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ABSTRACT 
We present a novel automatic text categorization method based on 
the knowledge represented in an ontology. An important feature 
of our approach is that it does not require a training set, which is 
necessary in the traditional supervised categorization methods, 
typically based on probabilistic approaches.  In the presented 
method, the ontology, including the domain concepts organized 
into categories and interconnected by relationships, as well as 
instances and connections among them, effectively becomes the 
classifier.  Our method focuses on (i) converting a text document 
into a thematic graph of entities occurring in the document, (ii) 
ontological classification of the entities in the graph, and (iii) 
determining the overall categorization of the thematic graph, and 
as a result, the document itself.  In evaluating our categorization 
method, we used an RDF ontology created from the full English 
language version of Wikipedia. The presented experiments, 
conducted on corpora of news articles, showed that our training-
less categorization method achieved a good overall accuracy. 

Categories and Subject Descriptors 
H.3.3 [Information Systems]: Selection process, Retrieval 
models 

General Terms 
Algorithms, Experimentation 

Keywords 
Keywords are your own designated keywords. 

1. INTRODUCTION 
Today, millions of news, reports, books, scientific articles are 
easily accessible in the electronic form almost any place in the 
world. Streams of information are created by news agencies. As a 
result, the creation of effective methods for automatic 
categorization of text documents based on their content is ever 
more important. 

People classify text documents using their knowledge about a 
certain domain in order to find important facts and meaningful 
connections between them. In some cases, some external 
knowledge is required to establish proper relationships among the 

facts. In this paper, we propose to use knowledge represented in 
the form of ontology for categorizing documents. The novelty of 
this approach is that it does not require a training set of 
documents, as we categorize text to a given ontology by using the 
knowledge it contains. The information from the analyzed 
document is enriched with external ontological knowledge. The 
categorization process depends solely on entities, named 
relationships, and the taxonomy of classes represented in the 
ontology.  

“Classical” categorization methods are based on machine learning 
and probabilistic approaches. A good review of the current 
categorization methods is presented in [24]. Commonly known 
methods such as Naïve Bayes [15] or Support Vector Machines 
[30] have been found to give very good results. Many other 
methods have been created, and modifications and improvements 
are constantly introduced. Yet, all of them rely of some kind of a 
training set of pre-classified documents to perform classification 
of previously unseen documents into predefined categories. 

We decided to relinquish the training set requirement in favor of 
using only ontological knowledge for categorization; in this way 
the ontology effectively becomes the classifier. The World Wide 
Web Consortium (W3C) describes an ontology using the 
following words: “An ontology defines the terms used to describe 
and represent an area of knowledge. Ontologies are used by 
people, databases, and applications that need to share domain 
information (…) Ontologies include computer-usable definitions 
of basic concepts in the domain and the relationships among them 
(…).”1 We chose to use an ontology created from Wikipedia2, as 
Wikipedia already covers and describes a wide area of general 
knowledge, and includes computer usable definitions of 
interconnected and categorized concepts. Moreover, it contains an 
extensive network of human-understandable categories that can 
be leveraged in the categorization process. 

The proposed approach tries to find a semantic similarity between 
a document and some fragment of the ontology that describes a 
certain category. To achieve it, the analyzed document must be 
transformed into a structure that is similar to the ontology. This 
process focuses on the creation of a semantic graph from the 
document, and employs entity matching and relationship 
identification. The semantic graph is then used to measure the 
document’s semantic similarity to the categories defined in the 
ontology. 

                                                                 
1 http://www.w3.org/TR/webont-req/#onto-def 
2 http://en.wikipedia.org 
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2. MOTIVATION 
Typically, classes in the ontology are organized into hierarchies.  
A class defines the types of properties common to the individual 
objects within the class. Furthermore, the classes are 
interconnected by relationships, defining some form of semantic 
interdependence (relationships are also regarded as properties) 
[26]. Class hierarchies and class relationships form the schema 
level of the ontology.  The individuals (instances) and links 
among them (instances of relationships) form the so called ground 
level of the ontology. RDF/S [5] and OWL [19] are two popular 
ontology specification languages in use today. 

A comprehensive, well populated ontology with classes and 
relationships closely modeling a specific domain represents a vast 
compendium of knowledge in the domain. Recently, such 
ontologies have been used in a variety of semantics-based 
applications, ranging from business analytics [25] to semantic 
data integration [6]. 

We believe that the knowledge represented in a comprehensive 
ontology can be leveraged to identify topics in a text document, 
provided the document is thematically related to the ontology 
domain. Furthermore, the concepts in the, especially if they are 
organized into hierarchies of higher-level categories, may be used 
to identify the category that best classifies the document based on 
its content. 

As an example, let us assume that we have a well-defined and 
comprehensive ontology containing knowledge about a variety of 
news topics, including business, politics, travel, sports,  and 
others. We will assume that the ontology includes a wide variety 
of concepts of each topic.  For example, in business, the ontology 
contains many business terms, such as takeover, time to market, 
business alliance, takeover, outsourcing, as well as relationships, 
for example specifying that a management buyout is a form of 
acquisition where company's managers acquire a large part or all 
of the company. Furthermore, let us assume that the ontology 
contains all the relevant instances, such as companies (General 
Electric, Ford, Nokia), products, brand names, as well as the 
management personnel of each company, and links among them. 
For example, such ontology would specify that Alan Mulally is 
the CEO of Ford and that Intel Corporation’s main products are 
microprocessors and motherboard chipsets. We will also assume 
that our ontology classes are organized into a hierarchy of higher 
level classes that group our concepts and instances into a number 
of broad categories, such as semiconductor companies, 
technology companies, companies, so on. 

Now, consider a news article describing activities of an 
automotive company. We believe that such an article most likely 
contains a number of occurrences of concepts and/or individuals 
represented in our ontology.  Such occurrences are known as 
named entity occurrences and may offer initial clues that the 
document is, in fact, about automotive business. First, we may be 
able to identify several named entity occurrences in the text of the 
document. Consider the following document excerpt: 

Ford Motor Co. is in the process of selling Jaguar and Land 
Rover, according to Ford CEO Alan Mulally.  The 
Associated Press is reporting the American car 
manufacturer is in active discussions with potential buyers. 
Although Mullaly has not revealed the names of any potential 
buyers, India Tata Motors is believed to be in contention. 

Jaguar may be more difficult to sell than Aston Martin or 
Land Rover. The newly released Jaguar XF is so critical to 
that division success, that its failure may sink them. The XF is 
a modern move for Jaguar, which has hung its hat on its retro 
heritage for the last four decades. That car goes on sale in 
March 2008. 

Ford is also rumored to be looking for someone to buy up the 
Volvo car division, but the U.S. corporation has denied those 
statements. Just last week, newspapers in Sweden were 
calling Volvo AB, the owner of Volvo trucks and original 
owner of Volvo cars, a potential bidder for the automotive 
division. 

In response, Volvo AB CEO Leif Johansson told Bloomberg 
News, “We are of course very concerned and interested in 
what happens with Volvo cars, but not such that we would be 
an investor there.” 

We could identify many entities (underlined) and, on the basis of 
our ontology, we could establish a number of relationships among 
the identified entities.  For example, the facts that Alan Mullaly is 
the CEO of Ford Motor Company, Ford is the owner of Jaguar, 
Land Rover and Volvo cars divisions, and that Leif Johansson is 
the CEO of Volvo AB, which owns Volvo trucks. Also, we could 
discover that the entity (concept) investor is a business term, and 
that Ford, Volvo, and Land Rover are motor vehicle 
manufacturing companies.  

Based on the above information, we could construct a graph made 
of the entities in the document and the relationships identified in 
the ontology.  Such a graph, which we call a semantic graph, 
represents the thematic content of the document, could be used to 
determine the main topic of the document or establish its 
category.  

Note, that the same phrase (or a single word) may refer to several 
distinct entities in the ontology. For example, Jaguar, recognized 
in the above text, may refer to the car manufacturer, the animal of 
the Felidae family, or perhaps British heavy-metal band. As a 
consequence, it is possible that more than one semantic graph 
could be created for the entities identified in the document. We 
can view each of such graphs as representing a plausible 
interpretation of the thematic content of the document. In case 
when several semantic graphs can be created, the one which 
presents the best fit with the ontology would be selected as the 
dominant semantic graph. 

Finally, on the basis of the dominant semantic graph we could 
establish the overall category of the document, in that we might 
be able to identify one, or perhaps a small number of categories 
that classify all, or most of the entities and relationships in the 
dominant semantic graph. 

Another important observation is that in one of the sentences in 
the above text: “… and that Leif Johansson is the CEO of Volvo 
AB, which owns Volvo trucks” we could identify not only the 
(underlined) entities, but we might be able to recognize the direct 
relationships “is chief executive of” between Volvo AB and Leif 
Johansson, and “owns” between Volvo AB and Volvo trucks. 
Natural Language Processing (NLP) techniques could be used to 
recognize such relationships directly in the document and then 
used to provide more evidence that the semantic graph fits within 
our ontology. 



We believe that comprehensive ontologies will soon be available 
for numerous domains. Recently, several ontologies have been 
created in the area of biology [3], medicine [7], and culture [18]. 
Work is underway on creating an ontology based on Wikipedia, a 
popular Web encyclopedia. An RDF version of Wikipedia 
described in [2] is an interesting intermediate step towards this 
goal. We believe that the comprehensive knowledge in such a 
Wikipedia-based ontology can be used as the basis for training-
less text categorization. 

3. RELATED WORK 
Text categorization is a well-researched problem in computer 
science. Perhaps, the existing categorization methods might be 
improved with the use of external knowledge that is not present, 
or is virtually impossible to extract from the source document 
itself. One of the widely used sources of external knowledge for 
text categorization is WordNet [1]. It is a network of related 
words, organized into synonym sets, where each of the sets 
represents one lexical underlying concept. With its help, it is 
possible to unify similar words into a single phrase or concept 
used later during categorization. WordNet has been successfully 
used both in text categorization [22] and clustering [10]. 

Text categorization using semantic concepts is a step away from 
simple word or phrase-based categorization towards a semantics-
based classification. Latent Semantic Analysis [14] offers an 
attractive way to transition from the word-space to the concept-
space of related phrases. The extracted concepts can be 
effectively applied to classical categorization, as presented in 
[11]. 

Ontologies organize facts and knowledge in a meaningful way. 
Due to an increasing availability of comprehensive ontologies, 
their use in information retrieval became an intense topic of 
research. Similarly to WordNet, ontologies can be used for word 
sense disambiguation or unification of the vocabulary, as 
presented in [4]. Ontology knowledge represented by entities 
inter-connected by named relationships and the defined taxonomy 
of classes may become a much more powerful tool in information 
retrieval. Here, categorization can be based on the recognized and 
disambiguated named entities, as presented in [9] and [27]. 
Traditional classification methods can also be enriched with the 
ontology-based information concerning the co-occurring entities 
[17] or whole neighborhoods of entities [8].  

Recently, Wikipedia became an important resource for 
performing a variety of text analysis tasks. It contains a vast 
amount of encyclopedic knowledge that is richly interconnected 
and categorized. Each page can be treated as a named entity, 
meaningfully connected to other entities and partially categorized. 
Although in its current form it is not an ontology and does not 
have a proper taxonomy, initial work has been started on creating 
Semantic Wiki [29] that would fulfill these requirements. Page 
categorization in Wikipedia is a mixture of taxonomy and 
collaborative tagging and can be treated as a thesaurus [31]. The 
category graph extracted from Wikipedia can be used for the 
identification of document topics, as described in [23]. The work 
presented in [20] shows good results in creating a taxonomy from 
the current Wikipedia categories. 

NLP tasks can also benefit from using Wikipedia knowledge. 
Examples include semantic relatedness [28], based on Wikipedia 
entries that successfully replace parts of WordNet and co-

reference resolution [21] based on Wikipedia entities and their 
categories.  

4. CATEGORIZATION ALGORITHM 
Text categorization, also known as text classification, or topic 
identification, involves the activity of labeling natural language 
texts (documents) with thematic categories from a predefined set.  
In supervised text categorization, it is assumed that the categories 
are just symbolic labels and that no definition of their meaning is 
available, either procedurally or declaratively [24]. 

Our text classification algorithm is significantly different from the 
traditional supervised text classification methods.  It does not 
require classifier training (and a training set of documents), and 
relies only on the domain knowledge represented in the ontology 
to perform text categorization. Furthermore, each classification 
category is specified in terms of ontology classes and may be 
defined as a single class, a subset of the class taxonomy, a list of 
classes with a specified importance, or perhaps as a combination 
of taxonomy and list of classes. 

Our categorization algorithm consists of three main steps: the 
construction of the semantic graph, the selection and analysis of 
the thematic graph, and the categorization of the selected thematic 
graph.  The outline of the algorithm is presented below: 

Semantic graph construction  

- Named entities identification – phrases describing entities 
(entity labels) in the ontology are matched in the text; for 
each located phrase, all associated entities are added as 
nodes to the created semantic graph (in what follows, we will 
treat nodes in the graph and entities as synonymous); each 
node is assigned an initial weight based on the strength of the 
match. 

- Connectivity inducing – edges between the nodes in the 
semantic graph are created based on the relationships 
existing in the ontology and connecting the entities 
corresponding to the nodes; each edge is assigned a weight 
based on the importance of the relationship in the ontology 
schema. 

- Information propagation – node weights are propagated to 
their neighbors in order to establish the most authoritative 
entities in the graph. 

Thematic graph selection and analysis 

- Connected component identification – connected 
components in the semantic graph are identified, treating the 
graph as undirected. 

- Dominant thematic graph identification – the largest and 
most important connected component of the semantic graph 
is selected as the dominant thematic graph. 

- Core selection – the most important and/or central entities in 
the thematic graph are identified; they form the core of the 
thematic graph. 

Dominant thematic graph categorization 

- Class assignment – each entity in the dominant thematic 
graph is assigned a set of classes, according to the entity’s 
classification in the ontology (we assume that an entity may 
belong to multiple classes); for each class in the set, its depth 
in the ontology class hierarchy is recorded. 



- Ontological classification – starting with the classes assigned 
to the authoritative and/or central entities (we say, covering 
the authoritative and/or central entities), ascend in the 
ontological class hierarchy until a set of parent classes is 
located that covers a significant portion of entities in the 
dominant thematic graph.  Each class in the new set of 
(higher level) classes is ranked according to (i) the weight of 
the entities it covers, (ii) the percentage of the covered 
entities in the dominant thematic graph, and (iii) the distance 
in the class hierarchy to the covered entities. 

- Categorization – the target categories are defined as ontology 
class (sub-)hierarchies, or just lists of classes; each class in 
the set located in the previous step is determined to belong to 
one or more categories (as a member of the hierarchy or the 
list); the weight of the classes is used to determine the best 
category for the document. 

The proposed training-less text categorization method is based on 
the semantics offered by the ontology. It should be noted that 
meaningful results can only be achieved under the following 
assumptions (1) the entities in the ontology have proper label(s) 
that can be used for entity spotting in categorized documents, (2) 
the entity labels are in the same language as the categorized 
documents, (3) the used ontology has a rich instance base of 
interconnected entities, (4) the entities are classified according to 
a taxonomy included in the ontology, (5) the analyzed text is 
related to one (or more) knowledge domains represented in the 
ontology. 

4.1 Construction of the semantic graph 
Before a text document can be categorized using this method, it 
must be converted into a graph structure. The conversion process 
superimposes a subset of the ontology (entities and relationships 
among them) on the analyzed document. 

Each entity in the ontology that can be recognized in the 
document has one or more descriptive literals associated with it. 
These are values of certain key properties that can be used to 
name or identify the entity. Examples of such properties include 
the entity’s name (known as its label) or its alternate names 
(usually assigned as aliases). We assign different importance 
weight to each property type connecting an entity and its 
descriptions. In general, the names are more important than 
aliases or shortened descriptions. Entity spot phrases are created 
from values of the selected identification properties; we do not 
assume that names or aliases uniquely identify entities. Stemming 
and stop words removal may be applied to both the document text 
and spot phrases. 

A spot phrase can be matched in several places in the document. 
This indicates that the same entity is mentioned in different places 
of the document and therefore may be more important for the 
document topic. Multiple occurrences of the same phrase 
describing an entity cannot be treated in the exact way as term 
frequency in traditional classification methods, as it is likely that 
a frequently appearing entity is connected to the document 
content stronger than other, less frequently occurring entities. 
However, the weight (importance) of an entity should not depend 
linearly on its frequency. We use the following formula for 
establishing the initial entity weight: 

∑
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In the formula, w is the initial entity weight and n represents the 
number of matches of the spot phrases associated with the entity. 
The term pi is the weight of the property connecting the literal li, 
which is associated with spot phrase spi, to the entity w in the i-th 
match. The function s measures the similarity between the spotted 
phrase spi and the original literal li in the ontology. If word 
stemming and stop word removal is not used, the similarity 
degenerates to simple string equality. For similarity using stop 
word removal we accommodated following formula: 
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Similarity s is a ratio of the number of words in the spot phrase spi 
(created by removing stop words from literal li) to the number of 
words in the original literal li, not counting the articles “a”, “an” 
and “the”. Note that the stop list is much longer and also includes 
the above articles. 

Note, that a matched spot phrase can be associated with multiple 
entities in the ontology. This may lead to an incorrect 
identification of many entities (false positives) and the number of 
recognized entities may even be higher than the number of 
phrases spotted in the document. However, there is no 
disambiguation performed at this stage and all matched entities 
are included as nodes in the constructed semantic graph. 
Incorrectly matched entities will be removed at a later stage. 

The conversion of the analyzed text into a semantic graph 
requires the addition of the relationships between entities. In the 
proposed algorithm we add relationships only existing in the 
ontology. If a pair of entities recognized in the document is 
connected by a relationship in the ontology, an edge, 
corresponding to the same relationship, is added to the created 
semantic graph. This process can be seen as adding domain 
knowledge from the ontology to the analyzed document. The 
induced relationships add semantic connections and domain-
specific interpretation to the recognized entities, providing an 
explanation of their co-occurrence in the document, and the 
resulting graph is called a semantic graph. 

Our algorithm utilizes the created semantic graph to identify the 
most important entities, even if they occur infrequently in the 
document. To facilitate the search for such important entities, we 
assign varying importance weights to different named 
relationships. One of the possible automatic weight assignments is 
based on relationship rarity in ontology. The “Hubs and 
authorities” algorithm [13] is later used to propagate the weights 
and locate the authoritative entities. 

4.2 Thematic graph selection and analysis 
A document converted to a semantic graph may contain many 
entities added during the matching phase that are unrelated, 
weakly related to the document topic, or even incorrectly matched 
in the document context. Additionally, it is possible that different 
sections of the document concern different topics. 

This step attempts to isolate a sub-graph of the semantic graph 
that are related to the main topic of the document. It is based on 
the ontology semantics that assumes that entities related to a 



single topic are (closely) connected in the ontology, and unrelated 
entities are placed far-apart or even not connected. The semantic 
graph created from the document represents only fragments of the 
original ontology, and may be composed of several connected 
components. We iterate over the connected components and, 
following the semantic closeness assumption, try to find the 
dominant one that best describes the main topic of the document. 
The component with the largest number of nodes and the highest 
total of the entity weights becomes the dominant thematic graph 
for the document.  

The selected dominant thematic graph effectively defines the 
thematic interpretation of the document which will be used in 
further analysis. It also removes any entities and parts of the 
graph that are not related to the selected topic. In cases when 
multiple entities were matched by a single phrase, fixing the 
interpretation effectively disambiguates them, and leaving only 
the relevant ones. 

Selection of the core entities is the last step in the thematic graph 
analysis. Naturally, the authoritative entities fall into this 
category. Additionally, we compute the centrality score to find 
the most central entities in the structure of the dominant thematic 
graph. We use the geodesic closeness formula: 
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where d(vi, vj) is the shortest path distance between vertices vi and 
vj in the undirected graph. The most central nodes become the 
landmarks of the analyzed topic. Note, that they may be different 
than the authoritative nodes. 

The core of the dominant thematic graph includes the top 
authoritative nodes and the most central ones. In our experiments, 
we limited their number to 10% of the nodes in the dominant 
thematic graph. To ensure the presence of both types of nodes and 
to have a set minimum core size, we require that at least 3 entities 
from each type be present. 

4.3 Thematic graph categorization 
The dominant thematic graph serves as the source of information 
in the categorization process that uses the class taxonomy from 
the ontology schema. For each entity in the thematic graph, we 
find all classes assigned to the entity in the ontology schema, and 
all super-classes, using the transitivity of the sub-class 
relationship. In this process, a set of reachable classes is created, 
where each of found class has a list of assigned entities together 
with hierarchical distance to them. The distance between the 
entity and its immediate class (as defined in the ontology) is 1. 

The categorization process focuses on finding the best class 
describing the thematic graph and shifts the attention from the 
instances (entities) to the ontology class taxonomy. In ranking the 
classes, we consider which one (1) covers (is a super-class of the 
entity) the largest number of important entities in the thematic 
graph, (2) is very close (in hierarchical distance) to the entities, 
(3) maximizes the coverage of the core entities and other entities 
in the thematic graph. 

The selected class should offer the best fit for whole thematic 
graph (or its large part). Taking into consideration the properties 

of the best coverage class, we use the following formula for 
calculating the class score: 
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where sCi is the categorization score for class Ci, that includes 
reachable entities e up to depth hmax ; ej and eCk represent 
respectively entity and core entity reachable up to depth hmax from 
class Ci ; wj and wCk are weights of entity ej and core entity eCk ;  
h(Ci, e) is the hierarchical distance between category Ci and the 
covered entity e. The first summation is over all of the entities 
reachable from category Ci up to depth hmax, while second include 
only core entities. 

The classes, ranked according to their scores, represent the 
categorization of the document, relatively to the taxonomy in the 
ontology schema. The final step of the document categorization 
requires matching between the internal categorization and user-
defined topic categories. There are many possible approaches to 
match the assigned taxonomy classes with selected topics. We 
suggest following different approaches that depend on the method 
used in defining the topic categories. 

The proposed score computation favors the classes that are closest 
to the thematic graph. In case the final topics are defined as parts 
of the taxonomy, we should favor matching to the lowest category 
in the hierarchy as the most specific one. Final categorization 
score sCi for class Ci should be increased as the class depth 
increases. It can be done linearly, exponentially or in other 
method that incorporates user’s interest in matching deep 
categories. 

In case the class hierarchy is similar to that found in Wikipedia, 
where the defined categories instead of a clear taxonomy form a 
thesaurus, such an approach will likely give unsatisfactory results. 
In a thesaurus, the further we move down from the original 
category, the less relevant the matched category becomes. The 
categorization score should be modified opposite to the 
taxonomical case. 

Assigning external category is based on matching modified 
highest ranked classes to category definition. Starting from the 
class with the highest score, assign it to all appropriate 
categorization topics and increase their weight accordingly. If 
only one topic has the highest score, select it as the categorization 
result. Otherwise, take next class in the ranking and repeat the 
process until only one topic has the highest total score, or there 
are no more ranked classes to select. 

5. EXPERIMENT SETUP 
Our experiments focused on testing the proposed training-less 
ontology-based categorization method and comparing its accuracy 
to a base-line traditional method. We have chosen the well known 
BOW toolkit [16] as the representative implementation of one of 
the traditional categorization methods. As in other supervised text 
categorization methods, it requires a document training set. 

The ontology used in our classification method was created from 
the English version of Wikipedia, using a similar approach as the 
one presented in DBpedia [2]. Our text corpora consisted of news 
articles downloaded from the RSS feeds from CNN.com.  



Our prototype implementation of the ontology-based 
categorization uses BRAHMS [12] as the backend RDF storage to 
ensure highly efficient handling and querying of the large RDF 
ontology created from Wikipedia. 

The details about the experiment setup and the used methodology 
are presented in the subsequent sections. 

5.1 Wikipedia ontology 
We used the English Wikipedia dump from 2007-09-08 as the 
source for creating the ontology. We utilized a modified DBpedia 
approach to create an RDF/S ontology from Wikipedia. Our 
modifications related to handling of the extraction of the 
templates included in a typical Wikipedia entry and assignment of 
literal values. 

DBpedia focuses on special handling of Infoboxes. Entities 
mentioned in an infobox are linked to the source entity by named 
relationships derived from the Infobox description. There is no 
special handling of general templates included in the page. Such 
templates become separate entities linked from the source entity, 
which further link to other pages. On a Wikipedia page, such 
templates are included in the page source and entities they point 
to are directly linked from the page. For example, in the article 
about “Atlanta Hawks,” we have the “current roster” section, 
which is internally represented as a template. In the created 
ontology we shortcut such links in the included templates without 
creating an intermediate entity. 

The literal values, such as entity names, redirections, and 
disambiguation are very important for creating phrases to spot 
entities in the document. We have created separate named 
relationships to distinguish among the direct names of entities 
(page names in Wikipedia), redirections (redirection pages), and 
entities names included in the disambiguation pages. Wikipedia 
also utilizes a convention of disambiguating entity names by 
adding contextual information enclosed within parentheses and 
listed after the entity name, e.g., “Jaguar”, “Jaguar (car)” and 
“Jaguar (band)”. Such full phrases do not exist in documents, as 
the context of the document provides enough information for 
human to properly disambiguate the entity. For entities with such 
names, we create a shorter literal by omitting the context 
information and add it as an alternate, shorter name, using 
specific property to distinguish it from the full name. 

Our derived instance base of the RDF/S Wikipedia ontology 
contains 2,062,198 instance entities that contribute to a highly 
connected graph of 67,279,865 statements, and 4,409,200 literals 

that can be used for entity matching. On average, each entity has 
assigned 2.85 literals using different relationships. The schema 
part has 311,908 classes (Wikipedia categories) organized in 
532,191 statements, mostly describing semi-hierarchical 
dependencies among the classes. Each entity, on average, has 
been assigned to 2.64 classes. 

5.2 Text corpora 
We tested the proposed categorization method on the CNN news 
articles (www.cnn.com) obtained from CNN RSS feeds between 
2007-07-03 and 2007-09-04. The prepared corpora consist of 
2,590 news articles assigned to 12 categories, each associated 
with a single RSS feed. For comparison with a traditional, 
probabilistic categorization method, we divided it into a 50/50 
split, where the training and testing sets had 1,295 documents 
each. The selected categories with the split details are presented 
in Table 1.  

The choice of selecting a set of recent news articles as the text 
corpora for the categorization tests relates to choosing Wikipedia 
as categorization ontology. Since Wikipedia contains up-to-date 
general knowledge, the recent news articles should be a suitable 
match for the initial tests. Furthermore, the CNN news categories 
can be relatively easily matched to the general Wikipedia 
categories. 

5.3 Category mapping 
The proposed categorization method ranks the document against 
the internal ontology classes. To classify a document into a given 
ontology, no additional information or mappings are necessary. 
However, classification of the document into external categories, 
such as the ones used by CNN, requires that each category be 
defined in terms of the internal ontology classes. 

In this experiment, we used the ontology derived from Wikipedia, 
where the category pages were converted into the internal 
ontology classes. Although organized as a hierarchy, they did not 
form a taxonomy, since the Wikipedia categories are not based on 
the strictly defined relationship. In fact, the Wikipedia category 
pages form a thesaurus of concepts, and we have leveraged this 
feature in creating a mapping from the CNN categories to 
Wikipedia classes.  

For each CNN category, we have manually selected the main 
concepts from among the Wikipedia categories (roots) and added 
their subcategories up to the depth of 3. To minimize the 
ambiguity, we did not allow the selected root categories to be 
assigned into more than one category mapping. This have added a 

Table 1. CNN corpora split with Wikipedia assigned root categories. 



level of protection against adding the same categories (and their 
subcategories) into multiple mappings. The depth limit was set 
due to the fact that we were dealing with a thesaurus, and the 
deeper we moved from the original concept, the sub-concepts 
became less and less connected by the “subclass of” relationship. 
The Wikipedia categories selected for roots of the CNN mappings 
are presented in Table 1. 

5.4 Reference categorization method 
We have selected the Naïve Bayes classification method available 
as part of the BOW toolkit to be the baseline used for comparing 
the categorization accuracy. At first, we used the classical 
approach, where the training set came from the same corpora as 
the classified documents. For this purpose, we trained BOW on 
the training part of our CNN split. 

In another experiment, we utilized the documents from Wikipedia 
in the Naïve Bayes categorization. We prepared a training set of 
documents selected from Wikipedia for each of the mapped CNN 
categories. Here, the documents (Wikipedia entries) were selected 
for the training set of a given CNN category, if their Wikipedia 
categorization belonged to the selected mapping. The Wikipedia 
categories selected for all CNN category mappings include over 
400,000 documents (pages). To prevent overtraining, we limited 
the size of the training set for each category to 2,000 documents, 
chosen randomly from the available set. To check the consistency 
of the categorization results, 10 different training sets were 
created and tested. We believe that this experiment offered a 
better comparison with the direct ontology-based classification, as 
both the traditional (probabilistic) and ontology-based classifiers 
used the same source of information for the categorization task. 

6. EXPERIMENT RESULTS 
We performed the following five experiments: 

1. Naïve Bayes categorization of our CNN document split using 
the training set from the same source as the categorized 
documents (Table 2), 

2. Naïve Bayes categorization of our CNN documents using the 
training set derived from Wikipedia articles assigned to the 
classes in the mapped categories (Table 3), 

3. Naïve Bayes categorization of a set of Wikipedia documents 
derived from the category mapping, using a different set of 
Wikipedia documents for training, (Table 4) 

4. ontology-based categorization of our CNN documents to the 
mapped categories and no training set was used (Table 5), 

5. ontology-based categorization of a set of Wikipedia 
documents derived from the category mapping and no 
training set was used (Table 6). 

The first experiment has been used as the baseline in how well a 
classical classification method can perform on given categories 
and text corpora.  The second and third experiments compare the 
traditional and ontology-based methods, when the classifiers use 
the documents from the same source, outside of a given test 
documents. The last two experiments serve as a verification of the 
created category mappings and provide some insight into self-
classification of Wikipedia articles to their original categories. 

The best results were produced by Naïve Bayes categorization 
trained on CNN split documents. With 1,295 training and 1,295 

testing documents from the same source, the overall accuracy was 
over 92%. 

Categorization of the CNN corpora by Naïve Bayes 
categorization using a subset of Wikipedia documents as the 
training set achieved only 73% accuracy. The testing set, as in the 
previous experiment, consisted of 1,295 documents, but the 
training had assigned 22,154 Wikipedia documents. Our 
ontology-based method that used our prepared CNN category 
mappings reached a similar accuracy of 80%. These results may 
be regarded as more comparable, as the knowledge (documents) 
from the same source was used for the categorization. 

The last two tests were performed for testing Wikipedia self 
classification, according to our mapping of categories. The 
Wikipedia pages selected for both the testing and training sets for 
the Naïve Bayes categorization. We have found that among 10 
different trials, the classification was steadily achieving around 
83% accuracy. Our ontology-based categorization of Wikipedia 
articles had only 67% accuracy. 

6.1 Results analysis 
The proposed ontology-based categorization method achieved 
overall good results on the tested CNN corpora. The accuracy was 
comparable to Naïve Bayes when trained on the documents from 
the ontology. Still, Naïve Bayes outperformed our method when it 
was trained on the articles from the original corpora. 

In the experiments involving the categorization of Wikipedia 
pages to predefined CNN categories, the Naïve Bayes method 
remained at the same accuracy level, whereas the ontology-based 
categorization results dropped somewhat. 

We investigated the potential sources of misclassification 
problems in both the CNN and Wikipedia corpora. Analysis of 
several articles and created thematic graphs, together with the 
ranked categories revealed following causes of misclassifications: 

- the difference between the article’s thematic content and the 
assigned category, 

- the graphs created from the longer Wikipedia articles have 
been multi-thematic and the select dominant thematic graph 
was outside of the assigned category, the created mapping 
between the CNN and Wikipedia categories were too broad 
and imprecise, 

- an unevenly developed structure of Wikipedia link and 
category for different domains. 

The fact that the training set categorization has been based on the 
reader’s perceived interest is the most common cause for the 
misclassifications. The ontology-based categorization analyzes 
the document content in order to create a thematic graph, and then 
finds its best fit into the ontological knowledge. On the other 
hand, the categories assigned by CNN mainly reflect the reader’s 
perceived interest. Our Wikipedia-based ontology contains 
encyclopedic knowledge, which describes basic facts and their 
relationships. It does not favor any specific types of entities such 
as people, companies, or places. The (human assessed) perceived 
interest in the article may decide the article’s category solely on a 
single type of high-interest entity, and not on the thematic content 
of the document. 
As an example, consider an article about cardio-vascular health 
problems of a certain politician. From a reader’s perspective, the 
article belongs to politics, as the politician is the main point of 



interest. On the other hand, the majority of the document content 
is about the disease, treatment, or perhaps recovery. In the 
analysis of the created semantic graph, the politician most 
probably will not become one of the core entities, and the graph 
core will concentrate on medical issues. This will result in the 
final categorization into the health domain. 
The imprecision in the category mapping for the categorization of 
CNN news articles was another source of misclassifications. We 
tried to utilize a simple approach based on selecting root 

Wikipedia categories and including additional related categories. 
In most cases, the categories included in the mapping were 
strongly related to the root category. As the number of categories 
grew exponentially with the distance from the root, it was not 
uncommon that additionally included categories had little in 
common with the root one. For example, in the politics category 
with the root Politics, we can find categories including 
Locksmithing, Olympics, or Hydrology. It is possible to manually 
refine the categories and achieve better results, but it goes against 

Table 2. Naïve Bayes categorization (BOW implementation) results of CNN document split with CNN training set. 

 
Table 3. Naïve Bayes categorization (BOW implementation) results of CNN document split with Wikipedia documents training set. 

 
Table 4. Naïve Bayes categorization (BOW implementation) results of Wikipedia documents using Wikipedia pages as training set. 

 



Table 5. Ontology-based categorization of CNN document split using Wikipedia ontology with prepared category mapping. 

 

Table 6. Ontology-based categorization of Wikipedia documents using Wikipedia ontology with prepared category mapping. 

 
our assumed simplicity in preparing the mappings, and this could 
be potentially viewed as a hidden way of introducing a training 
set. 

Finally, some misclassifications were related to the ontology and 
Wikipedia itself. Some parts of Wikipedia are much better 
covered and interconnected than others. Consequently, entities 
from the better covered regions have a higher chance to be 
recognized and, due to their high connectivity, create a better 
thematic graph. 

Focusing only on the document content, represented by entities 
and relationships, can be perceived both as the strength and the 
weakness of our categorization method. The strength comes from 
utilizing the background knowledge from the ontology that may 
not be present in the document. The weakness lies in the very 
difference between facts and perceived interests, which may 
require a much more sophisticated mapping or a modification of 
our algorithm to favor certain types of entities, relationships, or 
structures. We believe that it may be overcome by using certain 
NLP methods in building the thematic graph, and providing a 
more specific and defined context of interest in the classification 
step of the algorithm. 

7. CONCLUSIONS AND FUTURE WORK 
In this paper, we presented a novel approach to text 
categorization. Our method relies only on the ontological 
knowledge stored in the domain ontology. The novelty of this 
method is that it does not require a document training set. As rich 
and comprehensive domain ontologies become available, the 
approach proposed in this paper may be a suitable alternative to 
the traditional text categorization methods. The tests performed 
on an RDF ontology derived from English Wikipedia 
demonstrated the practical value and effectiveness of the 
ontology-based categorization. 

However, the categorization based on factual knowledge from the 
ontology does not always match user’s perceived interests. In the 
near future, we plan to concentrate on defining a categorization 
context to fill this gap. It will enable specification of more 
complex categories than presented here simple category mapping. 

Another direction of future work lies in enriching the thematic 
graph with more semantic information extracted from the 
analyzed document and utilizing this information in the 
categorization process. We plan to investigate how NLP methods, 
combined with the ontological knowledge can help in discovering 



named relationships between entities in the document. Such 
information would significantly influence certain interpretation 
contexts by either strengthening already known relationships 
between entities, or by supplying additional knowledge not yet 
existing in the ontology.  
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