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ABSTRACT: This research proposes an alternative representation of documents and a new neural network using the proposed
representation as its input and weight vectors, for more reliable text clustering. Almost traditional neural networks dictate
representation of raw data into numerical vectors for their application to real tasks including text clustering. The traditional
representation may lead to difficulties depend on the type of raw data. For example, in text clustering, encoding textual data
given as raw data into numerical vectors leads to two main problems: huge dimensionality and sparse distribution. This re-
search addresses the two problems at same time by proposing the alternative representation and a new neural network, called
NTSO. The experiments in this research show that the proposed neural network is more practical than k-means algorithm,
Kohonen Networks, and single pass algorithm, with respect to clustering performance and clustering speed.
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1. Introduction

Text clustering refers to a process of segmenting a collection of documents into sub-collections containing content based
similar documents. Text clustering is an instance of pattern clustering, and unsupervised machine learning algorithms are
traditionally used as approaches. Documents targeted for text clustering indicate electronic documents in a format of ASCII
text, HTML, XML, or email, and have no their labels. In the practical world, initially, neither documents are labeled, nor are
their categories predefined. Text categorization does not consider the reality; it is assumed that categories are clearly pre-
defined, and sample labeled documents are given sufficiently in spite of this reality. To address this problem, text clustering
and text categorization should be integrated with each other.

Atypical and simple approach to text clustering is single pass algorithm. Single pass algorithm is suitable for imple-
menting a real time text clustering system, since it clusters documents very fast; its complexity is almost linear
to number of documents. The reason is that single pass algorithm does not optimize prototypes of clusters. In the
initial step, the first cluster is created, and the first document is contained in the cluster. The document becomes the
prototype of the first cluster. Note that similarity threshold is given as the parameter of this clustering algorithm,
instead of the number of clusters. For each successive document, its similarity with the initial document* of each
cluster is computed as one between the document and the cluster. We find the maximum similarity of the successive
document and compare it with the similarity threshold. If the maximum similarity is greater than or equal to the
similarity threshold, the document is included in the corresponding cluster?. Otherwise, one more cluster is created
and the successive document is included in the cluster as its prototype. Since single pass algorithm does not optimize
the prototypes of clusters, its cluster speed is high, but its cluster performance is not as high as Kohonen Networks
and k-means algorithm.

In another version, we can compute the similarity of a document with a cluster by averaging similarities with all contained documents [Vinokourov and
Girolami 2000]. The reason of considering the only initial document as the prototype is to cluster document as fast as possible.

2The description of single pass algorithm is targeted for hard clustering. If it is soft clustering, the document is included in clusters whose similarity is
greater than or equal to the similarity measure.
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Another typical approach to text clustering is Kohonen Networks. In the previous text clustering system, called WEBSOM,
the approach is adopted not only for text clustering, but also for word clustering [9]. In the next section, we will present
previous cases of applying the approach to text clustering. Its architecture consists of two layers: competitive layer and input
layer. Each node in the competitive layer corresponds to each cluster, and a winning node is selected through a competition
of nodes. Synaptic weights between the two layers are connected and indicate prototype vectors of clusters. The learning of
Kohonen Networks means the iterative optimization of the weights. Since this approach optimizes prototypes of clusters, its
cluster performance is much better than single pass algorithm, but its clustering speed is not high.

K means algorithm is also a typical approach to not only text clustering but also any other pattern clustering. It is the sim-
plest version of EM algorithm consisting of E-step and M-step [12]. Before explaining k means algorithm, we will describe
briefly EM algorithm. In the EM algorithm, it is assumed that each cluster follows an identical distribution with its different
parameters. Generally, the distribution is assumed to be a normal distribution characterized by mean vector and covariance
matrix as its parameters. In the initial step of EM algorithm, parameters of clusters are initialized at random. Based on these
parameters, probabilities that each object belongs to clusters are estimated in E-step. Based on these probabilities, the pa-
rameters are updated toward their maximum likelihood in M-step. EM algorithm clusters objects by repeating E-step and
M-step alternatively until the parameters characterizing clusters converge.

In the k means algorithm, objects are selected as many as clusters at random. The selected objects become the initial pro-
totypes of clusters. The random selection corresponds to the initial step of EM algorithm. The others are arranged into one
of clusters based on their similarities with the prototypes. The arrangement corresponds to the E-step; probabilities that
each object belongs to the clusters are given as a one and zeros. For each cluster, its mean vector is computed by averaging
its contained vectors. In the k means algorithm, it is assumed that clusters follow normal distributions with different mean
vectors and an identical covariance matrix. The identical covariance matrix is excluded in computing parameters, since it is
independent of the probabilities. In the k means algorithm, the step of computing mean vectors of clusters corresponds to
the M-step. Moving back to the E-step, the given objects are rearranged to clusters based on the mean vectors. There exist
other clustering algorithms based on the EM algorithm than the k means algorithm. We will mention the previous research
on the EM algorithm in the next section.

Although the three clustering algorithms are typical approaches to text clustering, note that documents should be represented
into numerical vectors for using them as the approaches. The representation of documents for text clustering leads to the two
main problems: huge dimensionality and sparse distribution. The former leads to high cost for processing each document for
text clustering. The latter degrades clustering performance because discrimination among numerical vectors is lost. Therefore,
we can not avoid the two problems if we use continually one of the three approaches for text clustering.

This paper proposes a new strategy of encoding documents for text clustering. This strategy is to represent documents into
string vectors, instead of numerical vectors. A string vector is a finite ordered set of words; it is a feature vector whose elements
are words, instead of numerical values. The proposed strategy is intended to address the two main problems in representing
documents into numerical vectors.

This paper proposes also a new unsupervised neural network which uses string vectors as its input and weight vectors, as well
as the strategy of encoding documents. The proposed neural network is called NTSO (Neural Text Self Organizer) in this
article, and it follows Kohonen Networks in the context of the architecture and the learning rule. The architecture of NTSO
consists of the competitive layer and the input layer, like Kohonen Networks. NTSO learns training examples by updating a
weight vector corresponding to a winning node, iteratively. However, NTSO is different from Kohonen Networks with respect
to detail computations involved in its learning, since the input vectors and the weights vectors are given as string vectors.

There are two traditional clustering algorithms with two extreme positions. In one position, there is Kohonen Networks which
has good clustering performance but poor clustering speed. In the other position, there is single pass algorithm which is on
contrary. NTSO is comparable with that of Kohonen Networks with respect to its clustering performance and scalability with
its smaller input size and iteration number, as presented in section 6. NTSO is also comparable with single pass algorithm
with respect to its clustering speed. Therefore, NTSO obtain advantages of the two clustering algorithms which locate in the
two extreme positions.

This paper consists of seven sections including this section. Section 2 will present previous cases of applying single pass
algorithm, Kohonen Networks, and EM algorithm to text clustering, to support the statement that the three algorithms are
popular approaches to text clustering. Section 3 will describe the two strategies of encoding documents for text clustering.
Section 4 will describe the proposed neural network, NTSO, in detail with respect to its architecture and learning process.
Section 5 describes the proposed measure called clustering index, for evaluating text clustering systems. This measure will
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be adopted for this evaluation in section 6, instead of F1 measure. Section 6 will present and discuss results of comparing
the proposed neural network with the three traditional ones using two test beds. Section 7, as the conclusion, will mention
the significance of this research, point out the demerit of the proposed neural network, and present solutions to the demerit.

2. Previous Works

This section explores previous cases of applying the traditional approaches described briefly in section 1. The traditional ap-
proaches will be compared with NTSO in text clustering, with respect to their clustering performance and speed in section 6.
K means algorithm among EM algorithms is selected for the comparison with the proposed approach.

In 2000, Hatzivassiloglou et al defined two types of clustering algorithms: hierarchical and non-hierarchical clustering algo-
rithms [8]. Hierarchical clustering algorithms are defined as algorithms whose parameter is similarity threshold and single
pass algorithm corresponds to this class, whereas non-hierarchical clustering algorithms are defined as algorithms whose
parameter is the number of clusters and Kohonen Networks, k-means algorithm, and NTSO correspond to this type [8]. They
used additionally linguistic features for representing documents into numerical vectors for text clustering, and compared
hierarchical clustering algorithms with each other. They shown empirically that single pass algorithm is the best approach
with respect to its clustering speed and performance.

Kohonen Networks were created initially in 1982 by Kohonen as a self organizing algorithm of objects which are enabled
to be represented into numerical vectors [10]. It was already described briefly in section 1. In 1998, Kaski et al implemented
a text clustering system, called WEBSOM, where Kohonen Networks was adopted for clustering words and documents [9].
In the system, words and documents were clustered and a cluster of words was used as a label of a cluster of documents. In
WEBSOM, each document was represented into a 315 dimensional numerical vector. Euclidean distance was used as the
similarity measure between two numerical vectors in WEBSOM.

In 2000, Kohonen et al modified the WEBSOM which had been implemented in 1998 to improve its scalability; the modified
version clusters a massive document collection with its much higher speed [11]. With respect to the process of clustering docu-
ments, both versions of WEBSOM are identical to each other. In the modified version, a hash table where identifiers of documents
are given as keys is built, and it stores a winning node to each document. Instead of computing Euclidean distance between input
vector and weight vector, the modified version retrieves the winning node from the hash table. Therefore, it clustered 6,840,567
patent abstracts with only 10% of time taken in the previous version, maintaining the clustering performance [11].

In 2002, Bote et al also adopted Kohonen Networks for implementing a text clustering system [3]. Note that their proposed
text clustering system is different from WEBSOM, although Kohonen Networks was used for implementing both systems. In
their proposed system each cluster was identified with a code consisting of numbers and uppercase alphabet letters, while in
WEBSOM each cluster was identified with a group of words. The goal of the system is not to cluster unlabeled documents,
but to map labeled documents topologically into a 20 by 20 matrix.

In 1977, Dempster et al proposed the EM algorithm, initially, as an iterative algorithm for estimating maximum likelihood of
incomplete data [6]. Afterward, various versions of EM algorithm has been used as a clustering algorithm for generic objects
[1] [4] and as an approach to text clustering. In 2000, Vinokourov and Girolami proposed five probabilistic models of hier-
archical text clustering as specific versions of the EM algorithm [14]. EM algorithm was already described briefly in section
1. In 2003, Banerjee and his colleagues proposed two variants of the EM algorithm for soft clustering, where each object is
allowed to belong to more than one cluster, and applied them to text clustering and gene expression clustering [2].

We explored the previous cases of applying the traditional approaches to text clustering. What is important in the previous
research is that documents should be represented into numerical vectors for using one of the traditional approaches. We
already mentioned the two main problems in the traditional strategy of encoding documents for text clustering. In spite of
that, previous research has thought the two problems as unavoidable ones for clustering documents. Therefore, this research
addresses the two problems by proposing an alternative strategy of encoding documents and a new unsupervised neural
network coupled with the strategy.

3. Document representation

This section described two strategies of encoding documents for text clustering with two subsections. One is the traditional
strategy, where documents are encoded into numerical vectors. The other is the proposed one, where documents are encoded
into string vectors. In the first subsection, we describe in detail the traditional strategy, and mention its disadvantages. In the
second subsection, we describe the proposed one, and mention its advantages.
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3.1 Numerical Vectors

The traditional strategy of encoding documents for text clustering is to represent them into numerical vectors. Since unsu-
pervised traditional neural networks, such as Kohonen Networks and ART (Adaptive Resonance Theory) receive numerical
vectors as their input data, each document is required to be encoded into a numerical vector for using one of them for text
clustering. This subsection describes the process of encoding documents into numerical vectors and attributes and their val-
ues of numerical vectors. In this subsection, we describe in detail the process of encoding documents into numerical vectors
whose attributes are words.

For first, words are extracted as feature candidates from a particular corpus, and some of them are selected as attributes of
numerical vectors. Figure 1 illustrates the process of extracting feature candidates from the corpus. All texts in the corpus are
concatenated into a long string. In the first step, tokenization, the long string is segmented into tokens by a white space or a
punctuation mark. In the second step, each token is stemmed into its root form; verbs in their past form are stemmed into their
root form and nouns in their plural form are stemmed into their singular form. Here, words which perform only grammatical
functions and are irrelevant to contents are called stop words, and conjunctions, articles, and prepositions correspond to stop
words. In the third step, stop words are removed for processing documents for text clustering more efficiently. Through the
three steps illustrated in figure 1, a list of words and their frequencies is generated as a group of feature candidates.

Document or Documents

( Tokenization )

.

Stemming and
Exception Handling

.

( Remove Stop Words )

:

Feature
Candidates

Figure 1. The process of encoding a document into a bag of words®

Since the number of feature candidates is usually huge, all of them are not feasible to use for features. Some of them are re-
quired to be selected as features of numerical vectors. For example, in the WEBSOM, more than 10,000 words are extracted
as feature candidates [9]. The process of selecting some of words as features is called feature selection, and its scheme is
called feature selection method. In this research, although there are many state of the art feature selection methods, frequency
of feature candidates is used as criteria for selecting features, since it is simple and popular®. Although only some of feature
candidates are used as features, many candidates should be selected for robust text clustering?®.

The selected words are given as attributes of numerical vectors representing documents. Elements of each numerical vector are
numerical information about words given as features in the given document. The first way is to assign a binary value to each
attribute of numerical vectors. The binary value indicates whether the corresponding word is present or absent in the document;
one indicates its presence while zero indicates its absence. The second way is to define the frequency of the corresponding word
in the given document as an element. In this way, elements become integers which are greater than or equal to zero. The third way
is to define a weight of its corresponding word in the document as an element. The weight is computed using equation (1),

weight; (w, ) = tf;(w, ) (log,D —log,d f (w, ) +1)(1) (1)

where tf(w,) is the frequency of the word, w,, D is the total number of documents in the corpus, and df (w, ) is the number
of documents including the word, w, in the given corpus. In the third way, elements of numerical vectors are given as

SFigure 1 was originally presented in [15].

4Stop words have their high frequency in general. But they were already excluded before generating feature candidates as illustrated in figure 1; stop words
do not exist among feature candidates.

Generally, several ten thousands feature candidates are generated from a corpus. \We use only several hundreds candidates as features. However, the number of selected
features is still large. For example, in the WEBSOM, 315 words are selected as features; each document is represented into 315 dimensional numerical vectors.
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continuous real numbers. Elements defined in the first way and the second way are independent of the corpus, while ele-
ments defined in the third way are dependent on the corpus, since the variables dependent on the corpus, D and df (w, ), are
involved in computing elements.

Note that numerical vectors encoding documents have two main problems: huge dimensionality and sparse distribution, as
mentioned in section 1. The influence of the problems on text clustering systems was already described in section 1. In the
next subsection, we will describe an alternative strategy of encoding documents to solve the problems.

3.2 String Vectors

The alternative strategy of encoding documents for text clustering is to represent them into string vectors. In this subsection,
we describe in detail the process of encoding documents into string vectors and advantages of the strategy. However, note
that this strategy is applicable only to the proposed neural network, NTSO.

A string vector is defined as an ordered finite set of words. If we replace numerical values with words in numerical vectors,
the vectors become string vectors. Note that a string vector is different from a bag of words, although both of them are similar
as each other. A bag of words is an unordered infinite set of words; the number of words is variable and positions of words
are meaningless. A position of each word in a string vector is significant since it corresponds to a feature.

Features of string vectors are defined as conditions of words in a given document, and their values are words which satisfy the
corresponding properties. The conditions of words given as features of string vectors are classified into three types: linguistic
features, statistical features, and positional features. Linguistic features indicate conditions based on grammatical functions of
words. For example, the conditions such as first noun, first verb, and last noun in a particular sentence, paragraph, or an entire
document, belong to linguistic features. Statistical features indicate conditions based on frequency, document frequency, and
weight of words. The conditions such as the highest frequent word, the word with its highest weight, and the word with its lowest
document frequency, belong to statistical features. Positional features indicate conditions based on positions of words in an entire
document; the conditions, such as a random word in the first sentence and a random word in the last sentence, belong to positional
features. We can define hybrid features of sting vectors by combining some of the three types. For example, the conditions, such
as the noun in the first sentence, the highest frequent noun, and the highest frequent verb, belong to hybrid features.

Although features of string vectors could be defined variously as mentioned above, in this work, we define features of string
vectors based on only frequency, in order to implement easily and simply a module of encoding documents into string vectors. A
d dimensional string vector consists of d words sorted in the descending order of their frequencies; the first feature is ‘the highest
frequent word’, the second feature is ‘the second highest frequent word’, and the last feature is ‘the d th highest frequent word’.
Figure 2 illustrates the process of converting each document into its corresponding string vector, using these features. In the first
step, a document is indexed into a list of words and their frequency. The detail process of indexing a document or documents is
illustrated in figure 1, and was already described in the previous subsection. In the second step, the d highest frequent words are
selected from the words. In the last step, the selected words are sorted in the descending order of their frequency. Therefore, the
process illustrated in figure 2 generates an ordered list of words, by their frequencies which become a string vector.

Document

i

Indexing

Selecting

Y

Sorting

:

String Vector

Figure 2. The process of mapping a bag of words into a string vector
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In order to perform the operations on string vectors involved in training NTSO, we need to build a similarity matrix from
a particular corpus. A similarity matrix is a word by word matrix and its elements indicate semantic similarities between
words. Cristiani et al already proposed a word by word matrix indicating a similarity matrix by multiplying word-by-
document matrix by a document-by-word matrix [5]. With two reasons, we propose another similarity matrix, instead
of using Cristiani et al’s one. First reason is that Cristiani et al’s one defines semantic similarities as unlimited integers
while the proposed one defines them as normalized continuous real values between zero and one. The second reason is
that in Cristinani et al’s similarity matrix, its diagonal elements are integers, while in the proposed similarity matrix, its
diagonal elements are identically 1.0s.

A similarity matrix is denoted by

S, S, . S,
S= S,, S, S,y ,
Sy, Sy, - S,
and its elements are computed by equation (2),
d Dng)r(Win)r(W,-))
. €D, D
R YN O FI X N @
dpeDb; dqeD;

where its element S, indicates a semantic similarity between two words, w; and w;, and the function of a word, ¢ (w:),
indicates numerical information of the word, w; in the document, d,: a frequency, a weight computed by equation (1),
or a binary value indicating its presence, and so on. Whatever numerical information we define as the function, ¢p(Wi
), equation (2) means that the higher collocation of two words in their identical documents, the higher their semantic
similarity.

The proposed similarity matrix has two inherent properties. The first property is that its diagonal elements are 1.0s. This
means that it is assumed that two identical words have the highest semantic similarity, absolutely. The second property is
that the similarity matrix is a symmetry matrix. This means that a semantic similarity between two words is identical with
regardless of their order.

The two properties are expressed mathematically as follows, and proved based on equation (2).
Property 1. 5; =1.0 (1 <i<N)

Since two words at position, i are a word and itself, the column and the row are identical to each other and the similarity as
computed with equation (32) is 1.0. Therefore the similarity matrix’s its diagonal elements are 1.0.

<Proof>

220, (w )+, (w; )

OO S e S 60)
> @0, W) 2 6,W)

_ d.eD, _ _dreb =1.0
2d§E;D(¢p(V\4)) 236 ()

Property 2. S;=S; (1<i,j<N)

Since the operation of computing the similarity of two words, w; and w; using equation (32) is commutative, the similarity
matrix is symmetric.
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<Proof>

Z ((I)r (WI) + (I)r (Wj ))

s;j = sim(w;, w;) = 2$p(¢w)+ 2 b (w;)
2 (w;) +, (w))
= rz:dl)q(\]Nj)"‘ Z(I)p(Wi) :Slm(Wj’Wi)ZSji

Two documents denoted by two documents, d;, and d;, are encoded into two n dimensional string vectors [Wips Wi+ W]
and [wj» Wip--» W] , respectively by the process illustrated in figure 2. A semantic similarity between two string vectors is
computed by equation (3),

sim(d,.d.) ~ sim(d?, d¢) :%Zsim(wik,wjk) @)
k=1

From equation (3), we know that elements of the two string vectors correspond to each other 1: 1 link. The value of sim(wi,: wj)
is given as an element crossing the row corresponding to the word, w,, and the column corresponding to the word, wy in the
similarity matrix; a similarity between two words is retrieved from the similarity matrix. The semantic similarity between the
two string vectors is the average over similarities corresponding to 1:1 links of their elements. This operation corresponds to
the inner product between two numerical vectors and is used for selecting a winning node of competitive layer of NTSO.

Another operation on string vectors for training NTSO is to define a set of inter-words between two input words. Inter-words
are defined as words whose similarities with the two input words are greater than or equal to the similarity between the input
words. For example, if the two input words are ‘computer’ and ‘hardware’, their inter-words become intuitively ‘CPU’,
‘mother-board’, ‘memory’, and so on. Equation (4) formally defines a set of inter-words of two input words.

Iijzl(Wile):{Wklwk S(Wi’Wk) 4
> s(W;, W;) As(w;, W, ) > s(w;,w,)} @

Note that the set includes the input words, themselves. Since weight vectors of NTSO are given as string vectors along with
input vectors, this operation is used for updating weight vectors for training NTSO.

Figure 3illustrates the algorithm of building a set of inter-words of two input words. Two words, word; and word; are given as the input.
The set of inter-words is initialized with the two input words, since the set includes the input words. If the two words are identical to
each other, the algorithm returns the initialized set of inter-words. Otherwise, two rows of the given similarity matrix corresponding
to the input words, word; and word;, i th row and j th row are selected. Along these rows, i th row and j th row, if two elements are
greater than or equal to the similarity between the two words, Sy, the corresponding word is added to the set of inter-words. Finally,
the algorithm illustrated in figure 3 returns a set of inter-words of the two input words, word; and word;, as its output.

Input: two words (word, and WOI’d].) and a similarity matrix
Process:
Inter Word Set «— {word, ,wordj}
If(word1 == word2), then return Inter Word Set
Similarity Threshold « S; from the similarity matrix
Fork=1toN

If (s, >=s,;) and (s, >=s,), then add word, to Inter Word Set
Return Inter Word Set
Output: Inter Word Set

Figure 3. Algorithm of building a set of inter words
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String vectors have three advantages over numerical vectors for representing documents. The first advantage is that string
vectors represent documents more compactly than numerical vectors. In other words, string vector represent documents with
their smaller dimension enough for text clustering. In the experiments in section 6, NTSO using 50 dimensional string vec-
tors is comparable to Kohonen Networks and k means algorithm using 500 dimensional numerical vectors, with respect to
clustering performance. The first problem, huge dimensionality, is addressed by the proposed strategy. The second advantage
is that string vectors don’t have identical values dominantly. Numerical vectors representing documents tend to have zero
values dominantly; this reduces their discrimination for text clustering. Therefore, the second problem, sparse distribution,
is addressed in the proposed strategy. The third advantage is that string vectors are more transparent than numerical vectors.
A string vector displays the content of its corresponding document for users. We can see the content of clusters by referring
to their prototypes.

4. Neural Text Self Organizer

In this section, we describe in detail NTSO as the proposed approach to text clustering in the context of its architecture, learn-
ing process, and properties. Although the proposed neural network was originally intended only for text clustering, it may
be useful actually for any clustering task where string vectors represent raw data more practically than numerical vectors.
Although the proposed neural network follows Kohonen Networks with respect to its architecture and learning process, it
is different essentially from the traditional neural network with respect to its detail computations, since weight vectors and
input vectors are given as string vectors in the proposed neural network.

Figure 4 illustrates the architecture of the proposed neural network. The architecture consists of the competitive layer and
the input layer; it is identical to the architecture of Kohonen Networks. The input layer receives an input vector given as a
string vector; each node in the layer corresponds to a word given as an element, instead of a numerical value. The competitive
layer selects a winning node through the competition of the contained nodes; each node corresponds to a cluster. The weight
vectors between the two layers indicate prototypes of clusters, and are also given as string vectors, along with input vectors.
Although NTSO has its identical architecture as illustrated in figure 4, it performs computations involved in learning differ-
ently from Kohonen Networks. Although the architecture illustrated in figure 4 is identical to that of Kohonen Networks, its
detail process of learning training examples is different from that of Kohonen Networks.

Competitive
Layer

Figure 3. The architecture of NTSO

NTSO initializes its weight vectors differently from Kohonen Networks. Kohonen Networks initialize their weight vectors
by randomizing numerical values, while the proposed neural network initializes its weight vectors using one of two strate-
gies. The first strategy is to initialize weight vectors by selecting words from a particular corpus at random. The corpus for
doing may be a particular one given separately or a collection of documents targeted for clustering. The second strategy is
to assign some of string vectors to weight vectors at random. This strategy is similar as that of initializing prototypes in k
means algorithm.

Like Kohonen Networks, NTSO selects a winning node in the competitive layer, and updates the weight vector originated from
the node to the input nodes. However, note NTSO makes these behaviors differently from Kohonen Networks. A semantic
similarity between an input vector and a weight vector for the competition for selecting a winning node in the competitive
layer is computed using equation (3). Among the competitive nodes, the node from which the weight vector with the highest
similarity as a given input vector is originated is selected as a winning node. Let’s denote a n-dimensional input vector and
the weight vector which is connected with the winning node by input = [wys Wor-+s W] and weightia= [Winaxar Winaxar++ —
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, respectively. For each element of both vectors, we define a set of inter words, |(Wmak, W) 1 < Kk < n using the algorithm
illustrated in figure 3. Here, we define a function of a particular set, rand(.), which generate a random element from the set.
The weight vector is updated by replacing each of its elements by a random element of the corresponding set of inter-words,
as expressed in equation (5).

weight, . (t —1) =[W, ., W W]

max1? "'max 21" "'max n
input =[w, ,w,,...,w, ] 5)
weight ., (t) — [rand (1 (W5, W;,)),

rand (1 (W, W;5)), -, rand (1 (W, 0 Wi, )]

Figure 5 illustrates the process of clustering documents using the proposed neural network. In this process, a particular set
of documents is given as the input and the number of clusters, dimension and the number of iterations are given as the pa-
rameters. Each document in the set is encoded into a string vector. The process of encoding it was already described in detail
in section 3.2. The architecture of NTSO is set based on the number of clusters given as a parameter, and its weight vectors
are initialized using one of the two ways. The architecture of NTSO is set based on the parameters, the number of clusters
and dimension; the number of clusters determines the number of nodes in the competitive layer, and dimension determines
that in the input layer. The weight vectors between the two layers are initialized with one of the two strategies, which are
mentioned above. For each input vector, its similarities with weight vectors are computed, using equation (3). The weight
vector with its highest similarity with the input vector is selected as the target for updating. The weight vector is updated
using equation (5). To all documents, this process is repeated with the fixed number given as the parameter. For each input
vector, its similarities with the optimized weight vectors are computed using equation (3). Therefore, it is arranged into the
cluster corresponding to the weight vector with its highest similarity. Therefore, the process illustrated in figure 5 generates
clusters of input vectors and their optimized prototypes as its output.

5. Experimental Results

This section concerns experiments for evaluating several approaches to text clustering. The four clustering algorithms, k
means algorithm, single pass algorithm, Kohonen Networks, and NTSO, participate in this experiment. Two test beds where
documents are exclusively labeled are used, in order to evaluate the four approaches easily.

The two different collections of news articles, ‘NewsPage.com” and ‘20NewsGroups’, are used in this preliminary experiment
as test beds for evaluating the four approaches to text clustering. The collection, ‘NewsPage.com’, consists of 1200 news articles

Input and parameters: a list of documents, #clusters, dimension and #iteration
Step 1: Encode a list of documents into string vectors
Step 2: Set up the architecture of NTSO with the following conditions
#input node = the dimension of each weight vector = the dimension of each
numerical vector
#competitive node = #weight vectors = #clusters
Step 3: initialize the given weight vectors by selecting words at random from the given
corpus
Step 4: repeat step 4-1 #iteration times
Step 4-1: repeat the steps, 4-1-1 and 4-1-2 for each input vector
Step 4-1-1: compute similarities of weight vectors with the input vector as the values of
the given competitive nodes using equation (3)
Step 4-1-2: update the weight vector with the highest similarity using equation (5)
Step 5: arrange each document into the cluster corresponding to the competitive node
with its highest value
Output: a list of clusters including documents

Figure 5. The process of clustering documents using NTSO
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labeled exclusively with one of five predefined categories. The collection, ‘20NewsGroups’, consist of 20,000 news articles labeled
exclusively with one of 20 categories. Among them, four categories are selected as representative ones for evaluating the four
approaches to text clustering. For each test bed, ten clustering sets are build by selecting some of news articles at random. The
numbers of documents are in the range between 100 and 1000 by incrementing 100 documents: 100, 200, 300, ...., and 1,000.

The two different collections of news articles, ‘NewsPage.com’ and ‘20NewsGroups’, are used in this preliminary experiment
as test beds for evaluating the four approaches to text clustering. The collection, ‘NewsPage.com’, consists of 1200 news
articles labeled exclusively with one of five predefined categories. The collection, ‘20NewsGroups’, consist of 20,000 news
articles labeled exclusively with one of 20 categories. Among them, four categories are selected as representative ones for
evaluating the four approaches to text clustering. For each test bed, ten clustering sets are build by selecting some of news
articles at random. The numbers of documents are in the range between 100 and 1000 by incrementing 100 documents: 100,
200, 300, ...., and 1,000.

Table 1 illustrates the configurations of the parameters involved in the four approaches to the two test beds. The number of
clusters, involved in k means algorithm, Kohonen Networks, and NTSO, is set consistently with the number of categories
in each test bed: five for NewsPage.com and four for 20NewsGroups. Previous literatures proposing an approach to text
clustering set the number of clusters given as its parameter, when evaluating its own approach and other approaches [8]. The
similarity threshold given as a parameter to the single pass algorithm is set as 0.01 which results in the appropriate number
of clusters. The single pass algorithm with this value of parameter, generates five clusters and four clusters in the first test
bed and the second test bed, respectively. In this preliminary experiment, since the previous literature on text clustering and
text categorization set input dimensions from 300 to 700 [9] [10], the dimension of numerical vectors is set as 500, by adopt-
ing a median among these input dimensions. Since the k-means algorithm and Kohonen Networks converged in around 500
iterations in the tuning phase in both test beds, the number of iterating updating prototype vectors is set as 500. Since NTSO
started to converge in ten iterations and fifty iterations on NewsPage.com and 20NewsGroups respectively, the number of
iterations for NTSO is set at ten and fifty for the first test bed and the second test bed respectively.

In this experiment, the clustering index, which is measure for evaluating clustering performance based on intra-cluster
similarity and inter-cluster similarity, adopted as an evaluation measure for clustering algorithms. This measure was already
described in the literature [16].

Clustering Algorithms Test Bed Parameter Configurations

#clusters =5
NewsPage.com
Input dimension = 500

K Means Algorithm

#clusters = 4
20NewsGroups
Input dimension = 500
NewsPage.com Similarity threshold = 0.01
Single Pass Algorithm
20NewsGroups Input dimension = 500

#clusters =5

#iteration = 500
NewsPage.com
Input dimension = 500
Learning Rate = 0.2
#clusters = 4

Kohonen Networks

#iteration = 500
20NewsGroups
Input dimension = 500
Learning Rate = 0.2
#clusters =5

NewsPage.com #iteration = 10

Input dimension = 50
#clusters = 4

NTSO

20NewsGroups #iteration = 50

Input dimension = 50

Table 1. Definition of Parameters of the Four Clustering Algorithms
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Figure 6. The Results of Evaluating Text Clustering Algorithms on NewsPage.com: Top (Clustering Index) and
Bottom (Execution Time)

Figure 6 presents the results of evaluating the four approaches to text clustering with respect to clustering performance and
speed on the first test bed, ‘NewsPage.com’. The top line graph and the bottom line graph illustrate their clustering performance
and clustering speed on the test bed, respectively. In the both line graphs, dotted line, dashed line, shaded line, and solid line
indicate the trends of the k means algorithm, Kohonen Networks, single pass algorithm, and NTSO depending on the number
of documents to cluster (size of the data set), respectively. In both line graphs, the x-axis indicates the number of documents
to cluster. In the top line graph and the bottom line graph, the y-axis indicates the normalized value of the clustering index
and the number of seconds taken for clustering the corresponding number of documents, respectively.

As illustrated in the top line graph of figure 6, it is shown that Kohonen Networks has the highest clustering performance
entirely. The bottom line graph in figure 6 shows that the single pass algorithm and NTSO clusters document with highest
speed, together, than the k means algorithm and Kohonen Networks. From the both line graphs, we can define two extreme
positions. Kohonen Networks and k means algorithm, belong to a position, where clustering performance is good but clustering
speed is poor. Single pass algorithm belongs to the opposite position. NTSO spans over the two positions; it has advantages
of the two positions. With respect to scalability, NTSO is comparable with Kohonen Networks and k means algorithm in
context of clustering performance, and is so with single pass algorithm in context of clustering speed, when we observe trends
of the four approaches near 1000 documents in the both graphs.

Figure 7 illustrates the results of evaluating the four approaches with respect to the two factors on the second test bed,
‘20NewsGroups’. The top line graph presents that Kohonen Networks works best for text clustering with respect to cluster-
ing performance. It shows also that although NTSO is not as good as Kohonen Networks, it is competitive with k means
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Figure 7. The Results of Evaluating Text Clustering Algorithms on 20 NewsGroups: Top (Clustering Index) and Bottom
(Execution Time)
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algorithm with respect to clustering index. According to the two line graphs contained in figure 7, we judge that NTSO spans
over the two positions like the results illustrated in figure 6. When we observe the trends of the four approaches near 1000
document in the both graphs, NTSO is competitive with Kohonen Networks and k means algorithm with respect to clustering
performance, and is so with single pass algorithm with respect to clustering speed.

6. Conclusion

This research proposed a new representation of documents, called string vector, and a new unsupervised neural network
receiving the new representation as its input data, called NTSO, for text clustering. This research is intended for addressing
two main problems in representing documents into numerical vectors for using traditional machine learning algorithms for
text clustering: huge dimensionality and sparse distribution. In the previous section, the experiments show that string vec-
tors represent documents more compactly than numerical vectors, maintaining the robust clustering performance; the first
problem was addressed. Since string vectors have words as their elements, sparse distribution which may happen in numeri-
cal values including zero, never happen in string vectors; the second problem was also addressed. Although NTSO follows
the conceptual fashion of Kohonen Networks in context of its architecture and learning rule, its computations involved in its
learning are essentially different from those of Kohonen Networks.

Although the proposed neural network, NTSO, addresses the two problems completely, it has its own demerit which should
be addressed in the next research. The demerit is that the proposed neural network depends on a similarity matrix; its com-
putation on string vectors is impossible without defining a similarity matrix. Note that it costs very much time and system
resource to build a similarity matrix from a corpus before applying the proposed neural network to text clustering. If we
cluster again a collection of documents with the domain similar as that of previously clustered documents, we can reuse the
previously built similarity matrix. Otherwise, we need to rebuild a similarity matrix from a new collection of documents.
Therefore, the dependency of NTSO on a similarity matrix for the computations on string vectors should be addressed in a
further research.

Although NTSO is intended initially for text clustering, it may be applied to any clustering problem where string vectors
represent raw data more feasibly than numerical vectors. For example, image clustering using color information corresponds
to the situation. In this problem, we can define a similarity matrix on color properties, manually easily, since there are only
a small number of color properties. For example, we can define a high semantic similarity between ‘light blue’ and ‘blue’,
and a low semantic similarity between ‘yellow’ and ‘dark blue’. Selecting important pixels as features of string vectors
representing images, we represent images into string vectors by filling the features with their corresponding colors, such as
‘blue’, ‘yellow’, and ‘green’. Afterward we can use NTSO for image clustering.
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