies 5

<concept> ¢ </concept> Where c represents the name of the concept.

<language> | </language> Where / represents the language in which the words
are defined.

<word>ww;...w,</word>  Where wj,w,...w, represent the words that describe
the concept c.

<arity> a </arity> Where a is a positive number that describes the arity

of the concept c.

<relation> n = v </relation> Where n represents the name and v represents the
value of the relation. The value n and v are concepts.
The v can be a list if the relation has more of a value.

<part> ¢ </part> Concept that contains this relation is part of the con-
ceptc.

<member> ¢ </member> Concept that contains this relation is member of the
concept c.

<subset> ¢ </subset> Concept that contains this relation is subset of the
concept c.

<type> ¢ </type> Concept that contains this relation is a type of the
concept c.

Table. 1. Labels used in the OM Notation.

The relations are properties or characteristics of the node or concept where they are
defined. An example of this called relation Eat is shown in figure 1.
Other relations exist, such as hyponymous relation, that are expressed through con-

cepts nested. For example, plant is a subset of physical_object.
cooncept>thing
<language> Enghsh <word>thing, sornelhng, object, ently <Aword> </Language>
<concoot>chysical_obeot
<hinguage> English <word> concrele_cbjedt, physical otyedl</woid> </Language>
<concent>plant
<hainguage> Enghsh <word> plant, lree<Avord> </Language>
<concept>fnit
«language> Enghch <word> fnad, clric</ord> </Language>
</concept>
</concepl>
<eoncept>man
<hanguage> Engish
<word>men <Avort JLanguage>
<relahomesls=tropce] X, cans</relstion>
<relatorePartlion=292 (0<age<=1 " baby; 1<age<=10. chid 10<age<=17 * pubedy, 17<age<=29
young, 29<age<=59. malure, age>59 . old J</relaorm
</concepl>
<concept>
<concegd>absiraci_ctyect
<language> Engsh <word>imagiiary ctyect, abstract thing<Aword> </Language>
<cencep>soul
<language> Englsh <worc> Soul, spint<werd> </Language>
</concept>
</concept>
<concept>

Figure 2 Representation of an ontology in OM Notation.
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Relations areimplégoanf szpflcﬂ. The Implicit relation indicates a structural relation

(parent-son). For example, the relation “part of” exists between holonymous and
meronymous sets. Ontology with nodes and relations is shown in the figure 2. The
circles and arrows denote nodes and relations respectively. A set is holonymous of
another when its semantic notion represents the whole of an object; therefore bicycle
is holonymous of handle-bar. A set is Meronymous when it represents a part of an

object; therefore handle-bar is meronymous of bicycle.
set

set
Meronymous

set set
Meronymous Meronymous

Figure 2. Graphical representation of ontology with “part of” relation.

Other implicit relations exist, such as: Hyperonymous and Hyponymous, where a
term is hyperonymous of another if meaning of the first one includes the second one.
The set Port as hyperonymous of Port of Mexico is an example of this, because the
meaning of Port of Mexico is included in Port; the relation is represented as <subset>.
Other implicit relation is “type of”. This is the same that “subset”. It is not shown in
this paper.

The explicit relation provide more semantic to the nodes, describing properties,
characteristics or actions that identify a concept of others. For example, the relation
activity between Port of Salina Cruz and Commercial activity, Tourist activity and
Fishing activity. Other examples are presented here:

1. Apple Color Yellow
Apple Form Round
Cat Drinks Milk
Turtle Lives Intertropical zone
Oaxaca Economy Economy of Oaxaca

OB W

2.1. Relation of type Partition

A partition is a collection of sets such that whatever two elements of this collection
are mutually exclusive and all of them are collectively exhaustive.

Nowadays, partitions are not represented in languages [4], [10] and [12]. Partitions
are represented of the following way:

Partition=nomPart{range,:value,; rangey:value,range,.value,}

Where nomPart represents the name of partition, range is the characteristic that
distinguishes this set of the other sets of the partition. This element can be an interval,
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a list of elen}ems or sfmply a character. The value represents the value of the range,
the name of interval, list or character. This can be a node or concept.
For example:
<relation>

Partition = age {0<age<=I: baby;I<age<=10: child;10<age<=13: ten-
nager;13<age<18: young;18<=age<40: adult;40<=age<60: mature;60<=age:
old;}
</relation>
The graphic representation of a partition is shown in figure 3: the small. black circle
represer

Figure 3 Graphical representation of a partition

Partitions are a form of classifying a concept, to be able to infer on this later. The
inference of partitions is not included in this paper.

2.2. A concept can be a relation

The relations are represented in following form: 7 (Crame, Cratue)

Where, r represents the name of relation, C,qm represents the name of the concept of
the relation, C,,1,. represents the concept value of the relation. An example is:

Mother (Mary Ball Washington, George Washington) Mary Ball Washington is
Mother of George Washington, but Mother can be a concept that contains more in-
formation of the meaning of Mother and other concepts related to this. Other contri-
butions exist but will no be explained in this brief space.

3. OM Algorithm for automatic merging of ontologies

Nowadays, several works that merging ontologies need the intervention the user for
this important process, some of them are: [6], [9], [11], [13] and [14]. This algorithm
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is the unique (up to this days) that merges ontologies in an automatic form. The proc-
ess to merge two ontologies, consists of the following general steps: Given 3 ontolo-
gies A, B and C, given concepts a, b and c that belongs to 4, B and C respectively.

1. a € A, to obtain com(a,B)
2. if com(a,B)>0
b e B with better com(a,B)
to merge a, b obtaining ¢ = ex/(a, bretation)
to obtain ¢ € C to each pair (a,b) the resulting ontology is: C = {c} v {a: com(a,B) =
0} U {b:com(b,A) = 0}

The function com(concept, ontology) of the algorithm COM [1] is a similarity search
function that takes the concept and looks for its more similar concept in the ontology,
giving back the most similar concept and a sv (similar value) with value between 0
and I.

The function ext(concept, conceplyaion) of the OM Algorithm is the extension of
concept that is obtained adding to this, new relations of conceptyejanon to concept in B
and those relations that are synonymous. In this step, the inconsistencies are detected
between names and values of a relation. An inconsistency is a fact of the ontology B
that contradicts a fact of the ontology A.

In the process of merging ontologies the following cases appear.

3.1. Verification of the arity in concept

The arity of a concept represents the number of values that the concept can take. If
the concept takes only a value it is said that it is mono-valuated arity. For example,
the arity of the concepts Mother and Father is mono-valuated; because a person can
have a Mother and Father simultaneously.

A concept is a multi-valuated arity if this can take several values. For example, the
political position that a person can carry out. OM Algorithm verifies the arity of con-
cepts before copying the new relation in the resulting ontology. If this concept is a
multi-valuated arity receives the new value; or else, tries to solve the problem using
the Confusion [2] algorithm.

3.2. Union of a new relation

The union of a new relation in the resulting ontology implies the following:

a) The name and value of the relation in A are different from the name and value
of the relation in B, that is to say; they are totally different concepts and they aren’t
Synonymous.

b) The name and value of the relation in B are different from the name and value
of the relation in A; that is to say, they are totally different concepts, they aren’t syn-
onymous.
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3.3. Union of a relation with elements that are synonymous

In order to know if two concepts are synonymous, OM applies COM [1] Algorithm.
This it gives back a message, a concept and a value of similarity. If the message is
“Case B”, the given back concept is considered synonymous; the value of the similar-
ity must be bigger or equal to 0.8 and minor or equal to 1.

Given two ontologies A and B to form one third C ontology, give the relation in A: if
escaped with (José Arcadio, a gypsy) and the relation in B: fled with (José Arcadio, a
gpsy)-

The function com (it escaped with, B) of COM [1] is applied. This function gives
back “Case B” with the concept fled with and the value of similarity is 1 and then
OM does not fuse both relations but it enriches the relation in A (because it escaped

with and fled with are synonymous) with the new words and properties of B, copying
the relation enriched to the resulting ontology C.

3.4. Confusion in the name of relations

During the copy of the relations of a concept, it’s possible that the name of the rela-
tion in A was different from one in B more not the value from this. The confusion
arises when both relations share the same value. The OM Algorithm looks for the
synonymy between the names of relations; this is, applies COM [1] to the names of
the involved concepts. This step is applied when names of relations are concepts. If
COM [1] returns “Case B” then they are synonymous, otherwise they are not. There
are other forms to find the synonymy between the names of relations, but because of
lack of space they are not explained in this paper. If they are not synonymous OM
solves the problem using Confusion [2]. For example:

Given a relation r in A with values: Hydrology (Oaxaca, Main river of Oaxaca).

Given a relation r in B with values: River(Oaxaca, Main river of Oaxaca)

A hierarchy of concepts is used where the names of the relations are represented. The
figure 4 shows this hierarchy. In the hierarchy the number of levels is obtained. It is
to say, the height of the tree is 2. The value of the Confusion [2] of using River in-
stead of Hydrology is calculated, starting from the concept River and following a
route up to Hydrology, counting the descendent levels and dividing the sum between
the number of levels. In order to obtain the value of the confusion of using Hydrology
instead of River, the descendent levels are added; that is to say, 1 is divided between
2. The result is 0.5.
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$ LD w%)

Thng

BYE\' o8y, ch
valie=0]| eatue =1 |
] A
Lake River Lagoon Lake Fover Lagoee

Figure 4 The Confusion of using River instead of Hydrology is 0. This is shown in a), and the
Confusion of using Hydrology instead of River is 0.5. This is shown in b).

Finally OM chooses the smaller value of the confusion. In the example this is the
name of relation in B; it is to say River (Oaxaca, Main river of Oaxaca).

3.5 Confusion in the value of the relations

If the Confusion [2] arises in the value of the relations, the arity of the name of rela-
tion is verified. For example:

Given the relation r in A Birthplace (Benito Judrez, San Pablo Guelatao)

Given the relation r in B: Birthplace (Benito Judrez, México)

The arity of Birthplace is mono-valuated, because it’s not possible to be born at the
same time in two different places, but the place can be specified. It’s to say San Pablo
Guelatao belongs to Mexico. Therefore, OM looks the synonymy of San Pablo Gue-
latao and Mexico. If this doesn’t exist, OM apply Confusion [2], calculating firstly
the height of the tree, the result is 5 according to what it shown in figure 5.

level=5

pamn

Guerero Chiapas Caifomian  New York Madnd

T4 o Juchtin
P San Francisco Manhatan

San P:,‘.;Eu/:-\;::.n
Figure 5. Graphical representation of the hierarchy that indicates
the height of the tree.
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Later, the value of Confusion using Mexico instead of San Pablo Guelatao is calcu-
lated, counting the number of descendent levels. The result is 3 divided between 5,
obtaining the value of confusion 0.6. The value of the confusion of using San Pablo
Guelatao instead of Mexico is obtained. This value is 0. Therefore OM decides to
conserve the relation in A.

3.6. Union of partitions

The relations of type partition are an important contribution in OM Notation. The
case that can appear is: in another ontology, OM finds a partition with the same name
but with different classifications. OM analyzes the ranges and values of these. If they
are different, OM adds the new partition in C like a new one.

3.7. Values of a relation

Given each list of values in a relation, OM verifies the presence of predecessors who
cause redundancy in the data. For example, the following relation:

<relation> visited = Istmo, Salina Cruz, Paris, France, Africa</relation>
The analysis consists of verifying of sequential form each one of the values of the
relation eliminating the predecessors of each concept in list. In this example Istmo
is eliminated because Salina Cruz is member of the Istmo set. It’s understood
that if visited Salina Cruz then it visited Istmo.

If it’s wanted to fuse two relations:

<relation> visited = Istmo, Francia, Frankford</relation> in O,.

<relation> visited = Salina Cruz, Paris, Germany</relation> in Og.

We would think that the result of the fusion would be:

<relation> visited = Istmo, Francia, Frankford, Salina Cruz, Paris, Ger-
many</relation>

But OM would not return that fusion, since it compares the words of each one of the
values of relation, if they are different compares the synonymy, if it does not exist
then applies the algorithm of the Confusion to each one of the values of the relation
and chooses the minus value of the confusion to fuse the relations. In such a way that
the result would be:

<relation> visited = Frankford, Salina Cruz, Paris</relation>

3.8. Verification of redundant relations

During of fusion of ontologies, redundant relations are also copied. OM avoids that in
the resulting ontology, redundant relations from a concept to another are made. The
redundant relations arise when three concepts in C exist. For example, cl, €2,y €3.
(c is the concept and the sub-index is the ontology to which it belongs) whose rela-
tions are the following: cl. is subset of ¢2, c2. is subset of c3. and cl. is subset of
¢3.; the nested relation arises in: cl.. is subset of ¢3. and OM eliminates it of ontol-
ogy C. The nested relations do not only exist in those of type <subset>, also in those
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of type <part> and <member>. Figure 6 shows 2 ontologies A and B that merge with
each other to obtain C. The lines represent the similarity between the concept origin
in A (where it leaves) towards the concept destiny in B (where it point the arrow). In
the figure 6 it’s possible to observe that in A the concept Seed have as preceding
Poppy and in B this predecessor its great-grandfather.

<{concept .‘ — . ——— ——— —— —
’ anguage>English<word>Poppy </word></Language> o
{subsetdpapavaceas </subset> ~\\\
Crelationdlength = & to 5 m </relation> \
<concept e—

—_——
O <Lanquage>Engqlish<word>Seed </word></Language> \T
A \
conceptiHa

v
<Language>English<word>Hair (luord)(/LanguageJ
<partd>Seed </part> ‘/, \

<concept}Poppy] i M dlol S SRRl i ‘
g age)Englisn(uord)Poppy(/uord)(llanguage)
<subset>Papaver</subset> l

— —— — —

<concept>Frut

<Langquage>English<word>Frut</word></Language>
(:) part>Poppy </par
conceptyCovers

B <Language>English<{word>Covers <Iuord)</Language)/
<part>Frut</partd> A
<concept e . s st et S
<Language>English<word>Seed </word></Language>
<part>Covers</part>

Figure 6 A and B ontologies with the relations in Poppy that it will generate nested relation.

In figure 7 the result of the merge in ontology C appears, where the relation nested
between the concepts has been eliminated.

<concept>Poppy
<Language>English<word>Poppy</word></Language>
<subset>Papaver{/subset>
<conceptdFrut
<Language>English<word>Frut</word></Language>
<part>Poppy </part>

(:) <{concept>Covers
() <Language>English<word>Covers </word></Language>
<part>Frut</part>
<concept>Seed
<Language>English<{word>Seed </word></Language>
<{part>Covers</part>

Figure 7 Representation of an ontology without the redundant relation.

3.9. Contributions of the OM Algorithm

1. Totally automatic, requires no human intervention.

2. It handles partitions as well as subsets.

3. It handles nodes (concepts) in an ontology that is described “shallowly” by
just a word, a word phrase or a set of them.

4. Relation among nodes can also be concepts (nodes, that is).

5. It detects inconsistencies (contradictions) in the knowledge in ontology A

versus the knowledge in B, using inconsistency measurements [7] and con-
fusion [2].
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6. It solves some of the contradictions detected in (5), through inconsistency
measurement [7].

4. Tests

Tests have been merging ontologies in the domain of geographic zones, description
of animals, biographies and description of tools, products and novels such as Cien
Afios de Soledad of Gabriel Garcia Marquez. The ontologies were obtained manually
from several documents describing that described, the same topic. The obtained on-
tologies were merged (automatically) by OM.
The validation of results has been made manually, although we are designing an
automatic validation tool.

The work to be reported is a summary of the Ph D. thesis [3] of one of the authors,
and uses COM, a software [1] that, given a concept ca in ontology A finds the most
similar concept cb in ontology B, as well as its similar value.

Conclusions

A notation has been created to design ontologies. This notation presents some im-
provements made to languages of ontologies that exist in the Web. We also imple-
mented OM, an algorithm to fuse ontologies; this algorithm does not process texts but
it takes care to preserve the semantic of the merged ontologies. It detects the inconsis-
tencies during the merge and it solves them. OM makes the fusion totally automatic.
This is a great improvement to the fusion algorithms that are in the Web, since they
perform the fusion in a semi-automatic form. It is to say, the user in them takes part in
the important points of the fusion. OM notation and OM algorithm are part of the
answer to the great necessity to make that the computer, as important entry point in
the Web, can accumulate knowledge and make transactions of business without hu-
man intervention.
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Abstract. In this article we present a model to compute the degree of inconsis-
tency of a particular event. This situation is described through facts from ob-
servers, where each one of them informs on a fact. Contrary to the theory of
Dempster-Schafer, all the observers are equally believable since if their obser-
vations differ, it will be for those different used observation ways. That is to
say, if somebody has the situation in which he wants to investigate and to de-
termine in which transport traveled Luis, and the informants report on what
they observed, they will say that he traveled by airplane, bus, train, etc.; then
with the model we can specify the most likely fact. We define the way to de-
termine the disagreement of these facts and to determine which will be the
value average that adjusts better. It is adjusted to the reported facts.

Keywords: Confusion, inconsistency, fact, observer, center of gravity.

1 Introduction

In this paper we present the study of situations or circumstances of reality, related to a
particular aspect, where a serie of consistent or inconsistent observations is exposed
as facts that describe the event. For such study we present a model that allows finding
the inconsistency in that set of facts.

The data in those facts are qualitative in nature “Jon's hair is black”; more pre-
cisely, constants (such as “black”) must belong to a hierarchy [6].

The model helps us to determine the degree of inconsistency of each fact in an
event, using a function (confusion) in the hierarchy of facts and another function that
computes the value of the inconsistency.

The facts are obtained through observers call reporters or informants, these facts
can be located over a hierarchy of facts (qualitative values), on this hierarchy, a func-

© Jesus Olivares, Adolfo Guzman (Eds.)
Data Mining and Information Systems.
Research in Computer Science 22, 2006, pp. 15-27
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tion measures the confusion that arises when we use r instead of s, the intended or
correct value. For example, about the confusion of using “America” instead of “Méx-

1% summary, we study existent facts about an event.

2 Antecedents

Inconsistency is a topic intensely studied in the area of computation: For ex§mple, _in
databases since the integrity is highly appreciated, so that measuring the inconsis-
tency in the data is important.

Also inconsistency in the requirements stage of the development of a system is
required, since it is impossible to design a system with inconsistent requirements [3].

Other investigations on this topic are carried out in the analysis of news using Clas-
sic logic [7], to find the inconsistency of news over a particular event [1]. Also others
have used the Theory of Dempster-Shafer, also known as the Theory of Functions of
Beliefs, which is a generalization of the Bayesian theory of subjective probabilities,
where the idea is to obtain degrees of beliefs (informants are not reliable, they may
lie) for a question and to combine such degrees when they are based on independent
elements of evidences. For example, we want to know the probability rained in Mex-
ico City on May 10, 2006; if Juan said that it rained, and Pedro said that it didn't rain.
A subjective probability is assigned to the reliability of each people, these events are
considered as independent and they combine these degrees of beliefs to determine if it
rained or not. This is another form of finding inconsistency in a particular situation
[10].

In this paper we solve the following:

o Given an event (set of facts) how certain is it? (To measure the certainty).
That is to say, the list of facts will allow us to determine the consistency or
inconsistency of these facts, and we will also find the must likely fact, that
which generates the smallest uncertainty with respect to all facts in the set.

For example, the color of Luis’ hair, an observer says that it is red, others say that
it is light brown, light dark, blond and black respectively; it is required to find this set
of facts, as well as to determine as close as possible the true color of Luis’ hair.

e We want to analyze the consistency or inconsistency of this group of sym-

bolic facts (colors). To denote the degree of inconsistency, we use the sym-
bol ¢ . We want to compute o .
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3 Motivation

You can measure the weight of an object, its length, its volume, etc. For example, to
measure the length of a door, where four workers take the measurement independ-
ently, the measures being of 2m, 2.3m, 3m, and 2mts. The must likely length is ob-
tained by taking the average of all, which is 2.32m in our example.

On the other hand, if the measurements are not numeric, then we have observations
(“facts™) of the particular event. For example, four people said:

“Pedro’s sweater is red”,
“Pedro’s sweater is pink”,
“Pedro’s sweater is clear”,
“Pedro’s sweater is orange”.

What is the color that makes more sense?, how to calculate the “average” of these
facts?, how to combine the observed colors to determine which is the one that more
approaches to the real color?, can we measure the degree of discrepancy among each
one of these facts and the most likely real color?.

To find this “average”, we place the reported colors in a hierarchy of colors. In this
work we present a methodology that will allow to find the average of n qualitative
variables.

These logic types except the diffuse logic have only two truth value, true and false,
with no shades or gradations of truthfulness or falsehood. But the real world is more
complicated. There are events that are not completely true or totally false, such as
“the sky is blue” or “the weather is hot”. Fuzzy logic solves this and provides degrees
of veracity, by requiring a membership function whose range of values is [0,1].

The Theory of Dempster-Shafer takes subjective probabilities for the observers.
That is, for it people have different degrees of trust (some lie more than other).

The figure 1 shows the development of how to find the fact more commendable of
a set of facts over a particular event. The observers inform of facts from a particular
situation, after these facts are represented in a hierarchy and we calculate the incon-
sistency with the Model to measure the inconsistency (MMI).
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Figure 1. Scheme to compute the inconsistency of a particular event.

4 Previous works

Among the theories that have been dedicate to the study of the inconsistency in in-
formation, is the theory of Dempster-Shafter [10], a mathematical theory of the evi-
dence that was introduced in the 70's and developed by Glenn Shafer and later ex-
tended by Arthur Dempster based on belief functions and commendable reasoning,
which is used to combine pieces separated from information (evidences) to calculate
the probability of an event.

The Theory of Dempster-Shafer is based on obtaining degrees of beliefs for a
question from subjective probabilities, and combining such belief degrees when they
are based on independent elements of evidences. In summary, to obtain the degree of
belief, for a question (did a leaf fall in the car?) it assesses the probabilities of another
question (is the testimony reliable?). The rule of Dempster begins with the supposi-
tion that the question for which it has probabilities is independent with regard to trials
of subjective probabilities but this independence is only a priori; this disappears when
the conflict is discerned among the different evidence elements. Contrary to Demp-
ster-Shafer, in our work the observers that report on the facts have the same credibil-
ity (all say the truth) and if their facts (assertions) differ, it is due to errors or impreci-
sions in the observations, and not to a desire or impulse to lie. For instance, an ob-
server saw Pedro at sunset time, so he reports “his sweater is orange”, while other
observer could only ascertain that “his sweater has a clear color” because the light
was him.
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To determine the fact with smaller inconsistency, in this work we use the hierar-

chies and the Coyfusion function [5], [9]. This function evaluates the similarity quali-
tative value s with regard to another r, both being represented in a hierarchy. For
example, what is the confusion of using dog instead of German Shepherd?. We now

give an example and the equations for determine the value of the function of Confu-
sion (see figure 2).

Transport

n

Maritime Land

TN A

Airplane Aerostatic Light  Ship Submarine Canoe Train Car Bus
globe plane

Figure 2. Hierarchy of several types of transports for travel by air, water and land.

The confusion of using r instead of s, for a hierarchy H (in this case the hierarchy
of transports) the calculus is:

Ifr, s € H, then the confusion in using r instead of s, written conf(r, s) , is:

e  conf(r,r)=conf(r,s)=0, whens is any ascendant of r.
o conf(r,s)=1+conf(r, father _of (s))

To determine the confusion between Transport and Air is
conf (Transport, Air) =1+ conf (Air, father _of (Air))=1+0=1. In this case, the
confusion is /, because we are using Transport instead of Aereo. Due to the location
in that, it is in the hierarchy and the rules of confusion, we travel the tree, where the
upward levels the value is 0 and for each descent it will be /. Now then, if we obtain
conf (Air,Transport) =0, due to Air is a Transport.

Exemplifying the way to use hierarchies and confusion we will give a better vision
of what is being carried out in this work, since it is a fundamental part of this.

5 Development

The Model to measure the inconsistency (MMI), finds the inconsistency of a set of
facts. A value is calculated, which is interpreted as the degree of inconsistency, if it is
close to zero means little inconsistency.
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Definitions

Fact (atomic fact): It is a measurement (numeric value) or an observatiop,
(symbolic) of an aspect (characteristic or property) of the reality. For exam.

Obsgnl'%:egﬁ%'}ioq‘féﬁhlthfldgan OgJ_uzn bgggns 1%%8%3? 8‘,5,)3' or more facts com-
ing from particular event.

Center of gravity r' - This term will be used to represent the value that
gives the smallest degree of inconsistency, by minimizing the sum of the

confusion of all the reported facts with respect to r' . Therefore it will pro-
duce a smaller grade of inconsistency. The center of gravity represents the
most acceptable consent among the different observers. We can say that each
observer doesn't disagree (it agrees totally) with his own reported fact (con-
fusion 0). If an observer reports a fact 4 and then its newspaper or boss re-
ports the fact j, then that observer will be in disagreement with the fact j in

a value given by conf(j, h), the confusion originated to use j instead of & (h

was the reported by the observer). r' is the fact j that minimizes the joint
dissatisfaction or disagreement among the observers, or in fact, among the

n
facts reported by the observers. ¢’ is the value j that minimizes Z( Jshi),
i=l
when using each reported value #4; instead of the most likely value r.on
represents the reported observations.
sigma o .- It is the average of the additions of confusions. o gives us idea
of the average of dissatisfaction or disagreement that the observers have
whose facts have you “summarized” reporting a single value r" instead of
{h,,hz,...,h,,}. These observers reported 4; that differ something from the
most likely value r* . Each observer i has a certain dissatisfaction expressed

by conf(r",k;). The average of those dissatisfactions is & . » is the number
of observations made from the event.

Z":(r‘,h,-)
o1

n

Confusion. It has been defined in page 5 [5].
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5.1 The Model to measure the inconsistency (MMI
Let a model defined by a fourthtuple ¥ )

(Q, J’ qO ’ 0-) >
where

Q,isasetof facts O ={hy,h,..,h,}.

J is the hierarchical relation of concepts, where the elements that belong to the
relation are (h,,h,) and fulfill A, is the immediate ascendant /,. J' is the that
fulfills the condition 4, is the immediate descendant of /,. We will use the operator

¢ to denote the relation immediate ascendant and = to denote the immediate de-
scendant.

Let JT =J U J', it defines the function of confusion conf:JT > {01} like:

Osih, d h,
h,,hy)= 1
conf (s ) {lsihanh,,} 0
The function asc:Q — {h, | (h,,h,) e J} is defined like:
j 2
asc(h,) = hy :ﬂ ha & hy @
gsih, §h,

Let conf,:0xQ— N the function of confusion' for anyone elements that be-
long to O x Q is defined like:

Osih,=h,
O0sih,=¢
by h.)= :
COan( a .) OSihz nhyﬂ.’...ﬂhb,ha (3)

1+ conf ,(h,,asc(h.))

Let Q'c O the set contains the facts of interest and Q', the set contains the facts

of interest with more than one observation. That’'s to say
Q,= {(h, p)|heQ', pisthe number of observations over h dacr)}:

! conf, is analogous to the function conf that is presented in the articles with references [6],

(7}
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Osih, =h,
Osih.=¢
L'Oﬂpr((ha,pa),(h:,p:))= 0sih, n hy T.T hh T ha (4)

] + conf,, (ha ) asc(h: ))[p:]

@ is the empty set,
P. represents the weight of /.,
q, represents the highest node in the hierarchy and the beginning of this,

r" defines the hierarchical value (fact) that minimizes the addition of the function
of confusion:

mianonf r',h) (5)
i=1

o is the value that represents the inconsistency. If o = 0 then the inconsistency

. * . .
does not exist in the facts /;, that they are contained in 7, and o is calculated like:

min(iconf r',h)) (6)

o=

n

. . . . *
o in equation (6) can be interpreted as the confusion average that minimizes r .

5.2 Measuring the inconsistency of a set of facts and finding the most acceptable
value

We show the way to find the degree of inconsistency of a group of facts that describe
a particular event, which were provided by observers. We analyze these facts with a
confusion function, which helps us to compute the center of gravity of the set of facts.

That is, the fact that generates the smallest average inconsistency or which is the
most believable, could be call it also the less lying or the less erroneous.

Example

We want to determine which animal is the pet of John, when the observers reported
the following facts:

John has a siamese cat
John has a siamese cat
John has a feline
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John has a chihuahuefio
John has a dog

John has a dog

John has a Xoloitzcuintle
John has a domestic cat
John has a eagle

Once we have the list of facts, locate them in a hierarchy (the hierarchy is designed
specialized according to the knowledge of some external source, it is “general knowl-

edge”). The figure? 3 shows a hierarchy J , that includes the qualitative variables that
were obtained of the facts, where the observations are represented by an * (asterisk):

/n'm\
Venél 'mle\ Invenebrate

Mamn‘nl\ Bird Mon{ ;n\hmpod
Ca< Herbivore Ralld/v v}lmas Insecl/ }tlmiﬂ

Felme Camne Giraffe Gnu Ostrich Nandu Eaglc VuJule Duck BuﬂerﬂyJee\Nadel Tarantula Scorpion

dog|
Domeﬁm'ese w'lmer Fdﬁ: Xolofl cumlle cmhunnueﬁ\o

Figure 3.Hierarchy of animals, where appear the facts from the above list.

The set of facts is:

Q'= {F eline, Domestic cat, Siamese cat, Dog, Xoloitzcuintle, Eagle, Chihuahueﬁo} 2

but there are two observations that represented that John has a Siamese cat and a
dog, where the highest node in the hierarchy is:

qo = Animal

To determine the possible center of gravity, we must to calculate the confusions of
Feline with each value in the set O':

2The conf (Feline,Siamese cat) is counted in one unit by each level that goes down
in the tree from the node Feline to the node Siamese cat, the levels that ascend they don't

count.
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conf (Feline, Feline) = 0 (using Feline instead of Feline),

conf (Feline, Domestic cat) =1 (using Feline instead of Domestic cat),
conf (Feline, Siamese cat) =2 (using Feline instead of Siamese cat),
conf (Feline, Dog) =2 (using Feline instead of Dog),
conf (Feline, Xoloitzcuintle) =2 (using Feline instead of Xoloitzcuintle),
conf (Feline, Eagle) =3 (using Feline instead of Eagle),
conf (Feline, Chihuahueiio) = 2 (using Feline instead of Chihuahuefio).

The sum of confusions of FelinexQ' is (For the others facts, the sum of confu-

sions is obtained like Feline):

9

conf (Feline,h)=0+14+2+2+2+3+2=12
=1

I

Now we want to find 7, the center of gravity of Q'. Thus, we test each possible

value for 7" in turn (see table 1).

> .
> conf(r',hy)
i=]

conf (Feline,h;)=12

M.

conf (Domestic cat,h;)=11

W Me

Me

conf (Siamese cat,h;) =10

T

<

conf(Dog, h;) =12

b
Z conf (Xoloitzcuintle,h;) =11

9

Z conf(Eagle,h;)=29

)
Z conf (Chihuahueiio, h;) =11

i=]

Table 1. Candidates for gravity center of the facts Q"

Now, we find the value that fulfills:

9
min(z conf (r' ) (a)

i=1
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The value that fulfills equation (a) is ' = Siamese car with o =1.11. This means
that the most pl
ausible value for the pet of John is Siamese cat, it is the value that
minimizes the discomfort (measured by the confusion) of all the observers, which

and he real » o
repﬁ] t%e tan ,are s?lowreeg the ]ilrllzgrlllg?tsel})%%/ &Ig?egs fo'rg”ﬁntfne é:lléments 0.

mm(z confr* h,)]

=]
9

9
I min[z conf (Feline, h, )]
o= = S I
3 9 133

9
min[z conf (Domestic cat, )]

o=

=1
o= . =—=122

o
9

9
min[anf Siamese cat, h,)

g=—"! _—_111

9

min[z conf(Dog, h, )J

PR - MMM 5 1)
9 9.4 i

9
min[z conf(Xoloitzcuintle, h, )J
1

i= 1
o= ! =

9 9

9
min[z conf (Eagle, )J
sl v
9

=122

9

9
mi Z conf(Chihuahuefio, )]
e i=1 _h

9 9

Table 2. Inconsistency degrees for the elements of Q'

In our example, r~ turned out to be the most specific fact (the fact deepest inside
the hierarchy the fact furthest away from the root). This is not always the case. If five
observations (facts) reporting Dog would have made r' =Dog with

12
Zconf (Dog,h;)=12 and o = % =1. For the rest of facts, the degrees of inconsis-
i=1
tency are the following:
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{fta)

12
min| Y conf(Feline, h, )]
P

.;r:—————-12 --E— 2

12
mi Z conf (Domestic cat, ;)
e 116

iel
12

12
min[z conf (Siamv.w cat, by )J
=—=1.08

o

o=

=1

i 12

min[i conf(Dog, h, )]

_— L =-—=]
- 12 12

12
min[z conf (Xoloitzcuintle, b )}
=—=1.16

. 12
12
min[ conf (Eagle, h,)
isl 2
—_— =266
v 12 12

12
min(z conf (Chihuahuefio, h )]
=—=116

=1

o=

12

Table 3. Inconsistency degrees for the elements of Q".

Conclusions

This model allows us, (1) to find the inconsistency in a set of facts; (2) to compute the
degree of inconsistency of a set of facts. In (1) and (2) are carried out using hierar-
chies, instead of assigning subjective probabilities to the truth (reliability) of the ob-
servers, as Dempster-Schafer does or values that in some given moment they take us
away from the reality of the facts.

Therefore, we can find the most commendable fact of a particular situation and a
serie of inconsistency degrees. We no longer assert “these facts are inconsistent” or
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«these facts are consistent”, as classic logic does. Now, we can say “these facts are
consistent in degree x”, where x> 0.

An obstacle can be that more complex facts are not managed, but that will be a
future work.
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Abstract. The GUHA method for automatic generation of hypotheses is
presented in this paper. This technique is based on mathematical logics and one
of its advantages is not to assume any statistical distribution between the data.
With the rules generated from GUHA it is possible to automatically extract
models from data. This article is focused on the study of the interacting
variables which are considered as indicators of social inequality, such as
potable water and electricity availability among others. Using this data the
results indicate us that some variables have a higher incidence than others.
Furthermore, we demonstrate that GUHA is an interesting approach for
obtaining automatic models from variables. This is experimentally evaluated on
variables related to social inequality.

1. Introduction

The General Unary Hypotheses Automaton (GUHA) was first introduced by P.
Hayek, 1. Havel and M. Chytil [1]. GUHA is a method for automatic generation of
hypotheses based on empirical data. GUHA is one of the oldest methods of data
mining [1]. The principle of this method is to let the computer generate and evaluate
all hypotheses and select those that are interesting from the point of view of the given
data and the studied problem. It is important to mention that GUHA is not a method to
verify previously formulated hypotheses.

GUHA systematically finds “all interesting hypotheses™ from the point of view of a
specific problem based on given data. This contains a dilemma: "all" means “as many
as possible”, and "interesting" implies to create "not too many" rules. To cope with
this dilemma, one may try systematically different GUHA procedures. Once a specific
procedure has been selected, it is necessary to adjust the values of its different
parameters. All the specifications and results referred in this paper were obtained
using the specific procedure known as GUHA-ASSOC.

This article is focused on the study of the interacting variables which are
considered as indicators of social inequality. In order to evaluate experimentally the
GUHA method, we analyzed 27 different social variables measured for each of the 32
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inequality. The data base used in this analysis was taken from the INEGI (Instituto
Nacional de Estadistica, Geografia e Informética) [10, 11 and 12].

2. GUHA Method

GUHA is a method for automatic formulation of interesting hypotheses supported by
given data, and this is done by means of computer procedures. These hypotheses
express statements concerning all variables from our sample. In general, the data can
not guarantee the truthfulness of such hypotheses, but offer support and make them

plausible. .
The data to be processed can be represented as a rectangular matrix:

p=(d,),, M
where d, ; is the value of the j-th attribute for the i-th object. Thus, the rows of matrix
D correspond to the objects belonging to our sample and each column stand as a
variable of interest, e.g., objects may be the states and attributes may be social
variables.

It is important to keep in mind that GUHA produces multifactorial hypotheses.
Therefore, these hypotheses express relations among single variables, pairs, triples,
quadruples and further; and not only one-on-one relations.

3. General Procedure of GUHA

The hypotheses in GUHA-ASSOC exhibit the following structure “4~S” (properties
of A are associated with S), e.g., smoking and cancer; where “~” stands as some
notation of association for generalized quantifiers. 4 is called antecedent and S the
succedent of the statement “4~S”. A special case of association A~S is the implication
of the form A—S (“A makes S likely”). Therefore, implicational quantifiers in some
sense estimate the conditional probability P(S |4) [4].

Each generated hypothesis is evaluated as a statement on the data matrix. If the
processed data matrix has no missing data items', each pair 4 and S produces the
corresponding four-fold table:

Table 1. Four-fold table

Variable S -S Total
A a b r=atb

—A c d s:=c+d

Total k:=atc l:=b+d n

! There exist some special considerations for handling missing values in GUHA; for more
information see [5].
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where a, b, c and d are the observed frequencies, defined as follows:

a:= Freq(A & S); the number of objects in the data satisfying both 4 and ;

b:= Freq(A & —S); satisfying A but not satisfying S;

c:= Freq(—A & S); not satisfying A4 but satisfying S;

d:= Freq(—A & —S); not satisfying both 4 and S;
and #n is the number of objects in our data base, such that n= a+b+c+d = k+I = r+s.

On given data, each pair of boolean attributes (4, S) determines its own four-fold
frequency table; the association of 4 with S is defined by choosing an associational
quantifier “~”,

GUHA uses generalized binary quantifiers which are sometimes referred to as
“operators”. The semantics of quantifiers are given by their associated functions: for
each quantifier “~”, there is an associated function Tr. with the values 0 or 1. The
associated functions operate on the frequencies of the different objects satisfying or
not the given statement. For example, the associated function of the quantifier Vv
yields 7 if all the objects satisfy the statement; otherwise its value is 0.

There are several types of associational quantifiers, among them: implicational
quantifiers (e.g., FIMPL) which formalize the association "many A are S";
comparative quantifiers (e.g., SIMPLE) which express the association "4 makes S
more likely, than —S does"; symmetric associational quantifier such as CHI-SQUARE

2
~ZX

&, corresponding to the y?asymptotic test of independence in four-fold tables with

the significance level a [3]. Some quantifiers just express observations on the data;
and some others serve as tests of statistical hypotheses with unknown probabilities.

Since we are interested in symmetric associations, the quantifier used in this article
is CHI-SQUARE test ( ). The associational quantifiers are symmetric if satisfy the
following:

If (a,b,c,d) is a four-fold table, Tr_(a,b,c,d) = 1, then Tr_(a,c,b,d) = 1

where “~” is the quantifier with the associated function 7r_[4]. ;

This quantifier has two input parameters: s and a, where s is the number of valid
hypotheses and a is the level of significance.

Considering the input values of the associational quantifier CHI-SQUARE: s 22, a
€(0, 0.5], an hypothesis is valid iff satisfies the conditions (2), (3) and (4)
consecutively:

azs 2
ad > bc (©)
2 O]
2 _ n(ad —be)” > y2(1-2a)
k-lir=s

where ]2 (1= 24 is the 1-2a quantile of the ,*distribution with one degree of

freedom [6]. Otherwise, the hypothesis is not considered valid.

Matrices with some missing data items can be processed. The user can choose one
of three possible techniques for treatment of missing information: secured (the d}:fault
choice), deleting or optimistic. These three possibilities in fact give triple meaning to
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a sentence A~S in a data matrix D with incomplete information. For more details see

[7]. In this article data with missing items are not considered.

Now we briefly describe the GUHA-ASSOC procedure working with associationa]
quantifiers such as CHI-SQUARE. The application of the procedure takes place in

three main steps:

e Preprocessing - In this first step there is needed to define the following:

o the data matrix,

e it is necessary to establish whether a variable is considered as a antecedent or as

a succedent and to define which rules of inference are to be selected

e parameters determining syntactic form of antecedents and succedents to be

generated,

e minimal and maximal length of antecedents/succedents (number of literals),

o the quantifier and its parameters,

o preparing the internal representation of the data matrix in a suitable form for a

quick generation and evaluation of hypotheses.

For a whole comprehension on this step see Fig 1a and 1b.

e Processing — The main program produces all associations A~S satisfying the
syntactic restrictions. The evaluation of these associations is supervised avoiding
exhaustive search; hence, a group of “interesting” rules is produced. Semantics of
hypotheses is determined by the selection of a quantifier and its parameters see Fig.

Icand 1d.

e Postprocessing — The output is formed by all generated hypotheses that have been
found true and are not immediate consequences of previously found hypotheses.

See Fig. le.

( Antecedents
o) Variables vifv2 [..v§
b r a)
j vl {v2 |...v10]vll] Selection of a
e 2) b) quantifier
c =>< Succedents = s hol
t v9[vio[vil =9
s

c) l
\

Interpretation of
found hypotheses e)

e ad>bc
A—S - 5 n(ad -bc)’
If v2 then v11 k.lLrs

Evaluation of hypotheses

d)

V'

Four-fold table

S |-S
Al a b
-Al ¢ d

Fig. 1. Description of GUHA method. In the figure are shown the main stages of the
GUHA method where the input is the matrix D and the output are the found

hypotheses.
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4. Experimental Analysis with Social Variables

There are many underlying factors for social inequality. Among them are: labour
market, mortality rate, education, race, gender, culture, wealth accumulation, and
development patterns. Social inequality refers to disparities in the distribution of
economic assets and incomes.

As we saw in section 2, the data to be processed is represented as a rectangular
matrix D, where the objects (rows) correspond to the 32 states of the Mexican
Republic and the attributes (columns) stand as the social variables which are 27 [10,
11 and 12]. From these 27 variables (see Table 2), we define the first 24 as the
antecedents and the last three as succedents. This division between antecedents and
succedents is based on the literature [9]. After that, for each variable the objects are
grouped into ten intervals according to their values. Subsequently, we select the
quantifier CHI-SQUARE and its input parameters: s =2 and o = 0.05.

Table 2. Social Variables. The white boxes refer to antecedents and the gray ones to
succedents.

% Urban Number of popl;l;:ttiiz)ln (in Annual rate % Illiter:cxcy
Population libraries A—— of growth population
9, 1 3
% Population | % Population | % Population /«t:hP(t)pulea;tll(on % Population
without without with ground In?i'sp ouz without
drainage electricity floors lanlgg::ges potable water
% Woman % Man
5 % population % Man population
7 :2:;:2:1 I Immigration | earning up to illiteracy eaming.up to
p rate 2 minimal opulation 2 minimal
pop
wages wages
% Population
: ° to 3"
% Emigration Index of Density of /i(;lm(;::?/n ;fa do ot
Rate corruption Population population primary
education
o, 3 0, 1
% Eo;:glg't;on % Population % l}:o;t)gl;t;on % Population
p s of up to 1* grade Iroade of beyond high
st of secondary sgcon 1 school
e education s education
education education
Infant m]::girn e:ji(z)zti Extreme
mortality rate g o poverty
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The next step is to generate the hypotheses and their corresponding four-fold table,

for example:
Antecedent (4): %Urban_popul (53.9, 65.4]

Succedent (S): Inf_mortality_rate [5.9, IOJ
Where () - defines an open interval and [] - defines a closed interval.

The following four-fold table is obtained from the data matrix and the antecedent
and succedent previously defined:

“——I Antecedent frequency
24 | 26

27 | 32

>
win|wln

w

(=)

4

| Seceedent frcquenc)"l

As we can see there are three hypotheses that satisfying both 4 and S, i.e. three states
of the Mexican republic satisfy if %Urban_popul (53.9, 65.4] then Inf_mortality_rate
5.9, 10].

: The ]whole table indicate us that the hypotheses generated from the previous
antecedent and succedent has a confidence of the 50% due to the fact that there are
three objects that satisfy both 4 and S, but on the other hand there are three other
objects that satisfy 4 but not S from the total of antecedents. The hypothesis that give
us a remarkable information is the first one (4~S) with 3/6 of meaning, which is
equivalent to 50% of confidence.

5. Experimental Results

The objects re divided in ten intervals for each antecedent and succedent variables;
each group was labeled for a better interpretation of the results. The categorization
could be defined by the user or the program can do it by itself in two different ways:
equidistant or equiprobable. In this analysis we decided to manually categorize the
objects trying to conserve together those with similar properties. Fig. 2 can be seen as
an example of the categorization for the %No_drainage variable.

After that, the ten categories are labeled as shows the Table 3.

Table 3. Labels for the Categories

1. Extremely low | 2. Very low 3.Low 4.Middle low 5. Mediuml
6. Medium?2 7. Middle high | 8. High 9. Very high 10. Extremely high

The results will be explained in the following subsections, they are divided in three
parts due to the fact that we have previously defined three succedents. These
hypotheses were selected arbitrarily among those labeled with the highest and lowest
levels (corresponding to categories 1,2 or 3 and 8, 9 or 10).
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STATES %No_drainage| Categones
Oaxaca 654.41
(Ou-noro 46.44 ]

Yucatan 41.66

Sanluispotosi 37.92 2

Chlapas 37.73

Campeche 36.21

Puebla 34.‘2} 3

Hidalgo 34.29

Veracruz 32.18

Zacatecas 29.76 } 4

Durango 26.49

Sinaloa 26.71 .

Tamaulipas 25.57} 5 In this case, the

Michoscan 23z objects are divided in
Objects { [cuanajuate 23.71 6 # 10 categories which

Sonors .82 are defined by the

Bajcalsur 19.43 7 user

Bajcainorte 18.12

Tlaxcala 17.79

Coahuila 16.63 8

QuintanaRoo 16.31

Morelos 16.01 }

Chihuahus 14.86 9

Tabasco 14.65

Mexico 13.68

Nuevoleon 9.22

Jalls co 8.26 10

Colima 6.76

Aguascali 5.06

Distrito Federal| 1.83

Fig. 2. Example of the categorization of the variable %No_drainage.

As we mentioned in section 3, although an hypothesis satisfies the conditions (2),

(3) and (4), GUHA does not guarantee its truthfulness. Some causes for this sort of
situations could be:

— the quantity of objects from the matrix is insufficient,
— the categorizations are not appropriate,
— the confidence rate is less than 50% , etc.

In the following results it is possible to observe some hypotheses affected by one or a
combination of the former causes.

5.1 Results of the succedent Infant Mortality Rate

The GUHA method generates 317 valid hypotheses from the succedent infant
mortality rate. The most significant hypotheses are the following:

A) A= Men 2wage (low) — S = Inf death (very low)

S =S
Al 2 ] 3 Confidence = 2/3= 66.6%
-A 3 26 29

5 27 32
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The next step is to generate the hypotheses and their corresponding four-fold table,
for example:
Antecedent (4): %Urban_popul (53.9, 65.4]
Succedent (S): Inf_mortality_rate [5.9, 10]
Where () — defines an open interval and [] - defines a closed interval.

The following four-fold table is obtained from the data matrix and the antecedent
and succedent previously defined:

S =S
A 3 3 6 ‘—"l Antecedent frequency J
~A | 2 24 | 26
5 27 | 32
A
l Seceedent fr:quencd

As we can see there are three hypotheses that satisfying both A4 and S, i.e. three states
of the Mexican republic satisfy if %Urban_popul (53.9, 65.4] then Inf_mortality_rate
5.9,10

[ The ]whole table indicate us that the hypotheses generated from the previous
antecedent and succedent has a confidence of the 50% due to the fact that there are
three objects that satisfy both 4 and S, but on the other hand there are three other
objects that satisfy 4 but not S from the total of antecedents. The hypothe515 that glve
us a remarkable information is the first one (4~S) w1th 3/6 of meaning, which is
equivalent to 50% of confidence.

5. Experimental Results

The objects re divided in ten intervals for each antecedent and succedent variables;
each group was labeled for a better interpretation of the results. The categorization
could be defined by the user or the program can do it by itself in two different ways:
equidistant or equiprobable. In this analysis we decided to manually categorize the
objects trying to conserve together those with similar properties. Fig. 2 can be seen as
an example of the categorization for the %No_drainage variable.

After that, the ten categories are labeled as shows the Table 3.

Table 3. Labels for the Categories

1. Extremely low | 2. Very low 3.Low 4.Middle low 5. Mcdiuml
6. Mcdium2 7. Middle high | 8. High 9. Very high 10. Extremely high

The results will be explained in the following subsections, they are divided in three
parts due to the fact that we have previously defined three succedents. These
hypotheses were selected arbitrarily among those labeled with the highest and lowest
levels (corresponding to categories 1,2 or 3 and 8, 9 or 10).
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If the percentage of urban population and the immigration rate are extremely low then
the degree of marginalization is very high.

F) A =%No_potable & %No_drainage & %No_electricity & %Ground_floors &
%llliteracy P (Extremely high) — S = Marginal (very high)

S -S S -S S =S
A 3 1 4 A 2 0 2 A 3 1 4
~A 3 25 28 ~A 4 26 30 ~A 3 25 28
6 26 32 6 26 32 6 26 32

Confidence = 3/4= 75% Confidence = 2/2= 100% Confidence = 3/4= 75%

vy § —os 5~ Confidence = Y § —OS ) Confidence =
= 100%
A | 3 | 26 | 29 | 3/3=100% A | 3 [ 26 [ 29 ] 3/3=100%
6 | 26 | 32 6 | 26 | 32

If the percentage of population without potable water and the percentage of
population without drainage and the percentage of population without electricity and
the percentage of population with ground floors and the percentage of illiteracy
population are extremely high then the marginalization grade is very high.

G) A = %No_drainage & %No_electricity & %Ground_floors & %llliteracyP
(extremely low) — S = Marginal (very low)

A § 5S 7 Confidence= A z os > Confidence=
-A ] 24 | 25 | 2/7=28.5% -A 1 29 | 30 2/2=100%
3 29 32 3 29 32
s [ -s S | -s
A 3 1 4 Confidence= A 3 0 3 Confidence=
-A| 0 28 | 28 3/4=75% ~Al o0 29 | 29 3/3=100%
3 29 [ 32 3 29 | 32

If the percentage of population without drainage and the percentage of population
without electricity and the percentage of population with ground floors and the
percentage of illiteracy population are extremely low then the degree of
marginalization is very low.

H) A=%Urban_p & %GIB (extremely high) — Marginal (very low)

S =S _ S S _
= 5 5 3 Conﬁden::e— Y 3 7 3 Con_ ﬂdem‘:’e-
“A|] O 29 | 29 3/3=100% “A 1 28 | 29 2/3=66.6%
3 [ 29 | 32 3 1291 32

If the percentage of urban population and the gross internal product are extremely
high then the degree of marginalization is very low.
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5.3 Results of the succedent Extreme Poverty

The GUHA method generates 317 valid hypotheses from the succedent Extreme

Poverty. The most significant hypotheses of this succedent are the following:

I) A = %No_potable & %Ground floors & %Men_2wage & illiteracy M &
illiteracy W & P3_Sec & %No_drainage (extremely low) — § = E poverty
(extremely low)

S G RS S _|-S S IS
Al3|1]4 BEl2 |2 |4 BEl2 [1 |3 A2 |1 |3
SA | 1|27 |28 ~A [2 [26 |28 -A [2 (27 |29 A |2 [27 |29

428 |32 4|28 32 4 |28 |32 4 |28 [32

S =S
A 2 1 3
-A 2 271529,
4 28 | 32

Confidence = 2/3= 66.6%

Confidence = 3/4=75% Confidence = 2/4= 50% Confidence = 2/3= 66.6% Confidence = 2/3= 66.6%,

s | -8 S | S
Al 2214 Al 31417
A 2 | 2 | 28 A1 ] 24 (35
4 ] 28 | 32 4 128 | 32 |

Confidence = 2/4= 50%

Confidence = 3/7= 42.8%

If the percentage of population without potable water and the percentage of
population with ground floors and the man population earning up to two minimal
wages and the percentage of man illiteracy population and the percentage of woman
illiteracy population and the population up to 3" grade of secondary education and the
percentage of population without drainage are extremely low then the extreme
poverty is extremely low.

J) A = %No_potable & %No_electricity & llliteracy M (extremely low) — S =

E_poverty (extremely high)
S )
A 2 2 4
—A 1 27 28
2 29 32

Confidence = 2/2= 50%

S =S S =S
A 2 2 4 A 2 1 3
~A 1 27 | 28 -A 1 28 | 29
3 29 | 32 3 29 | 32

Confidence = 2/4= 50%

Confidence = 2/3= 66.6%

If the percentage of population without potable water and the percentage of
population without electricity and the percentage of man illiteracy population are

extremely low then the extreme poverty is extremely high.

6. Conclusions

By means of GUHA method we are able to obtain several hypotheses which relate
different variables (in this specific case social inequality variables).
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For each hypothesis we compute a percentage of confidence. Using this measure is
possible to define if the hypotheses can be consider as truth or could be rejected, e.g.,
the hypotheses D states “/f percentage of population without drainage is extremely
low then infantile mortality rate is very high”. As we can see, this particular
hypothesis make no sense, and if we evaluate the value of its % of confidence we can
see that shows a very low value compared with the other hypotheses. Thus, we define
this hypothesis as non reliable.

On the other hand, the hypothesis E “If the percentage of urban population and
immigration rate are extremely low then the degree of marginalization is very high”
shows the highest reliability and can be considered to model some of these social
variables.

Using the hypotheses with higher reliability we can design models that allow us to
characterize these sorts of phenomena. Therefore, the GUHA method implicitly gives
rise to these important models through the determination of specific rules with any
assumption of statistical distribution between the data.
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ABSTRACT

Probably, the most complicated aspect in medical care is an
efficient and opportune diagnostic from the Medic. Few years ago this
branch of medical attention was depending only on physician’s experience
and his knowledge, who were dedicated to the patients care. However, this
practice has been changed since Data Base (DB) related and intelligent
systems (like experts systems) have been used. In this document a Related
DB for Nutriology Clinician Department of Instituto Nacional de Ciencias
Meédicas y Nutricion (INCMNSZ), is shown, whose objective is to classify
the patient’s information for a better clinical state visualization to be gotten.
An appropriate designation for an operational risk scale that indicates the
attention degree that must be applied in sick persons will be determinate by
the mixed application of fuzzy logic and relational database. The
information system response is based in a technique called Fussy Logic,
which is applied in medical variables analysis in order to find the existence
of Metabolic Syndrome in the patient, and in a direct test about their life
quality, alimentation habits and Clinic History. The connection between the
DB and Fussy System was created with Matlab and the ODBC Data
Transfer System.

Introduction

The clinical record is the most important element in the medical treatment that

can be applied to a patient by a physician, due the information included into it. Roughly
speaking, the data set contained in the corresponding patient file, is constructed by the
answers (given by a specific patient) to specific question designed by an expert medical
group. The questions are related to the patient’s health conditions, the sickness events
over the entire life, a short version of the patient’s family medical record, lifestyle, some
relevant accidents, surgery interventions, allergies, vaccination history and any current
medicine intake by the patient [1].
These groups of data are one of the most important aspects for the medic to tgke
decisions in a correct way, diagnose efficiently the illness’ patient and propose a solution
to him. In this paper the CH is a key to follow the patients who are candidates to suffer
Metabolic Syndrome. The metabolic Syndrome is defined by the OMS as an altered
regulation of glucose or diabetes (it means an insulin unresponse that is de.ﬁned as
glucose make out under the last quartile levels for population in the study), besides 2 or
more of the following components:

© Jesus Olivares, Adolfo Guzmén (Eds.)
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«6 High blood pressure.

« A triglyceride level above 150 mg/dl
« A High density lipoprotein level (HDL)
« Obesity or high IMC.

The exact cause of metabolic syndrome is unknown. Most researf:hers .believe it is
caused by a combination of the genetic makeup and lifestyle choices, 1nclud||]g the types
of eaten food and the level of physical activity. If the metabolic syndrome is diagnose,
the body suffers a series of biochemical changes. Over time, these changes le.ad to the
development of one or more associated medical conditions. The sequence begins when
insulin, a hormone excreted from your pancreas, loses its ability to make your body's
cells absorb glucose from the blood-your body uses glucose for energy. 'When this
happens, glucose levels remain high after you eat. Your pancreas, :c,ensing a h.lgh glucose
level in your blood, continues to excrete insulin. Loss of insulin production may be
genetic or secondary to high fat levels with fatty deposits in the pancreas [2]. Until
today, the SM’s diagnose is given for the Nutriology medic’s experience. Actually an
automatic or semiautomatic system, that can give us an appropriate and exactly
diagnose, doesn’t exist because each factor of SM has a dissimilar relative weigh and
affect in a different way the metabolic patients state, which can’t be so solved whit
classic programming methods.

The Fuzzy Logic (FL) can associate uncertainly o eventually variables whit a
mathematic function, which is called Membership Function, obtaining an associate grade
inside a range between 0 and 1; that is one of the differences whit the classical binary
theories, because the only can give two different values to the variables. The FL is
conformed for four steps: Fuzzification, rules base, inference mechanism and
defuzzification [3]. The FL is used in a lot of applications, like an uncertainly models
controller, expert systems and decision systems whit partially defined variables. This is
making whit an input’s review, based in the modus-ponens structure: condition-action.
An example applied to this work is the following:

If ... the patient has a high glucose level... so the patient has diabetes
These kinds of sentences are going to use to determinate SM and its related illness.
Methodology
The Methodology is described for the following steps:
1. Design of the Nutriology Department’s Data Base

Microsoft Access was used to design de Data Base because it has an easy form to
development the elements (tables, forms, queries, etc) of it. MatLab and the OBDC Data
System were the tools to export and import data from the Data Base to the fuzzy system,
which were done in Matlab. The DB has eight areas: I Diagnose, II. Clinician

Information, /II. Life Style, IV. Poverty, V. Habits, V1. Metabolic Syndrome, VII. ECD
and Comorbility, VIII. Nutritional Evaluation.
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II. Data export and import

Matlab has a different kind of tools to link it whit external software, in other words
matlab can import data from access to make an analysis of the DB. “Visual Query
Builder” is software to take the information inside the DB tables and show it in a matrix
form in MatLab.

The program code to import de information from the DB is the as follows:

1. logintimeout(10);

2. conn = database('bd2', ", "');

3. ping(conn);

4. curs = exec(conn, 'select * from prueba’);
S. setdbprefs('DataReturnFormat','numeric’);
6. curs = fetch(curs);

7.z = curs.Data;

Description of the code Linel. Specify the time connection to Matlab before send an
error message. Line 2 and 3. “database” is the function to make the link between the DB
and Matlab, the function contains the DB’s name, user name and password The line 3
specifies the connection state. Line 4, 5, 6 and 7. The fields in a table are chosen whit the
function shown in line 4. The Data Format Return are given by the function setdbprefs.

The program code to export information from Matlab to the DB is the following,:

1. setdbprefs('DataReturnFormat','cellarray');
2. d="MALA";

3. exdata={d};

4. colnames(i) = {'calvida'};

S. insert(conn, Prueba, Colnames, exdata)

Line 1. Specify the format to return the data. Line 2 and 3. These lines show the data
thal wll be export to access. Line 4. Shows the name of the DB field. Line5. To export
the information to access is used the insert function which inserts a new line into the DB.

HI.  Pre- Diagnostic fussy System Development

A specialist medic and a lot of bibliography sources were consulted to make a
correct diagnose, in special the National Cardiology journal was read and the diagnose
algorithm was taken from this journal. This algorithm is shown in the picture 1 and
describes the steps to follow to find evidence of SM. The diagnose standards are
explained in the figure 1. The fuzzy system only analyzed the part in bold of the
algorithm in figure 1, the variables to get involved used the parameters shows in table 1.

The figure 1 shows the diagnostic algorithm. The variables included in the MS
description and its corresponding range is depicted in Table 1. The parameters defining
the discourse universe are shown in the same table.
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Figure 1. Diagnose algorithm by

Following the WHO report (1998), the MS is
componed by the following clinic settings *

Systolic Arterial Preassure > 140 mmHg
Dyastolic Arterial Preassure > 90 mmHg
ICC > 0.85 cm for men and 0.80 cm for women
IMC > 25 kg/m”
Triglycerids > 200 mg/dl
HDL <35 mg /dl for men and 45 mg /dl for women

Table 1.
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These are diagnostic criterion: It is considered that an abnormal fasting

condition and with high glucose concentration, glucose intolerant or affected by 2-type

diabetes mellitus had MS if and only if there is any possible association with both
components enlisted above.

FUZZY ALGORITHM DEVELOPEMENT

There were designed 3 different fuzzy pre-diagnostic computer programs. Each
one of them is dedicated to one of the following clinical conditions: low lipids
concentration, obesity and hypertension. These three belong to the, so-called overall
clinic evaluation where 6 different variables are used: Triglycerides concentration, HDL,
IMC, ICC, SAP, DAP. It is important to mention that the designed program don’t use all
the mentioned variables in the Cardiology Journal because until this moment there is not
a complete pre-diagnostic method. However, there are another illnesses associated to
the considered variables that will be related with a specific health problem and can be
added to the program after a hard analysis derived by medical protocols driven at
INCMNSZ.

The automatic decision system (based on hierarchal fuzzy logic) is based on the
classical fuzzy controller, i.e. the variables used in the fuzz pre-diagnostic system
includes an output signal describing the possible sickness that is affecting to the patient,
the membership function selected for each linguistic input and output variable (for the
sake of simplicity, they were chosen as triangular, S and Z shapes as usual in mostly of
fuzzy designs), the range assigned for each function. The fuzzy system designed to treat
arterial pressure does not consider just the problems associated to high pressure, but the
decreased arterial pressure too. So, it is possible to define a complete study on this
important element into the health conditions given for the patient. Besides, a specific
fuzzy controller to analyze and consider low lipids concentration concept has been
implemented. This special fuzzy arrangement uses the triglycerides and the HDL
concentration to define the inference result, and then to provide a correct diagnostic
about the illness presence in the attended patient.

Inside the correct MS diagnose, the obesity is really important to specify the
patient’s risk due the suffered overweight. In particular, these fuzzy relationships are
based on two simple concepts: a) the relation or the, so-called, hip-waist index and b) the
corporal mass index. These both concepts are so useful to define in a unique form the
obesity condition on the patient. An example of the fuzzy system process to diagnose
one of the three illnesses mentioned (Low Lipid Concentration) is shown by the
following membership functions (Figure 2) and its corresponding knowledge fuzzy
matrix (Table 2).

LU b Mo 18

The linguistic terms make
reference to the variables
concentration:

Very Low (MB)
\3 Low (B)
A LY Normal (N)
Hight (A)
Very High (MA)
T oom ow om oW TR T

Figure 2. Membership functions for triglyceride and HDL



48 |. Salgado, A. Rodriguez, et. al. .
The fuzzy matrix to compare both clinician aspects gives us de rules tq
diagnose the illness.

o116 033 LE]
Low Lipid HDL
Concentration MB [B|N|[A]| MA

MB P PIN|[N| N
B P PININJ] N
Triglycerides | N P [N|N|N| N
A V |[V]|V]|P P
MA| V |[VIVIV P

Table 2. Knowledge Fuzzy Matrix Figure 3. Output Membership Functions

The membership functions (Input and Output) and the mat.rix were suggested by
the nutrition specialist at hospital after a detail revision of the amc.Ie in the Cardiology
Journal. The defuzification was made by the centroid method (equation 2).

1V. Designation for an operational risk scale Fuzzy System

The main variables taking place to assign the risky condition for the patient and to
determinate the future attention level with the corresponding self-care are linked whit the
MS diagnostic, but also include the meal habits, the carcinogenic tumors and a complete
clinician analysis from the medicals to the patients. The next table illustrates the method
followed in this part and the variables ranges are also depicted there. In this paper, just 4
different variables are taking into account to define the necessary medic attention,
However, the real DB designed considers 39 different elements to produce a more
confidence diagnostic. Once the variables are extracted of the DB, they are fuzzificated
by the corresponding designed membership functions (Figure 4). The “risk” functions,
for example, are classified in 1) minimum, 2) reasonable and 3) high patient risk. In
general, this fuzzy structure is applied in all others variables.

Table 5.MS Variables

Variable Minil Risk | R blerisk | High Risk

Glucose <90 <150 >300 MR RR HR
Triglycerides <150 <300 >500

Uric Acid <6 >8 <3

R o 50 =% Figure 4. Input Membership fuctions

The ultimate evaluation (fuzzification) delivers a vector with three components
(each one of them devoted to each considered variable). This important element, in fact,
defines the medical assistance in view of the mixed membership function describing by
the discrete algorithm, described below:

39 39 39
o .
G= [Z} *Guray D, Crreyr,” GHR(:‘)] M
i= i=1 i=l

The fuzzification method was selected as centroid, in view of the simplicity demanded
for this job. It is important to remember that all this software should be working 24 hours
and it should be attended many patients during short time.
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The given outputs correspond to the attention model: a) First time visiting the

physician, b) First time and a predefined consequent attention and 3) Hard Nutritional
Support (Figure 5).

1* Time PCA HNS

Figure 5. Membership function output

To make more exact this algorithm, the weighted fuzzy logic (to assign different

values to each variable) was applied at this point. A complete version of the suggested
method to treat the MS is depicted in Fig. 6.

Data Import from Direct questioning
SIPAM

| |

Nutriology
| DB < l
Data Export Result Import
I X G *
= | Matlab l‘l‘
Assign Medic Attention Pre-diagnostic Fuzzy
Fuzzy System System

Analysis Results

Fig. 6. Flow Chart for the overall fuzzy

Results

At this moment, the DB is receiving the patient’s information, however, many
designs related with it have been developed: for example the visual interfaces and the
corresponding formularies. The final DB design was completed using the commercial
software ACCESS and using the ODBC transferred method. Additionally, this datat_;a.?e
contains some special request that allows to assign numerical values for each linguxs_txc
variables associated with the original MS scheme proposed by the INCMNSZ’s nutrition
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department (Fig. 7). Besides, the DB was build to attend each patient during its last six
hospital appointments; this fact permits the physician to evaluate the advances or the
falling backs in the patient’s health. This aspect is novel because the current commercial
databases just give a general view on the patient response but they do not suggest any
kind of treatment and, obviously, many of them are not provided by an artificial

intelligence algorithm to define the corresponding diagnostic.
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Figure 7. Lifestyle and general data for the treated patient.
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The figure 7 shows the DB view corresponding to the general data for each
patient as well as those related with the lifestyle carried out by him or her. The next
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figure 8 Qel.-nonstrat.es the frequently questions supplied by the medic to the patient and
his/her clinical studies th.at' were suggested before. Of course, these elements are used as
the input data for the decision systems generated by the fuzzy arrangement.

The DB was linked with MATLAB in order to analyze the stored data. It is
important to note the numerical representation considered at this point becausé this
procedure allows defining any statistical method to derive an alternative form for the
same diagnostic (one given by a “possibility condition” and other described by statistics
developments).

A graphical interface was made to present the numeric analysis by GUIDE
(Graphical User Interface Development Environment) of Matlab. This interface allows
the medicals a fast and easy manipulation of the software. The figure 9 shows the
diagnose into the graphical interface called DIS (Diagnose Interface System) concerning
at SM diagnose. The official report provided by the diagnostic process is shown in figure
9, where the three specific illnesses (Arterial Pressure, Obesity and Low Lipids
Concentration) are analyzed. Finally the software introduced here gives a couple of
additional information: 1) a possible therapy to define and complete the diagnostic and

Zi the Eossible confirmation for the MS sufferinﬁ.
Sistema de Diagnostico

Aencion Sugerida

3 : Anaiis do patologuas presentes en ef pacienter o
28 Diurm:uIS’JHC.'E;"Q\A
: : s [ 66427
3 : :  HIPERTENSION _ “rn e ;
: : Disgnossica: "Hipctension” Visita a enaliza
H : DBESI
24 H 2 Dioomo b oo 2 fvista E|
o oy zu.sms
H DIAGNOSTICO DE SINDROME METASOUCO
2 8 Posee un componente ded Sindiome metaboico
"Sompecha de snd ; 820 132300 Carck dot y de Sabetes”
Se recomenda "Valoracion anudd”

18 ' Presione una teda para contnus

1 i
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Figure 9. General final view for the pre-diagnostic algorithm.

The next figure demonstrates the numerical inform given by Matlab alter the data
were imported from the DB. This particular analysis was realized for a patient given in
the previous diagnosis analysis (Figure 9).

o6 Sex: Female. This patient is affected by the MS illness and by the type 1I
Diabetes Mellitus (bad glucose regulation), high HDL, uric acid outside of the
normal ranges and obesity (classified as level 1).
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Figure 10. Response screen given by the fuzzy system with the results for the Palient
number 1. It should be noted the suggested therapy included at the bottom of the specific report.

The output in the graphic represents the defuzzification result, using the
designed membership functions, the linguistic variables selected and the overall fuzzy
inference model. The final value (1.7581) indicates the patient requires a new session to
be attended with a medium urgency (possibility) determined by a 75.18 %. If the number
in the response is 3, indicates the patient should be keep at the hospital to be observed by
the medics and 1 with 0 % indicates the patient can be released for the treatment. To
prove the workability of the suggested method, a second case is considered. The clinical
values for this patient are:

~ Sex: Female. She is a patient in death danger whit a lot of complications in her
metabolic state. There is some evidence related with tumor activity, chronicle
infection and a generalized organic fail. The given results are depicted in
figures 11 (SM diagnose) and 12 (risk scale allocation).

The given results demonstrated this patient should be attended “before” the
results derived before (patient 1), because the possibility or urgency to treat this patient
is 90.91 %. At the same time, the results suggest a Risky Nutritional Support.

The analysis derived by the MS pre-diagnostiv system allows stating a well
defined methodology to provide a range or degree of attendance and to define
repeatability concepts to treat the MS illness, due the numerical algorithm introduced in
this study.
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Figure 11. Results derived by the second patient’s data from the diagnose algorithm.
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Figure 12. Results given by the risk analysis fuzzy system
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Conclusions

The friendly design for the DB gives to the medic an easy way to acquire the
enough knowledge about the clinical history, the lifestyle and some general aspect about
the patient that the physician is attended. Besides, the complete elem?nts considered in
the DB fields allow defining a better manner to study the patient sufferings.

The linking process between the ODBC system interface (ACCES) and the
numerical software (Matlab), give us the possibility to analyze (with advance statistics
tools) and to treat the stored data using the well known decision capabilities of the
hierarchical fuzzy logic method (a novel approach in the database field). This approach
is really useful because many of the elements considered at the inference step are based
on the medic opinions (they are with the INCMNSZ’ nutrition department).

The MS treatment development helps the physicians work because it gives an
interesting way to determine the urgency to treat each patient over any other. This fact
accelerates and improves the recovery stage for the affected people on MS, as well.
Obviously, this algorithm never can be substitutes to any medic, because it is not capable
to determine some external elements making the patient situation more or less difficult
that the indicated by the stored data in the DB, however, this artificial intelligent
algorithm can be useful to help the MS treatment and to improve the people health.

The graphical interface provide a easier way to drive the software because the
physician only need to put the patient ID that going to be analyzed and then, he must
wait to find the results given by the automatic system. It is important to note the patient
data are real values that were taken from the hospital database.
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Abstract. This paper introduces the MINE DECISION RULE exten-
sion to SQL for mining classification rules. It allows the user to express
his/her mining requirements and to use the resulting rules to classify
unseen data. To enable the evaluation of an inductive query Q incorpo-
rating a MINE DECISION RULE expression, a typical object-relational
algebra has been augmented with the MineDR operator to mine deci-
sion rules. To evaluate Q, it is first translated into a query tree with
nodes containing operators in this augmented algebra, then the query
tree is transformed into an execution plan which is finally executed. A
prototype system supporting our approach is also presented.

1 Introduction

The huge amounts of data that are currently produced in digital format represent
a challenge for finding useful information. Knowledge Discovery in Databases
(KDD) is the non-trivial process of identifying valid, novel, potentially useful,
and understandable knowledge (in the form of patterns) in data [1]. The ex-
tracted knowledge can then be used to characterize the data or to classify new,
unseen data. KDD is an iterative and interactive process with several steps: un-
derstanding of the problem domain, data transformation, pattern discovery, and
pattern evaluation and usage. Data Mining techniques are applied to discover
patterns from raw data. In this paper we are interested in extracting classifica-
tion (or decision) rules of the form IF-THEN to classify new, uncategorized data
into a pre-defined set of classes. These rules then create a classification model
for each class based on attributes values. For instance, a rule might say that if
weather outlook is overcast then one can play Golf.

There is currently a large number of tools to help the analysts in the KDD
process. However, they fail in supporting the complete KDD process adequately:
analyzing data is a complicate job because there is no framework to manipulate
data and patterns homogeneously. Recently, Inductive Databases (IDBs) have
been proposed to remedy this situation. In this framework, a database contain,
in addition to the raw data, (implicit or explicit) patterns about the data [2].
The discovery of patterns can then be viewed as a special kind of database query-
ing and, in this context, query languages and associated query evaluation and
© Jesis Olivares, Adolfo Guzmén (Eds.)
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optimization techniques are being proposed. Current research in this area has
focused on inductive querying of association rules [3, 4], sequential patterns (5]
and clusters [6].

The expression and evaluation of queries to mine classification rules have
been partially studied on the inductive database context. Some languages have
been proposed, such as DMQL (7], which provides primitives for extracting rules
and other kinds of patterns, AXL [8] that gives a user the possibility of extend-
ing SQL to introduce complex algorithms such as data mining functions, and
DMZX [9] that also provides expressions to support a variety of mining techniques,
including rule induction. These languages are important because they introduce
decision rule mining into the traditional database framework. However, in these
proposals, it is not clear how a query is processed, how the extracted rules can
be manipulated and how they can be used to classify new data.

In this paper, we propose the MINE DECISION RULE extension to SQL
for mining classification rules. It enables the user to express his/her rule mining
requirements such as the data source and the constraints that a rule must satisfy
to be considered in the final result. In order to manipulate homogeneously data
and rules, a typical object-relational data model is used [10]. For processing
queries using MINE DECISION RULE, we have extended a modified version of
the Object-Relational algebra presented in [10] with the MineDR operator (=)
to mine decision rules. This operator help us to produce and process algebraic
expressions to manipulate data and decision rules in the same framework. To
experiment our approach, we have implemented the DRMiner prototype system
to show the capabilities of our language and test query processing techniques.

This paper is organized as follows. Section 2 overviews related work. Section 3
briefly describes the OR model and introduces the elements extending this model
to represent decision rules. Section 4 presents MINE DECISION RULE. Section
5 summarizes the OR algebra and explains the MineDR operator. Section 6
describes the DRMiner prototype system. Finally, Section 7 concludes this paper
and introduces our future work.

2 Related Work

Extracting decision rules from small datasets is a problem that has been studied
for years. However, mining rules from large databases poses new challenges. In
order to discuss relevant related work, we have classified it in two categories:
rule learning algorithms, and inductive query languages and processing.

Research on rule learning algorithms has traditionally focused on improving
the heuristic search and the functions for rule evaluation. In general, algorithms
follow a covering strategy, i.e., an algorithm searches for a rule that explains a
part of its training instances (pre-classified data), separates these instances and
repeats the search for a rule until no instances remain. Popular rule learning
algorithms are R1 [11], PRISM [12], CN2 [13], PFOIL [14] and RIPPER [15]. A
useful analysis of these algorithms can be found in [16].
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Inductive query languages (such as MSQL [4] and MINE RULE [3]) have
mainly focused on association rule mining. Regarding the extraction of decision
rules, there are three proposals: DMQL (7], AXL [8] and DMX [9]. DMQL is a
language providing expressions to carry out an extensive set of data mining tasks,
and in particular it allows the user to generate rules to classify data according
to one or more attributes. It also allows the user to select and filter source data
from a table. However, DMQL does not provide support for rule filtering and
other post-processing operations (such as cross-over) and, for this, ad-hoc tools
have to be externally provided.

Another proposal is the AXL language. It allows the user to add some exten-
sions to SQL for expressing data mining tasks such as classification. By defining
a new aggregate function to implement a classifier, a classification technique
can be expressed in a SQL language expression. However, its main disadvantage
is that the mining algorithm has to be implemented, involving significant code
rewriting.

DMX (Data Mining Extension), like DMQL, provides several Data Mining
techniques. DMX is divided on a Data Definition Language (DDL) and a Data
Manipulation Language (DML). Using the DDL, the user has to define the data
model schema (using specific data types) and the proper algorithm to use, ac-
cording to the data mining task. The user then utilizes DML sentences to handle
the mining model and to perform prediction tasks. Let us remark that the re-
sulting mining model is a ”black box”, unless the user queries its description
using specific DML sentences.

There are other works that are useful to understand the KDD process and
the IDBs framework. These works are related to efficient mapping of patterns in
memory [17], development of general primitives for data mining tasks on query
languages [18-20] and development of a formal theory for IDBs [21, 22].

3 Data and Rules Model

This section introduces the model for data and decision rules. To represent them
homogeneously, the Object-Relational (OR) data model presented in [10] is used.
In the following, the OR model is briefly introduced and then the data types
proposed to represent rules are explained.

The basic components of the OR model are types. An OR database schema
consists of a set of row types Rj,...,R.,, and each attribute in a row type
is defined on a certain type, which can be a built-in type, an abstract data
type (ADT), a collection type, a reference type or another row type. An object-
relational database D on database scheme OR is a collection of row type instance
sets (called OR tables) orty,...,ort, such that for each OR table ort; there is
a corresponding row type RT}, and each tuple of ort; is an instance of the
corresponding row type R;.

Let us consider for instance the database shown in Figure 1. It contains two
tables: the Golf table and Xtest table. The Golf table stores a set of weather
conditions that can be used to decide if one can play Golf or not. Its row type
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Fig. 1. Example database

is composed by the attributes outlook, temperature, humidity, windy and play
(the attribute class) which are all of atomic types. The Xtest table stores data,
related to weather conditions but without specifying a class for each tuple.

The result of the processing of the MINE DECISION RULE expression is a
table named by default Decision-Rules which has the following row type:

decision-rule (idrule: integer, predicate: dr-pattern, class: string,
support: float, confidence: float)

where idrule is a unique identifier for a rule, predicate is the “body” of the rule
to predict a class (of type dr-pattern which will be defined later), class is the
label to be assigned and support and confidence are two accuracy measures of
each rule. The type dr-pattern is an Abstract Data Type (ADT) defined as:

dr-pattern( Equalityset:set(Equality), Ordered:boolean,
create: Func(boolean,set(Equality),boolean),
get-rule: Func(string),
exist: Func(boolean,string))

A dr-pattern has two attributes: Fqualityset and Ordered. Equalityset is
a non-empty set of values of type Equality, where each Equality represents a
selector of a rule, e.g. <humidity = “high”>. The value of the Ordered attribute
indicates the form in which the rules are tested against the data (more on this in
Section 6). There are three functions defined for dr-pattern. The create function
is a constructor that takes as input a set of Equality and a boolean value and
returns a boolean value indicating success or failure. The get-rule function gener-
ates as a string the body of a conjunctive rule from the selectors in Equalityset.
Finally, the Ezists function searches a string inside Equalityset and returns a
boolean value indicating the success or failure of the search.

The table shown in Figure 2 contains a set of rules describing the behavior of
the Golf data. For instance, rule number one says that when attribute outlook is
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Fig. 2. A table containing a set of decision rules

overcast then the predicted class is yes with a support of 0.28 and a confidence
of 1.0, i.e., one can play Golf.

4 The Mine Decision Rule Extension to SQL

This section introduces our MINE DECISION RULE extension to SQL for ex-
tracting classification rules. We have considered some features of the MINE
RULE language (3] in the design of MINE DECISION RULE: (a) selection of
relevant data, (b) definition of specific structures and (c) definition of conditions
to filter rules. The syntax is as follows:

MINE DECISION RULE [<target>]
WITH <attribute> AS CLASS
FROM <table> | <sub-query>
[WHERE <conditions>]

The MINE DECISION RULE clause produces a new table that can be op-
tionally renamed as indicated by < target >. The WITH < attribute > AS
CLASS clause specifies the < attribute > that contains the classes to be pre-
dicted. The FROM clause defines the data source (a table or a subquery) for
decision rule mining. Finally, the WHERE clause is optional and let the user
specify < conditions > to filter a set of rules to get only those of interest.

In the following, we present some examples to show how MINE DECISION
RULE can be used to express different queries. First, let us consider the query
Retrieve a set of decision rules to know when one can play Golf (or not) consid-
ering play as attribute class (Q1).

MINE DECISION RULE Xmodel
WITH play AS CLASS
FROM Golf

In this inductive query, the resulting table is renamed as Xmodel. The WITH
clause specifies the attribute that has the classes to be predicted, play in this
case. This line is mandatory because rules are built around this attribute. In this
example, the FROM clause defines as source the Golf table. With this query, the
user retrieves all possible rules with their respective support and confidence.

Now consider the query Retrieve a set of decision rules based on attributes
outlook and windy, to know when one can play Golf or not (Q2).
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MINE DECISION RULE Xmodel

WITH play AS CLASS
FROM ( SELECT outlook, windy, play FROM Golf )

In this case a sub-query is used to extract a dataset and the rules will consider
only the attributes outlook and windy. This is specified in the FROM clause.

Let us suppose now that a domain expert wants to consider the query Retrieve
a decision rules set with the minimum support of 0.25, to know when we can play
Golf or not (Q3)

MINE DECISION RULE Xmodel
WITH play AS CLASS

FROM Golf

WHERE support >= 0.25

The resulting table is filtered in the WHERE clause to retrieve the rules
having a computed support equal to 0.25 or above.

Now, let us consider the query Classify the data on the Xtest table based on
rules extracted from the Golf table, considering play as class attribute (Q4).

SELECT *

FROM Xtest AS XT, ( MINE DECISION RULE
WITH play AS CLASS
FROM Golf ) AS XM

WHERE PredictionJoin( XT, XM )

This query shows that it is possible to join (using a the PredictionJoin func-
tion) a table T containing uncategorized data (Xtest in this example) with a
table TR (that can be the result of the evaluation of a MINE DECISION RULE
expression) containing a set of rules. The result of a query of this kind is a table
containing the tuples of T already classified by the rules in TR.

5 Query Processing

For processing inductive queries using MINE DECISION RULE, we have ex-
tended the OR algebra introduced in [10] with the MineDR operator to mine
decision rules. In the following, we briefly explain the OR algebra and then
introduce MineDR.

Expressions in the OR algebra consist of OR operands and OR operators. An
OR operand is either an OR table, a path expression or the result of another
operation. In this section, we simply use the term “table” to refer to all the
possible operands, as long as no distinction is necessary. The set of OR operators
consists of the object-relational counterparts of basic relational operators — select
(0), join (p<), Cartesian product(x), project () —, set operators — union (U),
difference (—), intersection (N)), nest (v), unnest (v)-, and special operators to
handle row type object identity — map(¢) and cap(8) —. To the original operator
set, we incorporate the operators group-by (F) and rename (p).
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To this algebra we have added the MineDR operator to mine decision rules,

which is noted as follows:

Za,. (1)

where 7 is an input table with schema (Ai, Az, ..., An_1, A,) such that Ax (k=
1...n — 1) are general attributes and A, is a special attribute representing a
label or class for each tuple in 7. The MineDR operator computes as result a
table of row type decision-rule (see Section 3) containing a set of rules extracted
from table r.

To illustrate the concepts and operations related to the MineDR operator,
the evaluation of queries Q3 and Q4 is explained in the following. Let us consider
first the query Q3, Retrieve a decision rules set with the minimum support of
0.25, to know when we can play Golf or not. In this query, the classification is
based on the attribute play.

P xmodal Xmodel
Gl 7 predicate "~ [ Class [ Co
{3 | outiook ="overcast” yes '0.285... 11.00

G support >=0.25 decision-rule

Elen=mres Predicate ~_I” ciass_ [ supont] Conﬂd'enccl
{3 [ outlook = yes 10.285...11.00

—
—
—_

Golf play decision-rule
S| preleats” | claise™ | Buponl] Confidénce |
1 | outlook ="sunny” | ="high” no :0.214...11.00
2 | outlook = "rainy” | windy = "“TRUE" .no 10.142.. 1.
3 joutlook = "overcast yes .285... {1.
GOLF 4 | humidity = "normar” | windy = "FALSE™ yes .214... 1.
5 p ="mild" | humidity = "normal” __'yes .071...11.00
6 | outlook = "rainy” | windy = "FALSE™ yes 0.071...{1.00

Fig. 3. Query Tree for Qi

Figure 3 shows the query tree for Q3. As input to MineDR (Z), it is neces-
sary to indicate the name of the table containing the data set (in this case the
Golf table) from which rules will be generated, and the name of the attribute
classifying the data (play in this example). Next, MineDR. produces a table con-
taining a set of decision rules. In this query, the WHERE clause is used to filter
the rules to obtain only those that have a support equal to 0.25 or above, and
thus it is necessary to introduce the select () operator in the query tree.

Now consider the query Q4 where a set of decision rules is applied: Classify
the Xtest table based on rules extracted from the Golf table, considering play as
the class attribute. In the query tree in Figure 4, a new table is produced by
the MineDR operator by extracting decision rules from the GOLF table. At the
left side of the tree is the Xtest table with tuples representing instances to be
classified. To obtain the result of the query (classified instances), the Prediction
Join of the resulting table of MineDR with Xtest is executed. At the top of the
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Fig. 4. Query Tree for Q3

query tree, it is possible to see that all attributes of Xtest plus an attribute
containing the assigned class have been projected.

6 The DRMiner Prototype System

We have designed and developed in Java a prototype system, called DRMiner, to
process queries considering the MINE DECISION RULE expression. The main
components of DRMiner are: (a) User interface, (b) Analyzer and Translator,
and (c) Evaluation engine (See Figure 5).

Query Query  Analizor Algebra
— —4 . and | Smm—— Explgmsm
Translator =
User
Interface
Resulls
. By
Results Englne
=3RS
Data

Fig. 5. DRMiner System Architecture

Once a user types a query, the Analyzer verifies its syntax and translate it
into a query tree with nodes containing operators in the OR algebra augmented
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with MineDR. This query tree is passed to the evaluation engine, which uses a

rule learning algorithm to implement MineDR to classify data and returns a table
containing a set of decision rules as a result of the query. Our evaluation engine
currently integrates the PRISM [12] algorithm, because it easy to find standard
code implementations and documentation on the Internet. However, it is possible
to change this algorithm for another accomplishing the same classification task.

Function PREDICTIONJOIN (table T, table M)
Xresult = @
FOR each tuple ir = (ai,az,..,a,) €T
classified = false; class = null; C = @; xtuple=null;
FOR each tuple tar € M
IF satisfies(tr,tar) THEN
class = tjs.class
classified = true
IF —tjs.predicate.ordered THEN add(C,class)
ELSE break
ENDIF
ENDFOR
IF —tpr.predicate.ordered AND classified THEN
class = solve_controversy(C)

ENDIF
xtuple = (aj,asz,..an, class)
add (Xresult,xtuple)

ENDFOR

RETURN Xresult

Fig. 6. Prediction Join Algorithm

The DRMiner evaluation engine also implements a prediction join operation
to classify uncategorized data according to a set of rules. Figure 6 shows the
algorithm. The input is a table (7) with unseen instances (tuples) and a table
(M) with the decision rules to predict the class of each tuple of T. To classify
a new tuple, each rule is tested on the tuple and, when the conditions of a rule
are satisfied, then a class is found. If rules are ordered then the first class found
is assigned to the tuple, otherwise all possible classes are found and then the
controversy is solved to assign only one class to the tuple. The variable ztuple
stores each time a tuple t7 € T plus its assigned class. If none of rules fires, the
algorithm assigns the tuple a null class. The result is the Xresult table.

Finally, Figure 7 shows the DRMiner user interface. It is possible to type a
query to retrieve a table containing a set of rules. All queries mentioned in this
paper can be executed “as is” in DRMiner. For instance, in Figure 7, we can
see that a basic query to Retrieve a set of decision based on the Golf table and
considering play as attribute class is introduced and the results are shown.
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7 Conclusion and Future Work

This paper introduced the MINE DECISION RULE extension to SQL for min-
ing classification rules. It enables the user to express his/her requirements on
the extraction of decision rules from pre-classified data and apply the mined
rules over new, unclassified data. To evaluate queries incorporating MINE DE-
CISION RULE, the MineDR operator has been integrated into a typical OR
algebra. MineDR takes as input a source table and a specific class attribute, and
produces a table containing a set of rules. The DRMiner prototype system has
been developed to test our ideas.

Our future work includes research on query optimization. It will be focused
on deciding which algorithm, from a possible set of rule learning algorithms, is
the most suitable for a classification task, according to data features such as the
number of attributes, data volumes and the presence/absence of noise.
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Abstract. In Data Warehouse (DWH) environments administrators commonly
face the following problems: exponential growth of the DWH; massive storage
requirements; excessive long query response times; excessive Extract,
Transform and Load data (ETL) times; big batch processing windows to backup
and restore the environment; and increasing complexity of DBA tasks. We
propose the use of alternative data models utilising a vertical approach to data
storage (Binary-Relational, Triple Store-Associative) as opposed to the
traditional horizontal storage approach used by the relational model, as a better
approach for DWH environments. We present an impartial evaluation of these
models using an extended TPC-H benchmark, the extensions taking into
account ETL times, Storage requirements, and Backup / Restore times plus
Queries response times. These extensions represent common issues in a
production DWH environment, and to the best of our knowledge, are not
considered in any existing benchmark.

1. Introduction

From the early days of data processing systems through the development of relational
databases up to the present day, data has been stored and processed following a
horizontal approach, where data is stored in records or relations with » number of
fields or attributes. This approach has been called the N-ary storage model (NSM) by
Copeland [6] and Direct Image Systems (DIS) by Date in [7].

Other researchers have focused on a vertical approach to store and manage the data
and abandon the traditional record structure. The idea of vertical storage models is not
new, but its application on Data Warehousing environments is novel.

In 1985 G.Copeland published a paper “A Decomposition Storage Model” (QSM)
[6] which follows a Binary-relational approach. This approach formed the .ba:ﬂs on
which Boncz et.al. [4][22] developed MonetDB [11] Stonebraker et.al are building C-
Store [21] and it is also the base model of SybaselQ [22]. In the fundamental paper
presented in 1988 by G. Sharman [18] they defined the Triple Store Model th‘at.was
further developed and enriched by P.King in the Tristarp project [24]. S. W:lhar_ns
used this work as the basis to create his Associative Model of Data and thence build
the SentencesDB [25].

© Jesus Olivares, Adolfo Guzman (Eds.)
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Research in Computer Science 22, 2006, pp. 67-78
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Another approach that abandons the record structure and followg’I a vertical
approach is presented in [7] by Date, where the Transrelational Model is
described. The authors have implemented the essential algorithms and reported its
behaviour in [11].

2. Identified Problems

The Relational Model is the predominant model used in commercial DBMS and of
the vast majority of companies use Relational products. RDBMS have been
demonstrated to be very successful in transactional environments. However RDBMS
have since been used to create Data Warehouses without questioning if this is the best
approach to manage this type of system. The following problems have been identified
in Relational Data Warehouses:

Data Warehouse grows at an exponential rate [8]

The Data Base explosion phenomenon [14] is hard to control or eliminate

Poor management of data sparsity [10]

Low Data Density [10]

Huge amounts of disk storage are required [26]

The cost of storage and its maintenance are not negligible [8] and the storage

itself could be up to 80% of the entire system cost [26]

e Long query response times is one of the main user complains, an average 17%
of the sites using OLAP tools, with the worst case reaching 42% of the sites
that use Oracle Discoverer [17]

* Long periods of time to Extract, Transform and Load (ETL) data [10]

* Big batch processing windows to Backup and Restore the environment [10]

o Increasing complexity of the Data Base Administration tasks

Different approaches (approximate queries [1], materialized views [2], Iceberg cubes
[3], dwarf cubes [19], bit map indexes [20]) have been researched to tackle these
problems but the fundamental reason has yet to be addressed properly: The horizontal
approach used by the Relational model to store data is not the best approach for data
warehouses. We propose the use of alternative models that abandon the traditional
record structure and follow a vertical approach to store and manage data to be used in
Data Warehouse environments. Boncz et al [4] have been working with this approach
using a Binary-Relational approach, but it is necessary to benchmark other data
models which use vertical approaches, and also all the daily tasks that are involved in
a production data warehousing environment. To the best of our knowledge, any of the
existing benchmarks consider the whole data warehousing cycle.

In order to do this we propose to extend the TPC-H benchmark and to consider the
whole Data Warehousing cycle. The extended benchmark is explained section 3 and
the results for each model are presented in section 5.

The Authors have published performance metrics of the behaviour of the
alternative data models in [10], [11],[13].
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3. Extension to the TPC-H Benchmark

In order to carry out the Performance Evaluation of the selected models in a Data
Warehouse Environment, it was necessary to select a benchmark that: can be
considered useful to measure different models; well defined; impartial; com;;lete' and
general accepted in the research and commercial communities. ,The follo;ving
benchmarks have been analysed.

o The 007 benchmark [5] is designed for Object Oriented Data bases, none of
the vertical models rely on OODBMS. :

o The APB-1 (Analytical Processing Benchmark) created by the OLAP council
favours products based on cubes and does not consider relational vendors, and
as mentioned before the bigger enterprise Data Warehouses in productio;: are
based on Relational Products.APB-1 lacks wide acceptance and has been
declining in the last few years [16]

o The Drill down Benchmark [4] designed by Boncz et. al. at the Institute for
Mathematics and Computer Science Research at the Netherlands (CWI) been
used to benchmark CWI’s MonetDB vs. other RDBMS, but lacks wide
acceptance.

e The Transaction Processing Council (TPC) has a suite of benchmarks that are
widely accepted in industry and have been widely used by the research
community. Each of the Benchmarks is targeted to different computing
environments but focused on Relational DBMS.

As no existing benchmark satisfies all the criteria, we propose to extend the TPC-H
benchmark [23] to consider the complete cycle of an Enterprise Data Warehousing
Environment.

Two of the TPC benchmarks (H and R) are targeted to Decision Support Systems
which are typical applications on a Data Warehousing Environment. The TPC-H
benchmark was chosen because it offered the best constructs to evaluate pristine Data
Models and not technology. The only type of auxiliary structures allowed in TPC-H
are indexes on primary and foreign keys (it should be remembered that indexes are
not part of the Relational model) which makes it more restrictive. In contrast, TPC-R
allows the use of extended Relational technology, like indexes over any column, join
indexes materialized views, pre-aggregates computation, and practically any
technology that the DBMS can have to improve performance.

TPC-H was design to run on Relational based products; its schema consists of 8 tables
and a workload of 22 queries which are typical queries in a DW environment. The
queries are evaluated with different DW sizes, called the Scale Factor (SF) [23].

TPC-H considers times to load data and execute queries, but it does not consider
other tasks that are important in DW environments. The proposed extensions follow
the philosophy of the TPC-H Power test, where all queries are executed sequentially.
In Table 1 a comparison between the metrics considered in the extended TPC-H and
the original TPC-H benchmarks is presented. We refer to a database created without
using any auxiliary performance structure as pristine mode.
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Table 1. TPC-H and Extended TPC-H pristine models metrics

Metric Extended TPC-H
TPC-H
Extraction times from transactional systems Yes No
Transformation times to conform to the target data model Yes No
Input files sizes measurement Yes No
Load data times in to the Data Warch Yes Yes
Database tables sizes after load (Data Base size) Yes Yes
Data Density Measurement Yes No
Queries execution times (Pristine mode) Yes No
Data Warehouse Backup time Yes No
Backup size Yes No
Data Warehouse restore time Yes No

There is another set of metrics that are useless while evaluating data models because
they are technology improvements over the relational technology (indexing, statistics
computation and query optimizer effects). However, these were measured to provide
pragmatic performance metrics for real DW environments (Table 2).

Table 2. TPC-H and Extended TPC-H technology specific metrics

Metric Extended TPC-H
TPC-H
Index creation times Yes Yes
Index sizes Yes Yes
Query times (with indexes) Yes No
Statistics computation times Yes Yes
Query times (with indexes & statistics) Yes Yes
Query times (with statistics without indexes) Yes No

4. Experimental Design

This experiment covers Relational, Binary-relational and Associative-TripleStore
models. The results for Transrelational had been reported by the authors in [11]. All
DBMSs are used with the default parameters, further tuning can be done to all
DBMSs, but for the objectives of our research we wished to consider raw
performance. The TPC-H data set was used with two different scale factors SF=0.1
(100MB), SF=1 (1GB). An ETL tool was developed to read the tables from a
relational data source and generate Flat Files according to the structure and
characteristics required for the Binary-relational and Associative models. The loading
features of the tool are based on the bulk loaders of each target DBMS. The machine
used for the experiment has 1 Pentium IV@1.60 GHz, 512 MB RAM, Cache size 256
KB, Bus Speed 100 MHz and O.S. Fedora Core 2 system V 2.4.9-12.

5. Results and Analysis

Extraction, Transformation times and flat files sizes can be considered constants
for the tested models, due the fact that differences are small no matter the scale factor
used, the results are in Table 3 where a linear behaviour is observed. Relational
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measures are included because when building Data warehouses it is common to
extract data from Transactional systems built on relational DBMS and loaded into the
Data Warehouse (in this case the TPC-H data base).

Table 3. Extraction, Transformation times and input files sizes

Scale Relational | Binary-Relational | Associative

Factor
Extract. & Transf. time (min) | 100MB 2.5 2.6 2.7
Extract. & Transf. time (min) 1GB 27.6 29.5 27.5
Generated Flat File (MB) 100MB 102.8 98.3 100.0
Generated Flat File (MB) 1 GB 1049.6 1004.9 1021.7

After extraction the corresponding input files were loaded into each target DBMS.
Loading times are in Fig. 1. For Associative with SF=1GB times for Orders and
Lineltem are estimated after loading 300,000 records (Orders) and 10,000 records
(Lineltem) because their actual processing times were too long. The best loading
times are achieved for the Binary-relational model while the worst times were for

Associative, being several orders of magnitude greater (note the use of logarithmic
scales on the y-axis).
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Fig. 1. Loading times

The best savings in time are achieved with the bigger tables. The Binary-relational
Model instantiation requires an average of 76% less time to load the data set than the
Relational Model instantiation. 2
When data is loaded into the Binary-relational Model instantiation, size reductions
are achieved. The bigger reductions are in bigger tables, whereas in contrast the
Associative model produces bigger table sizes (Fig. 2). The total data base size in the
Binary-relational model instantiation has savings of 32% compared with the relgt.lonal
model instantiation, no matter the scale factor used, demonstrating linear scalability.
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Fig. 2. Table sizes (MB)

Data Density is defined as the number of rows stored per Megabyte on disk. In Fig. 3
relative data density for each data model is presented. Observe the linear behaviour in
this metric for each table. The Binary-relational model has the highest Data Density
while Associative the lowest no matter the size of the table (Fig. 3).

For the bigger table (Lineitem), the highest Data Density is achieved by the Binary-
relational Model instantiation (11,000 rows/MB) vs. 7,000 rows/MB for Relational
and 550rows/MB for Associative. Fig. 4-b is an example of how the Binary-relational
Model achieves the higher Data Density by storing each value just once and then
associating it with as many rows as required. In the example a Date type column
(COMMITDATE) demonstrates how in Direct Image systems, Relational for
instance, many repetitions of each atomic value are stored (see the result of the select
statement 6,001,215 values) while if only the different values are displayed in the 2™
select statement with 2466 different values, which is exactly the amount of
information stored in the table of the Binary-relational Model (no duplicate values at a
column level; see the unix statements used to count the number of values in the
corresponding file for the COMMITDATE column, Fig. 4-b).
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Fig. 3. Relative Data Density (rows/MB)
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SQL> sclect count  (L_COMMITDATE) $ strings 34.theap >
from LINEITEM; L_COMMITDATE.lis

ST e $ we-1L_COMMITDATE.lis
6001215 2466 L._COMMITDATE.lis

SQL> select count(distinct L_COMMITDATE) s
from LINEITEM;

2466

€)) (b)
Fig. 4. Data stored by relational (a) and binary-relational (b) models instantiations

Query Execution Times in Pristine Mode are shown in Fig. 5. As defined earlier
pristine mode refers to loading data into the instantiations of the Relational and
Binary-relational models without running indexing or statistics computation that have
great influence over the RDBMS Query Optimizer, but that are not part of the
relational model.

We did not evaluate more metrics for the Associative model, because it has the
worst results in loading times and also in the size of the resulting Data warehouse,
which are some of the key problems that we are trying to solve by using alternative
data models.

The Query Language used was SQL, even though MonetDB offers a native query
language called MIL that could thus avoid the translation time from SQL language to
MIL, but even with it the query response times were superior.

On Fig. 5 with SF=100MB for the binary-relational model all queries ran in sub-
seconds with the exception of 3 queries, while in relational only 3 queries ran in sub-
seconds and Query 4 need 31.31 minutes to ran. With SF=1GB all the queries in the
binary-relational model ran in seconds (none of them reached 1 minute), while queries
in Relational ran in minutes. The worst cases were Query 4 with 14 days and Query
21 with 30 days.
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Fig. 5. Query Execution Times in Pristine Mode

The Total Query workload is the total processing time for the 22 queries, as can be
seen in Fig. 6, the differences are considerable. With SF=100 MB, binary-relz‘\tnonal
required 9.5 seconds to process the 22 queries while relational required 36.1 minutes.
With SF=1GB binary-relational took 3.8 minutes to process the 22 queries while
relational took 43.8 days. These are the times using only relations (tables) as defined
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by the relational model and it is the way to compare model ac!neveryents, but of
course in order to have pragmatic results we measure the queries using e.xtendc?d
relational technology (indexes and statistics only) th.at. are ust_:d extensively in
relational products. The results are presented after the pristine metrics for backup and

restore.

Mode!
Fig. 6. Total Query Work Load in Pristine Mode

Another important fact that arose while running the queries is that tht? temporary
space required to process the queries by the relational model instantiation grew to
1,487 MB, this size is more than the DB size itself (1,227 MB).

Backup and Restore times are other tasks in a DW environment that are frequently
out of the main research focus in the Data Warehouse area. The results are presented
in Fig. 7 for different Scale Factors, considering relational and binary-relational
models; Binary-relational has better Backup/Restore times than Relational with
around 80% less time, no matter the scale factor.

80 -
60 -+
40 -
20
0- - - i
Relational Binary Relational Binary
O DB Size (MB) @Backup Size (MB) MBackup (secs) ORestore (secs)

Fig. 7. Backup and Restore times

Technology Specific metrics were utilised to produce pragmatic results for the
relational model. One way to improve performance on relational products is by
indexing the tables and computing statistics but these need extra processing time and
disk space. Fig. 8 shows the total processing time in Relational, which includes Data
loading, Index creation and statistics computation. The optimization time (Index +
Statistics) is not trivial compared with the required loading time. This optimizing time
is not required by the Binary-Relational time. Apart from that, indexes required extra
space to be store, Fig. 9 shows the disk space required by indexes.
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Fig. 9. Index space requirements

After creating indexes and computing statistics in order to help the Query optimizer to
produce better execution plans, 3 scenarios were run: Queries executed only with
indexes; Queries executed only with statistics; and Queries executed with both
indexes and statistics, the results are in Fig. 10.
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Fig. 10. Query response time with different scenarios to optimize relational

Fig. 11 shows the Total query work load considering the pristine mode of Relational
plus the three scenarios described previously. In both scale factors huge
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improvements were achieved for Relational technology over the pristine Relational
case with 5,887% improvement for SF=100MB and 195,222% improvement for
SF=1GB; but in both SF, the better relational times are worse than the Binary-
relational times. For SF=100 MB Binary-relational is 388% faster than Relational
technology and for SF=IGB Binary-relational is 848% faster than relational
technology. Notice that Binary-relational times are achieved without any further
optimization.
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Fig. 11. Total Query Work Load

6. Conclusions and Future work

We are investigating the use of alternative data models which abandon the traditional
N-ary approach or Record Structure to store and process data within Data Warehouse
environments. According to the results achieved with our extended version of the
TPC-H Benchmark, which considers a broader set of tasks that are common in Data
warehousing environments, the future of N-ary horizontal storage approach models
(Relational) can be certainly be challenged by a better approach which uses a vertical
storage approach (Binary-Relational). In Fig. 12 the global space requirements for
both models and both scale factors is summarized and Fig. 13 summarizes the global
time requirements in both cases Binary-Relational has the better results.

The evidence presented from our experiments demonstrates a significant
improvement in all aspects of DW performance of Binary-relational model over the
traditional n-ry Relational model.

Based on the results achieved, the Binary-Relational Model is the best option for
Data Warehousing environments.

We also intend to develop and test a hybrid architecture combining a relational
transaction processing database as front end with a back-end binary-relational Data
Warehouse. Assuming the same improvements in performance can be maintained in
such architecture, we would propose this as a future model for commercial Data
Warehousing applications.

We also are going to test with real life Data Warehouses to verify that the results
achieved by the Binary-Relational model are as good as they are with the synthetic
data set of TPC-H.
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Space Requirements [(MB) i
Relational
(Indexes
Relational [and
SF=100MB Binary _|(Pristine) |Statistics) (SF=1GB Binary Pristine] Statistics)
nput File 984 1028 1028 L uFlie 1,004.9 1,0496 1,0496
Space inDB 85| 1263 1263 08 §811 1zri] 1271
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% 492 Back 881] _ 1.1570]  16040]
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Fig. 12. Total Space Requirements
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Load 05 24 24 Load 303.6 1,192.4 1,1924
Backup 6.2 348 484 | [Backup 111.7 400.6 555.0
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Time{Seconds) 174) 1164]| 2479 [Time(Seconds) | 5184| 20074 38968
Minutes 8.6 35.0 64.9.
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R Time Response Time
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Fig. 13. Total Time requirements
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Abstract. The correct and complete requisites specification is a key factor to
the success for any project. Data Mining (DM) projects constitute decision-
making support systems, and therefore the traditional Requirements
Engineering techniques cannot be directly applied to them. This on-going
rescarch work presents an overview of the main models of the Requirements
Engineering (RE) processes, and the most broadly used techniques in the
development of the different phases involved in a RE model. Then the key
issues that should be considered in the application of these techniques in
Requirements Engineering processes for Data Mining projects are discussed.
Also a proposition is done on how to structure the requirements in Data Mining
projects from three different perspectives, in each one of them the type of
information that should be captured is detailed, in order to particularly specify
the requirements of DM projects, and generally in the decision-making support
systems.

Keywords: Data Mining, Requirements Engineering Techniques, Requirements
Elicitation.

1 Introduction

During the last years, a large number of Data Mining projects have been developed
and it is expected that in the next decade this quantity will increase to 300%, as
estimated in a report from GartnerGroup [6]. However, the execution of this type of
projects faces serious problems, for example, they are never finished, or they are out
of date or they are out of budget [23]. These problems are similar to those presented
in the development of software applications [22], in what was named “software
crisis”, which was solved with the development of the Software Engineering
discipline. In the Data Mining area, as a way of facing the generated problems, mainly
due to a lack of standard or methodological guidelines for their development, a group
of European companies which are pioneers in this type of projects (Teradata, SPSS,
Daimler-Chrysler and OHRA), proposed in 1999 a reference guideline named CRISP-
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Data Mining and Information Systems.
Research in Computer Science 22, 2006, pp. 79-90
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DM (Cross-Industry Standard Process for Data Mining) [5], that establishes a
procedure for the systematic development of this type of projects. CRISP-DM is not
the only guideline that has been proposed. Also, there are others, proprietary or open,
like the one developed by SAS company, named SEMMA (Sample, Explore, Modify,
Model, Assess) [19], DMAMC [10] or the 5 A's [16]. A survey developed by
kdnuggets.com [12] shows that CRISP-DM is the most used one.

However, all the proposed methodologies for Data Mining projects development,
lack of methods or techniques that allow us to appropriately educe the project
requirements. More concretely, a mature process does not exist yet, that can !)e seen
as a solid methodology. Although CRISP-DM establishes a group of activities that
should be executed in the project, it does not establish with which techniques or
models should be implemented.

In this paper, an overview of the Requirements Engineering (RE) processes and the
main techniques used in each phase of the process is done, and a discussion of the
main issues to be considered before adopting them in the construction process of the
requirements document in a Data Mining project.

2 Models for the Requirements Engineering (RE) Process

Currently, Requirements Engineering is a technique used by many specialists for the
construction of the Requirements Document, which should be the starting point for
the correct design and implementation of a system, no matter its nature.

In the RE process, certain fundamental activities can be identified that should be
developed to build a document for specifying the requirements. These activities are:
requirement elicitation, analysis, specification and validation, and they serve as the
foundation in the proposal of different models.

In [8] a model of the RE process is proposed, based on the activities of elicitation,
specification and validation, as represented in Figure 1. The main elements of the
outlined diagram shown in Figure 1 are briefly described in [2]:

o Elicitation: 1t is the process of acquiring the relevant knowledge, necessary to
produce the requirements model in a problem domain, by means of the
communication with clients, users of the system, and those involved with the
project. After having obtained an initial group of requirements, they should be
analyzed and represented in a technical language, in order to avoid inconsistencies
and ambiguities.

o Specification: The elicitation process provides the entrance for the requirements
specification process. The product is a specification model, or the models
corresponding to different points of view. These models formalize the group
knowledge or of the people involved in the project. The requirements specification
also has a double purpose: on one hand, it serves as an agreement among the group
involved in the project, for the problem to be solved, and on the other hand, it
serves as a model for continuing with the following step.

¢ Validation: The validation is the activity that checks if the requirements
specification is done according to the clients expectations. In this stage, it takes
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place the integration and final validation of what was done in the previous stages,
giving as final result the Requirements Document.

Validated

Requirements
Model

Validation

Result
Validation

Knowledge Knowledge
Domain Domain

Problem
Domain

Fig. 1. General diagram of the Requirements Engineering Process

Sommerville [22] proposes another model for the Requirements Engineering process
which is represented in Figure 2.

Feasibility Elicitation and Analysis
Study of Requirements
Requirements
Feasibility Specification
Report
szzs Requirements
Validation

Requirements
Definition

Requirements "—_—,
Document |«

Fig. 2. The Process of Requirements Engineering

This process model incorporates a feasibility study as the first stage in the process,
which represents a first approximation that receives as input, a brief description of the
system to be developed and how this will be used by the organization. The objective
of the feasibility study is to target aspects related to technical and economical
feasibility of the project development, under the consideration that the project
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contributes to the organizational goals, and the way that the new system may be
integrated to the existing systems.

When we already have the required information, we Proceed to elabomte. the
feasibility report. This report should include recommendations of \_vhen to continue
with the project development, changes in the scope, budget, scheduling of the system

development, and additional high level requirements.
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Fig. 3. Spiral Model of the RE process

A third model that we can analyze, is the one named “spiral model” [14], represented
in Figure 3. The use of a spiral in this model is appropriate to represent that the
different activities that constitute the model are repetitive activities, until the final
acceptance decision of the specification requirements document is taken. In this sense,
it is important to highlight that the process can be influenced by certain external
factors that can bring us to an anticipating ending of the process.

Summarizing, it can be said that there does not exist a unique model that one can
apply to all the requirements administration processes, since the facts and objectives
of the organizations are different, and so are the type of projects or systems to be
developed (operational or not operational).

3 Requirements Engineering Techniques

Independently of which RE process is used, the development of each phase is
supported by a set of techniques which have been proposed and applied along time
([2], [4]). It follows a representative, although not exhaustive, review of the RE
techniques most commonly used.
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3.1 Brainstorming [1]

This technique is broadly used in different areas and it is basically based in the project
team creativity stimulation. All the people involved should contribute with ideas
which should not be assessed until the end of the process, when there are no more’
contributions [7]. The technique allows us to generate different problem views
mainly at the beginning of the requirements phase, where the problem points of vieu;
are diffuse. This technique is usually developed in four phases [18]: the meeting or
session preparation; the generation phase in which there is a freely contribution to all
the ideas related to the topic; the consolidation phase, where all the relevant ideas are
identified and organized; and the documentation phase, that contains the main aspects
said and the conclusions.

3.2 Interviews and Questionnaires

This technique [13] is based on a series of questions to people or groups that are
potential users of the system, carried out by the professional in charge of the
requirements. The goal is to collect the more information as possible, which should
not necessarily lead to a probable solution of the problem. Typically the questions are
at a high level and the success of the use of this technique depends fundamentally in
the interviewer's ability to get good answers and to interpret them correctly. In this
technique one can identify three phases [17]: interviews preparation, the carry out of
them, and the analysis of the data.

3.3 JAD (Joint Application Development)

JAD was developed by IBM in 1977, and is based on the following principles [18]:
the groups’ dynamics, the use of audiovisual help, the organized and rational process
(meetings are developed during two to four days) and the documentation philosophy
(in the meetings one works directly on the documents that are generated). This
technique can be divided into two parts: the JAD/Plan whose purpose is to elicit and
specify requirements, and the JAD/Design, in which the system design is approached.
Its development is done in five phases: the project definition, the investigation, the
preparation, the JAD session, and the final documentation.

3.4 Prototypes

Technique commonly used in the systems development. It allows the developer to
build a model of the system that must be developed in the future [14]. The model is a
simulation of the probable system, and subsequently is utilized by the end user. This
technique allows getting the required information feedback so as to assess whether the
system designed based in the requirements, allows the user to carry out its work in an
efficient and effective way.
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3.5 Hierarchical Analysis Process

The Hierarchical Analysis Process has as a fundamental objective,. to sol\(e
quantitative problems, in order to facilitate analytic thought and metrics. This
technique is divided into a series of tasks, such as:

Finding the requirements that will be prioritized.

Combining the requirements in rows and columns of a matrix.
Doing comparisons of the requirements in the matrix.

Adding the columns.

Normalizing the sum of the rows.

Calculating the averages.

These steps can be applied easily to a small quantity of requirements, nevertheless,
for a large volume this technique is not the most adequate one.

3.6 Use Cases

This technique is based on the definition of certain functionalities that are expected
from a system and that allow it to interact with something or someone. These
functionalities are called use cases. A use case can be defined as: “a textual narrative
description of the processes of a business or system” [15], in which the system is
considered a black box and from which the actors obtain answers [4]. As actors, will
be understood the people or other systems that interact with the system whose
requisites are being described [20]. [Initially, this technique was proposed in [11].
From this publication, the most recognized specialists in Object-oriented methods
have agreed in considering the wse cases as an excellent way of specifying the
external behavior of a system. Due to this, the notation of the use cases was
incorporated to the standard language of modeling UML (Unified Modeling
Language) [3].

4  Considerations to Apply RE Techniques in DM Projects

The establishment of the requirements in a Data Mining project constitutes a
fundamental task in order to specify and validate the services that the system should
provide, as well as the restrictions with which the work itself should be developed.
This process is essential, because the most common and costly errors that have to be
corrected are a result of an inadequate Requirements Engineering process. Previously
to the requirements specification is necessary to consider the following aspects:

i) To identify and know the objectives of the business (business model). Any Data
Mining project should have as a final objective the generation of some type of benefit
for the organization, either improving the efficiency of the business processes or
discovering new sources of improvement.

ii) To identify the problem domain. In this context, the identification of the problem
domain will allow to specify the area in which the Data Mining project will take
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place. Asan example, a general classification of problems types that a Data Mining
project allows us to face are the following:

1.

Mafkeling. : It coqsiders getting the greater quantity of related information to the
business clients in order to establish potential clients, to determine who will
buy, when and where, to improve the relationship with the clients, etc. That is,

the result of t!1e Data Mining project should allow planning in the best way the
future marketing campaigns of the company.

. Market basket. 1t considers the determination of product purchase patterns in

the ret_ail area. These.pattel:ns may trigger the initiation of guided promotion
campaigns, new phy§|cal disposition of the items, multi-item pack offerings,
offerings and promotions considering time patterns (e.g., day of the week), etc.

. Risks reduction. In this case, Data Mining will allow an automatic evaluation of

risks, base on previous experiences.

. Frauds detection. Users will be able to obtain models that would allow

discovering possible frauds in base to anomalous behaviors detection models.

. Quality control. 1t considers the definition of models that will allow the precise

and anticipated detection of faulty products.

iii) To map the business problem into a Data Mining problem. After identifying the
domain of the problem, it should be mapped into a Data Mining problem, that is, it
should be considered that each type of application of Data Mining is related to one or
more type of tasks. The main types of Data Mining tasks are:

1.

Association. 1t is basically used to discover relations among attributes. That is,
the idea is to discover rules that identify behavior patterns, and it is largely used
in the market basket domain.

. Time Sequences. It is similar to the association task, but in this task the time

variable is incorporated.

. Classification. This task uses a collection of data to develop a model that will

be used to classify new unseen data. The predicted variable is a nominal one.

. Regression. This task is similar to classification, but in this case the predictive

variable can take possible unlimited numeric values.

. Clustering. This task is utilized in typical segmentation applications, and

consists in a division of the data into collections of related data or groups, in
which the data in each identified group are similar, i.e., they share a number of
similar characteristics.

iv) To define the generic components that a Data Mining requirement should
consider, such as:

1.

Data component. This component should respond to the question on what data
and with what structure (model of data) they are needed, in function of the
algorithmic technique that will support the application of the Data Mining task.

. Interface component. 1t should answer the question about the format in which

will be visualized or presented the project results.

. Usability and correctness component. It considers the way in which the project

results should contribute to the business and user objectives, and the degree of
accuracy that will provide the model.
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4. Understandability Component. 1t considers the way in which the Data Mining

model can be understood and will allow justifying the achieved results.

5. Resources Component.

It should consider the available resources for the
project, such as personnel (e.g., business expert, data expert, Data Mining team,

technical aid), and hardware and software platforms.

6. Not functional components. They are reutilization requirements, development
environments, results availability and quality (delivery times), security and

legislation.

5 A Model of the RE Process for Data Mining Projects

Based on the considerations mentioned before, now is the turn of applying a RE
model to construct the requisite document. Determining the needs for the project
development is a complex process, and there doesn’t exist unique and standard
techniques that provide a framework for development that guarantees good results.
Considering that a Data Mining project is essentially a decision support system, in
which is important the adequate problem domain understanding, the construction of
the business and data models, and the basic elements seen in the RE processes
mentioned before, it is proposed a RE process model for data mining projects which is

shown in Figure 4.

Phase_1 Busi

Understanding

v Y
Busi
Ph 2 ;;s ;3:5 Data Model
ase_.

Requirement

Fhace 8 | eraion

Phase_4

Requirement
Document

Fig. 4. RE Model Process proponed for Data Mining Projects.

This model is structured in the sequence of phases that should be carried out in order
to generate the requisite document. The first phase, business understanding, considers
the knowledge of the problem domain, the contexts, the organizational structure, the
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decision-making levels, and the own vocabulary of the business domain. In the
second phase, the business decisional model and the data model are built »;/hich are
the input necessary to tasks to be performed in the third phase (re,quirements
elicitation, analysis, specification, and validation). The fourth and final phase
corresponds to the construction of the requisite document.

The selection of RE techniques to use for the execution of each phase of the RE
proposed model, and the success of the results reached will depend finally on the
clients/users, and on the development team and its experience in similar projects.

6 Structuring Data Mining Requirements

Data Mining projects involve different stakeholders, who express the purpose of the
project, indicate the direction of the activities, and define the expectations in terms of
information goals for the organization, in a similar way to the development of a
project based on data analysis, such as a Data Warehouse system [21]. Therefore, the
requisites generation in Data Mining projects should consider different perspectives,
corresponding to different stakeholders, each one associated to different abstraction
levels in the organization. Thus, we can distinguish three levels of abstraction in the
generation of requisites for Data Mining: business point of view, user perspective, and
technical staff (development team) view.

From the business point of view, the requisites of Data Mining should consider the
identification of at least the following information:

o Business goals

o Business opportunities

o Business necessities to be satisfied

o Stakeholders and the generated value for them

o Criteria to decide to start / non-start the project

o Problem domain background

e An appropriate business case to illustrate the project impact

From the user perspective, we should be able to identify and describe the tasks that
the user should be able to perform or improve using the project results. Among other
information, the user requirements should consider:

o The user specific goals

o Business questions that may be answered with the project

o The process and business rules related to the user requirements
o The opportunities to improve certain business processes

o The way that the results should be used (user case)

o The way that the results should be tested (test case)

o The user profiles associated to the project results.

From the development people side (data miners), the requisites must have enough
information about the specific tasks to be performed by them, the data sources, as
well as the results attributes or characteristics. The technical requisites must be
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explicitly linked to business and user goals, specified before. Technical requisites

should consider mainly:

RE Techniques Business Requirements
Business Models Business Goals
Legacy Systems Business Necessities
Reports & Publications Business Opportunilies
Expert Consulting _—————‘-] 1 Protiorn bankggound
External Sources Business Case
Questionaries Criteria to Start/No-Start

In Situ Observations

il

User Requirements

RE Techniques
User Profiles
Interviews & Questionaries Usef Goals y
JAD Techniques Business Questions
Use Cases Business Processes
Brainstorming Business Rules
Conceptual Maps Improvement Oportunities
Critical Factor Analysis Use Case
Test Case
< Development
RE Techniques Requirements
Use Cases Functional Requirements
Prototypes Interface Requirements
Workflow Model Requirements
Hierchical Analysis Functional “_‘ but
Database Diagrams Interface Attributes
Model Diagrams Model Attributes

Fig. 5. Requisites structure for Data Mining and the corresponding RE techniques

a)

b)

d)

e)

Functional Requirements, which considers the tasks specification as extraction,
loading, integration, cleansing and data transformation, as well as the
identification of the type of task, data exploration, model generation to be carried
out, and the process and results documentation.

Interface Requirements, that considers the characteristics specification of the
interfaces to be developed during the project, such as database, software, and
hardware interface

Model Requirements, which considers the identification of the type of model, its
characteristics of understandability, ways to evaluate correctness and consistency
of the generated model.

Functional attributes, that considers the definition of operational attributes, of
performance, and of security of necessary tasks to be carried out by the
development team of the project.

Interface attributes, that considers the definition of usability conditions and of
form of the different interfaces required in the project.
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f) Model attributes, that considers the establishment of criteria to generate the
models and to evaluate its validity and acceptance.

Thus, we can summarize the different perspectives of the stakeholders involved in the
definition of a requirement, to define a format for requirements acquisition in Data
Mining projects, and identify associated RE techniques for each different vision or
stakeholder perspective, as shown in Figure 5.

6 Conclusions

A Data Mining project has an exploratory nature, of decisional type and not of
operational type that seeks to contribute value to the business through its data.
Normally, the decision making processes are not well structured, with the consequent
and inherent difficulty for modeling them. A Data Mining project is essentially
approached to the comprehension and exploration of data and therefore, the
requirements should be focused in determining the way the data influence in making
decisions or in which way they impact in the decisions that are taken. Thus, to
establish a unique criterion for the selection of the most appropriate techniques for its
application in the different phases of the Requirements Engineering process is
somewhat complex.

Our proposal constitutes a first step in order to establish a process model for the
requirements definition in this type of project, under the consideration, that the
different development processes models for Data Mining projects, such as CRISP-
DM [5], SEMMA [19] or DMAMC [10], in spite of the fact that they present the
requirements capture like a task to be performed, they do not indicate how to carry
out this task, what techniques to utilize, neither the formats for the outputs that are
proposed. Further work needs to be done in order to evaluate whether the proposed
techniques are appropriate and useful to capture requisites in Data Mining projects.

The application of RE techniques in the proposed model should probable consider
adaptations, and other aspects such as learning facility, cost, quality, completeness,
time restrictions for its applicability, available personnel, etc. :

Finally, we consider that it doesn’t exist a valid and unique .Regmremen.ts
Management process and technique that can be applied in all the organizations and in
all type of projects. Each organization should select or de\{elop its process, in
agreement with the type of product to be generated, to the organ.lzatlona] cult}xre, and
the level of experience and ability of the people invo!ved in the Requirements
Engineering process. Nevertheless, the identification of dnfferc?nt perspectives of the
same problem (obtaining of requirements in a Data Mining project) seek§ to structure
the process of RE, such that particular techniques can be applied to each
perspective/stakeholder identified. ) 1k

The next steps in this research work consider a detailed and formal fiescrlptlon of
the process here proposed the definition of criteria to evaluate the t.szectweness of the
proposed model, and its application to real Data Mining projects, in order to validate
the model. This will allow us to illustrate, to refine, and to validate the proposed

structure of Data Mining requirements.
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