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Abstract. ALVOT is a model of supervised classification based on partial 
precedences. In this paper a new object selection method based on a voting 
procedure for ALVOT is proposed. The method was developed for dealing with 
databases having objects described by features that are not exclusively numeric 
or categorical. A comparative numerical experiment was performed with 
different algorithms of object selection. The experimental results show a good 
performance of the proposed method with respect to the other algorithms. 

1   Introduction 

To achieve high-quality results, supervised classifiers need a good training matrix. It 
is usually accomplished by removing “noisy” as well as redundant objects. Several 
techniques have been developed to deal with these two problems, increasing the 
quality of classification: editing and condensing methods respectively [1]. 

On the other hand, in real world problems, sometimes the objects are described 
simultaneously in terms of qualitative and quantitative features. Some of the object 
descriptions could also be incomplete (missing values). In these cases, the tools of the 
Logical Combinatorial Pattern Recognition (LCPR) [2] should be used. 

ALVOT [3, 4], introduced by Zhuravlev, is a model of supervised classification in 
the LCPR. The original algorithm has been applied to different real world situations, 
with the introduction of new similarity functions. Also, the fuzzy set theory concepts 
have been used in order to adequately model some problems in geosciences, 
medicine, and others [5, 6].  

ALVOT is based on partial precedence. Partial precedence is the principle of 
calculating the similarity between objects using comparisons between their partial 
descriptions. A partial description is a combination of features with a clear meaning in 
the problem domain. This is the way that physicians, and other natural scientists, 
establish comparisons among objects in real world problems [4].  

For a new object to be classified, many partial comparisons with all the objects in 
the training matrix have to be calculated. This can be very time consuming, while the 
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cardinality of the matrix increases. That is why we propose an object selection 
method, which improves the quality of classification with ALVOT. 

2   Previous Works 

The first editing method for ALVOT was introduced in [7, 8]. This method uses a set of 
genetic algorithms to select the support sets system, the features weights, and the objects 
in the training matrix. Nevertheless, there are several problems where this optimization 
procedure can not be applied, because the parameters have a meaning in the problem 
definition domain. For example, the specialist might determine the support sets system 
and assign the feature weights according to his background knowledge. He can also use 
some procedures, with a comprehensive meaning in his model. Based on these facts, we 
compared our algorithm only with the object selection procedure. 

The chromosomes used by the genetic algorithm were binary strings consisting of 
m  bits, one for each object, representing the subsets of those which are selected. The 
i th bit has value 1 when the respective element is included, and 0 otherwise. 

In general, the algorithm works as follows: 

1 The initial population is generated randomly. The population size and iteration 
number are input parameters of the algorithm. 

2 The population’s individuals are sorted according to their fitness. The first and last 
individuals are crossed, the second is crossed with the penultimate and this process 
is repeated until finishing the population. They are crossed using a 1-point 
crossover operator in the middle of the individual. The fitness function is the ratio 
of well classified objects. 

3 For each individual in the population the mutation operator is applied. It takes 
randomly an individual’s gene and changes its value. The fitness is evaluated for 
this new population. 

4 The original individuals together with those obtained by crossing and mutation are 
sorted in descending order according to their fitness and those with highest fitness 
are chosen (taking into account the population size). The new population is used in 
the next iteration of the algorithm. 

This method has an important random component, so two different executions of 
the algorithm with the same data could have dramatically different results. Besides, 
the results reached by this procedure lack of a comprehensive meaning in the problem 
domain. As pointed out by Kuncheva and Bezdek [9] selecting prototypes by Random 
Searches and Genetic Algorithms could be computationally demanding and, for large 
data sets, may be infeasible. 

3   A First Approach to a New Object Selection Method for  
     ALVOT 

For selecting objects for ALVOT we can apply a classical editing methods based on 
NN rule. An analogue solution were reported by Decaestecker [10] and Konig et. al 
[11], in which the training matrix is edited for a Radial Based Function network, 
using a procedure originally designed for k-NN. A deep study about editing methods 
is outside of the scope of this paper, but a revision can be found in [1].  
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Considering that we are working with MID, in this paper we use the Compact Set 
Editing method(CSE) [12], an extension of Wilson’s [13] Edited Nearest Neighbor 
rule (ENN) for MID, and a modification of the ENN using ALVOT as classifier 
(EALVOT). 

Despite these procedures can be applied, as we can see below, a better solution 
could be achieved considering the way ALVOT works.  

4   Voting Based Object Selection (VOS) 

Any algorithm of ALVOT A  works in six stages: 

Stage 1.- Determine the support sets system AΩ , which is a set of subsets of 

features. 
Stage 2.- Find out the feature comparison criteria and similarity function between 

sub-descriptions of objects ( )iOO ΩΩ ,β , AΩ∈Ω . OΩ  is a sub-description of object 

O  using only features in Ω ; and β  is a similarity function. 

Stage 3.- Rule for evaluating the partial similarity between a fixed sub-description 
of a new object and the corresponding sub-descriptions of previously classified 
objects ( )OOp ,ΩΓ  (partial evaluation by rows). 

Stage 4.- Rule for summarizing the partial evaluation by rows of a fixed sub-

description of a new object for each class ( )Oj
ΩΓ  (partial evaluation by classes). 

Stage 5.- Rule for summarizing all partial evaluations by class with respect to the 

whole support sets system of a new object ( )OjΓ  (total evaluation by classes). 

Stage 6.- Decision-making rule based on the total evaluation by classes AΓ . 

In this paper we introduce a new method to select objects for ALVOT, named 
Voting based Object Selection (VOS). Objects are selected according to their voting 
power in the training data, which is calculated with the following expression: 
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associated to the accuracy obtained from classifying the objects in V  using S  as 

training matrix; T the original training matrix; and oW , the weight associated to the 

reduction ratio. 
The algorithm VOS works as follows: 

Step 0: Calculate ( )VTQA , = 0q , the quality of A  classifying the validation matrix 

V  using the training matrix T . 
Step 1: Calculate the voting power of each object using (1). 
Step 2: Sort descendent the objects per class according to )(Oι . 

Step 3: Calculate 0c = ( ){ }{ }0:min
...1

>∈
∈

OKO i
ri

ι , where r  is the total amount of 

classes. This value is the minimal number of objects in any class with a positive 

( )Oι . Select an initial solution 0S  taking the first 0c  objects from each class. 

Step 4: Calculate 1q , the quality of A  classifying V  using 0S  as the training 

matrix. 

Step 5: If  01 qq ≥ , keep removing from 0S  the object with less )(Oι  per class, 

while the quality is above 0q  and no empty class is obtained. 

Step 6: If  01 qq < , keep adding from 0\ ST  to 0S  the object with greater )(Oι  

per class, until the quality reaches at least 0q . 

Step 7: Return 0S . 
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5   Experimental Results 

The experiments were made using 7 databases from UCI [14] Repository of Machine 
Learning, with mixed and incomplete data. A description of these databases can be 
found in Table 1. 

Table 1. Databases used in the experiments 

Database Objects Features Missing Values Classes 
Breast-cancer 286 9 9 2 
Breast-cancer-breast 286 9 9 2 
Credit-screening 690 15 37 2 
Credit-screening-A9 690 15 37 2 
Credit-screening-A12 690 15 37 2 
Hepatitis 155 19 75 2 
Import-85 205 25 46 7 

Breast-cancer-breast is the same database as Breast-cancer, but with the feature 
breast used as class feature. Credit-screening-A9 (Credit-screening-A12) is the same 
database as Credit-screening, but with the feature A9 (A12) used as class feature.  

Each database was split taking 70% for training and 30% for testing. We repeated 
the process 5 times and average the results. 

In our experiments we used a voting algorithm A  with the following parameters: 

• The support sets system was the set of all typical testors of the training matrix. 

• ( )
( ) ( )( )
Ω

=ΩΩ
∑

Ω∈p

jpipp

ji

OOC

OO
χ

χχ

β

,

, ; partial similarity function, where Ω  is 

a subset of features, pC  the comparison criterion for the feature pχ , and 

( )ip Oχ  is the value of the feature pχ  in the object iO . 

• ( ) ( )( ) ( ) ( )
⎪⎩

⎪
⎨
⎧ <−=

otherwise0

if1
, 21

21
ppp

ppp
OO

OOC
σχχχχ ; similarity comparison 

criteria for numeric features, where pσ  is the standard deviation of the values of 

the feature pχ  in the training matrix. 

• ( ) ( )( ) ( ) ( )
⎩
⎨
⎧ =

=
otherwise0

if1
, 21

21

OO
OOC pp

ppp

χχ
χχ ; similarity comparison criteria for 

non-numeric features. 
• ( ) ( ) ( ) ( )OOOOO ppp ΩΩ⋅Ω⋅=ΓΩ ,, βρρ ; partial evaluation by rows for a fixed 

support set, where ( ) ( )∑
Ω∈

=Ω
i

i
χ

χρρ . In the experiments ( ) 1=pOρ  was used. 



 Selecting Objects for ALVOT 611 

• The weight of the feature iχ  is calculated, following [15], with the equation: 

( ) ( ) ( )iii LP χβχαχρ ⋅+⋅=  with 0, >βα  and 1=+ βα , being α  and β  two 

parameters, which weight the influence of ( )iP χ  and ( )iL χ  respectively in 

( )iχρ . We used 5.0== βα . ( )iP χ  is computed: ( ) ( )
τ
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• The quality function used, ( )VSQA ,0 , was the well classification ratio; hence, 

1=aW  and 0=oW . 

• The training matrix was used as validation matrix; TV = . 

To make numerical comparisons, we denoted as GA the algorithm introduced in 
section 2. 

The accuracy of A with the original matrix, CSE, ENN, GA, EALVOT and VOS 
are shown in Table 2 and 3. These results show that no method was clearly superior in 
all databases. 

The compression ratios achieved by the algorithms are shown in Table 4.  
It is clear that the proposed method reach higher compression ratios affecting lesser 

the classifier accuracy than any other methods. 

Table 2. Accuracy of A  without editing compared with methods that do not use ALVOT 

Database A  CSE ENN 

Breast-cancer 0.754 0.767 0.774 
Breast-cancer-breast 0.58 0.624 0.547 
Credit-screening 0.801 0.790 0.785 
Credit-screening-A9 0.739 0.744 0.734 
Credit-screening-A12 0.620 0.606 0.598 
Hepatitis 0.738 0.691 0.740 
Import-85 0.495 0.498 0.451 
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Table 3. Accuracy of A  without editing compared with methods that use ALVOT 

Database A  GA EALVOT VOS 

Breast-cancer 0.754 0.714 0.785 0.749 
Breast-cancer-breast 0.58 0.522 0.560 0.578 
Credit-screening 0.801 0.788 0.773 0.782 
Credit-screening-A9 0.739 0.738 0.717 0.705 
Credit-screening-A12 0.620 0.616 0.614 0.616 
Hepatitis 0.738 0.738 0.740 0.743 
Import-85 0.495 0.422 0.460 0.489 

Table 4. Compression ratio 

Database CSE ENN GA EALVOT VOS 
Breast-cancer 0.29 0.21 0.51 0.27 0.60 
Breast-cancer-breast 0.22 0.21 0.53 0.32 0.55 
Credit-screening 0.50 0.10 0.50 0.13 0.60 
Credit-screening-A9 0.44 0.11 0.50 0.14 0.52 
Credit-screening-A12 0.21 0.24 0.49 0.42 0.48 
Hepatitis 0.54 0.12 0.51 0.19 0.69 
Import-85 0.44 0.13 0.50 0.61 0.87 

6   Conclusions 

ALVOT is a model for supervised classification based on partial precedences. It is 
mainly used in problems where the objects are described in terms of qualitative and 
quantitative features simultaneously, and some features have missing values. 

Classifying with ALVOT turns expensive while the training matrix increases. In 
this paper a new object selection method (VOS) for ALVOT is introduced. It is based 
on the voting power of the objects, a magnitude calculated according the way 
ALVOT works. Several experiments were carried out and the comparisons with other 
methods showed that the proposed method reaches higher compression ratios 
affecting lesser the classifier accuracy than any other method. 
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