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ABSTRACT

Electronics gadgets are part of human life in these days, as a result abundant data is generated and it is
growing in exponential rate. Data Generated was earlier stored in dumped repositories. The paper
attempts in proposing a classified repository so that at later retrieval of stored data or navigation
becomes easy. In the present paper comparison between supervised and semi-supervised classification is
explored. Semi-Supervised Classification is half way between the supervised and unsupervised paradigm
which can be employed where we have a limited amount of training data. In the process of feature
reduction, the features which are words in Text Classification, clusters are formed, that have fuzzy
concepts. Three different types of clusters are formed namely soft, hard and mixed and different similarity
measures are employed in the process of text classification, the results obtained are encouraging.
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1. INTRODUCTION

To make his life smple and easier man started using different electronic gadgets, resulting in
huge production of data in structured, semi-structured and unstructured form. Structured data in
the form of rows and columns are stored in databases. Semi-structured in the form of html web-
pages, Unstructured datais the free flow datain the textual form. Much work is addressed in the
case of structured data classification, but not much in case of unstructured. The data generated
has to be stored in a proper manner so that navigation becomes easier in future. Hence
classification becomes inevitable before storing. The paper attempts in classifying the data in
raw text data, this processistermed as Text Classification (TC).

Generdly either of the two paradigms are adopted in the process of data classification, as given
in [1]; supervised classification where we are provided with the training data which has one or
more independent attributes and a depended attribute, which can be called as class label or
decision attribute. A classifier is built that performs the mapping between the set of independent
attributes and the decision attributes. The classifier thus built is subjected to the test data, which
has the same set of independent attributes with its decision attribute but it is hidden, the classifier
does the similar mapping and classifies the test data which is compared with the hidden decision
attribute, thus classifiers accuracy is obtained. On the other hand in unsupervised classification
where no training data is available, the entire data is clustered in a manner such that the inter-
cluster similarities are minimized, could be amost zero and intra-cluster similarities are
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maximized, it is assumed that the decision attribute of the data in the similar cluster have same
valuei,e belong to the same class.

A new approach in the field of classification is Semi-supervised learning. It is in-
between the supervised and unsupervised learning. In the process of classification in
semi-supervised in addition to the unlabeled data, the algorithm is provided with some
supervision information but, not for all example data. It is applied where training data
generation is costly or is time consuming; hence, with limited amount of training data,
classification can be achieved using the semi-supervised approach. A simple application
of text classification is, E-mails in the E-account to be classified into spam mails and
hams mails respectively, resulting in a need a of abinary text classifier [4]. Nightmare in
the process of TC is to handle the huge degree of features involved, which is in the
present paper is in the order of 15,000, coping with such a big set of featuresis a very
difficult task, also the computation cost associated is also very huge. To reduce the
features we propose to group the features into clusters, and use the obtained clusters as
features. In the process of forming the cluster Gaussian function is employed due to its
superiority over other functions in performance [2], [3]. The proposed system gave
encouraging resultsin terms of accuracy and performance.

The paper is organized as follows. In the section 2 we outline the background, basic
concepts and definitions, in addition to introduction to semi-supervised learning. Section
3 describes the proposed system and in section 4 the implementation details are
furnished and finally in section 5 results and conclusions are provided.

2. RELATED WORK AND DEFINITIONS

Feature selection is an important step in text processing. Handling large number of features that
naturally existsin text categorization is a nightmare, so feature reduction becomes a must in text
classification. To avoid the curse of dimensionality we can adopt feature selection or feature
reduction. Feature selection refersin finding a subset of the origina features that are important,
it can be obtained using either filter technique or by using wrapper technique. Feature extraction
refers to the method of transforming the data from the high-dimension space to a space of fewer
dimensions. The transformation may be either linear asin case of principa component analysis
(PCA), or it can be other nonlinear transformation. Traditionally we have Information Gain,
Gain Ratio, Odds Ratio, Gini-index, Chi-Square etc. as techniques in feature selection which are
actually termed as supervised feature reduction techniques. Techniques like document
frequency, term frequency, and inverse-document frequency are considered as feature selection
in unsupervised learning.

Given a set of categories C,,, where mis the number of classes the information gain of term “t” is
given by
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Feature reduction can be made possible using the values obtained by the equation (1).
Chi-Square is another supervised feature selection technique for feature reduction which
is given by
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Odds Ratio is yet another supervised feature selection method which is given by
Po(ti]ci).P (te] &) 3

(L= P (ti]ci)) P (te] )

Based on the values obtained in the above equations, which determines the relationship

between the terms and the class label, feature selection can be made.

OR=

Definitions: - In the process of TC we are provided the training document set Ts whose class
label is given along with the document. We are also given a set of document set T, termed as test
data set, whose class label hidden, the classifier built is aimed in obtaining the class label which
islater compared with the hidden class label based on which the accuracy of the classifier built is
obtained. Lexicon set £ is a set, which contains al words, that have appeared in the training
document set T.. We find the patterns of each terms, which is the conditional probability of the
class, given the terms appearance in the document. We find the probability of the terms
appearance for all the classes and for all the terms, we denote such a set as W, Once we obtain
the word patterns then we obtain the self constructive clusters, based on the word patterns and
Gaussian functions. As we wish to compare the classifier in supervised and semi-supervised so
another classifier with semi-supervised approach is built. In the process of building a semi-
supervised classifier a smal number of labeled examples together with many unlabeled
examples are used in the training phase to train the classifier. By using the limited number of
training examples available, the classifier is trained, and then the unlabeled data is subjected to
the classifier which after being classified is considered as training data and a new classifier is
trained using this additional train example resulting in a new classifier. We proceed like wise to
get anew classifier, which is deemed to be superficial than al the classifiers generated so far.

3. PROPOSED SYSTEM

Using the Ts which has ‘n” number of documents as training data, which are spread
across ‘m’ number of classes we attempt to obtain the word patterns. In the process of
obtaining the word patterns from the training data we extract the lexicon, which is a set
of root words in the training documents as given in [1].

P (e [t) = L=l @)

r=1

Once we obtain the lexicon we generate the word patterns for each member of the
lexicon set Xi =< X, Xiz, X3, ..vu... X» >, the elements of the set are termed as word patterns
and they are obtained using the equation (4), where d;; is the number of times the term t;
occurs in the document d,, &, is 1 if the document d, belongs to the class ¢, otherwise it
is 0. Using the word patterns and Gaussian function, we build clusters. Clusters are
formed such that the inter-similarity among clusters is minimized and intra-similarity is
maximized. In order to achieve optimal clusters, they are characterized by the product of
m — one dimensional Gaussian function. Let  be a cluster containing ‘q’ word patterns
X1, X2, wevennn Xq- L€t Xj = < Xj1, Xj2, ++- ... Xjm > iSj<q the meanx = <X, Xz, ....... x>, the
mean is defined as
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where |Z| gives the number of elements in the i™ clusters. The deviation ¢ = < 01, 02,
....... om> of C are given by

1 n
0'\/ S (- ) (X - ) ()

— 2

| ¢ [1=1
The fuzzy similarity of a word pattern to cluster  is defined by Gaussian membership
function
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The values of the ¢j(x) are bounded in the interval [0, 1], where 1<=j<=k. A word pattern
close to the mean of a cluster is regarded to be very similar to the cluster i.e. {(x)=1, on
the other hand a word pattern far distant from a cluster is hardly similar to the cluster so
{(x)=0. On the basis of {(x) and on the threshold value ¢, which is provided by the user,
one can control the number of clusters obtained. If one need to obtain large number of
clusters then smaller value of the threshold ¢ is considered, on the other hand if small
number of clustersis to be obtained then larger value of the threshold is taken. Based on
the values obtained in the equation 7 the words are assigned the clusters. If {j(x;) = ¢,
then the word pattern x; is added to the cluster ¢;, and the number of elements in the
cluster ¢ is increased by 1, corresponding values of the cluster attributes are also
updated, i,e the mean % of the cluster and deviation of the cluster o;. In case if {j(x;) < ¢,
then a new cluster is created with its mean as x = x; , the deviation of the newly formed
cluster istaken to be ¢ = 1 and the number of clusters so far obtained is incremented by
one. Once all the word patterns are constructed, we have say ‘k’ number of clusters with
their attributed updated, i.e. mean values of each of the cluster in the form of the vector
X =< X1, X2, coeress x> and updated deviation values of the cluster in the form of the
VECtOr o =< o1, o2, ....... o«>. Once we obtain al the updated values of cluster deviation,
mean and number of clusters, we proceed in the following manner which makes our
approach deviate from [6]. As explained in section 3 word pattern for all the words that
are members of the lexicon are obtained, the number of clusters, cluster size of each
cluster obtained is al'so made available. From the training documents words frequency is
obtained as described in [7]. We then find for each word, the membership of it in the
clusters. We create soft, hard and mixed mapping based on the membership of the word
in the clusters. For all the 14,822 words using the equation 7, the clusters are obtained
and say k clusters are formed. As we have 5485 number of documents in training so we
obtain 5485 vectors with ‘k’ elements in each of the vector. Three different types of
clusters are formed namely soft, hard and mixed clusters. In case of hard classification
based on the equation 9 a word is allowed in a single cluster. But in case of soft
classification single word can be considered in more than a single cluster, based on the
equation 7. We generate the mixed classification based on the equation 10. The same
steps are repeated for the test documents too. In the case of test data we have 2189, so
we get 2189 vectors with k elements in each. Now for each of the test document we find
the Euclidean distance similarity measure, which is given by the sum of square of the
difference of the individual elements [8] of test and train data. The same can be
expressed mathematical as
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As given in detail in implementation section entire steps are repeated in supervised
approach and semi-supervised approach. Figure-1 shows the comparison results obtained
for different k values varying from 1 to 10 in case of supervised and semi-supervised
approach for all the three vectors, soft, hard and mixed.

4. IMPLEMENTATION

We provide the implementation detail for the semi-supervised approach, later the
implementation details of supervised approach are furnished. [5] has the text categorization
corpus, which has 5485 documents across 8 classes. But as are considering the semi-supervised
approach so instead of taking the complete training data, we take small part of training data. So
we choose from each class, a set of 20 documents as train data. In other words as part of training
data, 20 documents from each class which have large nhumber of words are chosen. As the
training data has 8 classes, but only 140 documents are considered, this is so because in one of
the class|abd which is numbered as 3 in the experiment, it has only 40 documentsin training, so
it is not considered as part of the corpus. [1] gives the details of the lexicon construction phase;
we had 14,822 words in the lexicon. We assume that the corpus has no noise, though presence of
noise was found, but no effort was put to remove the noise. We had vector, with 7 columns
representing 7 different classes and 14,822 rows for the lexicon entries; the elements in the
vector are the word patterns. Using these word patterns, we build the clusters, and the goodness
of the clustering agorithm is no input which tells the number of clusters to be formed is needed.
Thisis so because the number of clusters is defined on the basis of input value of the similarity
threshold ¢. By varying the threshold value the number of clusters obtained can be controlled, for
more clusters the threshold value has to be smaller, and for less number of clusters the value of
the threshold has to be larger. We tried with 3 different values of the threshold, table 1 gives the
details of the threshold value and the clusters obtained.

Table 1. Showing different threshold values and clusters obtained

Threshold value (¢) | Clusters
0.5 14
0.6 12
0.7 10

Once the number of clusters is formed, we implement the KNN algorithm for the text
categorization. All documents belonging to the training data are processed first. We
perform stemming on the training data, and the words obtained after stemming with
respect to word patterns are grouped to form clusters. The number of elements for each
of the clusters for each of the document was obtained, thus the training documents were
mapped to the numeric values. As the number of clusters obtained for different values
of the threshold is different so the experiment was repeated 3 times and we obtained
different clusters. We take 3 types of clusters into consideration, a word is considered to
belong to a single cluster only we refer such a clusters as hard cluster, using the given
below equation we obtain the membership of the hard clusters.
Aifj=ar max xi)) L

t = [] J g 1<:a<:k(§( ))D (9)

[P otherwise ]
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But in case of soft-weighting approach we allow the word pattern to belong to more than
a single cluster so rather than considering the maximum value of the function (UGq(Xi))
we take its direct value for al the clusters. In case of the soft, hard mixed-weighting
cluster we employ the below equation where y is the constant which dictates domination
of the cluster type.
= ()6 @S (10)

where tin is hard-weighting clustering approach and tijs is the soft-weighting clustering
membership function. The value of y can be between 0 and 1. If it is very near to 0 then
the hard and mixed weighting equation coincides with the soft-clustering approach and if
its value is 1 then the hard and mixed weighting coincides with hard-clustering
approach. Taking y value as 0.1 we have performed the experiment. For 140 documents
in the training data we have 140 vectors with the number of elements in the vector
equals to the number of clusters. Using these 140 documents series of classifiers are
built iteratively taking the decision of the classifier of the next document in to
consideration. The steps were iterated repeatedly for all the remaining 5305 documents,
resulting in a final classifier. The final classifier is used for testing the test data. The
procedure for test data is repeated as that of training, so al the test documents are too
converted into vectors. We have 2189 vectors with the same number of elementsin the
vector as equal to the number of clusters as part of the test data. Once we obtain the
vectors of the training and test data we apply the KNN algorithm for the vectors. We use
the Euclidean measure and obtain the similarity between the training data and the test
data. K-Nearest Neighbour algorithm is also called as instance based |learning algorithm.
Nearest Neighbour classifier are based on learning by analogy, that is by comparing a
given test tuple with training tuples that are similar to it [10]. The training tuples are
described by ‘n’ attributes. Each tuple represents a point in an n-dimension pattern
space. When given an unseen tuple, a k-nearest neighbour classifier searches the pattern
space for different values of k (which can take any value 1 through some arbitrary
number). The training tuples that is closest to the unseen tuple. Depending on the value
of k, k training tuples are used which are near to the unseen tuple. Different similarity
measures would be applied between two points or tuples say X1 and X2 which have ‘n’
component elements. It is used to find the similarity (closeness) between the tuples. For
different k tuples, the majority class label is taken, and the unseen tuple class label is
declared to be the same as the mgjority class labels. In case of atie, arbitrarily the tieis
resolved. In other words, the test data consists of 2189 documents, the distance between
the training and a particular test documents is measured, the class with the nearest
training data is taken as the class of the test data, as here K valuein KNN is 1. In case of
k value 2 we take two smallest distances, and if both belong to same class than the test
tuple also belong to the same class as it is the nearest distance of the training data class,
in case of tie an arbitrary consensus is used to resolve the conflict. Based on the
similarity between the training and test tuples we obtain confusion matrix which is a
good tool for analyzing, how well the classifier can classify the tuples of different
classes. A confusion matrix is a plot used to evaluate the performance of a classifier in
supervised learning. It is a matrix plot of the predicted versus the actual classes. For ‘m’
classes, a confusion matrix is atable of ‘m’ by ‘m’. An entry CMi,j in the first ‘m’ rows
and ‘m’ columns indicates the number of tuples of class i that are labeled by the
classifier as class|. For aclassifier to have good accuracy, i,e for aideal classifier tuples
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along the diagonal of the confusion matrix would have non-zero values and rest of the
elements, very close to zero.

Similar steps are repeated in the case of supervised learning also, but to consider the
class label 3 which should not affect in the comparison so some of the documents were
removed as given in the semi-supervised approach in the above. So all the steps of semi-
supervised and supervised are same except in supervised the whole training data is used
in the training phase of the classifier, but in semi-supervised only a very limited part is
used.

In figure 1 we draw a graph showing the accuracy of the classifier comparison in
supervised and semi-supervised, on X-axis we take different value of K, in K-NN
algorithm, and on Y -axis we take the accuracy of the classifier, for the 3 types of clusters
soft, hard and mixed results for ¢ = 0.5 in case of supervised and semi-supervised
classification are shown. Similarly in figure 2 classifier accuracy for k values varying
from 10 to 10 are provided for ¢ =0.6. In figure 3 for ¢=0.7 for k values 1 to 10 are
provided and in figure 4 for ¢=0.5 for k values 10 to 100 are provided. In figure 5 for
¢=0.6 for k values 10 to 100 are provided and in figure 6 for ¢=0.7 for k values 10 to 100
are provided.
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Figure 1. Classifier supervised, semi-supervised comparision accuracy
for K values varying from 1 to 10 for 14 clusters i,e threshold is 0.5
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Figure 2 Classifier supervised, semi-supervised accuracy for K values
varying from 1 to 10 for 12 clusters i,e threshold is 0.6
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Figure 3. Classifier supervised, semi-supervised accuracy for K values
wvarying from 1 to 10 for 10 clusters i,e threshold is 0.7
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Figure 4 Classifier supervised, semi-supervised accuracy for K values
wvarying from 10 to 100 for 14 Clusters i,e threshold is 0.5
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Figure 5. Classifier supervised, semi-supervised accuracy for K Values

varying from 10 to 100 for 12 Clusters i.e. threshold is 0.6
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Figure 6. Classifier supervised, semi-supervised accuracy for K values
wvarying from 10 to 100 for 10 Clusters i,e threshold is 0.7

5. CONCLUSION

Presently bulk data is available which needs to be stored in classified repository, so that
a decision making using the classified repository is effective. The paper explores the
classified repository building in times the data is in textual form. The paper attempts in
achieving learning by building a classifier which has fuzzy capabilities and compares the
supervised and semi-supervised approach. In the process 3 types of clusters were built
based on the words in the documents occurrence, soft cluster where aword can belong to
more than single cluster at the same instance of time, hard cluster where a word can
belong to single cluster at a particular instance of time, mixed cluster which is devised
using both the soft and hard clusters. For k values varying from 1 to 100 supervised and
semi-supervised approach is compared, obviously supervised dominates the semi-
supervised, but the results obtained asserts that semi-supervised approach also gives
comparable results, which can be applied in cases where obtaining training data is either
costly or we have very limited amount of training data. In future we wish to decrease the
size of the lexicon and see how best the classifier can learn from the training data to
classify the textual data.
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