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Abstract 

 
In machine learning one is often given a huge database of objects to work with. A quick method that one can use to 
obtain a smaller representative sample of the data is often handy. A number of instance reduction and extraction 
methods exist but most of them search for instances that improve a classifier’s performance (thus tend to be time 
consuming) or only look within a given input set for the ‘new’ samples. In this paper we compare two, non-
parametric geometric, approaches to instance reduction/extraction respectively; Gabriel Neighbors (GN) and 
Center Splitting (C-Split). GN instances are nearer to the 1-NN boundary and the C-Split prototypes tend to 
capture the data clusters and thus can occupy a larger distribution area. Gabriel Neighbors are found to be much 
more computationally intensive but offer slightly better classification accuracy than C-Splitting which reduces the 
data the most. We propose the combination of these approaches and report on their combined performance.  
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1. Background  

Any generally applicable non parametric 
techniques of data analysis play an important 
role in computational intelligence. Classic non 
parametric techniques such as nearest 
neighbours [6, 3] still perform reasonably well 
and are often used as a basic benchmark for 
more recently proposed methods. If the goal of 
machine learning is to fully automate the 
learning process then extensions of non-
parametric techniques are imperative. 

Often in machine learning one has a large 
sample of labeled instances. “Lazy” methods 
like nearest neighbours have traditionally been 
criticized for their requirement to store the 
entire dataset before a classification decision 
can be made on a new instance. Substantial 
research has therefore been done on data 
reduction to reduce the storage and 
computational requirements of such methods. 
These techniques of data reduction are some 
times referred to as data editing techniques [4, 
see 9 for a review]. 

Traditionally mostly search based techniques 
of data editing have been applied [3, 4 & 9] but 
recently a resurgence of geometric methods 
has occurred [7, 10]. This is mainly due to 
techniques such as SVM having been shown to 
be computationally expensive, especially in 
solving the quadratic programming step [11]. 
Proximity graphs are a common technique of 
data editing from the computational geometry 
field [2]. 

The advantage of their approach is that they 
are non-parametric i.e. they are parameter free. 
Furthermore unlike recently proposed [3, 4] 
techniques they are exact (i.e. they are 
processing order independent). The simplest 
proximity graph is the Voronoi graph with the 
Voronoi edited graph being its subset [2]. 
Gabriel Neighbors (GN) are a subset of 
Voronoi edited set. We study the performance 
of these techniques as compared with another 
non-parametric technique first proposed by 
Thornton in [8]. Thou it has been claimed be 
effective in data reduction [8], it has to the 
authors’ knowledge never been thoroughly 
tested in the literature.   

Thornton proposed Center Splitting as a 
combination of leaning vector quantization 
(LVQ) and C4.5. We propose combining these 
two geometric methods of data reduction. The 
rest of the report is arranged as follows; 
Section 2 gives the attractiveness and 
differences between the two approaches. In 
Section 3 we look at the time complexity of 
each method and in Section 4 we expand on 
the experiments performed and draw our 
conclusions. 

2. Motivation 

What makes Gabriel Neighbours (GN) 
attractive is their ability to reduce the initial 
data instances while maintaining the 1-NN 
decision boundary in the region of interest in 
classification [2].  Thus they are guaranteed to 
have a classification better or similar to the 



1NN classifier, for data from the same 
distribution sample, whilst using fewer 
instances. The GN algorithm only selects the 
points nearest the 1-NN boundary from the 
opposite classes but does this by retaining only 
the points that are sufficiently spaced-out from 
each other.  

Sufficiently spaced-out being: points which are 
within a given distance from each other and 
not containing any other points within that 
diametrical sphere distance. The relative 
neighbour editing graph will further reduce the 
number of instances of the Gabriel graph but 
with a corresponding increase in 
misclassification [2]. C-Splitting‘s motivation 
is based on the fact that it substantially reduces 
the data instances as shown in [6]. It reduces 
the data based on the within class clustering 
that is present in the data and eliminates single 
cluster points [6]. Thus C-Splitting changes the 
1-NN decision boundary because it produces 
prototypes by condensing all the data whether 
closer or further from the decision boundary 
into prototypical instances. 

Both methods under this study are neither 
boundary nor reference set consistent 
Boundary consistency refers to the reduced 
data forming the same decision boundary as 
the full data and reference set consistency 
means the resulting reduced data will correctly 
classify the original data. 

3. Time Complexity 

The worst case time complexity of GN 
achieved via the brute force [2] approach is 
O(dn3) and that of C-Split is  O(kdn) where n is 
the number of instances, d is the 
space(dimension) and k is the number of  
centers at each stage of the process. Thus GN 
is mainly sensitive to the number of initial data 
points and both approaches are not attractive 
for very high dimensional data. 

In the next section we perform experiments 
comparing the two approaches to data editing. 
In all the experiments we first note the 
reduction capability of each method. We then 
classify the reduced data sets via the 1-NN 
classifier and then apply a variation of Support 
vector machine [5], which we have henceforth 
called kernel ridge classifier (KRC), on the 
same reduced dataset. 

 

 

4. Experiments 

On all the tests performed make use of the 
datasets from G. Räetsch [1] and the 
exponential Gaussian radial basis kernel 
function in the kernel ridge classifier.  

4.1 Experiment 1.1 

The first 10 realizations [1] were used for 
training and testing. The first 5 being used for 
cross validation in the case of the kernel ridge 
classier. We first test the performance of each 
reduction technique using the 1-NN classifier. 
The results of experiment 1.1 are reported on 
Table 1. The accuracy achieved by each 
reduction method is shown in column 2 and 
column 3 shows the average percentage of 
instances retained by each method per 
realization. The performance of some of the 
state of the art classifiers on the full data is 
reported on at the following link [1] on each 
dataset’s results page. 

Thus for the Banana dataset C-Splitting 
retained on average 14.15 % instances and the 
Gabriel Neighbours retained approximately 
34.8 % of the instances with corresponding 
accuracy on the 1- NN classifier. 

C-Splitting Accuracy % % Storage 
Banana 86.74 14.18 
Titanic 50.39 8.8 
Thyroid 92.13 7.79 
Diabetis 69.63 20.71 

Breastlub 62.47 22.35 
GN   

Banana 85.79 34.8 
Titanic 62.97 8.133 
Thyroid 95.47 33.36 
Diabetis 70.17 94.12 

Breastlub1 67.40 90.8 

Table 1: Accuracy and storage of reduction 
Technique with 1-Nearest Neighbour Classifier 

C-Splitting reduces that datasets the most but 
generally classifies slightly worse than the 
Gabriel neighbours data which retains more 
instances. The above results compare 
favorably with state of the art classifiers even 
though we make use of much fewer instances 
[1]. 

                                                 
1  Breastlub = Breast Cancer Ljubljana 



4.2 Experiment 1.2 

We applied each of the reduction methods on 
the Kernel Ridge Classier [5] in Table 2.The 
first 5 realizations are used for training and 
cross validation and the next 5 are used for 
testing. Sigma is the width of the Radial basis 
kernel function and Gamma is the same as the 
C parameter in Support vector machines SVM 
(the trade off parameter between error and 
margin).   

C-Split Accuracy 
% 

Sigma Gamma 

Banana 88.74 0.4036 2.9001 
Titanic 66.24 1.2916 3.3001 
Thyroid 92.27 1.1188 7.7857 
Diabetis 76.800 2.6884 1.7001 

Breastlub 71.43 2.0212 2.7001 

Table 2: Accuracy and Storage of reduction 
techniques with the KRC classifier 

GN Accuracy 
% 

Sigma Gamma 

Banana 89.58 2.0212 0.0001 
Titanic 67.69 1.9252 3.8001 
Thyroid 96 1.6756 0.1001 
Diabetis 77.67 3.0724 4.4001 
Breastlub 72.47 2.8700 2.7001 

Table 2: Accuracy and Storage of reduction 
techniques with the KRC classifier 

Experiment 2 results obviously use the same 
number of retained instances, as in Experiment 
1, since these are independent of the classifier. 
Again the GN is shown to be slightly superior 
to the C-Splitting approach in terms of 
classification accuracy but not storage ability. 

4.3 Experiment 1.3 

Training and testing the same way as in 
experiment 2 we combined the two data 
reduction techniques. We reduced the data via 
the Gabriel editing approach first and then 
applied C-Splitting (GNCS). 

From tables 3&4 the combined (GNCS) 
reduction does reduce the instances more than 
the individual approaches but a drop in 
classification accuracy is evident. A closer 
observation of the reduction attained by 
applying C-Splitting to the Gabriel graph 
reduced data shows that a substantial reduction 
is achieved. This is due to C-Splitting’s ability 
to summaries instances into a compact form of 

prototypes but with a resultant change in 1-NN 
decision boundary thus a drop in the combined 
reduction classification accuracy as compared 
to  the individual editing techniques. 

Dataset Accuracy % % Storage 
Banana 84.23 10.35 
Titanic 68.10 1.87 
Thyroid 92.13 6.64 
Diabetis 70.53 20.58 

Breastlub 63.12 20.75 

Table 3: Accuracy and Storage of combined 
reduction techniques (GNCS) with the1-NN 
classifier 

Dataset Accuracy % Sigma Gamma 
Banana 79.00 1.042 1.7001 
Titanic 62.59 0.058 0.0001 
Thyroid 92.80 2.0884 0.2001 
Diabetis 75.67 1.8388 1.6001 
Breastlub 71.43 2.0836 3.6001 

Table 4: Accuracy and Storage of combined 
reduction techniques (GNCS) with the KRC 
classifier 

4.4 Experiment 1.4 

Testing as above but reducing the data via C-
Splitting first and then applying the Gabriel 
Neighbours (CSGN) algorithm we obtain the 
results in table 5 and 6. 

Dataset Accuracy % % Storage 
Banana 86.20 10.90 
Titanic 48.93 8.33 
Thyroid 91.87 5.71 
Diabetis 69.6 20.32 

Breastlub 62.47 22.22 

Table 5: Accuracy and Storage of combined 
reduction techniques (CSGN) with the1-NN 
classifier 

Dataset Accuracy % Sigma Gamma 
Banana 84.05 1.1716 0.0001 
Titanic 66.38 1.4212 7.7 
Thyroid 92.00 0.4612 0.0001 
Diabetis 76.53 2.7316 1.1001 

Breastlub 72.73 3.034 4.7001 

Table 6: Accuracy and Storage of combined 
reduction techniques (CSGN) with the KRC 
classifier 



This is a computationally quicker approach 
since C-Splitting is not as number-of-instances 
dependent as GN. The number of instances 
retained is slightly better than any of the 
individual techniques with accuracy closer to 
those of Gabriel neighbours than C-Splitting 
on the same classifier. The results seem to 
marginally support C-Splitting being applied 
before Gabriel neighbours with the KRC 
classifier. But a more substantial conclusion 
can only be drawn with further 
experimentation on different datasets. 

It suffices to say that by applying C-Splitting 
first thus drastically reducing the number of 
instances, we can save a lot of computational 
time, since finding the Gabriel neighbours set 
is much more dependent on the number of 
instances than C-Splitting, and still achieve 
comparable results(see section 3).  

5. Conclusion 

We have compared two geometric techniques 
of data reduction. This is an important step that 
a researcher might want to take to get an 
overall feel for the given datasets. One method, 
Gabriel Neighbors, is from the computational 
geometry field and the other a hybrid method, 
C-Splitting, proposed by Thornton [8] but 
never tested in the literature to the author’s 
knowledge. 

We report on the reduction capabilities of the 
two methods on the frequently used machine 
learning datasets. We further experiment on 
their classification accuracies using the 1-NN 
and a variant of SVM. Generally better 
classification accuracies are achieved via 
applying Gabriel Neighbours but fewer 
prototypes are generated via Centre-Splitting. 
A combination of the two methods suggests 
the application of Centre Splitting before 
applying the Gabriel neighbours.  
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