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Abstract. The feature selection allows to choose P features among M (P<M) and thus to reduce the 
representation space of data. This process is increasingly useful because of the databases size increase. 
Therefore we propose a method based on preferences aggregation. It is an hybrid method between filter and 
wrapper approaches. 

1.  Introduction 

Due to increasing size of databases, the improvement of data representation quality becomes a main problem in 
data mining. One of the major difficulties related to data representation quality is data dimension. This problem 
is linked with the number of exogenous features characterizing each object. Users who want to cover all existing 
aspects of an endogenous feature and to obtain comprehensible knowledge define a great number of exogenous 
features. However, among these features, some will be irrelevant, useless and/or redundant. Indeed, it is often 
difficult or even impossible to distinguish the relevant features from the irrelevant ones.  
The problem of data dimension can be summarized by ”Less is more” from Liu and Motoda [21] which means 
that if we wish to extract useful and comprehensible information from our data, it is initially appropriate to delete 
irrelevant parts. Feature selection solves this problem. It chooses an optimal features subset according to a 
particular criterion and reduces the features space by removing those which are irrelevant. Feature selection 
eliminates useless and redundant features, the learning process is then accelerated and the accuracy of learning 
algorithms may be improved. It also permits to reduce noise generated by some features. There are a lot of 
feature selection methods which are gathered in two approaches: the wrapper approach, [10], which use the 
learning algorithm to test all existing features subsets, and the filter approach, [12], which corresponds to a data 
pre-processing step preceding the learning phase. The fundamental difference between these two families lies in 
the fact that the first is related to the learning algorithm whereas the second is completely independent of it. 

1.1.  Wrapper methods 

These methods [5] take the influence of the selected features subset on the performances of the learning 
algorithm into account. The learning algorithm is used as an evaluation function to test different features subsets.  
However, its computational cost is too important in most cases [17] : these methods generate all existing features 
subset. 

1.2.  Filter methods 

Filter approaches are grouped into 5 categories : complete, heuristic, random, fast sequential selection and step 
by step. 

Complete methods test all possible subsets of P  features among M features with M the total number of 
features and P  the number of selected features. We can quote MDLM [32] or FOCUS [1], [2] or PRESET [26]. 
MDLM performs a comparison of all existing features subsets. PRESET is an algorithm based on the rough sets 
theory. It selects a features subset, named reduction which involves the same consistency on the learning set as 
the initial features set. All features not belonging to this reduction are eliminated. FOCUS makes a complete 
search among all features subsets and selects the minimal subset which allows to determine the class of each 
object. The complexity of FOCUS is about ( )MO N , with N  the number of objects and M the number of 
features. These 3 algorithms are impossible to apply in most of cases due to their very high computational cost. 

 



Heuristic Methods have many representatives. We present only the principal ones. Relief, [13], is an iterative 
features weight-based algorithm inspired by instance-based learning algorithms. Relief knew many alternatives. 
The most interesting one is ReliefF, [15], which deals with multi-classes problems. The complexity of Relief and 
its alternatives is ( )O IMN  where I  is the number of iterations fixed by the user. The Branch and Bound 
methods, [27], use a selection criterion characterized by the monotonicity property : all subsets, for which the 
selection criterion is not higher than a threshold, are eliminated. ABB, [20], uses the same principle with 
inconsistency rate. Its complexity is ( )2MO N . The Khi2 Algorithm, [18] carries out simultaneously the 
features discretization and the elimination of irrelevant features. It is based on the 2χ  statistics. These methods 
require several accesses to databases. 

 
Random methods main representative is LVF, [19]. LVF selects the smallest features subset generated 

randomly and which satisfies an inconsistency criterion. Its complexity is ( )O IMN , with I the number of 
subset generation. Because of its probabilistic property, the number of selected features tends towards the half of 
the initial features number. Its complexity is about ( )O IMN . Like previous methods, these methods require 
several accesses to databases. 

 
Fast Sequential Selection Method are iterative feature selection methods with a single access to database. 

The selection process is thus a stepwise process : the first step selects the feature 1X  that is the more correlated 
with endogenous feature Y ; the second step selects the feature that is the more partially correlated with Y with 
fixed values for 1X , and so on... In order to have a single database scan, fast correlation measures must be used 
(such as Kendall rank correlation coefficient, or Pearson correlation coefficient, or modified Rand coefficient,...). 
This kind of method is represented by MIFS [3], CFS [8], and the method proposed by Lallich and Rakotomalala 
[16]. These methods are fastest and quite efficient. They appear like the most interesting. 

 
Step-by-step methods use short-sighted criteria to select features. These methods do not take into account the 

interaction between features and classify features according to their discriminating capacity. This type of 
methods is effective and very rapid in particular on problems comprising at the same time many features and 
objects. Their complexity  is ( )logO N N . 

 
To sum up, wrapper approach and complete methods are inapplicable because of their computational cost and 

time complexity. Heuristic methods have difficulties with redundant features and, random methods are skewed 
towards a subset having a number of features about the half of the initial features number. Moreover, most of 
these methods require several scans of database which imply a high I/O cost. It consequently appears that fast 
sequential selection methods and step-by-step methods are the more attractive ones since they propose good 
results as well as very suitable computing cost. 

 
We propose here a new feature selection algorithm. Our method does not belong to wrapper approach nor to 

filter approach. It is situated at the intersection of filter and wrapper approaches. It offers a reasonable processing 
time compared with pure wrapper methods. It uses preferences aggregation in the first stage to determine an 
ordered list of features subsets. The first stage is the filter part. The second and last stage is the wrapper part. The 
next section is devoted to the initial ideas. Third section deal with the feature selection method. Experimental 
evaluation is in section 4. 

2.  Starting point 

We start from the following observation : step by step methods using short-sighted criteria such as Shannon 
entropy are fast, inexpensive and have good results.  There are 4 categories of criteria which measure various 
features specifications : 
− Information measures: these measures determine the information gain from a feature. The feature which has 

the greatest information gain, will be preferred to the other features. We can mention Shannon entropy [31], 
gain ratio [30], normalized gain [11]. 

− Distance measures: they evaluate the separability of classes. They are also know as separability, divergence, 
or discrimination measures : Euclidian distance measure, Mantaras distance measure [7], Gini coefficient [6]. 

− Dependence measures are all correlation or association measures. They qualify the ability to predict the 
value of one feature from the value of another. They can be used to find the correlation between a feature and 
a class. If the correlation of feature 1X with a class is higher than the correlation of feature 2X  with the same 



class, then feature 1X  is preferred to 2X . We can cite chi-squared, Tschuprow coefficient [9] and [25], and 

Cramer coefficient. 
− Consistency measures:  they use the Min-Features bias in selecting a features subset. The Min-Features bias 

prefers hypotheses definable over as few features as possible. Two objects are inconsistent if their modalities 
are identical and if they belong to two different classes. These measures detect redundant features. We can 
cite the τ of  Zhou [33]. 
 
However, the use of a short-sighted method generates two problems: 

− The choice of criterion is delicate:  Which criterion is the most effective? 
− The form of result (a list of sorted features) does not allow us to determine the optimal features subset. 
 

The method we propose solves these two problems in the following way: 
− There is no criterion better or more effective than others. Each criterion emphasizes some specific features 

qualities.  It seems to be interesting to obtain a result which takes the opinion of  different criteria into 
account.  So to obtain this type of results, we use a method of preferences aggregation and several short-
sighted criteria. 

− Obtaining a sorted list of features limits the interest of  the features selection method.  Indeed, the question is : 
how can we determine the optimal size of a features subset?  When we have a sorted list of features, one of 
the methods which seems to be effective to obtain an optimal subset is to use a wrapper approach which adds 
or removes iteratively elements of the sorted list.  At each iteration, the learning algorithm tests if the addition 
or the suppression of a feature involves an improvement of error rate.  However, this process is too expensive 
to be applied.  For this reason, we parameterise the preferences aggregation method so that it doesn’t provide 
an ordering on the features but a preordering.  Also, we will not add  features one by one but features subset 
by features subset. 

3   Presentation of our method  

Our feature selection method is at the intersection of filter and wrapper approaches, [35]. It is a Forward 
Selection method which makes feature classification possible with the use of short-sighted criteria. The result is 
a sorted list of disjoint features subsets. This method has 3 steps: 
– Calculus and discretization of different criteria for each feature (filter approach), 
– Application of preferences aggregation method on results obtained at the previous stage (filter approach), 
– Research of the optimal features subset (wrapper approach). 
 

3.1   Calculus and discretization of criteria 

We let users choose the short-sighed criteria set. The only condition is : criteria must belong to each categories. 
For experiments, we select a set of 10 short-sighted criteria: Shannon entropy, gain ratio, normalized gain, 
Mantaras distance measure, Gini coefficient, chi-squared, Tschuprow coefficient, Cramer coefficient, τ of Zhou. 
Each criterion for all features are calculated in parallel. The result obtained is a set constituted of 10 ordered lists 
in the order descending of feature relevance. 

 
A feature is as relevant as another one even if the two features do not bring the same information. Therefore, we 
introduce the concept of features equivalence. In order to define this concept, we consider a setoff objects 

{ }1,..., ,...,j nO o o o=  described by a features set { }1,..., ,...,i pX x x x=  named initial features set. Given 
{ }1 10,..., ,...,kCR cr cr cr=  the set of 10 short-sighted criteria with { }1,..., ,...,k k ki kpcr cr cr cr= , the set of 

the criterion k  values for each feature of X . The kicr  values of each criterion are normalized with the 
following transformation:  for a feature ix X∈  and a criterion kcr CR∈ , the normalized value of criterion is:  

{ }( )
{ }( ) { }( ),
ki k

ki N
k k

cr Min cr
cr

Max cr Min cr

−
=

−
 

(1) 

After their normalization, these values are discretized in deciles.  The discretization assigns to each feature 

ix X∈  a rank for each criterion kcr CR∈  as follows : 



– For criteria which must be minimized :  

If [ [, 0;0.1ki Ncr ∈  then 1kiR = ; If [ [, 0.1;0.2ki Ncr ∈  then 2kiR = ; ... ; If [ ], 0.9;1ki Ncr ∈  then 10kiR =  

 
– For criteria which must be maximized :  

If [ ], 0;0.1ki Ncr ∈  then 10kiR =  ; If [ [, 0.1;0.2ki Ncr ∈  then 9kiR = ; ... ; If [ ], 0.9;1ki Ncr ∈  then 1kiR =  

 

kiR  is the rank assigned to feature ix X∈  for criterion kcr CR∈ . The most relevant feature has the smallest 

rank. Thus the equivalence concept is defined as follows : two features ix  and jx  are equivalents according to a 

criterion k  if and only if for this criterion, they have the same rank : 

( )i j ki kjx x R R⇔ ⇔ = . (2) 

3.2   Aggregation of criteria results  

For all preferences aggregation methods [23], it is appropriate to define a set of judges and a set of  objects.  In 
our case, the objects are initial features and the judges are criteria. We use the preferences aggregation method 
developed in [28] and [29] and based on [22] and [24].  We don’t describe in detail this method but we present 
its subjacent principle. 

For each objects pair ( ),i jx x , each judge states its opinion ( ),kA i j . kA , the opinion of judge k  is an 

application of X X× in { }Pr , Pr ,ef N ef EQ .   

Thus, 

( ), PrkA i j ef= ⇔  judge k  prefers ix  to j ki kjx R R⇔ < , 

( ), PrkA i j N ef= ⇔  judge k  prefers ix  to j ki kjx R R⇔ > , 

( ),kA i j EQ= ⇔  judge k  considers ix  and jx  like equivalents ki kjR R⇔ = . 

The result we wish to obtain is an opinion OP  called opinion of broad preferences and which generates a 

preordering relation on X .  OP is an application of X X× in { }Pr , Pr ,ef N ef EQ .   

Definition 1 : The degree of agreement  ( ),ij kOP Aρ  between the advices ( ),OP i j  and ( ),kA i j  is 

defined in table 1. 

Table 1. Degree of agreement ij�  

 

OP  / kA  Pr ef  PrN ef  EQ  

Pr ef  1 0 1/2 
PrN ef  0 1 1/2 

EQ  1/2 1/2 1 

Definition 2 : The degree of agreement ( ), kDA OP A  between the opinions OP  and kA  is 

( )
( )

( )
,

, ,
i j

k ij k
x x X

DA OP A OP A
∈

= � ρ . 

Definition 3 : The degree of agreement between the opinion OP  and the opinion of all judges is 

( ) ( )
10

1

, k
k

DA OP DA OP A
=

=� . 

Our problem consists in building an opinion OP  which generates a preordering on X  and which maximizes 
( )DA OP . The corresponding optimization problem is NP-hard, hence the use of a meta-heuristic. Simulated 

annealing method [14] is used for maximization. We choose simulated annealing because it's a rapid and easy to 



use method. The parameters are : the decay rate equal 98.0 , the halting condition is a number of iterations 
which equal X*10 . The neighbourhood of the current solution is defined as follow : a preordering 

{ }',...,',...,'' 1 Hh lllL =  is neighbour of a preordering L , ( )LVL ⊂' , if and only if 'L  derive from L  by the 
movement of only one object. After the application of this aggregation method, we obtain an ordered list of 
disjoint features subsets { }1,..., ,...,h HL l l l= . 

3.3   Optimal features subset 

Until now, our method has a filter approach. At this stage, our method has a wrapper approach. The advantage of 
using a wrapper approach is the use of the influence of the features subset on learning algorithm performances. 

Detection of the optimal subset is carried out as follows :  within the thh  iteration, the features subset  hl L∈  is 
added to the optimal features subset.  The optimal features subset is the one having the smallest error rate on the 
learning set. 

4   Experimentations. 

In our experiments we used 14 databases from the UCI collection [4]. The quantitative features are discretized 
with Fusinter method, [14]. The features selection is carried out on 30% of the initial set of objects while keeping 
the initial distribution of classes. Experimentations with MIFS and ReliefF are also carried out on these same 
30%.  The 70% remainder are used for the learning stage.  For that, we choose a 10-fold-cross-validation and 
learning algorithms are ID3, Sipina and Naïve Bayesian (NB). Tests before selection are also carried out on these 
same 70%. Tables 2, 3 and 4 show error rate and the associated Standard deviation (Sd) obtained before and after 
features selection respectively with ID3, Naïve Bayesian and Sipina by using our method. The results obtained 
with ID3 and BN are interesting.  Except for some bases, we can see an error rate reduction and/or a stabilization 
of the results (Sd reduction). For Sipina, the results before and after selection are practically identical and 
sometimes there is an error rate degradation. For Cleve, Heart and German with Sipina, we can observe an 
important increase of the error rate. Tables 5, 6 and 7 indicate the number of selected features respectively with 
ID3, Sipina and Naive Bayesian. Our results are between those of ReliefF and those of MIFS. Tables 8, 9 and 10 
allow us compare our method with ReliefF and MIFS. Results are sometimes equivalent. Our method obtain 
better results in most of case. Table 11 shows the number of iterations carried out by our method. The maximum 
number of iterations is about 9 (for Vehicle). The number of learning algorithm call in our method is then 
smaller than in pure wrapper methods. 

Table 2. Tests with ID3 

Without selection With selection 
Bases 

Error rate Sd Error rate Sd 

Austra 16.60 4.57 15.29 3.48 
Breast 5.95 1.95 4.27 2.8 

Cleve 18.53 8.68 21.9 8.67 
CRX 14.73 5.68 15.7 3.1 

German 31.86 7.53 26.14 4.87 

Heart 27.05 10.29 26.32 11.04 

Iono 21.37 8.39 11.73 5.59 

Iris 3.73 4.57 4.73 4.74 

Monks-1 25.22 8.3 25.18 7.56 

Monks-2 34.91 6.79 34.89 6.71 
Monks-3 1.28 1.28 3.88 2.69 

Pima 26.11 5.43 24.5 5.15 
Tic Tac Toe 33.43 5 25.16 6.31 

Vehicle 34.24 4.96 28.75 5.44 



Table 3. Tests with BN 

Without selection With selection Bases 
Error rate Sd Error rate Sd 

Austra 14.26 4.58 15.27 3.61 
Breast 2.65 1.31 2.65 2.05 
Cleve 21 6.63 17.77 6.14 
CRX 14.67 3.14 15.69 3.99 
German 23.71 6.58 23.43 4.62 
Heart 17.37 7.46 17.89 7.14 
Iono 6.83 5.06 7.25 5.88 
Iris 6.45 7.14 2.82 4.31 
Monks-1 25.22 6 25.19 4.68 
Monks-2 38.94 4.14 34.92 5.11 
Monks-3 3.88 2.9 3.85 3.67 
Pima 21.14 5.42 22.83 5.73 
Tic Tac Toe 29.61 5.15 27.83 3.92 
Vehicle 34.27 5.52 33.95 4.18 

 

Table 4. Tests with Sipina  

Without selection With selection Bases 
Error rate Sd Error rate Sd 

Austra 16.73 3.95 15.28 6.02 
Breast 7.13 2.29 6.73 4.84 
Cleve 21.47 8.57 31.67 10.87 
CRX 16.3 6.22 17.13 6.05 
German 28.14 5.5 31.71 4.51 
Heart 23.16 10.04 27.89 7.82 
Iono 7.73 6.95 6.88 2.58 
Iris 4.64 6.17 4.64 6.17 
Monks-1 20.11 4.89 25.18 3.72 
Monks-2 38.24 7 34.89 8.79 
Monks-3 1.79 2.58 3.87 3.09 
Pima 24.3 4.46 25.05 4.36 
Tic Tac Toe 20.67 3.77 26.06 7.5 
Vehicle 47.26 6.24 50.58 5.63 

Table 5. Number of selected features with ID3 

Bases Without selection Our method ReliefF MIFS 
Austra 14 1 2 13 
Breast 9 3 6 9 
Cleve 13 7 6 8 
CRX 15 3 2 7 
German 20 5 14 3 
Heart 13 2 2 13 
Iono 34 2 25 8 
Iris 4 3 4 3 
Monks-1 6 1 2 1 
Monks-2 6 1 2 2 
Monks-3 6 2 2 3 
Pima 8 2 7 4 
Tic Tac Toe 9 7 5 3 
Vehicle 18 14 18 6 



Table 6. Number of selected features with Naïve Bayesian 

Bases Without selection Our method ReliefF MIFS 
Austra 14 2 2 13 
Breast 9 7 6 9 
Cleve 13 5 6 8 
CRX 15 5 2 7 
German 20 9 14 3 
Heart 13 8 2 13 
Iono 34 26 25 8 
Iris 4 2 4 3 
Monks-1 6 1 2 1 
Monks-2 6 1 2 2 
Monks-3 6 2 2 3 
Pima 8 5 7 4 
Tic Tac Toe 9 7 5 3 
Vehicle 18 12 18 6 

Table 7. Number of selected features with Sipina 

Bases Without selection Our method ReliefF MIFS 
Austra 14 1 2 13 
Breast 9 4 6 9 
Cleve 13 1 6 8 
CRX 15 3 2 7 
German 20 1 14 3 
Heart 13 2 2 13 
Iono 34 26 25 8 
Iris 4 2 4 3 
Monks-1 6 1 2 1 
Monks-2 6 1 2 2 
Monks-3 6 2 2 3 
Pima 8 1 7 4 
Tic Tac Toe 9 3 5 3 
Vehicle 18 10 18 6 

Table 8. Tests with ReliefF and MIFS (ID3) 

Our method MIFS ReliefF Bases 
Error rate Sd Error rate Sd Error rate Sd 

Austra 15.29 3.48 17.17 4.12 15.31 5.23 
Breast 4.27 2.8 5.9 2.64 5.29 3.16 
Cleve 21.9 8.67 24.68 10.27 40.54 7.77 
CRX 15.7 3.1 16.12 6.7 17.54 5.88 
German 26.14 4.87 27.43 5.06 30.14 6.01 
Heart 26.32 11.04 28.42 9.76 27.38 9.06 
Iono 11.73 5.59 15.75 8.71 11.78 3.94 
Iris 4.73 4.74 4.82 6.58 3.73 4.57 
Monks-1 25.18 7.56 25.20 7.71 55.52 3.34 
Monks-2 34.89 6.71 34.91 6.7 34.9 8.63 
Monks-3 3.88 2.69 3.86 2.86 3.88 3.34 
Pima 24.5 5.15 24.87 4.83 25.05 7.69 
Tic Tac Toe 25.16 6.31 30.81 7.11 30.51 5.9 
Vehicle 28.75 5.44 40.62 7.39 42.25 6.52 



Table 9. Tests with ReliefF and MIFS (Naïve Bayesian) 

��������	
� ���� �������������

���	������� �
� ���	������� �
� ���	������� �
�

������� ������ ����� ���� � ��! � ���� � �����

������� ����� ��!�� �� �� �� �� ����� �����

"��#�� ������ ����� �!���� ������ �!���� �����

"�$� ����%� ��%%� ������ ���� ������ �� �

&����'� ������ ����� ����%� ����� �!���� ��%��

(����� ��� %� ����� ��� %� �!�!�� ���!�� �!����

�	'	� ����� ��  � ����� ���� %���� �����

����� �� �� ����� ����� ����� ����� �����

�	')�*�� ����%� ��� � ����!� ��� � ���%�  ���

�	')�*�� ���%�� ����� ���%�� ����� ���%�� �����

�	')�*�� �� �� ����� �� �� �� �� �� �� �� ��

+���� ��� �� ����� ������ ���� ���!�� �����

,�-�,�-�,	�� ��� �� ��%�� � � �� ����� ���%�� ���%�

.���-��� ���%�� ��� � �%� ��  �!�� ��� ��  �� �

 

Table 10. Tests with ReliefF and MIFS (Sipina) 
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Table 11. Number of learning algorithm call with our method 
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5   Conclusion. 

In this article, we present a feature selection method based on preferences aggregation.  It is a hybrid method 
between filter and wrapper approaches having the advantages of each approach and reducing theirs 
disadvantages : 
– The influence of the selected features on the learning algorithm is taken into account. Thus, the selected 

features are different according to the used algorithm. 
– The computational cost is largely lower than the computational cost of pure wrapper methods due to the use 

of a preordering. 
Because of users can choose the short-sighted criteria set and the learning algorithm for wrapper stage, our 
method can be qualified “meta-method”. 

Concerning the number of selected features, ours results are comparable and even better with those obtained 
by ReliefF and MIFS.  Concerning the accuracy, we can observe an error rate reduction after selection. 
 

We plan to improve our method according to two aspects. The discretization method used for the criteria 
values must be more suitable. We would like, also, that the result of the method of preferences aggregation is not 
a list of features subsets, but the optimal features subset. 
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