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Abstract. In supervised classification, the object selection or instance selection 
is an important task, mainly for instance-based classifiers since through this 
process the time in training and classification stages could be reduced. In this 
work, we propose a new mixed data object selection method based on cluster-
ing and border objects. We carried out an experimental comparison between our 
method and other object selection methods using some mixed data classifiers.  
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1   Introduction 

The supervised classification is a process that assigns a class or label to new objects 
according to their features using a set of previously assessed objects called training 
set, denoted in this paper as T. 

In practice, T contains objects with useless information for the classification task, 
that is, superfluous objects. Due to the superfluous objects in a training set, it is nec-
essary to select those objects (in T) that give relevant information for the classifier. 
This selection process is known as object selection. The main goal of an object selec-
tion method is to obtain a set S ⊂ T such that S preserves the classification accuracy. 

Several methods have been proposed for solving the object selection problem, the 
Condensed Nearest Neighbor (CNN) [1] and the Edited Nearest Neighbor (ENN) [2] 
are two of the first proposed methods for object selection. The CNN method starts 
with S= ∅ and its initial step consists in randomly including in S one object belonging 
to each class. After the initial step, each object in T is classified (with k-NN) using S 
as training set, if an object O is misclassified then O is included in S to ensure that 
new objects near to O will be classified correctly. The ENN rule consists in discarding 
from T those objects that do not belong to their k nearest neighbors’ class. This 
method is used as noise filter because it deletes noisy objects, that is, objects with a 
different class in a neighborhood. An extension of ENN is REEN (Repeated ENN) [3] 
which applies ENN repeatedly until all objects in S have the same class that the major-
ity of their k nearest neighbors. 
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Other object selection methods are the DROP (Decremental Reduction Optimiza-
tion Procedure) which were proposed in [4], their selection criterion is based on the 
concept of associate. The associates of an object O are those objects such that O is 
one of their k nearest neighbors. These methods discard the object O if its associates 
can be classified correctly without O. 

In [5] the Iterative Case Filtering algorithm (ICF) was proposed, this method is 
based on the Reachable(O) and Coverage(O) sets which are the neighborhood set and 
the associates set described above. ICF discards an object O if |Reachable(O)| > |Co-
verage(O)|. 

Clustering can be used for object selection [6, 7] so that after splitting T in n clus-
ters, S is the set of centers of each cluster. In [8] the CLU object selection method is 
based on this rule and it was applied to the signature recognition problem. 

In a training set, the border objects of a class are located in a region where there are 
objects from different classes. These objects give useful information to the classifier 
for preserving the class discrimination regions [4, 5]. On the other hand, interior ob-
jects of a class (objects that are not border) could be less useful. In this paper, we pro-
pose a mixed data object selection method based on clustering; our method finds and 
retains border objects and some interior objects. 

In order to show the performance of the proposed method, we present an experi-
mental comparison between our method and some other object selection methods 
using the obtained object sets as training for different mixed data classifiers. 

This paper is structured as follows: in section 2 our object selection method is in-
troduced, in section 3 we report experimental results obtained by our method, and 
finally, in section 4 some conclusions and future work are given.  

2   Proposed Method 

In a training set, interior objects could be deleted without loosing classification accu-
racy. In this paper we propose a method called MOSC (Mixed data Object Selection 
by Clustering) which finds and retains border objects and some interior objects. The 
selection criterion in MOSC is based on clustering, mainly on non homogeneous  
clusters. 

An homogeneous cluster is a set of objects such that all objects belong to the same 
class whereas in a non homogeneous cluster there are objects belonging to different 
classes. 

In order to find border objects, the MOSC method generates clusters and analyses 
non homogeneous clusters since border objects are located in regions which contain 
similar objects belonging to different classes.  

In order to handling mixed data, MOSC uses the k-means with similarity functions 
algorithm (kMSF) [9] for creating clusters. This algorithm is based on the same idea 
as k-means but for comparing objects it uses a similarity function and instead of com-
puting means, it computes representative objects for each cluster. The kMSF algo-
rithm determines the representative object in a cluster Aj using the next expression 
(for more details see [9]): 
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),( qj OOΓ  is the similarity between objects Oj and Oq, 
r
qO  is the representative ob-

ject in cluster q and n is the number of clusters. )( jA O
i

β  is the average similarity of 

Oj with the other objects in the same cluster Ai. The )( jA O
i

α  function evaluates the 

variance between )( jA O
i

β and the similarity between Oj and the other objects in Ai 

and )( jA O
k

η  is the average dissimilarity of Oj with the other representative objects.  

The most representative object ORi in Ai must be the most similar in average with 
other objects in the cluster and the most dissimilar with respect to the other represen-
tative objects. These properties directly depend on )( jA O

i
β  and )( jA O

k
η  values re-

spectively then ORi is that object that maximizes the expression )( jA Or
i

. 

The MOSC method (figure 3.1) starts creating n clusters. Once the clusters have 
been obtained, for each cluster Aj it is necessary to decide whether Aj is homogeneous 
or not. 

If the cluster Aj is non homogeneous then Aj contains some objects located at criti-
cal regions, that is, border objects. In order to find the border objects, MOSC finds the 
majority class objects. Once these objects have been found, the border objects in the 
majority class are those objects that are the most similar to an object in Aj belonging 
to different class, and by analogy, the border objects of Aj in the other classes are 
those objects that are the most similar to each border object in the majority class. 

If the cluster Aj is homogeneous then the objects in Aj are interior objects and they 
could be discarded from T without affecting the classification accuracy. Therefore, 
MOSC finds the representative object of the homogeneous cluster Aj and discards the 
remaining objects so that Aj is reduced to its representative object. 

The objects selected by MOSC are the representative objects from each homogene-
ous cluster and the border objects from each non homogeneous cluster. 
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MOSC (Training set T, number of clusters n): object set S 
S= ∅  
Clust= kMSF(T, n)   // create n clusters from T  
For each cluster Aj in Clust  
   If Aj is non homogeneous then 
      Find the majority class CM in cluster Aj 
      For each class Ck in Aj  (Ck ≠ CM ) 
         For each object Oj belonging to class Ck 
             Find Oc∈CM , the most similar object to Oj with class CM 
             S = S ∪ { Oc } 
             Find OM , the most similar object to Oc with class different to CM 
             S = S ∪ { OM } 
   Else    // Aj is homogeneous 
      Oi = representative object of the cluster Aj 

      S = S ∪ { Oi } 
Return S      
 
 

Fig. 3.1. MOSC method for object selection 

 
 

 
a) 

 

 
b) 

 

 
c) 

 

 
d) 

Fig. 3.2. a) Dataset with classes “+” and “• ”. b) Clusters created from the dataset. c) Objects 
selected in each cluster. d) Objects set obtained by MOSC. 
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To illustrate in a graphical way how MOSC finds border objects let us consider the 
dataset shown in figure 3.2a which is a bi-dimensional dataset created by hand with 
objects belonging to the classes “+” and “• ”. In figure 3.2b, the clusters (C1…C12) 
created from the dataset are depicted, the non homogeneous clusters are C2, C6 and 
C11 whereas the remaining clusters are homogeneous. 

In the clusters C6 and C11 the minority class is “+”, then the border objects in the 
most frequent class ( • ) are the most similar objects to each minority class object (+). 
On the other hand, the border object in class “+” are the most similar objects (belong-
ing to class “+”) to each border object in class “• ”.  

The same process described before is applied to cluster C2 where the minority 
class is “• ”. The objects selected in each cluster are depicted in figure 3.2c and the 
objects set obtained by MOSC is depicted in figure 3.2d. We can observe that MOSC 
finds border objects and some interior objects (representative objects in the homoge-
neous clusters). 

3   Experimental Results 

In this section, we report the results obtained applying the MOSC method over ten 
datasets from the UCI dataset repository [10], four of them (Glass, Iris, Liver, Wine) 
are full numeric and the other six datasets are mixed. For all the experiments 10-fold 
cross validation is reported. 

We show a performance comparison among MOSC, CLU and the DROP methods 
because according to the results reported in [4, 5], the DROP methods outperform to 
other relevant object selection methods such as ENN, RENN and ICF. We also com-
pare against CLU because it is also an object selection method based on clustering.   

For MOSC and CLU it is necessary to generate n clusters, n ≥ c, where c is the total 
number of classes in the dataset. For these methods, we used the k-means with simi-
larity functions algorithm for creating clusters. 

In this work we used the next similarity function: 

m

OOHVDM
OO qj

qj

),(
1),( −=Γ  (5) 

Where HVDM (Heterogeneous Value Difference Metric) [4] is the function used and 
proposed by the DROPs authors and m is the number of features. 

In order to choose the number of clusters n to be used in our experiments, we car-
ried out an experiment over ten datasets using different values for n to choose the best 
ones where MOSC and CLU had the best performance in the average case. In table 4.1 
we show the classification accuracy obtained by MOSC and CLU using the values n= 
2c, 4c, 6c, 8c and 10c. For testing the object sets selected by MOSC and CLU, the k-
Most Similar Neighbor (k-MSN) classifier (k=3) was used, that is, k-NN but using a 
similarity function instead of a distance function for comparing objects. Also we show 
the classification obtained by the original training set (Orig.). 

According to the results shown in table 4.1, the best value for n using MOSC was 
n=8c and the best one for CLU was n=10c, therefore these values were used in all the 
experiments reported in the next tables. 
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Table 4.1. Classification accuracy obtained by CLU and MOSC  using different number of 
clusters 

Number of clusters Dataset  
n=2c n=4c n=6c n=8c n=10c 

 Orig. CLU MOSC CLU MOSC CLU MOSC CLU MOSC CLU MOSC 

Bridges 66.09 46.09 45.45 51.63 51.63 53.54 56.54 58.36 59.45 61.27 61.09 
Echocardiogram 95.71 89.82 94.46 85.90 86.42 90.71 86.42 94.10 91.42 90.71 85.53 
Glass 71.42 42.85 54.71 50.45 62.27 55.64 64.04 61.29 64.48 62.00 63.52 
Heart Cleveland 82.49 73.00 69.98 74.61 71.26 73.00 73.27 75.29 72.26 76.33 74.00 
Heart Swiss 93.72 84.61 73.07 69.23 67.69 84.61 83.91 74.88 79.55 84.61 86.21 
Hepatitis 79.29 79.25 77.25 77.50 73.12 75.00 75.37 75.87 79.29 73.66 75.54 
Iris 94.66 64.64 90.66 89.33 92.66 88.66 91.33 91.33 94.66 90.00 90.00 
Liver 65.22 55.03 57.98 53.94 59.68 48.19 59.40 46.40 59.40 51.89 59.15 
Wine 94.44 73.33 86.66 88.88 88.88 92.22 94.44 90.00 91.11 94.44 94.44 
Zoo 93.33 76.66 84.44 84.44 90.00 91.11 92.22 90.00 90.00 90.00 91.11 
            

Average 83.64 68.53 73.47 72.59 74.36 75.27 77.69 75.75 78.16 77.49 78.06 

 
In table 4.2 we report the results obtained by DROP3, DROP5 (the best DROP 

methods reported in [4]), CLU and MOSC over the ten datasets. For each method we 
show the classification accuracy (Acc.) and the percentage of the original training set 
that was retained by each method (Str.), that is, 100*|S|/|T|. In addition, we show the 
classification obtained by the original training set (Orig.). The classifier used was k-
MSN with k=3 (the value of k reported in [4] for DROP methods, using k-NN). At the 
bottom of each table we show the average accuracy and storage obtained by each 
method. 

Table 4.2. Classification (Acc.) and retention (Str.) results obtained using: the original training 
set (Orig.), DROP3, DROP5, CLU and MOSC 

Dataset Orig. DROP3 DROP5 CLU MOSC 

 Acc Str. Acc Str. Acc Str. Acc Str. Acc Str. 

Bridges 66.09 100 56.36 14.78 62.82 20.66 61.27 63.68 59.45 51.79 

Echocardiogram 95.71 100 92.86 13.95 88.75 14.87 90.71 30.03 91.42 23.87 

Glass 71.42 100 66.28 24.35 62.16 25.91 62.00 31.15 64.48 48.33 

Heart Cleveland 82.49 100 78.89 11.44 79.87 14.59 76.33 18.33 72.26 26.21 

Heart Swiss 93.72 100 93.72 1.81 93.72 1.81 84.61 18.06 79.55 15.89 

Hepatitis 79.29 100 78.13 11.47 75.42 15.05 73.66 14.33 79.29 10.46 

Iris 94.66 100 95.33 15.33 94.00 12.44 90.00 22.22 94.66 25.48 

Liver 65.22 100 67.82 26.83 63.46 30.59 51.89 6.44 59.40 46.44 

Wine 94.44 100 94.41 15.04 93.86 10.55 94.44 37.03 91.11 34.69 

Zoo 93.33 100 90.00 20.37 95.56 18.77 90.00 76.41 90.00 50.24 
           

Average 83.64 100 81.38 15.54 80.96 16.52 77.49 31.77 78.16 33.34 

 
In figure 4.1, the classification (horizontal axis) versus retention (vertical axis) 

scatter graphic from results shown in table 4.2 is depicted. On this kind of graphic, the 
most located at right the best classification accuracy and the most located at bottom 
the best retention percentage. 

Based on the results in table 4.2 and figure 4.1, we can observe that in the average 
case, the best object selection methods were DROP3 and DROP5. The classification 
accuracy obtained by MOSC and CLU were smaller than those obtained by DROPs 
but OSC outperformed CLU. 
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The best methods in table 4.2 were the DROPs since the classifier was k-MSN and 
the DROPs are based on the Nearest Neighbor or Most Similar Neighbor rules, how-
ever it is important to test the object sets selected (obtained in the previous experi-
ment by DROPs, CLU and MOSC) as training sets for other classifiers, in particular 
we are interested in testing with classifiers that allow handling mixed data. 

 

0

20

40

60

80

100

50 55 60 65 70 75 80 85

Accuracy

R
et

en
ti

o
n

Orig.

DROP3

DROP5

CLU

MOSC

 
 

Fig. 4.1. Scatter graphic from results shown in table 4.2 

Therefore, another experiment was done using the object set obtained by DROPs, 
CLU and MOSC as training sets for the C4.5 [11] and ALVOT [12] classifiers, which 
allow handling mixed data. For ALVOT, we used as support sets system all the fea-
tures subsets with cardinality 3. The row evaluation function for a fixed support set 
Ω was: 

),(),( OOOO pp ΩΩ =Γ β  (6) 

Where AΩ∈Ω , AΩ is the support set system, and ),( OOpβ  is the similarity func-

tion shown in (5) but comparing only the features of Ω . 
The class evaluation function for a fixed support set Ω  was: 
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Where mj is the number of objects in the j-th class. 
The evaluation by class for the whole support set system AΩ was obtained using 

the next expression: 
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Finally, a new object is assigned to the class where it obtains the higher evaluation. 
The C4.5 and ALVOT results are reported in tables 4.4-4.5 and figures 4.2-4.3 re-

spectively. 
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Table 4.4. Classification results obtained using the original training set (Orig.) and the object 
sets obtained by DROPs, CLU and MOSC as training for the C4.5 classifier 

Dataset Orig. DROP3 DROP5 CLU MOSC 

Bridges 65.81 47.90 39.54 55.45 59.17 
Echocardiogram 95.71 84.10 92.85 93.21 95.89 
Glass 67.29 60.19 53.76 58.35 62.22 
Heart Cleveland 71.96 68.59 72.16 76.57 73.59 
Heart Swiss 93.71 93.71 93.71 84.61 82.81 
Hepatitis 76.70 63.33 63.41 71.58 65.68 
Iris 93.99 92.66 90.66 92.66 93.99 
Liver 63.67 59.48 63.67 57.96 61.11 
Wine 94.44 84.43 78.88 86.65 86.65 
Zoo 93.33 81.10 88.88 92.21 93.33 
      

Average 81.66 73.55 73.75 76.93 77.44 
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Fig. 4.2. Scatter graphic from results shown in table 4.4 

Table 4.5. Classification results obtained using the original training set (Orig.) and the object 
sets obtained by DROPs, CLU and MOSC as training for the ALVOT classifier 

Dataset Orig. DROP3 DROP5 CLU MOSC 

Bridges 22.81 23.09 27.27 22.81 20.00 
Echocardiogram 93.21 93.21 90.35 93.21 87.50 
Glass 40.56 29.95 28.09 40.90 40.56 
Heart Cleveland 72.59 73.26 73.89 73.26 72.30 
Heart Swiss 66.53 76.23 76.23 76.21 76.00 
Hepatitis 81.12 35.12 41.87 24.08 45.58 
Iris 86.66 88.66 88.66 87.33 88.66 
Liver 48.44 48.57 54.77 48.07 48.44 
Wine 90.00 83.69 89.86 92.22 92.22 
Zoo 96.66 90.00 84.44 96.66 96.66 
      

Average 69.86 64.18 65.54 65.48 66.79 
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Fig. 4.3. Scatter graphic from results shown in table 4.5 

Based on the results shown in tables 4.4 and figure 4.2, in the average case, for 
C4.5, the best object selection method was MOSC followed by CLU, that is, in this 
experiment, the subsets obtained by the DROPs were not as good as the obtained by 
MOSC. 

According to results shown in table 4.5 and figure 4.3, again (as in table 4.4), in the 
average case for ALVOT, the best method was MOSC followed by DROP5 and CLU 
respectively. Notice that in table 4.5, there are some low accuracy results; this is due 
to the ALVOT sensitivity to imbalanced classes. 

4   Conclusions 

The object selection is an important task for instance-base classifiers since through 
this selection the times in training and classification could be reduced. In this paper 
we proposed and compared the MOSC object selection method based on clustering. 
This method finds some interior and border objects since through these last it is pos-
sible to preserve discrimination capability between classes in a training sample. In 
addition, MOSC allows handling not only numeric but also nominal data which is 
useful since in practice it is very common to face with mixed data problems. 

The experimental results showed that MOSC is a good method for solving the ob-
ject selection problem when a classifier different from k-MSN is used. Since most of 
the object selection methods follow the nearest or most similar neighbor rule, the ob-
ject sets obtained by these methods have not a good performance when they are used 
as training for other classifiers which are not based on the nearest or most similar 
neighbor rules, as it can be seen in our experimental results. These results showed that 
the objects sets selected by MOSC had a better average performance when they are 
used as training for the C4.5 and ALVOT classifiers. 

As future work, we will do experiments using other mixed data clustering methods 
and we will propose another way for selecting border objects in non homogeneous 
clusters. 
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