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Abstract—In this research, we propose the string vector  two string vectors as the operation which corresponds to the
based version of AHC algorithm as the approach to the text  cosine similarity between two numerical vectors. Based on
clustering. Using the traditional version leads to the three the similarity measure, we modify the AHC (Agglomerate

main problems: huge dimensionality, sparse distribution, poor . - - . . )
transparency, since texts need to be encoded into numerical Hierarchical Clustering) algorithm into the version where

vectors. In order to solve the problems, in this research, we the string vector, itself, is given as the direct input data.
encode texts into string vectors, define the similarity measure Therefore, in this research, we propose the modified version
between them, and modify the AHC algorithm into the version  as the approach to the text clustering.
where a string vector is given as its input. As the benefits We may some benefits from this research. In this research,
from this research, we expect the better performance, the . . .

we avoid completely the above problems in encoding texts

more compact representation, and the better transparency. | 4 g 4 -
Hence, this research is intended to improve the text clustering  inNto numerical vectors, by doing them into alternative struc-

performance, by solving the problems. tured forms. We may expected both the better performance
KeywordsText Clustering, Semantic Similarity Similarity, ~ and stability than the traditional AHC algorithm and the
String Vector, String Vector based AHC table based version of AHC, since the above problems
in encoding texts into numerical vectors are completely

|. INTRODUCTION avoided and the normalized similarity measure between

Text clustering refers to the process of segmenting amstring vectors is defined. The string vectors which are
entire collection of texts into sub-collections of similar ones.proposed as the text representations have more transparency
For doing the task, we prepare texts, represent them intthan numerical vectors, because they are characterized sym-
their structured forms, and define a similarity measure obolically; it is possible to know the contents only from their
similarity measures among the representations. Clusters eslurrogates. However, in order to modify more advanced
texts are built by computing their similarities based on theirmachine learning algorithms so, we need to define more
contents. As subsequent tasks, we consider selection of tteelvanced operations on string vectors.
representative text in each cluster and relevant naming of This article is organized into the four sections. In Section
clusters based on their contents. The results from clusterint, we survey the relevant previous works. In Section |,
texts depend strongly on the scheme of computing similarwe describe in detail what we propose in this research. In
ities among the representations of texts. Section 1V, we mention the remaining tasks for doing the

Let us mention the cases which provide motivations forfurther research.
doing this research. In the traditional system, encoding texts
into numerical vectors caused the three main problems: the
huge dimensionality, the sparse distribution, and the poor Let us survey the previous cases of encoding texts into
transparency [1][2][3][11][5]. Previously, as the solution structured forms for using the machine learning algorithms
to the problems in encoding so, we proposed that text$o text mining tasks. The three main problems, huge dimen-
are encoded into tables, but its performance was unstabklonality, sparse distribution, and poor transparency, have
depending on the given domain[2][3]. In encoding texts sogxisted inherently in encoding them into numerical vectors.
it requires the optimization of the table size between the rein previous works, various schemes of preprocessing texts
liability and the speed[2][3]. Therefore, in this research, wehave been proposed, in order to solve the problems. In
attempt to encode texts into string vectors as the challengeabis survey, we focus on the process of encoding texts into
against the problems. alternative structured forms to numerical vectors. In other

Let us consider what we propose in this research as theords, this section is intended to explore previous works on
solutions to the above problems. Instead of numerical vecsolutions to the problems.
tors, texts are encoded into string vectors as their structured Let us mention the popularity of encoding texts into
forms. We define the semantic similarity measure betweenumerical vectors, and the proposal and the application of

Il. PREVIOUS WORKS
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stringkernels as the solution to the above problems. In 2002and applying it to the text clustering, and consists of the
Sebastiani presented the numerical vectors are the standatdee sections. In Section IlI-A, we deal with the process
representations of texts in applying the machine learningf encoding texts into string vectors. In Section IlI-B, we
algorithms to the text classifications [6]. In 2002, Lodhi et describe formally the similarity matrix and the semantic
al. proposed the string kernel as a kernel function of rawoperation on string vectors. In Section 3, we do the string
texts in using the SVM (Support Vector Machine) to the vector based AHC version as the approach to the text
text classification [7]. In 2004, Lesile et al. used the versionclustering. Therefore, this section is intended to describe the
of SVM which proposed by Lodhi et al. to the protein proposed AHC version as the text clustering tool.
classification [8]. In 2004, Kate and Mooney used also the .
. e . . . Text Encoding
SVM version for classifying sentences by their meanings
[9]. This section is concerned with the process of encoding
It was proposed that texts are encoded into tables insted§Xts into string vectors. As shown in Figure 1, the three
of numerical vectors, as the solutions to the above problem$teps are involved in encoding texts. A single is given as
In 2008, Jo and Cho proposed the table matching algorithrin€ input and a string vector which consists of words is
as the approach to text classification [2]. In 2008, Jo applie@enerated as the output. The features in each string vector
also his proposed approach to the text clustering, as weftre posting, statistic, and grammatical relationships between
as the text categorization [13]. In 2011, Jo described ad text and a word. Therefore, this section is intended to
the technique of automatic text classification in his patenglescribe in detail each step involved in encoding texts.
document [11]. In 2015, Jo improved the table matching
algorithm into its more stable version [12].
Previously, it was proposed that texts should be en-
coded into string vectors as other structured forms. In
2008, Jo modified the k means algorithm into the version
which processes string vectors as the approach to the text Text Indexing
clustering[13]. In 2010, Jo modified the two supervised
learning algorithms, the KNN and the SVM, into the version

Word

Word Extraction

String Vector

Characterization

Text

as the improved approaches to the text classification [14]. In t

2010, Jo proposed the unsupervised neural networks, called

Neural Text Self Organizer, which receives the string vector Feature

as its input data [15]. In 2010, Jo applied the supervised efinition

neural networks, called Neural Text Categorizer, which gets Figurel. The Process of Text Encoding

a string vector as its input, as the approach to the text

classification [16]. The first step of encoding texts into string vectors is to

The above previous works proposed the string kernel amdex the corpus into a list of words. The texts in the corpus
the kernel function of raw texts in the SVM, and tablesare concatenated into a single long string and it is tokenized
and string vectors as representations of texts, in order toto a list of tokens. Each token is transformed into its
solve the problems. Because the string kernel takes verfoot form, using stemming rules. Among them, the stop
much computation time for computing their values, it waswords which are grammatical words such as propositions,
used for processing short strings or sentences rather thaonjunctions, and pronouns, irrelevant to text contents are
texts. In the previous works on encoding texts into tablesyemoved for more efficiency. From the step, verbs, nouns,
only table matching algorithm was proposed; there is naand adjectives are usually generated as the output.
attempt to modify the machine algorithms into their table We need to define the relationships between a word and
based version. In the previous works on encoding texts int@ text as the features of string vectors, and mention the
string vectors, only frequency was considered for defininghree types of them. The first type is statistical properties
features of string vectors. In this research, based on [14pf words in a text such as the highest frequent word and the
we consider the grammatical and posting relations betweehighest TF-IDF (Term Frequency-Inverse Term Frequency)
words and texts as well as the frequencies for defining thaveighted one. The grammatical properties of a word such as
features of string vectors, and encode texts into string vectorsubjective noun, objective noun, and verb may be considered
in this research. as another feature type. Posting properties of a word which
indicates its position in the given text, such as the first word
in the text, the last of in the text, and the first word in

This section is concerned with encoding words into stringthe last paragraph, may be regarded as a feature type. In
vectors, modifying the AHC (Agglomerative Hierarchical this research, we define the ten features of string vectors as
Clustering) algorithm into the string vector based versionfollows:

Ill. PROPOSEDAPPROACH
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« HighestFrequentWord in the given Text andTj. The similarity between the two words is computed
« Second Highest Frequent Word in the given Text by equation (1),
« Third Highest Frequent Word in the given Text

« Highest TF-IDF Weighted Word sim(t;, t;) = m Q)
« Second Highest TF-IDF Weighted Word E J
o Third Highest TF-IDF Weighted Word where|T;| is the cardinality of the set7;. The similarity is
« The Last Word in the Text always given as a normalized value between zero and one; if
« The First Word in the last Paragraph two documents are exactly same to each other, the similarity
o The Last Word in the First Paragraph becomes 1.0 as follows:
Let us explain the process of encoding a text into a string, ) 2|T; NT;
once the above features are defined. A text is indexed into sim(ti, ;) = Tl + 15 ~ 1.0

a list of words, their frequencies, and their TF-IDF weights, _
and it is partitioned into a list of paragraphs. Corresponding?nd if two words have no shared texts, N 7; = 0 the
to the above features, words are extracted as elements ofmilarity becomes 0.0 as follows:

the string vector. As the given text representation, the ten . 2|T; N T
dimensional string vector which consists of the above feature sim(ti, t;) = [

values is constructed. The similarity matrix is required for h q d'sch ; ina the similari il
performing the operation on string vectors, and is describe € more advanced SChemes o computing the similarity wi
e considered in next research.

in Section 111-B1. , . )
From the text collection, we buildv x N square matrix

0.0

Let us consider the differences between the word encodin
and the text encoding. Elements of each string vector WhiclgS follows:
represents a word are text identifiers, whereas those of one S$11 S12 ... S1id
which represents a text are word. The process of encoding S21 S22 ... S2d
texts involves the link of each text to a list of words, where S =

as that of doing words does the link of each word to a list
of texts. For performing semantic similarity between string
vectors, in text processing, the word similarity matrix is usedN individual words which are contained in the collection
as the basis, while in word processing, the text similaritycorrespond to the rows and columns of the matrix. The entry,
matrix is used. The relations between words and texts are;; is computed by equation (1) as follows:

defined as features of strings in encoding texts and words. .
Sij = szm(ti,tj)

B. String Vectors L N
The overestimation or underestimation by text lengths are

This section is concerned with the operation on stringyreyented by the denominator in equation (1). To the number

vectors and the basis for carrying out it. It consists of texts, NV, it costs quadratic complexity)(N?), to build
two subsections and assumes that a corpus is required fto Jpove matrix.

performing the operation. In Section Ill-B1, we describe the | ot s characterize the above similarity matrix, mathe-

process of constructing the similarity matrix from a COTPUS.matically. Because each column and row corresponds to

In Section 111-B2, we define the string vector formally and jis same text in the diagonal positions of the matrix, the

characterize the operation mathematically. Therefore, thiaiagonal elements are always given 1.0 by equation (1).

section is intended to describe the similarity matrix and thg, ihe off-diagonal positions of the matrix, the values are

operation on string vectors. o _always given as normalized ones between zero and one,
1) Similarity Matrix: This subsection is concerned with po.aise 0f < 2|T;NT}| < |T;| + |T}| from equation (1). It

the similarity matrix as the basis for performing the semantigg proved that the similarity matrix is symmetry, as follows:
operation on string vectors. Each row and column of the
2NT;| _ 2T, N T

similarity matrix corresponds to a word in the corpus. The si; = sim(ti, t;) = _
similarities of all possible pairs of words are given as ! YT+ T 1Ty + (T
normalized values between zero and one. The similarity
matrix which we construct from the corpus is thé x N
square matrix with symmetry elements and 1's diagonalTherefore, the matrix is characterized as the symmetry
elements. In this subsection, we will describe formally thematrix which consists of the normalized values between zero
definition and characterization of the similarity matrix. and one.

Each entry of the similarity matrix indicates a similarity =~ The similarity matrix may be constructed automatically
between two corresponding words.. The two wardand  from a corpus. TheN texts which are contained in the
t;, are viewed into two sets of texts which include theéfn, corpus are given as the input and each of them is indexed

= Sim(tj7t7;) = sji
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into alist of words. All possible pairs of words are generatedIf the two string vectors are exactly same, its similarity
and the similarities among them are computed by equatiobecomes 1.0 as follows:
(2). By computing them, we construct the square matrix
which consists of the similarities. Once making the similarity
matrix, it will be used continually as the basis for performing 1 d
the operation on string vectors. then sim(strq, stry) = p Zsim(du, doi) = i 1.0

2) String Vector and Semantic Similarityfhis section i=1
is concerned with the string vectors and the operation OfMowever, note that the transitive rule does not apply as
them. A string vector consists of strings as its elementsfg|iows:
instead of numerical values. The operation on string vectors
which we define in this subsection corresponds to the Iif sim(str,stry) = 0.0 and sim(strs, strs) = 0.0
cosine similarity between numerical vectors. Afterward, we
characterize the operation mathematically. Therefore, in this
section, we define formally the semantic similarity as the We need to define the more advanced semantic operations

if stry = StI’gWith Visim(dli,dgi) =1.0

then, not alwaysim(stry,strs) = 0.0

semantic operation on string vectors. on string vectors for modifying other machine learning
The string vector is defined as a finite ordered set ofalgorithms. We define the update rules of weights vectors
strings as follows: which are given as string vectors for modifying the neural

networks into their string vector based versions. We develop
the operations which correspond to computing mean vectors
An element in the vectorstr; indicates a text identifier Over numerical vectors, for modifying the k means algo-
which corresponds to its attribute. The number of elementgithms. We consider the scheme of selecting representative
of the string vectorstr is called its dimension. In order to Vector among string vectors for modifying the k medoid
perform the operation on string vectors, we need to defin@lgorithms so. We will cover the modification of other
the similarity matrix which was described in Section 11I-B1, machine learning algorithms in subsequent researches.

in gdvance. T_herefore, a string vector .conS|sts of strlngsc_ The Proposed Version of AHC Algorithm

while a numerical vector does of numerical values.

We need to define the semantic operation which is called This section is concerned with the proposed AHC version
‘semantic similarity’ in this research, on string vectors; it @ the approach to the text clustering. Raw texts are encoded

corresponds to the cosine similarity on numerical vectorsinto String vectors by the process which was described in

str = [stry, stra, ..., strq)

We note the two string vectors as follows: Section I1I-B. In this section, we attempt to the traditional
AHC into the version where a string vector is given as the
stry = [stri1, striz, ..., strid] input data. The version is intended to improve the clustering

performance by avoiding problems from encoding texts into
numerical vectors. Therefore, in this section, we describe the

where each element;; andds; indicates a text identifier. proposed AHC version in detail, together with the traditional

The operation is defined as equation (2) as follows: version.
The traditional version of AHC algorithm is illustrated

@) in Figure 2. Words are encoded into numerical vectors, and
it begins with unit clusters each of which has only single
o ) _item. The similarity of every pairs of clusters is computed
The similarity matrix was constructed by the scheme whichy,sing the Euclidean distance or the cosine similarity, and the
is described in Section IlI-B1, and theim(dui, d2i) 1S pair with its maximum similarity is merged into a cluster.
compytgd by Iook.lng up it in thg similarity matrix. Instead The clustering by the AHC algorithm proceeds by merging
of building the similarity matrix, we may compute the ¢jyster pairs and decrementing number of clusters by one.

similarity, interactively. If the similarities among the sparse numerical vectors are

The semantic similarity measure between string vectorgomputed, the traditional version becomes very fragile from
may be characterized mathematically. The commutative law,qo poor discriminations among them.

stro = [stray, strag, ..., strag]

d
1
sim(strl, StI‘Q) = g Z sim(dli, in)
i=1

applies as follows: Separately from the traditional version, the clustering
14 process by the proposed AHC version is illustrated in Figure
sim(stry, stry) = p Zsim(du,dm‘) 3. Texts are encoded into string vectors, and the algorithm
i=1 begins with unit clusters each of which has a single one. The
& similarities of all possible pairs of clusters are computed and
- EZ sim(da;, d1;) = sim(stra, stry) the pair with its ma>_<imum similarity is_ merged into a single
d P cluster. The clustering proceeds by iterating the process of
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Euclidean Distance

Cosine Similarity

or
Euclidean Distance

Figure2. The Traditional Version of AHC Algorithm

minimum among similarities of all possible pairs is set as
the cluster similarity. In another scheme, we may select
representative members of two clusters and the similarity
between the selected members is regarded as the cluster
similarity. In this research, we adopt the first scheme for
computing the similarity between two clusters in using the
AHC algorithm; other schemes will be considered in next
research.

Because string vectors are characterized more symboli-
cally than numerical vectors, it is easy to trace results from
clustering items in the proposed version. It is assumed that
the clustering proceeds by merging pairs of clusters or data
items by their similarities as shown in Figure 2 and 3. The
similarity between string vectors is computed by the scheme
which is described in Section 1lI-B2. A particular entity
is nominated and its elements are extracted from it. We
present the evidence of clustering entities by associating it
with elements from other string vectors within the belonging
clustering.

IV. CONCLUSION

We need to consider the remaining tasks for doing the
further research. We will apply and validate the proposed

computing the similarities and merging a pair. Because thepproach in clustering texts in the specific domains such
sparse distribution in each string vector is never availableis medicine, engineering, and law, rather than the general
inherently, the poor discriminations by sparse distributionsdomains. In order to improve the performance, we may
are certainly overcome in this research. consider various types of features of string vectors. As an-
other scheme of improving the performance, we define and
combine multiple similarity measures between two string
vectors with each other. By adopting the proposed approach,
we may implement the text clustering system as a module
or an independent system.

String Vector

String Vector

Semantic Similarity

String Vector
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