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Abstract
In this paper, we present experimental
results on document clustering and
classification achieved on the Arabic
NEWSWIRE corpus using statistical
methods. Arabic is a highly inflecting
language. The methods presented here
show to be very robust and reliable
without morphological analysis.

1

Introduction

Text classification is a fundamental task in
document processing, especially because the
information flood is getting enormous. Various
classification approaches are tested on languages
like English, German, French and other
European languages.
For many European languages, there are many
rule-based and statistical approaches that can be
used for all fields of information retrieval and
knowledge management. For Arabic, there are
only a few approaches, which are able to handle
problems with the inflections that do not appear
in other languages in that fashion.
In the system introduced here, we study the use
of statistical methods for text analysis for
Arabic, namely document clustering and text
classification.
For any statistical document processing task the
morphology of Arabic is a crucial problem.
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Morphological analyzer are therefore essential
when using classification or clustering on word
level.
The problem we have to deal with when using
full-form words is the sparse data problem. This
problem can be reduced by morphological
analysis. A possible approach is the use of full
morphological analysis based on linguistic
knowledge and a complex set of rules, e.g. the
system described in [Beesley 96].
Here, we use an alternative approach to cope
with the morphological processing. The use of
character n-grams, i.e. use of sub-word units, is
a simplified statistical approach towards a
morphological analyzer.
Practical experience shows that the use of pure
statistical methods makes a system much more
flexible, a working prototype can be built in a
very short period of time and the improvement
and maintenance of the system is easier.

2

Mathematical Approach

The main topic in this paper will be the
classification of documents or topic detection.
On the one hand we will present a method of
classification, on the other hand we will show a
method of fully-automatically defining topic
clusters so that we can use unlabeled data as
input for a text classification system.

2.1

Text Classification

Text classification, as presented here, is based
on the maximum entropy technique. Maximum
entropy modeling shows to be a promising
approach for a large variety of tasks, e.g.
language modeling [Rosenfeld 94, Martin et al.
97, Peters & Klakow 99], part-of-speech tagging
[Ratnaparkhi 96], context free parsing
[Ratnaparkhi 98], and text classification [Nigam
et al. 99].
Maximum entropy is a general technique for
modeling probability distributions. Deriving the
right information from the training data makes
the obtained probability distribution converge
towards the “optimal”, theoretical distribution
by using constraining features. Features are
functions of an example with a real-value. The
generalized iterative scaling algorithm (GIS)
estimates an optimal parameter set for the
required distribution.
In general, the classification problem can be
described as follows. We use two types of units,
namely full-form words and character trigrams.
For a given document with N units
w1 ...wN w1N we search for a class c that
maximizes the posterior probability p( c | w1N ) .
When using maximum entropy modeling, this
probability is estimated by:
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where / ^Oi ` describes the parameter vector,
f i ( w1N , c) is a feature function with a realvalue, and Z ( w1N ) is a normalizing constant,
called the partition function, which is defined as
follows:
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The features we use for our classification are
~ in a document
relative frequencies of units w
N
w1 :

if

c
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~, w N ) is the count of the unit w
~ in the
n( w
1
N
document w1 , N is the count of the units in
document.
It has to be pointed out that the assignment of a
document to a class does not need to be unique,
due to the fact that in practice a document may
belong to more than one topic. Therefore, we
use a N-best list that contains the best N classes
for the tested document. The system then
determines how much classes have to be
selected by the following criterion:
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Both parameters A and B depend on the task and
restrict the result set to the most probable classes
for a specific document.
In the present system, we only use continuous
sequences of units (words or character n-grams,
where two adjacent n-grams have characters in
common, if n t 2 ) as units w j . Preliminary
experiments show that, especially for the
classification task, long-range and parsing
features should also be considered so that longrange dependencies and embedded structures
can help the classification decision, as in
language modeling [Martin et al. 99, Sawaf et al.
00].

2.2

Document Clustering

For document clustering we use a criterion
based on the mutual information criterion as
described in [Melamed 97] and other
publications. The criterion is defined as follows:
MI ( w1N , c ) :

N
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Here, n( wi , c ) is the count of a unit wi in the
class c , n( wn ) and n (c ) the count of a unit wi
and of a class c in the whole corpus,
respectively. n denotes the overall count of all
units in the corpus.
To extract the most important phrase for a class,
we can use the following criterion:
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The algorithm for clustering documents in a
predefined number of classes is similar to the
algorithm introduced in [Kneser & Ney 91],
where words are assigned to word classes. The
algorithm starts with a random assignment of
documents to the classes, and every time an
improvement is gained, a document is shifted
from one class to another. The algorithm
terminates when no further improvement is
gained by shifting any of the documents.
With this algorithm, a optimal solution is not
necessarily found. But in practice experiments
show that the quality of classes of more complex
algorithms like hill-climbing or simulatedannealing is not significantly better and thus is
not worth the effort.

3

Document clustering is difficult to evaluate.
Therefore, we gave the results to three native
speakers to evaluate the experiments. The
evaluators gave each cluster one of three
possible scores. The three evaluation scores
were as follow :
good cluster (score: 3): the documents in this
cluster have a joint topic, the extracted
keywords are of major relevance to the topic;
moderate quality cluster (score: 2): in this
cluster the documents are of mixed topics, but
the extracted keywords define a relevant topic;
poor cluster (score: 1): the documents in this
cluster have no common topic and the extracted
keywords do not form a topic.
The scores for each cluster are summed up and
divided by the total number of clusters in the test
set.

Experimental Results

This section provides some preliminary
experiments on maximum entropy text
classification and mutual information document
clustering on an Arabic corpus.

3.1

3.1.2 Text Clustering

Evaluation criteria

For text classification and clustering, we use
standard evaluation criteria if possible, to give a
possibility for comparing the methods and tasks
with other works.
3.1.1 Text Classification
The evaluation of the experiments for text
classification is done by using the following
quality measures on document level :
# correct classes found
;
# classes found

Precision : P

Recall : R

# correct classes found
.
# correct classes

Both quality measures in combination define the
so called F-measure :
F

2PR
.
PR

3.2

Corpus

The corpus on which we perform our
experiments is the Arabic NEWSWIRE corpus
of LDC. This is a news corpus in dialect-free
Arabic. The domains in the articles cover
politics, economy, culture and sports. We
focused our experiments on the volume of the
year 1994 without using any preprocessing of
the text. The corpus is in SGML format with
Unicode UTF-8 encoding.
The NEWSWIRE corpus is voweled only in
ambiguous cases. For our experiments, we
ignored the diacritics and similar markings.
In Table 1 some corpus statistics on Arabic
NEWSWIRE are represented. For comparison
reasons, the Reuters-21578 corpus is shown in
the same table. As can be seen, the
corpus/vocabulary size ratio differs very much.
In our context, a word means full-form word.
The Reuters corpus is similar to the Arabic
NEWSWIRE corpus in terms of number of
documents and running words. the difference in
vocabulary size is evident, though.
To measure the difficulty of the corpus for a
statistical method for language processing, the
bigram and trigram perplexity is also given. The

perplexities are measured on both word level
and on character level.
As expected, perplexities for both corpora,
namely
Reuters-21578
and
Arabic
NEWSWIRE, is very high, both on word as on
character level. The bigram perplexity of Arabic
NEWSWIRE is about seven times higher than
Reuters-21578 corpus, trigram perplexity of
NEWSWIRE is even about forty times higher
than Reuters. On character level, the perplexities
for Arabic are lower by a factor of about thirty
compared to the word level. The underlying
language models use interpolation with absolute
discounting as smoothing method [Sawaf et al.
00].
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For the classification task, we use 80% of the
corpus for training the statistical models and
about 20% for testing, where the selection is
done randomly. For the clustering task, we use
the full corpus.
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3.3.1 Clustering Experiments
%.

Table 2 illustrates the preliminary results for the
document clustering task. Experiments were
performed for several number of clusters.
Some of the results are shown in Table 3. For
the definition of the cluster, the extraction of the
most relevant phrases is essential, here we
present the most relevant words.
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As we carried out clustering experiments for
both word and character level, both versions of
the experiments are presented. In Table 3 the
keyphrases we show are the results of the
clustering method on word level.
The experiments show the quality of the
clustering system. It is interesting to see that
clustering on character trigram level perform
only as good as on word level, for ten clusters
even slightly worse. The extracted keyphrases in
Table 3 show that a human transcriber would
use a similar assignment.
In general, the less clusters the system have, the
more errors occur in the form that a cluster can
have more than one topic. In the example in
Table 3, in CL2 two different topics are joined,
namely politics in Afghanistan and in Northern
Yemen. Intuitively this can be explained as
follows: in 1994 in both these areas, there was a
civil war.
3.3.2 Classification Experiments
Table 4 shows text classification accuracy
results in terms of average precision, recall and
f-measure. For the test, a human transcriber
defined 34 classes where a document can also be
assigned to more than one class. The system was
trained and tested on these predefined classes
(A-34). Additionally, two different human
transcribers defined a less complex class model
consisting of ten distinct classes. Experiments
are also illustrated in Table 4 (B-10 and C-10).
For the experiments we used a cut-off of one,
i.e. for the parameter estimation, events are
relevant if they have been observed at least once
in the training corpus.
The table is divided in such a way that the
different class models from the different
annotators can be distinguished by the entry in
the first column. The second column shows the
number of iterations of the GIS algorithm.
The difference of the two models in quality is
justified in that way that annotator C uses a
more “consistent” class model, i.e. a class model
that a machine can learn better when using pure
linguistic information that can be derived from
the text of the document.
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Conclusion

We showed that statistical methods for
document clustering and text classification are
very promising approaches for Arabic, even
without any morphological analysis.
We carried out experiments on a large Arabic
corpus, namely Arabic NEWSWIRE, and used
no preprocessing steps. The experiments on
document clustering proved to work very well.
In most cases the resulting clusters are classes
that a human annotator would also define.
For the classification we showed experiments
with maximum entropy text classification. Here,
we show that even with no morphological
analysis, we gain satisfying results.

5

Future Work

There are several extensions of the proposed
method that should be investigated. For the
classification task, the use of features based on
n-gram characters would be an approach to a

simple analysis the Arabic morphology, that is
embedded in the classification process. Also
gap-n-grams should be investigated, so that a
more abstract level of morphological analysis
can be reached.
Also another clustering criterion than the mutual
criterion should be investigated: a weakness of
the introduced approach is that it only analyses
the frequency of a word or sub-word. The
context of this unit is not analyzed explicitly. An
alternative approach where the context
information can be easily handled is the
Likelihood criterion.
Another improvement of the system should be
possible by introducing a so-called garbage
class. This garbage class is supposed to accept
all these documents that cannot be reliably
assigned to the regular classes.
For text classification, the feature set used
should be enriched by long-range and linguistic
features. Also the speed of the training
algorithm can be improved by using the
improved iterative scaling algorithm (IIS).
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