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Abstract 

Data mining is one of the knowledge extraction process 
used to discover the knowledge from large datasets and 
convert it into useful information. Various techniques 
implemented for this extracting process. Feature selection 
is an effective process to deal with high-dimensional data. 
In many applications such as multimedia and web mining, 
data’s are often high-dimensional and very large scale, but 
the labeled data are very limited. The feature selection 
algorithm is efficient; it can explore labeled data and 
unlabeled data simultaneously. Principle Component 
Analysis (PCA) is a standard technique for dimensionality 
reduction and has been applied to a large dataset. 
Previously the Principal Component Analysis is used to 
extract relevant feature from the labeled part of data. The 
first procedure concerns the selection of pair wise 
constraints that can be extracted from the training dataset. 
The second procedure aims to reduce the dimensionality 
by reducing the redundancy that could be detected in the 
selected relevant features. Finally the third procedure 
updates the current feature selection process and 
constraints into the labeled part of data using Top-K 
selection. The system additionally performs the semi 
supervised classification, which contains the clustering and 
classification process. For the relevance feature extraction 
a filter approach based on a constrained Laplacian score is 
used. Weighted Principle Component analysis is variable 
reduction technique, which is used when the variables are 
highly correlated. It reduces the number of observed 
variables to a smaller number of principle components 
which account for most of the variance of the observed 
variables. By using the WPCA algorithm, we can access 
the data accurately and quickly. 
 
Keywords: Clustering, Principle Component Analysis, 
WPCA, Feature Selection, SSFS. 

 
1. Introduction 
 

Data mining is an extraction process, which 
uses a variety of data analysis tools to discover pattern and 
relationship in data that may be used to make valid 
predictions. The overall goal of the data mining process is 
to extract the information from a dataset and transform it 
into an understandable structure for future use. Data 
mining techniques can yield the benefits of automation on 
existing software and hardware platforms, and can be 
implemented on new systems as existing platforms are 
upgraded and new products developed. When data mining 
tools are implemented on high performance parallel 
processing systems, they can analyze massive databases in 
minutes. Faster processing means that users can 
automatically experiment with more models to understand 
complex data. High speed makes it practical for users to 
analyze huge quantities of data.  

Semi-supervised learning addresses the scenario 
in which the data set is augmented by side information 
regarding the classification of part of the data. The implicit 
assumption is that the amount of side-information is 
limited, such that classical supervised learning methods are 
not applicable, while on the other hand ignoring this 
information and applying regular unsupervised learning 
algorithms may yield inferior results. The scenarios in 
which unsupervised learning methods could not have 
found the correct classification, while applying semi-
supervised methods did yield the correct answer. Most of 
the work in the field of semi-supervised learning considers 
the case of partial labels in which the provided side-
information consists of a classification of (a small) part of 
the data set. This scenario appears in fields in which 
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obtaining data is cheap while labeling the data points is 
expensive. 

 

2. DIMENSIONALITY REDUCTION  
 
Dimensionality reduction is the process of 

reducing the number of random variables or attributes 
under consideration. Dimensionality reduction methods 
include wavelet transforms, Supervised non linear 
techniques (Feature Selection) and Principal Component 
Analysis (PCA), which transform or project the original 
data onto a smaller space. 

 
2.1 Principle Component Analysis 

 
Principal component analysis (PCA) is a 

technique that is useful for the compression and 
classification of data. The purpose is to reduce the 
dimensionality of a data set (sample) by finding a new set 
of variables, smaller than the original set of variables that 
retains most of the sample information. By this information 
mean variation present in the sample, given by the 
correlations between the original variables. The new 
variables are called as Principal Components (PCs) are 
uncorrelated, and that are ordered by the fraction of the 
total information each retains. 
 PCA is a dimensionality reduction method in 
which a covariance analysis between factors takes place. 
The original data is remapped into a new coordinate 
system based on the variance within the data. PCA applies 
a mathematical procedure for transforming a number of 
(possibly) correlated variables into a (smaller) number of 
uncorrelated variables called principal components. The 
first principal component accounts for as much of the 
variability in the data as possible, and each succeeding 
component accounts for as much of the remaining 
variability as possible. PCA is useful when there is data on 
a large number of variables, and (possibly) there is some 
redundancy in those variables. In this case, redundancy 
means that some of the variables are correlated with one 
another. And because of this redundancy, PCA can be used 
to reduce the observed variables into a smaller number of 
principal components that will account for most of the 
variance in the observed variables.PCA is recommended as 
an exploratory tool to uncover unknown trends in the data. 
The technique has found application in fields such as face 
recognition and image compression, and is a common 
technique for finding patterns in data of high dimension. 
 
2.2 Semi Supervised Dimensionality Reduction 

 
Dimensionality reduction is among the keys in 

mining high dimensional data. In this, unlabeled examples 

domain knowledge in the form of pairwise constraints are 
available, which specifies whether a pair of instances 
belong to the same class (must-link constraints) or different 
classes (cannot-link constraints). We propose the SSDR 
algorithm, which can preserve the intrinsic structure of the 
unlabeled data as well as both the must-link and cannot-
link constraints defined on the labeled examples in the 
projected low-dimensional space. The SSDR algorithm is 
efficient and has a closed form solution. 

Semi-supervised dimensionality reduction can be 
seen as a new issue in semi-supervised learning, which 
learns from a combination of both labeled and unlabeled 
data. Current research on semi supervised learning could 
be roughly categorized into three classes, i.e. semi-
supervised classification, semi-supervised regression, and 
semi-supervised clustering. We focus on domain 
knowledge in the form of pairwise constraints, i.e. pairs of 
instances known as belonging to the same class (must-link 
constraints) or different classes (cannot-link constraints).  
              Pairwise constraints arise naturally in many tasks 
such as image retrieval. The pairwise constraints can be 
derived from labeled data but not vice versa. Furthermore, 
unlike class labels, the pairwise constraints can sometimes 
be automatically obtained without human intervention. 
 
3. EXISTING SYSTEM 

In existing system, in order to reduce the high 
dimensional data from the large data storage repositories. 
We introduce the concept of feature selection to reduce 
high dimensional data. The main objective of feature 
selection is to choose a subset of input variables by 
eliminating features, which are irrelevant or of no 
predictive information. Feature selection has proven in 
both theory and practice to be effective in enhancing 
learning efficiency, increasing predictive accuracy and 
reducing complexity of learned results. Feature selection in 
supervised learning has a main goal of finding a feature 
subset that produces higher clustering accuracy. 

 
3.1Steps in a Feature Selection Method 
 
 Feature selection methods Evaluation functions 
are used to measure the goodness of the subset. Feature 
subset selection   method is categorized into four types 
called as Embedded, Filter, Wrapper, and Hybrid. 
Wrapper method is  used to calculate the integrity of the 
selected  subset features by using predictive accuracy of  
machine learning algorithm which provides greatest 
accuracy of learning algorithms but it has more expensive. 
Filter is significant choice when the selected feature is very 
large. It is the independent of learning algorithm and has 
the low computational complexity. Hybrid method is the 
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integration of filter and wrapper method is worn better 
performance of learning algorithms.  
 

 
Figure: Feature Selection 

Invention Procedure: Produce candidate subset from 
original feature set. 
Estimation Function: Estimate the candidate subset.  
Evaluation: Compare with user defined threshold 
value. 
Verification Method: Test out whether the subset is 
valid. 

   
3.2 Disadvantages 
 

1) Supervised feature selection algorithms require a 
large amount of labeled training data. 

2) Existing algorithms provide insufficient 
information about the structure of the target 
concept, and can thus fail to identify the relevant 
features that are discriminative to different 
classes. 

3) On the other hand, unsupervised feature selection 
algorithms ignore label information and thus may 
lead to performance deterioration. For all these 
reasons, the usefulness of semi-supervised feature 
selection is more adapted and its effectiveness has 
been demonstrated. 

 

4. PROPOSED SYSTEM 
In the proposed system Weighted principal 

component analysis (WPCA) algorithm has been proposed 
to address the accuracy and efficiency problem, and this 
created with the aim at detecting the presence of outliers 

from a large amount of data via a principle direction 
technique. Unlike prior PCA based approaches, this do not 
store the entire data matrix or covariance matrix, and thus 
our approach is especially of interest in online or large-
scale problems.  

This paper researches the anomaly detection 
problem of the network defense, pointing at the problem of 
category detection accuracy in the traditional PCA based 
detection algorithm of high precision and low forecasting 
accuracy under the situation of small sample training, and 
puts forward the algorithm of Support Vector Machine.  

Aimed at the important influence of WPCA with 
ant primary direction on dimensionality reduction 
performance, this paper adopts the improved WPCA as the 
method of selection anomaly characteristics parameters.  

This algorithm is significantly will produce higher  
results than the other algorithm in training and the 
detection speed, and have a high enhance of the detection 
rates of attacking sample. This paper introduces a new 
machine learning based data dimensionality reduction 
algorithm that is applied to network intrusion detection. 
The basic task is to classify network activities (in the 
network log as connection records) as normal or abnormal 
while minimizing misclassification.  

The optimized WPCA algorithm has been 
expanded with the new optimal classification algorithms, 
which can handle large category dataset more rapidly, 
accurately and effectively, and keep the good scalability at 
the same time. The algorithm mainly aims at classified 
data, but we should disperse the value data in the dealing 
process.  

• WPCA which requires minimum number of 
training dataset. 

• This can be implemented with the following 
datasets. 

o Healthcare dataset 
o (Dataset from UCI repository) 

• Accuracy will be improved using WPCA  

4.1 WPCA Architecture 
 

 

506 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 2 Issue 5, May 2015. 

www.ijiset.com 

ISSN 2348 – 7968 

 

4.2 WPCA steps 
• Taking the whole dataset ignoring the class labels 
• Find initial component  
• Compute the d-dimensional mean vector 
• Compute the covariance matrix of the original or 

standardized d-dimensional dataset X (here: d=3); 
alternatively, compute the correlation matrix. 

• Eigen decomposition: Compute the eigenvectors 
and Eigen values of the covariance matrix (or 
correlation matrix). 

• Sort the Eigen values in descending order. 
• Choose the k eigenvectors that correspond to 

the k largest Eigen values where k is the number 
of dimensions of the new feature subspace (k≤d). 

• Construct the projection matrix W from 
the k selected eigenvectors. 

• Transform the original dataset X to obtain 
the k dimensional feature subspace Y (Y=WT⋅X). 

 
5. EXPERIMENTAL RESULT 

The system uses the statlog (Heart) dataset, which 
is collected from UCI data repository. The system contains 
the following sub tasks.  The proposed system used statlog 
dataset for experiment. The system uses 50500 dataset for 
the evaluation.  

The investigating data have 100 observing sample, 
there exists missing value in these sample. After 
eliminating the missing element, the system performs the 
WPCA for every attribute. The WPCA implementation 
process identifies the frequency of every value from the 
dataset. 

In the proposed system Weighted principal 
component analysis (WPCA) algorithm has been proposed 
to address the accuracy and efficiency problem, and this 
created with the aim at detecting the presence of features 
from a large amount of data via a principle direction 
technique. Unlike prior PCA based approaches, this does 
not store the entire data matrix or covariance matrix, and 
thus the approach is especially of interest in dynamic or 
large-scale dataset.  

Aimed at the important influence of WPCA with 
ant primary direction on classification performance, this 
paper adopts the improved WPCA as the method of 
selection anomaly characteristics parameters.  

WPCA based classification has been created in this 
module. The user can give the partition threshold. A set of 
data instances in the original data set is taken as predefined 
input. This data may be contaminated by noise and 
incorrect data labelling etc., this data might be error free, 
because this is going to be used as training data. So the 

cleaning is done using before updating the data. This has 
been applied by oversampling method. 

 
5.1 Detecting Sub Types 

             This is for detecting the anomaly from the user test 
data. When the user gives the input to the system, the 
system calculates the WPCA and Oversampling value for 
the new input. And then compare that new St value with 
the threshold value which is calculated in earlier. Final 
results will be identified individually and stored in the 
database. 

5.2 Weighted Principal Component Analysis 

Perhaps the most widely used algorithm for 
manifold learning is  PCA.  The proposed system utilizes a 
WPCA model. It is a combination of Principal component 
analysis and the non linear trick. WPCA begins by 
computing the covariance matrix of 
the  matrix  

It then projects the data onto the 
first k eigenvectors of that matrix. By comparison, WPCA 
begins by computing the covariance matrix of the data 
after being transformed into a higher-dimensional space, 

It then projects the transformed data onto the 
first k eigenvectors of that matrix, just like PCA. It uses the 
Weighted feature to factor away much of the computation, 
such that the entire process can be performed without 
actually computing. Of course feature must be chosen such 
that it has a known corresponding Weighted. 

WPCA has an internal model, so it can be used to 
map points onto its embedding that were not available at 
training time. 

6. METHODOLOGY 

6.1 WPCA instruction 
• Sort the data in ascending order. For example take 

the data set {4, 5, 2, 3, 15, 3, 3, 5}. Sorted, the 
example data set is {2, 3, 3, 3, 4, 5, 5, 15}.  

• Find the median. This number at which half the 
data points are larger and half are smaller. If there 
are even numbers of data points, the middle two 
are averaged. For the example data set, the middle 
points are 3 and 4, so the median is (3 + 4) / 2 = 
3.5.  
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• Find the upper quartile, Q2; this is the data point 
at which 25 percent of the data are larger. If the 
data set is even, average the 2 points around the 
quartile. For the example data set, this is (5 + 5) / 
2 = 5. 

• Find the lower quartile, Q1; this data point at 
which 25 percent of the data are smaller. If the 
data set is even, average the 2 points around the 
quartile. For the example data, (3 + 3) / 2 = 3. 

• Subtract the lower quartile from the higher 
quartile to get the interquartile range, IQ. For the 
example data set, Q2 -- Q1 = 5 -- 3 = 2. 

• Multiply the interquartile range by 1.5. Add this 
to the upper quartile and subtract it from the 
lower quartile. Any data point outside these 
values is a mild outlier. For the example set, 1.5 x 
2 = 3. 3 -- 3 = 0 and 5 + 3 = 8. So any value less 
than 0 or greater than 8 would be a mild outlier. 
This means that 15 qualify as a mild outlier. 
Multiply the interquartile range by 3. 

•  Add this to the upper quartile and subtract it from 
the lower quartile. Any data point outside these 
values is an extreme outlier. For the example set, 
3 x 2 = 6. 3 -- 6 = --3 and 5 + 6 = 11. So any 
value less than --3 or greater than 11 would be a 
extreme outlier. This means that 15 qualifies as an 
extreme outlier. 

  

 

 

 
 

One of the simplest statistical tests is Chi-Square 
(X2) Analysis, which compares the "goodness of fit" 
between observed and expected counts. An hypothesis is 
developed that predicts how a set of observations will fall 
into each of two or more categories (the expected result). 
These counts are compared with the experimental data (the 
observed result). Allowing for the sample size, the 
differences among the observed and expected results are 
reduced to a single number, the chi-square value. Because 
larger deviations from expectation are expected with more 
categories, the test also takes into account the degrees of 
freedom in the experiment. Comparison with a table of 
probability values shows the probability that the observed 
deviation could have been obtained by chance alone. In the 
performance analysis graph the WPCA algorithm takes 
less time than the Semi Supervised Feature Selection and 
PCA feature extraction. 

  
7. CONCLUSION 

A proposed framework for feature selection based on 
constraint selection and redundancy elimination for semi-
supervised dimensionality reduction. A new score function 
was developed to evaluate the relevance of features based 
on both, the locally geometrical structure of unlabeled data 
and the constraint preserving ability of labeled data. The 
proposed framework has several advantages: 

1) It exploits a pair wise constraint selection, which 
results in a coherent constraint subset extracted 
from the labeled data. 

2) It surveys the structural neighborhood of data 
examples, which highlights the efficient locality 
preserving properties of the selected features. 
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3) It handles feature redundancy with a new graph 
based approach, which iteratively eliminates 
redundant features among relevant ones. 

The optimized WPCA algorithm has been 
expanded with the new optimal classification algorithms, 
which can handle large category dataset more rapidly, 
accurately and effectively, and keep the good scalability at 
the same time. The algorithm mainly aims at classified 
data, but we should disperse the value data in the dealing 
process. So, we should do further improvement to the 
algorithm to adapt the mixed data directly. 
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