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Data mining techniques are the result of a long process
of research and product development. This evolution began
when business data was first stored on computers, continued
with improvements in data access, and more recently,

Abstract— Clustering which tries to group a set of points into
clusters such that points in the same cluster are more similar to
each other than points in different clusters, under a particular
similarity metric. In the generative clustering model, a
parametric form of data generation is assumed, and the goal in
the maximum likelihood formulation is to find the parameters
that maximize the probability (likelihood) of generation of the
data given the model. In the most general formulation, the
number of clusters k is also considered to be an unknown
parameter. Such a clustering formulation is called a “model
selection” framework, since it has to choose the best value of k
under which the clustering model fits the data.
In clustering process, semi-supervised learning is a class of
machine learning techniques that make use of both labeled and
unlabeled data for training - typically a small amount of
labeled data with a large amount of unlabeled data. Semisupervised learning falls between unsupervised learning
(without any labeled training data) and supervised learning
(with completely labeled training data). Feature selection
involves identifying a subset of the most useful features that
produces compatible results as the original entire set of
features. A feature selection algorithm may be evaluated from
both the efficiency and effectiveness points of view. While the
efficiency concerns the time required to find a subset of
features, the effectiveness is related to the quality of the subset
of features.
Traditional approaches for clustering data are based on
metric similarities, i.e., nonnegative, symmetric, and satisfying
the triangle inequality measures using graph-based algorithm
to replace this process here we select more recent approaches,
like Affinity Propagation (AP) algorithm can take as input also
general.

generated technologies that allow users to navigate through
their data in real time. Data mining takes this evolutionary
process beyond retrospective data access and navigation to
prospective and proactive information delivery. Data mining
is ready for application in the business community because
it is supported by three technologies that are now
sufficiently mature:




The Scope of Data Mining
Data mining derives its name from the similarities
between searching for valuable business information in a
large database — for example, finding linked products in
gigabytes of store scanner data — and mining a mountain
for a vein of valuable ore. Both processes require either
sifting through an immense amount of material, or
intelligently probing it to find exactly where the value
resides. Given databases of sufficient size and quality, data
mining technology can generate new business opportunities
by providing these capabilities:

I. INTRODUCTION
1.

Massive data collection
Powerful multiprocessor computers
Data mining algorithms

General Background

Data mining, the extraction of hidden predictive
information from large databases, is a powerful new
technology with great potential to help companies focus on
the most important information in their data warehouses.
Data mining tools predict future trends and behaviors,
allowing businesses to make proactive, knowledge-driven
decisions. The automated, prospective analyses offered by
data mining move beyond the analyses of past events
provided by retrospective tools typical of decision support
systems. Data mining tools can answer business questions
that traditionally were too time consuming to resolve. They
scour databases for hidden patterns, finding predictive
information that experts may miss because it lies outside
their expectations.
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Automated prediction of trends and behaviors.
Data mining automates the process of finding
predictive information in large databases.
Questions that traditionally required extensive
hands-on analysis can now be answered directly
from the data — quickly. A typical example of a
predictive problem is targeted marketing. Data
mining uses data on past promotional mailings to
identify the targets most likely to maximize return
on investment in future mailings. Other predictive
problems include forecasting bankruptcy and other
forms of default, and identifying segments of a
population likely to respond similarly to given
events.



Automated discovery of previously unknown
patterns. Data mining tools sweep through
databases and identify previously hidden patterns
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in one step. An example of pattern discovery is the
analysis of retail sales data to identify seemingly
unrelated products that are often purchased
together. Other pattern discovery problems include
detecting fraudulent credit card transactions and
identifying anomalous data that could represent
data entry keying errors.

1.
2.
3.

Using supervised learning process
Some simulator data can’t reach in their own
cluster
Slower process than proposed system
IV. PROPOSED SYSTEM

Traditional approaches for clustering data are based on
metric similarities, i.e., nonnegative, symmetric, and
satisfying the triangle inequality measures. More recent
approaches, like Affinity Propagation (AP) algorithm can
take as input also general non metric similarities. AP can use
as input metric selected segments of images’ pairs.
Accordingly, AP has been used to solve a wide range of
clustering problems, such as image processing tasks gene
detection tasks, and individual preferences predictions.
Affinity Propagation is derived as an application of the maxsum algorithm in a factor graph, i.e., it searches for the
minima of an energy function on the basis of message
passing between data points.
In
our
proposed
system
implements,
semisupervised learning has captured a great deal of
attentions. Semisupervised learning is a machine learning
paradigm in which the model is constructed using both
labeled and unlabeled data for training typically a small
amount of labeled data and a large amount of unlabeled
data. In this proposed system it retrieve the data from
training data or labeled data and extract the feature of the
data and compare with labeled data and unlabeled data to. In
clustering process, semi-supervised learning is a class of
machine learning techniques that make use of both labeled
and unlabeled data for training - typically a small amount of
labeled data with a large amount of unlabeled data. Semisupervised learning falls between unsupervised learning
(without any labeled training data) and supervised learning
(with completely labeled training data). Many machinelearning researchers have found that unlabeled data, when
used in conjunction with a small amount of labeled data, can
produce considerable improvement in learning accuracy.

II. OBJECTIVE:
Clustering is a semi-supervised learning problem,
which tries to group a set of points into clusters such that
points in the same cluster are more similar to each other than
points in different clusters, under a particular similarity
matrix. Feature subset selection can be viewed as the
process of identifying and removing as many irrelevant and
redundant features as possible. This is because 1) irrelevant
features do not contribute to the predictive accuracy, and 2)
redundant features do not redound to getting a better
predictor for that they provide mostly information which is
already present in other feature(s).
III. EXISTING SYSTEM
WITH the aim of choosing a subset of good features
with respect to the target concepts, feature subset selection
is an effective way for reducing dimensionality, removing
irrelevant data, increasing learning accuracy, and improving
result comprehensibility. Feature subset selection can be
viewed as the process of identifying and removing as many
irrelevant and redundant features as possible. This is
because 1) irrelevant features do not contribute to the
predictive accuracy and 2) redundant features do not
redound to getting a better predictor for that they provide
mostly information which is already present in other
feature(s). Irrelevant features, along with redundant features,
severely affect the accuracy of the learning machines.
Thus, feature subset selection should be able to identify
and remove as much of the irrelevant and redundant
information as possible. we develop a novel algorithm
which can efficiently and effectively deal with both
irrelevant and redundant features, and obtain a good feature
subset. We achieve this through a new feature selection
framework which composed of the two connected
components of irrelevant feature removal and redundant
feature elimination. The former obtains features relevant to
the target concept by eliminating irrelevant ones, and the
latter removes redundant features from relevant ones via
choosing representatives from different feature clusters, and
thus produces the final subset.
The irrelevant feature removal is straightforward once
the right relevance measure is defined or selected, while the
redundant feature elimination is a bit of sophisticated. In our
proposed FAST algorithm, it involves 1) the construction of
the minimum spanning tree from a weighted complete
graph; 2) the partitioning of the MST into a forest with each
tree representing a cluster; and 3) the selection of
representative features from the clusters.

ADVANTAGES:
 Less training set and less memory will occupy
by handling semi supervised process.
 Alike data can’t be miss in cluster data by
using pairwise constrain.

Overlapping avoid by using maximum margin
cluster process.
V. USING MUTUAL INFORMATION FOR SELECTING
FEATURES IN SUPERVISED NEURAL NET LEARNING
Roberto Battiti
During the development of neural net classifiers the
“preprocessing” stage, where an appropriate number of
relevant features is extracted from the raw data, has a crucial
impact both on the complexity of the learning phase and on
the achievable generalization performance. While it is
essential that the information contained in the input vector is
sufficient to determine the output class, the presence of too
many input features can burden the training process and can

Disadvantage
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produce a neural network with more connection weights
that those required by the problem.

4) (Greedy selection) repeat until IS1 = IC:
a) (Computation of the MI between variables) for all
couples of variables (f,s) with f E F, s E S compute I ( f ; s),
if it is not already available.
b) (Selection of the next feature) choose feature f as the one
that maximizes I (C;f ) - PEsEI(sf; s ); set F + F \ {f}; set S
c Su{f}
5) Output the set S containing the selected features.

Definition of the Mutual Information
An operating classifier (consider for example a
multilayer perception trained to classify pattems from a set
of different classes with the back propagation algorithm
described in [19]) can be considered as a system that
reduces the initial uncertainty, to be defined precisely later,
by “consuming” the information contained in the input
vector. In the ideal case the final uncertainty will be zero
(i.e., the class will be certain), in actual “real world”
applications the final uncertainty can be higher for at least
two different reasons, insufficient input information or
suboptimal operation. In the second case the available
information can be sufficient to resolve all ambiguities but
the network “wastes” some of it because of insufficient
training, approximations or failures. While this case can be
remedied by considering additional training examples, a
longer training period or different algorithms, the lack of
sufficient information should be detected as soon as possible
in the development process because in this case the only
remedy is that of adding more features or considering more
informative ones.

VI. A DIVISIVE INFORMATION-THEORETIC FEATURE
CLUSTERING ALGORITHM FOR TEXT CLASSIFICATION

MUTUAL

Inderjit S. Dhillon, Subramanyam Mallela, Rahul Kumar
Introduction
This paper use an information-theoretic framework
that is similar to Information Bottleneck (see Chapter 2,
Problem 22 of Cover and Thomas, 1991, Tishby et al.,
1999) to derive a global criterion that captures the optimality
of word clustering (see Theorem 1). Our global criterion is
based on the generalized Jensen-Shannon divergence (Lin,
1991) among multiple probability distributions. In order to
find the best word clustering, i.e., the clustering that
minimizes this objective function, we present a new divisive
algorithm for clustering words. This algorithm is
reminiscent of the k-means algorithm but uses Kullback
Leibler divergences (Kullback and Leibler, 1951) instead of
squared Euclidean distances. We prove that our divisive
algorithm monotonically decreases the objective function
value. We also show that our algorithm minimizes “withincluster divergence” and simultaneously maximizes
“between-cluster divergence”. Thus we find word clusters
that are markedly better than the agglomerative algorithms
of Baker and McCallum (1998) and Slonim and Tishby
(2001). The increased quality of our word clusters translates
to higher classification accuracies, especially at small
feature sizes and small training sets. We provide empirical
evidence of all the above claims using Naive Bayes and
Support Vector Machines on the (a) 20 Newsgroups data
set, and (b) an HTML data set comprising 5,000 web pages
arranged in a 3-level hierarchy from the Open Directory
Project (www.dmoz.org).

In the development of a classifier one often is
confronted with practical constraints on the hardware and on
the time that is allotted to the task. While many kinds of
features can be extracted from the raw data (consider for
example an Optical Character Recognition task) and the
information contained in them is sufficient to determine the
class with low ambiguity, one may be forced to reduce an
initial set of n features to a smaller set of k features, where
the number k is related to the practical constraints.
The MIFS algorithm (“mutual information based feature
selection”) can be described by the following procedure:
1. (Initialization) Set F c “initial set of n features;” S t
“empty set.”
2. (Computation of the MI with the output class) for
each feature f E F compute I(C; f).
3.
(Choice of the first feature) find
the feature f that maximizes I (C; f ) ;se t F c F\{f};
set S +- {f}

Support Vector Machines
The Support Vector Machine (SVM) (Boser et al., 1992,
Vapnik, 1995) is an inductive learning scheme for solving
the two-class pattern recognition problem. Recently SVMs
have been shown to give good results for text categorization
(Joachims, 1998, Dumais et al., 1998). The method is
defined over a vector space where the classification problem
is to find the decision surface that “best” separates the data
points of one class from the other. In case of linearly
separable data, the decision surface is a hyperplane that
maximizes the “margin” between the two classes and can be
written as
hw;xi−b = 0
Where x is a data point and the vector w and the
constant b are learned from the training set. Let yi 2
f+1;−1g(+1 for positive class and −1 for negative class) be
the classification label for input vector xi. Finding the
hyperplane can be translated into the following optimization
problem Minimize :

Advantages over Correlation
It is well known that the main advantage of the
multilayer perceptions over the simple perceptions model is
given by its capability of realizing arbitrary continuous
mappings between inputs and outputs. For classification,
this result implies that a multilayer perception with at least
one hidden layer can realize arbitrary nonlinear separations
between different
classes3. While linear methods of analysis (like the
correlation) can be useful in particular cases, in general it is
essential to consider also nonlinear relations between
different variables. The motivation for considering the MI is
its capability to measure a general dependence between two
variables.
SELECTING FEATURES
INFORMATION

W

ITH

THE
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where Ri is the average rank computed through the
Friedman test for the i-th classifier, k is the number of
classifiers to be compared and N is the number of data sets
used in the comparison.
The z value is used to find the corresponding probability
(p-value) from the table of normal distribution, which is
then compared with an appropriate level of significance a
(Table A1 in Sheskin, 2003). Two basic procedures are:
Nemenyi (1963) procedure: it adjusts the value of a in a
single step by dividing the value of a by the number of
comparisons performed, m = k(k1)=2. This procedure is
the simplest but it also has little power. Holm (1979)
procedure: it was also described in Demˇsar (2006) but it
was used for comparisons of multiple classifiers involving a
control method. It adjusts the value of a in a step down
method. Let p1; :::; pm be the ordered p-values (smallest to
largest) and H1; :::;Hm be the corresponding hypotheses.
Holm’s procedure rejects H1 to H(i1) if i is the smallest
integer such that pi > a=(mi+1). Other alternatives were
developed by Hochberg (1988), Hommel (1988) and Rom
(1990). They are easy to perform, but they often have a
similar power to Holm’s procedure (they have more power
than Holm’s procedure, but the difference between them is
not very notable) when considering all pairwise
comparisons.
The hypotheses being tested belonging to a family of all
pairwise comparisons are logically interrelated so that not
all combinations of true and false hypotheses are possible.
As a simple example of such a situation suppose that we
want to test the three hypotheses of pairwise equality
associated with the pairwise comparisons of three classifiers
Ci; i = 1;2; 3. It is easily seen from the relations among the
hypotheses that if any one of them is false, at least one other
must be false. For example, if C1 is better/worse than C2,
then it is not possible that C1 has the same performance as
C3 and C2 has the same performance as C3. C3 must be
better/worse than C1 or C2 or the two classifiers at the same
time. Thus, there cannot be one false and two true
hypotheses among these three.

kwk2 subject to the following constraints
hw;xii − b _ +1 for yi =+1;
hw;xii − b_−1 for yi = −1 :
This minimization problem can be solved using
quadratic programming techniques (Vapnik, 1995). The
algorithms for solving the linearly separable case can be
extended to the case of data that is not linearly separable by
either introducing soft margin hyperplanes or by using a
non-linear mapping of the original data vectors to a higher
dimensional space where the data points are linearly
separable (Vapnik, 1995). Even though SVM classifiers are
described for binary classification problems they can be
easily combined to handle multiple classes. A simple,
effective combination is to train N one-versus-rest classifiers
for the N class case and then classify the test point to the
class corresponding to the largest positive distance to the
separating hyperplane. In all our experiments we used linear
SVMs as they are faster to learn and to classify new
instances compared to non-linear SVMs. Further linear
SVMs have been shown to do well on text classification.

VII. AN EXTENSION ON “STATISTICAL COMPARISONS
OF CLASSIFIERS OVER MULTIPLE DATA SETS” FOR
ALL PAIRWISE COMPARISONS
Salvador Garc´ıa, Francisco Herrera
Comparison of Multiple Classifiers: Performing All
Pairwise Comparisons
In the paper Demˇsar (2006), referring to carrying out
comparisons of more than two classifiers, a set of useful
guidelines were given for detecting significant differences
among the results obtained and post-hoc procedures for
identifying these differences. Friedman’s test is an omnibus
test which can be used to carry out these types of
comparison. It allows to detect differences considering the
global set of classifiers. Once Friedman’s test rejects the
null hypothesis, we can proceed with a post-hoc test in order
to find the concrete pairwise comparisons which produce
differences. Demˇsar described the use of the Nemenyi test
used when all classifiers are compared with each other.
Then, he focused on procedures that control the family-wise
error when comparing with a control classifier, arguing that
the objective of a study is to test whether a newly proposed
method is better than the existing ones. For this reason, he
described and studied in depth more powerful and
sophisticated procedures derived from Bonferroni-Dunn
such as Holm’s, Hochberg’s and Hommel’s methods.
Advanced Procedures
Comparisons

for

Performing

All

VIII. FAST BINARY FEATURE SELECTION WITH
CONDITIONAL MUTUAL INFORMATION
Franc¸ois Fleuret
This paper a very fast feature selection technique based
on conditional mutual information. By picking features
which maximize their mutual information with the class to
predict conditional to any feature already picked, it ensures
the selection of features which are both individually
informative and two-by-two weakly dependant. We show
that this feature selection method outperforms other classical
algorithms, and that a naive Bayesian classifier built with
features selected that way achieves error rates similar to
those of state-of-the-art methods such as boosting or SVMs.

Pairwise

A set of pairwise comparisons can be associated with a
set or family of hypotheses. Any of the posthoc tests which
can be applied to non-parametric tests (that is, those derived
from the Bonferroni correction or similar procedures) work
over a family of hypotheses. As Demˇsar explained, the test
statistics for comparing the i-th and j-th classifier is
z =(RiRj)qk(k+1) 6N;

Feature Selection
The first one is a standard pattern recognition problem
and consists of classifying small grey-scale pictures as face
or non face, given a large number of elementary boolean
edge-like features. The second one is a drug-design problem
and consists of predicting the bio-activity of unknown
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molecules, given a large number of three-dimensional
boolean properties.

accuracy for IB1. The Win/Draw/Loss records confirmed
the conclusions.
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