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ABSTRACT: In this paper, we present a new way for construct concepts with the LC-conceptual algorithm using  typi-
cal testors by class. The typical testors by class are irreducible feature sets such that does not confuse objects in a par-
ticular cluster or class with objects in the other clusters generated by the LC conceptual algorithm. As result, we have a
conceptual algorithm, which can work with mixed data (quantitative and qualitative features) and missing data in a more
appropriated way than other conceptual algorithms. Besides, for this algorithm you do not need predefine the number of
clusters to form.
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INTRODUCTION

The widespread use of computers and information technology has made extensive data collection in businesses, manu-
facturing, geological, medical organizations be a routine task. But the primary challenge that drives the relatively new
field of database mining or knowledge discovery from data bases is the extraction of potentially useful information by
careful processing and analysis of this data in a computationally efficient manner.
In the real world, a majority of the useful data is described by a combination of numeric and nominal valued features
also may occur missing data. For example, if we look at geological data, features such as age, porosity, and permeability
are numeric valued, but other features such as rock types, crystalline structure are nominal valued. The majority of the
classical conceptual algorithms EPAM, UNIMEM, COBWEB, CLASSIT (see Gennari J. H. et al. 1990), handle exclu-
sively qualitative or quantitative information in the description of the objects. More recent algorithms for example
COBWEB/3 of McKusick K. and Thompson K. 1990, LINNEO+ of Béjar Javier and Cortés Ulises. 1992 and K-means
conceptual of Ralambondrainy H. 1995, handle mixed features but handle inappropriate the mixed information. In gen-
eral we can observe that for handle mixed qualitative and quantitative data, the proposed conceptual algorithms attempt
the following:
1.-Code qualitative feature values as quantitative values, and apply distance measures used for quantitative situations.
The change from qualitative information in quantitative information does not make sense, and the similarity values are
not interpreted.
2.-Discretize numeric attributes and apply algorithm that handle only qualitative information. The discretization process
often causes loss of important information especially the relative (or absolute) difference between values for the numeric
features. Also, the original problem must be modified or changed of representation space.
3.-Generalize comparison functions designed for quantitative features to handle quantitative and qualitative feature
values. The functions used for quantitative features are based in distances, which can not be extended for handle quali-
tative too, because both are in different spaces. Several attempts violate this fact since evaluate the total distance as the
addition of the distance between qualitative attributes and the distance between quantitative attributes. And consider that
the result is in the original n-dimensional space, where centroides can be calculated.
The authors of this paper proposed the algorithm LC-conceptual (see Martínez-Trinidad J.F. and Ruiz-Shulcloper J.
1997 and Martínez-Trinidad J.F. and Ruiz-Shulcloper J. 1999). This algorithm constitute a new alternative for solve
conceptual clustering problems. Eliminate the restrictions of the conceptual algorithms before mentioned. The principal



characteristics of the LC-conceptual algorithm are the following: works in cases where appear features of different na-
ture (mixed data), incomplete object descriptions (missing data), the number of clusters to form is not known a priori.
In this paper a new more appropriated way for construct properties or concepts associated to the clusters formed by the
LC conceptual algorithm is proposed.

LC-CONCEPTUAL ALGORITHM

Let M be a set of objects. A description I(O) is defined for every object O∈M, represented by a finite sequence
x1(O),…,xm(O) of values associated with m features of the set ℜ ={x1,…,xm} where xi(O)∈Mi, and Mi  is the set of ad-
missible values for feature xi. Additionally, we will assume that in Mi  (i=1,…,m) there exists a symbol ∗ which denotes
absence of information (missing data). In other words, an object description could be incomplete, i.e., there is at least
one variable for which we do not know its value. We will consider that I(O)∈M1x…xMm=IRS (Initial Representation
Space). The natures of these features are not necessarily the same. For example, some of them could be qualitative (i.e.
Boolean, many-valued, fuzzy, linguistic, etc.) and others, quantitative (i.e. integer, real), so we do not restrict IRS to
have any algebraic or topologic structure. We do not restrict Mi either to have any a priori defined algebraic or logic
operations nor any distance (metric).
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Γ will be denominated similarity function and it is an evaluation of the similarity degree between any two descriptions of
objects belonging to MI, being MI the set of object descriptions to structure. Any restriction of Γ to any subset T⊆ ℜ
we will be called a partial similarity function. Often we will consider functions over Mi (over IRS) that not satisfies the
properties of a metric. Usually, the information about the objects is giving in a matrix MI=xi(Oj)nxm with n rows (de-
scriptions of the objets) and m columns (values of the features in the objects).
The problem to solve consists in determining the covering set {K1,…,Kr} r>1 in M, as well as the set of concepts or
properties associated with Ki i=1,…,c.
The algorithm consist of two main steps, the first denominated extensional structuralization, where the clusters are con-
structed. The second step denominated intentional structuralization, where the properties or concepts associated to each
cluster are constructed.
In the first step the clustering criterion proposed in the logical combinatorial pattern recognition are used (see Ruiz-
Shulcloper, J and Montellano-Ballesteros, J.J. 1995). In the second step, the typical testors (see Lazo-Cortés, M. and
Ruiz-Shulcloper, J. 1995) are used for construct the l-complexes (concepts) associated to each cluster.

A testor is a subset of variables { }t x x= i i1 s
, ..., ⊆ ℜ  such that if we consider only these variables then there not appear

equal objects in different classes. A typical testor is a testor for which none of its proper subsets is a testor too.
The algorithm LC- conceptual is as follows:

Algorithm (characterizing using classical typical testors)
Step1.- The comparison criteria for the variables and the similarity function Γ are determined.
Step2.- Select a clustering criterion Π and compute the clusters K1,...,Kc in MI.
Step3.- A matrix MA is formed considering the clusters obtained in step 2. MA is similar to MI but first appear the
objects in K1, after the objects in K2 and so on.
Step4.- Typical testors of MA are calculated.



Step5.- The star ( )G K K K Ki 1 i c, ..., $ , ...,  for each cluster is defined in terms of the respective set of typical testors,

using the conditioned REFUNION operator.
The quantity of typical testors in some problems may be very large, so each cluster could have associated a great quan-
tity of concepts or properties. For solve this situation we introduce a criterion for select the best or better concepts.
Since the concepts are constructed starting from the typical testors, we associate to each l-complex a weight, this weight
is function of the feature’s informational weight (Lazo-Cortés, M. and Ruiz-Shulcloper, J. 1995) calculated starting from
typical testors.
So we have that any l-complex tl  constructed starting from the typical testor t={
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that contains features with high apparition frequency in the set of all the typical testors, will have a high weight and vice
versa. In this work we use as criterion for select the better l-complexes: select those with maximum weight p( tl ). Al-

though in general we can show (if the specialist wish) all the l-complexes ordered in descending way with regard to their
weight.

LC-CONCEPTUAL ALGORITHM USING TYPICAL TESTOR BY CLASS

Recently was proposed the concept of testor by class (see Lazo-Cortés, M. et al. 1998). This concept means a discrimi-
nate combination of features but relatives to each class. That is to say, a testor by class for the class Ki is a discriminate
combination of features such that it does not appear in Ki a subdescription same to anyone in the other classes.
Definition (Lazo-Cortés, M. et al. 1998). A testor by class for the class Ki is a set R’⊆ ℜ  of features such that, it does
not exists in Ki a row same to anyone in the other classes.
Definition (Lazo-Cortés, M. et al. 1998). A testor by class R’ for the class Ki is typical if it does not exists R’’⊂R’ such
that R’’ be testor by class for the class Ki.
Proposition 1 (Lazo-Cortés, M. et al. 1998). Let T⊆ ℜ  be a classic testor (Zhuravlev’s testor) for MA iff, T is a testor
by class for each class in MA.
Proposition 2 (Lazo-Cortés, M. et al. 1998). A Classical testor (Zhuravlev’s testor) for MA, no necessarily, is a typical
testor by class for someone class.
Corollary 1 (Lazo-Cortés, M. et al. 1998). Let T be a typical testor with minimal length and t a typical testor by class
with minimal length, then we have that |t|≤|T|.
Proposition 3 (Lazo-Cortés, M. et al. 1998). If T is a classic testor for MA and is a typical testor by class for someone
class, then is a classic typical testor for MA
Corollary 2 (Lazo-Cortés, M. et al. 1998). A typical testor by class, or is a typical testor or it does not a classic testor.
As an immediate consequence of the before propositions we can propose the following assertions.
Assertion 1. A l-complex generated starting from a classic testor (Zhuravlev’s testor), no necessarily, it is a l-complex
generated from a typical testor by class for someone class.
Assertion 2. The l-complexes generated starting from typical testors by class are less or equal than the complexes gener-
ated starting from the classic testors (Zhuravlev’s testors) in length.
Assertion 3. A l-complex generated starting from a typical testor by class, or it is a l-complex generated starting from a
classic typical testor or it does not.
These assertions are immediate consequence of the testor by class concept. And these have great importance because
give us the possibility of characterizing each cluster in terms of relatives features to each cluster such that does not con-
fuse objects of a particular cluster with objects in other clusters.
Definition. Let iζ  the family of all the typical testor by class for each class Ki, i=1,...,c. The star of a set Ki with respect
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where RUC is the conditioned REFUNION operator (see Martínez-Trinidad J.F. and Ruiz-Shulcloper J. 1997).
Algorithm (characterizing using typical testors by class)

Step1.- The comparison criteria for the variables and the similarity function Γ are determined.
Step2.- Select a clustering criterion Π and compute the clusters K1,...,Kc  in MI.
Step3.- A matrix MA is formed considering the clusters obtained in step 2. MA is similar to MI but first appear the
objects in K1, after the objects in K2 and so on until Kc.



Step4.- Calculate the families iζ  of all the typical testor by class for each class Ki, i=1,...,c.

Step5.- For each cluster calculate the star ( )ci1i K,...,K̂,...,KK
i

Gζ  with all the typical testors, using the conditioned

REFUNION operator.
As criterion for select the better concepts the same mentioned in the before section is used.

EXAMPLE

Consider a data set of microcomputers (Michalski 1983), each microcomputer is described by the variables that are
showed in the following table I.

Microcomputer Display RAM ROM MP Keys Microcomputer Display RAM ROM MP Keys

1 Apple II Color TV 48K 10K 6502 52 7 HP-85 Built-in 32K 80K HP 92
2 Atari 800 Color TV 48K 10K 6502 57-63 8 Horizon Terminal 64K 8K Z80 57-63
3 Commodore VIC20 Color TV 32K 11K 6502A 64-73 9 Ohio Sc. Challenger B&WTV 32K 10K 6502 53-56
4 Exidi Sorcerer B&WTV 48K 4K Z80 57-63 10 Ohio Sc. II Series B&WTV 48K 10K 6502C 53-56
5 Zenith H8 Built-in 64K 1K 8080A 64-73 11 TRS-80 I B&WTV 48K 12K Z80 53-56
6 Zenith H89 Built-in 64K 8K Z80 64-73 12 TRS-80 III Built-in 48K 14K Z80 64-73

Table I: Descriptions of Microcomputers.

Boolean comparison was used for the variables Display and MP. According to this criterion, two values are similar if
they are in the same set. The equality criterion (matching) was used for the rest of the variables.
As similarity function it was used a real valued function, that takes values in the interval [0,1]. It is defined as follows:
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The β0-connected clustering criterion was used (Ruiz-Shulcloper; Montellano-Ballesteros 1995, Martínez-Trinidad;
Ruiz-Shulcloper 1996). This criterion gave us three clusters (see table II).

Cluster 1 Cluster 2 Cluster 3
Atari 800 Ohio Sc. II Series Zenith #8 HP-85

Commodore VIC20 TRS-80 I Zenith  #89
Exidi Sorcerer Apple II Horizon

Ohio Sc. Challenger TRS-80 III

Table II: Clusters β0-connected with β0=0.6.

The table III and IV we can observe the respective stars for each cluster constructed, using the classical typical testors
and typical testors by class respectively.

Cluster 1 Cluster 1
1.- ROM=[ 10 4 11-16 12 ] 1.- ROM=[ 4 10 12 11-16]
2.- RAM=[ 32.00..48.00 ] Keys=[ 52 57-63 53-56 64-73 ] 2.- RAM=[ 32.00..48.00 ] Keys=[ 52 57-63 53-56 64-73 ]
3.- Display=[ Color_TV B&W_TV ] Keys=[ 52 57-63 53-56 64-73 ] 3.- Display=[ Color_TV B&W_TV ]
4.- Display=[ Color_TV B&W_TV ] MP=[ 6502 6502C Z80 6502A ]
5.- Display=[ Color_TV B&W_TV ] RAM=[ 32.00..48.00 ]

Cluster 2 Cluster 2
1.- ROM=[ 1 8 14 ] 1.- ROM=[ 1 8 14 ]
2.- RAM=[ 48.00..64.00 ] Keys=[ 64-73 57-63 ] 2.- RAM=[ 48.00..64.00 ] Keys=[ 64-73 57-63 ]
3.- Display=[ Built_in Terminal ] Keys=[ 64-73 57-63 ] 3.- Display=[ Built_in Terminal ] Keys=[ 64-73 57-63 ]
4.- Display=[ Built_in Terminal ] MP=[ 8080A Z80 ] 4.- Display=[ Built_in Terminal ] MP=[ 8080A Z80 ]
5.- Display=[ Built_in Terminal ] RAM=[ 48.00..64.00 ] 5.- Display=[ Built_in Terminal ] RAM=[ 48.00..64.00 ]

Cluster 3 Cluster 3
1.- ROM=[ 80 ] 1.- Keys=[ 92 ]
2.- RAM=[ 32.00..32.00 ] Keys=[ 92 ] 2.- MP=[ HP ]
3.- Display=[ Built_in ] Keys=[ 92 ] 3.- ROM=[ 80 ]
4.- Display=[ Built_in ] MP=[ HP ] 4.- Display=[ Built_in ] RAM=[ 32.00..32.00 ]
5.- Display=[ Built_in ] RAM=[ 32.00..32.00 ]

Table III: Stars for the clusters using the classical testors Table IV Stars for the clusters using the testors by class

The most important concepts appear with bold letter in tables III and IV. We can see in the table IV that in the Cluster 1
are generated 3 concepts being the concept Display=[ Color_TV B&W_TV ] a concept not constructed using classical
typical testors because Display confuse the computers in the cluster 2 and 3. Using typical testors by class, the feature



Display does not confuse the computers in the cluster 1 with the computers in the clusters 2 and 3. For the cluster 2 are
constructed the same concepts using typical classical testors and typical testors by class (see tables III and IV). Finally
for the cluster 3 appear Keys=[ 92 ] and MP=[ HP ] as concepts which appears because do not confuse the computer in
the cluster 3 with the computers in the clusters 1 and 2.

CONCLUSIONS

In this work was presented a new way for construct concepts o properties associated to the clusters generated by the LC-
conceptual algorithm. Before is achieved using the typical testors by class instead of classical typical testor. Using the
testors by class give us the possibility of generate concepts relatives to each cluster, with out require that the set of fea-
tures used for construct the concept discriminates any pair of objects in different classes. Removing this condition and
considering for a combination of features only the condition of not confuse objects in one class with objects in the other
classes (testor by class). Then the concepts generated are less or equal than the concepts generated using classical typical
testors in length, this property is good because we are interested in short concepts. Besides the concepts are specifics for
each class, so for each cluster, different feature combinations are considered instead of only one for all the clusters.
As result, we have a conceptual algorithm, which can work with mixed data (quantitative and qualitative features),
missing data in a more appropriated way than other conceptual algorithms.
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