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Abstract—In this research, we propose the graph based KNN
where a graph is given as input, instead of a numerical vector,
as the approach to the text categorization tasks. The ontology
which is given as a graph has been used as the popular and
standard knowledge representation which is understandable by
computers, so it is regarded as more natural scheme to encode
texts into graphs, than numerical vectors. In this research, we
encode texts into graphs, define the similarity measure between
graphs, and modify the K Nearest Neighbor into its graph
based version as the text categorization tool. As the benefit
from this research, we expect the more compact, graphical,
and symbolic representation of texts, than numerical vectors.
Therefore, the goal of this research is to implement the text
categorization system with the better performance and more
user-friendly representations of texts

Keywords-Text Categorization, Graph Similarity, Graph
based KNN

I. I NTRODUCTION

Text categorization refers to the process of classifying
each text into its relevant topics or categories among the
predefined ones. As its preliminary tasks, a finite number
of categories are predefined and sample texts which are
labeled with one or some of the predefined are prepared.
As the learning process, using the sample labeled texts, the
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
of approaches such as manual rule based schemes and other
heuristic ones are available, in this research, we assume that
the supervised learning algorithms are used as the approach.

Let us mention some points which provide the motiva-
tions for doing this research. Encoding texts into numerical
vectors causes problems such as huge dimensionality and
sparse distribution [1]. The graphs became the popular rep-
resentations of knowledge or information which are called
ontologies or word nets [2][3]. Because the ontologies are
used for representing knowledge as graphs, in previous
works, many algorithms for manipulating graphs. Therefore,
by these motivations, we encode texts into graphs, and
modify the machine learning algorithms into versions which
receive graphs as input data.

Let us mention what we propose in this research as its
ideas. Instead of a numerical vector, each text is encoded

into the graph where its vertices are words and its edges are
the semantic relations among words. The similarity measure
between two graphs is defined, considering both the vertices
and edges. The KNN (K Nearest Neighbors) is modified
into the graph based version where data items are classified
based on the similarity between graphs, and applied to the
text categorization tasks. The adjacency matrix is adopted
as representation of each graph in this research.

Let us mention some benefits which are expected from this
research. By avoiding the problems from encoding texts into
numerical vectors, we expect the better performance of the
proposed version than the traditional version of the KNN.
Since the graphs are more symbolic text representations than
numerical vectors, we expect more transparency in encod-
ing so. We expect more compactness of representing texts
than numerical vectors for processing texts more efficiently.
Hence, the goal of this research is to implement the text
categorization which satisfying the benefits.

This article is organized into the four sections. In Section
II, we survey the relevant previous works. In Section III,
we describe in detail what we propose in this research. In
Section IV, we mention the remaining tasks for doing the
further research.

II. PREVIOUS WORKS

Let us survey the previous cases of encoding texts into
structured forms for using the machine learning algorithms
to text mining tasks. The three main problems, huge dimen-
sionality, sparse distribution, and poor transparency, have
existed inherently in encoding them into numerical vectors.
In previous works, various schemes of preprocessing texts
have been proposed, in order to solve the problems. In
this survey, we focus on the process of encoding texts into
alternative structured forms to numerical vectors. In other
words, this section is intended to explore previous works on
solutions to the problems.

Let us mention the popularity of encoding texts into
numerical vectors, and the proposal and the application of
string kernels as the solution to the above problems. In 2002,
Sebastiani presented the numerical vectors are the standard
representations of texts in applying the machine learning
algorithms to the text classifications [4]. In 2002, Lodhi et
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al. proposedthe string kernel as a kernel function of raw
texts in using the SVM (Support Vector Machine) to the
text classification [5]. In 2004, Lesile et al. used the version
of SVM which proposed by Lodhi et al. to the protein
classification [6]. In 2004, Kate and Mooney used also the
SVM version for classifying sentences by their meanings
[7].

It was proposed that texts are encoded into tables instead
of numerical vectors, as the solutions to the above problems.
In 2008, Jo and Cho proposed the table matching algorithm
as the approach to text classification [8]. In 2008, Jo applied
also his proposed approach to the text clustering, as well
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].

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
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
as its input data [14]. In 2010, Jo applied the supervised
neural networks, called Neural Text Categorizer, which gets
a string vector as its input, as the approach to the text
classification [15].

The above previous works proposed the string kernel as
the kernel function of raw texts in the SVM, and tables
and string vectors as representations of texts, in order to
solve the problems. Because the string kernel takes very
much computation time for computing their values, it was
used for processing short strings or sentences rather than
texts. In the previous works on encoding texts into tables,
only table matching algorithm was proposed; there is no
attempt to modify the machine algorithms into their table
based version. In the previous works on encoding texts into
string vectors, only frequency was considered for defining
features of string vectors. In this research, we propose that
texts should be encoded into graphs, and modify the KNN
into the version which processes graphs instead of numerical
vectors, as the approach to the text categorization.

III. PROPOSEDAPPROACH

This section is concerned with encoding words into
graphs, modifying the KNN (K Nearest Neighbor) into the
graph based version and applying it to the text categoriza-
tion, and consists of the three sections. In section III-A,
we deal with the process of encoding texts into graphs. In
section III-B, we describe formally the process of computing
the similarity between to graphs. In section III-C, we do the
graph vector based KNN version as the approach to the text

categorization. Therefore, this section is intended to describe
the proposed KNN version as the text categorization tool.

A. Text Encoding

This section is concerned with the process of encoding a
text into a graph as illustrated in Figure 1. The graph is de-
fined into the two sets: vertex set and edge set. Vertices and
edges correspond to words and their semantic relationships,
respectively. In this research, the graph which represents a
text is given as a weighted and undirected one. Therefore,
in this section, we will describe in detail the process of
representing a text into graph.

Figure1. TheProcess of Encoding Text into Graph

Before encoding a text into its own graph, we need to
construct an index list where each text is linked to a list of
words. We generate directly a list of texts from a corpus.
Each text is indexed into a list of words and it is associated
with its own list of its included words. Each word has its
weights and posting information as its relationship with
a text. A text is indexed basically with the three steps:
tokenization, stemming, and stop-word removal.

We need to define vertices which are followed by edges
in encoding a text into a graph. The vertices correspond to
list of words which are included in the text. Some of them
are selected by their weights as vertices; they are notated as
follows:

D(v) = {vi1, vi2, · · · , vim}
We consider the ranked selection where a fixed number of
texts is selected by ranking them and the score based one
where the texts whose weights are greater than or equal to
a threshold are selected as the selection schemes. A set of
vertices which indicate words is extracted through indexing.

We need to define the set of edges as well as that of
vertices for representing a word into a graph. We compute
similarities of all possible pairs of vertices which indicate
words. We construct the similarity matrix whose entries are
similarities among words from a corpus. We select word
pairs whose similarities are more than the given threshold,
and define the set which consists of edges as follows:

D(e) = {ei1, ei2, · · · , ein}
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The processof building the similarity matrix and computing
the similarity between texts will be described in section
III-B1.

Let us consider how to represent a graph into its structured
form in the implementation level. We may mention the
adjacency matrix where vertices correspond to its rows and
columns and entries indicate the edge weights. We regard
the linked list where vertices are given as nodes and edges
are given as pointers between them as another representation
of a graph. A graph is represented into a list of edges which
are given as pairs of vertex identifiers and each weight is
associated with its own weight. In this research, we adopt
the third scheme where a graph is represented into a set of
edges.

B. Graphs

This section is concerned with the operation on graphs and
the basis for carrying out it. It consists of two subsections
and assumes that a corpus is required for performing the
operation. In section III-B1, we describe the process of
constructing the similarity matrix from a corpus. In section
III-B2, we define the operation on graphs mathematically.
Therefore, this section is intended to describe the similarity
matrix and the operation on them.

1) Similarity Matrix: This subsection is concerned with
the similarity matrix as the basis for performing the semantic
operation on string vectors. Each row and column of the
similarity matrix corresponds to a word in the corpus. The
similarities of all possible pairs of words are given as
normalized values between zero and one. The similarity
matrix which we construct from the corpus is theN × N
square matrix with symmetry elements and 1’s diagonal
elements. In this subsection, we will describe formally the
definition and characterization of the similarity matrix.

Each entry of the similarity matrix indicates a similarity
between two corresponding words.. The two words,ti and
tj , are viewed into two sets of texts which include them,Ti

andTj . The similarity between the two words is computed
by equation (1),

sim(ti, tj) =
2|Ti ∩ Tj |
|Ti|+ |Tj | (1)

where|Ti| is the cardinalityof the set,Ti. The similarity is
always given as a normalized value between zero and one; if
two documents are exactly same to each other, the similarity
becomes 1.0 as follows:

sim(ti, tj) =
2|Ti ∩ Ti|
|Ti|+ |Ti| = 1.0

and if two words have no shared texts,Ti ∩ Tj = ∅ the
similarity becomes 0.0 as follows:

sim(ti, tj) =
2|Ti ∩ Tj |
|Ti|+ |Tj | = 0.0

The more advanced schemes of computing the similarity will
be considered in next research.

From the text collection, we buildN ×N square matrix
as follows:

S =




s11 s12 . . . s1d

s21 s22 . . . s2d

...
...

.. .
...

sd1 sd2 . . . sdd


 .

N individual words which are contained in the collection
correspond to the rows and columns of the matrix. The entry,
sij is computed by equation (1) as follows:

sij = sim(ti, tj)

The overestimation or underestimation by text lengths are
prevented by the denominator in equation (1). To the number
of texts,N , it costs quadratic complexity,O(N2), to build
the above matrix.

Let us characterize the above similarity matrix, mathe-
matically. Because each column and row corresponds to
its same text in the diagonal positions of the matrix, the
diagonal elements are always given 1.0 by equation (1).
In the off-diagonal positions of the matrix, the values are
always given as normalized ones between zero and one,
because of0 ≤ 2|Ti∩Ti| ≤ |Ti|+ |Tj | from equation (1). It
is proved that the similarity matrix is symmetry, as follows:

sij = sim(ti, tj) =
2|Ti ∩ Tj |
|Ti|+ |Tj | =

2|Tj ∩ Ti|
|Tj |+ |Ti|

= sim(tj , ti) = sji

Therefore, the matrix is characterized as the symmetry
matrix which consists of the normalized values between zero
and one.

The similarity matrix may be constructed automatically
from a corpus. TheN texts which are contained in the
corpus are given as the input and each of them is indexed
into a list of words. All possible pairs of words are generated
and the similarities among them are computed by equation
(1). 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
the operation on string vectors.

2) Similarity between Graphs:This section is concerned
with the scheme of computing a similarity between two
graphs. Words are encoded into graphs where vertices are
text identifiers and edges are the similarity between texts.
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
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intended todescribeformally the process of computing the
similarity between graphs.

We need to consider the similarity between two individual
edges,ei and ej , which is notated bysim(ei, ej), and each
weighted edge consist of two nodes and its weight as
follows:

ei = {vi1, vi2, wi}
and the edge weight is notated byw(ei) = wi. If no node
is shared by two edges like(A,B, 0.2) and (C, D, 0.4),
the similarity becomes zero. If only one node is shared by
two edges like(A,B, 0.2) and (B,C, 0.4), the similarity
becomes the product of two weights as follows:

sim(ei, ej) = w(ei)w(ej).

If both nodes are shared, the similarity becomes the average
of the two weights as follows:

sim(ei, ej) =
1
2
(w(ei) + w(ej)).

It is assumed that each weight between edges is always given
as normalized value between zero and one.

The two graphs,G1 and G2, are expressed into the two
sets:

G1 = {e11, e12, · · · , e1n}
G2 = {e21, e22, · · · , e2n}

and it is assumed that both graphs have same number of
edges. All possible pairs of edges are generated from the two
graphs. For each edge in one graph, its similarities with the
edges in the other are computed, and the maximum among
them is obtained as the similarity between an edge and a
graph, by equation (2).

sim(e1i, G2) = maxn
k=1sim(e1i, e2k) (2)

The similarity between the two graphs is set by averaging
over the maximum similarities of edges with the other by
equation (3),

sim(G1, G2) =
1
n

n∑

i=1

sim(e1i, G2) (3)

Becausetheweights of edges are always given as normalized
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,
G1 and G2, are identical to each other and all edges are
weighted with 1.0 values,∀i, w(e1i) = 1.0, and w(e2i) =
1.0, the similarity between the two graphs becomes 1.0.

sim(e1i, e2i) =
1
2
(w(e1i) + w(e2i)) = 1.0

sim(e1i, G2) = maxn
k=1sim(e1i, e2k) = 1.0

sim(G1, G2) =
1
n

n∑

i=1

sim(e1i, G2) = 1.0

If the two graphs,G1 andG2 are so with different weights,
the similarity between the two graphs is the average over
weights of two graphs as follows:

sim(e1i, e2i) =
1
2
(w(e1i) + w(e2i))

sim(e1i, G2) = maxn
k=1sim(e1i, e2k) =

1
2
(w(e1i)+w(e2i))

sim(G1, G2) =
1
2n

n∑

i=1

(w(e1i) + w(e2i))

If there is no shared edge between the two graphs, the
similarity becomes zero as follows:

sim(e1i, G2) = maxn
k=1sim(e1i, e2k) = 0.0

sim(G1, G2) =
1
n

n∑

i=1

sim(e1i, G2) = 0.0

The similarity between the two graphs is always a nor-
malized value between zero and one as proved from the
mathematical characterization.

Let us consider the complexity of computing a similarity
between graphs to the number of edges in both graphs.
The number of all possible pairs becomesn(n−1)

2 to the
numberof edges,n. The similarities of all possible pairs are
computed by the above process,n(n−1)

2 times.We derive the
quadratic complexity,O(n2), for computing the similarities.
Therefore, we need to optimize the number of edges for
representing a word into a graph by controlling the threshold
between the reliability and the computation speed.

C. Proposed Version of KNN

This section is concerned with the proposed KNN version
as the approach to the text categorization. Words are encoded
into graphs by the process which was described in section
III-A. In this section, we attempt to the traditional KNN into
the version where a graph 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 section, we describe the proposed
KNN 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
word 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
voting their labels. However, note that the traditional KNN
version is very fragile in computing the similarity between
very sparse numerical vectors.

Separately from the traditional one, we illustrate the
classification process by the proposed version in Figure 3.
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Figure2. TheTraditional Version of KNN

The sample texts labeled with the positive or negative class
are encoded into graphs by the process described in section
III-A. The similarity between two graphs is computed by the
scheme which was described in section III-B2. Identically to
the traditional version, in the proposed version, the k most
similarity samples are selected, and the label of the novice
one is decided by voting ones of sample entities. Because the
sparse distributions in graphs are never available inherently,
the poor discriminations by sparse distributions are certainly
overcome in this research.

Figure3. The Proposed Version of KNN

We may derive some variants from the proposed KNN
version. We may assign different weights to selected neigh-
bors instead of identical ones: the highest weights to the
first nearest neighbor and the lowest weight to the last one.
Instead of a fixed number of nearest neighbors, we select
any number of training examples within a hyper-sphere
whose center is the given novice example as neighbors. The
categorical scores are computed proportionally to similarities
with training examples, instead of selecting nearest neigh-
bors. We may also consider the variants where more than
two variants are combined with each other.

We need to define more operations on graphs for modify-
ing other machine learning algorithms into their graph based
versions. In this research, only if we define the similarity

measure between graphs, we can modify the KNN. For
modifying the k means algorithm, we need to define one
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
are given as graphs, we need the update rule of graphs. In
order to define more advanced operations on graphs, we need
to do more theoretical research on operations based on the
graph theory.

IV. CONCLUSION

Let us mention the remaining tasks for doing the further
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
various domains. We define and characterize more advanced
operations mathematically on graphs which represent texts.
We modify more advanced machine learning algorithms
into their graph based version, using the more sophisticated
operations. We implement the text categorization system as
a system module or an independent software by adopting
the proposed approach.
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