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Abstract 
 

A multilevel semantic document classification 
system based on Support Vector Machine (SVM) in 
association with domain ontologies has been 
developed. The documents related to the scientific 
domains such as computer science and chemistry are 
treated as the test source. The classification results are 
more precise and fine grained when compared to the 
conventional methodologies. The sharpness of the 
classification has been found to be enhanced when the 
domain knowledge in terms of ontologies is integrated 
with SVM procedures. So the developed system 
provides the advantages of high generalization 
performance, prevention of over fitting, less 
computational complexity, high accuracy, and 
robustness. The use of automated identification of the 
semantic components derived from the domain 
ontologies 
enables the system to provide semantically rich 
classification results.  
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1. Introduction 

 
The semantic document classification system is 

vital in many contexts such as document indexing 
based on a controlled vocabulary, document filtering, 
automated metadata generation, word sense 
disambiguation and population of hierarchical 
catalogues of web resources. In general for any 
application involving document organization or 

selective and adaptive document dispatching, the 
semantic knowledge support at possible levels results 
in the efficient functioning of the system with 
meaningful outputs. This approach is particularly 
important in the classification of scientific documents 
which demands an increased level of granularity and 
semantic support for the precise results.  

The conventional text categorization is a 
classification process applied to the textual domain to 
solve the problem of assigning text content to 
predefined categories. Due to the explosive availability 
of the information content both in public and corporate 
domains, the efficiency of organizing the text content 
with simple text categorization approach is not 
sufficient. Although SVM is the state-of-the-art 
classification algorithm enabling a powerful supervised 
learning paradigm [1], it cannot provide a semantic 
support during the scientific content classification.  
SVM classifiers create a maximum margin hyper plane 
that lies in a transformed input space and splits the 
example classes.  Maximizing the distance to the 
nearest cleanly split examples results in a higher level 
precise classification [2]. However, it is not sufficient 
to handle the text contents composed with same term 
referring to different meanings and different terms 
giving the same meaning. This is because 
consideration of vocabulary with equivalent synonyms 
and generic terms is at most essential in order to 
capture all the relevant documents related to a 
particular search criterion. 

The only way to face this situation is to integrate the 
SVM based procedures with the ontologies developed 
in the concerned domains. Generally, formal ontology 
deals with the interconnections of things, with objects 
and properties, parts and wholes, relations and 
collectives. As ontology has unique, hierarchical 
structure and provides support for machine reasoning 
starting from very primitive terms 
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[3, 4], the integration of the appropriate concept 
taxonomies with SVM is a novel methodology to 
develop classification systems with improved 
accuracy. Such ontology-driven classification is a 
powerful technique which combines the advantages of 
modern classification methods with semantic 
specificity of the ontologies. 

In this paper the features of SVM are used for the 
classification of documents at multi-level. The 
classifications are subjected to the screening with the 
relevant ontologies to refine the categories into more 
precise and semantically rich classifications. This 
approach also results in a fast and accurate 
classification of documents. The documents are often 
organized around textual and graphical contents; the 
semantic components may or may not be explicitly 
indicated with basic structural elements [5]. In order to 
obtain a precise document classification the semantic 
components of the terms are also identified. A 
semantic component instance of the terms in any 
sections of the text document is captured by linking the 
filtered terms with the relevant concept taxonomies 
through SVM. Accordingly the terms containing the 
information about a particular aspect of an instance of 
a concept that is important in a domain can also be 
captured for the classification. For example in the 
chemistry domain, the term ‘ethyl alcohol’ has an 
equivalent term ‘ethanol’ and a formula ‘C2H5OH’ 
referring to the same meaning. The proposed 
methodology has the provision to check the equivalent 
requisites of the terms captured and the respective 
documents are included without being thrown before 
classification. 

The collection of semantic components helps in 
identifying the respective categories to which the 
document belongs and avoids the document being 
classified under irrelevant categories. Information 
about semantic components in documents is identified 
for information retrieval in two phases. In the first 
phase, the documents are being subjected to 
classification with SVM using the domain knowledge, 
and are being classified in the appropriate location 
within a concept hierarchy belonging to a particular 
domain. In the second phase the semantic components 
existing in the resultant documents are collected along 
with the corresponding terms and the documents are 
reclassified precisely and semantically. Additionally, 
the list of the semantic components collected in each 
document provides a short synopsis of document 
content. This allows the possibility for a searcher to 
specify which semantic components are of interest, and 
even search for terms within semantic components. 

The contents of this article are organized as follows. 
Section 2, briefly introduces the related work in text 
categorization. In Section 3, an introduction to SVM 

has been provided. In Section 4, the system 
architecture and the major modules involved in this 
method for document classification has been presented. 
Section 5 describes the implementation details of 
document classification.  In Section 6 the experimental 
results are discussed to evaluate the approach. Section 
7 has the concluding remarks followed by the 
references. 
 
2. Related Work 
 

The automated Text categorization (or Document 
classification) into predefined categories has witnessed 
a booming interest in the last 10 years, due to the 
increased availability of documents in digital form and 
the ensuing need to organize them. 

A growing number of statistical learning methods 
have been applied to this problem in recent years, 
including regression models [6], nearest neighbor 
classifiers [7], Bayesian probabilistic classifiers [8,9], 
decision trees [6], inductive rule learning algorithms 
[10], neural networks [11], on-line learning approaches 
[12] and Support Vector Machines[2]. An Evaluation 
Of Statistical Approaches to Text Categorization has 
been performed[13]. 

However, generally machine learning methods over 
fit the training data when many features are given [14]. 
Hence techniques are required to concentrate in 
selection of features in order to overcome the 
deficiency mentioned. Support Vector Machines 
(SVMs) [2] are robust even when the number of 
features is large. Therefore, SVMs have shown good 
performance for text categorization [2], chunking [15]. 

In spite of these advantages SVM has the 
disadvantage of very high training time [16]. The 
training time for document classification can be 
considerably reduced by having background 
knowledge and hence a more comprehensive approach 
has been developed using the background knowledge 
available in the ontology. Ontology means information 
used in a specific domain and relationships defined in 
relation to the information. In this work domain 
ontology for computer science domain is constructed 
from Dmoz directory hierarchy. The process of 
document classification basically involves two 
procedures: Finding key vocabulary in the documents 
and mapping onto a node in the concept hierarchy 
(ontology) using the extracted words [4].   

The advantages of an ontology-based classification 
approach over the existing ones, such as hierarchical 
and probabilistic approach [4], are. The nature of the 
relational structure of ontology provides a mechanism 
to enable machine reasoning. 

(1) The conceptual instances within ontology are not 
only a bag of keywords but have inherent 
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semantics and a close relationship with the class 
representatives of the classification schemes. 
Hence, they can be mapped to each other. 

(2) It also enables getting insight into and observes the 
way the classifier assigns a class representative to 
a document by tracking the links between the 
conceptual instances involved and the associated 
class representative. 

One useful application for automatic categorization 
is to support effective text retrieval. The automatically 
assigned categories will improve the retrieval 
performance compared to no categorization [17]. 
 
3. SVM 
 

SVM is a supervised learning algorithm for 2-class 
problems. Training data is given by 

( ) ( ,y,x,....,y,x uu11 )    

     ∈   ,  ∈  {+1, -1}              (1) jx nR jy
Here, xj is a feature vector of the j th sample; yj is its 
class label, positive (+1) or negative (−1). SVM 
separates positive and negative examples by a hyper 
plane defined by 
 

 R   ,R    w0,  b  x  w ∈∈=+⋅ bn
            (2) 

 
 

Figure 1 shows a linearly separable case. The SVM 
determines the optimal hyper plane by maximizing the 
margin. A margin is the distance between negative 
examples and positive examples. Since training data is 
not necessarily linearly separable, slack variables (ξj) 
are introduced for all xj. These ξj incur 
misclassification error, and should satisfy the 
following inequalities: 
 
w . xj + b ≥  1 −  ξj 
w . xj + b ≤  − 1 + ξj               .(3) 
Under these constraints, the following objective 
function is to be minimized. 

∑
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               (4) 
 

The first term in (3) corresponds to the size of the 
margin and the second term represents 
misclassification. By solving a quadratic programming 
problem, the decision function f(x) = sign (g(x)) can be 
derived where 
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The decision function depends on only support 

vectors (xi). Training examples, except for support 
vectors, have no influence on the decision function. 
Non-linear decision surfaces can be realized by 
replacing the inner product of (4) with a kernel 
function K (x. xi) [14,18,19]. 
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SVMs have advantage over conventional statistical 

learning algorithms from the following aspects: 
1. SVMs have high generalization performance 

independent of dimension of feature vectors 
[15,20,21]. 

2. SVMs can carry out their learning with all 
combinations of given features without 
increasing computational complexity by 
introducing the Kernel function [15] 

3. SVMs use a large margin to prevent over fitting, 
which does not necessarily depend on the 
number of features, as SVM has the potential to 
handle these large feature spaces [15]. 

4. The theoretical analysis concludes that SVMs 
acknowledge the particular properties of text: (a) 
high dimensional feature spaces, (b) few irrelevant 
features (dense concept vector), and (c) sparse 
instance vectors [11]. 

5. The experimental results show that SVMs 
consistently achieve good performance on text 
categorization tasks, outperforming existing 
methods substantially and significantly [2,21,22].  

6. Another advantage of SVMs over the conventional 
methods is their robustness. SVMs show good 
performance in all experiments, avoiding 
catastrophic failure, as observed with the 
conventional methods on some tasks[2]. 

7. SVMs are the most accurate classifier and fastest 
to train [23,24]. 

 
4. System Architecture 
 

The major components of the semantic document 
classification system includes the parser and stop 
words elimination module, feature extraction module, 
SVM classification system, ontology mapping module 
and the domain ontologies along with the other 
necessary features like the input, training and 
evaluation modules  as shown in figure 2.           
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Figure 1. Two possible separating hyper planes 

 
4.1 Parser and Stop word elimination module 
 

The text classification is carried out by transforming 
documents, which typically are strings of characters, 
into representations suitable for the learning algorithm 
and the classification task. The huge number of 
features in each hypertext document has to be reduced 
before being processed by classifiers as many of these 
features represent noise or irrelevant contents [25]. In 
case of semi structured documents the tags are to be 
removed such that classification is performed [1]. This 
function is carried out in this parser module. This step 
is followed by the stop word elimination process in 
which the most frequent words such as ‘to’, ‘and’, ‘it’, 
etc are removed to save spaces for storing document 
contents and reduce time for the search process.  
 
4.2 Feature Extraction module 
 

The work of extracting features from document is 
important for learning process[26].  

Generally there are two types of features: format 

features and linguistic features [27]. This feature 
Extraction module considers both format and linguistic 
features for extracting feature vectors. In the format 
feature extraction, there are four binary features that 
represent the normalized font size of the unit whether 
or not the current unit is in boldface. If the font size of 
the unit is the largest in the document, then the first 
feature will be 1, otherwise 0. If the font size is the 
smallest in the document, then the fourth feature will 
be 1, otherwise 0. If the font size is above the average 
font size and not the largest in the document, then the 
second feature will be 1, otherwise 0. If the font size is 
below the average font size and not the smallest, the 
third feature will be 1, otherwise 0. It is necessary to 
conduct normalization on font sizes. The linguistic 
features are based on key words and title to categorize 
them into a positive or a negative word. This binary 
feature represents whether or not the current word is 
one of the positive words or of the negative words. 

These linguistic features are language dependent. 
By considering these two features, feature vectors for 

Domain Ontologies

Parser and 
Stop word
Elimination

Feature
extraction

SVM Classification 
and 

Term Frequency
evaluation 

Training data

Computer Science

Chemistry
documents

…

Resultant
Documents

Evaluation

Ontology mapping

Key word

semantics

classification

Figure 2. Architecture of Semantic Document Classification System 
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the words are generated using the internal resource 
features such as orthography and external resource 
features such as matching against dictionaries. 
 
4.3 SVM classification module 
 

Each word obtained from the previous modules 
corresponds to a distinct feature vector and forms as 
the input for the SVM algorithm. SVMs are very well 
suited for text categorization. The experimental results 
show that SVMs consistently achieve good 
performance on text categorization tasks, 
outperforming existing methods substantially and 
significantly. With their ability to generalize well in 
high dimensional feature spaces, SVMs eliminate the 
need for feature selection, making the application of 
text categorization considerably easier [2]. SVM 
training is carried out with LIBSVM package [28] as it 
has higher accuracy, efficient, fast and mainly provides 
multi class classification [26]. The SVM performs a 
domain level classification of the words. The words are 
classified with respect to the domain using the domain 
knowledge in the ontology. The elimination of non 
informative words is performed [1]. The words are 
classified as positive or negative by the SVM. The 
domain related words are classified positive and the 
other words as negative. The words, which are 
classified positive, are interpreted from the original 
document and these words are considered as key 
words. Further, the term frequency of each generated 
keywords of the document is counted. A new data base 
is created in which the term frequency for the 
generated keywords is stored along with the key word. 
 
4.4 Ontology mapping module  
 

The key word that has maximum term frequency is 
extracted and is used in document classification. The 
mapping module will take the output of the extraction 
module as an input. The domain of the keyword is 
identified.  The keywords will be mapped with the 
corresponding ontology concepts to which the key 
word is associated. The documents are classified if 
there exists a positive mapping. Else the keyword with 
next high term frequency is considered for 
classification using the mapping process. The domain 
of the document is first identified. The key word 
mapping will further lead to document classification at 
multi-levels with respect to the domain. During this 
mapping process the presence of semantic component 
instances for the key words are also checked. The 
semantic component instance is one or more segments 
of text that contains information about a particular 
aspect (semantic component) of the concept instance (a 
topic) that is the document focus [29]. Although 

documents are often organized around semantic 
components, they do not always correspond to 
structural elements, such as subheadings, and a single 
semantic component instance may be composed of 
multiple discontinuous segments of text [30].  The 
identification of semantic components is an automatic 
process performed in association with the ontology 
mapping of key words for which the domain 
knowledge is made available in the form of ontologies. 
The documents may be classified under multiple 
categories in the mapping module. The semantic 
components are useful for making a precise 
classification. By identifying the semantic components 
the documents relevance to a category can be identified 
and thus the document can be appropriately 
categorized. 
 
4.5 Domain Ontologies 
 
 The domain ontology for the computer science 
domain is extracted from the Dmoz Directory. The 
chemical ontologies comprising of compound 
ontology, reagent ontology and reaction ontology are 
used from the Chemical Ontological Support System 
(COSS) developed earlier for the representation of 
chemical reactions and their mechanisms [31]. The 
domain knowledge present in the ontology is used in 
the first level of classification of words with respect to 
the domain using SVM. In the second level the 
document is classified based on the key word with 
maximum term frequency using the domain 
knowledge. The knowledge is further used at the third 
level for identifying the semantic components in the 
document which provides a precise classification. 
Again the same domain ontologies are used to fix the 
exact category of the resultant document. This is 
feasible because the contents are stored in the 
ontologies in a hierarchical fashion; top priority term 
automatically fixes its hierarchy from the ontological 
concepts. This allows the possibility of classifying the 
documents under multiple categories too There by the 
use of domain ontologies at multiple levels provide a 
refined and semantically rich classification output. The 
system is easily extensible simply by including more 
and more domain ontologies of different disciplines 
appropriately. 
 
5. Implementation 
  

The implementation of the system is done in 
windows platform using JAVA. The SVM 
classification is done using LIBSVM which can 
perform multi class classification. Ontology for 
computer domain is constructed from DMOZ directory 
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and for the chemical ontology the COSS developed in 
XML is converted into text format and used. The 
document classification is done for the documents 
related to Computer Science and Chemistry domains. 
The documents were classified with good accuracy. 
The documents related to these two domains when fed 
into the system, the domain of the document was 

precisely identified and the documents were classified 
at multi levels with respect to the domain. This system 
can be extended to other domains with minimal input 
of knowledge about the domain. The snapshots of 
output of the various modules from the computer 
science and chemistry domains are given below. 

 
Input document 
 
Computer Science Domain                       ChemistryDomain  

 
 
Output of the parser, stop word elimination module
 

 
Output of the SVM module (interpreted) 
 

 
Output of the term frequency evaluation(keywords identified) 

Output of the mapping module – initial classification 
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Computer Science domain 
 

  
Chemistry Domain 
 

 
Output of the semantic components identified 

 

Output of the final classification (along with the frequency of occurrence) 
 
Computer Science Document 

 Chemistry Document 
 

 
 

Based on the frequency of the semantic 
components, the documents relevance to that category 
can be identified. Thus the document was precisely 
classified. But some documents will be categorized 
under several categories in the ontology mapping 
module. The document related to algorithms was 
classified by this system under 2 categories. 

 

The semantic components were identified from the 
documents with the aid of knowledge present in the 
ontology and they are 
 

 

The document was precisely classified based on 
these semantic components. 

 

 
 
6. Results 
 

To evaluate the effectiveness of this approach, a 
comprehensive performance study has been conducted 
with web documents as input. The performance of text 
categorization using SVM with the aid of domain 
ontology is measured using the following performance 
measures. Assuming binary classification (relevant/not 
relevant), the following performance measures are 
evaluated. 
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a = the number of relevant documents, classified as 
relevant 
b = the number of relevant documents, classified as not 
relevant 
c = the number of not relevant documents, classified as 
not relevant 
d = the number of not relevant documents, classified as 
relevant. 
Obviously, the total number of documents N is equal to 
N = a+ b + c +d 

The performance measures such as precision, recall, 
F-measure can be defined as follows  
Precision: Number of correctly identified items as 
percentage of number of items identified. 

Precision =   da
a
+      

                       
Recall: Number of correctly identified items as 
percentage of the total number of correct items. 

Recall      =    ba
a
+   

 
F-measure: Weighted Average of precision and recall. 

F-measure =  callecision
callecision

RePr
Re*Pr*2

+  
                                               
The performances of Naïve-Bayes, simple SVM, SVM 
integrated with domain ontology is compared with this 
system (minimal semantic components identified) and 
the graph was plotted for different training set size. 
The performance of NB classification is the least, like 
expected. SVM result has reasonable F-measure, while 
SVM with the ontology mapping outperforms both but 
has less performance compared to this system. The use 
of ontology and semantic components makes the 
classification more accurate. The training size has a 

very high impact on the performance of the Naïve 
Bayes and SVM classification methods. These 
methods provide a good, consistent F-measure only 
when the training size of the documents goes beyond 
100. In this system as shown in the comparative 
evaluation graph in figure 3, the training size of the 
documents does not have much influence on the 
performance of the classification. This clearly shows 
that the training size need not be more for high F-
measure which is a significant advantage of the 
proposed system. 

To improve the classification performance the 
semantic components were identified. Some of the 
documents were classified under multiple categories in 
the ontology mapping module. But it has been found 
that the documents are categorized under some 
irrelevant categories. The advantage of semantic 
component identification as shown in figure 4 is that 
the documents are being precisely classified under 
relevant categories. This greatly reduces the irrelevant 
categorization of the documents which is another 
advantage of this system.  

The identification of the semantic components 
further increases the accuracy of the system. Although 
the SVM based classification using ontology had a 
high F-measure compared to other methods the 
accuracy is further increased when the knowledge of 
semantic components was used. The classification 
accuracy increases when more number of semantic 
components is identified as shown in Figure 5. 
 
7. Conclusion 
 

The presented study describes the usefulness of 
integrating the domain ontologies and the associated 
semantics with the conventional SVM classification to 
obtain an automated document classification resulting  
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in a precise and meaningful classification. This work is 
distinguished from other studies in the following areas: 

 
1. The key words that are required for classification 

of the document are classified using SVM. 
2. The Term Frequency of these key words alone is 

found which reduces the processing time by a 
considerable amount. 

3. The training size of the documents is very less and 
hence training time is greatly reduced. 

4. The feature space dimension is also very less. 
5. Multi level classification of the documents is done 

using domain ontology which is more accurate. 
6. The semantic components are identified by an 

automated method. 
7. Describing the content of the documents in 

domain-specific collections, using document 
classes and semantic components, will supplement 
existing indexing and searching techniques and 
improves information retrieval. Semantic 
components eventually will be a useful 
supplement to other types of searching and will 
facilitate more precise retrieval of domain-specific 
documents. 

8. Identification of semantic components provides 
convenient and effective ways for users to 
annotate Web pages with RDF metadata, thus 
facilitating wider availability of semantic Web 
content. 

All these advantages make this system a promising 
and efficient method for document classification. 
Future work includes testing the usefulness of semantic 
components to searchers and testing the  accuracy and 
consistency of identifying semantic components. 
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