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Abstract : In this paper, we describe a tool for 
discover concepts from data. This tool is based on 
machine learning and on cognitive psychology studies 
in concept formation. Our basic assumption is that 
concept formation should be considered as a goal-
driven, context-dependent process and, therefore, that 
the organization of concepts should be represented in 
different perspectives. The core of our tool is a learning 
system, called FORMVIEW, which generates multi-
perspective hierarchies. FORMVIEW´s basic feature is 
the possibility to establish bridges between hierarchies, 
which represent different perspectives. The proposed 
method has been used to categorize the customers of a 
state bank following two perspectives: profitability and 
regional development.  

Key Words: Learning systems, Concept 
Formation, Probabilistic Concepts, Perspectives, 

Clustering.   

1 INTRODUCTION 

Intelligent Data Analysis (IDA) concerns the 
development of models to assist in discovering, 
representing and organizing knowledge hidden in data. 
Machine learning systems are an alternative to automate 
the Data Analysis process. In particular, incremental 
concept formation systems construct hierarchical 
abstract representations from observations (non-
classified description of specific entities, events or 
situations), by recognizing regularities among them. 
These systems are especially interesting for IDA 
because they create concepts that allow better 
understanding of data.  

From a IDA perspective an essential factor to 
be examined in machine learning systems is how 
understandable the knowledge they generate is. Concept 

                                                           

 

formation systems need in particular concentration on 
understanding considerations, since their objective is to 
construct abstract representations to better comprehend 
the world. Thus it is essential that these abstract 
representations (concepts) be easily interpretable by an 
expert, allowing him to do associations with his own 
concepts.  

In order to create a tool for helping an expert to 
mine data and to identify concepts of his domain, we 
have defined an architecture called CONFORT. This 
architecture is based on cognitive psychological studies 
which suppose that concept formation is a goal-driven 
process [1],[2]. This assumption leads us to consider 
that concept hierarchies should be viewed from different 
perspectives, which can have different hierarchical 
organization according to the usage determined by the 
expert's categorization goal. A perspective can represent 
the expert’s opinion about a problem. The most 
important characteristic of CONFORT is the possibility 
to identify a relationship between perspectives, called 
bridges. Depending on the context we work, bridges can 
represent expert’s opinions intersection or time 
sequence relations between diferent versions of data, 
respectively.  

The core of CONFORT is FORMVIEW, a 
learning algorithm of incremental concept formation 
that uses observations to generate multi-perspective 
concept hierarchies and to establish bridges between 
them. In this paper, we overview CONFORT and focus 
on the FORMVIEW’s incremental concept formation 
process. An application area where the proposed method 
has been applied is described. 

2 BACKGROUND 

2.1 Concepts and Categor ies 

In order to design software architecture for helping in 
the Data Analysis Process, our researches are focused 
on the human’s concept formation process. Therefore, 
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our work is fundamentally based on psychological 
findings about concepts and categories.  

We consider a concept refer to an idea or 
notion by which people can understand some aspects of 
the world [3]. A category is a set of entities (objects, 
events, actions, states, etc.) which are grouped together 
on the basis of some criterion of categorization. Thus, a 
concept provides a way to categorize the world into 
those entities that instantiate the concept, and those that 
do not.  

2.2 Concept formation in machine learning  

In the machine learning context, we concentrate on 
learning from observation or conceptual clustering 
systems[4]. These systems recognize regularities among 
a set of non-preclassified entities or events and induce a 
concept hierarchy that organizes these observations. 
Generally, concept formation systems can be defined by 
means of a quadruplet (H, I, C, µ) [5] , where: 

·   H is the possible space of concept hierarchies; 
·   I is the set of observation about entities to be 

categorized; 
·  C is a partitioning of all these entities into 

conceptual categories Ci which are structured 
hierarchically(CÎ  H) and optimizing a defined 
quality criterion; 

·  µ is the set of operators of construction or 
organization of categories which we can employ to 
the members of H to generate C. 

A concept formation algorithm is reduced to a 
hill-climbing search, in H, for a hierarchy of conceptual 
categories C that covers all the entities described in I 
and that maximizes the evaluation function f(C, I) 
measuring the quality criterion. The fundamental point 
of this research concerns the application of the best µ’s 
operator; that is, the operator that maximizes f(C, I). It is 
important to point out that in incremental concept 
formation, entities are treated one after another as soon 
as they are observed. A typical incremental concept 
formation system is COBWEB [4]. It is a pioneer 
system and it has given rise to many other successors 
(CLASSIT [6] and BRIDGER [7]). 

3 OVERVIEW of CONFORT 

The CONFORT architecture presupposes that goals of 
categorization exist (supplied by one or more experts) 
prior to the initiation of the process. A goal-driven 
concept formation process leads us naturally to a multi-
perspective representation, since goals have influence 
on the perception of the properties as well as on the 
determination of relevance for context-specific features. 

Consequently, this situation favors the generation of 
different hierarchical organizations. For instance, to 
achieve the goal of buying a pet for a child, one would 
consider beauty and low price as relevant properties. As 
a result, animal hierarchical organization which, reflects 
this particular situation would probably differ from the 
perspective of a veterinary surgeon for whom other 
properties (e.g. physiological) would be relevant 

The incremental character of CONFORT eases 
the expert participation. He can act in a supervised 
manner, informing observations with their associated 
categories. CONFORT provides feedback to the expert, 
suggesting which properties should be defined as 
relevant as well as determining their values in order to 
obtain hierarchies with good prediction power (see[8] to 
details). 

The core of our architecture is FORMVIEW, an 
incremental concept formation algorithm that generates 
multiple hierarchies and uses a category quality measure 
that can take into account the relevance of an 
observation's property and the generated categories in 
other perspectives.  

4 FORMVIEW: CONSTRUCTING 
MULTI-PERSPECTIVE CONCEPT 
HIERARCHIES  

4.1 Descr iption of inputs 

The main FORMVIEW’s input is one or several 
(following different perspectives) observations 
describing an entity that belongs to E. FORMVIEW 
uses as additional data a goal dependence 
network(GDN)[9]. For this paper, it suffices to say that 
in a GDN, for each categorization goal, the expert can 
define a degree of relevance (in the interval [0,1]) for 
each property that he considers important to that goal. In 
addition, the existence of a property can lead to the 
occurrence of another one so that it is also represented 
in the GDN[10]. 

4.2 Descr iption of concepts 

FORMVIEW constructs probabilistic concepts. These 
concepts have the probability that an observation is 
classified into the category C, P(C), and all possible 
values for their attributes. Each such value has its 
associated predictability and predictiveness [4]. The 
predictability is the conditional probability that an 
observation x has value v for an attribute a, given that x 
is a member of a category C, or P(a=v|C). The 
predictiveness is the conditional probability that x is 
member of C given that x has value v for a or P(C|a=v).  
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FORMVIEW uses a multi-perspective 
representation which the most important characteristic is 
the existence of a communication channel among 
hierarchies that represent different perspectives. This 
communication is supplied with bridges: oriented links 
between categories.  Two types of bridges are possible: 
unidirectional and bi-directional. Bi-directional bridges 
represent set equality relation while unidirectional ones 
represent set inclusion relation. More precisely, a bridge 
between a category C of a perspective pv and another 
category C’  in another perspective pv’ , noted as 
bridge(C,C’ ), is defined as: 

br idge C C

C C bi directional

C C unidirectional

C C no br idge
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 When observations which are covered by a node (a 
concept representing a category) C are included into the 
set of observations which are covered by a node C' in 
another perspective, a bridge from C (source node) to C' 
(target node) is established. If the extension of C' is also 
included in C, a bi-directional bridge is created. Both 
the set inclusion and set equality relations accept the 
application of the transitivity property (horizontally, 
among perspectives), like the vertical transitivity 
authorized by the specialization relation in a hierarchy. 

 

Figure 1 Multi-perspectives in CONFORT 

In addition, the specialization relation in one 
hierarchy allows FORMVIEW to establish hidden 
bridges between children of a bridge's source node and 
a bridge's target node. Figure 1 uses the zoo domain to 
illustrate two hierarchies in two different perspectives 
(physiological and pet perspectives) and the bridges 
between them. 

4.3 The Utility Measure   

FORMVIEW constructs hierarchies while privileging 
their prediction power. Its evaluation function is, like 

many of its predecessors, based on the Gluck and 
Corter’ s work on cognitive psychology [13], who have 
defined a function to discover, within a hierarchical 
classification tree, the basic level category. Category 
quality, called category utility, is defined as the increase 
in the expected number of properties that can be 
correctly predicted given knowledge of a category over 
the expected number of correct predictions without such 
knowledge. Category utility in FORMVIEW, called 
semantic utility, takes into account the relevance of 
properties defined by the expert in the GDN. In fact, we 
consider that the increase in the expected number of 
properties to be predicted depends on the relevance of 
the considered properties. Formally, the semantic utility 
of a category UCS is defined as below. Let Pcp={ p1, 
p2,...,pp}  be the set of properties of a probabilistic 
concept CP. The semantic utility of a category C that 
CP represents is: 

( )U Cs C p P p C P C p P C P pi i i i
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Where D(pi) = (GDN’s relevance of pi + P(pi)) 

  

(2) 

FORMVIEW computes the utility of a partition 
of categories, as the mean of semantic utilities of each 
partition category. However, it can use, during concept 
hierarchy construction from a particular perspective, 
additional information from other hierarchies which 
represent other perspectives. This is possible because of 
bridges. In this case, FORMVIEW’s additional strategy 
is to determine a complete partition with categories of 
other hierarchies: Those are targets of bridges 
established from sources that are categories from the 
initial partition. Formally, let P={  C1, C2,...,Cn }  be a 
partition of categories named source partition which is 
included in H­ pv (a hierarchy H in a perspective pv). 

Let H ={ H’ ­ pv1, H’ ­ pv2,...,H’ ­ pvm }  be the set of 
hierarchies which represent others perspectives(H­ pv Ï  

H) . A new partition Pcom called complete partition, 
including other categories of other existing perspectives 
is defined as: 

{ } { }{ }P P C k m C H j ncom= $ Î Î ­ $ Î ³U ' , ,.., , ' ' , ,..,12 12pv  , pont(C,C') 0k, j (3) 

It is important to point out that the target 
categories, which will make part of the new partition, 
contribute to the category utility calculation only with 
properties that are not present in the concept 
representing the source category. In addition, if there are 
several target categories with the same property, 
FORMVIEW selects those having the highest 
predictability. Formally, let Pcom ={  Psource, C}  be a 
complete partition with a source partition Psource and a 
set of categories C added from bridges established with 
Psource. Prsource  is the set of properties of Psource‘ s 
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categories and Prcrest the set of properties of  C. We 
define the set of useful properties Puse of C to compute 
the utility of the partition Psource as : 

Puse = Prsource  È{p| p Î  (Prcrest - Prsource ) }   (4) 

The rational behind these two latter strategies is 
that a complete partition and its useful properties define 
a complete concept, independent from a particular 
perspective. Thus, new entity classification is improved 
because a greatest quantity of properties can be induced. 

4.4 The concept formation process 

At first, from an observation O, FORMVIEW searches 
the relationship between properties of such an 
observation and other properties in the GDN. This can 
provoke modifications in the initial observation 
structure since a complete observation OCt for a 
perspective t possesses the properties of the initial 
observation O plus those inferred from the GDN.  

From the complete observations, FORMVIEW 
generates several hierarchies reflecting different 
perspectives or points of view according to GDN’s 
categorization goals. Each GDN categorization goal 
determines a perspective, then a specific hierarchy. The 
concept formation procedure of FORMVIEW is a hill-
climbing search for the best partition that can be 
generated from the application of the operators for 
hierarchy construction and organization. More 
precisely, to categorize a new observation OC

t
 among 

the sub-concepts of a given concept (partition P0), 
FORMVIEW can: 

·  modify the partition P0 incorporating OC
t 
in one of 

the P0’ s categories and giving rise to the partition 
Pa ={ C1,..., Ci,...,Cr,...,Ck} ; With Ci, Cr, being the 
two best utilities to categorize OC

t
 that is to say 

UCs(Ci) > UCs(Cr) > UCsz( Cz) (0< z < k, z ¹ i, 
z¹ r). 

·  modify P0 creating a new concept Cc for receiving 
OC

t
, giving rise to the partition Pc (P c = P0 È  { Cc} ) 

·  modify P0 merging the two concepts Ci et Cr in 
one Cir, giving rise to the  partition Pf (Pf = 
P0È{ Cir} - {Ci, Cr} ) 

·  modify P0 splitting the Ci in its sub-concepts Cil 
{ Cil| 1 £ l £ q|, giving rise to the partition Ps (Ps = 
P0 - { Ci}  È {Ci1, Ci2, ..., Ciq} . 

The choice of the partition at which to integrate 
OC

t
 will be that which optimizes the category utility 

UCs. However, notice that the partition used in this 
computing is the complete partition for each operation; 
that is to say, FORMVIEW takes into consideration the 
possible bridges between perspectives. Thus, we have 
the complete partitions Pcom

0, P
com

a P
com

c , P
com

f , P
com

s. 
Notice also that in this computing FORMVIEW 

considers only the useful properties of each complete 
partition. 

Another FORMVIEW feature is the 
management of bridges between perspectives. This 
procedure is carried out when an observation is 
incorporated in a node of a hierarchy that represents a 
certain perspective. At this moment, FORMVIEW 
descends other hierarchies, which have already treated 
the current observation in order to compare the set of 
observations, which are covered by the chosen node 
with those covered by nodes of hierarchies developed 
from other perspectives. Thus, it can build bridges 
between perspectives or even undoes unidirectional 
bridges from the chosen node to nodes in other 
hierarchies that did not treat the current observation.  

5 EVALUATING FORMVIEW 

5.1 Comprehensibility of concepts 

Considerations about comprehensibility involve much 
subjectivity. However, since we have developed a goal-
driven, context-dependent process, we consider the 
hierarchies provided by FORMVIEW can be more 
easily understood and interpreted if compared with 
others generated without context-dependency. In fact, 
the use of a multi-perspective representation allows the 
generation and visualization of more compact 
hierarchies because only the relevant properties to a 
particular perspective are considered. 

In addition, we have used a topological 
criterion based on the position of the properties at the 
hierarchy. The details of this analysis can be seen in [8]. 
Basically, we have observed that when we define a 
property relevance in the GDN, the hierarchies 
produced by FORMVIEW have this property 
discriminated at the first levels. That occurs because the 
integration of an observation will be privileged into 
category hosts, which equal the weighted (relevant) 
properties, since in this situation the category utility 
measure tends to maximize. 

Observe, for example, the PET hierarchy of 
Figure 2a. The PRICE property is crucial to the 
interpretation of the generated categories and this 
corresponds to the expert intuition (represented in the 
GDN). Our claim is that this situation allows an expert 
to use a divide-to-conquer strategy since if he interprets 
(i.e. identify a cluster as representing a concept) the first 
level of a hierarchy, it will be simpler the 
comprehension of the remaining, and so on.  It is 
important to point out that if we do not define any 
property relevance, the hierarchy in Figure 2a would 
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have been very different. The PET hierarchy without 
GDN, for example, can be seen in Figure 2b. 

 

Figure 2 Hierarchies generated by FORMVIEW 

5.2 Uncover ing Knowledge with Br idges 

An important characteristic of CONFORT is the 
existence of bridges between perspectives, which are 
another way to discover knowledge from data. Bridges 
capture the correlation between properties from a 
hierarchy and properties from another one. That kind of 
tool is very useful to identify multi-expert knowledge.   

Bridges also allows us to define different 
mechanisms of classification and consequently of 
inferences. They are a useful heuristic in the 
classification process because they allow horizontal 
navigation between perspectives. The search of 
unknown values is performed from a principal 
perspective and, via bridges, properties not existing in 
this perspective can be induced from the secondary 
perspectives. For instance, suppose the hierarchies 
presented in Figure 1. In order to classify an incomplete 
observation describing an animal into these hierarchies, 
if FORMVIEW adopts the PHYSIOLOGIC perspective 
as the principal one and the animal can be classified as 
MAMMALS, it can infer the unknown values for the 
properties of this perspective such as walk for mobility 
and fertilizes for reproduction. Furthermore, through the 
bridge between the categories PET and MAMMALS it 
can infer, from the perspective PET, that the observed 
animal should have good appears, be smart and have 
price low or medium. 

 

6 APPLICATION 

We have used CONFORT to assist in the analysis of 
data about credit operations done by the customers of 
the Brazilian Northeast Bank (BN). BN is a state bank 
where credit operations can be viewed from two 
perspectives: profitability and regional development. 
Actually, within the bank we have found two distinct 
areas that are responsible to analyze and categorize the 
customers following these two criteria.  Briefly, a BN´s 
best credit operation is related to the maximization of 
the monetary gain but it is also related to the social 
advantages that it can bring to the customer’s site 
region.  

In this context, CONFORT and FORMVIEW 
have created hierarchical categories in each of these 
perspectives and it is also established bridges between 
them. Many bridges have been identified and analyzed 
by the user and some of them have been very useful. For 
example, it can be identified that customers that weren’ t 
necessarily the best payers and have low profit 
operations are consider VIP customers from the social 
perspective because they create wages in very critical 
regions.  

7 CONCLUSION 

We have defined software for assisting in the 
incremental construction of concept hierarchies. This 
architecture has a learning algorithm, which generates 
multiple probabilistic concept hierarchies representing 
different perspectives. We have evaluated the 
FORMVIEW algorithm as for the comprehensibility of 
the hierarchies it generates. An application in a public 
bank is overviewed. 
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