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Abstract—In this research, we propose the graph based KNN into the graph where its vertices are words and its edges are
where a graph is given as input, instead of a numerical vector,  the semantic relations among words. The similarity measure
as the approach to the text categorization tasks. The ontology panveen two graphs is defined, considering both the vertices
which is given as a graph has been used as the popular and ’ ) . e
standard knowledge representation which is understandable by f'md edges. The KNN (K_ Nearest Nelgh_bors) IS mod|f|_eq
computers, so it is regarded as more natural scheme to encode iNto the graph based version where data items are classified
texts into graphs, than numerical vectors. In this research, we based on the similarity between graphs, and applied to the
encode texts into graphs, define the similarity measure between text categorization tasks. The adjacency matrix is adopted
graphs, and modify the K Nearest Neighbor into its graph 59 representation of each graph in this research.

based version as the text categorization tool. As the benefit . . . .
from this research, we expect the more compact, graphical, Let us mention some benefits which are expected from this

and symbolic representation of texts, than numerical vectors. research. By avoiding the problems from encoding texts into
Therefore, the goal of this research is to implement the text numerical vectors, we expect the better performance of the

categorization system with the better performance and more  proposed version than the traditional version of the KNN.
user-friendly representations of texts Since the graphs are more symbolic text representations than
KeywordsText Categorization, Graph Similarity, Graph numerical vectors, we expect more transparency in encod-
based KNN ing so. We expect more compactness of representing texts
than numerical vectors for processing texts more efficiently.
. INTRODUCTION Hence, the goal of this research is to implement the text
Text categorization refers to the process of classifyingcategorization which satisfying the benefits.
each text into its relevant topics or categories among the This article is organized into the four sections. In Section
predefined ones. As its preliminary tasks, a finite numbetl, we survey the relevant previous works. In Section Ill,
of categories are predefined and sample texts which ar@e describe in detail what we propose in this research. In
labeled with one or some of the predefined are preparedsection IV, we mention the remaining tasks for doing the
As the learning process, using the sample labeled texts, thHerther research.
classification capacity is constructed. Subsequent texts which
are given as ones separated from the sample labeled texts are
classified as the generalization process. Even if other kinds Let us survey the previous cases of encoding texts into
of approaches such as manual rule based schemes and ots&uctured forms for using the machine learning algorithms
heuristic ones are available, in this research, we assume thiat text mining tasks. The three main problems, huge dimen-
the supervised learning algorithms are used as the approadtionality, sparse distribution, and poor transparency, have
Let us mention some points which provide the motiva-existed inherently in encoding them into numerical vectors.
tions for doing this research. Encoding texts into numericaln previous works, various schemes of preprocessing texts
vectors causes problems such as huge dimensionality arhve been proposed, in order to solve the problems. In
sparse distribution [1]. The graphs became the popular reghis survey, we focus on the process of encoding texts into
resentations of knowledge or information which are calledalternative structured forms to numerical vectors. In other
ontologies or word nets [2][3]. Because the ontologies aravords, this section is intended to explore previous works on
used for representing knowledge as graphs, in previousolutions to the problems.
works, many algorithms for manipulating graphs. Therefore, Let us mention the popularity of encoding texts into
by these motivations, we encode texts into graphs, andumerical vectors, and the proposal and the application of
modify the machine learning algorithms into versions whichstring kernels as the solution to the above problems. In 2002,
receive graphs as input data. Sebastiani presented the numerical vectors are the standard
Let us mention what we propose in this research as itsepresentations of texts in applying the machine learning
ideas. Instead of a numerical vector, each text is encodealgorithms to the text classifications [4]. In 2002, Lodhi et

Il. PREVIOUS WORKS

ISBN 979-11-88428-00-7 ICACT2018 February 11 ~ 14, 2018



International Conference on Advanced Communications Technology(ICACT) 261

al. proposedhe string kernel as a kernel function of raw categorization. Therefore, this section is intended to describe
texts in using the SVM (Support Vector Machine) to the the proposed KNN version as the text categorization tool.
text classification [5]. In 2004, Lesile et al. used the versionA Text Encoding

of SVM which proposed by Lodhi et al. to the protein "~
classification [6]. In 2004, Kate and Mooney used also the This section is concerned with the process of encoding a
SVM version for classifying sentences by their meanings®xt into a graph as illustrated in Figure 1. The graph is de-
[7]. fined into the two sets: vertex set and edge set. Vertices and

It was proposed that texts are encoded into tables instesRfiges correspond to words and their semantic relationships,
of numerical vectors, as the solutions to the above problemd&espectively. In this research, the graph which represents a
In 2008, Jo and Cho proposed the table matching algorithrieXt is given as a weighted and undirected one. Therefore,
as the approach to text classification [8]. In 2008, Jo applied this section, we will describe in detail the process of
also his proposed approach to the text clustering, as welePresenting a text into graph.
as the text categorization [12]. In 2011, Jo described as
the technique of automatic text classification in his patent
document [10]. In 2015, Jo improved the table matching
algorithm into its more stable version [11].

Previpusly, i'F was proposed that texts should be en- Text Vertex Similarity
coded into string vectors as other structured forms. In R
2008, Jo modified the k means algorithm into the version
which processes string vectors as the approach to the text
clustering[12]. In 2010, Jo modified the two supervised
learning algorithms, the KNN and the SVM, into the version
as the improved approaches to the text classification [13]. In
2010, Jo proposed the unsupervised neural networks, called -
Neural Text Self Organizer, which receives the string vector Figurel. TheProcess of Encoding Text into Graph
as its input data [14]. In 2010, Jo applied the supervised
neural networks, called Neural Text Categorizer, which gets Before encoding a text into its own graph, we need to
a string vector as its input, as the approach to the texconstruct an index list where each text is linked to a list of
classification [15]. words. We generate directly a list of texts from a corpus.

The above previous works proposed the string kernel aEach text is indexed into a list of words and it is associated
the kernel function of raw texts in the SVM, and tableswith its own list of its included words. Each word has its
and string vectors as representations of texts, in order tweights and posting information as its relationship with
solve the problems. Because the string kernel takes verg text. A text is indexed basically with the three steps:
much computation time for computing their values, it wastokenization, stemming, and stop-word removal.
used for processing short strings or sentences rather thanWe need to define vertices which are followed by edges
texts. In the previous works on encoding texts into tablesjn encoding a text into a graph. The vertices correspond to
only table matching algorithm was proposed; there is ndist of words which are included in the text. Some of them
attempt to modify the machine algorithms into their tableare selected by their weights as vertices; they are notated as
based version. In the previous works on encoding texts intdollows:
string vectors, only frequency was considered for defining D(v) = {vi1,vi2, -+, Vim }

features of string vectors. In this research, we propose th%e consider the ranked selection where a fixed number of

Fexts ShOU|d. be en-coded into graphs, arjd modify the KNN?xts is selected by ranking them and the score based one
into the version which processes graphs instead of numericgl

¢ th h to the text cat izt here the texts whose weights are greater than or equal to
vectors, as the approach fo the text categorization. a threshold are selected as the selection schemes. A set of

1. PROPOSEDAPPROACH vertices which indicate words is extracted through indexing.
We need to define the set of edges as well as that of

This section is concerned with encoding words into_ . . .
o ) . vertices for representing a word into a graph. We compute
graphs, modifying the KNN (K Nearest Neighbor) into the similarities of all possible pairs of vertices which indicate

graph based version and applying it _to the text cgtegonza\;vord& We construct the similarity matrix whose entries are
tion, and consists of the three sections. In section IlI-A,

; . . similarities among words from a corpus. We select word
we deal with the process of encoding texts into graphs. In g P

: : . pairs whose similarities are more than the given threshold,
section IlI-B, we describe formally the process of computing . . . i
. ) and define the set which consists of edges as follows:
the similarity between to graphs. In section 1lI-C, we do the

graph vector based KNN version as the approach to the text D(e) = {ei1,€ia, s €in}

Word Edee

Definition
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The proces®f building the similarity matrix and computing The more advanced schemes of computing the similarity will

the similarity between texts will be described in sectionbe considered in next research.

-B1. From the text collection, we buil&v x N square matrix
Let us consider how to represent a graph into its structureds follows:

form in the implementation level. We may mention the

. h . . S11 512 S1d
adjacency matrix where vertices correspond to its rows and
. - . S21 S22 524
columns and entries indicate the edge weights. We regard S = ]
the linked list where vertices are given as nodes and edges : : :
are given as pointers between them as another representation Sq1 Sd2  --- Sdd

of a graph. A graph is represented into a list of edges whict}v
are given as pairs of vertex identifiers and each weight is
associated with its own weight. In this research, we adopf

the third scheme where a graph is represented into a set 8¢ 'S computed by equation (1) as follows:

edges. Sij = sim(ti,tj)

individual words which are contained in the collection
orrespond to the rows and columns of the matrix. The entry,

B. Graphs The overestimation or underestimation by text lengths are
This section is concerned with the operation on graphs an@révented by the denominator in equation (1). To the number

the basis for carrying out it. It consists of two subsectionsOf €xts, IV, it costs quadratic complexity)(N?), to build

and assumes that a corpus is required for performing thi€ above matrix. - o _

operation. In section Il-B1, we describe the process of L€t us characterize the above similarity matrix, mathe-

constructing the similarity matrix from a corpus. In section matically. Because each column and row corresponds to

I1I-B2, we define the operation on graphs mathematicallyltS same text in the diagonal positions of the matrix, the

Therefore, this section is intended to describe the similaritfiagonal elements are always given 1.0 by equation (1).

matrix and the operation on them. In the off-diagonal positions of the matrix, the values are
1) Similarity Matrix: This subsection is concerned with @Ways given as normalized ones between zero and one,

the similarity matrix as the basis for performing the semantid®ecause 06 < 2[T;NT;| < [T;| +|T;| from equation (1). It
operation on string vectors. Each row and column of thdS proved that the similarity matrix is symmetry, as follows:

similarity matrix corresponds to a word in the corpus. The _ AT, NTy| 2|7, N Ty
similarities of all possible pairs of words are given as sij = sim(t, t;) = T+ 1T~ 1T, |7
normalized values between zero and one. The similarity ’ ! ! ’
matrix which we construct from the corpus is thé x N = sim(t;,t;) = sj;

square matrix with symmetry elements and 1's diagonal o i
elements. In this subsection, we will describe formally theTherefore, the matrix is characterized as the symmetry
definition and characterization of the similarity matrix. matrix which consists of the normalized values between zero

Each entry of the similarity matrix indicates a similarity 21d one. , ,
between two corresponding words.. The two wardand The similarity matrix may be constructed automatically
t;, are viewed into two sets of texts which include thefp, oM a corpus. TheN texts which are contained in the

andT;. The similarity between the two words is computed COTPUS are given as the input and each of them is indexed
by equation (1) into a list of words. All possible pairs of words are generated

and the similarities among them are computed by equation
_ 2|T; N T ) (1). By computing them, we construct the square matrix
|T;| + |T5] which consists of the similarities. Once making the similarity

. o S matrix, it will be used continually as the basis for performin
where|T;| is the cardinalityof the set,T;. The similarity is . . y P 9
tpe operation on string vectors.

always given as a normalized value between zero and one; i S . L
yS g . . 2) Similarity between GraphsThis section is concerned
two documents are exactly same to each other, the 3|m|lar|t%. . T
ith the scheme of computing a similarity between two

becomes 1.0 as follows: graphs. Words are encoded into graphs where vertices are
_ 2|T; N T —1.0 text identifiers and edges are the similarity between texts.
|T3| + | T3] ' We assume that each graph is a set of edges and consider
the three cases for computing the similarity between graphs:
both coincidence, either coincidence, and no coincidence.
The similarity between graphs is computed by averaging
similarities among edges and is always given as a normalized
value between zero and one. Therefore, this section is

sim(ti, tj)

sim(ti, tj)

and if two words have no shared texts, N 7; = 0 the
similarity becomes 0.0 as follows:

_2ATinTy|

= ———==0.0
T3] + |51

sim(ti, tj)
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intended todescribeformally the process of computing the If the two graphs(z; and G, are so with different weights,

similarity between graphs. the similarity between the two graphs is the average over
We need to consider the similarity between two individualweights of two graphs as follows:
edges,¢ ande;, which is notated byim(e;,e;), and each 1
weighted edge consist of two nodes and its weight as sim(eqq, e;) = i(w(eu)er(ezi))
follows: 1
ei = {vi1, viz, wi } sim(e1i, G2) = maxj_,sim(e1;, e2r) = 5(’[1}(612‘)—‘1-’[1)(621‘))
and the edge weight is notated hye;) = w;. If no node n
is shared by two edges liké4, B,0.2) and (C, D,0.4), sim(Gy, Ga) = LZ(w(eu) + w(es;))
the similarity becomes zero. If only one node is shared by 2n =

two edges like(4, B,0.2) and (B, C,0.4), the similarity

becomes the product of two weights as follows: If there is no shared edge between the two graphs, the

similarity becomes zero as follows:

simfei, e;) = w(ei)w(e;). sim(e1;, G2) = maxy_,sim(ey;, ea) = 0.0

If both nodes are shared, the similarity becomes the average Lo
of the two weights as follows: sim(G1,Gq) = — E sim(e1;,G2) = 0.0
n
=1

sim(e;,ej) = 1(w(&) +w(ey)).

2 The similarity between the two graphs is always a nor-
It is assumed that each weight between edges is always givénalized value between zero and one as proved from the
as normalized value between zero and one. mathematical characterization.
The two graphs(G; and G,, are expressed into the two  Let us consider the complexity of computing a similarity
sets: between graphs to the number of edges in both graphs.
G1 = {e11,€12, - ,e1n} The number of all possible pairs becom@g;—” to the
numberof edgesyn. The similarities of all possible pairs are
Gz = {ez1, €22, ean} computed by the above proce€§-—1) times.We derive the

and it is assumed that both graphs have same number @tiadratic complexity)(n?), for computing the similarities.
edges. All possible pairs of edges are generated from the twbherefore, we need to optimize the number of edges for
graphs. For each edge in one graph, its similarities with théepresenting a word into a graph by controlling the threshold
edges in the other are computed, and the maximum amori@gtween the reliability and the computation speed.

them is obtained as the similarity between an edge and g Proposed Version of KNN

graph, by equation (2). ) o ) )
‘ L This section is concerned with the proposed KNN version
sim(e1i, Gz) = maxy_,sim(ex;, ezx) (2)  asthe approach to the text categorization. Words are encoded

The similarity between the two graphs is set by averagin into graphs by the process which was described in section

over the maximum similarities of edges with the other by [I-A. In this section, we attempt to the traditional KNN into
equation (3) the version where a graph is given as the input data. The

version is intended to improve the classification performance
3) by avoiding problems from encoding texts into numerical

vectors. Therefore, in this section, we describe the proposed
NN version in detail, together with the traditional version.
The traditional KNN version is illustrated in Figure 2. The
sample words which are labeled with the positive class or the
negative class are encoded into numerical vectors. The sim-
'ilarities of the numerical vector which represents a novice
Svord with those representing sample words are computed
using the Euclidean distance or the cosine similarity. The
k most similar sample words are selected as the k nearest
neighbors and the label of the novice entity is decided by

sim(G1,Ga) = % Z sim(e1, G2)
i=1

Becauseheweights of edges are always given as normalizeJ<
values, the similarity between graphs is always so.

Let us characterize the operation for computing the sim
ilarity between graphs, mathematically. If the two graphs
G, and G,, are identical to each other and all edges ar
weighted with 1.0 valuesy;, w(ey;) = 1.0, andw(eg;) =
1.0, the similarity between the two graphs becomes 1.0.

sim(ey;, €9;) = 1(w(eu) +w(ey;)) =1.0

2 voting their labels. However, note that the traditional KNN
sim(e1s, Go) = maz_,sim(ey;, ear) = 1.0 version is very fragile in computing the similarity between
n very sparse numerical vectors.
sim(Gy, Ga) = lzsim(eu,Gz) =1.0 Separately from the traditional one, we illustrate the
ni classification process by the proposed version in Figure 3.
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Cosine Similarity

Training Examples or measure between graphs, we can modify the KNN. For
FucldeenDistanee modifying the k means algorithm, we need to define one
A ["f“"'”'d]?<): more operation which build prototype graph as representa-
tive among ones. For modifying the perceptron or the MLP
. (Multiple Layer Peceptron) where both input and weights
-------- :> e are given as graphs, we need the update rule of graphs. In
l% ey J— | order to define more advanced operations on graphs, we need
[ 1+ + to do more theoretical research on operations based on the

lay oy ] — :> L1 :> or graph theory.

K most similar IV. CONCLUSION

vectors

Let us mention the remaining tasks for doing the further
Figure2. TheTraditional Version of KNN research. We apply and validate the proposed research in
classifying technical documents in specific domains such
as medicine or engineering rather than news articles in
The sample texts labeled with the positive or negative clasgarious domains. We define and characterize more advanced
are encoded into graphs by the process described in SeCti%erations mathematically on graphs which represent texts.
Il-A. The similarity between two graphs is computed by the \we modify more advanced machine learning algorithms
scheme which was described in section 1I-B2. Identically tojnto their graph based version, using the more sophisticated
the traditional version, in the proposed version, the k mospperations. We implement the text categorization system as

one is decided by voting ones of sample entities. Because the proposed approach.

sparse distributions in graphs are never available inherently,

the poor discriminations by sparse distributions are certainly V. ACKNOWLEDGEMENT
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