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1 Introduction

Text categorization dates back to the 1960’s but not until thetiag of 1990’'s did it became a
major subfield of information systems discipline, thaud the availability of powerful hardware.
Since then, this subfield has gone through several stagesobfements and even different
branches of it such as spam filter have become hot research tapiediierature. Nowadays, text
categorization is everywhere. Almost every industry which liega certain degree of digital
documentation process can be benefited from it.

This article is intended to give a brief introductiontbé problem of text categorization and
machine learning techniques that is related to it. Teeokthe article is organized as follows.
Section 2 gives a description of the problem, stating dieinsi, challenges and different types of
text categorization tasks. Section 3 presents how didftaiments are represented in order to go
through classification process and various preprocessingdeelsrto enhance the performance of
the system. Section 4 is about model building. The apjgiatof several algorithms to text
categorization are presented. Section 5 describes theagwalmethods of the models. Section 6
and section 7 presents topics from the literature.

2 The Problem

Text categorization (TC) is to assign a pre-defined cayeigonatural language texts based on its
content. TC used to be done by human experts to develop hiroflasaification rules. This is
very time consuming and as the amount of documents incréasespmes infeasible. Automatic
classification is proposed consequently. This is mainly donesimg machine learning approaches
which are to solve supervised learning tasks. To dbleeproblem of TC, there are some unique
challenges. First, no matter what representation methaskid, due to the vast amount of natural
language words, a TC problem must have a great amoueatnfrés. Second, due to the amount
of features and flexibility of representation of documgpteprocessing is very important to TC.
The quality of preprocessing can have a big impact on ttierpmnce of building classifiers and
the final generalization ability of the model. Third, becaliSehas a very wide application range,
incorporating domain specified knowledge into different stagesleing the problem can play an
important role. Different techniques that deal with these problwill be discussed later.

Different tasks may enforce different constraints ©. These are some common types of TC
tasks.Single-label vs. Multi-label TC: in single label cases, exactly one category will be asgdigne
to one document. In multi-label cases, one document may harésthan one category. Generally
speaking, single-label techniques can be extended to multidases.

Binary class vs. multi-class: Binary class case belongs to single label case. Muksqgtaoblem
can be dealt with in two ways. One is to use mulsslalassifiers such as decision trees or do
binary classification on a document on every category using a titzsy classifier.

Sngle layer classification vs. hierarchical structure categorization: In some applications such as
web-page categorization, documents need to be assignedcatsgbry under an upper level
category. This can be accomplished by building a generaglfardmain categories first and then
different models for sub-categories.



3 text representation and Preprocessing

Texts cannot’ be interpreted by a classifier or a iflasduilding algorithm directly. The
transforming process is usually called document indexingné@stioned above, there are many
ways to index a single document. However, different choices of indexétiypds (representation)
can have great impact on the building time and the gériatahbility of the model. Usually a
document is represented by a vector of terms. In thie dasterm’ means ‘word’, the
representation is to regard each different word agparate feature and whether a document
process a word decided the value of the correspondingrdeat that document. This value may
be binary to indicate the appearance of the word in thengect or an integer telling how many
times the word appeared. This is often called ‘bag of words’septation approach.

Of course ‘term’ can mean something else more sophisticatedihgle words, for example
‘phrase’. However, in a number of experimed{s it is revealed that these methods do not yield
significantly better resultd.ewis [2] argued that the reason for this is while ‘phrasexing has
superior semantic quality, it loses statistical infoioragbout the texts which word indexing contains.
Apart from these two methods, there exist even more sophistiegiexsentations that decompose
sentences intbierarchical structure so to obtain maximum information inolgievord, phrase,
clause and even type of sentences. There is also simplified ‘lagds’ which disregard the
position information of each word so only statistical inforaatiemains. These representations
serve for different purposes or are to fit particulauaggions or algorithms.' A careful choice of
representation is crucial for TC problems.

Besides representation, preprocessing is also very impdPi@processing techniques can reduce
the high dimensionality of the documents while keepinghdeessary information to do
classifications. Common preprocessing approaches includiriglibes.

Wbrd stemming: the task of stemming is to reduce words to their stem, base or mmotHor
example the words ‘thinker’, ‘thinking’, ‘thought’, ‘thinks’ can all be steed to ‘think’.

Stemming sometimes need not to match the word to its exacttbadated base that has the
same meaning will also be sufficient. Stemming can be donsibg tules to match words to

their bases.

Lemmatization: lemmatization can actually be categorized as one of a word stgrapproaches.
The difference between word stemming and lemmatizatitheitatter determines the part of the
sentence in which the word exist before applying rules. Differars of a sentence have different
rules and the lemma might not be valid, but the semantics of tltefaronation is taken into
account.

Sop words removal: this technique is to remove words that occur frequently but csritle
information about what category the document should be assigned to, fglexahe’, ‘this’,

‘of’ and ‘a’. Different stop word list is proposed and one can renwerds that are above a
certain frequency.

Feature selection: in order to further reduce dimensionality, feature selectioftés applied to

text vectors. Feature selection is to select features that eagrgatest indication of which
category the document should belong to and discard the other featumescl8ssifier algorithms
cannot deal with great number of features, reducing feature numberkesgieng accuracy is also
good for the training time of algorithms that can deal with madsrie classifications.




4 Building the model

Once the documents are ready, models can be built from them. Till now, auanger of

classifiers have been applied to TC. Namely, they are ded¢isies rule learners, nearest

neighbor algorithms, neural networks, SVM, Bayesian classifinrschio methodRIPPER and
sleeping-experts. As for most classifiers, the indexed andgmesgsed documents can be applied
directly.

Among all the classifiers which have been experimentéd W, SVM is most recently claimed
to be of the highest accuracy [7]. There are some propertiewtty SVM is suitable for TC
problems.Higher dimensionality input: dimensions of document representation can be uplia
10000. SVM is an algorithm that does not depend on number ofdeagarhas the potential to
handle large feature spac&®sw irrelevant features. in most high dimension feature space cases,
one can omit most features as they are irrelevartggtoblem. But in TC this is not the case:
Usually a large number of features have considerableaitidn of where the document should
end up.Document vectors are sparse: SVM has a bias that is suitable for dense concepts aind
sparse instanceMost documents are linearly separable; evidence indicated that most documents
are linearly separable [7]. Support Vector Machinestarind these linear separations. Due t0
these reasons, SVM may be suitable for a large numbet pfdblems. Experimental results that
showed SVM is more accurate than conventional classifiergesered in [7].

However, SVM are not always the best. For example, when hedeypretation of the
classification model is needed, symbolic classifier sgctiegision trees are favored as while they
can achieve good accuracy, they can also provide goodretign. The RIPPER and sleeping
expert classifier are also different from the rest. Wiibnventional classifiers usually disregard
the context of the words, they take that into account. Hewvpresence or absence of a wafd
contributes to the classification of that document dependse context of the word. The concept
of context can be ambiguous and involves different critedut. despite of this, these two
algorithms present extremely good performance in many rbBlgms [4]. They are also good
candidates in certain tasks.

5 Evaluation of the models

Evaluation of a categorization model employs measures fndonmation retrieval in which
originally TC is tackled with. Important measures arecizsion, recall and break-even point.
Precision is the probability that a document which isgifeed as category C truly belongs to C.
Recall is the probability that a document belongs to Cassdied as C. Both measures are
defined for binary classification problems. Between higtall and high precision there exists a
trade-off. All classifiers can incorporate a thresholding clemfce value to balance this trade-off.
In order to evaluate multi-class problems, macro-averagingroposed which averages the
accuracy of different category queries in the documeniTée precision/recall break-even point
is defined as the threshold value for which precisemall is equal. The evaluation often involves
a confusion matrix which is similar to that of ROC analysis.

6 Feature Selection

Due to the importance of dimensionality reduction, lots @pprcessing methods has been
proposed, among which feature selection plays the most impadée. There exists many
criterion of feature selection. A typical feature selectiothoe computes a value for each feature.



Reduction can be made by selecting certain number of ésatulich have the highest values. 4
common feature selection methods are presented below.

Document Frequency(DF): document frequency is the number of documents in whichna te
occurs. Each unigque term's DF is computed and terms whegeency is less than some
predefined threshold are removed. The assumption is #inatterms are less predictive and
informative. Improvements is also possible if rare teamesnoise. DF is the simplest method but
there are arguments that low-DF terms should be more infomativ

Information Gain(IG): IG is the most popular feature reduction method. Basedanbropy
computation, it measures the bits information obtained if i isr presence or absence in a
document. If the task has m categories, ldenotehe ith category, the information gain of term t
is defined as [3]:

G(t) =X"-Pr (ci) log:Pr (c:)

+ Pr(t) T"aPr(ci|t) logPr(ci|t)

+ Pr(not t) ¥"-Pr(ci|not t) logPr(ci|not t)
This definition is specially designed for TC as it otdkes presence and absence as value of t.
Removal of terms is according to a threshold which will be coedpaith IG values of each term.
Mutual Information(MI): Mutual information is common in statistical languagedeling of word
associations. M| between term t and category c is defined as:

I(t, ) = log (Pr(t /A c)/Pr(t) *Pr(c))
Let A be the number of times t and ¢ occur together, Bibetimber of times t occurs without c,
C be the number of times ¢ occurs without t, and N be the nuohitetal documents. I(t, c) can
be approximated by:

Iit,c)=log (A*N/((A+C)*(A+B)))
All categories’ scores of a term can be combined as:
Iavg(t) = Zmi=1Pf(G) * |(t, Ci)
MI favors rare terms as contradiction to DF.
> statistic(CHI): CHI compares the lack of independence between t and &,BeE have the
same meaning as in Ml and D be the number of times t aaifhenoccurs. CHI square between
term t and category c is defined as:
w2 (t, €) = N*(AD - CBY/ ((A + C)*(B + D)*(C + D)*(A + B))
Similarly, the combined score of a term is:
Xzavg(t) = zmizlpr(Q) *XZ (t, Ci)
The difference between MI and CHI is Ml is normalized. Beint CHI will not be reliable for low
frequency terms.
In [3] evaluations of the above 4 along with Term Strengtacien methods are presented.
Reductions at all levels up to 98% removal are experimemitddkNN and LLSF classifiers. 1G
and CHI is found to be most effective in aggressive reglicDF thresholding is comparable in
performance with the above two in reductions up to 90%. Mifexior maybe due to its bias
favoring rare terms. It is also found that DF, IG and CHI scores of @ &am is highly correlated.
Among them, DF is computationally cheapest:

7 What isthe best classifier for TC?
One may ask, in the many classifiers that have been applied tohich, i'the best? A lot of
works has been done to compare classifiers. In [4], authors argu&IRRER and the sleeping



expert out-perform all other classifiers. In [5] mentioned that kNLSF and NNets (a neural
network) are the best. In [6] and [7], SVM was claimed to be the mastedecHowever, when
looking at all these data, keep in mind that the data source thay esluate may not agree.

Even a common collection is used. There are still many waystalirde inconsistency. For
example, Reuter’s news stories are the most common text calldttas at least 5 different
versions depending on which subset of categories to use antidtrnainhing/test sets are divided.
It has been known that the most serious problem in TC evaluatios lisck of standard data
collection. In [1], a summation of all published performance of [B€sifiers and systems is made.
However we still cannot come to a final conclusion of which EGsifier is the best. At last keep
in mind that the conservation of generalization rule tells ug feeno single best classifier. Au/
Different tasks need different consideration.

8 Conclusions

Automated text categorization has become a very impodapéect of information retrievai
discipline. It is now heavily depending on machine learnpgr@aches which automatically and
inductively build classifier models. At the same time, TG Heecome a very challenging
application to machine learning researchers. The piiepenf the tasks fit into a very typical
machine learning problem. Thanks to the digitalizatiodasfumentations. It provides vast amount
of resources for both studying and practicing the algorithms.

In a typical text categorization task, there are 4 teelhsiages. First is to choose a representation
of texts. Second is to do preprocessing on the data. When the deddy, existing algorithms can
be applied to build models. The last stage is to ewalidhé models. Due to the high
dimensionality of TC problems, the first and second stagesf particular importance. Various
methods are proposed to reduce the number of features \@hidénl the accuracy high. Among
them feature selection plays the most important role.

Finally, there is still no confirmed best classifier T&C tasks, One has to evaluate the problem in
a specific domain and test classifiers that meet the needs.
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