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Abstract: - Dimensionality reduction studies methods that effectively reduce data dimensionality for efficient
data processing tasks such as pattern recognition, machine learning, text retrieval, and data mining. We introduce the
field of dimensionality reduction by dividing it into two parts: feature extraction and feature selection. Feature
extraction creates new features resulting from the combination of the original features; and feature selection
produces a subset of the original features. Both attempt to reduce the dimensionality of a dataset in order to facilitate
efficient data processing tasks.
We introduce key concepts of feature extraction and feature selection, describe some basic methods, and
illustrate their applications with some practical cases. Extensive research into dimensionality reduction is being
carried out for the past many decades. Even today its demand is further increasing due to important highdimensional applications such as gene expression data, text categorization, and document indexing.
On web search providing exact result to the user is the most important task. The previous existing models
and search engines are lagging with providing personalization in an exact manner. They provide results according to
the ranking algorithm which it’s using. Identifying the user interest and providing search result according to that is
still a challenging task. We identified the problem of identifying the way of user interest prediction, where the data
set or the visiting history is huge. When the dimensionality of the data increases in the web search, how we going to
identify the user interest in a efficient manner.

Keyword: - Dimension, Clustering, Dataset, Feature extraction, Feature Selection.
1. INTRODUCTION
In statistics, Dimension Reduction is the process of reducing the number of random variables under
consideration, and can be divided into feature selection and feature extraction. In physics, dimension reduction is a
widely discussed phenomenon, whereby a physical system exists in three dimensions, but its properties behave like
those of a lower-dimensional system.
Data exploration refers to the search of structures or features that may indicate deeper relationships
between variables. Normally data exploration relies heavily on visual methods because of the power of human eye
to detect structures. However when the number of dimensions of the data gets very large , it becomes necessary to
reduce the number of dimensions of the datasets by applying dimensionality reduction techniques. Dimensionality
reduction is the search of a small set of features to describe a large set of observed dimensions. Besides the obvious
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fact that reducing the number of dimensions makes it easier to visualize the data. Dimensionality reduction is also
useful in discovering a compact representation, thus decreasing the computational processing time. In addition, the
exercise of dimensionality reduction may serve to separate the important features or variables from the less
important ones, therefore providing additional insight into the nature of the dataset that might otherwise be left
undiscovered.
We will review some existing statistical methods for linear and non-linear dimensionality reduction, and
provide some evaluation of the advantages and disadvantages of each. First, a linear dimensionality reduction
technique, Multidimensional scaling (MDS) heavily applied to solve many problems in the social and behavioral
sciences will be reviewed and other techniques also. Two recently introduced non-linear methods isometric feature
mapping (ISOMAP) and locally linear Embedding, which have been implemented for many image processing and
pattern recognition problems is also described. Finally summary and evaluation of the algorithm is presented.
A number of methods currently exist for accomplishing this reduction. These methods are broadly grouped
into linear and non-linear approaches. These approaches include principal component analysis (PCA), multidimensional scaling (MDS), Isomap, locally linear embedding (LLE), and most recently LDM’s method. Each of
these methods seeks to find a mapping which can represent the important features of the original data in a smaller
space with substantially fewer dimensions. This can be expressed mathematically as mapping the original space RD
to a new space Rd where d << D.
This work evaluates the effectiveness of several methods for dimensionality reduction as they relate to two
distinct text mining applications. First, how dimensionality reduction impacts the ability of standard algorithms to
effectively classify documents among known categories has been studied. It was theorized that some newer
dimensionality reduction methods which stress local relationships would perform best. Results from classification,
however, contradict this hypothesis. Nonetheless, results did show that many DR techniques are able to reduce the
data such that classification accuracy is improved when comparing against a classifier that performs no DR but uses
the same number of dimensions. In addition, results showed that many of the DR techniques could produce strong
accuracies when using only a small number of dimensions.

2. EXISTING METHODOLOGY
Clustering is considered an unsupervised learning process, where the main aim is to group a collection of
unlabeled documents into meaningful clusters that are similar within themselves and dissimilar to documents in
other clusters. Clustering documents is attractive because it frees organizations from the need of manually organize
document bases, which could be too expensive, or even infeasible given the time constraints of the application
and/or the number of documents involved. Machine learning algorithms used for text clustering can be categorized
into two main groups (i) hierarchical clustering algorithms, and (ii) partition-based clustering algorithms.
Hierarchical clustering algorithms produce nested partitions of data by merging or splitting clusters based
on the similarity among them. On the other hand, partition-based clustering algorithms group the data into non–
overlapping partitions that usually locally optimize a clustering criterion. Hierarchical clustering provides good
visualization capabilities especially if data is naturally exist in hierarchy. However, it lacks robustness as it is very
sensitive to outliers. Additionally, the computational time of hierarchical clustering is very large which limits its
usage in large data.

3. PROPOSED METHODOLOGY
The main contribution of this thesis is to enhance TC using the filter approach of DR. In order to compare
the results of this work with the benchmark results in TC, the most used technique is chosen in each stage of the TC
process. The following section summarizes the how the experiments of this work have been setup.
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i) Document Pre-Processing
All punctuation and special characters are first removed from documents. It is worth noting that the
removal of rare words was not considered, since it might be harmful especially in highly-skewed datasets. These
datasets may contain categories contain a limited number of documents, and without rare words the discrimination
of these categories may be difficult.

ii) Document Representation
Every document was represented as a BOW which is the simplest representation available.

iii) Dimensionality Reduction
Four feature scoring methods have been chosen to examine the performance of the thresholding techniques
as well as the combining operators. These methods are the DF, IG, MI, and CC. These feature selection methods
have been widely used, and have shown promising results.

iv) Feature Weighting
Classical normalized tfidf (ltc) method has been adopted since it is the most commonly used feature
weighting method.

v) Classification
SVM has been the method of choice of this work. Studies have shown that it is among the best performing
classifiers in TC applications.

vi) Performance Evaluation
The common MicroF1 and MacroF1 measures have been used for performance evaluation to benchmark
our results with the literature.

3.1. K-Means Clustering
K-means is a commonly used partitioning based clustering technique that tries to find a user specified number of
clusters (k), which are represented by their centroids, by minimizing the square error function [13]. Although Kmeans is simple and can be used for a wide variety of data types. The K-means algorithm is one of the partitioning
based, nonhierarchical clustering methods. Given a set of numeric objects X and an integer number k, the K-means
algorithm searches for a partition of X into k clusters that minimizes the within groups sum of squared errors. The
K-means algorithm starts by initializing the k cluster centers [1]. The input data points are then allocated to one of
the existing clusters according to the square of the Euclidean distance from the clusters, choosing the closest. The
mean (centroid) of each cluster is then computed so as to update the cluster center [1]. This update occurs as a result
of the change in the membership of each cluster.
 Step 1: Initialization: choose randomly K input vectors (data points) to initialize the clusters.


Step 2: Nearest-neighbor search: for each input vector, find the cluster center that is closest, and assign that
input vector to the corresponding cluster.




Step 3: Mean update: update the cluster centers in each cluster using the mean (centroid) of the input
vectors assigned to that cluster.
Step 4: Stopping rule: repeat steps 2 and 3 until no more change in the value of the means.

Reduced datasets done by principal component analysis reduction method is applied to K-Means clustering.
As a similarity metric, Euclidean distance has been used in k-means algorithm. The steps of the Amalgamation kmeans clustering algorithm are as follows.

Phase-I: Apply PCA to Reduce the Dimension of the High Dimensional Data Set
Step 1: Organize the dataset in a matrix X.
Step 2: Normalize the data set using Z-score.
Step 3: Calculate the singular value decomposition of the data matrix. X =UDV T
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Step 4: Calculate the variance using the diagonal elements of D.
Step 5: Sort variances in decreasing order.
Step 6: Choose the p principal components from V with largest variances.
Step 7: Form the transformation matrix W consisting of those p PCs.
Step 8: Find the reduced projected dataset Y in a new coordinate axis by applying W to X.
Phase-II: Find the Initial Centroids
Step 1: For a data set with dimensionality, d, compute the variance of data in each dimension.
Step 2: Find the column with maximum variance and call it as max and sort it in any order.
Step 3: Divide the data points of cvmax into K subsets, where K is the desired number of clusters.
Step 4: Find the median of each subset.
Step 5: Use the corresponding data points (vectors) for
Step 6: each median to initialize the cluster centers.
Phase-III: Apply K-Means Clustering With Reduced Datasets.
Step 1: Initialization: choose randomly K input vectors (data points) to initialize the clusters.
Step 2: Nearest-neighbor search: for each input vector, find the cluster center that is closest, and assign that input
vector to the corresponding cluster.
Step 3: Mean update: update the cluster centers in each cluster using the mean (centroid) of the input vectors
assigned to that cluster.
Step 4: Stopping rule: repeat steps 2 and 3 until no more change in the value of the means.
High Dimensional Dataset is reduced using principal component analysis reduction method. Dataset
consists of 569 instances and 30 attributes. Here the Sum of Squared Error (SSE), representing distances between
data points and their cluster centers have used to measure the clustering quality.
The experiment conducted by [48] also illustrates that selecting 10% of features using the filter approach
exhibits the same classification performance when using all the features by SVM. This is in contrast to other
classifiers such as k-means in which using all the features 19 degrades the performance significantly.

4. RESULTS & DISCUSSIONS
The main contribution of this paper is to enhance TC using the filter approach of DR. In order to compare
the results of this work with the benchmark results in TC, the most used technique is chosen in each stage of the TC
process.
i. Recall & Precision
They are two well known measures of effectiveness in text mining. While Recall is a measure of
correctly predicted documents by the system among the positive documents, Precision is a measure of correctly
predicted documents by the system among all the predicted documents. The system is evaluated in terms of
precision, recall and Fmeasure. Recall is defined as the number of relevant documents retrieved by a search divided
by the total number of existing relevant documents, while precision is defined as the number of relevant documents
retrieved by a search divided by the total number of documents retrieved by that search .
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ii. F- Measure
F-measure combines precision and recall and is the harmonic mean of precision and recall.

Several experiments were conducted with different query documents and the precision, recall and Fmeasure of the output was calculated. This higher improvement in precision value can compromise for the very
small percentage of drop in the recall value. Moreover, the F-measure which combines precision and recall is much
improved for similarity than existing system.
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Fig 4.2: - F-Measure Result
The F-Measure represents the measure of recall and precision of retrieval or categorizing the data. In the
above result, the red line represents the existing approach and the green line represents the k-means for executing the
dimensionality reduction.
These measures are very helpful in evaluating the performance of both frequent and rare categories.

5. CONCLUSIONS
This main contribution of this work is to enhance existing DR techniques and second is to conduct
a comparative study that allows users to make comprehensive choices among available techniques. The main
objective is to achieve the highest performance with the simplest techniques. Due to the simplicity and efficiency of
the feature filtering approach, this work demonstrates this approach in order to perform the DR process. The results
indicate that using the principal component analysis does not lead to a significant loss in the accuracy while
reducing the vocabulary size significantly. On the other hand, using the k-means approach dramatically reduces the
storage requirements. However, the existing approach has shown to lead to some degradation in the performance
notable in large dataset.
The proposed combining and improved the performance of the k-means clustering approach. This leads to
improved categorization accuracy and a saving in the feature set size. In addition, this reduction would help reduce
the storage and decrease the computational resources. The proposed systems have shown comparable results with
benchmark datasets.
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