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scoring and recommendation systems.

Abstract—The high computational complexity of text
classification is a significant problem with the growing surge in
text data. An effective but computationally expensive
classification is the k-nearest-neighbor (kNN) algorithm.
Principal Component Analysis (PCA) has commonly been used
as a preprocessing phase to reduce the dimensionality followed
by kNN. However, though the dimensionality is reduced, the
algorithm requires all the vectors in the projected space to
perform the kNN. We propose a new hybrid algorithm that uses
PCA & kNN but performs kNN with a small set of neighbors
instead of the complete data vectors in the projected space, thus
reducing the computational complexity. An added advantage in
our method is that we are able to get effective classification using
a relatively smaller number of principal components. New text
for classification is projected into the lower dimensional space
and kNN is performed only with the neighbors in each axis based
on the principal that vectors that are closer in the original space
are closer in the projected space and also along the projected
components. Our findings with the standard benchmark dataset
Reuters show that the proposed model significantly outperforms
kNN and the standard PCA-kNN hybrid algorithms while
maintaining similar classification accuracy.

There are two types of approaches to text classification, the
rule based approach and machine learning based approach. In
the rule based approach, the classification rules are defined
manually and documents are classified based on rules. In the
machine learning approach, the classification rules or
equations are found automatically using sample labeled
documents. This class of approaches has much higher recall
but a slightly lower precision than rule based approaches but is
more practical for big data. Therefore, machine learning based
approaches are replacing the rule based approaches for text
classification.
An effective but computationally expensive classification is
the kNN text classification. PCA has been used as a preprocessing phase of KNN so as to reduce the dimensionality.
However, the kNN computational cost, though reduced is still
high as it uses every vector in the projected space.
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I.

This paper proposes a new hybrid text classification approach
using principal component analysis to reduce the dimension,
and applying kNN only for neighboring vectors in the
principal components thus reducing the inputs for the kNN
classifier. We show that our hybrid model is able to classify
data with a high level of accuracy while using a smaller
number of principal components thus significantly reducing
the computational time.

INTRODUCTION

There is an exponential growth of text information associated
with the web technology and the internet. To gather useful
information from it the text has to be categorized correctly and
efficiently. Text Classification is the process of finding the
correct class for each document, given a set of classes and a
collection of text documents.

II. RELATED WORK
Content based classification is a type of classification in which
the weight given to particular terms in a document determines
the class to which the document is assigned. In the vector
space model, documents are represented as vectors, where
each entry corresponds to the weight of terms of the
document. A popular unsupervised weighting scheme for text
classification is the tf*idf (term frequency* inverse-documentfrequency) [1, 2]. There are other effective supervised
weighting schemes such as tf*rf, (term frequency * relevance
frequency), TF-ICF (term frequency * inverse corpus
frequency) [3] and so on. Effective Text Classification
depends on both the right choice of the weighting scheme and
the classification algorithm.
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Recently many different types of machine learning
classification techniques [4,5] such as Naïve-Bayes, Rocchio,
SVM, K-nearest neighbor, centroid-based classification [6,7] ,
Markov models [8], and hybrid [11,13,18,19] versions have
been proposed.
A. Classification Algorithms
Naïve-Bayes [4, 5, 9, 10] is a probability based classification
technique. It works based on the Principal of Bayes’ theorem.
This algorithm computes the posterior probability of the
document belonging to different classes and assigns the
document to the class with the highest posterior probability.
But one of the major limitations of the classifier is that it
performs very poorly when features are highly correlated,
since it assumes class conditional independence.
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effectively and efficiently. They considered binary text
classification that assigns each document either to the positive
class or to its complement negative class.

Rocchio’s algorithm [4, 5, 11] makes use of the centroid of a
class to predict the class of a newly arrived document. It finds
a prototype vector (centroid or mean value) for each class or
category. Although it is faster and easier to implement, the
classification accuracy is comparatively lower and influenced
by outliers as we only consider the mean data for
classification.

The SVM-kNN hybrid classification approach [13] has the
objective to minimize the impact of parameter on
classification accuracy. The SVs from different categories are
used as the training data of the nearest neighbor classification
algorithm in which the Euclidean distance function is used to
calculate the average distance between the testing data point to
each set of SVs of different categories. But SVM has some
drawbacks when dealing with non-linear separable problem
and multiclass problem.

The idea of SVM [13, 14] is to find linear separators. It is an
efficient technique for classification. But SVM kernel
functions are used for solving non-linear separable problem
and for multiclass problem, it is computationally expensive.
kNN [4,5] is a classification algorithm where objects are
classified by voting several labeled training examples with
their smallest distance from the object. This method performs
well even in handling the classification tasks with multicategorized documents but requires much more time for
classifying objects with either a large number of training
examples or with high dimensional data. In order to classify a
new data, we need to loop over all the training examples to
find its nearest neighbors. The need to store all training
examples leads to more storage requirement. Online response
is typically slower and it is difficult to find an optimal value of
k. In spite of this, kNN is one of the most commonly used and
accurate algorithms used for classification.

Our goal is the take advantage of the strengths of the kNN
algorithm but reduce the computational complexity. There
have been models proposed that perform some pre-processing
such as PCA before kNN.
An effective strategy to accelerate the standard kNN was
proposed by projecting each category onto one principal
component [19]. In this case, a new vector has to be projected
into multiple principal components, one for each class thus
increasing the computational time. They compute the principal
component for each class separately and then use the first
principal component from each PCA result.
Our model differs from [19] in that we perform only one PCA,
and the number of principal components selected is
independent of the categories. We show that we significantly
reduce the classification time while maintaining the accuracy.

Principal component analysis (PCA) [15,16] is a mathematical
procedure that uses orthogonal transformation to convert a set
of observations of possibly correlated variables into a set of
values of linearly uncorrelated variables called principal
components. The number of principal components is less than
or equal to the number of original variables. It is useful for
reducing the dimensionality of a high dimensional data.

III. SYSTEM ARCHITECTURE
When a user is given a text data as input, the hybrid text
classification algorithm performs the classification in an
efficient way and predicts the class of the given data, shown in
Figure 1.
PCA is used as a preprocessing phase as we are dealing with
high dimensional data. kNN is used for predicting the label of
the new data.

In [17], the centroid-based classification method is used for
the language identification problem. The high run-time
performance of centroid-based classification is quite useful for
on-line tasks like language identification. However, centroid
based classification is affected by smaller variations in data
and by outliers.
B. Hybrid Algorithms

Figure 1. Overall Architecture: Hybrid classification algorithm

A few hybrid versions of classification algorithms include an
improved KNN algorithm for text categorization [18] builds
the classification model by combining constrained one pass
clustering algorithm and KNN text categorization. During the
clustering processes, each cluster is represented as a cluster
vector in accordance with the centroid vector for each cluster.
But this is used for unsupervised learning.

Algorithm 1 is our main algorithm for performing the hybrid
text classification.
A. Algorithm - PCACLASSIFIER ( )
Input: {Training dataset with class, Test data}
Output: {Class of Test data}

A hybrid algorithm based on variable precision rough set is
proposed to combine the strength of both kNN and Rocchio
techniques and overcome their weaknesses [11]. Rocchio
classifiers are used to classify most of the new documents

1. Compute the principal components of the training data.
2. Project the train data along each principal component.
3. Project the test data along each principal component.

119

it to the data that corresponds to the close neighbors along the
axis and the time to find the close neighbors using binary
search.

4. Perform binary search over each projected space and
find the L nearest neighbors.
5. Compute the similarity between test data and its
neighbours in the projected space.
6. Select the most similar k neighbors.
7. Predict the category of test data based on the selected
neighbors
The input to this algorithm is the training data along with the
class information and the test data. Dimensionality reduction
for high dimensional data is performed using Principal
Component Analysis (PCA). The dimensionally reduced data
in the projected space is used for classification. We limit the
kNN space by finding the L nearest neighbors along each
principal component in the dimensionally reduced feature
space. The data that is clustered in the original space will also
be closer in the projected space and along each of the principal
component axis

Figure 3. Training phase of Hybrid classification algorithm

Figure 2 shows the projected space of the newly arrived data
with its neighbors along the first principal component. There
will be additional neighbors along the principal component
that are not neighbors to the new data, and kNN will discard
these.

Figure 4 shows the testing phase of our proposed model.
When a new data arrives we project the newly arrived data
along the principal components. Traditional kNN calculates
similarity with the entire training set. In order to reduce the
classification time of kNN we proposed projecting the vector
along each component and selecting the L nearest neighbors
along each principal component. These neighbors are the input
dataset for kNN. So instead of searching in the entire training
data and the original feature space the search space is reduced.

Figure 2. Reduced search space for kNN

Figure 3 depicts the training phase of the hybrid algorithm.
The input set contains the training data along with its class
information and the test data. PCA is used here to reduce the
number of features of the training dataset.
The projected value along each principal component and its
corresponding index are stored in a two dimensional array.
The index is later used for retrieving the original data as well
as the projected data and finding neighbors along the axis. As
the array is sorted, the binary search finds the closest
neighbors with a complexity of O (log n), where n is the size
of the array.
With our model we not only reduce the dimensionality of the
vectors with PCA, but also reduce the search space by limiting

Figure 4. Testing phase of Hybrid classification algorithm

Once we find the closet set of neighbors along each principal
component, kNN is performed with this limited set of vectors
and the k nearest neighbors are selected. The prediction of the
class of the newly arrived data is based on the most similar k
neighbors in the selected subset.
We may perform kNN based on the original vectors or based
on vectors in the projected vectors. kNN in the original space
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TABLE I.

is slightly more expensive as the vectors are larger, but has
higher accuracy.
The complexity of the main hybrid classifier algorithm is
O (m*n) +O(m) + mtest*[ O (p) +O(e*Lhalf) +O(e*k)
+O(e)+O (t)]+ 2*O(e), where m is the number of instances, n
the number of features and e the number of principal
component selected, Lhalf is half of L(searching for L
neighbors along each component), mtest is the number of test
data, p = a * L, in which a = e*b, a and b are constants. t is
the index of the class with maximum value. O (t) is a constant
except in situations where more than one class has the same
maximum value.

CLASSIFICATION ACCURACY AND TIME TAKEN BY 1000
REUTERS TEST DATA

K

Time in
seconds

Correctly classified
( Accuracy in %)

5

94.2

537

10

91.0

569

20

87.5

560

30

86.1

595

40

86.0

651

50

85.0

660

We used 1000 test data and 6532 training data with 5741
features. For the Reuters data, we achieve 94% accuracy
when k=5 suggesting that this is an optimal value of k for this
dataset.

From the computed time complexity we can say that our
proposed algorithm depends to a large extent on the number of
principal components (Eigen vectors) selected. The initial
O(m*n) is for reading the entire data and for the remaining
computations the reduced feature space is used. Our proposed
model has reduced the time and space complexity compared to
the existing models.

TABLE II.

CLASSIFICATION ACCURACY OF REUTERS DATA WHEN USING
ORIGINAL AND PROJECTED DATA
Classification Accuracy

K

IV. Experimental Evaluation
A. Datasets
We used both synthetic and real dataset Reuters dataset with a
total of 6532 documents, 5741 features belonging to 52
categories.
B. Analysis by varying the number of instances on synthetic
dataset
We tested the execution time of the Hybrid Classifier by
varying the number of instances while keeping the number of
features at1000, L as 7 and K as 5 Figure 5 shows that the
graph is directly proportional to the number of instances.

(Accuracy in %)
Projected data

Original data

5

94.2

98.5

6

93.7

98.5

7

91.7

98.2

8

91.3

98.5

9

90.6

98.0

10

91.0

98.0

Next we compared the classification accuracy by performing
the last step in our hybrid classifier with the projected data and
the original data with varying the K values as shown in Table
II. As expected, the accuracy is relatively higher when using
the original data instead of the projected data for similarity
computation. For the projected data, classification accuracy is
better for smaller values of k while for the original data it was
nearly the same.
TABLE III.
TIME TAKEN FOR CLASSIFYING A
VARIOUS APPROACHES IN SECONDS

Figure 5. Varying number of instances and L=7, K=5 and features = 1000

The percentage of accuracy of classification as well as the
time taken to predict test datasets on Reuters data is shown in
Table I.

REUTERS TEST DATA FOR

K

Traditional
kNN

PCA+kNN

PCA+Indexed
kNN(Hybrid)

5

4613

44.519

20.0176

7

4674

44.767

20.336

9

4796

44.373

20.067

The time comparison using Reuters data with traditional kNN,
PCA preprocessed kNN and our Hybrid kNN is shown in
Table III. Our hybrid classifier outperformed the PCA+kNN
approach In PCA preprocessed kNN we used PCA for
dimensionality reduction.
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L

Figure 6 shows the time taken for the hybrid kNN both for
original as well as projected data and that the time for kNN in
the projected space is less than in the original space.

Classification Accuracy
(Accuracy in %)

7

89.8

99.5

8

90.3

99.5

9

90.6

99.5

10

90.6

99.3

The classification accuracy and the time taken by PCA+kNN
and our proposed Hybrid version is shown in Table V. This
PCA+kNN is an approach in which PCA is used only as a
preprocessing step for dimensionality reduction and then the
traditional kNN is performed in the projected space for
classification. We used a subset of the Reuters dataset for this
comparison with a testing dataset of size 100 and a training
dataset of size 6532. Our results are positive and show that a
significant reduction in time and a small improvement in the
classification accuracy.

Figure 6. Computational Varying K and fixed L as 50 on Reuters data

TABLE V.

Figure 7 shows the time comparison by varying L and
performing kNN on the subset of the original and the
projected data. The time taken for projected data is less
compared to original. As L increases, the subspace for the
kNN search increases and we see an increase in the time. As
the dimensions in the original space is much larger, the time
for kNN similarity comparisons increases at a faster rate for
kNN performed the original date

TIME AND ACCURACY COMPARISON

PCA+kNN

PCA+Indexed
kNN(Hybrid)

Time

29 minutes

1 minute

Accuracy

96%

97%

K=5

VI. CONCLUSION
The kNN classifier is a popular classifier and is highly
effective. One of the major limitations of kNN is its
classification time when dealing with high dimensional as well
as big data.
In this paper, we proposed an efficient hybrid algorithm based
on PCA to reduce the dimension and a novel way to find the
neighbors along each principal component so as to restrict the
kNN space and increase the efficiency. We use the projected
space of the original data for classification and showed that
with the standard Reuters dataset, our hybrid model is able to
classify data with a high level of accuracy while using a small
number of principal components and a smaller set of projected
data for kNN thereby significantly reducing the computational
time. Future work will include data analysis with various term
weighting schemes and additional datasets to understand the
effectiveness of these with our hybrid algorithm.

Figure 7. Varying L and fixed K as 5 on Reuters data

The classification accuracy of real as well as original data by
varying the L value is shown in Table IV. As expected the
accuracy is high in case of original data.
TABLE IV.

CLASSIFICATION ACCURACY OF REUTERS DATA WITH ORIGINAL
AND PROJECTED DATA BY VARYING L
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Classification Accuracy
L

(Accuracy in %)
Projected data

Original data

5

88.8

99.6

6

90.3

99.5
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