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Many studies have been performed to classify large-sized text documents using different classifiers, ranging
from simple distance classifiers such as K-Nearest-Neighbor (KNN) to more advanced classifiers such as
Support Vector Machines. Traditional approaches fail when a short text is encountered due to sparsity resulting
from a limited number of words. Another common problem in text classification is class imbalance (CI). CI
occurs when one class of the data contains most of the samples while the other class contains only a few.
Standard classifiers, when applied to imbalanced data, result in high accuracy for the majority class and low
accuracy for the minority one. We were motivated to propose a novel framework for classifying the content of
Arabic comics; therefore, we propose KerMinSVM, a kernel extension of our previously proposed MinSVM
coupled with a new dimensionality featuring a reduction scheme based on word root frequency ratios (WRFR).
KerMinSVM was tested on multiple imbalanced benchmark datasets, and the results were verified using three
measures: accuracy, F-measure, and statistical analysis. WRFR was applied to the manual construction of the
Arabic comic text dataset to detect strong content in children's comic books. Test results revealed that our
proposed framework outperformed most of the methods for imbalanced datasets and short text classification.

1. Introduction

Due to the rapid development and spread of the internet, different
types of short texts have been produced, such as web search snippets,
chat messages, comments, status updates, tweets, news feeds, books,
movie synopses and reviews. Classifying short text is of great impor-
tance for several purposes and applications, such as filtering offensive
comments or assessing the satisfaction of customers with a certain
product. Another example of short text is found in comic books. This
text is usually unstructured and takes the form of brief conversations,
consisting of multiple short sentences. Since short texts tend to have a
sparse feature vector and exhibit class imbalance (CI), they cannot be
classified with good accuracy using standard techniques.

An imbalanced dataset is one in which the different classification
categories are not equally represented. A class that comprises many
samples is referred to as the ‘majority class’ and conversely a class that
contains very few samples is known as the ‘minority class’. As stated
before, when performing classification on an imbalanced dataset, the
classifier tends to achieve a high level of accuracy for the majority class,
but low accuracy for the minority ones. This is because most of the
classification algorithms focus on maximizing overall accuracy, without
taking into consideration the accuracy of each class. In imbalanced
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datasets, the impact of minority samples is more pronounced than the
majority samples. Misclassifying these minority samples will inevitably
result in misleading and inaccurate information and hence undermine
the aims of the application (Awad and Khanna, 2015).

Comics are usually popular amongst children. However, a number
of these comics include strong content, such as conflicts, war,
weaponry, and martyrdom, which are topics unsuitable for a younger
audience. In general, the number of comics that contains strong
material is very small with respect to the comics that are suitable for
children. Nevertheless, detecting strong content in comic books is
crucial. In this direction, we propose a new framework to classify short
Arabic texts. Taking into consideration the root base nature of the
Arabic language, we reduce the sparsity and dimensionality of the
feature vector without adding external information to the original data.
This methodology allows the roots of words to be used as features. It
groups words of same root in one feature, and consequently reduces
data dimensionality. To reduce the feature vector length even further,
roots are grouped together based on their semantic similarities. To test
the feature reduction technique, a dataset of Arabic comic text is
manually constructed and annotated. Grouping similar roots together
gave better representation of the constructed dataset and reduced the
sparsity of the feature vector. To improve the classification accuracy of
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Support Vector Machines (SVM) on imbalanced data, a kernel exten-
sion to the Minority Support Vector Machine (MinSVM) classifier we
proposed earlier (Ajeeb et al., 2013) has been developed and tested.

The remainder of this paper includes, under Section II, the
literature review for the techniques used to improve imbalanced data
classification as well as previous work on Arabic text and on short text
classifications. Section III presents the proposed framework containing
KerMinSVM for imbalanced data classification and WRFR, the new
feature extraction approach for short Arabic text. Experimental results
are presented in Section IV, followed by concluding remarks in Section
V.

2. Literature review
2.1. Data imbalance

Little SVM research has investigated improving classification for
imbalanced datasets. One approach is to resample the dataset to
achieve class balance. This is performed by either under-sampling
the majority class or over-sampling the minority class. Another
technique is to modify the SVM algorithm to overcome the data
imbalance. Finally, hybrid methods are designed to benefit from the
advantages of both mentioned approaches.

2.1.1. Data resampling

Chawla et al. (2011) proposed the Synthetic Minority Over-
Sampling Technique (SMOTE) to oversample the minority class. The
original minority data sample is used as a starting point to over-
populate the minority class with artificial samples to balance the
difference in samples between the classes. However, SMOTE requires
the fine tuning of many user-defined parameters. Alternatively, Kubat
et al. (1997) balanced the classes by randomly removing samples from
the majority class. There are several heuristics for removing samples
from the majority class. Randomly removing samples might result in a
loss of important data from the majority class. Padmaja et al. (2007)
combined both techniques, using SMOTE to oversample the minority
class and the random under-sampling with elimination of outliers on
the majority class. Chawla et al. (2003) later proposed SMOTEBoost,
an enhanced SMOTE algorithm to improve performance. Inspired by
SMOTEBoost, Seiffert et al. (2010) proposed RUSBoost, which com-
bines random under-sampling with performance enhancements. These
techniques use SMOTE or random under-sampling in every boosting
iteration to attain the best new resampled dataset that has class
balance.

To overcome the disadvantages of random resampling, Tang et al.
(2009) proposed the GSVM RU algorithm for under-sampling, instead
of randomly under-sampling the majority class. The algorithm assumes
that only the support vectors (SVs) are important to the classification.
It forms multiple majority information granules from which local
majority SVs are extracted and aggregated, and then, it performs
random undersampling over these points. Napierala et al. (2010)
studied re-sampling methods for learning classifiers from imbalanced
data and conducted experiments to investigate the effect of noisy and
borderline examples from the minority class. They concluded that
when the data suffers severely from those factors, then their proposed
re-sampling method, selective preprocessing of imbalanced data
(SPIDER2), and nearest cleaning rule (NCR) method would outper-
form the known oversampling methods. Otherwise, if the overlapping
area is small or if most of the minority examples are not difficult to
classify, then known oversampling methods perform well on improving
prediction and are comparable to their proposed oversampling
schemes. All of the former listed algorithms require optimization over
some user-defined parameters.

Gazzah and Amara (2008) investigated four types of polynomial
fittings to rebalance the dataset by oversampling the minority class:
star, polynomial curved-bus, bus and mesh topologies. These functions
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are utilized to create synthetic minority-class features before applying
the learning algorithm. The results showed that applying mesh and star
topologies outperforms regular classification.

2.1.2. SVM modification

Many studies proposed some improvements for SVM classifier over
imbalanced datasets. One of the earliest modifications proposed by
Veropoulos et al. (1999) used different loss functions (the square of the
L2 norm instead of the L1 norm) for the majority and the minority
classes to penalize the misclassification of the minority data samples.

Imam et al. (2006) tried to correct the skew of the learned classifier
by introducing a factor, z, to the SVs of the minority class samples, to
reduce the bias of the learned SVM model. Batuwita and Palade (2010)
proposed the fuzzy support vector machine (FSVM) as a tool for CI
learning. This is performed by choosing a membership function that
achieves two goals. The first is to suppress the effect of CI, and the
second is to reflect the importance of different training examples within
the class to suppress the effect of outliers and noise. These techniques
suffer either from the need to fine tune user-defined parameters, or
from the high complexity of the algorithm. MinSVM was proposed by
Ajeeb et al. (2013), where the objective of MinSVM is to make the
learned classifier favor the minority class samples over the majority
class samples. To achieve this, the resulting hyperplane should be as
close as possible to the majority class. This will allow a greater margin
for the minority class samples and thus they will be favored over the
majority class ones.

2.1.3. Hybrid approaches

Hybrid approaches combine data resampling techniques with the
modified SVM algorithm. Akbani et al., (2004) used an SVM that has
different loss functions for the minority and the majority classes. Wang
and Japkowicz (2010) used an ensemble of different SVM classifiers
with different loss functions to improve the margin of error over a
single classifier. Tax and Duin (2004) worked on forming a description
of the training dataset so that new objects that resemble the training set
are detected. They suggested a spherically shaped boundary around the
target set characterized by a center and a radius whose values were
determined through solving a constrained optimization problem seek-
ing to minimize the volume of the sphere containing all the training
objects.

2.1.4. Cost-sensitive learning

Cost-sensitive learning is another well-known method used on
imbalanced datasets. As the name indicates, re-balancing the dataset
is performed by adjusting the costs of the learning algorithms. Several
approaches exist in cost-sensitive learning, which can be summarized
into data weighting, augmenting cost-sensitive features and cost-
minimizing techniques to combination schemes. In (Liu et al., 2010),
a class confidence proportion decision tree was devised to create
statistically significant rules regardless of the class size. Cieslak et al.,
(2012) proved that the use of Hellinger trees can compensate for CI. By
penalizing the errors of different samples with different weights in a
Regularized Least Squares method, (Vo and Won, 2007) showed an
improvement in accuracy. Another approach introduced by Sun et al.
(2007) added cost items within the Adaboost learning framework

2.2. Arabic text classification

There are many studies on the classification of Arabic texts. Such
studies differ in the choice of the classifier as well as in the preproces-
sing of the text. Sawaf et al., (2001) skipped preprocessing by using a
pure statistical approach that depends only on the N-grams of the
words. Thabtah et al., (2008) applied a supervised approach using a
maximum entropy classifier to classify documents into known cate-
gories, and an unsupervised learning approach to cluster unlabeled
documents into groups. The feature vector consists of the raw words
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along with their N-grams.

Khreisat (2006) used a simple K-Nearest-Neighbor (KNN) classifier
which was used with three different distance measures (Cosine, Dice,
and Jaccard). Khriesat (El Kourdi et al., 2004) suggested an Arabic text
classification approach based on the N-gram method, and using
distance and dice measures, the category of the classified text was
determined. The preprocessing was performed through replacing the
HAMZA letter with ALEF in the beginning of the words. The problem
with such classifiers is their inefficiency and inability to scale to large
datasets since they do not build a classification model. The computa-
tions hence have to be repeated for every new testing sample.

El Kourdi et al. (2004) suggest an automatic Arabic document
categorization method using the Naive Bayes algorithm. The data
preprocessing includes parsing the text, removing the stop words and
finding the roots of the words. Moh'd and Mesleh (2007) proposed
using the y?> method for feature extraction and SVM for the classifier. In
this work, data preprocessing was applied by removing digits and
punctuation marks, normalizing some letters like (HAMZA to ALEF),
filtering non-Arabic text, removing stop words, and finally removing
rarely used terms. y? statistics was used to select the feature. If the
feature and class are independent, then x> has a value of zero. An SVM
classifier was adopted in this work due to the properties of the text
classification problem. This problem has high dimensional space, few
features are irrelevant, and the document space vector is sparse. Al-
Harbi et al. (2008) also applied x> statistics to feature extraction, and
they used SVM and C5.0 as two different classifiers. Their studies
showed that C5.0 outperformed SVM with only little accuracy im-
provement. Performing an advanced morphological analysis for the
text is performed by El-Halees (2007) where a maximum entropy
framework is proposed. Here, more morphological analysis is per-
formed: during preprocessing, punctuations and non-letters are re-
moved, some letters are normalized, and stop words and infrequent
words are also removed. Finally, stemming and finding the root and
part of speech (POS) of words was also performed.

2.3. Short text classification

Sahami and Heilman (2006) proposed a Kernel based method to
compare the similarity of short text snippets. The approach treats each
snippet as a query for a search engine and then by computing the
TFIDF (Term Frequency—Inverse Document Frequency) vector for
each of the retrieved documents. The kernel was calculated to retrieve
the category of each document. Yih et al. Yih and Meek (2007)
improved upon the work of (Sahami and Heilman, 2006) by using
the relevance weighted inner-product of term occurrences instead of
TFIDF. Bollegala et al. (2007) also used snippets returned from search
engines and proposed a method to find the semantic similarity between
words. First, the authors define a Web-based similarity score, then use
automated lexico-syntactic pattern extraction, then rank these patterns
based on their ability to express semantic similarity. An SVM classifier
was trained to classify pairs of words that are synonyms. The output of
the SVM was converted into posterior probability. Finally, the semantic
similarity between two words was defined based on the posterior
probability belonging to the synonym class. Zelikovitz and Hirsh
(2000) assessed short text similarity using a combination of labeled
training set and unlabeled background knowledge. The approach relies
on WHIRL, which is a tool that can search and retrieve text informa-
tion under specific conditions. Given a test text, WHIRL generates an
intermediate table that contains a set of the ordered documents with
the highest similarity with the test text, and then the similarity between
documents is calculated using TFIDF. Phan et al., (2008) tried to
classify short texts by relying on gaining external knowledge to expand
the data and thus, building a more generalized classifier. A universal
dataset was constructed from Wikipedia and analyzed using the hidden
topic analysis model of Latent Dirichlet Allocation (LDA). After topic
inference was applied for both the training and the testing data using
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Gibbs sampling, the maximum entropy classifier for the classification
phase was adopted. Chen et al. (2011) tried to improve the work of
(Phan et al., 2008) by using a Multi-Granularity Topics space approach
on external data, and they also used an SVM classifier, which
performed better than Maximum Entropy. Hu et al. (2009) clustered
short text using internal and external semantics. The work was divided
into three stages: 1) the Hierarchical Feature Extraction of internal
features stage, 2) the External Feature Generation stage and 3) the
Feature Selection. In practice, short text classification is useful in web
page classification, as suggested by Charalampopoulos and
Anagnostopoulos (2011), which used Weka tool (Holmes et al., 1994)
for clustering and classification of synthesized data representing web
documents. Some of the other studies attempted to use different
feature extraction methods instead of trying to expand the feature
space with new data. Faguo et al. (2010) proposed an algorithm based
on statistics to classify short texts. In this work, they used heuristic
weighting for each term in the documents based on the number of
documents that do and do not have this term. The features are ordered
by their weight score, and the top M words are selected as features.
Finally, (Rizk and Awad, 2012) aims to decipher whether a given short
sports article was written from an objective or subjective perspective. A
genetic algorithm with syntactic features on a homemade corpus of
three hundred sports articles demonstrate that special preference to
the last sentence in an article provides higher classification accuracy.

3. Proposed framework

The proposed framework consists of a text processing stage and a
classifier. Fig. 2 shows the workflow of the methodology. First, it is
necessary to extract the text from the comic books. The data used in
this study was in PDF format, and because there were no available tools
to extract the texts automatically, this step was performed manually.
The extracted text was saved in UTF-8 text files. The next step was the
text processing, where the raw text files are converted to feature vector
representations. To efficiently train and test the methodology on the
acquired data, the data were divided into five folds to be used as
training and testing pairs. Finally, the KerMinSVM classifier was
trained on one training fold to build a model, and this model was used
to classify the classes of the testing fold.

3.1. KerMinSVM for non-separable dataset

In this work, we extend the MinSVM formulation that was
presented in (Ajeeb et al., 2013) to handle linearly non-separable data.
In addition to the integration of the kernel into MinSVM, we
introduce a new term t;, which accounts for unequal margins for the
majority and minority classes. It minimizes the distance between the
majority data samples and the separating hyperplane and maximizes

X1A

Fig. 1. KerMinSVM hyperplane and margin.
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Fig. 2. Workflow for the proposed framework.

the distance between the minority data samples and the separating Subject to:
hyperplane as show in Fig. 1. The KerMinSVM formulation becomes: W () +ba =& for xi: y=-+1
1 N Na Np N
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{ily;=+1) {ily=—1} {ily=+1} {ily=—1}
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where the subscript “+” represents the majority class and the “-”
represents the minority class, and C*, C~, D, D~ are tuning para-
meters.

The Lagrangian of the problem becomes:

N N2
1 _
L= Il +C* > &+ ) &

(ily=+1) {ilyi=—1)
N N2
+D* Z 7t =D~ Z 7
{ily;=+1} {ily;=—1}
N
- X AWTp)+b-r+E]
{ily=+1}
Ny
+ 2 mIW P+ HE ]
{ily;=—1}
Np Ny
- Z & - Z B
{ily=+1} (ily;=—1)
N Ny
- Z = Z 57
{ily,=+1} {ily;=—1)

where: A;, u;, a;, B, v, 8; are the Lagrange multipliers. By finding the
KKT conditions and substituting in the Lagrangian, we get the dual
problem.

Ni Ny
max Z Z Aipt; (xi) b (x;)

A fily=+1} (jly=—1)

1 N N
- Z Z Aidip (xi) @ (x7)

{ily;=+1} {jlyj-:-#l)

1 N2 N2
_2 Z Z Mt (i) (x7)

{ily;==1} {jly=-1}

Subject to:
Np N2
2 A= Y =0
ily=+1) fily=—-1}
0y <Ct
H; 2 D™

Using K (x;, x;)=¢ (x;)¢ (x;) KerMinSVM can be represented as:

N Ny
r?ix . Z - Z Aipth(xi, X;)
T ily=+1Y (jly=-1)
1 N N
-~ > Y A4KGwx)

{ily;=+1} {jly=+1}

1 Ny Ny
-5 E 2 l‘,‘ﬂ_,‘K(xis xj)
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Subject to:
N Ny
2 A X m=0
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After solving this problem for ;, u; we can find the separating
hyperplane where:

N Ny
w= Z Aip (xi)— 2 ﬂifﬁ(xi)

{ily=+1} {ily=—1}
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And the classifier's formula becomes:

Ni Ny
f=sign| Y 4K x)- Y K (e x)+b
{ily=+1} {ily;=—1}

3.2. Short arabic text methodology

Classifying short text by applying traditional techniques yields a
sparse feature vector and thus results in poor performance for the
classifiers. In this study we propose WRFR, a word root based feature
reduction approach to reduce the sparsity of the feature vector by
applying multiple preprocessing steps on the text before converting it
into a feature vector. The proposed approach is designed for the
constructed dataset specifically, and it is not extensively tested on other
Arabic datasets. This approach can be described in five stages, as
shown in Fig. 3.

1) Segmentation
The raw text is segmented using the Stanford Word Segmenter
(Monroe et al., 2014), which separates the connected prepositions
and pronouns from the original word, converts the HAMZA to
ALEF in words that starts with HAMZA, and separates any
punctuation.
2) Filtering Stage
Filtering the text consists of removing stop words, connected
and separated pronouns, non-Arabic words, numerals, and punc-
tuation. These parts of the text simply increase the size of the
feature vector without helping to distinguish the texts.
3) Stemming Stage
Arabic language is a root based language, meaning that almost
every word is either a root of itself or is derived from a three-letter
or a four-letter root. Words that are derived from the same root
have similar meanings, and thus can be grouped by their root.
Because of this, they can be considered to be one feature, thus
reducing the length of the feature vector. At this stage, stemming is
applied on the words from the output of the previous stage using
the Khoja Stemmer (Khoja and Garside, 1999).
4) Semantic Grouping Stage

This methodology takes the idea of grouping similar words one step
further. Stemming helps to group words with the same root, but some
words with similar meanings do not share the same root. We were not
aware of an available offline dataset that contains groups of similar
Arabic roots, so a semantic method was used to group the roots with
similar meanings in the following manner:

e Each root from the dataset is used as a query word for: http://
dictionary.sensagent.com/ "root"/ar-ar/ (sensagent.com), which
returns a webpage containing the synonyms of that root, if available.

e The synonyms are extracted from the webpage source and stored in
a table containing each root with its synonyms.

e The roots in the table are compared together. If a root shares a
synonym with another root, the roots are considered to have a
similar meaning and grouped together. If one root shares synonyms
with a root that is already in a group, the new root is added to the
existing group. This process is applied for only one iteration. This
means that the resulting groups are not aggregated together again.

Fig. 4 illustrates the semantic grouping stage. By the end of this
stage, roots that share a similar meaning are grouped together and can
be considered to be one feature.

The same offline dataset used in (Jomaa et al., 2015, 2016) was
adopted in this study. The dataset contains all 1) the roots of the Arabic

163


http://dictionary.sensagent.com/
http://dictionary.sensagent.com/

A. Nayal et al.

Engineering Applications of Artificial Intelligence 59 (2017) 159—-169

: ) \ A . g
‘ ‘ X_d oy M 4 . Dataset Roots | Rool, Root2,
Slac Ll u\ JJ)‘JMJ\)A&J‘ L.f“
. N o - J Root3,......... , RootR |
~ C\Aﬂ\ ua:\s L.; u;ja.\ O\ @Jn.uu dA )
‘ ‘ Dl e (AT ST an
\ Raw Text | :
N ) dm'ancuo\g;'\gh”t_ﬁiﬁy v
dn sig ok o peddl) GuS yaall Jaa (" Synonyms : http://
. Sall ) Y. acquisition from theJ dictionary.sensagent.
- \, web _/ \__com/"root"/ar-ar/ )
a el amy el
A aelud o 2l 5 el ) Rootlf (Syn1 —Syn2 —Syn3 - ...)
e ~ il S (5 J i ol gl ) N Eoog. gyng)— Syn5 —Syn6 - ...)
| Segmentation e SO = oot3: (Syn
g ) Dl Hsie gl i oS aal Root:y;lonyms ] Root4: ()
) oo sl o L adsy able Root5: (Syn6)
Aa g g0 )@.h ujr_ @5}\ ua:\s M\ P 7
\ JG—‘M | I - - 000 000 000000600000 500060000 D50T0EH000 0600000000
- o - RootR: (Syn....)
/ N o .
~ — ol amy el Root Synonyms ‘/If Rooti(Syn) ==Rootj(Syn)
c Filtering ) 2elul o) day je ~ Comparison \_ Then Rooti=Ro0)j Y.
el e (LA
I ol Ciad (. \ [Root1: (Root8 — Root10)
.  Similar Roots Table | Root2: (Root5)
g el el - ~ IRoot3: (Root6 — Root10)
- Root4: ()
Root5: (Root2)
Stemming ] B T = S
_ J drs dg ) A e RootR: (Root15 — Root30 - ....)
c‘g U‘“:'S U;'L tﬁ'k Fig. 4. Semantic Grouping Illustration.
Ay eh gl eSS pua des
\~ 7/ Table 1
- Synonyms of Arabic words and English translation.
14 . . [Root1: (Root8 — Root10) — —
| Semantic Grouping | Root2: (Root5) g - 48D - pmd - 3B - gl - GaS - b - 8 - 62158 s
——— Root3: (Root6 — Root10) 88 09 A o e T 80
Root4: () Pricé amount — fare — valuable — price — guess — approximate —
Root5: (ROOtZ) estimated — price — value — fees — treasure - value — cost — guess
...................................................... B . — price — cost — amount — price — values — rate — number
...................................................... GBIl - €55 - iS5 - £55 - o - gl - ol - Juad i
RootR: (R00t15 —Root30 - ) sort ~ separation —irassiﬂcation — tabulation —Jcasting — empty —
z arrangement — release
'J'>-J'J53'@J"@‘Fw'uaﬁi"_ﬁo'_;S.')-uaxﬁ—uu.é.i 3,9
_ v ) Gi>9 - i - Ul - ol - iy
“/ Feature Vector ™\ [TextO: F1F2F3 ... ... FF Class individual same- perslon - inale - like}: anas — class —
. . semil — soul — role — man — humans — one —
\\\ Construction /) $2§:% él) i (])- """""" 8 (2) i g% me — soils — monster
S 01 1 ... A - om - au - y - b "
$€Xt2 : i i 1 """" 2 S 2 g% mess - corruption - sabotage — mangle — harmful -
ext4:1 1 1 ...... acid
TextN:4 0 1 ... 201 C2

Fig. 3. Text processing workflow.

language obtained from “Mukhtar Al-Sihah” Wikipedia page’ 2) a table
containing all the roots with their synonyms, if available, and 3) a table
containing each root, the other roots that share a similar meaning and
their corresponding English translations from Google Translate, as

shown in Table 1.

1 Arabic Website: (https://ar.wikisource.org/wiki/%D9%85%D8%AE%D8%AA%D8%
A7%D8%B1_%D8%A7%D9%84%D8%B5%D8%AD%D8%A7%D8%AD/%D9%81%

D9%87%D8%B1%D8%B3)

5) Feature Vector Building Stage

At this stage, all the data are processed and rooted and the roots are
semantically grouped, so the feature vector is built for each document
in the dataset and the whole dataset can be presented in a tabular
format.

At this level, it should be noted that using this approach for
grouping has a shortcoming. The efficiency of the grouping process
depends on how relevant the retrieved synonyms are. Since the process
is completely automated without humane observation, this might cause
some roots to be grouped together because of one common synonym,
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Table 2
Datasets used for testing.

Data # of points IR # of Features
Paw 600 5 2
Subclass 600 5 2
Clover 600 5 2
Ecoli 336 8.6 7
Cleveland 177 12.62 13
Abalone 731 16.4 8
Zoo 101 19.2 16
Poker 244 23.5 10
Derma 171 1.85 34
Hepatitis 76 1.3 19
Breast cancer 748 3.2 4
Haber 306 2.78 3
Led 443 10.97 7
Wisconsin 683 1.86 9
Thyroid 215 5.14 5
Vehicle 846 29 18

even if they are not semantically similar. For example, the root (¢,es -
Price) has the synonym (g, - fees), which also means (paintings),
which will cause the roots (Price - i, Paint - aw,) to be grouped
together.

4. Experimental results
4.1. KerMinSVM benchmark testing

This section evaluates the performance of KerMinSVM and com-
pares it with the performances of the original SVM implementation, an
SVM with different cost functions (CSVM), an SVM after applying
SMOTE (SMOTE-SVM) and finally with an SVM after applying RUS on
the data (RUS-SVM). Non-SVM approaches such as KNN and Tree-
Fitting were also evaluated to highlight a distinction between different
types of classification methods. For these tests, we chose 16 datasets
with different Imbalance Ratios (IR), ranging between (1.3-23.5), as
listed in Table 2. These datasets can be found in the Keel data
repository (Alcala et al., 2010).

For testing, a five-fold cross-validation was performed on each
dataset. To measure the performance of the classifiers, two metrics
were used: the normal accuracy measure to evaluate the accuracy of the
classifier for each class, and the F-measure to compare the overall
performance of the classifier. In other words, the F-measure was used
to evaluate the trade-off between improving the accuracy of the
minority class and accuracy loss of the majority one. Here the classifier
with the highest F-measure was considered to be most accurate.

In this work, the minority class samples are considered the positive
samples and the majority class samples are considered the negative
ones.

TP: Positive samples that are correctly classified.
FP: Negative samples that are incorrectly classified.
TN: Negative samples that are correctly classified.

Table 3
Average results for ALL datasets for all classifiers.
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Fig. 5. Averaged Results for some classifier over some datasets.

FN: Positive samples that are incorrectly classified.

L . TP

Minority class accuracy or Sensitivity=—————

TP + FN
N

Majority class accuracy or Specificity=————
Jorty y P Y TN + FP

TP + TN
TP + TN + FP + FN

Overall Accuracy=

.. TP
Precision=——
TP + FP
Recall:Ti
TP + FN

F - Measure—2*( Precision*Recall )

Precision + Recall

The simulations were executed using MATLAB R2013b and CVX
2.1 toolbox on a machine that has 2 Intel(R) Xeon(R) 2620@2.00 GHz
CPUs and 24 GB of RAM running windows 7 64 bit.

Table 3 contains the averaged values over all the datasets.

In Table 2 and Fig. 5, we noticed that the KerMinSVM classifier
outperformed all other techniques that are used to enhance the
performance of the SVM classifier. In Figs. 6 and 7 we can see that
KerMinSVM improved the sensitivity (7—430%) and the F-measure (6—
235%) without scarifying too much of the specificity, whereas other
techniques do not guarantee the improvement of the SVM perfor-
mance. We can see that data-resampling techniques (SMOTE - RUS)
do not always improve the performance of the SVM classifier. Here, we
can see that in some tests that these techniques degrade the SVM
performance by changing the distribution of the data and possibly
leading to more outliers. The SVM with different cost functions does
improve the sensitivity of the classifier, but this improvement comes at
the cost of decreasing the specificity, which leads to a lower F-measure
and lower overall accuracy. Therefore, the best results for CSVM are

Data Averaged

Classifier Sensitivity Specificity Accuracy Precision Recall F-measure
KerMinSVM 0.69 0.92 0.85 0.70 0.69 0.64

SVM 0.68 0.83 0.89 0.67 0.68 0.66
RUS-SVM 0.65 0.85 0.84 0.61 0.65 0.61
SMOTE-SVM 0.70 0.89 0.88 0.64 0.70 0.65
CSVM 0.68 0.89 0.88 0.62 0.68 0.62

DT 0.65 0.87 0.88 0.64 0.65 0.61
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Fig. 6. F-measure improvement of some of the classifiers over the original SVM.
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. 7. Sensitivity improvement of some of the classifiers over the original SVM.

when we have the same cost function for both the minority and
majority data samples.

On the other hand, SVM modification did not always achieve
highest sensitivity amongst other classification techniques, namely
three nearest neighbor. This could be because the major class has
many more entries than the minor class. Moreover, this affects the
specificity, where the true negative classification rate is the lowest on
average.

4.2. Statistical analysis

Statistical analysis is used to test the significance of the difference in
the accuracy between classifiers. Given two classifiers, the statistical
test compares whether the classifiers have the same expected error rate.

The K-fold cross-validated paired t-test uses K-fold cross-validation
to get K training/testing set pairs. The classifiers are trained on the
training set rrain; and tested on the testing set res;. The error rates of
the classifiers are pl.l, pf where: i = 1,2,... K.

If the classifiers have the same error rate they should have the same
mean, i.e., the difference in their mean should be equal to 0. The
difference in error rates on fold i is p,=p/-p’ for K cross-validation
tests, and we get a distribution of p; containing K points. Assuming
both p! and p? are normally distributed, then their difference p; is also
normally distributed.

The null hypothesis Hy is that this distribution has a normal zero
mean.

Hy: u=0vs. H,: u#0

>, (g — m)?
K—1

Let: = , §2=

K
Z,‘:[pi
K

Under the null hypothesis where 4 = 0, we have a statistic that is t-
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Table 4
Statistical analysis score.

Ecoli
Classifiers Pairs Majority Minority Overall
class score class score score
KerMinSVM vs. SVM 0.408 -3.162 -1.372
Accepted rejected accepted
KerMinSVM vs. SMOTE-SVM 1.87 -4.81 -0.492
accepted rejected accepted
KerMinSVM vs. RUS-SVM 0.34 -2.436 -1.372
accepted rejected accepted
Cleveland
Classifiers Pairs Majority Minority Overall
class score class score score
KerMinSVM vs. SVM 3.316 -6.32 0.25
rejected rejected accepted
KerMinSVM vs. SMOTE-SVM 2.82 -5.79 0.166
rejected rejected accepted
KerMinSVM vs. RUS-SVM 3.316 -6.32 0.25
rejected rejected accepted
Abalone
Classifiers Pairs Majority Minority Overall
class score class score Score
KerMinSVM vs. SVM 0 -4.22 -1.168
KerMinSVM vs. SVM accepted rejected accepted
KerMinSVM vs. SMOTE-SVM 0.269 -3.764 -2.358
accepted rejected accepted
MinSVM vs. RUS-SVM -0.971 -2.236 -1.544
accepted rejected accepted
Zoo
Classifiers Pairs Majority Minority Overall
class score class score Score
KerMinSVM vs. SVM 2.236 -2.633 1.176
rejected rejected accepted
KerMinSVM vs. SMOTE-SVM 2.236 -2.449 0.667
rejected rejected accepted
KerMinSVM vs. RUS-SVM 213 -2.449 0.4082
accepted rejected accepted
Poker
Classifiers Pairs Majority Minority Overall
class score class score Score
KerMinSVM vs. SVM 2.18 -2.449 1.469
Rejected rejected accepted
KerMinSVM vs. SMOTE-SVM 2.018 -2.449 -1.49
Accepted rejected accepted
KerMinSVM vs. RUS-SVM 1.772 -2.449 1.088
Accepted rejected accepted

distributed with K — 1 degrees of freedom

VK. m

~lg—1
S

The test rejects the hypothesis at a significant level « if this value is
outside the interval (—7,/2 xk—1,—fa/2.x-1) for @ = 0.1 the confidence level
is at 90% and the interval is (-2.132, 2.132).

The analysis was applied to test the performance on five datasets.
The test was performed on the error rates for the majority and minority
class and the overall error rate. This will show the effect of the
KerMinSVM classifier on the majority class and the overall accuracy.

As shown in Table 4, all the tests reject the hypothesis for the
minority class and indicate a significant difference in the error rates in
favor of the KerMinSVM. For the majority class, the hypothesis is
rejected on two datasets and accepted on three, meaning that there
were differences in the error rates on two of the datasets in favor of the
other classifiers and no difference on the other three datasets. As for
the overall error rate, the hypothesis was accepted for all data, meaning
there was no difference for the overall error rate. In conclusion, the
KerMinSVM classifier has better accuracy on the minority class without
sacrificing the overall accuracy, even when it had less accuracy on the
majority class.

To evaluate the complexity of the classifiers, the runtime for each
classifier on each dataset is measured and then averaged over all the
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Mean and Standard Deviation of the Comic Data. False Positive Rate (1-Specificity)
Min Max Mean Standard deviation Fig. 9. ROC Curves for KerMinSVM for the first testing case.
Characters 91 2030 834 484 ROG
Words 25 460 195 113
Table 6
Number of samples in each testing case. s
>
# of Majority # of Minority # of Minority g
)
Samples Samples 1 Samples 2 é
;3
113 10 50 §
# of Training samples # of Testing samples <
Case Major Minor Major Minor Class Ratio 2
Case 1 90 12 23 3 7.6 7 Fold 1
Case 2 98 4 25 1 25 ok P Fold2 |
Case3 8 4 2 1 2 ’ 7 —Fold3
P Fold 4
0l . ——Fold5 ||
4 Average
, - ==~ Baseline
0 v 1 1 1 1 1 1 1 L Re——
. . . 0 0.1 0.2 03 04 05 06 0.7 0.8 09 1
data. Fig. 8 shows that the SMOTE-SVM has the highest runtime False Positive Rate (1-Specificity)
because it needs to perform oversampling on the data, which is time . .
. Fig. 10. ROC Curves for SVM for the first testing case.
consuming and leads to a larger number of data samples, and thus
longer processing time. The RUS has the lowest processing time
because it randomly removes majority data samples, which leads to a
Table 7
Test results.
Data Standard vs. Islamic with positive and violent themes
Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.73 0.96 0.93 0.72 0.73 0.71
SVM 0.80 0.51 0.55 0.34 0.8 0.38
RUS-SVM 0.60 091 0.87 0.78 0.6 0.54
SMOTE-SVM 0.80 0.68 0.69 0.26 0.8 0.38
Data Standard and positive Islamic vs. Islamic containing violent content
Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.80 0.99 0.98 0.70 0.80 0.73
SVM 0.40 0.99 0.97 0.40 0.40 0.33
RUS-SVM 0.40 0.99 0.95 0.80 0.40 0.53
SMOTE-SVM 0.60 0.98 0.96 0.60 0.45 0.48
Data Positive Islamic comics vs. Islamic comics with violent content
Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.80 1 0.93 0.8 0.80 0.80
SVM 0.40 0.8 0.66 0.26 0.40 0.30
RUS-SVM 0.80 0.9 0.85 0.7 0.80 0.75
SMOTE-SVM 0.20 0.8 0.60 0.0666 0.20 0.10
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Table 8

Test results for the standard approach.
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smaller dataset and hence a shorter processing time. The KerMinSVM
classifier has a slightly longer processing time than the standard SVM
classifier, which means that there is no large overhead in processing
time for the KerMinSVM.

4.3. Short arabic text classification

To test the various themes found in comic books, a dataset of Arabic
comics was collected from different comic books and magazines sold in
the Middle East (Basem, Fulla, Mahdi, Ahmad). The dataset consists of
128 comics divided into 3 categories: 113 which do not have a religious
theme, 10 religious comics comprising positive themes with no strong
content, and finally 5 religious themed comics that include strong
content unsuitable for children. The text length in these comics ranges
between (25-460) words, or (91-2030) characters, as listed in Table 5.

Three different tests are applied to assess the efficiency of the new
approach.

1. Normal comics vs. religious comics with positive and strong content.

2. Normal comics and positive religious comics vs. religious comics
containing strong content.

3. Positive religious comics vs. religious comics with strong content.

It is clear that the Arabic comic dataset and its classes are
imbalanced, so it is necessary to adopt the imbalanced data classification
method. To test the data sets, KerMinSVM is compared to the standard
SVM, RUS-SVM and SMOTE SVM. The proposed approach is compared
to the standard one, which takes the words as features without filtering
or stemming and therefore yielded a feature vector of length 6204, while
the proposed new approach had a feature vector length of 1163, with
almost 5.3 times fewer features. It is noteworthy that the root based
grouping reduction of the feature vector length performed well for this
comic dataset built for this study, but it has not been tested on generic
Arabic datasets. A five-fold cross-validation is applied on these data while
maintaining the imbalance ratio for each fold. The accuracy measures are
then computed and averaged over the five folds.

The results in Tables 6 and 7 and Figs. 9-12 clearly demonstrate
that the proposed approach resulted in better accuracy than the
standard approach, with the best results being obtained from
KerMinSVM. This shows that KerMinSVM, when combined with the
new method for preprocessing, can handle classifying unbalanced short
text efficiently. (Table 8)

To further validate KerMinSVM, we tested on the ‘Twitter Data set
for Arabic Sentiment Analysis’ (Abdulla et al., 2013). The data set
contains tweets on a range of topics including politics and arts written in

Data Standard vs. Islamic with positive and violent themes

Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.73 0.76 0.75 0.29 0.73 0.40

SVM 0.87 0.21 0.29 0.13 0.87 0.22
RUS-SVM 0.25 1 0.89 1 0.25 0.40
SMOTE-SVM 0.53 0.51 0.52 0.20 0.53 0.29

Data Standard and positive Islamic vs. Islamic containing violent content

Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.40 0.93 0.91 0.09 0.4 0.17

SVM 0.40 0.95 0.93 0.13 0.40 0.19
RUS-SVM 0.50 1 0.96 1 0.5 0.67
SMOTE-SVM 0 1 0.96 0 0 0

Data Positive Islamic comics vs. Islamic comics with violent content

Classifier Sensitivity Specificity Accuracy Recall Precision F-measure
KerMinSVM 0.80 0.70 0.73 0.57 0.80 0.63

SVM 0.20 0.80 0.60 0.17 0.20 0.18
RUS-SVM 0.80 0.70 0.75 0.80 0.80 0.77
SMOTE-SVM 0.20 1 0.73 0.20 0.20 0.20
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Modern Standard Arabic and the Jordanian dialect. The entries convey
positive and negative feelings that are manually annotated by native
Arabic speakers. In total, the data set contains 1000 positive and 1000
negative entries. To demonstrate the performance of KerMinSVM on an
imbalanced data set, 26 Negative entries and 226 Positive entries were
chosen randomly. The same processing techniques were applied to the
short Arabic texts provided, namely segmentation, filtering, stemming,
and grouping before finally extracting the feature vector. Using five-fold
cross validation, KerMinSVM achieved an accuracy rate of 88%, versus
90%, 88% and 87% for SMOTE SVM, SVM and NN, respectively.

5. Conclusion

In this paper, we introduced the KerMinSVM classifier, which is a
modification of the original SVM and designed to solve the problem of
learning imbalanced datasets. As shown in the experimental section,
KerMinSVM outperformed other techniques for leaning an imbalanced
dataset. KerMinSVM has a higher sensitivity and F-Measure than the
normal SVM and the other techniques, and it does not sacrifice the
specificity of the data. Moreover, KerMinSVM is computationally
efficient, since it does not require significant processing time compared
to data-oversampling. We also built and manually annotated a data-
base of Arabic comics on which we performed a data specific feature
reduction. Our proposed approach has better performance than the
standard approach, especially when KerMinSVM is used as the
classifier. The testing results on our dataset show that the proposed
approach for short Arabic text classification with MinSVM can handle
classifying short Arabic text when the dataset is linearly non-separable
and imbalanced.
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