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Abstract.  This paper deals with the clustering of a collection of text 

documents by a neural network (Projective ART) and a similarity measure. 

Traditional algorithms case on statistical methods for clustering consider all 

dimensions in input datasets and try to learn as much as possible about each 

object. In recent years, approaches based on a PART neural network were used 

to solve the problem of clustering, information retrieval and the prediction of 

multidimensional data sets. Our experiments aimed to verify the accuracy of the 

proposed PART neural network model, appended to similarity measure in the 

process of clustering of selected text collections. In contrast to the published 

clustering algorithm, we use similarity measures in the final step of the 

clustering process. Results of our experiments show that an application of 

PART for the clustering of text collections is able to discover intrinsic clusters 

and can also discover noisy patterns in the datasets of text documents. 
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Introduction  

This paper deals with the clustering of a collection of text documents. For a 

representation of the collections of text documents, the Vector space model can be 

used, which describes the set of text documents through a VS matrix [9]. This article 

describes a possible solution for the clustering by a projective dimension of 

subspaces, by a neural network and a similarity measure. Our research is aimed 

mainly at a Projective ART neural network, because it has some advantages in 

comparison to conventional statistical methods and other neural networks. A special 

part of our research is directed towards noisy data, clustered into outlier. 

Our article is divided into four parts. The first section deals with clustering and the 

classification of data in a high dimensional data space [11]. The next section is 

concerned with the fundamentals of the Projective ART neural network [3,4,7]. In the 

experiments and results section, the modeling of the clustering process with a 
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similarity measure is shown [12]. The conclusion digests the contribution of our 

proposed method.  

Clustering and classification of data in a multidimensional space 

The clustering of data in a multidimensional space is a process, which forms the 

multidimensional data to clusters based on the resemblance of their features that are 

hidden in the multidimensional datasets [6]. Traditional algorithms for clustering 

consider all dimensions in the input datasets and try to learn as much as possible 

about each object. Most of these conventional clustering algorithms do not scale well 

to cluster high dimensional data sets in terms of effectiveness and efficiently, because 

of the inherent sparsity of data. For this reason, it is not feasible to find interesting 

clusters in the original full space [10].  

The cell-based algorithms search for a set of fixed or variable grid cells, 

containing more than a certain number of objects. The subspace is defined as a 

restriction of a cell in a subset of dimensions, while in order dimensions the cell 

covers the whole attribute domain [6]. This method is used in CLIQUE, DOC, 

MINECLUS and SCHISM [1]. The density-based algorithms define clusters and 

dense regions separated by a sparse region. The computation is based on the distance 

between objects, but is taking only the relevant dimensions into account for example 

in SUBCLU, FIRES and INSCY. The clustering oriented approaches define 

properties of the entire set of clusters, like the number of clusters, the average 

dimensionality or other statistical properties [5]. This approach is used in PROCLUS, 

P3C and STATPC [2]. 

In recent years, approaches based on a PART neural network were used to solve 

the problem of clustering, information retrieval and the prediction of 

multidimensional data sets. 

Projective ART – structure and behavior 

The Adaptive Resonance Theory was proposed by S. Grossberg and G.Carpenter 
and applies the methods of associative memory with unsupervised teaching [7]. The 
network is able to switch between a stable and an adaptive mode. A network in an 
adaptive mode can modify the neuron weights between the input and output layer. In 
stable mode, the network is fixed and behaves as a classifier. An ART neural network 
fails in classifying patterns formed in multidimensional space, because it is not focused 
on subspaces but on a full dimensional space. 

A Projective ART neural network appears from ART and PROCLUS and thanks to 

a novelty established similarity check is very effective in clustering data in a 

multidimensional space. In the network, the winner-take-all paradigm is applied, 

which means that the neuron with the largest weights is able to learn the next pattern 

and becomes the winner. As is shown in the picture below, a network consists of an 

input (comparison) layer F1, an output (recognition) layer F2 and a control subsystem. 

All neurons between the layers are connected by top-down and bottom-up weights. 

The selective output signal hij plays a special role, which sends the only signal from 
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an input neuron to a committed neuron in the output layer. It means that it is admitted 

to focus on projective clusters.   
 

 

Fig. 1. Architecture PART neural network 

Dynamic behavior during each trial in a PART clustering algorithm consists of 

these rules [4]:  

 the selective output signal remains constant during the whole time of the trial, 

 specific F2 neuron, with the largest bottom-up filter input, becomes the winner 
 and is activated after a finite time,  

 the winner neuron is activated after a finite time, 

 the number of dimensions of a specific cluster does not increase in time. 

 

Activation of an F1 neuron vi is denoted by xi. and activation of an F2 neuron by vj 
with xj. For any neuron vi and committed F2 neuron vj the selective output signal is 
defined by the following equation: 

 

                             (1) 

  

where d(f(xi),zji) means the distance function based on e.g. Euclidean metrics 
d(a,b)=|a-b|, l(zij) is a function dependent on the threshold parameter θc, and where σ is 
a distance parameter. Variable ri is the degree of a match winning neuron to the input 
pattern and is given by: 

                                                                         (2) 

In a PART algorithm, the vigilance parameter ρ decides the degree of similarity of 
the data set in the same cluster as output layer F2. If the winning neuron does not meet 
the vigilance requirement it will be reset and will be inactive during the reminder of 
the current trial according to:  

                                                                              (3) 
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If the winning neuron passes the vigilance test then is ready to learn the input 
pattern. It is necessary to change bottom-up weights according to the equation: 

(4)                         

 

Top-down weights are calculated according to the equation:  

                                            (5) 

 

For the non-committed F2 neuron, the following equations for bottom-up and top-
down weight are valid:  

                                                (6) 

                                                                     (7) 

 

where α is the learning rate and L > 0 is given as a constant, m is the number of 
neurons in the F1 layer that means the number of dimensions of input data, n denotes 
the maximum of expected clusters. |X| is the number of elements in the set X = {i : 
hij=1}.  

An outlier is defined as a data point, very different from the rest of the data, based 

on the same measure. Many data-mining algorithms are able to find outliers as a side-

product of clustering or classification. However, these algorithms define outliers as 

points, which do not lie inside the clusters [8,9]. Thus the outliers are defined as the 

background noise, in which the clusters are embedded. Another way defines outliers 

as points that are neither a part of a cluster, nor a part of the background noise. Rather 

they are specific points, which behave very differently from the norm. 

Experiments and results 

Our experiments were aimed to verify the accuracy of the proposed PART neural 

network model, appended to a similarity measure in the process of the clustering of 

selected text collections. A set of text documents consists of jokes from selected 

areas, collected by students from the Internet. In the first phase of processing, 

keywords were extracted from a collected set of documents. Subsequently, a Term-

frequency matrix (TF matrix) was formed from them. The TF matrix consisted of 300 

documents, which contained 3 themes of jokes and was divided into 100 used in the 

training phase and 200 documents in the testing phase of neural network life. Clusters 

of documents in the TF matrix were slightly overlapped. The noisy data, included in 

the data, was clustered into a single outlier cluster.    

In the beginning, the exact number of neurons for the comparison layer and the 

number of expected clusters must be known. The constant parameter L=2 was set, the 

learning parameter α=0.1. The number of epoch of our experiments was satisfied 

under 5. Repeated experiments approved, that network clustered documents into 11 

projected clusters by setting parameter ρ=4 and σ>0.4. 
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After the clustering phase was developed and identified, which represent centers of 

clusters. Between each pair of vectors of cluster centers were enumerated the degree 

of similarity. We use the most used Euclidean, Cosine and Extended Jaccard 

similarity measure [12]. The best result from all measures is shown in the picture 

below. 

 

 

 

Fig. 2. The best result of clustering by Cosine measure 

 

Conclusion 

This article is devoted to the clustering problem in multidimensional data sets 

through Projective ART neural network and similarity measure of text collections. In 

contrast to a traditional clustering algorithm, we use a similarity measure in the final 

step of the clustering process. Results of our experiments show that the application of 

PART for the clustering of text collections is able to discover intrinsic clusters and 

can also discover noisy patterns in the datasets of text documents. An essential 

disadvantage of this neural network for sparse patterns is that it can only find 

projective clusters, compared to the required number of clusters. An additional 

similarity measure redirects projective clusters into a small group of real clusters. The 

approach with a PART neural network and a similarity measure should provide 

promising results for the future. 
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