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Abstract The increasing volume of available documents in the World Wide Web has
turned the document indexing and searching more and more complex. This is-
sue has motivated the development of several researches in the text classification
area. However, the techniques resulting from these researches require human
intervention to choose the more adequate parameters to carry on the classifica-
tion. Motivated by such limitation, this article presents a new model for the text
automatic classification 1. This model uses a self-organizing artificial neural net-
work architecture, which does not require previous knowledge on the domains
to be classified. The document features, in a word radical frequency format, are
submitted to such architecture, what generates clusters with similar sets of docu-
ments. The model deals with stages of feature extraction, classification, labeling
and indexing of documents for searching purposes. The classification stage, re-
ceives the radical frequency vectors, submit them to the ART-2A neural network
that classifies them and stores the patterns in clusters, based on their similarity
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level. The labeling stage is responsible for extracting the significance level of
each radical for each generated cluster. Such significances are used to index the
documents, providing support to the next stage, which comprehends the docu-
ment searching. The main contributions provided by the proposed model are:
proposal for distance measures to automate the p vigilance parameter responsi-
ble for the classification quality, thus eliminating the need of human intervention
on the parameterization process; proposal for a labeling algorithm that extracts
the significance level of each word for each cluster generated by the neural net-
work; and the creation of an automated classification methodology.

Keywords: text classifying, neural networks, adaptive resonance theory.

1. Introduction
Every day, millions of documents are added to the World Wide Web Pierre,

2000; Sinka and Corne, 2002. This increasing volume of available documents
makes the searching operations more and more complex. Nowadays, the search
engines use techniques based on the search of word sets within the Web doc-
uments. Such techniques spend a lot of computing processes as they require
the indexing of all words contained on the documents and consider as of the
same importance all the words contained there. Observing the complexity of
the document search operations, several researches for text and document clas-
sification have been proposed Sinka and Corne, 2002; Pierre, 2000; He et al.,
2003; Nigam et al., 2000; Blei et al., 2002. Out of these works, the following
ones may be highlighted: M.P. Sinka e D.W. Cornei Sinka and Corne, 2002, J.
He et al He et al., 2003, K. Nigam et al Nigam et al., 2000 and D.M. Blei
et al Blei et al., 2002. M.P. Sinka and D.W. Cornei Sinka and Corne, 2002
have proposed a pattern data set to accomplish the text classification studies.
Such data set is based on html pages on 11 different subjects. Details on this
data set are presented, in addition to the results that use the k-means algorithm
to classify the documents. In order to use this algorithm it was necessary to
count the word frequency on each document. For each document it was cre-
ated a vector containing from 0.05% to 2% of the most frequent words. The
created vector set was submitted to the k-means algorithm, which was respon-
sible for calculating the minimum Euclidean distance among them. With the
experiments, it could be proved that the documents average classification rate
was above 50%, taking into account the previous classification as a pattern. On
the experiments, the k-means algorithm was manually parameterized until the
desired results were reached.

J. He et al He et al., 2003 have proposed an alteration to the ART-2A arti-
ficial neural network to create a pre-defined number of clusters on the pattern
classification. For this purpose, it was proposed a dynamic change on the p
vigilance parameter, which may fit itself for the creation of a desired number
of clusters. This technique is compared to the original ART-2A neural network,
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SOM and to the batch k-means and online k-means clustering algorithms. The
text classification results have proved that the change on the ART-2A neural
network brings about, on certain instances, some improvements on the final
results. The major contribution of this work is to allow the previous definition
of the desired number of clusters by the end of a classification process.

K. Nigam et al Nigam et al., 2000 have shown that the classification quality
may be increased by means of a small set of documents previously labeled. It
has been presenting a learning algorithm that uses labeled and unlabeled doc-
uments based on the combined techniques of Expectation-Maximization and a
naive Bayes classifier. Before performing classifications with the algorithm,
it is required to train the classifier with a subset of labeled documents. The
knowledge obtained on this stage is then used to classify the remainder docu-
ments. Experiments have shown that errors on unlabeled documents decrease
up to 30%.

D.M. Blei et al Blei et al., 2002 have proposed a classification model that
analyzes the global and local features of the documents. The global features
comprehend the words and their frequencies; the local features are composed
by the font size and color, italic, bold and other components related to the text
format. Experiments have been carried out by using this model over a subset
of documents for learning purposes and then on the remainder documents to
classify them out. The experiment results have proved that classification errors
are reduced in about 66%.

The previously presented work have shown good results but the choice of
the best parameters is made by human intervention. For instance, M.P. Sinka
and D.W. Cornei Sinka and Corne, 2002 have defined the k parameter, from
k-means algorithm, fixed on 2, J. He et al. He et al., 2003 have defined a fixed
number of clusters to be generated by the end of the classification process,
what influences the neural network vigilance parameter and may deteriorate
the classification quality. K. Nigam et al Nigam et al., 2000 have shown that
the classification quality may be enlarged by submitting a subset of labeled
documents to the clustering algorithm. Nevertheless, this technique requires
a previous human classification on part of the documents. D.M. Blei et al
Blei et al., 2002 have shown that the classification quality may be improved
by considering the local features of each document. However, this technique
requires previous training so that the model may learn the different manners to
classify the remainder documents.

Observing the previously described limitations, this article presents a new
model for automatic text classification. The documents may be stored in any
format that may be transformed in pure text, such as html, pdf postscript, Mi-
crosoft Word, Microsoft Excel, etc. This model is composed of the following
stages: conversion of document format into pure text, stopwords removal, ex-
traction of word radicals contained on the text, radical frequency counting,
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frequency submission to an ART-2A self-organizing artificial neural network
which is responsible for classifying the document and extracting the radicals
and their respective significances. Such radicals and significances are used to
index the documents. From the keywords typed by the user, searches may be
done on the radicals that index the documents, by arranging the result accord-
ing to its significances. Thus, it is obtained,in a relevance order, the document
set that best fits the user's request.

2. Model for Text Classification

This work has been motivated by the need to use human intervention to
define the classification parameters on clustering algorithms such as batch k-
means, online k-means and neural network architectures such as SOM and
ART. This kind of parameterization has limited the automatic classification
application over the unknown dominions. Such limitations have motivated the
proposal for an automatic model for text classification, without the need of
previous knowledge on the classification dominions and without human inter-
ference. The stages that make up this model are described on the following
sections.

Feature extraction
The first stage of the automatic classification model is composed of the pre-

processing and feature extraction, which provide subsidies for the classification
start up. The steps that make it up are described as follows:

1 Conversion from document format to pure text - on this stage the docu-
ments are converted into pure text, so that the word occurrences may be
counted on each document. The quantity of occurrences of a same word
at a certain document, called a word frequency on the document, is used
as the classifier entry.

2 Stopwords Removal- after the document is converted, the words that do
not show relevant significance are removed. Examples of such words
are: of, the, in, and, or etc. Thus, only the most relevant words are left
to represent the document.

3 Extraction of word radicals contained in the text - with the main words
of each document it is started the extraction of word radicals, responsible
for attributing meaning to them. For instance, words such as balancing,
balance, balanced are unified through the balanc radical.

4 Radical frequency counting - after the radicals are extracted, they are
counted and the number of occurrences is stored at a distinct vector for
each document. Such vectors contain the frequency of each word at a
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certain document. Each Vt{ vector(where % — 0,1,2,..., n) shows the
same number of elements, where \Vt\\ = fc, |Vfe| = k,..., \Vtn\ = k.
Elements of a same index quantify the frequency of a same word. Thus,
an a word is at the same j index of the Vt\,Vt2,..., Vtn vectors.

Classification

The second stage is responsible for grouping and classifying the VU vector
sets (obtained on the first stage) by using an ART-2A Carpenter et al., 1991
self-organizing artificial neural network architecture.

The ART {Adaptive Resonance Theory) neural network family are self-
organizing and non-supervised architectures that learn on stable representa-
tion codes in response to an arbitrary sequence of input patterns Carpenter and
Grossberg, 1988; Carpenter and Grossberg, 1989. The ability of the ART-2A net-
work family differs from the other self-organizing architectures as it allows the
user to control the similarity degree among the patterns grouped at a same
representation unit. This control allows the network to be sensitive to the dif-
ferences existing on the input patterns and to be able to generate more or less
classes in response to this control. Moreover, the learning on the networks ART
is continuous: the network adapts itself to the incoming data, creating new pro-
cessing units to learn the patterns, when required. Out of the different versions
of networks ART, the architecture ART-2A may be highlighted as it allows the
quick learning of the input patterns represented by continuous values. Because
of its attractive features, such as noise filtering and good computing and classi-
fication performance, the neural ART network family has been used in several
domains, such as to recognize Chinese characters Gan and Lua, 1992, inter-
pretation of data originated on nuclear reactor sensors Whiteley and Davis,
1996; Whiteley and Davis, 1993; Keyvan and Rabelo, 1992, image process-
ing Vlajic and Card, 2001, detection of earth mines Filippidis et al., 1999,
treatment of satellite images Carpenter et al., 1997 and robots sensorial con-
trol Bachelder et al., 1993.

The ART 2A network architecture is composed of two main components:
the attention and orientation systems (figure 1). The attention system is pro-
vided with an FQ preprocessing layer, an Fi input representation layer and
with a i<2 class representation layer. The input and representation layers are
interconnected through a set of adaptive weights called bottom-up (i*\ -> F2)
and top-down {F2 -+ F{). The path from the neuron ith of layer F\ to the
neuron jth of the layer F2 is represented by W{j. Likewise, the neuron jth of
layer F2 is connected to ith of the layer JFi through the adaptive weight Wji.
These weights multiply the signals that are sent among the neuron layers and
are responsible for the storage of the knowledge obtained by the network. The
interactions between the layers F\ and F2 are controlled by the orientation
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system, which uses a p vigilance parameter, and the way through which the
weights are updated to obtain knowledge on the input patterns is defined by
the training algorithm.

Attentional Subsystem

p )Orienting
Subsystem

Figure 1.
input

ART 2A neural network basic architecture

Training algorithm. The ART-2A dynamics are determined by the p £
[0,1] vigilance parameter and the j3 G [0,1] learning rate. Initially, the output
layer F% does not have any class. On our classification model, the input pattern
J° is composed of a set of attributes associated to the process to be classified.
The ART-2A training algorithm is composed of the following stages: prepro-
cessing, activation, search, resonance or reset and adaptation.

• Preprocessing: this phase performs input normalization operations 7°:

(1)

where N and FQ describe the following operations:

X

INI
X

, F0(x) =
if a; > 6
otherwise

(2)

Such operations perform the Euclidean normalization and noise filtering.
The noise filtering, through the 9 parameter, only makes sense if the
main features of the input patterns, which lead to the creation of different
classes, are represented exclusively on the highest values of the input
components.
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• Activation: this phase is responsible for sending out the incoming sig-
nals to the neurons of the representation layer F2:

if j indexes a committed prototype

otherwise

where Tj corresponds to the j neuron activation on the F2 layer. Initially,
all the neurons are marked as uncommitted and become committed when
their weights are adapted to learn a certain input pattern. The a choice
parameter defines the maximum depth of search for a fitting cluster. With
a = 0, value used in this work, all committed prototypes are checked
before an uncommitted prototype is chosen as winner.

Search: This phase is responsible for finding a candidate neuron to store
the current pattern. The network competitive learning indicates the most
activated neuron is the one chosen as candidate to represent the input
pattern:

Tj = max {Tj : for all F2 nodes} (4)

Resonance or reset: after selecting the most activated neuron, the reset
condition is tested:

yj > p (5)

If the inequality is real, the candidate neuron is chosen to store the pat-
tern and the adaptation stage is initiated (resonance). If not, the winning
neuron is inhibited and the searching stage is repeated (reset).

Adaptation: this stage describes how the pattern will be learned by the

network. Such stage comprehends the updating of the network weights

for the J winning neuron, which, then, become committed:

_ N(/3N\I> + (1 - fijWjf) if j indexes a committed prototype
Jl 1 / otherwise

(6)

if <d > 0
otherwise
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Table L ART-2A main parameters

Parameter
m
n
0

P
P

Description
number of input units
maximum number of representation units
noise suppression parameter
learning rate
vigilance parameter

Value example
7
15

£ = 0.7
p = 0.9

The table 1 illustrates the examples of values for the ART-2A network pa-
rameters. The p vigilance value defines the quantity of classes that will be
created by the network. The p value forms a circular decision boundary with a
radius of ^ 2 ( 1 — p) around the weight vector of each category He et al.5 2003.
With p = 0, all input patterns are grouped at a same class. With p = 1, it is
created a class for each input pattern presented to the network. The (3 learn-
ing rate defines the adaptation speed of the prototypes in response to the input
patterns. The ART-2A should not be used with ft = 1, as the prototypes tend
to jump among the input patterns associated to a class instead of converging to
the patterns average.

Each committed neuron of the F<i layer defines a similar pattern group. The
committed neuron set defines the classification generated by the network for
the submitted values. As the input patterns over the process behavior are not
previously labeled, it is required an algorithm to define a label to represent
each class created by the network.

Labeling Algorithm. The labeling algorithm is built in accordance with the
idea that the ART-2A network weights resemble the input patterns that have
been learned by a certain neuron of the F<i layer Senger et al., 2004. The
ART-2A network weights are also called prototypes because they define the
direction for the data grouping. The data normalization operations performed
by the ART network allows all the vectors to be canonically normalized. Thus,
only the angle formed among the prototypes is preserved. If the process moni-
toring values are initially normalized (see equation 2), such values do not differ
too much in their magnitude. In addition, according to the rule for updating
the ART network weights (see equation 7), the prototypes are also normalized.
Thus, each attribute contribution can be obtained, based on its value on the
weight vector. Such value represents the attribute significance for the local
grouping chosen by the network.

After the data grouping is performed by the ART-2A network, a label is
added to each neuron of the F<i layer. For this purpose, a significance matrix is
defined, which is composed of a SVtj significance value set Ultsch, 1993. The
significance matrix supports the decision about which components of the input
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vector are significant to label each committed neuron of the F^ layer. The
significance values are obtained directly from the ART-2A network weights,
where the number of columns of the significance matrix is equal to the number
of committed neurons of the F<i layer, which represent the obtained classes and
the number of lines is equal to the number of components of the input vector.
For instance, a SM = (SVij)7x4: significance matrix is obtained through a
network that has 4 classes to represent a process described by an input vector
with m = 7 components.

The labeling algorithm is illustrated by the Algorithm 1. In order to detect
the most important attributes to describe the class, the significance values of
the attributes are normalized in relation to the sum of the total significance
values of a certain class, that is, the sum of the elements of the column. After
such normalization is done, the column values are arranged in a decreasing
manner and accumulated frequency of the significance values is calculated.
For labeling the class, the set of the more significant attributes is selected until
the accumulated frequency sum does not exceed a certain x threshold. By the
end of the algorithm execution there will be a C set of more relevant attributes,
for each category created by the network, to label the class.

Algorithm 1 Labeling of the Classes obtained by the ART-2A network
i: defines the threshold value x (p-e- X — 55%) e

m (input vector dimension)
2: create the significance matrix, one column for each class created by the

ART-2A network
3: for each column created on the significance matrix do
4: sum the significance values of each attribute
5: normalize the significance values based on the sum
6: calculate the distribution of the accumulated frequency
7: arrange in a decreasing order the column attributes
8: sum := 0
9: i := 1

10: C := 0
ii: while (sum < x) and (i < m) do
12: add the attributei to the C set
13: add the attributei accumulated frequency to the sum variable
14: %:—% + !
15: end while
16: label the class based on the attributes contained on C set
17: end for

The labeling stage obtains a C attribute set to represent the group. The
elements of this set are afterwards used to index the documents.
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Document Indexing and Search

The C attribute set, obtained through the labeling algorithm, is used to index
the documents according to the significance of each word radical for one of the
generated clusters.

After the indexing process, searches may be conducted from the keywords
typed by the users. Out of these words are extracted the radicals, which are
compared to the C attribute set that index the documents. By following this
strategy, it may be obtained, in a relevance order, the document set that best
fits the user's request.

3. Example on Text Classification
An example on text classification is presented on this section. Consider

the table 2 as the word radical frequency counting of 10 distinct documents.
The radical frequency set of each document is submitted to the ART-2A self-
organizing neural network architecture, which is responsible for classifying it
and creating clusters based on the document similarity.

Table 2. Radical frequency on Documents

Documents
1
2
3
4
5
6
7
8
9

10

finance

10
0
2
3
1
8
2
1
10
0

sport

5
1
0
7
9
15
1
0
0
12

biology

7
15
19
8
3
2
10
8
7
0

program

0
10
5
8
0
9
12
2
7
9

internet

1
7
3
5
10
11
12
1
5
3

The number of created clusters and stored patterns on each cluster varies ac-
cording to the p vigilance parameter. The table 3 shows the quantity of clusters
and the main word radicals, with their respective percentage significances to
pe[o, i ] .

On the table 3 it may be observed that high p values makes the neural net-
work to generate a higher number of clusters. The column Identifiers Set and
Significance of this table shows the identifier set and its significances for each
created cluster. It may be noted that for the p G [0.05,0.30] it is generated only
a set of identifiers, that is, only a cluster is created. For p e [0.35,0.40] are
created two clusters and so on. The higher is the number of clusters, the more
specific they get and may even reach the limit of containing only one pattern.
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Table 3. Radical Significance for each Cluster

Clusters Set of Identifiers and Significance (%)

0.05 to 0.30 1 {finance = 43.47, biology = 30.42}
0.35 to 0.40

08

{finance = 43.47, biology = 30.42}, {sport = 50.00,program = 37-50}
0.45 2 {finance = 43.47, biology = 30.42}, {program = 32.44, internet = 32.44}

0.50 to 0.65 3 {finance = 43.47, biology = 30.42}, {biology = 45.48,program = 30.28},
{internet = 43.51, sport = 39.12}

0.70 to 0.75 3 {finance = 43.47, o/o/ogy = 30.42}, {fe/o/ogy = 45.48,program = 30.28},
{internet = 43.51, sport = 39.12}, {sport = 50.00,program = 37.50}
{finance = 43.47, biology = 30.42}, {biology = 45.48,program = 30.28},
{internet = 43.51,spor/ = 39.12}, {finance = 34.48, 6/o/ogy = 24.13},

— 50.00,program - 37.50}
085 6 {finance — 43.47, biology = 30.42}, {biology = 45.48,program = 30.28},

{internet = 43.51, sport = 39.12}, {sport = 33.31, interne/ = 24.41},
{finance = 34.48, biology - 24.13}

O9 7 {finance = 43.47, 6/o/ogy = 30.42}, {biology = 45.48,program = 30.28},
{biology = 25.80, program = 25.80, sport = 22.57},
{internet = 43.51, sport = 39.12}, {sport = 33.31, internet - 24.41},
{finance = 34.48, biology = 24.13}, {sport = 50.00,program = 37.50}

O95 8 {finance = 43.47, 6/o/ogy = 30.42}, {6io/ogy = 45.48,program = 30.28},
{biology = 65.54}, {biology - 25.80,program — 25.80, sport = 22.57},
{internet — 43.51,sport = 39.12}, {sport = 33.31, internet - 24.41},
{program = 32.44, internet - 32.44}, {finance — 34.48, biology — 24.13},
{sport = 50.00, program = 37.50}

As the aim of the neural network is to classify similar patterns in a same
cluster, extreme cases where there is only one pattern per cluster get undesir-
able. It appears, then, the issue of how to define the best value for p. In order to
define its ideal value, this article proposes two performance measures that list
the distances among patterns contained in each cluster, and the distance among
centroids from distinct clusters He et al., 2003; Gokcay and Principe, 2000.

The first proposed measure is the intra-cluster distance defined by the equa-
tion 8. This measure, based on He et al., 2003, allows the quantification of
the average distance among the patterns of a cluster and its Cj centroid. This
measure calculates the average cosine of a 9ij angle among the Viyj vectors
and the cluster c? centroid, according to the cosine law Pappas, 1989.

Intra =

*\\Ci\

nc
(8)

where nc is number of clusters in the ART-2A F2 layer. The second mea-
sure, based on Gokcay and Principe, 2000, is the inter-cluster distance defined
by the equation 9, which calculates the average distance among the centroids of
clusters generated by the neural network. This equation, as well as the equation
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Figure 2. Experiment example: Variance of the intra and inter-cluster distance

8, also uses the cosine laws. Thus, the results of both equations are generated
over a same scale, providing the definition of a point on the R2 level where
both functions get equal. This point defines the ideal p and, consequently, the
number of clusters and patterns per cluster generated by the neural network.

Inter =
nc

(9)

The figure 2 shows the infra-cluster function and the inter-clusters for p £
[0,1]. Through this figure it may be observed that the functions cross one
another to p G [0.7,0.75]. On this point, it may be concluded that the intra-
cluster distance is short enough to keep similar patterns at a same cluster, as
well as the inter-cluster distance is long enough to separate the clusters created
by the neural network. Low intra-cluster distance values implies on more and
more similar patterns at the same cluster.

In order to validate the equations 8 and 9, experiments have been carried
out using data sets where the ideal value for the vigilance parameter is known.
The adopted data sets were Iris and Spanning Tree Blake and Merz, 1998 with
the respective ideal vigilance values of 0.99 Vicentini, 2002; Vicentini and
Romero, 2003 and 0.95 Fausett, 1994. The figures 3 and 4 show the results
of the intra and inter-cluster distances to p G [0,1]. Observing the figure 3,
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it may be concluded that the ideal vigilance is from 0.98 to 0.99, which is a
value very close to the Iris' ideal one. The figure 4 allows the conclusion that
the ideal value for the Spanning Tree data set is around 0.95, what corresponds
to the result obtained on Fausett, 1994.

160
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100

80
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20

0

intra—cluster — ' —
i inter cluster -—x—-

0.2 0.4 0.6

Vigilance

Figure 3. Iris Experiment: Intra and inter-cluster distance variance

The results of the experiments carried out on Iris and Spanning Tree data sets
allows the validation of the results obtained through the distance equations that
are used to automatically define the vigilance values, which were previously
defined in a manual basis. Such equations are used to define the best vigilance
values for the experiments presented as follows.

4. Experiments

In order to demonstrate the application of the proposed model, experiments
have been carried out using the following data sets: The Dataset 2 and 20
Newsgroup 3.

The first experiment was carried out using part of the The Dataset data set,
which contains html pages ranked according to the table 4. 100 documents of
the Programming Languages - C/C++ type and other 100 from the Science -
Biology type were evaluated. Out of these documents, the tags html 4 were
removed.
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Figure 4. Spanning Tree Experiment: Intra and inter-cluster distance variance

Table 4. Categories of The Dataset

Categories

Commercial Banks
Building Societies
Insurance Angencies

Java
C/C++

Visua l Bas ic
Astronomy

Biology-
Soccer

Motor Spor t
General Spor t

Subject

Banking & Finance
Banking & Finance
Banking & Finance

Programming Languages
Programming Languages
Programming Languages

Science
Science
Sport
Sport
Sport

Number of Documents

1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000

It may be noted that some C/C++ and Biology documents were arranged on
a same cluster. This fact has motivated the analysis of the file contents, which
has proved that some texts of the Biology category had many keywords similar
to the ones found on the C/C++ texts. In some cases there were programming
language commands within the Biology texts. This allows the conclusion that
the human classification made on these data sets does not deal with possible
subject intersections contained on them. The classification results of the neural
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network for p G [0,1] were evaluated by the equations 8 and 9, from which
were generated the functions shown on figure 5. When making the regression
of such functions, the equations on the inter and intra-cluster distances present-
ed on table 5 were obtained. The equations were equalized in order to find out
the point where both have the same distance. On this case, the ideal p is equal
to 0.13568.

Found the ideal vigilance parameter, the document feature vectors were
once again submitted to the neural network, which, then, classified them. Out
of this classification were extracted the most relevant word radicals and their
respective significances shown on table 6.
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Figure 5. The Dataset Experiment: Intra and inter-cluster distance variance

Table 5. The Dataset Experiment: Equations of Distance

Distance

Intra-cluster
Inter-cluster

- 1 9
- 3 5

.35x3

.70x3

Equation

+ 38.34x2 - 2 5 - l l x -
4- 40.28x2 + 10.02x -

F6.72
M.96

R2

0.989
0.998

The second experiment has been carried out on part of the 20 Newsgroup
data set, which is composed of documents from a discussion list ranked ac-
cording to the table 7. Out of these documents were removed tags html5. After
this stage was completed, 300 documents were randomly distributed into three
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Table 6. The Dataset Experiment: Radicals and Significance

Cluster

Co
Cx
C2

c3
CA

a
c6
c7Cs

c9Cio

Cu
Cl2
C13

Cu
C15

Cu
Cu
Cis

Cl9

C20
C21

C22

C23

C24

C25

C26

Patterns
15
42
14
2
2
5
3
7
2
1
4
4
6
4
3
6
12
4
6
7

25
9
3
2
1
7
4

Main Radicals e Significance (%)
si,ze = 5.08, deand = 5.16, eOOOl = 7.07
site = 3.33, topic = 3.51, web = 6.31
/antra = 6.15, indexold = 8.22, free = 30.78
p/ace = 3.35, vietnames = 12.98, glossari = 13.34
global = 44.86, yellow = 46.41
urn = 2.43, servic = 3.31, net = 7.72
lo = 5.99, chile = 6.45, espectador = 10.22
o//ic = 4.59, sharewar = 4.74, librari = 5.19
parentmenu — 4.09, indexof = 4.78, pleas = 5.77
Columbia = 60.70
/me = 4.21, /ia// = 6.32, korean = 11.49
aquariu = 4.50, lantra = 4.66, mutipl = 5.35
pro = 5.84, Systran = 6.80, Serbian = 12.01
/ear = 4.87, eZaz'h' = 4.92, sovinformbureau = 15.38
consortium = 5.74, explor = 7.65, coder = 8.49
number = 6.56, shredder = 7.59, engin = 7.59
asm = 3.01, templat = 3.52, /ear = 7.80
group = 4.90, Usenet = 9.80, usafa = 14.70
lumpin = 7.09, encapsul = 7.09, seri = 8.83
side = 4.41, backslash = 5.79, afei/ = 6.16
transliter = 5.45, improv = 13.60, sector = 13.60
latvian = 4.49, chines = 4.49, includ = 5.99
raarA; = 10.81, complet = 13.19, todo = 15.60
imp/i = 2.86, freewar = 11.41, screenshot = 19.98
c/ocA; = 4.38, at/ = 4.53, s^in = 7.32
mile = 4.88, imp/i = 8.44, remefc = 8.88
mesmer = 3.67, pirn = 7.34, alphabet = 8.35

categories: alt.atheism, rec.motorcycles and sci.space. The stopwords and the
radicals were removed and their respective frequency counting was made.

The results of the intra and inter-cluster distances to p G [0,1] are presented
on the figure 6. This experiment included classification cases similar to the
previous experiment, where documents from distinct categories were arranged
in the same cluster. When the content of such documents was better analyzed,
it was verified that they presented very similar subjects, although they were
arranged in very distinct pre-defined categories.

Out of the results presented on figure 6, regressions were made and the equa-
tions of table 8 were obtained. By equalizing these equations it was possible to
obtain the best vigilance parameter for the experiment being conducted, which
was p = 0.64432.

After finding the ideal vigilance parameter, the patterns were once again
submitted to the neural network, which then classified the documents. Out
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Table 7. Categories of 20 Newsgroup

Categories

alt .atheism
comp.graphics
comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
misc.forsale
rec.autos
rec.motorcycles
rec.sport .baseball
rec.sport.hockey
sci .crypt
sci .e lect ronics
sci.med
sci.space
soc.rel igion.Christ ian
ta lk .pol i t ics .guns
talk.pol i t ics .mideast
ta lk .pol i t ics .misc
talk.rel igion.misc

Number of Documents

1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000

Table 8. 20 Newsgroup Experiment: Equations of Distance

Distance

Intra-cluster
Inter-cluster

9054.93x4 -
3497.84x4

Equation

21057.62^3 + 17455.76x2
- 5497.00x3 4- 3019.84x2

- 6130.96x + 796.36
-629.60x + 40.24

R2

0.983
0.995

of this classification were extracted the most relevant word radicals and their
respective significances were presented on tables 9 and 10.

The classification generated by the ART-2A neural network architecture for
the two experiments has provided a group of similar documents in a same clus-
ter. Moreover, it was possible to extract the C attribute set (or word radicals)
and its respective significances from each group. Such information allows the
creation of a document database, which is indexed through the C attribute set.
Over this database it is possible to make searches by means of keywords. As
a result, documents are presented and they may be arranged according to their
respective significance levels, based on the searching words defined by the
users.
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Table 9. 20 Newsgroup Experiment: Radicals and Significance

Cluster

Co
C i

c2
c3
c*
c5
c6
c,
c8
c9Cio

Cu
Cl2

Cis
Cu
Cn
Cu
Cir
Cis

C l 9

C 2 0

C21

C22

C23

C24

C25

C26

C27

c28
C29

C31

c32
C33

C34

C35

C36

C37

C38
C39

C40

c41
C42

C43

C44

C45

Patterns

309
5
5
1
2
4
2
3
2
9
18
4
4
6
18
4
3
4
2
3
1
3
5
1
3
1
3
1
23
7
7
1
5
3
2
2
1
6
4
3
1
75
7
19
44
1

Main Radicals and Significance (%)

Cleveland = 11.11, pat/* = 12.12, Usenet = 24.24
post = 15.80, Cleveland - 16.62, research = 16.62
reston = 8.16, in = 10.20, howland = 14.28
jame = 7.51, art; = 10.04, messag = 12.54
juri = 8.76, f elder = 11.66, da = 17.50
noc = 10.93, 3noc = 10.93, inc = 14.77
newsgroup = 10.20, harvard = 14.30, emu = 26.56
mark = 7.70, /me = 15.41, wise = 33.42
da = 13.29, linsc = 17.72, reston = 22.16
mccullou = 11.19, edit = 14.95, emu = 14.95
psiwm = 11.35, emu = 17.02, watc/i = 23.53
don = 7.97, srv = 9.22, lOsru = 15.94
apr = 7.22, /mrafcZ = 7.85, harvard = 10.83
new = 11.10, Cleveland = 13.26, <?m* = 17.97
research = 7.53, research = 22.84, odin = 28.51
research = 8.17, /ie/p = 13.63, p/ione = 15.11
messag = 13.60, inc = 15.23, asA; = 22.67
technolog = 9.62, rep/i = 10.34, world - 18.11
sverdrup = 9.61, pmt = 10.37, don - 14.04
/wn = 17.32, don = 38.95
post = 5.37, hopperZ = 17.84, watch = 21.81
atheism = 8.15, /e/der = 10.89, gmt = 14.11
god = 7.98, emu = 19.98, don = 27.67
Cleveland = 6.47, ofcnozi = 17.28, odin = 28.10
don = 8.32, drop = 8.32, respond = 31.68
daw'd = 5.78, /e/der = 11.56, specif = 17.74
subject = 8.94, pat/i = 12.52, speci/ = 18.94
atheism = 7.30, phone = 7.51, 2-ue = 24.99
vishnu = 11.20, oat/i = 11.82, sverdrup = 22.41
affirm = 8.86, allah = 15.54, odin = 19.96
research = 5.00, technolog = 10.35, sped/ = 18.020
inc = 10.88, quit = 10.88, asA; = 14.50
sverdrup = 9.07, <?ou = 9.56, couldn = 15.89
obnoxi = 7.34, sorri = 11.00, reston = 12.64
psuwi = 8.00, week = 10.52, coix/dn = 14.02
court = 9.42, reston = 10.80, testimoni = 14.27
server = 11.18,prejud = 11.18, spbach = 12.38
a/tern = 9.05, respond = 10.87, itsenet = 20.90
a/t = 15.34, /o/Zow = 17.11, atheism = 25.61
center = 8.26, edu = 14.43, help = 30.92
/ewi = 8.48, reston = 9.57, sorri = 11.44
newsgroup = 12.98, dave = 16.36, respond = 21.84
harvard = 9.17, new; = 9.17, affirm = 32.72
altern = 34.26, messag = 50.59
edu = 10.60, hopperZ - 21.21, sp&ac/i = 21.21
drop = 13.82, request = 20.74, Zine = 24.47
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Table 10. 20 Newsgroup Experiment: Radicals and Significance

Cluster

CAQ

CA7

C48
C49

C50

C51

C52
C53

C55

C56

C57

C58

C59

CQQ

Cei

CQ2

C63

CQA

Cm

c67C6s
C$9

Cyo

Cn
C72

Patterns
6
5
11
6
9
1
7
5
1
15
154
7
2
6
1
2
7
2
2
2
1
1
1
1
2
1
5

Main Radicals and Significance (%)
nasa = 25.23, case = 41.12
newsgroup = 27.90, re/ev = 29.49
testimoni = 12.01, line = 20.40, respond = 24.02
cwrit = 8.23, m = 16.43, prejud = 31.16
juW = 28.81, /eun = 44.80
theistic = 9.55, an = 20.32, srv = 33.82
/lost = 15.97, oath = 18.27, line = 22.79
part = 8.90, center = 17.53, psuvm = 26.31
recit = 14.30, specif - 21.45, #mt = 28.79
arizona = 8.03, /em = 16.65, requir = 32.09
harvard = 14.69, orpan = 22.06, request = 26.96
date = 29.27, pa = 30.51
mccullou = 13.46, david = 17.92, ne«;e/ = 17.92
organ = 9.86, andrew — 12.41, date = 14.81
apr = 11.27, w/# = 13.41, research = 20.66
recommend = 10.60, pa = 10.60, nntp = 18.44
/ie/p = 12.06, apr = 12.06, research = 18.08
monack = 9.53, organ = 13.30, subject = 17.75
/ie/p = 12.13, court = 14.55, atheism = 14.55
emu = 10.99, 2crau = 12.84, r e a w = 13.74
wise = 8.75, /me = 16.80, jesu = 17.47
/e/der = 19.17, world = 19.17, snafce2 = 30.79
jame = 11.80, mccullou = 16.86, path = 35.37
fun = 11.29, newe/ = 16.92, center = 27.79
/ie/p = 8.67, andrew = 10.70 Jame = 34.80
research = 10.14, mar& = 10.50, center = 11.99
psu = 9.82, mark = 12.63, center = 14.43
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Figure 6. 20 Newsgroup Experiment: Intra and inter-cluster distance variance

5. Conclusions
This article presents a new model for automatic text classification. This

work has been motivated by the limitations of other classification techniques
that require human intervention for the parameterization process Sinka and
Corne, 2002; He et al., 2003; Nigam et al., 2000; Blei et al., 2002. The
proposed model is composed of the following stages: feature extraction, clas-
sification, document labeling and indexing for searching purposes. The fea-
ture extraction stage comprehends the word radical frequency counting on the
documents. Next stage uses an ART-2A neural network architecture to clas-
sify vectors with the word radical frequency on each document. The labeling
stage is responsible for extracting the significance level of each word radical
at each group generated by the neural network. Such significances are used
to index documents, what supports the next stage that comprehends the doc-
ument search. The main contributions of the proposed model are: proposal
for distance measures to automate the p vigilance parameter, which is respon-
sible for the classification quality, thus eliminating the human intervention on
the parameterization process; proposal for a labeling algorithm that extracts
the significance level of each word for each cluster generated by the neural
network, and the creation of an automated classification methodology.
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Notes

1. The software source codes to implement the model are available on

http://www.icmc. usp.br/~mello/outr.html

2. Data set proposed by M.P. Sinka and D.W. Cornei Sinka and Corne, 2002

3. Available on http://www-2.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/data/news20.html

4. Available on http://www.icmc.usp.br/~mello/outr.html

5. Available on http://www.icmc.usp.br/~mello/outr.html
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