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Abstract—This research proposes the string vector based Let us consider what we propose in this research as
version of the KNN as the approach to the text categorization.  splutions to the above problems. Texts are encoded into
Traditionally, texts should be encoded into numerical vectors  gying vectors as their structured forms, instead of numerical
for using the traditional version of KNN, and encoding so t Th tic similarit bet ¢ tri
leads to the three main problems: huge dimensionality, sparse vectors. . e sgman IC Simifarity m_easure. etween two string
distribution, and poor transparency. In order to solve the  Vectors is defined as the operation which corresponds to
problems, in this research, texts are encoded into string the cosine similarity between two numerical vectors. Using
vectors, instead of numerical vectors, the similarity measure the similarity measure, we modify the KNN (K Nearest
between string vectors is defined, and the KNN is modified Neighbor) into the version where a string vector is given

into the version where string vector is given its input. As . . LS .
the benefits from this research, we may expect the better &S @n input vector. The modified version is applied as the

performance, more compact representation of each text, and approach to the text categorization.

better transparency. The goal of this research is to improve Let us consider some benefits expected from this research.
the text categorization performance by solving them. We may expect the better performance than that of the
KeywordsText Categorization, Semantic Similarity Similar-  traditional version of the KNN, by avoiding problems in
ity, String Vector, String Vector based KNN encoding texts into numerical vectors. We may expect the
proposed system to be more transparent because string
. INTRODUCTION vectors representing texts are more symbolic than numerical

Text categorization refers to the process of classifying avectors; it is possible to guess the text contents only from
text into its category or categories among the predefinetheir surrogates. It is expected to be more efficient to rep-
ones. Its preliminary task is to predefine a list of categoriesesent texts into string vectors than into numerical vectors;
and allocate sample texts each of them. As the learningach string vector which represents a text has only tens of
process, using the sample labeled texts, the classificatioimensions, whereas each numerical vector representing it
capacity which is given as equations, parameters, or symhas at least several hundreds of dimensions. However, we
bolic rules is constructed. As the generalization processyeed to define more advanced operations on string vectors
subsequent texts which are given separately from samplether than the semantic similarity.
labeled ones are classified by the constructed classification This article is organized into the four sections. In Section
capacity. In this research, we assume that the supervisd we survey the relevant previous works. In Section llI,
learning algorithms will be used as the approaches, even ifve describe in detail what we propose in this research. In
other kinds of approaches are available. Section 1V, we mention the remaining tasks for doing the

Let us consider the facts which provide the motivations forfurther research.
doing this research. Encoding texts into numerical vectors
cause problems such as the huge dimensionality and the
sparse distribution [1][2][3][11][5]. Previously, we proposed Let us survey the previous cases of encoding texts into
the table based classification algorithm which was calledstructured forms for using the machine learning algorithms
the table matching algorithm, its performance was unstabléo text mining tasks. The three main problems, huge dimen-
by impact of noisy examples [2][3]. The computation of sionality, sparse distribution, and poor transparency, have
the similarity between two tables as the essential task imxisted inherently in encoding them into numerical vectors.
the approach was very expensive [2][3]. Therefore, in thidn previous works, various schemes of preprocessing texts
research, we try to find the solution to the problems byhave been proposed, in order to solve the problems. In
encoding texts into alternatives to both numerical vectorghis survey, we focus on the process of encoding texts into
and tables. alternative structured forms to numerical vectors. In other

Il. PREVIOUSWORKS
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words, this section is intended to explore previous works on I1l. PROPOSEDAPPROACH

solutions to the problems. This section is concerned with encoding words into string
Let us mention the popularity of encoding texts into vectors, modifying the KNN (K Nearest Neighbor) into
numerical vectors, and the proposal and the application ofhe string vector based version and applying it to the text
string kernels as the solution to the above problems. In 200%ategorization, and consists of the three sections. In Section
Sebastiani presented the numerical vectors are the standaffa, we deal with the process of encoding texts into string
representations of texts in applying the machine learningsectors. In Section I11-B, we describe formally the similarity
algorithms to the text classifications [6] In 2002, Lodhi et matrix and the semantic Operation on String vectors. In
al. proposed the string kernel as a kernel function of rawsection I1I-C, we do the string vector based KNN version
texts in using the SVM (Support Vector Machine) to the as the approach to the text categorization. Therefore, this
text classification [7]. In 2004, Lesile et al. used the versionsection is intended to describe the proposed KNN version
of SVM which proposed by Lodhi et al. to the protein as the text categorization tool.
classification [8]. In 2004, Kate and Mooney used also the
SVM version for classifying sentences by their meaningsA. Text Encoding

[91- This section is concerned with the process of encoding
It was proposed that texts are encoded into tables insteaexts into string vectors. As shown in Figure 1, the three
of numerical vectors, as the solutions to the above problemsteps are involved in encoding texts. A single is given as
In 2008, Jo and Cho proposed the table matching algorithnthe input and a string vector which consists of words is
as the approach to text classification [2]. In 2008, Jo appliedienerated as the output. The features in each string vector
also his proposed approach to the text clustering, as welre posting, statistic, and grammatical relationships between
as the text categorization [13]. In 2011, Jo described aa text and a word. Therefore, this section is intended to
the technique of automatic text classification in his patentlescribe 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 Word
clustering[13]. In 2010, Jo modified the two supervised
learning algorithms, the KNN and the SVM, into the version

Word Extraction

String Vector

Characterization

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 Definition

neure_ll networks, cal_led _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 t;to 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 thawnjunctions, and pronouns, irrelevant to text contents are
texts. In the previous works on encoding texts into tablesfemoved 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 inta 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 [14]f 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 theveighted 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
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indicatesits position in the given text, such as the first word elements. In this subsection, we will describe formally the
in the text, the last of in the text, and the first word in definition and characterization of the similarity matrix.
the last paragraph, may be regarded as a feature type. InEach entry of the similarity matrix indicates a similarity
this research, we define the ten features of string vectors dsetween two corresponding words.. The two wardand
follows: t;, are viewed into two sets of texts which include thefh,
« Highest Frequent Word 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 1)
« Second Highest TF-IDF Weighted Word ¢ J
« 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
« The Last Word in the First Paragraph becomes 1.0 as follows:
Let us explain the process of encoding a text into a string, 20T, N T
once the above features are defined. A text is indexed into sim(t;,tj) = m =10

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

the string vector. As the given text representation, the ten
2Ty

dimensional string vector which consists of the above feature sim(t;,t;) = = 0.0

values is constructed. The similarity matrix is required for |T5] + |51

performing the operation on string vectors, and is describe¢ne more advanced schemes of computing the similarity will
in Section 1I-B1. be considered in next research.

Let us consider the differences between the word encoding From the text collection, we buildv x N square matrix
and the text encoding. Elements of each string vector whichg follows:
represents a word are text identifiers, whereas those of one
which represents a text are word. The process of encoding S s12 ... Sid
texts involves the link of each text to a list of words, where §21 S22 ... Sad
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 used
as the basis, while in word processing, the text similarity/V individual words which are contained in the collection
matrix is used. The relations between words and texts argorrespond to the rows and columns of the matrix. The entry,
defined as features of strings in encoding texts and wordssi; iS computed by equation (1) as follows:

B. String Vectors sij = sim(t;, t;)

This section is concerned with the operation on string_l_
vectors and the basis for carrying out it. It consists of . ) .
two subsections and assumes that a corpus is required fgﬁ\éige;bﬁ Tfs?:nizé?z:ﬁ; régriqT:;Ii?;) (]1\?'2 Tot;hgurillljjmber
performing the operation. In Section IlI-B1, we describe the e q P (N5),

process of constructing the similarity matrix from a corpus;.theL zatbove rrr:atnxt. e the ab imilarit i h
In Section IlI-B2, we define the string vector formally and €l us characterize the above simiiarity matrix, mathe-

characterize the operation mathematically. Therefore, thignatmally. Because each column and row corresponds 1o

section is intended to describe the similarity matrix and thét§ same text in the diagonal po§|t|ons of the matrllx, the

: ; diagonal elements are always given 1.0 by equation (1).
operation on string vectors. In the off-di | it f th trix. th |

1) Similarity Matrix: This subsection is concerned with n the ofi-diagonal positions of the matrix, the values are

the similarity matrix as the basis for performing the semanticalwalys given as normalized ones between zero and one,

operation on string vectors. Each row and column of théaecause 00 < 2|TiOT?| S |Ti|+|.Tj.| from equation (1). It )
similarity matrix corresponds to a word in the corpus. The's proved that the similarity matrix is symmetry, as follows:

he overestimation or underestimation by text lengths are

similarities of all possible pairs of words are given as ) 2|T; NT}] 2|1T; NTy
normalized values between zero and one. The similarity sij = sim(ti, t;) = T+ |T5 T+ |T)]
matrix which we construct from the corpus is thé x N ' ! ! '
square matrix with symmetry elements and 1's diagonal = sim(t;,t;) = sj;
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Therefore, the matrix is characterized as the symmetry applies as follows:
matrix which consists of the normalized values between zero d
and one. Sim(StI‘h StI‘g) = l Z sim(d“, dgl)
The similarity matrix may be constructed automatically d~
from a corpus. TheN texts which are contained in the X
corpus are given as the input and each of them is indexed _ lZsz'm(d . dyi) = sim(stra, str)
into a list of words. All possible pairs of words are generated d 2n Cn S
and the similarities among them are computed by equatioHE the two string vectors are exactly same, its similarit
(2). By computing them, we construct the square matri><beCOmeS 10 asgfollow3' y ' y
which consists of the similarities. Once making the similarity ' :
matrix, it will be used continually as the basis for performing if str; = strowith V;sim(dy;,ds;) = 1.
the operation on string vectors. d
2) String Vector and Semantic Similarityfhis section then sim(stry, stra) = 1 Zsim(dmd%) _
is concerned with the string vectors and the operation on d ]
them. A string vector consists of strings as its eIementsH .
. . ; . owever, note that the transitive rule does not apply as
instead of numerical values. The operation on string vectorﬁ)uows_
which we define in this subsection corresponds to the '
cosine similarity between numerical vectors. Afterward, we  if sim(stry,stry) = 0.0 and sim(stry, strs) = 0.0
characterize the operation mathematically. Therefore, in this
section, we define formally the semantic similarity as the

i=1

=1.0

Qla, <

then, not alwaysim(stry, strs) = 0.0

semantic operation on string vectors. We need to define the more advanced semantic operations
The string vector is defined as a finite ordered set ofon string vectors for modifying other machine learning
strings as follows: algorithms. We define the update rules of weights vectors
which are given as string vectors for modifying the neural
str = [stry, stry, ..., strq] networks into their string vector based versions. We develop

An element in the vectorstr; indicates a text identifier the operations which correspond to computing mean vectors

which corresponds to its attribute. The number of elementg.}[/r:ar nuvr(]/erlcal Y;CtotLS’ forh modﬂ‘;;lng lth(ta. k means altg(;-
of the string vectorstr is called its dimension. In order to rthms. YVe consider the scheme of se’ecting representative

perform the operation on string vectors, we need to definé’ector among string vectors for modifying the k medoid

the similarity matrix which was described in Section I1I-B1, algo::.thmls S0 Wel W|I!thcov9r th% mod|f|ctat|on ofhother
in advance. Therefore, a string vector consists of stringsr,‘naC INE learning algorithms 1n subsequent researches.

while a numerical vector does of numerical values. C. Proposed Version of KNN
We ne_ed _to_define_the _semantic operation_which is call_ed This section is concerned with the proposed KNN ver-
'semantic similarity in this research, on string vectors; it 5ion a5 the approach to the text categorization. Raw texts
corresponds to the cosine similarity on numerical vectorsy e encoded into string vectors by the process which was
We note the two string vectors as follows: described in Section IlI-A. In this section, we attempt to the
traditional KNN into the version where a string vector is
given as the input data. The version is intended to improve
the classification performance by avoiding problems from
encoding texts into numerical vectors. Therefore, in this
where each element; anddsy; indicates a text identifier. section, we describe the proposed KNN version in detail,
The operation is defined as equation (2) as follows: together with the traditional version.
The traditional KNN version is illustrated in Figure 2. The
. 1< sample words which are labeled with the positive class or the
sim(stry, strz) = o Z‘%m(d”’ dai) (2) " negative class are encoded into numerical vectors. The sim-
=1 ilarities of the numerical vector which represents a novice
The similarity matrix was constructed by the scheme whichword with those representing sample words are computed
is described in Section 1lI-B1, and theim(dy;,d2;) is  using the Euclidean distance or the cosine similarity. The
computed by looking up it in the similarity matrix. Instead k most similar sample words are selected as the k nearest
of building the similarity matrix, we may compute the neighbors and the label of the novice entity is decided by
similarity, interactively. voting their labels. However, note that the traditional KNN
The semantic similarity measure between string vectorsersion is very fragile in computing the similarity between
may be characterized mathematically. The commutative lawery sparse numerical vectors.

stry = [stry1, stria, ..., strig]

StI‘Q = [St’l’gl, StT’227 T St’r‘gd]
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Training Examples Cosine Similarity . .
or cally than numerical vectors, it is easy to trace results from

Euclidean Distance

— o = classifying items in the proposed version. It is assumed that
= A [a“""”'d]?<): = a novice item is classified by voting the labels of its nearest
— neighbors. The similarity between string vectors is computed
= . by the scheme which is described in Section 111-B2. We may
-------- :> — extract the similarities of individual elements of the novice
; l% e |- - string. yector with those of nearest neighbor_s Ia_bgleq yvith the
= [ ]+ + classified category. Therefore, Fhe semantic S|m|lar|t|es_ p!ay
= [ay.ay,]- — E> :> or role of the evidence for presenting the reasons of classifying
— Kmos[-s-"-n-”ar]— _ the novice one so.
vectors IV. CONCLUSION
Figure2. The Traditional Version of KNN We need to consider the remaining tasks for doing the

further research. We will apply and validate the proposed
approach in classifying texts in the specific domains such
Separately from the traditional one, we illustrate theas medicine, engineering, and law, rather than the general
classification process by the proposed version in Figure 3jomains. In order to improve the performance, we may
The sample texts labeled with the positive or negative clasgonsider various types of features of string vectors. As
are encoded into string vectors by the process described @nother scheme of improving the performance, we define
Section IlI-A. The Slmllarlty between two String vectors is and combine mu|t|p|e S|m||ar|ty measures between two
computed by the scheme which was described in Sectiogtring vectors with each other. By adopting the proposed
1-B2. |dentica”y to the traditional version, in the proposed approach, we may imp|ement the text Categorization system
version, the k most similarity samples are selected, and thgs a module or an independent system.
label of the novice one is decided by voting ones of sample
entities. Because the sparse distribution in each string vector V. ACKNOWLEDGEMENT
is never available inherently, the poor discriminations by This work was supported by 2016 Hongik University
sparse distribution are certainly overcome in this research.Research Fund.
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