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ABSTRACT

Text mining refers to the discovery of previously unknown
knowledge that can be found in text collections. In recent
years, the text mining field has received great attention due
to the abundance of textual data. A researcher in this area is
requested to cope with issues originating from the natural
language particularities. This survey discusses such
semantic issues along with the approaches and
methodologies proposed in the existing literature. It covers
syntactic matters, tokenization concerns and it focuses on
the different text representation techniques, categorisation
tasks and similarity measures suggested.

1. INTRODUCTION

The field of text mining has received a lot of attention due
to the always increasing need for managing the information
that resides in the vast amount of available text documents.
Text documents, as opposed to information stored in
database systems, are characterized by their unstructured
nature. Ever increasing sources of such unstructured
information include the World Wide Web, governmental
electronic repositories, biological databases, news articles,
blog repositories, e-mails.

Text mining is the data analysis of text resources so that
new, previously unknown knowledge is discovered [34]. It
is an interdisciplinary field that borrows techniques from
the general field of Data Mining and it, additionally,
combines methodologies from various other areas such as
Information Extraction (IE), Information Retrieval (IR),
Computational Linguistics, Categorization, Topic Tracking
and Concept Linkage [23; 53].

It is often ambiguous to distinguish between the field of IR
and that of text mining. This happens because they both
deal with text and its particularities, so they both have to
face similar issues. IR has lent several algorithms and
methods to text mining. The difference between these two
fields is mainly their final goal. In IR, the objective is to
retrieve documents that partially match a query and select
from these documents some of the best matching ones [76].
Text mining is about discovering unknown facts and hidden
truth that may exist in the lexical, semantic or even
statistical relations of text collections.
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Another field that has lent methodologies to text mining is
Information Extraction (IE). IE differs from text mining
because it regards the extraction of specific, structured data
(e.g. names of people, cities, book titles) and prespecified
relationships [71] rather than the discovery of new relations
and general patterns. In Text Mining the information found
is unsuspected and unexpected, though in IE it is predefined
and it matches the interest specified by the user [48; 53;
71]. IE techniques may be part of the text mining task in
order to facilitate the knowledge extraction.

The text mining process consists of a data analysis of a
corpus or corpora and it is concisely illustrated in Figure 1.
Taking a collection of text resources, a text mining tool
would proceed with the data analysis. During this analysis
many sub-processes could take place such as parsing,
pattern recognition, syntactic and semantic analysis,
clustering, tokenization and application of various other
algorithms. Following the data analysis, the results are
evaluated and the new, previous unknown knowledge may
emerge. The retrieved text information can be used in
various ways such as database population and
reconciliation.

Text Mining associates text documents and database
models. This association can be summarized in the
following points:

« population of a database schema with data retrieved
from web documents

» discovery of information existing in texts and storage to
a relational or XML format

» integration and querying of text data after it has been
stored in databases

» deduplication of a dataset by using standard data mining
techniques, such as clustering.

A great deal of Statistics and Machine Learning techniques
exist and contribute to the data analysis, and therefore the
text mining task. However, during the text mining process,
many issues arise because of the automatic natural language
processing (NLP) limitations, which the aforementioned
techniques do not always take into consideration. A
researcher needs to have a thorough overview of the
existing difficulties posed by text before deciding on how to
cope with them. In this paper we concentrate on the

23



semantic issues present in text mining and we refer to some
approaches that have attempted to handle these issues.

This paper is organized as follows. Section 2 discusses the
reasons that make text mining significant and Section 3
refers to NLP issues. In Section 4 the focus is on the text
representation techniques discussed in the existing
literature, while Section 5 deals with text categorization and
the similarity measures used. Section 6 refers briefly to
ontologies and Section 7 concludes the paper.

Throughout the paper, “terms”, “features” and “tokens” are
used interchangeably according to context. The same stands
for the words “text” and “document”.
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Figure 1. Text mining process

2. TEXT MINING MOTIVATION

The objective of text mining is the discovery of new
knowledge within text collections. The magnitude of
applications is significant.

In the biomedical field, most of the information is stored in
text format so, association of terms and ideas is highly
needed [2; 17; 35]. Swanson and Smalheiser [73; 74] were
among the first to observe linkages between text
collections, and conclude a medical cause and effect
hypothesis that was not then known in the medical
academia. This proves that the analysis of correlations of
information across text collections is advantageous in the
biomedical sector since unknown causes of diseases can be
identified and as a result new medical treatments can be
found. Of course, we should note that a lot of biomedical
data is also stored in relational databases and the results of
text mining can be used to facilitate further integration,
update and querying of these sources.

Text mining tools and methodologies have a lot to offer to
data integration tasks. They enable the identification of
similarities between text attributes that originate from
different sources, reducing in this way the uncertainty and
improving the data integration accuracy. Similarity
measures in text mining extend beyond string-based
similarity metrics. They may take into account syntactic and
semantic information and they may be applied to words,
phrases or even bigger pieces of text. Selecting the most
appropriate distance measure remains an important issue in
the field. Since semantics is part of text mining, the
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semantic representation of text sources is more direct and
the discovery of semantic mappings between the various
sources and the mediated schema [31] is more
straightforward. The benefits of text mining to data
integration during the merging of two companies can also
be seen in [23].

During data integration, issues such as record linkage and
data cleaning are significant and they can also profit from
the use of text mining approaches. Reducing redundant
information and matching same entities across different
sources and various representations, can be improved by
using distance measures introduced in the text mining field.
Semantics can help in dealing with incomplete information
and erroneous data.

The applications of text mining can extend to any sector
where text documents exist. For instance, history and
sociology researchers can benefit from the discovery of
repeated patterns and links between events, crime detection
can profit by the identification of similarities between one
crime and another [23], and unsuspected facts found in
documents may be used in order to populate and update
scientific databases.

Text mining can definitely facilitate the work of
researchers. It can allow them to find related research issues
to the ones they are working on, retrieve references to past
papers and articles which may have been forgotten and
discover past methodologies that may add on the nowadays
research. Text mining may also reveal whether links exist
between two different research domains without requiring
the effort to understand the documents in both domains.

Another research field that may benefit from text mining is
that of Information Retrieval since it is often required to
execute queries that need the identification of semantic
relations between texts. The application of text mining to IR
may also improve the precision of IR systems [84] and
reduce the number of documents that a single query returns.

Various other tasks can profit from text mining techniques.
Examples consist of updating automatically a calendar by
extracting data from e-mails [27; 48; 78], identifying the
original source of a news article [49], monitoring
inconsistencies between databases and literature [54].
Finding out such inconsistencies requires the collaboration
of database as well as text mining techniques. Missing
database values could be filled in by data discovered and
retrieved from relevant literature.

Text categorization techniques may also be part of text
mining. They intend to organize a set of texts, identify the
structure of a text collection and group documents
according to their common features. In this way,
unstructured repositories obtain some structure, the
labeling, search and browsing of documents is enabled [68]
and the data analysis becomes efficient and effective.
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3. TEXT MINING AND NLP

The majority of concerns in text mining are posed by the
particularities of natural language. In this section, we will
refer to the components of a language and the associated
issues. We will focus more on the semantic rather than the
statistical techniques since it seems that the statistics alone
are not sufficient for the mining of a text [83].

A language consists of an alphabet, a grammar and a set of
rules that define the syntax. The alphabet is the set of
symbols used by a language. According to [70], the letters
and the sequences of letters have a statistical structure
which means that they do not all appear with the same
frequency. The grammar of a language is the set of rules
that define how the symbols of the alphabet can interact
with each other, while the syntax consists of the rules that
capture the way the words can be united to form a sentence.
According to Sapir [65], “all grammars leak” since people
tend to use the language freely, without adhering to rules.
This stands, for example, in e-mails and chat dialogues
where ill-formed expressions are often used for the sake of
simplicity.

Describing text by a grammar can lead to erroneous
identifications of lexical tokens, inability to capture
syntactic text errors or identify certain items such as names
[78]. Basic syntactic rules can though capture key patterns
in the language structure. The syntactic rules depend on the
language of the text and it is better if they are defined by
linguists [46]. The rules may contain some uncertainty as in
the case of a Probabilistic Context Free Grammar (PCFG)
whose rules have probabilities attached to them.

3.1 Text Mining Issues

Some of the natural language issues that should be
considered during the text mining process are listed in
Table 1 and they are discussed in this paper.

Table 1. Issues of text mining

about data  dependency,
anaphoric problems or scope
ambiguity?

Should we tokenize by words

Tokenization .
or phrases and if so, how?

Which terms are important?
Words or phrases? Nouns or
adjectives? Which text model
should we use? What about
word order, context, and
background knowledge?

Text Representation

Should we use categorization?
Which similarity measures
should be applied?

Automated Learning

Issue Details

Should we take into account

Stop list stop words?

Should we reduce the words to

Stemming their stems?
. Should the text be clear of
Noisy data .
noisy data?
Word Sense Should we clarify the meaning
Disambiguation of words in a text?
What about data annotation
Tagging and/or part of speech
characteristics?
Collocations What about compound or

technical terms?

Should we make a syntactic or

Grammar / Syntax grammatical analysis? What
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One concern relates to the generation of a stop list. Having
a stop list which usually contains high frequency words
such as ‘a’, ‘the’ or ‘of” that are to be ignored from a text, is
an idea inherited by IR. In IR, it has been widely used due
to performance improvement. In text mining, though, it is
not as useful since common terms seem to provide
information [62; 81]. Common stop words can even help in
clarifying the semantics of a text segment. For instance, in
the phrase “she was arrested”, the words “she” and “was”
are important. The first one identifies the person that
received the action and the second one, although common
as a stop word, is actually a keyword since the phrase
without it -“she arrested” - has a totally different meaning.

Stemming or in other words lemmatization, on the other
hand, does not seem to be dependent on the domain but on
the language of the text. It reduces a word to its root e.g. it
replaces ‘reading’ or ‘reader’ by ‘read’, so that similarity
detection can be achieved. The task fulfilled by stemming is
in a way analogous to number normalization so that
comparisons are achieved. Even in the case of stemming,
though, it can be argued that applying lemmatization
techniques to a piece of text may affect the semantics.

Correcting spelling mistakes and replacing acronyms and
abbreviations can also be part of the text mining process in
order to eliminate noisy data before the main processing
starts. During this text cleaning, the use of a dictionary or
thesaurus may be useful. The text cleaning, here, differs
from the data cleansing in the databases field in that it is
mainly about misspellings rather than schema
inconsistencies, integrity constraints or invalid data.

The automatic NLP also needs to deal with the ambiguity of
the language. The word sense disambiguation (WSD)
problem, which is about finding out the most probable
meaning of a polysemous word, is one issue. One approach
to solve this is by considering the context in which a
particular word is found. This process may include
obtaining the grammatical category of a word, for instance,
detecting if the word ‘play’ is a noun or a verb in a specific
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phrase. There are two types of disambiguation; the
supervised and the unsupervised. The supervised one is
often carried out with the help of a dictionary or a
thesaurus. In the unsupervised disambiguation, the different
senses of the word are not known. Yarowsky [82] has
presented an unsupervised approach to the WSD problem
with high accuracy results. WSD techniques may be applied
to some reference reconciliation tasks in order to detect
references of the same entity. This, though, assumes that the
particular entities incorporate some kind of semantics.

Tagging concerns the application of part of speech (PoS)
tags, XML or SGML mark-up to corpora. PoS tags capture
certain syntactic categories such as nouns, verbs and
adjectives, and they can be used for the identification of
noun phrases or other parts of speech. In case unknown
words exist in a text, there are ways to find the most
probable tags since the possibility of some tags having
unknown words is not the same for all of them [46]. The
Brown corpus [11] and the Penn Treebank [58] are text
collections that are tagged by grammatical tags.

Another issue is that of the collocations that may exist in a
text. These are phrases, such as “radio therapy”, that make
sense only if considered as a whole. In collocations, the
meaning of the whole is greater than the meaning of the
sum of its parts. In other words, the semantics of a
collocation are not equal to the semantics of its parts, so
studying the properties of the single words does not convey
the meaning of the collocation itself. A syntactic analysis
may lead to collocation discovery in a text.

If a syntactic analysis takes place, the order in which the
words appear in the text is an issue that should be
considered. The parsing of a sentence could start either by
the beginning or by the end of it and sometimes it could
even start by the main verb since this usually directs the
development of a sentence.

Tokenization is an issue that regards the splitting of a text
into units and it may take place during the data analysis. A
text can be tokenized in paragraphs, sentences, phrases of
any length and single words. The delimiters used vary. A
common delimiter is the space or the tab between words.
Punctuation marks can be used as well, such as full stops,
exclamation marks or commas. Particularities of the
delimiters may need to be considered. For example, the full
stop is used in abbreviations so apparently it does not
always mark a sentence ending. Also, considering the space
as a tokenization symbol will keep the compound phrases
apart.

Common stop words such as ‘and’, ‘the’ or ‘a’ can be
considered as delimiters [6] or even specific domain stop
words (e.g. technical terms) dependent on the domain the
text belongs to. The terminology is a sensitive issue whose
extraction has been dealt with in some papers [10; 20].
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Bourigault [10] defines the technical terms as noun phrases
which have a meaning even if they exist outside a text.

Tokenization can be done in paragraphs or sections. This is
often referred to as discourse segmentation. In [43] text
segments are found by calculating the lexical cohesion
between word lists. Changes in the lexical cohesion can be
considered as segment boundaries. Another example is the
TextTiling algorithm [33] which partitions a text into
subtopics. The algorithm splits the text in phrases of certain
length, it checks the term repetition and the lexical
similarity between these phrases, and it defines the thematic
boundaries wherever the similarities change dramatically.
The evaluation of this algorithm shows that human
judgment is reflected in the way the segmentation is done.

4. TEXT REPRESENTATION

Text representation depends on the task in hand and it
allows for easier and more efficient data manipulation.
Some examples of tasks and how they have been modelled
are discussed in this section. The reason why text
representation is dealt with on a separate section is because
there has been a lot of discussion in the current literature
and many models have been proposed.

Similarly to database models, text models intend to capture
the relationships between data. Text models, though,
describe free text and not structured data. The relationships
may be derived by statistical ways and not necessarily
through logical associations. Moreover, the operations of a
text model are usually between vectors and the data do not
comply with a logical schema.

Text representation may serve as an intermediate step
between raw text data and database models. For example,
organizing data found in documents into relational tables
requires some text and semantic analysis that is applied on
text models. Database models are used for data storage and
curation, while text representation models permit the
discovery of similarities among texts, topic identification
and text linkages that may not be obvious.

The most widely used representation is the Vector Space
Model (VSM) [64]. According to this, the text is described
by a vector whose dimension is the number of text features
and its content consists of a function of the frequencies with
which these features appear in the corpus or corpora. This
model is also referred to as the bag-of-words model because
the order and the relations between the words are ignored.

The majority of representations proposed are an extension
of the VSM model. There are some representations that
focus on phrases instead of single words [6; 15; 51], some
that give importance to the semantics of words or the
relations between them [16; 42; 59] and others that take
advantage of the hierarchical structure of the text [4]. These
different approaches are discussed in the following sections.

SIGMOD Record, September 2007 (Vol. 36, No. 3)



4.1 Feature Extraction

A lot of discussion dating back to IR concerns whether
frequent or rare terms are more suitable to represent a text
and whether single words or phrases are better terms.

The frequency with which a term appears in a corpus or
corpora can clarify the significance of this term in a specific
document. A frequency measure can be binary to underline
absence or presence, it can vary from 0 to 1 or it can be
given by a mathematical function. Normalization is usually
needed so that the length of the document and the number
of unique terms is taken into account. For instance, in a
very small text that contains only 10 unique terms, all the
terms are important regardless of their frequency.

An excellent example of a statistical index that gives a
quantitative answer as to whether a term, being frequent in
one document, is really worth being extracted when it is
also frequent in a collection of documents is the well-
known ¢f-idf index. This index promotes terms that appear
many times in a single document but very few times in a
collection of them [67].

Statistical information can be gathered either for distinct
words or phrases. Lewis [45] supports that words provide
better statistical quality. This is because the words which
constitute a phrase may appear multiple times in a
document while the phrase itself may be present only once
and as a result the frequencies can be misleading.

On the other hand, phrases provide more semantic
information than the single words because they give an idea
of the context. A word is characterized by the company it
keeps [24] and since words may have multiple meanings,
we do need to know at least the phrase that contains the
word in question, so as to approach the semantics with
higher certainty. The experiments of Blake and Pratt [6]
demonstrate the benefit of using special phrases and
concepts over words for the representation of medical texts.

The interest in collecting statistical and semantic
information has led to the issue of choosing between
statistical and syntactic phrases [15; 51; 67]. A statistical
phrase is a phrase that appears in a statistical way inside a
text, while a syntactic one is a phrase whose grammar and
syntax rules reveal some semantics. A statistical phrase is
retrieved by statistical methods while a syntactic phrase can
be extracted using linguistic methods.

Salton [63] combines statistical and syntactic phrases for
book indexing. He carries out a syntactic analysis of the
sentences of a document and then he extracts from the
syntactic tree some of the existing noun phrases. He gives
importance to the frequency of terms within a document
and within a collection of documents and he marks the noun
phrases of the document title.
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In Table 2, the advantages and disadvantages of considering
words or phrases as terms are shown.

Table 2. Advantages and disadvantages of words and

phrases
ADVANTAGES DISADVANTAGES
WORDS » good statistics * no context
+ synonyms information

» existence of tools | = problem with
/ algorithms (e.g. collocations
WordNet [79],
WSD algorithms)

PHRASES | « context .
information

« semantic quality
« collocations can

be captured

average statistical
quality

When we have to make a decision between using words or
phrases, the important is not which kind of phrases is better
but whether they have to offer something more than the
single terms [28; 51]. As it can be seen from Table 2,
phrases fill in the gaps that words cannot cover and vice
versa. Phrases inform about the context, while words
provide higher statistical quality. Therefore, it seems that a
combination of both is the best way to capture text features.

4.2 Representation Models

The VSM model can only capture information related to the
frequencies of text features. Alternative models have been
proposed in the existing literature covering special cases
and various tasks.

A structured text having sections, paragraphs and sentences
is better than a totally unstructured set of words [43].
Therefore, considering text properties such as the location
of a word in a text can lead to a better representation. The
words present in the title of a document have usually higher
significance. It can also be considered that the first
paragraph of a document is often an introduction while the
last one is usually a conclusion.

The context of a term is also a useful piece of semantic
information. Rajman and Besancon [59] have represented
the context as a vector that contains the co-occurrence
frequencies between a term and a predefined set of indexing
features. Nenadic and Ananiadou [54] use context patterns
in biomedical documents. These patterns are in the form of
regular expressions and they contain PoS tags and ontology
information.

N-grams can also be used to discover the context of a word.
Caropreso et al. [15] have used n-grams in order to
represent and categorize text. They replace some unigrams
with bigrams and they use functions such as document
frequency and information gain in order to score the n-
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grams extracted from the text. Their results are better when
bigrams are used over unigrams. Similar results have been
shown in [52].

Cimiano et al. [16] model the context of a term as a vector
of syntactic dependencies found in a text corpus. They
extract a concept hierarchy by applying a method based on
the formal concept analysis. A linguistic parser extracts the
syntactic dependencies. Then, they assign weights to these
dependencies and they create a lattice of formal concepts.
The problem is that the size of this lattice increases
according to the number of concepts.

Kehagias et al. [42] have experimented by using sense-
based representations where the features chosen are not
single words but the meanings of them. The results of the
research have not shown improvement in the accuracy of
text classification compared to the accuracy achieved by the
word-based representations.

Carenini et al. [14] propose a hierarchy of extracted
features. They attempt to map texts that describe product
reviews to a UDF (user-defined features) hierarchy. The
advantage of using such a taxonomy, as it is reported in the
paper, is adding background user knowledge to the model
and reducing the redundancy. The disadvantage is that for
every (sub-) domain a UDF hierarchy has to be created.

Similarly to Carenini et al. [14], Bloehdorn et al. [8; 9]
match the syntax of sentences found in a text against a
library that contains regular expressions patterns. The
concepts found are added to the bag-of-words model
creating in this way a “hybrid feature vector”.

Recently, matrix space models (MSM) have been proposed
for text representation [4]. This representation is based on
the idea that a document is a hierarchy of document extracts
e.g. sections, paragraphs and sentences and as a result term-
by-section, term-by-paragraph and term-by-sentence
matrices can be respectively created. In [4] they deal with
term-by-sentence matrices. Their experiments regard query
evaluation for IR and the results are close to the ones
achieved by Latent Semantic Indexing (LSI) with low
computational cost. Accuracy is said to be high for multi-
topic documents. The advantage of this kind of matrix
representation over the VSM and the LSI model is that it
“remembers” the intermediate steps of the construction of
the final matrix.

In Table 3, we present some of the approaches covered by
the existing literature together with the text units they focus
on, the representation types they use and the task they are
dealing with.

Table 3. Text representation approaches

Approach Terms

Representation Type

Objective

Antonellis and
Gallopoulos [4]

Sentences

term-by-sentence matrices

Text mining

Blake and Pratt [6] words, phrases,

association rules Representation of medical

concepts texts
Bloehdorn et al [8; 9] words and concepts combination of bag-of-words and Text clustering and
concept hierarchy classification

Carenini et al [14] concepts Hierarchy Feature extraction
Caropreso et al [15] phrases n-grams Text categorization
Cimiano et al [16] concepts concept hierarchy Automatic acquisition of a

taxonomy

Kehagias et al [42] word senses

sense-based vector

Text categorization

Mladenic and Grobelnik phrases n-grams Text learning
[52]
Rajman and Besancon [59] | words and compounds Vector IR
Salton [63] noun phrases Tree Book indexing
VSM [64] words Vector IR
Varelas et al [77] words Tree Semantic similarity for IR

5. CATEGORIZATION

The data analysis of corpora often involves the
identification of the inherent structure of the document
collection, the labeling of documents and text segments and
the generation of clusters according to a similarity measure.
The task that deals with the organization of an unstructured
collection of documents to a structured repository is called

28

text categorization and it aims at facilitating storage, search
and browsing [68].

Text mining tools and algorithms can benefit from the
organization of documents into categories because it is
simpler to analyze structured texts. This means that
categorization can be an intermediate step of the text
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mining process and it may enable the discovery of links and
patterns not easily noticeable between the documents.

The categorization task can be supervised or unsupervised,
dependent on whether the groups or categories are known
from the beginning or not.

During a supervised classification process, the first step is
to define the documents that will be used. There are three
sets of documents; the training set with annotated
documents, the development set used to test the classifier
before it is completed, and finally, the test set that
comprises the documents which will evaluate the
performance of the classifier. The intersection of these three
sets should be the empty set. Subsequently, the
representation of these documents and categories is
decided. The training of the model begins, the parameters
are tuned and the model is applied to the test documents.
The computational cost of text annotation and the difficulty
in obtaining training data, has led the researchers to
alternatives such as semi-supervised techniques [3; 18; 55]
that use a small set of labeled data.

In the unsupervised case which is called clustering, there
are no labeled documents. A similarity measure is defined
and the documents are compared with each other in order to
be divided into clusters. The objective is to achieve a low
inter-cluster and a high intra-cluster similarity.

The text categorization algorithms can be applied in many
cases. The thematic labeling of a document collection, the
classification of movie text reviews into positive and
negative ones, the distinction of spam e-mails from the rest
and the automatic organization of Web pages are examples
of categorization.

In this section, the word ‘categorization’ is used to refer to
both supervised and unsupervised cases.

5.1 Categorization Tasks

The categorization task may vary according to the intra-
document or inter-document associations that need to be
captured. Thus, the categorization goal should be clear
before deciding which algorithm to apply. The goal can be
the identification of the documents that deal with the same
topic, the semantic orientation of a review, the selection of
the articles written by the same author, the disambiguation
of the meaning of a polysemous word in a text or even the
distinction between interesting and not interesting texts
based on the preferences of a person. In the existing
literature, various categorization cases have been
considered. Here we briefly discuss some of them.

In the case of thematic categorization, the focus is usually
on noun terms that may characterize a topic. Automated
learning has been the machine learning approach to this
categorization type. Several learning algorithms have been
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applied. Yang and Liu [80] have presented a comparison of
some of them, stating that SVM, k-nearest-neighbor and
LLSF perform better than neural networks and naive Bayes.
Dumais et al. [21] show that SVM are better than naive
Bayes and decision trees. Accuracy is reported to be even
better in the experiments of Apte et al. [5] who have used
multiple decision trees produced by the boosting or the
bagging approach. Sebastiani [67] has attempted to draw a
conclusion as to which classifier is the best by taking into
account the experiments of various authors as well as the
differences during these experiments in steps like pre-
processing or parameter tuning. His conclusion is that
boosting-based [66], example-based (e.g. k-NN), based on
regression methods (e.g. LLSF) classifiers and SVM are
regarded as top classifiers. Neural networks and online
linear classifiers (e.g. perceptron, WIDROW-HOFF) follow
the aforementioned top ones and they are considered to be
very good. Recently, the Latent Dirichlet Allocation [7]
model has been proposed in order to point out which topics
are discussed in a document collection.

A sentiment classification task deals with the classification
of a document according to the subjective opinion of the
author [37]. In this case, the focus is on finding the
semantic orientation of a word, namely its positive or
negative attitude. Hatzivassiloglou and McKeown [32]
focus on adjectives and they study phrases where adjectives
are connected with conjunction words such as ‘and’ or
‘but’. They use a log-linear regression model so as to clarify
whether two adjectives have the same orientation and then
they divide the adjectives into two subsets considering the
subset with higher frequency to be the “positive” one.
Turney and Littman [75] highlight the importance of
context, since a positive word may have a negative meaning
in a metaphorical or ironic context. In order to discover the
semantic orientation of words, they use an LSA-based
measure to find out the statistical relation of a specific word
towards a set of positive or negative words.

Kamps et al. [39] use WordNet [79], a lexical database, to
detect the semantic orientation of adjectives and they
calculate the semantic distance as the path length between
two graph nodes which contain words. Pang et al. [57] deal
as well with sentiment classification for movie reviews.
Their experiments show that algorithms such as SVMs,
naive Bayes and Maximum Entropy, that give good results
in thematic categorization, do not perform as well during
sentiment classification. Additionally, they point out that
the presence or absence of a word seems to be more
indicative of the content of a review rather than the
frequency with which a word appears in a text.

Sentiment classification seems to be more difficult than the
topic-based one and it cannot be based on just observing the
presence of single words. In [75] it is mentioned that
sarcasm may be an obstacle for the clarification of the
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semantic orientation of a text. More sophisticated methods
need to be employed so as to differentiate between the
subjective and objective opinion of a reviewer or between
the objective description of a movie and references to other
people’s comments. An initial step in recognizing
subjective and objective statements is presented in [37]
where they focus on identifying comparative sentences.

5.2 Measuring Similarity

Another part of a categorization task is the selection of a
similarity measure in order to identify the mutual
characteristics of various documents. Dissimilarity
measures, which focus on how dissimilar two concepts are,
may also exist. Any dissimilarity function can be
transformed into a similarity one but the opposite does not
always stand [76]. The similarity measures proposed in the
existing literature can be divided into two categories; the
statistical and the semantic ones.

From the statistical point of view, measuring the term
frequency and the co-occurrence frequency has been widely
used. According to Resnik [60], the co-occurrence
frequency is a proof of relatedness. Hoskinson [36] uses a
combination of document co-occurrence and term
frequency measures in order to classify concepts which are
defined as the most frequent terms. Among the most
popular statistical measures are the cosine coefficient, the
Euclidean distance and the chi-square which are used by
text classifiers in order to compare two vectors.

The semantic-based similarity measures the distance
between the meanings of two terms. WordNet [79] is often
used in order to find out word senses or semantic relations
between wording features. It is an electronic database of the
English language that consists of words organized into
subsets according to their meaning. These subsets are
synonym sets called synsets, and they are linked by
relations such as inheritance or part-whole relationships.
For languages other than English, there are some projects
found in the Global WordNet Association web site [29]
such as EuroWordNet [22].

Varelas et al. [77] have used the WordNet XML Web-
Service to create XML tree structures for terms that exist in
documents or queries, with the intention of measuring the
semantic similarity between them. They calculate the
information content of each term and then they measure the
similarity between two terms with the help of WordNet.

Measuring the similarity between two nodes in WordNet or
a similar hierarchy can be done in many ways. The edge-
counting method measures the path length from one node to
another. To avoid problems that appear by not taking into
account the density of the hierarchy, an information content
measure has been used [61; 69] in some cases, showing
improvement in the results. The information content
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measures the amount of information that can be given by a
concept or a term. The more abstract a concept is in a
hierarchy, the higher it is and the less information it
contains. As a result its information content has a low value.
Additionally, the more information is shared between two
words or two concepts, the more similar they are.
Budanitsky and Hirst [12] have compared some similarity
WordNet-based measures concluding again that using the
information content is better than just counting the path
length. According to Resnik [61], even in the case of an
information content measure, word senses have to be
considered since two words from the slang vocabulary can
be wrongly considered similar.

Similarity measures have also been explored between
phrases or blocks of phrases. Hearst [33] identifies lexical
cohesion relations between pseudo-sentences of certain
length by using a cosine measure and taking into account
the frequency of terms in each block of sentences. Metzler
et al. [49] have explored sentence-to-sentence similarity in
an attempt to discover the original source of a document.
They define five similarity levels; “unrelated”, “on the
general topic”, “on the specific topic”, “same facts” and
“copied” and they apply similarity measures such as word
overlap, frequency measures and probabilistic ones. In their
initial experiments the word-overlap seems to outperform.

The aforementioned similarity measure types, as well as the
units to which they can apply are summarized in Figure 2.

For the purpose of evaluating the similarity measures
proposed, most researchers compare their similarity scores
with the human judgement scores. The closer the scores are
to the human results, the better the measure is. Varelas et al.
[77], as well as, Seco et al [69] use the human scores
gathered by the experiment of Miller and Charles [50].

Similarity Measures

Type

Statistical

Semantic

— Unit

Words

Phrases

Vectors

Hierarchies

Figure 2. Similarity measures

Resnik [61] replicates the experiment of Miller and Charles
using the same nouns they had used. Budanitsky and Hirst
[12] agree that comparing against human answers is the best
way but they point out that the human judgements consist of
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a small set of answers that reflect the tendency of the users
to give the most dominant sense to a word.

6. ONTOLOGIES AND TEXT MINING
Ontologies have been proposed for handling semantic
heterogeneity when extracting information from various
text sources such as the Internet [1]. Their importance lies
in the fact that they represent a schema for a particular
domain, clarifying in this way technical terms that appear in
a text or specifying the relationship between certain domain
concepts. During a text mining process, ontologies can be
used to provide expert, background knowledge about a
domain. In [71] the use of ontologies for text mining tasks
is discussed.

An ontology consists of concepts, concept-relations, axioms
and instances. The selection of concepts depends on the
task and the domain information that needs to be captured.
As a result, before defining the concepts, it is important to
know to which questions a response will be wanted once the
ontology is built.

Ontologies differ from database or XML schemas. They
mainly represent a domain and the technical terms that
surround it and they can be used at any time a semantic
analysis is needed. There are neither data types involved
nor integrity constraints. The semantics are defined based
on the specific domain concepts and they are not dependent
on a particular application as in databases. Contrary to
XML, the semantics in ontologies are not user-defined but
they follow the rules imposed by the relevant domain.

The existence of generic ontologies is limited. Their
purpose is to be reusable but they are not so useful [30].
SUMO (Suggested Upper Merged Ontology) [72] is one
such upper ontology. It is a foundation ontology that
consists of abstract and general concepts independent of
any domain. Based on its structure, domain-specific
ontologies can be built. Niles and Pease [56] have
attempted to map SUMO concepts to WordNet synsets.

Sebastiani [68] claims that until now ontologies do not
seem to benefit the text categorization, although at the same
time there has not been an exhaustive research on this
matter. Looking at this issue, from a different point of view,
it seems that text mining can offer more to the generation
and update of ontologies rather than the ontologies to text
mining.

Statistical or Machine Learning techniques have been
dealing with the problem of extracting ontologies from text
[13]. The biggest challenge, however, that becomes eminent
both while processing the document and the elicited
ontology is the true semantics of the content and the result.
In many cases, authors rely on simple relationships among
the members of extracted ontologies and the overall results
need still rely on advance natural language techniques and
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human judgment [25; 26]. The aforementioned work has
been realized in the Ontogen tool, which enables the
construction of an ontology based on machine learning and
text mining techniques.

Apart from ontologies, conditional random fields (CRFs)
have been proposed for providing background knowledge
to a system [44], segmenting and labeling sequential data
[47]. A CRF specifies the probabilities of possible label
sequences given an observation sequence, and it can be
used when patterns may not always stand [44]. The
probabilities may depend on current, past and future
observations. In [19], CRFs are presented as graphical
models which enable the extraction of patterns of
association from a text. They are used in two ways; initially
they are applied so that family relationships are extracted
from biographical texts to form a graph and then this graph
is fed into the CRF again in order to re-extract associations.
In this case, the graph plays the role of an ontology that has
been generated by the data itself.

Semi-CRFs extend CRFs by using multi-word instead of
single-word segments. In [47], semi-CRFs are used in order
to extract entities from unstructured data and integrate them
into a relational database while taking into account the key
constraints.

7. CONCLUSION

The continuous expansion of textual data has led to the
need for text mining techniques and methodologies in order
to better study and exploit the content-oriented relations
between text documents. Text mining is an open research
area where the issues discussed in this paper are still not
finalized. For the purpose of approaching these issues, it is
better to clarify the mining objective before the data
analysis starts, since each task has different requirements.

Taking into account the language a text is written in is
important since the language highlights the morphological
or syntactic analysis needed. Moreover, the domain of a
text collection underlines what technical terms may be
present in the text or which words are redundant. Certain
decisions and approaches may not be suitable for every type
of text [38] due to the fact that term distribution varies
between abstracts, articles, and collections of articles.

NLP interacts with text mining. Measurable results, though,
are needed so as to find out which NLP techniques can be
applied to what text mining applications [40; 41]. In
general, we should think carefully before reducing the
feature list, removing stop words or applying lemmatization
techniques to the texts. Noisy data may also prevent some
techniques from working efficiently, so they should be
corrected before the processing starts.

The ambiguity is a characteristic of free text. As a result,
word sense disambiguation will need to take place during
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the processing of certain phrases or words that are
considered important for the text semantics. Identifying
collocations can also help in disambiguating the meaning of
some phrases.

The representation of a text is a crucial issue. Most of the
researchers agree that an extension of the bag-of-words
model is essential but there is still no agreement as to which
kind of text properties and features should be taken into
account. The attributes of the representation model depend
on what kind of information we want to capture.
Background knowledge, word context, and word or phrase
location can be some desired properties. The text features
selected can be identified with the help of tokenization and
dimension reduction techniques. It is important, though, to
consider where features will be looked for since certain
document sections, such as the “References”, should better
be avoided [83]. Using a combination of words and phrases
is recommended. Concepts can be part of the representation
as well, but more research is required on this matter.

Classifying a text collection into categories may enable the
text processing. The similarity measures chosen for the
categorization depend on which type of semantic or statistic
distance between documents needs to be captured. The
measures can apply to words, phrases, vectors or
hierarchies. A combination of both syntactic and semantic
measures may be considered.

New, previously unknown knowledge can also be identified
by studying the semantic relations between the information
stored in databases and the existing literature. This is an
open issue that can be explored with the help of text mining
and database methodologies.
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