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I. Introduction

Nowadays through the sudden growth of the Internet and on-line available documents, the task of
organizing textual data becomes one of the principal problems. A major approach is text categorization
(TC), the task of which is to automatically assign documents into their respective categories. TC is used
to classify news stories, to filter out spam and to find interesting information on the web. Until the late
’80s the most popular methods based on knowledge engineering, i.e. domain experts created rules
by hand. In these days the best TC systems use supervised machine learning approach: the classifier
learns rules from examples, and evaluates them on a set of test documents.

The task of supervised machine learning (ML) is to learn and generalize an input-output mapping.
In case of text categorization the input are the documents, the output are their respective categories (la-
bels). To evaluate a classifier, one needs a set of training examples and another set of testing examples.
An ML algorithm creates a classifier from the training set, which is applied then to the testing set, and
gives the predicted labels. Performance measures are based on the comparison of the predicted and the
real labels. However, in practice we do not know the labels of the testing documents that is why we
apply ML.

The most popular machine learning framework for TC are Support Vector Machines (SVMs), the
aim of which are to find a linear decision surface that separates positive and negative examples: it
tries to minimize a fixed linear combination of the reciprocal of margin and the training error. The
margin is the smallest distance of the examples and the decision surface. Training error is generated by
examples which are not beyond the corresponding margin. There is a non-linear extension of SVMs
that exploit one interesting porperty of SVM: it does not uses examples as they are, but in the inner-
product with other examples. The non-linear extension replaces the inner product with a more general
kernel-funtion. However, in case of TC, the non-linear approach is only a wee bit better compared to
the linear approach [1].

II. Indexing techniques

The most commonly used indexing technique for TC is the so-called tf-idf term-weighting scheme
[2]. Roughly speaking, terms are words, but a term is a more general concept, it may mean phrases, etc.
In tf-idf term-weighting scheme documents are represented as vectors, each dimension corresponds to
a term. Document vectors (columns) form together the term-document matrix:

TD(t, d) = TF (t, d) · IDF (t), IDF (t) = log
N

DF (t)
, DF (t) =

∑

d: TF (t,d)�=0

1, N =
∑

d

1 (1)

where TF (t, d) is the number of occurences of the tth term in the dth document, DF means
document-frequency, IDF means inverse document-frequency.

III. Considerations

There are lots of methods for TC. Which one is the best, it depends on the nature of the task. These
tasks are very diverse. Methods can be sophisticated or theoretically established, but the only way to
say that one is better than another is evaluating each one in a concrete task.
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TC systems may have a lot of free parameters, which influence the performance. Our task is not to
say that the ultimate choice for parameter X is Y, because it is different for each task, but to identify
important parameters, and give some idea how to set them.

Other days other ways – other days other language. When evaluating a TC system, train and test
examples must be separated. It is always the case that people randomly select examples for training
and testing. We suggest to split with a document-creation-time threshold, because it is more practical:
in practice often it is the case that newly created documents’ category must be determined based on
formerly created ones.

In the following we propose two indexing methods for a concrete task. First, we would like to see,
what if we change the importance of words based on their position in the document. Second, we want
to reduce the high dimensionality caused by the lots of terms.

IV. Two proposed indexing methods and preliminary results

To evaluate text classifiers labeled documents are required: We used the music.hu portal’s articles,
classified by their genres: 1482 training examples, 585 testing examples, and 8 categories. The used
performance measures are micro F1 (MiF1) and macro F1 (MaF1) [3].

Splitting train and test examples randomly leads to MiF1=0.7511, MaF1=0.6136. Splitting by cre-
ation time leads to MiF1=0.6733, MaF1=0.4977. Furtheron, this later split will be used.

First, we examined, what if we index the title and the body of a document separately. This was
achieved by prefixing a ”b ” or ”t ” to words, indicating whether they are in the title or in the body.
To achieve the best results, TF was multiplied by 5 in case of title-words, to give higher importance to
these words, and in DF -based term selection (i.e. keeping only a fraction of words, based on their DF
values) 4 was used instead of 1 in the summation in eq. 1, to keep a considerable amount of title-words.
With these modifications MiF1=0.7096, MaF1=0.5895 was achieved.

Second, we examined a more complex idea: Train and test documents have different words, es-
pecially when splitting by creation time. This leads to performance degradation. To overcome this
problem, we suggest the following: create small bundles of test examples, each containing 20 docu-
ments. For one bundle, train the classifier by keeping only those words that exist in the bundle. Throw
out train examples with very few (≤ 6) words. With this modification MiF1=0.7139, MaF1=0.5974
was achieved.

V. Conclusion, further work

In this paper we proposed two indexing methods for TC. Approx. 4% improvement can be achieved
in MiF1, and 10% in MaF1, which is quite notable and encourages further investigations, e.g.:

• examine how other parts of texts should be given less or more importance;
• examine how to combine these diverse methods into a sophisticated system or in a mixture of

experts framework;
• create better bundles in the 2nd method, e.g. by clustering test examples by the label assigned

with a usual classifier.
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