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Abstract

In this paper a completely new system for instance selection which is called SBL-
PM-M-EkP (EkP) is introduced. The study of suitability of the EkP method for
training data reduction has been studied on 12 datasets. As an underlying clas-
sifier the well known IB1 system (1-Nearest Neighbor classifier) has been chosen.
We compare the generalization ability of our method to the performance of IB1
trained on the entire training data and the performance of LVQ for which usually
the same number of codebooks have been chosen as the number of prototypes
which have been selected by the EkP system. The results indicate that even with
only a few prototypes which have been chosen by the EkP method, on all 12
datasets statistically indistinguishable results from those attained with IB1 have
been obtained. In several cases the generalization ability of the EkP system has
been larger than the one attained with LVQ.

1 Introduction

Data mining is commonly used in many domains. A case-based way of data
explanation is very popular among researchers. Such an approach to knowledge
discovery and understanding is particularly often employed in medicine, where a
medical doctor makes a diagnosis by referring to other similar cases in a database
of patients.

Interesting instance vectors can be either selected from training data or can be
generated out of a training set. In this case the instances’ features have in general
different values than the ones that are stored in the original training set. Both
techniques (i.e. instance selection and prototype generation) usually lead to, often
significant, training set size reduction.

This paper concerns the first mentioned above problem, i.e. ‘instance selec-
tion’, ‘training data compression, reduction or pruning’. The idea behind this
machine learning paradigm is that only a small fraction of a usually much larger,
original training set is used for a final classification of unseen samples (Maloof
M., Michalski, R. S., 2000; Martinez T. R., Wilson D. R., 1997, 2000; Grochowski
M., 2003; Grochowski M. Jankowski N., 2004-1; Grochowski M., Jankowski N.,
2004-2; Duch. W., Grudziński. K, 2000; Grudziński K., 2004). A very interesting
prototype-rule approach to better data understanding has been made by Duch
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et.al. as the alternative to classic rule-based way of data explanation (Duch W.,
Grudziński K., 2001; Blachnik M., Duch W., 2004).

Prototype selection is an extremely important problem which has been fre-
quently studied by machine learning and pattern recognition researchers. Selec-
tion of prototypes can significantly speed up classification and analysis of data
later and usually leads to better data understanding and may lower sensitivity to
noise of some classifiers. Strong training set reduction may result in, sometimes
statistically significant, degradation of the classification accuracy attained on un-
seen samples, however as many experiments illustrate, often it is the other way
around, i.e. data pruning improves generalization ability of classifiers.

The acronym SBL-PM-M-EkP is short for Similarity-Based-Learner-Partial--
Memory-Minimization-Exacly-k-Prototypes. We want to stress here that our
new system differs from our earlier model, SBL-PM-M (Grudziński K., 2004),
despite of the similar acronym both systems have been given. In the text we will
be omitting the part SBL-PM-M when referring to the SBL-PM-M-EkP method
mainly because this algorithm is independent on the classifiers employed and not
necessarily has any connection with similarity based methods. SBL is in a way
the unofficial trademark of Włodzisław Duch and Karol Grudziński.

2 The SBL-PM-M-EkP System

The EkP system is based on minimization of the cost function which returns the
number of errors the classifier makes. Despite of this, the EkP method is extremely
fast as during every evaluation of the cost function only the preset k instances are
classified. It takes seconds for the EkP method to perform 10-fold cross-validation
on most common UCI datasets. In our Weka implementation we used the well
known simplex method (Nelder J. A., Mead R., 1965) for a function minimization
which we have taken from the Internet (Lampton M., 2004).

The simplex must be initialized first before the minimization procedure is
started. The cost function algorithm is given below.

Our implementation of the EkP method is not the simplest one as our code will
become a basis for an extended version of this algorithm. In order to give a short
description of the algorithm in the text of the paper, it is worth mentioning that
the array of optimization parameters is (numProtoPerClass * numClasses * nu-
mAttributes) dimensional but the instances stored in this vector are not involved in
any parameter modification. They are simply being extracted from the parameter
vector and are added to the cross-validation training partition in every cost func-
tion evaluation. In other words the cross-validation training partitions are built by
extracting samples from a parameter vector which always contains numProtoPer-
Class samples from every class which occurs in a problem domain. In a simpler
implementation one could store the indexes of the training set instances instead of
storing the numProtoPerClass * numClasses vectors themeselves in the parameter
array.
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Algorithm 1 The EkP cost function algorithm

Require: A training set trainInstances

Require: A vector p[] of optimization parameters (numProtoPerClass * num-

Classes * numAttributes dimensional)
for k = 1 to numCrossValidationLearningFolds do

Create the empty training set cvTrain

Build the k-th test partition cvTest

for i = 1 to numClasses * numProtoPerClass do

for j = 1 to numAttributes do

Add the prototype stored in p[] starting from p[j + numAttributes * i]
and ending in p[j + numAttributes + numAttributes * i] to cvTrain

end for

end for

Build (train) the classifier on cvTrain and test it on cvTest

end for

Remember the optimal p[] value and the associated with it lowest value of num-

ClassificationErrors

return numClassificationErrors

3 Numerical Experiments

In order to verify suitability of the EkP system for data analysis the classification
experiments on 12 real-world problems (mainly taken from the well-known UCI
repository of machine-learning databases (Mertz C. J., Murphy P. M.)) have been
performed. The information about the datasets used can be found in Table 1.

Table 1: Datasets used in our experiments

# Name # Instances # Attributes # Numeric # Nominal Class Information Missing Val.

1. appendicitis 106 7 7 0 1. 85 (80.2%) 1
2. 21 (19.8%) 2 none

2. balance-scale 625 4 4 0
1. 49 (7.8%) Balanced
2. 288 (46.1%) Left
3. 288 (46.1%) Right

none

3. breast-cancer 286 9 9 0
1. 201 (70.3%) no-recurence events
2. 85 (29.7) recurence-events 9

4. breast-cancer-Wisconsin 699 9 9 0
1. 458 (65.5%) no-recurence events
2. 241 (34.5%) recurence-events 16

5. german credit 1000 20 7 13
1. 700 (70.0%) good
2. 300 (30.0%) bad none

6. credit rating 690 15 6 9
1. 307 (44.5%) +

2. 383 (55.5%) −
37

7. Cleveland heart 303 13 6 7
1. 165 (54.5%) < 50

2. 138 (45.5%) > 51
7

8. heart Hungarian 294 13 6 7
1. 188 (63.9%) < 50

2. 106 (36.1%) > 51
782

9. heart statlog 270 13 13 0 1. 150 (55.6%) absent
2. 120 (44.4%) present none

10. hepatitis 155 19 6 13 1. 32 (20.6%) die
2. 123 (79.4%) live 167

11. iris 150 4 4 0
1. 50 (33.3%) setosa
2. 50 (33.3%) versicolor
3. 50 (33.3%) virginica

none

12. pima-diabetes 768 8 8 0 1. 500 (65.1%) negative
2. 268 (34.9%) positive none

3.1 The Description of the Conducted Experiments

The EkP system can be based on an arbitrary classifier, i.e. it can be a neural-
network, support-vector machine or a decision-tree method, etc. In our exper-
iments the IB1 (Aha D. W, Albert M. K., Kibler D. , 1991) system has been
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used both as the underlying classifier for the EkP system and as the reference
method. The reason for selecting the IB1 system is that this method requires very
small training datasets which may consist of just a few samples in order to make
classification possible. Other classifiers, including IBk (Aha D. W, Albert M. K.,
Kibler D. , 1991) require slightly larger training sets in order to operate. Our aim
when we were conducting the experiments for this paper was to show that even
the calculations with the extremely low number of prototypes selected may lead
to attaining excellent results on unseen samples. The well known LVQ (Hyninen,
Kangas, Kohonen, Laaksonnen, Torkolla, 1996; Kohonen T., 2001; Kaski S., Koho-
nen T. Oja M., 2003) method which is however a prototype-generation system has
also been taken as the reference model in our experiments. The second reason for
choosing the IB1 classifier as the underlying method for the EkP system is the fact
that the LVQ method uses the k-Nearest Neighbor classifier as its classification
engine.

Generalization ability of the EkP system with only 1, 2 and 3 instances per
class selected from the training set has been compared to the classification perfor-
mance of LVQ for which usually the same number of codebooks has been used.1

Additionally, the results obtained with the IB1 (1-NN) system which was trained
on the entire training partitions and those attained with the majority classifier
(ZeroR) are provided.

The 10-fold stratified cross-validation test has been performed for all 12 do-
mains. In the experiments conducted with LVQ and EkP systems, in each cross-
validation fold, the training partition has been pruned so that only the prototype
cases remained and the generalization ability has been estimated on the cross-
validation test partition. After the completion of the calculation on all 10 folds
the test has been repeated 10 times and the average classification accuracy and
its standard deviation which were taken over the all available 100 partial results
have been reported.

The corrected re-sampled T-Test (Frank E., Witten I.H., 2000; Dobosz K. ,
2006) has been used to calculate statistical significance of the results (with the
factor of 0.05) in order to help making the decision whether the EkP system
performed better, the same or worse than the reference models.

In the all experiments LVQ, version 1, with 2, 4, 6, codebooks, ’Random Train-
ing Data Proportional’ initialization, learning rate of 0.3, total training iterations
of 1000 and disabled voting has been used. These are the default parameters for
this classifier. The LVQWeka implementation of the LVQ method that has been
employed in our calculations was written by Jason Brownlee (Brownlee J., 2004).

The EkP system has also been used mainly with the default settings and trained
with the simplex minimization restricted to 300 cost evaluations. This value was

1In case of three class problems the number of prototypes retained by EkP is slightly larger

than those generated by the LVQ system. The reason for this is that the calculations have been

performed in a batch mode with the same settings for all 12 domains. This made collecting the

results and typesetting the paper much easier, particularly the tabes. EkP takes the number

of instances per class to be retained as its adaptive parameter whilst in the case of LVQ, the

total number of codebooks to be used has to be specified. Thus in the experiments on two class

problems with both LVQ and EkP, 2, 4 and 6 prototypes have been retained while for three class

problems the LVQ system was used with 2, 4, and 6 codebooks but our EkP method with 3, 6

and 9 prototypes.
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taken as the default for the classifiers of the size of a couple of hundred cases
and this choice is based on our earlier experience with similar minimization-based
learning systems we had been working on. Two experiments have been conducted
with 60 and 10 simplex points respectively. The latter value is the default. It seems
that the larger is the number of simplex points, the better results are obtained.
The upper limit on the number of simplex points is the number of samples in the
training partition. Leave-one-out learning and the IB1 classifier which has been
chosen as the classification engine are the parameters with which our method has
been used on all 12 classification problems. The influence of the selection of the
value of cross-validation learning fold has not been yet investigated. We know
only that leave-one-out learning seems to provide the best way to obtain good
generalization at the expense of significantly lengthening the calculation time.
Finally, what remains to be mentioned is, that the EkP system has been written
by the author in the Java programming language as a plugin to the well known
Weka machine learning workbench (Frank E., Witten I.H., 2000).

3.2 Discussion of the Results of the Experiments

Two experiments with sixty and ten simplex points initialized by the EkP system
have been performed in order to make a first step in estimating the influence of
the number of them on the generalization ability and the time requirements of our
method.

What is common to both experiments is that eight results out of twelve ob-
tained with the IB1 system have shown statistically significant improvement over
the majority classifier. LVQ for which two codebooks have been used performed
very poorly and outperformed the majority classifier only once. LVQ for which
four and six codebooks were chosen attained statistically better results in clas-
sification than the majority classifier five and six times respectively. The LVQ
method with two codebooks used seven times obtained statistically worse results
than those attained by IB1, however with four and six codebooks – only five times.

Table 2: 10-Fold cross-validation results obtained on the selected datasets with the IB1 system
trained on the whole training partitions, LVQ with 2, 4, 6 codebooks and SBL-PM-M-EkP with 1, 2,
3 prototypes per class vs. the ZeroR (i.e. majority) classifier. 60 simplex points have been chosen for
the EkP system.

Data Set ZeroR IB1 LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 80.18±2.64 80.28±10.78 78.64±15.17 82.72±10.92 85.15±9.37 86.25±10.16 86.37±9.20 87.05±8.95◦
balance-scale 45.76±0.53 78.16±4.98 ◦ 63.76±21.19◦ 80.81±14.37◦ 84.51±8.40 ◦ 79.31±4.79 ◦ 79.73±5.01◦ 80.46±4.64◦
breast-cancer 70.30±1.37 68.58±7.52 66.46±12.18 70.97±4.10 71.00±4.79 73.55±6.39 73.01±5.76 73.09±5.21
wisconsin-breast-cancer 65.52±0.44 95.45±2.52 ◦ 75.01±23.75 90.10±13.65◦ 93.12±9.00 ◦ 95.98±2.26 ◦ 96.10±2.30◦ 96.20±2.30◦
german-credit 70.00±0.00 71.88±3.68 66.84±10.94 69.57±4.20 69.78±1.54 69.70±1.49 69.83±3.12 69.44±3.22
credit-rating 55.51±0.67 81.57±4.57 ◦ 53.04±5.39 58.72±5.18 62.35±5.08 ◦ 79.62±6.13 ◦ 81.41±5.02◦ 82.51±4.55◦
Cleveland-heart 54.45±1.29 76.06±6.84 ◦ 56.52±8.48 62.14±8.94 ◦ 62.77±8.01 ◦ 80.34±7.17 ◦ 80.46±6.68◦ 79.55±7.11◦
Hungarian-heart- 63.95±1.36 78.33±7.54 ◦ 62.15±13.00 67.42±9.39 65.88±6.80 82.45±6.51 ◦ 81.98±7.08◦ 82.26±6.73◦
heart-statlog 55.56±0.00 76.15±8.46 ◦ 56.89±8.23 62.30±8.40 ◦ 64.41±8.55 ◦ 81.04±6.71 ◦ 80.00±7.33◦ 80.11±7.48◦
hepatitis 79.38±2.26 81.40±8.55 75.39±14.66 78.84±3.88 77.94±4.99 81.74±9.70 83.20±9.37 83.25±8.88
iris 33.33±0.00 95.40±4.80 ◦ 42.27±14.78 64.53±25.79◦ 78.00±23.68◦ 91.27±7.68 ◦ 94.53±5.72◦ 94.13±5.94◦
pima-diabetes 65.11±0.34 70.62±4.67 ◦ 61.96±9.75 66.79±4.32 68.46±5.22 70.41±5.90 ◦ 71.08±5.67◦ 71.13±4.89◦
average 61.59±0.91 79.49±6.24 63.24±13.13 71.24±9.43 73.61±7.95 80.97±6.24 81.48±6.02 81.60±5.83

◦, • statistically significant improvement or degradation

What concerns the EkP system, in the first experiment (60 simplex points),
statistically significant improvement over the majority classifier has been attained
by our method with one and two prototypes per class selected exactly eight times
and on the same datasets as in the case of IB1. EkP with three prototypes per class
selected outperformed the majority classifier nine times. All experiments with the
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EkP method indicated statistical insignificance of the results of the generalization
with respect to IB1.

Table 3: 10-Fold cross-validation results obtained on the selected datasets with the ZeroR system
(i.e. majority classifier), LVQ with 2, 4, 6 codebooks and SBL-PM-M-EkP with 1, 2, 3 prototypes
per class vs. the IB1 classifier trained on the whole training partitions. 60 simplex points have been
chosen for the EkP system.

Data Set IB1 ZeroR LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 80.28±10.78 80.18±2.64 78.64±15.17 82.72±10.92 85.15±9.37 86.25±10.16 86.37±9.20 87.05±8.95
balance-scale 78.16±4.98 45.76±0.53• 63.76±21.19 80.81±14.37 84.51±8.40 79.31±4.79 79.73±5.01 80.46±4.64
breast-cancer 68.58±7.52 70.30±1.37 66.46±12.18 70.97±4.10 71.00±4.79 73.55±6.39 73.01±5.76 73.09±5.21
wisconsin-breast-cancer 95.45±2.52 65.52±0.44• 75.01±23.75• 90.10±13.65 93.12±9.00 95.98±2.26 96.10±2.30 96.20±2.30
german-credit 71.88±3.68 70.00±0.00 66.84±10.94 69.57±4.20 69.78±1.54 69.70±1.49 69.83±3.12 69.44±3.22
credit-rating 81.57±4.57 55.51±0.67• 53.04±5.39 • 58.72±5.18 • 62.35±5.08 • 79.62±6.13 81.41±5.02 82.51±4.55
Cleveland-heart 76.06±6.84 54.45±1.29• 56.52±8.48 • 62.14±8.94 • 62.77±8.01 • 80.34±7.17 80.46±6.68◦ 79.55±7.11
Hungarian-heart 78.33±7.54 63.95±1.36• 62.15±13.00• 67.42±9.39 • 65.88±6.80 • 82.45±6.51 81.98±7.08 82.26±6.73
heart-statlog 76.15±8.46 55.56±0.00• 56.89±8.23 • 62.30±8.40 • 64.41±8.55 • 81.04±6.71 80.00±7.33 80.11±7.48
hepatitis 81.40±8.55 79.38±2.26 75.39±14.66 78.84±3.88 77.94±4.99 81.74±9.70 83.20±9.37 83.25±8.88
iris 95.40±4.80 33.33±0.00• 42.27±14.78• 64.53±25.79• 78.00±23.68• 91.27±7.68 94.53±5.72 94.13±5.94
pima-diabetes 70.62±4.67 65.11±0.34• 61.96±9.75 • 66.79±4.32 68.46±5.22 70.41±5.90 71.08±5.67 71.13±4.89
average 79.49±6.24 61.59±0.91 63.24±13.13 71.24±9.43 73.61±7.95 80.97±6.24 81.48±6.02 81.60±5.83

◦, • statistically significant improvement or degradation

The training times of the EkP system, which are however all statistically worse
than those of IB1 (it is not a surprise), are quite short and in average are equal
to about 4s for learning on a single partition of a dataset of the size of a couple of
hundred cases. This makes less than a minute for the entire 10-fold cross-validation
test to complete on most common UCI datasets. It should be noted that training
the EkP method with lower-fold cross-validation than leave–one–out leads to a
significant reduction of the time requirements for this algorithm.

Table 4: Average time in seconds of training the classifiers used in the experiment 1 on a single
cross-validation fold. Statistical significance with the factor of 0.05 has been calculated with respect
to the training times of IB1. 60 simplex points have been chosen for the EkP system.

Data Set IB1 ZeroR LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.00 0.00±0.01 0.31±0.10• 0.37±0.15• 0.45±0.11•
balance-scale 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 4.49±0.24• 5.00±0.88• 5.21±0.53•
breast-cancer 0.00±0.00 0.00±0.00 0.00±0.03 0.00±0.03 0.00±0.01 1.23±0.22• 1.48±0.28• 1.71±0.33•
wisconsin-breast-cancer 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 5.77±0.31• 6.66±0.84• 7.19±0.31•
german-credit 0.00±0.00 0.00±0.00 0.01±0.01 0.01±0.01 0.01±0.01 13.15±1.08• 15.58±0.30• 18.16±1.09•
credit-rating 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.01±0.03 6.27±0.34• 7.49±0.34• 8.62±0.30•
Cleveland-heart 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 2.33±0.31• 3.48±0.27• 4.62±0.30•
Hungarian-heart 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 2.22±0.24• 3.32±0.27• 4.42±0.29•
heart-statlog 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 1.40±0.18• 1.85±0.34• 2.23±0.32•
hepatitis 0.00±0.00 0.00±0.00 0.00±0.01 0.01±0.01 0.00±0.01 0.79±0.17• 1.27±0.69• 1.56±0.21•
iris 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.44±0.14• 0.61±0.28• 0.62±0.18•
pima-diabetes 0.00±0.00 0.00±0.02 0.00±0.02 0.00±0.01 0.00±0.01 6.76±0.31• 7.25±0.37• 7.92±0.86•
average 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 3.76±0.30 4.53±0.42 5.23±0.40

◦, • statistically significant improvement or degradation

In the second experiment substantially lower amount of simplex points (10) has
been selected for the calculations that have been conducted with the EkP method.
Statistically significant improvement over the majority classifier has been obtained
by the EkP system with one prototype per class selected seven times which is
one time less than in the first experiment. EkP with two and three prototypes
per class chosen also performed excellent and with only 10 simplex points chosen
outperformed the majority classifier on eight datasets.

What concerns the statistical significance of the results with respect to IB1,
the EkP method with only one prototype per class performed worse than IB1 only
once. In case of two and three samples per class chosen, the results have been
statistically insignificant.

Selection of ten instead of sixty simplex points had a strong influence on the
time requirements of our method. In this experiment it took only approximately
about 10 seconds of CPU time2 to complete the 10-fold cross-validation test with-

2The calculations have been performed under 32-bit Windows XP SP2 operating system,
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Table 5: 10-Fold cross-validation results obtained on the selected datasets with the IB1 system
trained on the whole training partitions, LVQ with 2, 4, 6 codebooks and SBL-PM-M-EkP with 1, 2,
3 prototypes per class vs. the ZeroR (i.e. majority) classifier. 10 simplex points have been chosen for
the EkP system.

Data Set ZeroR IB1 LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 80.18±2.64 80.28±10.78 78.64±15.17 82.72±10.92 85.15±9.37 85.28±9.57 86.61±9.73 85.85±9.77
balance-scale 45.76±0.53 78.16±4.98 ◦ 63.76±21.19◦ 80.81±14.37◦ 84.51±8.40 ◦ 74.70±5.53◦ 76.42±5.40◦ 77.72±4.73◦
breast-cancer 70.30±1.37 68.58±7.52 66.46±12.18 70.97±4.10 71.00±4.79 70.81±7.33 72.33±6.46 72.80±4.99
wisconsin-breast-cancer 65.52±0.44 95.45±2.52 ◦ 75.01±23.75 90.10±13.65◦ 93.12±9.00 ◦ 95.37±2.77◦ 95.90±2.15◦ 95.82±2.26◦
german-credit 70.00±0.00 71.88±3.68 66.84±10.94 69.57±4.20 69.78±1.54 69.86±0.86 69.66±1.88 69.77±2.58
credit-rating 55.51±0.67 81.57±4.57 ◦ 53.04±5.39 58.72±5.18 62.35±5.08 ◦ 78.19±6.36◦ 78.94±5.59◦ 80.03±6.24◦
Cleveland-heart 54.45±1.29 76.06±6.84 ◦ 56.52±8.48 62.14±8.94 ◦ 62.77±8.01 ◦ 80.01±6.88◦ 79.87±7.23◦ 79.24±6.89◦
Hungarian-heart 63.95±1.36 78.33±7.54 ◦ 62.15±13.00 67.42±9.39 65.88±6.80 83.11±6.57◦ 82.25±6.27◦ 81.81±6.61◦
heart-statlog 55.56±0.00 76.15±8.46 ◦ 56.89±8.23 62.30±8.40 ◦ 64.41±8.55 ◦ 78.93±7.49◦ 78.63±6.63◦ 78.48±7.75◦
hepatitis 79.38±2.26 81.40±8.55 75.39±14.66 78.84±3.88 77.94±4.99 79.28±8.06 80.87±8.65 81.12±8.57
iris 33.33±0.00 95.40±4.80 ◦ 42.27±14.78 64.53±25.79◦ 78.00±23.68◦ 88.27±7.99◦ 91.60±6.81◦ 93.93±6.50◦
pima-diabetes 65.11±0.34 70.62±4.67 ◦ 61.96±9.75 66.79±4.32 68.46±5.22 68.25±5.83 69.50±5.25◦ 69.53±5.27◦
average 61.59±0.91 79.49±6.24 63.24±13.13 71.24±9.43 73.61±7.95 79.34±6.27 80.22±6.00 80.51±6.01

◦, • statistically significant improvement or degradation

Table 6: 10-Fold cross-validation results obtained on the selected datasets with the ZeroR system
(i.e. majority classifier), LVQ with 2, 4, 6 codebooks and SBL-PM-M-EkP with 1, 2, 3 prototypes
per class vs. the IB1 classifier trained on the whole training partitions. 10 simplex points have been
chosen for the EkP system.

Data Set IB1 ZeroR LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 80.28±10.78 80.18±2.64 78.64±15.17 82.72±10.92 85.15±9.37 85.28±9.57 86.61±9.73 85.85±9.77
balance-scale 78.16±4.98 45.76±0.53• 63.76±21.19 80.81±14.37 84.51±8.40 74.70±5.53 76.42±5.40 77.72±4.73
breast-cancer 68.58±7.52 70.30±1.37 66.46±12.18 70.97±4.10 71.00±4.79 70.81±7.33 72.33±6.46 72.80±4.99
wisconsin-breast-cancer 95.45±2.52 65.52±0.44• 75.01±23.75• 90.10±13.65 93.12±9.00 95.37±2.77 95.90±2.15 95.82±2.26
german-credit 71.88±3.68 70.00±0.00 66.84±10.94 69.57±4.20 69.78±1.54 69.86±0.86 69.66±1.88 69.77±2.58
credit-rating 81.57±4.57 55.51±0.67• 53.04±5.39 • 58.72±5.18 • 62.35±5.08 • 78.19±6.36 78.94±5.59 80.03±6.24
Cleveland-14-heart-diseas 76.06±6.84 54.45±1.29• 56.52±8.48 • 62.14±8.94 • 62.77±8.01 • 80.01±6.88 79.87±7.23 79.24±6.89
Hungarian-14-heart-diseas 78.33±7.54 63.95±1.36• 62.15±13.00• 67.42±9.39 • 65.88±6.80 • 83.11±6.57 82.25±6.27 81.81±6.61
heart-statlog 76.15±8.46 55.56±0.00• 56.89±8.23 • 62.30±8.40 • 64.41±8.55 • 78.93±7.49 78.63±6.63 78.48±7.75
hepatitis 81.40±8.55 79.38±2.26 75.39±14.66 78.84±3.88 77.94±4.99 79.28±8.06 80.87±8.65 81.12±8.57
iris 95.40±4.80 33.33±0.00• 42.27±14.78• 64.53±25.79• 78.00±23.68• 88.27±7.99• 91.60±6.81 93.93±6.50
pima-diabetes 70.62±4.67 65.11±0.34• 61.96±9.75 • 66.79±4.32 68.46±5.22 68.25±5.83 69.50±5.25 69.53±5.27
average 79.49±6.24 61.59±0.91 63.24±13.13 71.24±9.43 73.61±7.95 79.34±6.27 80.22±6.00 80.51±6.01

◦, • statistically significant improvement or degradation

out repetition, i.e. about five times shorter than in the case of the first experiment.

Table 7: Average time in seconds of training the classifiers used in the experiment 2 on a single
cross-validation fold. Statistical significance with the factor of 0.05 has been calculated with respect
to the training times of IB1. 10 simplex points have been chosen for the EkP system.

Data Set IB1 ZeroR LVQ-2 LVQ-4 LVQ-6 EkP-1 EkP-2 EkP-3
appendicitis 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.00 0.06±0.06• 0.07±0.05• 0.08±0.05•
balance-scale 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.00 0.69±0.21• 0.76±0.21• 0.82±0.13•
breast-cancer 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.20±0.11• 0.24±0.12• 0.28±0.12•
wisconsin-breast-cancer 0.00±0.03 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 0.90±0.24• 1.02±0.27• 1.13±0.21•
german-credit 0.00±0.00 0.00±0.00 0.00±0.01 0.01±0.01 0.01±0.01 2.01±0.29• 2.42±0.29• 3.01±0.77•
credit-rating 0.00±0.00 0.00±0.00 0.00±0.01 0.01±0.01 0.01±0.01• 0.97±0.21• 1.18±0.23• 1.36±0.19•
Cleveland-14-heart-diseas 0.00±0.00 0.00±0.00 0.00±0.00 0.01±0.03 0.00±0.01 0.38±0.15• 0.56±0.16• 0.89±0.66•
Hungarian-14-heart-diseas 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 0.35±0.14• 0.53±0.17• 0.70±0.15•
heart-statlog 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 0.23±0.11• 0.30±0.07• 0.36±0.11•
hepatitis 0.00±0.00 0.00±0.00 0.01±0.03 0.00±0.01 0.00±0.01 0.13±0.08• 0.19±0.07• 0.25±0.09•
iris 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.08±0.06• 0.09±0.05• 0.10±0.05•
pima-diabetes 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 1.03±0.22• 1.14±0.18• 1.25±0.21•
average 0.00±0.00 0.00±0.00 0.00±0.01 0.00±0.01 0.00±0.01 0.59±0.16 0.71±0.16 0.85±0.23

◦, • statistically significant improvement or degradation

The paper would be incomplete if the discussion on the significance of the re-
sults obtained with the EkP system with respect to those attained with LVQ was
missing. EkP with one, two and three prototypes per class selected eight times per-
formed better than LVQ for which two codebooks were used. On the appendicitis,
breast-cancer, german-credit and hepatitis the results were statistically insignifi-
cant. What concerns the statistical significance of the results obtained with EkP
with respect to those attained with LVQ for which four codebooks were used, our
system with one prototype per class outperformed the reference model five times
(on credit-rating, Cleveland-heart, Hungarian-heart, heart-statlog and iris). The
EkP system with two as well as with four prototypes per class outperformed LVQ

Java 1.6 on a notebook equipped with a Turion 64 ML-32 1.8GHz processor with a 2GB RAM

memory.
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additionally on pima-diabetes. In case of LVQ for which six codebooks were used,
the results obtained with the EkP systems were statistically better than the ones
obtained with LVQ four times (on credit-rating, Cleveland-heart, Hungarian-heart
and heart-statlog).

The above discussion concerns the experiments with the EkP system for which
60 simplex points were used. Very similar trends have been observed in case of
the experiments with 10 simplex points, however we will skip the details in order
to avoid the paper becoming to dense.

4 Conclusions

It seems we were lucky to have created quite a fast prototype selection system
despite of employing the simplex minimization routine which is usually expensive.
The initial experiments indicate that the method may turn out to be competitive to
other data pruning systems. In the preliminary calculations the method discussed
in this paper have shown statistical insignificance of the generalization ability with
respect to IB1 and sometimes turned out to be superior to the LVQ system ver.
1. We are however aware of the fact that the LVQ system exists in many variants
and it would be possible to obtain better results with this method. However the
EkP training times are longer that these of IB1 but the testing times performed
on large problems are shorter. After all, one should remember about the general
idea laying behind the selection of prototypes: once the instances are initially
found (training sets are pruned), the tests on unseen samples which are usually
frequently performed can be conducted much faster. Before the EkP system is
not confronted with many other prototype selection algorithms and before further
experiments with our method are not performed it will be hard to estimate a real
value of our contribution to the pattern recognition field.
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