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Abstract. The paper describes text processing for semantic annotation of text documents. The competitive probabilistic 
neural network is proposed for assigned task. This network is realized memory based learning by the principle 
“neurons at data points”, which makes it extremely easy and almost instantaneous. The proposed hybrid neural 
network tunes not only synaptic weights, but its architecture in process of learning arranging to structure of problem 
under consideration. The results of experiments have showed that the proposed method provides high accuracy and 
speed of work; it gives an opportunity to improve the quality of knowledge extraction from textual sources with a 
limited sample. 
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1 Introduction 
 
In view of the fact that most of the information in corporate systems, the Internet and data warehouses is stored in text 
form (in the form of electronic documents, newsletters etc), necessity of the creating machine-readable metadata is 
actual and developing task. There is a set of standard solutions that are proposed to describe and generate the metadata, 
such as the standard Dublin Core. But with the evolution of ontologies, which are used as the domain knowledge base, 
semantic annotation approach becomes more important.  

It assumes that we can associate each text document or some part of it, subject to the desired conditions, with 
instance of the ontological concept. Such a process is called semantic annotation and consists of three main 
components: ontology, text corpus, and the method of constructing a classifier for data mining. It should be said, given 
sets of existing tags for describing text documents do not reflect the information that may be relevant to the current 
ontology and often contain only general information. This has led to the development of methods for semi-automatic 
semantic annotation construction, which in turn has several disadvantages, such as using templates or a priori defined 
rules. Therefore, the actual task is to develop models and methods for semantic annotation of text documents based on 
text mining approach using methods of computational intelligence.  

The considered problem can be solved using the hybrid of well-known probabilistic neural network (PNN), general 
regression neural network (GRNN) introduced by J.F. Specht, and self-organizing T. Kohonen’s map (SOM). It is 
important to note that the solution obtained using the standard PNN can refer each text object to one single class in 
conformity with its densest distribution. However, there are broad classes of problems (search, reasoning) where this 
unique solution is not convincing, i.e. it is necessary to determine not the one most likely class, but the probability of 
belonging to each of the potentially possible classes.  

Hybrid neural network that is developed contains four layers of information processing: the first hidden, is called 
patterns layer, the second hidden layer of the local summators, the third hidden layer containing only common 
summator, and finally an output dividers layer. This network is realized memory based learning on the principle 
“neurons at data points”, which makes it extremely easy and almost instantaneous. In addition the proposed hybrid 
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neural network computes not only synaptic weights, but its architecture in process of learning arranging to structure of 
problem under consideration. Due to this, it becomes possible for an incoming text object to determine the probability 
of belonging to each of the potentially possible ontological classes and generate semantic annotations. Semantic 
annotation of text documents method based on the suggested neural network provides the ability to process information 
in on-line mode, characterized by simplicity of implementation and speed of information processing. 

 

2 Problem Statement 
 
Semantic annotation – the markup or metadata set of the considered text document – is determined on the basis of the 
given domain ontology Ont as { }jiji clConceptSetclLabelSet =∧∈∃= , where LabelSet – the unique set for each text 
document, consisting of concepts (classes) of the domain ontology, obtained by projections of textual objects belonging 
to each document to a given ontology using computational intelligence techniques. The set of text objects for the 
concerned text corpus are represented as ( ) ( ) ( ) ( )( )Nxjx,xxObjectSet ,,,2,1 KK= , where x(j) – j-th text object presented in 
the vector form as a set of relevant features, N – the power of the original text objects sample. For the given domain 
ontology Ont the set of the concepts (classes) are defined as ( ) ( ) ( ) ( )( )1,,,21 Ncicc,cConceptSet KK= , where c(i) – i-th 
concept from Ont, N1  – number of ontological concepts (classes). The resulting markup can then be presented in tabular 
form for the formation of RDF- and OWL-description and for further use by various software tools.  

It must be taken in account that there are several levels of semantic annotation used with content-level annotation in 
natural language processing domain, this includes: word level, sentence level, paragraph level, section level, document 
level annotation [1]. The main feature of proposed approach is independence from annotation level. Because the 
proposed method uses the vector representation of data sample, which is formed on the preprocessing stage and doesn’t 
influence on the principle and speed of the data handle. TFIDT measure [2] is frequently applied for text information 
processing. In following section “text object” is used for generalization of initial vector representation data sample’s 
object (as text object it might be used paragraph, section or whole document in vector form).  

 

3 Semantic Annotation Model 
 
Let’s introduce a semantic annotation model of text documents using a probabilistic approach. A key property of the 
model should be the value of probability belonging  to each of the ontological class for the text object 

, which is introduced as one of the properties of a logical description of the metadata triplet. Introducing the new 
property, we can write the probabilistic model of the text documents semantic annotation in the form:  
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where  – a unique identifier for the current text object,  – j-th element of LabelSet,  –  the value of 
the probability belonging of text object to ontology’s classes (concepts), the resulting output of the ANN. 

id jl kvalueprobab _

It should be noted that by setting a threshold value it is possible to identify the text objects’ level its relation to 
several of the potentially possible concepts of the ontology Ont. Studies show [3], such cases should not be excluded, 
because there are companies with increasing volume of textual information accessible via the internal data store or the 
Internet, which have a the problem of processing, retrieval and storage of such information and transforming it into a 
format that is easy to use other software tools. 

The main characteristic of the proposed model is opportunity to get descriptions in the RDF-triple, where value of 
the probability belonging  is included. It will evaluate the relationship between text documents and 

ontological concepts, as well as to get new knowledge based on the obtained values. Thus, we obtain the representation 
of text documents in a machine-understandable form, based on ontology, reflecting the structure of knowledge, and the 
computational intelligence method. 

valueprobab _
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4 Competitive Probabilistic Neural Network Architecture 
 
The problem under consideration can be solved using the methods of Bayesian classification based on probabilistic 
neural networks (PNN), introduced by J.F. Specht [4]. 

The idea of Bayesian classification is that decision can be made for each input pattern vector based on the selection 
of the most probable class which might belong to this pattern. This decision requires an assessment of probability 
density function for each class, restored on the basis of analysis of data from the training sample. To restore these 
features Parzen estimates (Nadaraya – Watson) are widely used, using the weight functions (potential functions, kernel 
functions) having the center points of the patterns with known classification of training set.  

Although Bayesian classification methods have long been known, their parallel neural network implementation 
allows providing higher speed processing of information related to pattern recognition, classification, diagnosis, etc.  

It is important to note that the solution obtained using the standard probabilistic network can include producible 
pattern x(k) to one single class with the densest distribution of this pattern. However, there is a sufficiently broad class 
of problems where this unique solution is not convincing, i.e. it is necessary to determine not the one most likely class, 
and the probability of belonging to each of the potentially possible classes, in information processing.  

In [5], the authors proposed a modified probabilistic neural network (MPNN) to solve the considered problem. As 
noted, the value of the width of the activation function for the normalized inputs is chosen rather arbitrarily in the range 
from zero to unity [6]. However, it should be noted that a simple formal solution to get this value, as of today, does not 
exist. In this paper the width parameter of the activation function is considered in detail.  

Such a solution can be obtained using the proposed competitive probabilistic neural network (CPNN), whose 
architecture is shown in Figure 1. CPNN is a hybrid of the standard PNN, generalized regression neural network 
(GRNN), also introduced by J.F. Specht [7], and Kohonen self-organizing map (SOM) [8]. CPNN contains four layers 
of information processing: the first hidden, called patterns layer, the second hidden layer of the local summators, the 
third hidden layer containing only common summator, and finally an output layer dividers. A specific feature of CPNN 
is that neurons in pattern layer are grouped into classes, between which the lateral connections are entered, used to 
tuning the width parameter of the activation function. 

The source information for the network synthesis is training sample, formed as “batch” of n-dimensional vectors 
( ) ( ) ( )Nx,xx K,2,1  with known classification, and concrete pattern place does not matter in the package. It is also 

assumed that all input vectors are normalized so that 

                                                       ( ) ,,2,1,1 Njjx K==                                                                            (2) 

and the patterns themselves (without loss of generality) may belong, for example, one of the three classes A, B or C. It 
is also assumed that the  samples belong to the class A,  – to class B and  – to a class C, i.e. AN BN CN

                                                                                 .NNNN CBA =++                                                                            (3) 

The number of neurons in the pattern layer is taken to be   (one neuron for each training pattern), and their 
parameters (the centers of activation functions) are defined by the components of the input vectors so that 

N

                                                                     ( ) ,,2,1,2,1, ni;Njjxw iji KK ===                                                              (4) 

or in vector form 

                                                                  ( ) ( ) ( ) ( )( ) .,,,, 21
T

nj jxjxjxjjxw K==                                                              (5) 

Thus, this network is realized memory based learning [9], using the principle of “neurons in the data points” [10], 
which makes it extremely easy and almost instantaneous.  

Each of the neurons in pattern layer calculates the weighted sum of the components of the input signal and converts 
it using a nonlinear activation function so that the signal appears in output neurons of first hidden layer has the form of 
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where j=1(A), 2(A),…,NA(A),…,NA+1(B),…,NA+NB(B),NA+NB+1(C),…,N(C), k=N+1, N+2... – index (number) of observations 
that are not belonged to the training sample,  – class index, R possess the value A or B or C, )(R σ  – the width 
parameter of the kernel activation function. 

The activation function from (6) is equal  
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width parameter  is chosen by the empirical reason [11]. Too small σ σ  value leads to “gaps” occurring in the 
parameters’ space and loss of generalizing properties; too large σ  value leads to classes’ blurring and overlapping that 
increases probability of classification errors.  

Firstly let’s consider classification task in 2 classes A and B. Network has already trained, classes are specified, but 
parameter  isn’t determined.  σ

 

Fig. 1. Example of binary classification and calculating of the width parameter σ  
 

Let  and  are designated as the closest to each other instances from different classes (fig. 1). Their activation 
functions equal to  
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Functions are crossed in the point  

                                                          ****** 5,05,0 ABABA wwwwwx +=−+=                                                             (10) 

and have the following value in this point  
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Specifying some classification thresholdΔ , we can obtain simple solution: 
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Since  then  and . 1<Δ 0ln <Δ 02 >σ

 

Fig. 2. Example of 2-dimensional space with 3 classes 
 

Let’s consider multidimensional situation in 2-dimensional space with 3 classes A, B, C, noting 1== wx . 

The minimal distance between the instances of different classes is needed to be found. In this case it’s **
AB ww − . 

Here something like the competition process in SOM (self-organizing maps) appears, but as “winners” – the nearest 
instances from different classes. If j-th instance ( )jxR  belongs to class R (to A, or B, or C), and k-th one ( )kxR  doesn’t 

belong, then for all  it is necessary to find the couple for which value of N,,kN;,j KK ,2,1,2,1 == ( ) ( )kxjx R
T
R  is the 

maximum.  

For this reason lateral connections must be introduced in MPNN as in SOM, obtaining Competitive 
Probabilistic Neural Network (CPNN) (fig. 3). 

Since 
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Since  then numerator possesses the value from interval11 ** ≤≤− A
T

B ww [ ]0,2− . 

Thus, we can obtain Competitive Probabilistic Neural Network by joining neurons in the cluster groups and entering 
the lateral communication between classes. 
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Fig. 3. Competitive Probabilistic Neural Network 
 

 
5 The Results of Experiment 
 

Given competitive probabilistic neural network is used for text processing and obtaining the initial values of metadata to 
produce semantic annotations. Work of CPNN has tested on a sample of “20 Newsgroups DataSet” (comp.graphics, 
comp.os.ms-windows.misc, comp.sys.ibm.pc.hardware). 

The experiment examined the performance of the CPNN and influence on it σ -values. It is shown that operation 
generates for each text objects the probabilities belonging to several classes, which are regarded as concepts of domain 
ontology. 40% of initial data sample were used for testing. The following results were obtained. Example of the 
processing is shown in the Tab. 1. In this case   0,33663=σ  – value of the activation function width, it corresponds to 
classification threshold  and was denined automatically. I5.0=Δ t was found that for considered data sample the best σ  
values lie between [0,4;0,5∈Δ ] . The probabilities belonging for the classes to which an object doesn’t belong are 
defined too small fractions of a unit for the values in the range ( )4;0∈Δ . The width of activation function σ  takes 
values, which lead to blurring of class and misclassification, in the range [ ]0,5;1∈Δ .  
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Tab.1. Examples of the program work. 
Probability 

belonging to 1 class 

Probability 

belonging to 2 class 

Probability 

belonging to 3 class 

Initial Class 

0,99797 0,00062412 0,0014012 1 

0,65024 0,11225 0,23751 1 

0,36445 0,55605 0,079505 2 

0,21421 0,73347 0,052324 2 

0,17539 0,058827 0,76578 3 

 

The results of experiment showed that the proposed method has high accuracy and speed of work; it gives an 
opportunity to improve the quality of knowledge extraction from textual sources with a limited sample. In addition, the 
calculation of the activation function width using the proposed approach allows us to obtain more accurate values for 
the text object probability belonging to each of classes. 

 

6 Conclusion 
 
The competitive probabilistic neural network, which is a hybrid of the standard PNN, GRNN and SOM is proposed in 
this paper. It allows to tuning the width of activation function automatically by the using of lateral links between groups 
of classes in the pattern layer. This decision was taken as the basis of the semantic annotation of text documents. Thus, 
it becomes possible to determine the probability for an incoming text object to each of the potentially possible classes of 
ontology and generate semantic annotations. This method characterized by simplicity of implementation and speed of 
information processing.  
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