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ABSTRACT
This paper presents a cluster-based text categorization

system which uses class distributional clustering of words.
We propose a new clustering model which considers the
global information over all the clusters. The model can
group words into clusters based on the distribution of class
labels associated with each word. Using these learned clus-
ters as features, we develop a cluster-based classifier. We
present several experimental results to show that our pro-
posed method performs better than the other three text
classifiers. The proposed model has better results than the
model which only considers the information of the two re-
lated clusters. Specially, it can maintain good performance
when the number of features is small and the size of training
corpus is small.

Categories and Subject Descriptors
I.5.3 [PATTERN RECOGNITION]: Clustering—Sim-

ilarity measures; I.5.4 [PATTERN RECOGNITION]:
Application—Text processing ; I.5.m [PATTERN RECOG-
NITION]: Miscellaneous

General Terms
Algorithms, Management, Experimentation

Keywords
Text Categorization, Word Clustering, Clustering Algo-

rithm

1. INTRODUCTION
The goal of text categorization is to classify documents

into a certain number of predefined categories. A vari-
ety of techniques for supervised learning algorithms have
demonstrated reasonable performance for text categoriza-
tion[5][11][12]. A common and overwhelming characteristic
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of text data is its extremely high dimensionality. Typically
the document vectors are formed using bag-of-words model.
It is well known, however, that such count matrices tend to
be highly sparse and noisy, especially when the training data
is relatively small. So when the text categorization systems
are applied, there are two problems to be counted:

• High-dimensional feature space: Documents are usu-
ally represented in a high-dimensional sparse feature
space, which is far from optimal for classification algo-
rithms.

• Short of training documents: Many applications can’t
provide so many training documents.

A standard procedure to reduce feature dimensionality is
feature selection, such as Document Frequency, χ2 statis-
tic, Information Gain, Term Strength, and Mutual Informa-
tion[13]. But feature selection is better at removing detri-
mental, noisy features. The second procedure is cluster-
based text categorization[1][2][3][10]. Word clustering meth-
ods can reduce feature spaces by joining similar words into
clusters. First they grouped words into the clusters accord-
ing to their distributions. Then they used these clusters as
features for text categorization.

In this paper, we cluster the words according to their
class distributions. Based on class distributions of words,
Baker[1] proposes a clustering model. In clustering process-
ing, we will select two most similar clusters by comparing
the similarities directly. But Baker’s model only considers
two related clusters, when computing the similarity between
the clusters without taking into account the information of
other clusters. In order to provide better performance, we
should take into account the information of all the clus-
ters when computing the similarities between the clusters.
This paper proposes a clustering model which considers the
global information over all the clusters. The model can be
understood as the balance of all the clusters according to
the number of words in them.

Using these learned clusters as features, we develop a
cluster-based Classifier. We present experimental results
on a Chinese text corpus. We compare our text classifier
with the other three classifiers. The results show that the
proposed clustering model provides better performance than
Baker’s model. The results also show that it can perform
better than the feature selection based classifiers. It can
maintain high performance when the number of features is
small and the size of training corpus is small.



In the rest of this paper: Section 2 reviews previous works.
Section 3 proposes a global Clustering Model (globalCM).
Section 4 describes a globalCM-based text categorization
system. Section 5 shows the experimental results. Finally,
we draw our conclusions at section 6.

2. RELATED WORK
Distributional Clustering has been used to address the

problem of sparse data in building statistical language mod-
els for natural language processing[7][10]. There are many
works[1][2] related with using distributional clustering for
text categorization.

Baker and McCallum[1] proposed an approach for text
categorization based on word-clusters. First, find word-
clusters that preserve the information about the categories
as much as possible. Then use these learned clusters to rep-
resent the documents in a new feature space. Final, use a
supervised classification algorithm to predict the categories
of new documents. Specifically, it was shown there that
word-clustering can be used to significantly reduce the fea-
ture dimensionality with only a small change in classification
performance.

3. GLOBAL CLUSTERING MODEL BASED
ON CLASS DISTRIBUTIONS OF WORDS

In this section, we simply introduce the class distribution
of words[1]. Then we propose the Global Clustering Model,
here we name it as globalCM. In our clustering model, we
define a similarity measure between the clusters, and add
the candidate word into the most similar cluster that no
longer distinguishes among the words different.

3.1 Class Distribution of Words
Firstly, we define the distribution P (C|wt) as the random

variable over classes C, and its distribution given a particular
word wt. When we have two words wt and ws, they will be
put into the same cluster f . The distribution of the cluster
f is defined

P (C|f) = P (C|wt ∨ ws)

=
P (wt)

P (wt) + P (ws)
× P (C|wt)

+
P (ws)

P (wt) + P (ws)
× P (C|ws) (1)

Now we consider the case that a word wt and a cluster
f will be put into a new cluster fnew. The distribution of
fnew is defined

P (C|fnew) = P (C|wt ∨ f)

=
P (wt)

P (wt) + P (f)
× P (C|wt)

+
P (f)

P (wt) + P (f)
× P (C|f) (2)

3.2 Similarity Measures
Secondly, we turn to the question of how to measure the

difference between two probability distributions. Kullback-
Leibler divergence is used to do this. The KL divergence be-
tween the class distributions induced by wt and ws is written

D(P (C|wt)||P (C|ws)), and is defined

−
|C|∑
j=1

P (cj |wt) log
P (cj |wt)

P (cj |ws)
(3)

But KL divergence has some odd properties: It is not
symmetric, and it is infinite when p(ws) is zero. In order to
resolve these problems, Baker[1] proposes a measure named
”KL divergence to the mean” to measure the similarity of
two distributions(Here we name it as Smean). It is defined

P (wt)

P (wt) + P (ws)
×D(P (C|wt)||P (C|ws ∨ wt))

+
P (ws)

P (wt) + P (ws)
×D(P (C|ws)||P (C|ws ∨ wt)) (4)

Smean uses a weighted average and resolves the problems
of KL divergence. But it only considers the two related
clusters without thinking about other clusters. Our exper-
imental results show that the numbers of words in learned
clusters, which are generated by Baker’s clustering model,
are very different. Several clusters include so many words
while most clusters include only one or two words.

We study the reasons of these results. When Equation 4
is applied in the clustering algorithm, it can’t work well if
the numbers of words in the clusters are very different at
iterations.

For example, we have a cluster f which include only a
word(In Baker’s clustering model, a new candidate word
will be put into an empty cluster). We will compute the
similarities between f and the other two clusters(fi and fj)
using Equation 4. Let fi has many words(ie. 1000 words)
and fj has one or two words. We define:

Si =
P (f)

P (f) + P (fi)
×D(P (C|f)||P (C|f ∨ fi))

+
P (fi)

P (f) + P (fi)
×D(P (C|fi)||P (C|f ∨ fi))

= (1− αi)×Di1 + αi ×Di2 (5)

Sj =
P (f)

P (f) + P (fj)
×D(P (C|f)||P (C|f ∨ fj))

+
P (fj)

P (f) + P (fj)
×D(P (C|fj)||P (C|f ∨ fj))

= (1− αj)×Dj1 + αj ×Dj2 (6)

According to Equation 2, if a word is added to a cluster,
the word will affect tiny to the cluster which includes many
words and affect remarkable to the cluster which includes
few words. So the distribution of f ∨ fi is very similar to fi

because fi has many words and f has only one word. And
then Di2 is near zero. αi is near 1 and (1− αi) is near zero
because the number of fi is very large than f . We know:

Si ≈ Di2 ≈ 0 (7)

So when we compute the similarities between f and the
other clusters using Equation 4, f will be more similar to
the cluster which includes more words.

The problems of Smean indicate that we should consider
the information of all the clusters when computing the simi-
larity between the two clusters. If we only take into account



Input:
W - the vocabulary includes the candidate words
M - desired number of clusters

Output:
F - the learned clusters

Clustering:

1. Sort the vocabulary by χ2 statistic with the class variable.

2. Initialize the M clusters as singletons with the top M words.

3. Loop until all words have been put into one of the M clusters.

(a) Compute the similarities between the M clusters(Equation 8).

(b) Merge the two clusters which are most similar, resulting in M-1 clusters.

(c) Get the next word from the sorted list.

(d) Create an new cluster consisting of the new word.

Table 1: The globalCM Algorithm

the two related clusters, the system will can’t work well. In
order to resolve the problems, we propose a new similarity
measure that considers the global information over the clus-
ters. The similarity between a cluster fi and a cluster fj is
defined

Sglobal =
N(fi) + N(fj)

2
∑|M|

k=1 N(fk)
× Smean (8)

Where N(fk) denotes the number of words in the cluster fk,
M is the list of clusters. Equation 8 can be understood as
the balance of all the clusters according to the numbers of
words in them. In our experimental results show that it can
work well even if the numbers of words in the clusters are
very different.

3.3 Global Clustering Model(globalCM)
Now we introduce a clustering model which use Equation

8. The model is similar to Baker’s clustering model[1]. In
this paper, we name Baker’s model as BakerCM, and our
model as globalCM.

In the algorithm, we set M is the final number of clusters.
First, we sort the vocabulary by χ2 statistic with the class
variable. Then the clusters are initialized with the Top M
words from the sorted list. Then we will group the rest words
into the clusters. We compute the similarities between all
the clusters(Equation 8) and then merge the two clusters
which are most similar. Now we have M-1 clusters. An
empty cluster is created and the next word is added. So the
number of clusters is back to M. Table 1 shows the clustering
algorithm.

4. THE GLOBALCM-BASED TEXT CATE-
GORIZATION SYSTEM

This section introduces our globalCM-based Chinese text
categorization System. The system includes Preprocessing,
Extracting the candidate words, Word Clustering, Cluster-
based Text Classifier. Word Clustering has been described
at Section 3.

4.1 Preprocessing
First, the html tags and special characters in the collected

documents are removed. Then we should use a word segmen-
tation tool to segment the documents because there are no
word boundaries in Chinese documents.

4.2 Extracting the Candidate Words
We extract candidate words from the documents: First we

use a stoplist to eliminate no-informative words, and then
we remove the words whose frequencies are less than Fmin.
Final, we generate the class distributions of words which is
described at Section 3.

4.3 The Cluster-based Classifier
Using the learned clusters as features, we develop a cluster-

based text classifier. The document vectors are formed using
bag-of-clusters model. If the words are included in the same
cluster, they will be presented as the single cluster symbol.
After representation, we develop a classifier based on these
features.

In this paper, we use näıve Bayes for classifying docu-
ments. We only describe näıve Bayes briefly since full de-
tails have been presented in the paper [9]. The basic idea
in näıve Bayes approach is to use the joint probabilities of
features and categories to estimate the probabilities of cat-
egories when a document is given. Given a document d for
classification, we compute the probabilities of each category
c as follows:

P (cj |di; θ̂) =
P (cj |θ̂)P (di|cj ; θ̂j)

P (di|θ̂)
≈ P (di|cj ; θ̂) (9)

P (di|cj ; θ̂) = P (|di|)|di|!
|F |∏
t=1

P (ft|cj ; θ)
Nit

Nit!
(10)

Where P (cj) is the class prior probabilities, |di| is length
of document di, Nit is the frequency of the feature ft (Notes
that the features are the cluster symbols in this paper.) in
document di, F is the vocabulary and |F | is the size of F,
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Figure 1: globalCM Vs BakerCM

ft is the tth feature in the vocabulary, and P (ft|cj) thus
represents the probability that a randomly drawn feature
from a randomly drawn document in category cj will be the
feature ft. The probability is estimated by the following
formulae:

P (ft|cj ; θ) =
1 +

∑|D|
i=1 NitP (cj |di)

|F |+ ∑|F |
s=1

∑|D|
i=1 NisP (cj |di))

(11)

5. EVALUATION
In this section, we provide empirical evidence to prove

that the globalCM-based text categorization system is a
high-accuracy system.

5.1 Performance measures
In this paper, a document is assigned to only one category.

We use the conventional recall, precision and F1 to mea-
sure the performance of the system. For evaluating perfor-
mance average across categories, we use the micro-averaging
method. F1 measures is defined by the following formula[6]:

F1 =
2rp

r + p
(12)

Where r represents recall and p represents precision. It bal-
ances recall and precision in a way that gives them equal
weight.

5.2 Experimental Setting
The NEU TC data set contains Chinese web pages col-

lected from web sites. The pages are divided into 37 cate-
gories according to ”China Library Categorization”[4]1. It

1China Library Categorization includes 38 categories. We
use 37 categories of all, except category Z(综合性图
书/Comprehensive Books)

consists of 14,459 documents. We do not use tag informa-
tion of pages. We use the toolkit CipSegSDK[14] for word
segmentation. We removed all words that have less than
two occurrences(Fmin = 2). The resulting vocabulary has
75480 words.

In experiments, we use 5-fold cross validation where we
randomly and uniformly split each category into 5 folds and
we take four folds for training and one fold for testing. In
the cross-validated experiments we report on the average
performance.

5.3 Experimental Results
We compare our globalCM-based classifier with the other

three clustering and feature selection algorithms: BakerCM-
based classifier, χ2 statistic based classifier, and document
frequency based classifier. These two feature selection meth-
ods are the best of feature selection methods according to
Yang’s experiments[13].

5.3.1 Experiment 1: globalCM VS BakerCM.
In this experiment, we provide empirical evidence to prove

that the globalCM based text classifier provides better per-
formance than that based on BakerCM. Figure 1 shows the
experimental results.

From Figure 1 we can find that globalCM provides better
performance than BakerCM in most different features size
cases. With 100 features, globalCM provides 10.6% higher
than BakerCM. Only when the number of features is less
than 7, BakerCM can provide the similar performance to
globalCM.

5.3.2 Experiment 2: globalCM-based classifier VS
Feature-Selection-based classifiers.

In this experiment, we use three different size of training
corpus: 10%, 50%, 100% of the total training corpus(Here we
name them as T10, T50 and T100). And we select two fea-
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Figure 2: globalCM-based classifier vs Feature-Selection-based classifiers

ture selection methods: document frequency and χ2 statistic
for text categorization.

Figure 2 shows the effect of varying the amount of fea-
tures with 3 different amounts of training dataset, where
globalCM denotes our clustering model, fs x2 denotes χ2

statistic feature selection method and fs df denotes docu-
ment frequency feature selection method. For 3 different
quantities of documents for training, we keep the number of
features constant, and vary the number of documents in the
horizontal axis.

Naturally, the more documents for training are used, the
better the performance is. The best result of globalCM with
T100 training corpus is 75.57%, 1.73% higher than the best
result with T50 and 11.42% higher than the best result with
T10. The best result of fs x2 with T100 training corpus
is 74.37%, higher than the result of the other two training
corpus.

Then, we study the results of the T100 training corpus.
Notice that with only 100 features globalCM achieves 70.01%,
only 5.6% lower than with 5000 features. In comparison,
fs x2 provides only 56.15% and fs df provides only 52.12%.
When with 1000 features, fs x2 can yields the similar result
as globalCM with 100 features. Even with only 50 features,
globalCM provides 67.10%. The best of globalCM is 1.20%
higher than the best of fs x2 and 1.37% higher than fs df.
The performance indicates that globalCM is providing more
accuracy. And it can maintain near 70% with only 100 or less
features while feature selection based classifiers have fallen
into the 50s.

When we study the results of the other two training cor-
pus, we can find that globalCM can maintain good perfor-
mance with small training corpus. With T10 training corpus
and 50 features, globalCM achieves 60.33%. It is near 20%
higher than fs x2 and fs df. To our surprise, it is similar
to the results of the feature selection based classifier using

T100 training corpus and 200 features.
Then we study the reasons why our cluster-based text

classifier performs better than the feature selection based
classifier. In feature selection method, the system discards
some words that are infrequent. But in our clustering al-
gorithm merges them into the clusters instead of discards
them. So it can preserves information during merging.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we present a cluster-based text categoriza-

tion system which uses globalCM. While considering the
global information over all the clusters, globalCM can group
the words into the clusters more effectively. So it can yield
better performance than the model which doesn’t think about
global information.

We conduct the experiments on a Chinese text corpus.
The experimental results indicate that our globalCM-based
text categorization system can provide better performance
than feature selection based systems. And it can maintain
high performance when the size of training corpus is small
and the number of features is small.

Future work includes collecting the phrases as candidate
features for learning algorithm because words forming phrases
are a more precise description of content than words as a se-
quence of keywords[8]. For example, ’horse’ and ’race’ may
be related, but ’horse race’ and ’race horse’ carry more cir-
cumscribed meaning than the words in isolation. We also
plan to look at techniques for learning words from unlabeled
documents to overcome the need for labeled documents.
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