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Abstract
Support Vector Machine (SVM) and its variants are gaining momentum among the Machine Learning community. In this 
paper, we present a quantitative analysis between the established SVM based classifiers on multi-category text classifica-
tion problem. Here, we are particularly interested in studying the behaviour of Least-squares Support Vector Machines, 
Twin Support Vector Machines and Least-squares Twin Support Vector Machines (LS-TWSVM) classifiers on News data. 
Since, all these are binary classifiers, they are extended using One-Against-All approach to handle multi-category data. 
The dataset is first converted into required format by performing preprocessing activities which involve tokenization and 
removing irrelevant data. The feature set is constructed as Term Frequency-Inverse Document Frequency matrix, so that 
representative vectors could be obtained for each document. Experimentally, we have compared the performance of 
each classification algorithm by performing simulations on benchmark UCI News datasets: Reuters and 20 Newsgroups. 
This paper shows that LS-TWSVM proves to be the best of all three, both in terms of accuracy and time complexity (train-
ing and testing).
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1 Introduction

These days Internet is flooded with huge amount of text 
based entities that it becomes very difficult to manually 
categorize them. Tasks like categorizing email as spam or 
safe, patient’s medical reports, academic papers based on 
their technical specification, insurance policies etc. have 
become cumbersome due to their huge volume. Thus, 
there is a need for some automatic technique which makes 
it easy and machine oriented, to classify text documents. 
This process of text classification can be achieved by the 
use of Machine Learning (ML) algorithms.

Text classification, also known as Text Categorization, is 
the method of categorizing and/ or sorting the text based 
entities into some predefined set of semantic categories 

or labels. Each entity can be designated as belonging to 
multiple, exactly one or no category (class or topic) at all. 
There are various techniques that are being used in the 
process of automatic text classification. The very first tech-
nique developed for this purpose was the use of Natural 
Language Processing (NLP) objectives with simple proba-
bilistic models like Naive Bayes [1]. Here, the frequency or 
occurrence of each word is used as a feature for training 
the classifier. These NLP techniques were further replaced 
by more advanced and automatic method through the 
incorporation of Machine Learning Objectives in the task 
of automatic text classification. ML algorithms are divided 
into supervised, semi-supervised and unsupervised 
learning approaches. The supervised learning approach 
employees the method of training the system based on 
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output labels, and then tests the model on raw data. 
Whereas, unsupervised learning methods are used when 
it is difficult to get labeled entities and hence the models 
are trained without any labels. Semi-supervised Learning 
approach mediates between supervised and unsupervised 
approaches, as it involves large amount of unlabeled data 
and a small portion of labeled data for training purpose.

The Support Vector Machine (SVM) [2–4] is a popular 
supervised learning algorithm used for pattern recognition 
and regression analysis, which later found its application in 
the field of text classification. SVM has decent differentiat-
ing capabilities in various applications like particle identifi-
cation, face recognition, image classification etc. The main 
idea behind SVM is to obtain an optimal hyperplane which 
distinguishes the entities belonging to two classes as posi-
tive or negative. In the recent times, there have been sev-
eral improvements in the design of traditional SVM such as 
Lagrangian Support Vector Machine (LSVM) [5], Proximal 
Support Vector Machine (P-SVM) [6], Least Square Sup-
port Vector Machine (LS-SVM) [7]. These model generate 
two parallel hyperplanes and the data points are classified 
according to their distance from these hyperplanes. Man-
gasarian et al. proposed Generalized Eigenvalue Proximal 
Support Vector Machine (GEPSVM) [8], which solves a pair 
of generalized Eigen-value problems to generate two non-
parallel, proximal hyperplanes for the two classes. Based 
on the idea of GEPSVM, Jayadeva et al. proposed a Twin 
Support Vector Machine (TWSVM) [9], which solves a pair 
of Quadratic Programming Problems (QPPs), for generat-
ing the two nonparallel hyperplanes. It is in contrast to the 
traditional SVM that solves a single complex QPP to gen-
erate a single maximum-margin separating hyperplane. 
TWSVM has gained lot of popularity in the last decade and 
many variations of TWSVM have been proposed [10–16]. 
A variation of TWSVM, Least Square Twin Support Vector 
Machine (LS-TWSVM) [17], finds its application in text clas-
sification problem. LS-TWSVM incorporates the positives 
of both LS-SVM and TWSVM.

Joachims et al. [18] proved the suitability of SVM for 
text classification but it is found that SVM based systems 
face difficulties during information retrieval as it does not 
consider the semantic relations between the data terms. 
Therefore, the approach for Latent Semantic Indexing(LSI) 
based Least Square Support Vector Machine was incorpo-
rated. LSI is a document indexing technique in which the 
model is generated based on word occurrences in that 
document. LSI algorithm formulates a matrix representa-
tion of the corpus, in which rows corresponds to words 
in the vocabulary and columns corresponds to words in 
the document. Each entry in the matrix is thus a weighted 
frequency of corresponding term in corresponding docu-
ment, eliminating the impact of frequently occurring 
terms. LSI coefficient based LS-SVM proved to an efficient 

method for Text classification. The use of LS-SVM for Text 
Categorization was accomplished by Mitra et al. in 2004 
[19] where they presented an analysis of Least Square 
Support Vector machine with LSI for feature extraction. 
The aim was to compare the results obtained from LS-
SVM with K-Nearest neighbor (KNN) and Naive Bayesian 
(NB) classifier and portray the potential and relevance 
of using LS-SVMs as the intelligent classifying agent for 
text classification. The robustness of this system enabled 
the classification of noisy text titles with a high degree of 
precision. He et al. [20] compared three machine learning 
methods, namely k-Nearest Neighbor (kNN), Support Vec-
tor Machines (SVM), and Adaptive Resonance Associative 
Map (ARAM) for Chinese document classification. Lee et al. 
[21] proposed enhanced SVM framework for text docu-
ment classification.

In this paper, we compare the results for LS-SVM, 
TWSVM and LS-TWSVM for multi-category News classifi-
cation problem. The comparison is done in terms of gen-
eralization ability and time complexity of the individual 
algorithms on benchmark UCI datasets. The organization 
of the paper is as follows: Sect. 2 discusses about the dif-
ferent SVM based classifiers used for text classification 
namely LS-SVM, TWSVM, LS-TWSVM. Section 3 presents 
techniques used for retrieving relevant information from 
the unstructured dataset i.e. it explains the steps used for 
preprocessing of dataset. Section 4 presents the proposed 
algorithm for News classification using SVM-based clas-
sifiers. Section 5 talks about News datasets used for per-
forming experiments and the numerical findings observed 
during the simulations. Finally, the paper is concluded in 
Sect. 6.

2  SVM‑based classifiers

SVM has attracted a lot of researchers in the last two dec-
ades. SVM is initially proposed for classification and later 
it is extended to handle regressions problems also. Since, 
SVM solves a convex quadratic problem, it converges to 
a global solution in a definite time. SVM is a generic clas-
sifier and can be applied to solve numerous problems in 
different domains. Recently, SVM-based classifiers have 
been used for text classification. In the following section, 
we present the mathematical formulation of three SVM-
based classifiers, which are later used for text classification.

2.1  Twin Support Vector Machine

Twin Support Vector Machines (TWSVM) forms a part of 
the new emerging machine learning approaches, which 
are being applied in the field of text classification prob-
lems. Twin Support Vector Machine (TWSVM) introduced 
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by Jayadeva et al. [9] is based on the basic concepts of tra-
ditional SVM and is developed on the lines of Generalized 
Eigenvalue Proximal Support Vector Machine (GEPSVM) 
[6]. TWSVM generates two nonparallel hyperplanes for 
two class problems. The two nonparallel hyperplanes are 
given as:

Here, wi , i = {1, 2} is the normal vector to the ith hyper-
plane and bi is the corresponding bias. These proximal 
hyperplanes are obtained by solving two smaller SVM-
type problems. TWSVM solves a pair of QPPs instead of a 
single complex QPP as in the case of conventional SVM. 
Figure 1 shows the kind of hyperplanes generated by SVM 
and non-parallel hyperplane classifiers.

TWSVM, being a binary classifier, classifies the data sam-
ple entities into two classes namely + 1 and − 1 . Let A and 
B be the two matrices of dimensions m1 × n and m2 × n 
respectively, such that they contain m1 and m2 data points 
in n-dimensional real space region ℝn from two different 
classes. The TWSVM classifier is obtained by solving the 
following pair of QPP’s: (TWSVM1):

(TWSVM2):

The constant c1 > 0 (c2 > 0) is the trade-off factor 
between error vector �2 ( �1 ) due to the other class and 
distance of hyperplane from its own class; and e1 and e2 
are vectors of ones of appropriate dimensions. The first 
term in the objective function of (2) or (3) is the sum of 
squared distances of the hyperplane to the data points 
of its class. Thus, minimizing this term tends to keep the 
hyperplane proximal to the points of one class (say class 
+ 1 ) and the constraints require the hyperplane to be at 
unit distance from the points of other class (say class − 1 ); 
error variables �1 and �2 are used to measure the violation 
wherever the hyperplane is less than unit distance away 
from data points of other class. The second term of the 
objective function minimizes the sum of error variables, 
thus it attempts to minimize misclassification due to 
points belonging to other class.

The solutions of the above mentioned pair of 
QPPs is determined by solving their dual prob-
lems. The dual optimization problem is obtained by 
solving Karush–Kuhn–Tucker (KKT ) necessary and 

(1)xTw1 + b1 = 0 and xTw2 + b2 = 0.

(2)
min

w1,b1,�2

1

2
(Aw1 + e1b1)

T (Aw1 + e1b1) + c1e
T
2
�2

subject to − (Bw1 + e2b1) + �2 ≥ e2, �2 ≥ 0

(3)
min

w2,b2,�1

1

2
(Bw2 + e2b2)

T (Bw2 + e2b2) + c2e
T
1
�1

subject to (Aw2 + e1b2) + �1 ≥ e1, �1 ≥ 0.

sufficient optimality conditions [22]. The Wolfe dual [11] 
of (TWSVM1) is given as follows: (DTWSVM1):

Similarly, we consider (TWSVM2) and obtain its dual as
(DTWSVM2):

(4)
max
�

eT
2
� −

1

2
�TG(HTH)−1GT�

subject to0 ≤ � ≤ c1.

Fig. 1  Hyperplanes generated by SVM-based classifiers
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Here, H = [A e1] , G = [B e2] , P = [A e1] , Q = [B e2] . 
The augmented vectors u = [w1, b1]

T  and v = [w2, b2]
T 

are given by

and

Here, � = (�1, �2,… , �m2
)T  and � = (�1, �2,… , �m1

)T  are 
Lagrange multipliers.

In a nutshell, TWSVM comprises of a pair of QPPs such 
that, in each QPP, the objective function corresponds 
to a particular class and the constraints are determined 
by patterns of the other class. Thus, TWSVM gives rise 
to two smaller sized QPPs. In (TWSVM1), patterns of 
class +1 are proximal to the hyperplane xTw1 + b1 = 0 . 
Similarly, in (TWSVM2), patterns of class −1 lie around 
the hyperplane xTw2 + b2 = 0 . Also, TWSVM is approxi-
mately four times faster than SVM. This is because the 
complexity of the usual SVM is no more than m3 , where 
m is the total number of samples and TWSVM solves two 
problems, namely, (1) and (2), each of which is roughly 
of size (m/2). Thus, the ratio of run-time is approximately 
[(m3)∕(2 × (m∕2)3)] = 4.

A new data sample x ∈ ℝ
n is assigned to class r(r = 1, 2) , 

depending on which of the two planes given by (1) it lies 
closer to, i.e.

where |.| is the absolute distance of point x from the plane 
xTwl + bl = 0, l = 1, 2.

In order to extend the results to non-linear classifiers, 
the kernel-generated surfaces are considered instead of 
planes, as given in (9) and (10).

and

where CT = [A B]T and K is an appropriately chosen ker-
nel. The primal QPPs of the nonlinear TWSVM correspond-
ing to the surfaces (9) and (10) are given by (11) and (12) 
respectively.

(5)
max

�
eT
1
� −

1

2
�T P(QTQ)−1PT �

subject to0 ≤ � ≤ c2.

(6)u = −(HTH)−1GT�

(7)v = (QTQ)−1PT � .

(8)xTwr + br = min
l=1,2

�xTwl + bl�
‖wl‖ ,

(9)K (xT ,CT )u1 + b1 = 0,

(10)K (xT ,CT )u2 + b2 = 0

(KTWSVM1):

(KTWSVM2):

where parameters c1 > 0 and c2 > 0 . The Wolfe duals 
of KTWSVM1 and KTWSVM2 are given by (13) and (14) 
respectively.

(KDTWSVM1):

where S = [K (A,CT ) e1] , R = [K (B,CT ) e2].

(KDTWSVM2):

where L = [K (A,CT ) e1] , N = [K (B,CT ) e2].
Once (KDTWSVM1) and (KDTWSVM2) are solved to obtain 

the surfaces (9) and (10), a new pattern x ∈ ℝ
n is assigned 

to class 1 or class − 1 in a manner similar to the linear case.

2.2  Least Square Support Vector Machines (LS‑SVM)

Sukyens et  al. [7] proposed the least squares version 
of SVM and termed it as Least Squares Support Vector 
Machines (LS-SVM). On the lines of SVM, LS-SVM obtains 
the maximum-margin separating hyperplane, given as:

which is at least unit distance away from the patterns of 
both the classes. Here, (w,  b) are the parameters of the nor-
mal to the optimal hyperplane. The optimization problem 
of LS-SVM is quite different from that of traditional SVM. 
LS-SVM considers equality constraints instead of inequal-
ity constraints. In the objective function, L2-norm of error 
is considered. As a consequence, its solution is obtained 
by solving a system of linear equations instead of solving 
quadratic programming problem (QPP). The optimization 
problem for LS-SVM is formulated as:

(11)
min
u1,b1,�2

1

2
‖(K (A,CT )u1 + e1b1)‖2 + c1e

T
2
�2

subject to − (K (B,CT )u1 + e2b1) + �2 ≥ e2, �2 ≥ 0,

(12)
min
u2,b2,�1

1

2
‖(K (A,CT )u2 + e2b2)‖2 + c2e

T
1
�1

subject to (K (B,CT )u2 + e1b2) + �1 ≥ e1, �1 ≥ 0,

(13)
max
�

eT
2
� −

1

2
�T R(STS)−1RT�

subject to 0 ≤ � ≤ c1,

(14)
max

�
eT
1
� −

1

2
�T L(NTN)−1LT �

subject to 0 ≤ � ≤ c2,

(15)xTw + b ≥ 1,



Vol.:(0123456789)

SN Applied Sciences (2020) 2:458 | https://doi.org/10.1007/s42452-020-2266-6 Research Article

(LS-SVM:)

where, X represents the data matrix that contains all the 
data points. The dimensions of X are (m × n) , here m is the 
number of training points and n is the feature dimension 
in real space ℝn . The slack vector � captures the amount 
of violations of constraints ad c1 is the penalty parameter. 
Y ∈ {+ 1, − 1} is the vector of class labels and e is a vector 
of ones of appropriate dimension. Instead of solving the 
dual problem, as done in SVM, the solution is obtained by 
solving the following system of linear equation:

where, Z=[XTY1;… ;XTY
N
], Y = [Y1;… Y

N
], e = [1;… 1], �

= [�1;… ;�
N
], � = [�1;… ;�

N
] , and the equation (17) can be 

further solved as:

LS-SVM is proved to have better generalization ability 
and lower computational cost than the traditional SVM. To 
classify linearly inseparable datasets, we can make use of 
kernel trick, as discussed for TWSVM.

2.3  Least Squares Twin Support Vector Machine

Following the success of TWSVM, Kumar et al. [23] pro-
posed least squares version of TWSVM for binary classifi-
cation and called it as Least Squares Twin Support Vector 
Machine (LS-TWSVM). This formulation is developed on 
the lines of LS-SVM and leads to extremely simple and fast 
algorithm for generating binary classifiers based on two 
nonparallel hyperplanes. LS-TWSVM solves two modified 
primal problems of TWSVM. The hyperplanes are obtained 
by solving two systems of linear equations as opposed to 
solving two QPPs along with two systems of linear equa-
tions in TWSVM. The optimization problems for LS-TWSVM 
are given as:

(LS-TWSVM1):

(16)
min
w,b,�

1

2
wTw +

c1

2
�2,

subject to Y[wTX + b] = e − �,

(17)

⎡⎢⎢⎢⎣

I 0 0 − ZT

0 0 0 − YT

0 0 c1I − I

Z Y I 0

⎤⎥⎥⎥⎦

⎡⎢⎢⎢⎣

w

b

�

�

⎤⎥⎥⎥⎦
=

⎡⎢⎢⎢⎣

0

0

0

e

⎤⎥⎥⎥⎦

(18)

[
0 − YT

Y ZZT + c−1
1
I

] [
b

�

]
=

[
0

e.

]

(19)
min

w1,b1,�2

1

2
(Aw1 + e1b1)

T (Aw1 + e1b1) +
c1

2
�T
2
�2

subject to − (Bw1 + e2b1) + �2 = e2

(LS-TWSVM2):

The above equations use L2-norm of the slack variables �i 
and the inequality constraints of TWSVM are replaced by 
equality constraints. This simplifies the solution of (19) as 
a system of linear equations. On substituting the value of 
�1 , the equation is transformed as:

The above mentioned problems are solved in their pri-
mal form, in contrast to TWSVM. By setting the gradients, 
with respect to w1 and b1 , equal to zero and by rearranging 
the equations in matrix form for the variables w1 and b1 , 
following equations are obtained:

Similarly, the solution of QPP (20) can be explained as 
follows:

Here, the augmented matrices G and H have their usual 
meaning as described before. After obtaining the pair of 
nonparallel, proximal hyperplanes, a new data point x, 
belonging to Rn real space, is assigned the label of class 
+ 1 or − 1 depending on the criteria of minimum distance 
between the planes and the data point x. The minimum 
perpendicular distance from the two hyperplanes is rep-
resented by |xTw1 + b1| and |xTw2 + b2| respectively. LS-
TWSVM can be extended to handle linearly inseparable 
data by using kernel trick, as discussed for TWSVM.

3  Preprocessing of dataset

The process of Text Categorization involves categorizing 
the text-based documents into predefined classes. But this 
task involves a level of complexity in the sense that the 
dataset contains a large number of documents which are 
required to be classified into predefined categories. For 
the purpose of completion of categorization process, two 
advanced techniques are implemented on the dataset, 
called extraction and preprocessing. Figure 2 shows the 
steps required for preprocessing of documents.

(20)
min

w2,b2,�1

1

2
(Bw2 + e2b2)

T (Bw2 + e2b2) +
c2

2
�T
1
�1

subject to (Aw2 + e1b2) + �1 = e1.

(21)min
w1,b1

1

2
||(Aw1 + e1b1)||2 +

c1

2
||Bw1 + e2b1 + e2||2.

(22)
[
w1

b1

]
= −

(
GTG +

1

c1
HTH

)−1

GTe2

(23)
[
w2

b2

]
=

(
HTH +

1

c2
GTG

)−1

HTe1.
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3.1  Data extraction

The dataset used in the process of text classification con-
tains the sample data in different formats. For performing 
numerical experiments, there is a need to use the samples 
that suit our system’s. So, we chose Reuters and 20 News-
groups datasets for performing numerical experiments. In 
these datasets, the documents are enclosed in tags and 
the structure of the document includes attributes like Top-
ics, Places, Companies, Title, Organizations and Body.

3.2  Preprocessing

The sample dataset extracted for the purpose of text 
classification process include a large number of sample 
documents and each document in itself contains a huge 
volume of words, extending up to 1000 words per docu-
ment. These words can further be categorized into two 
classes namely relevant words and irrelevant words. The 
presence of irrelevant words makes the process of classi-
fication complex. Thus, a preprocessing of each document 
in the dataset is required. The preprocessing of documents 
involves following sequence of steps.

3.2.1  Tokenization, stemming and elimination of stop 
words

Tokenization is the first preprocessing step of text classifi-
cation. It can be explained as a process of transforming a 

text based entity into a list containing tokens. Token rep-
resents a single individual entity in a document. Tokens 
are classified into various classes, and each word in docu-
ment is allotted to a unique class of tokens. The next step 
of preprocessing is called Stemming. It is a crucial step, 
as it helps in reducing the complexity of the document 
to a great extend. The process of stemming is defined as 
storing the derived words in their base or root form only 
i.e. storing only a single base word for various different 
forms of that word present in the document. Stop words 
are the words that do not pertain to a specific purpose 
in classification process, but only results in increasing the 
volume of tokens in the documents. The words that occur 
too commonly in documents like “in”, “the”, “a”, “is” are all 
insignificant, as they do not have any relevance in the clas-
sification process. There is a predefined list of about 2000 
stop words, which create a class of words that are required 
to be removed from the documents.

3.2.2  Minimum document frequency

Document frequency measures the relevance of a particu-
lar document for a given term. It is the number of times 
a given term t appears in a document d within a larger 
search index. Minimum Document Frequency (MinDF) is 
used for removing less frequently occurring terms from 
the document. Generally, the default value for MinDF is 1 
which means that remove all the terms that occur in only 
one document. Similarly, MinDF = 5 removes the terms 
that appear in only 5 or less documents in the dataset. 
Such terms are treated as insignificant and do not have 
much influence on the classification process.

3.2.3  Term frequency

Term frequency (TF) is commonly used in Natural Lan-
guage Processing (NLP), Text Mining etc. that measures 
how frequently a term occurs in a document. Here, the 
terms refer to tokens. Counting the occurrences of a term 
is not sufficient as the count largely depends on the size of 
the document. A large document would always give more 
count for the terms. To normalize this count, it is divided 
by the total number of terms in the document. So, term 
frequency for a term t in a document D is given as

There are many ways to normalize TF like dividing by the 
maximum term frequency in a document. Thus, higher the 

(24)

TF(t,D) =
Number of times term t appears in a document

Total number of terms in the document

Fig. 2  Different steps used in preprocessing of the document
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value of TF(t, D) for a particular term, more is its relevance 
in the process of classification. Here, a threshold value 
is specified below which all the tokens are considered 
insignificant.

3.3  Feature set generation: Term Frequency‑Inverse 
Document Frequency (TF‑IDF)

Once the token glossary is created, weights are assigned 
to tokens based on their relevance in the classification 
process. Term Frequency-Inverse Document Frequency 
(TF-IDF) [24] is a way of assigning weights to each term in 
a document and is based on the term’s frequency (TF) and 
inverse document frequency (IDF). The product of these 
two terms is called the weight of the term. IDF determines 
the inverse probability of occurrence of a term in a docu-
ment. The terms with higher TF-IDF weight scores are con-
sidered to be more significant. It check hoe relevant the 
term is, with respect to the whole corpus (dataset). Let, D 
be a collection of Documents, t be a particular term and 
d ∈ D a specific document, then weight of t in d is calcu-
lated as:

Here, TF(t, d) represents term frequency of t in docu-
ment d and IDF is given by log(|D|/DF(t, D)) where DF(t, D) 
is the document frequency i.e. number of documents that 
contain term t in a corpus D. Here, |D| represents the total 
number of documents.

The role of TF-IDF [25] in the process of preprocessing 
can be explained by the concept that at some instance, the 
frequency of a particular term in a document is very high 
but its relevance in contrast is very low. For instance, in a 
dataset relating to India, the term ‘India’ will occur multiple 
times but its significance in classifying the documents is 
negligible. Thus, the inverse document frequency, denoted 
as IDF(t, D) is the rate of determining that whether the 
term is rare or common in the dataset. Thus, a common 
term has less information for classifying the documents 
while a rare term may have much more information about 
the dataset.

4  Algorithm for news categorization using 
SVM‑based classifiers

In this section, we present the process of News categoriza-
tion using SVM-based classifiers. This algorithm represents 
a generic approach to classify multi-category text data 

(25)Wt,d = TF(t, d) ∗ log(|D|∕DF(t,D)),

using single hyperplane or pair of nonparallel hyperplanes 
classifiers. But for this work, our focus is on News catego-
rization using LS-SVM, TWSVM and LS-TWSVM with One-
Against-All [26] approach for multi-category extension of 
SVM. Figure 3 graphically shows the steps for classifying 
News dataset with the help of SVM-based classifiers.

SVMs have been quite popular as binary classifiers 
and there is a need to extend the same to multi-cate-
gory classification problems. The two most popular 
approaches for multi-class SVMs are One-Against-All 
(OAA) and One-Against-One (OAO) support vector 
machines [26]. OAA-SVM implements a series of binary 
classifiers where each classifier separates one class from 
rest of the classes. But this approach leads to biased 
classification due to huge difference in the number of 
samples. For a K-class classification problem, OAA-SVM 
requires K binary SVM comparisons for each test data. In 
case of OAO-SVM, the binary SVM classifiers are deter-
mined using a pair of classes at a time. So, it formulates 
upto (K ∗ (K − 1))∕2 binary SVM classifiers, thus leading 
to increase in computational complexity. Also, directed 
acyclic graph SVMs (DAGSVMs) are proposed in [26], in 
which the training phase is the same as OAO-SVMs i.e. 
solving (K ∗ (K − 1))∕2 binary SVMs, however its testing 
phase is different. During testing phase, it uses a rooted 
binary directed acyclic graph which has (K ∗ (K − 1))∕2 
internal nodes and K leaves.

In this work, we extended the three binary classifi-
ers using OAA approach. LS-SVM is extended in similar 
manner as suggested for OAA-SVM [26]. The process is 
explained in Algorithm 1.

Fig. 3  Text categorization using SVM-based classifiers
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Input : Training data X = {X1, X2, ..., Xm} with labels Y ∈ {1..K}
and Test data Xtest. Here, K is the number of classes in the
dataset.

Output : Class Labels for test data Ytest.
Process:
1. Select the regularization, kernel parameters for the classifier.
2. Construct K LS-SVM models.

a. The ith i = {1, ..,K} LS-SVM model is trained with all of the
samples in the ith class with positive labels, and all other samples
with negative labels.
b. Use (17) to generate the ith hyperplane.

3. Test samples xtext is assigned the class label which has the largest
value of the decision function

class of xtest = arg max
i=1,..,K

((wi)Tx+ bi). (28)

Algorithm 1: Multi-category News categorization using LS-SVM clas-
sifier

For nonparallel hyperplane classifiers i.e. OAA-TWSVM 
and OAA-LS-TWSVM, the OAA algorithm solves K QPPs, 
one for each class, so that we obtain 2 ∗ K  nonparallel 
hyperplanes for K classes. Here, we construct a TWSVM or 
LS-TWSVM classifier. For ith classifier, we solve one QPP 
taking ith class samples (represented by A) with positive 
labels and remaining samples as other class B with nega-
tive labels. By using this methodology, we determine the 
hyperplane for the ith class. The unbalance problem of 
exemplars existing in ith classifier is tackled by choosing 
the proper penalty parameter ( c1 ) for the ith class. Algo-
rithm 2 explain the steps of text (News) classification using 
OAA extension of nonparallel hyperplane classifiers.

Input : Training data X = {X1, X2, ..., Xm} with labels Y ∈ {1..K}
and Test data Xtest. Here, K is the number of classes in the
dataset.

Output : Class Labels for test data Ytest.
Process:
1. Select the regularization, kernel parameters for the classifier.
2. Train the classifier model using Training data X with OAA
approach. Generate K classifier models. For each class i = {1..K},
create a positive class from its own samples and the other samples
(belonging to rest of the (K − 1) classes) constitute the negative
class. Obtain hyperplanes for these K positive classes using the
datasets, thus created.
a. For TWSVM as the classifier, use (6)-(7) or their kernel versions,

to generate the nonparallel hyperplanes.
b. For LS-TWSVM, use (22)-(24) to generate the proximal

hyperplanes.
3. Use minimum distance from hyperplanes criteria, to classify the
test data Xtest.

Algorithm 2: Multi-category News categorization using SVM-based
nonparallel hyperplane classifiers

5  Experiments

In order to prove the usability and efficacy of the estab-
lished methods- LS-SVM [7], TWSVM [9] and LS-TWSVM 
[23] for News classification, we performed experiments 
on Reuters and 20 Newsgroups datasets. All the experi-
ments are performed in MATLAB version 8.0 under Micro-
soft Windows environment on a machine with 3.40 GHz 
CPU and 8 GB RAM. The training-test datasets are created 
using 5-fold cross validation [27] and using One-Against-
All multi-category approach. The classification accuracy 
is reported as the average accuracy over 5-folds, where 
‘Accuracy’ is given by

Here TP, TN, FP, and FN are the number of true positive, true 
negative, false positive and false negative respectively.

To statistically evaluate the classification results, 
another evaluation criteria is used: F1 score, which is deter-
mined as

where

Here, TP, FP, TN, FN are true-positive, false-positive, true-
negative and false-negative respectively.

5.1  Dataset description

The following section discusses about the benchmark UCI 
News datasets used for classification in order the compare 
different models.

5.1.1  Reuters‑21578

The Reuters-215781 documents appeared in the Reuters 
Newswire in 1987. The documents were assembled and 

(27)Accuracy =
TP + TN

TP + FP + TN + FN
.

(28)F1 score =
2 × Precision × Recall

Precision + Recall
,

(29)Precision =
TP

TP + FP
,

(30)Recall =
TP

TP + FN
.

1 In http://www.david dlewi s.com/resou rces/testc ollec tions /reute 
rs215 78.

http://www.daviddlewis.com/resources/testcollections/reuters21578
http://www.daviddlewis.com/resources/testcollections/reuters21578
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indexed with categories by Reuters Ltd. and Carnegie 
groups. In 1990, the documents were made available 
by David D. Lewis of Information Retrieval Laboratory 
for various research purposes. The data set comprises of 
21578 News articles, each belonging to one or more cat-
egories. In this dataset, all data files are named as reut2-*.
sgm where * is varying from 000 to 021. The .sgm file 
format is like .xml file format. Every sample entry is in a 
tag named Reuters. For this comparative study, we only 
choose those documents that have unique class and every 
class should have at least one sample in Train set and one 
sample in Test set. Out of the 135 potential categories, 
only 90 categories have at least one training and one test-
ing documents. The documents were then preprocessed 
to apply various machine learning algorithms. For these 
21,578 documents, only the documents containing the 
four most popular topics were selected for training and 
testing purposes. The four topics are ‘earn (earning)’, ‘acq 
(corporate acquisitions)’, ‘money-fx (money market)’ and 
‘grain’ categories.

5.1.2  20 Newsgroups

The 20 Newsgroups2 dataset was collected by Lang. This 
corpus is a collection of approximately 20,000 articles 
taken from the Usenet Newsgroups that are distributed 
evenly across 20 different Newsgroups. This dataset con-
trasts from other datasets as it includes large vocabulary 
and words that have more meaning. The 20 Newsgroups 
dataset is much simpler than Reuters-21578. Every direc-
tory is a category and every file under the directory is a 
simple entry. At the beginning of every file, there are some 
lines of meta data of that file which will not be consid-
ered for training. So, only the body part after the lines of 
meta information will be extracted. Unlike other corpora, 
20 Newsgroups data does not have standard training 
and testing sets. For every part, there is a list of text and 
labels. The document is then preprocessed and passed to 
machine learning classifiers for evaluation of result. Form 
these 20 Newsgroups we have used the four most impor-
tant Newsgroups namely ‘alt.atheism’, ‘talk.religion.misc’, 
‘comp.graphics’, ‘sci.space’ for the purpose of training and 
testing.

5.2  Experimental results on Reuters‑21578

The three classifiers—LS-SVM, TWSVM and LS-TWSVM, are 
trained to classify the News documents of Reuters-21578, 
belonging to four classes. Here, the binary classifiers are 
extended using OAA approach to handle multi-category 

data. Table  1 shows the confusion matrix for the four 
classes when Reuters-21578 dataset is classified using 
LS-SVM. Here, it is observed that there is large number of 
diagonal entries as compared to the non-diagonal entries. 
This indicates that the classifier is able to correctly classify 
most of the News documents. It is also observed that the 
non-diagonal entries constitute 13.33% of the total testing 
documents so the classification results for ‘Grain’ are not 
satisfactory. These results could be improved with other 
classifiers.

Table 2 shows confusion matrix with TWSVM classi-
fier. There is significant improvement in classification 
results, which is indicated by higher number of diago-
nal entries as compared to non-diagonal entries. Similar 
trend is observed in Table 3, which shows higher figures 
for diagonal entries. Both the classifiers, TWSVM as well 
as LS-TWSVM, are able to correctly classify most the test 
documents belonging to ‘Grain’ and other three classes. 
This indicates that the multi-category classification results 
obtained by nonparallel hyperplane classifiers are more 
accurate than LS-SVM which is experimentally proved by 
the classification accuracy results given in Fig. 4. It shows 

Table 1  LS-SVM Reuters confusion matrix

Confusion matrix Acq Earn Money-fx Grain

Acq 726 50 0 0
Earn 47 1268 0 0
Money-fx 71 4 127 0
Grain 161 4 0 70

Table 2  TWSVM Reuters confusion matrix

Confusion matrix Acq Earn Money-fx Grain

Acq 754 24 1 1
Earn 26 1290 0 9
Money-fx 6 0 197 2
Grain 4 5 1 208

Table 3  LS-TWSVM Reuters confusion matrix

Confusion matrix Acq Earn Money-fx Grain

Acq 772 8 0 0
Earn 25 1300 0 0
Money-fx 4 2 199 0
Grain 2 2 0 214

2 http://www.ics.uci.edu/.

http://www.ics.uci.edu/
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that LS-TWSVM achieves the highest classification accu-
racy of 98.21% for Reuters dataset. Figure 4 shows the 
accuracy for Reuters dataset with all three classifiers and 
it is noted that LS-TWSVM outperforms the other two 
classifiers.

To statistically compare the performance of three clas-
sifiers, we determined precision, recall and F1 score for 
Reuters-21578 dataset, for each document category. The 
results are reported in Table 4. Here, the best results are 
shown in bold.

5.3  Experimental results on 20 Newsgroups

In this section, we present the classification results 
obtained for 20 Newsgroups dataset. Table  5 shows con-
fusion matrix for this dataset, when classified with LS-SVM. 
The matrix although has more diagonal entries but the 
number of non-diagonal entries is also significant here. 
This indicates that many documents are misclassified and 
there is huge scope of improvement. LS-SVM is not able 
to give good results for ‘talk.religion.misc’ class, where 
more that half of the test documents are misclassified. To 
compare the performance of all three classifiers, the clas-
sification results are further obtained for this dataset using 

TWSVM and LS-TWSVM. Tables 6 and 7 show confusion 
matrices for TWSVM and LS-TWSVM respectively. Here, it is 
observed that classification results have improved signifi-
cantly with TWSVM and LS-TWSVM as compared to LS-SVM 
for 20 Newsgroups dataset. The non-diagonal entries are 
smaller in magnitude than the diagonal ones for TWSVM 
and LS-TWSVM. The accuracy achieved by the classifiers 
for 20 Newsgroups dataset is reported in Fig. 5. Here, LS-
SVM outperforms the other two classifiers by achieving an 
accuracy of 92.96%.

Precision, Recall and F1 score for 20 Newsgroups data-
set is reported for each document category in Table 8.

5.4  Training and testing time comparison

LS-TWSVM not only achieves the highest accuracy but it 
is much more time efficient than the other two classifiers. 

Fig. 4  The classification accuracy for Reuters with all three classifi-
ers

Table 4  Reuters: precision, 
recall and F1 score

LS-SVM TWSVM LS-TWSVM

Precision Recall F1 Precision Recall F1 Precision Recall F1

Acq 0.9356 0.7224 0.8153 0.9667 0.9544 0.9605 0.9897 0.9614 0.9754
Earn 0.9643 0.9563 0.9602 0.9736 0.9780 0.9758 0.9811 0.9909 0.9860
Money-fx 0.6287 1.0000 0.7720 0.9610 0.9899 0.9752 0.9707 1.0000 0.9851
Grain 0.2979 1.0000 0.4590 0.9541 0.9455 0.9498 0.9817 1.0000 0.9907
Average 0.7066 0.9197 0.7516 0.9638 0.9670 0.9653 0.9808 0.9881 0.9843

Table 5  LS-SVM 20 Newsgroups confusion matrix

Confusion matrix alt.atheism talk.
religion.
misc

comp.graph-
ics

sci.space

alt.atheism 238 12 2 0
talk.religion.misc 110 101 4 2
comp.graphics 38 0 352 2
sci.space 36 0 4 359

Table 6  TWSVM 20 Newsgroups confusion matrix

Confusion matrix alt.atheism talk.
religion.
misc

comp.graph-
ics

sci.space

alt.atheism 234 39 2 2
talk.religion.misc 49 159 2 3
comp.graphics 4 6 363 6
sci.space 2 2 4 383
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Since, LS-TWSVM solves a pair of systems of linear equa-
tions where each system is approximately half the size of 
the problem solved by LS-SVM. Therefore, LS-TWSVM is 
able to build the classifier model in lesser time than LS-
SVM. The generalization ability of LS-TWSVM is much bet-
ter than that of LS-SVM. TWSVM solves a pair of expensive 
QPPs, therefore LS-TWSVM is more efficient than TWSVM. 
The training-testing time of the three classifiers for Reuters 
dataset is shown graphically in Fig. 6. Since, there is huge 
difference in training-testing time of least-squares classi-
fiers and TWSVM, so y-axis is taken in logarithmic scale. 
This clearly demonstrates the difference in learning times 
of the three classifiers. A similar trend is observed for 20 
Newsgroups dataset in Fig. 6, where LS-TWSVM requires 
minimum time for building the classifier model whereas 
TWSVM takes te maximum time. This is due to the fact 

that TWSVM solves a pair of expensive QPP along with 
two systems of linear equations. In contrast, least-squares 
version of classifiers avoids solving QPPs and generates 
the hyperplanes by solving only systems of linear equa-
tions. Table 9 presents the training-testing time (seconds) 
of three classifiers.

6  Conclusion

In this work, it is observed that Least Square Twin Support 
Vector Machine (LS-TWSVM) outperforms the other two 
variants of SVM. LS-TWSVM has better generalization abil-
ity and computational speed as compared to Least Square 
Support Vector Machine (LS-SVM) and Twin Support Vec-
tor Machine (TWSVM) for News Categorization problem. A 
significant increase in performance of computational time 
is achieved while using Least-squares version of classifiers. 
It is due to the fact that these classifiers solve systems of 
linear equations rather than solving quadratic program-
ming problems.

The future line of work could be to investigate if further 
improvements can be achieved for other SVM based multi-
category approaches. New SVM-based classifiers could be 
developed and experimentally inspected for similar appli-
cations. This would significantly enhance the superiority of 
SVM based approaches on Text Categorization problems.

Table 7  LS-TWSVM 20 Newsgroups confusion matrix

Confusion matrix alt.atheism talk.
religion.
misc

comp.graph-
ics

sci.space

alt.atheism 236 24 1 1
talk.religion.misc 26 173 2 3
comp.graphics 2 2 395 3
sci.space 0 6 15 371

Fig. 5  The classification accuracy for 20 Newsgroups with all three 
classifiers

Table 8  20 Newsgroup: 
precision, recall and F1 score

LS-SVM TWSVM LS-TWSVM

Precision Recall F1 Precision Recall F1 Precision Recall F1

alt.atheism 0.9444 0.5640 0.7062 0.8448 0.8097 0.8269 0.9008 0.8939 0.8973
talk.religion.mi 0.4654 0.8938 0.6121 0.7465 0.7718 0.7589 0.8480 0.8439 0.8460
comp.graphics 0.8980 0.9724 0.9337 0.9578 0.9784 0.9680 0.9826 0.9564 0.9693
sci.space 0.8997 0.9890 0.9423 0.9795 0.9721 0.9758 0.9464 0.9815 0.9636
Average 0.8019 0.8548 0.7986 0.8821 0.8830 0.8824 0.9195 0.9189 0.9191

Fig. 6  Time in seconds utilized in training and testing for two data-
sets, with all three classifiers
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Table 9  Training and testing time comparison matrix

Seconds Reuters 20 Newsgroups

LS-SVM 46.89 20.92
TWSVM 3212.34 1216.85
LS-TWSVM 22.30 12.36
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