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ABSTRACT

CORPUS-BASED SEMANTIC KERNELS FOR SUPERVISED AND
SEMI-SUPERVISED TEXT CLASSIFICATION

Berna ALTINEL

Computer Engineering Department
Ph.D. Thesis

Adviser: Assoc. Prof. Dr. Banu DIRI
Co-Adviser: Assist. Prof. Dr. Murat Can GANIZ

Text categorization plays a crucial role in both academic and commercial platforms due
to the growing demand for automatic organization of documents. Kernel-based
classification algorithms such as Support Vector Machines (SVM) have become highly
popular in the task of text mining. This is mainly due to their relatively high
classification accuracy on several application domains as well as their ability to handle
high dimensional and sparse data which is the prohibitive characteristics of textual data
representations. Recently, there is an increased interest in the exploitation of
background knowledge such as ontologies and corpus-based statistical knowledge in
text categorization. It has been shown that, by replacing the standard kernel functions
such as linear kernel with customized kernel functions which take advantage of this
background knowledge, it is possible to increase the performance of SVM in the text
classification domain. Based on this, we developed a variety of semantic kernel
methods in order to explore the capabilities of higher-order paths, class-based meaning
values and class-based weighting of terms in both supervised learning and SSL setting
for SVM.

We propose several corpus-based semantic kernels which implicitly extract and make
use of semantic relations such as Higher-Order Semantic Kernel (HOSK), Iterative
Higher-Order Semantic Kernel (IHOSK) and Higher-Order Term Kernel (HOTK) for
SVM. HOSK makes use of higher-order co-occurrence paths of terms between
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documents. In HOSK, the simple dot-product between feature vectors of the documents
consist of term frequencies yields a first-order document relation matrix (F). Second—
order document matrix (S) is formed by multiplying F with itself. S is used as kernel
matrix in HOSK’s transformation from input space into feature space. The experimental
results show that HOSKshows an improvement on accuracy over linear kernel. A more
advanced model is IHOSK which uses higher-order paths between documents and terms
together in an iterative form. The document similarity matrix is produced iteratively
using SR (a similarity matrix between documents) and SC (a similarity matrix between
terms). Experiment results show that the classification performance increases relative to
the linear kernel. In our following study, we consider less complex higher-order kernel,
HOTK that is based on higher-order paths between terms only. HOTK is much simpler
than IHOSK and also requires less computational resources.

We also propose a novel approach for building a semantic kernel for SVM, which we
name CMK. We applied CMK in a Semi-supervised Learning (SSL) setting with an
addition of a new approach to initial labeling of unlabeled data, called ILBOM. The
suggested approaches smooth the term weights of a document in BOW representation
by class-based meaning values of terms. These approaches reduce the disadvantages of
BOW by increasing the importance of class specific concepts which can be synonymous
or closely related in a class. The meaning values of terms are calculated according to the
Helmholtz principle from Gestalt theory in the context of classes. Our experimental
results show that both CMK and ILBOM widely outperform the classification accuracy
of the linear kernel.

Additionally we also propose another approach which is called Class Weighting Kernel
(CWK). This approach is similar to CMK however it provides an improvement over
CMK in terms of mainly the calculation time. This class-based weighting basically
groups terms based on their importance for each class. Therefore it smooths the
representation of documents which changes the orthogonality of the vector space model
by introducing class-based dependencies between terms.

The main contribution of this dissertation is building novel semantic kernels those are
applied to supervised and semi-supervised text classification.We show that kernels
performing much better than standard kernels in terms of classification accuracy. The
proposed approaches have independency of the outside semantic sources such as
WordNet, so that they can be applied to any language domain. They also form a
foundation that can easily be combined with other term-based semantic similarity
methods such as unsupervised semantic similarity measures. To the best of our
knowledge, higher-order paths and class-based values of terms are used in the
transformation phase of SVM for the first time in the literature and give significant
benefits on the semantic smoothing of terms in a kernel for text classification.

Key Words:Support Vector Machines, text classification, semantic smoothing kernel,
supervisedkernel, higher-order co-occurrence, higher-order paths, Helmholtz principle,
class-based term weighting.

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF NATURAL AND APPLIED SCIENCES
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OZET

EGITICiLI VE YARI-EGITICiLIi METIN SINIFLANDIRMASI
ICIN DERLEM TABANLI ANLAMBILIMSEL CEKIiRDEKLER

Berna ALTINEL

Bilgisayar Miihendisligi Boliimii
Doktora Tezi

Tez Danismani: Dog. Dr. Banu DIRI
Tez Es-Danismani : Yrd. Dog. Dr. Murat Can GANIZ

Metin siniflandirma, belgelerin otomatik organizasyonu igin artan talepten 6tirl hem
akademik hem de ticari platformlarda 6nemli bir rol oynamaktadir.Destek Vektor
Makineleri (SVM) gibi cekirdek temellisiniflandirma algoritmalart metin madenciligi
gorevinde son derece popiiler hale gelmislerdir. Bu durum esas olarak SVM’in ¢esitli
uygulama alanlar1 (zerindeki nispeten yiiksek siniflandirma dogrulugunun yani sira
yuksek  boyutlu  ve  seyrek  veriyi  islemeyebilme  yeteneklerindende
kaynaklanmaktadir.Son zamanlarda, metin smiflandirmasindaontolojiler ve derlem
temelli istatistiki bilgi gibi arka plan bilgi birikiminden yararlanmaya y6nelik artan bir
ilgi s6z konusudur.Dogrusal ¢ekirdek gibi standart ¢ekirdek fonksiyonlari yerine bu
arka plan bilgisinin  avantajlarindan  faydalanan  Ozellestirilmis  ¢ekirdek
fonksiyonlarinikullanarak SVM’in  metin smiflandirma alanindaki performansini
artttrmanin miimkiin oldugu gosterilmistir.Buna dayanarak,SVM igin egiticili ve yari-
egiticili anlambilimsel duzeltme cekirdeklerinde, daha ylksek mertebeden yollarin,
terimlerin smif temelli anlamsal degerlerinin ve smif temelli agirlik degerlerinin
yeteneklerini kesfetmek amaciyla gesitli yontemler gelistirilmistir.

Bu calisamda Yiiksek MertebedenAnlambilimsel Cekirdek (HOSK), Ozyineli Yiiksek
Mertebeden Anlambilimsel Cekirdek (IHOSK) ve Yiksek Dereceden Terim Cekirdegi
(HOTK) gibi dolayli anlambilimsel iligkileri ¢ikartan ve kullanan derlemtemelli gesitli
anlambilimsel ¢ekirdekler dnerilmistir. HOSKterimlerin belgeler arasindaki yliksek
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mertebeden yollar1 kullanir. HOSK’ta belgelerin 6zellik vektorleri arasindaki basit i
carpim sonucunda birinci dereceden bir matris (F) elde edilir. HOSK belgeler, bu 6zellik
vektorleri arasinda basit nokta iiriiniin birinci dereceden bir matris (F) elde edilir. Ikinci
dereceden es-olusum matrisi (S), F’nin kendisi ile garpilmasi sonucu olusturulur. S,
HOSK’un giris uzayindan Ozellik uzayina donisiimiindeki cekirdek matrisi olarak
kullanilmaktadir. Deneysel sonug¢lar HOSK’un dogrusal c¢ekirdek iizerindedogruluk
acisindan bir iyilestirme sagladigimi gostermektedir. HOSK un daha gelismis bir modeli
debelgeler ve terimler arasindaki yiiksek dereceli yollar1 yinelemeli bir sekilde kullanan
IHOSK ’tur.Belgeler ve terimler arasindakianlambilimsel iliski;belgeler arasindaki
benzerlik matrisini terimler arasindaki benzerlik matrisini kullanarak ve terimler
arasindaki benzerlik matrisini de belgeler arasindaki benzerlik matrisini kullanarak
hesaplayan ve x-Sim olarak adlandirilan 6zyineli bir tekniktenuyarlanmistir. Belge
benzerlik matrisi, SR (belgeler aras1 benzerlik matrisi) ve SC (terimler arasi benzerlik
matrisi) kullanilarak 6zyineli bir sekilde {iretilir. Deney sonuclari smiflandirma
performansinin dogrusal c¢ekirdege kiyasla daha da arttigin1 gdstermektedir. Bir sonraki
calismamizda, daha az karmasiklikta yiksek-mertebeli c¢ekirdekler diistinilmistiir;
HOTK sadece terimler arasindaki yulksek-mertebeli yollara baglidir HOTK deki
anlambilimsel ¢ekirdek doniisiimii sadece egitim kiimesindeki terimler arasi yiiksek-
mertebeli es-olusumlar kullanilarak yapilir. HOTK, IHOSK’dan daha basittir ve ayni
zamanda daha az hesaplama kaynaklar1 gerektirir.

Bu c¢alismada, SVM ic¢in anlambilimsel ¢ekirdek insa eden CMK olarak
adlandirilanyeni bir yaklagim oOnerilmektedir. CMK’y1 baslangigtaki etiketsiz veriyi
etiketlendiren yeni bir yontem eklentisi ile yari-egiticili 6grenmeye uyguladik ve bunu
ILBOM olarak adlandirdik. Onerilen yaklasimlar bir belge icindeki BOW ile temsil
edilen terimlerin agirliklarini,terimlerin sinif temelli anlamsal degerlerini kullanarak
dizeltmektedir. Bu da siniflar Uzerinde ayirt ediciligi olmayan genel amagl kullanilan
terimlerin 6nemini azaltirken,6nemli ya da bagka bir deyisle anlamli terimlerin 6nemini
artirmaktadir. Bu yaklagimlar, esanlamli terimler ya da sinifla yakindan ilgili terimler
gibi smifa 6zgili kavramlarin 6nemini arttirarak BOW’un dezavantajlarini azaltmaktadir.
Terimlerin siniflar baglamindaki anlamsal degerleri Gestalt teoriden Helmholtz esasina
gore hesaplanmaktadir. Deneysel sonuglarimiz CMK ve ILBOM’un dogrusal
cekirdekten daha wstiin bir siniflandirma keskinligisagladigini gostermektedir.

Ayrica Siif Agirlikli Cekirdek (CWK) olarak adlandirilan baska bir yaklasim da bu
calismada Onerilmistir. Bu yontem CMK’ya benzemektedir ancak; CWK ozellikle
hesaplama zamani konusunda bir gelisme saglamaktadir. Temelde bu smif temelli
agirhiklandirma her siif igin terimleri 6nemlilik durumlarina goregruplandirir. Bu
nedenle bu siif temelli agirliklandirmabelgelerin gosterimini diizeltir ki, bu da terimler
arasma siif temelli bagimliliklar getirerek vektor uzayr modelinin dikligini degistirir.
Sonug olarak, istisnai durumlarda, hi¢ ortak terim igermedikleri halde eger belirli bir
smif i¢in benzer sekilde agirliklandirilmis iki belge benzer gordlebilir.

Bu tezin temel katkis1 standart gekirdeklerden cok daha iyi siniflandirma dogrulugu
sergileyebilen c¢oziimler gelistirilmesi olarak diisiiniilebilir. Onerilen yaklasimlarin
ikinci katkisibu modellerin WordNet gibi dis anlambilimsel kaynaklardan bagimsiz
olmalar1 ve bu sebepten 6tlrt herhangi bir dile uygulanabilir olmalaridir. Bizim
yontemlerimizin diger bir katkis1 da egiticisiz anlambilimsel benzerlik dl¢timleri gibi
diger terim temelli anlambilimsel benzerlik yontemleri ile kolayca kombine edilebilir
bir yaplya temel olusturmalaridir.
Yontemlerimizin 6zellikle sinif bazli yontemlerimizi baska bir avantaji da, bunlarin
yuratim sdresi ile ilgilidir. Bizim bilgimize gore, yluksek dereceli yollar ve terimlerin
XiX



simif temelli degerleri SVM’in doniisiim asamasinda ilk kez kullanilmaktadirve metin
simiflandirma igin bir g¢ekirdekte terimlerin anlambilimsel olarakduzeltilmesi (zerine
Onemli bir bakis acis1 kazandirabilir.

Anahtar Kelimeler:Destek Vektdr Makineleri, metin smiflandirma, anlambilimsel
diizeltmeli ¢ekirdek, egiticili ¢ekirdek, yiiksek-mertebeli es-olusum, yiiksek-mertebeli
yollar, Helmholtz presibi, sinif-temelli terim agirliklandirma.

YILDIZ TEKNIiK UNIiVERSITESI FEN BILIMLERI ENSTITUSU
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CHAPTER 1

INTRODUCTION

1.1 Literature Review

In recent years, with the ever accumulating online information on the Internet and social
media, text categorization has become one of the key techniques for organizing and
handling textual data. Automatically processing these huge amounts of textual data is an
essential problem. Text classification can be defined as the utilization of a supervised
learning methodology to assign predefined class labels to documents using a model
learned from labels of the documents in the training set. An important requirement of
efficient and accurate text classification systems is to organize documents into pre-
determined categories that contain similar documents. In order to achieve this goal,
several classification algorithms depend on similarity or distance measures that compare
pairs of text documents similarity. It is also known that vector space representation of
textual documents yields high dimensionality and related to this; sparsity. This is
especially a problem when there are a large number of category labels but limited
amount of training data. It is thus crucial that a good text classification algorithm should
scale well with the increasing number of features and classes. Most importantly, words
in textual data carry semantic information, i.e., the sense carried by the terms of the
documents. Consequently, an ideal text classification algorithm should be able to make

use of this semantic information.

Bag-of-words (BOW) feature representation is well accepted as the fundamental
approach in the domain of text classification. In BOW approach documents are

characterized by the frequencies of individual words or terms that occur in the



document and each term represents a dimension in a vector space independent of other
terms in the same document[1]. It basically focuses on the frequency of words. The
BOW approachover simplifies the representation of terms in documents by ignoring the
several different syntactic or semantic relations between terms in natural language, e.g.
it treats polysemous words (words with multiple meanings) as a single entity. For
instance the term “bank” may have different meanings like financial institution or a
river side based on the context it appears. Additionally, the BOW feature representation
maps synonymous words into different components [1]. In principle, as Steinbach et al.
[3] investigate, each class of documents has two kinds of vocabulary: one is “core”
vocabulary which are intimately associated to the topic of that class, the other type is
“general” vocabulary (e.g. stop words) those may have similar distributions on different
classes. Therefore, two different documents from different classes may share many

general words and will have high similarity based on their BOW representations.

In order to address these problems several methods have been proposed which use a
measure of relatedness between term on Word Sense Disambiguation (WSD), Text
Classification and Information Retrieval (IR) domains. Semantic relatedness
computations fundamentally can be categorized into three such as knowledge-based
systems, statistical approaches and hybrid methods which combine both ontology-based
and statistical information[4]. Knowledge-based systems use a thesaurus or ontology to
enhance the representation of terms by taking advantage of semantic relatedness among
terms, for examples see[5], [6], [7], [8].[9], [10],[11] and [2]. For instance in [5]and
[11] the distance between words in WordNet [12] is used to capture semantic similarity
between English words. The study in [5] uses super-concept declaration with different
distance measures between words from WordNet such as Inverted Path Length (IPL),
Wu-Palmer Measure, Resnik Measure and Lin Measure. A recent study of this kind can
be found in [13], which uses HowNet as a Chinese semantic knowledge-base. The
second type of semantic relatedness computations between terms are corpus-based
systems in which some statistical analysis based on the relations of terms in the set of
training documents is performed in order to reveal latent similarities between them [44].
One of the famous corpus-based systems is Latent Semantics Analysis (LSA) [45] that
partially solves the synonymy problem. Finally, approaches of the last category are

called hybrid since they combine the information acquired both from the ontology and



the statistical analysis of the corpus [9] and[92]. There is a recent survey in [44] about

these studies.

1.2 Aims of the Dissertation

The aim of this work is to develop semantic kernels which make use of implicit
semantic relations to improve the accuracy of kernel based classifier such as SVM. The
proposed approaches explore the capabilities of higher-order paths and class-based
meaning and class-based term weights in both supervised learning and SSL settings for
SVM. The suggested approaches smooth the terms of a document in BOW
representation (document vector represented by term frequencies) by higher-order paths
between both documents and terms, class-based meaning values of terms and class-
based term weights. Our target is to capture latent semantic information between the
terms and between the documents. It is important to note that SVM with linear kernel is
one the state of the art algorithms for text classification [19], [20]. This traditional
kernel can be considered as a first-order method since its context is a single document
and it model just the first-order co-occurrences of the terms. However, higher-order
kernels make use of the higher-order paths that include several different terms and
documents in the context of the whole dataset. Furthermore, class-based kernels
increase the importance of significant or in other words meaningful terms for each class
while reducing the importance of general terms which are not useful for discriminating
the classes. Theseproposed approaches reduce the above mentioned disadvantages of
BOW and improves the prediction abilities in comparison with standard linear kernels
by exploiting latent semantics between terms and documents also by increasing the
importance of class specific concepts which can be synonymous or closely related in the

context of a class.

1.3 Hypothesis

It has been shown that [2], [4], [5].[11], [12], [13]; by replacing the standard kernel
functions such as linear kernel with customized kernel functions which take advantage
of some background knowledge such as Wikipedia, WordNet it is possible to increase
the performance of SVM in the text classification domain. Based on this, we design
broad variety of methods in order to explore the capabilities of higher-order paths,

class-based meaning values and class-based weighting of terms in both supervised
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learning and SSLsettings for SVM. Some of the suggested kernels are based on higher-
order paths and motivated by the studies of higher-order Naive Bayes [14], [15] and
Higher-Order Smoothing [16], [17] which make use of the higher-order paths between
terms, and the work of [18]which focuses on the higher-order paths between both terms
and documents. We applied this methodology in a SSL setting with an addition of a new
approach to initial labeling of unlabeled data. The other suggested approaches are based
on class-based term values. One of them is based on a meaning measure, which
calculates the meaningfulness of the terms in the context of classes. The documents
vectors are smoothed based on these meaning values of the terms in the context of
classes. The other class-based approach is based on the abstract term weights. In these
class-based methods, since we efficiently make use of the class information in the

smoothing process, they can be considered supervised smoothing kernels.

In our context semantic kernel refers to an approach which extracts or implicitly makes
use of semantic relations between terms that seem to be unrelated in Bag-of-words
(BOW) model. These semantic relations can be language-wise general relations such as
synonyms as explicitly encoded in WordNet or they can be precise to a specific domain

such as a particular class of documents.

The first advantage of our suggested solutions is the capability of them to perform much
better than standard kernels in terms of classification accuracy. To demonstrate
performance improvements, we conduct several experiments on varied benchmark
datasets with several different test environments. According to our experimental results
our models exceed the performance of linear kernel which is one the state of the art
kernels for text classification. In linear kernel, the inner product between two document
vectors is used as kernel function, which utilizes the information about shared terms in
these two documents. However, our models can take advantage of higher-order paths
and class-based values of terms; therefore they extend the boundaries of being a single

document as the context.

The second advantage of the proposed approaches is about their simplicity and
independency of the outside semantic sources such as WordNet. As a result they can be
applied to any language domain without adjustments or parameter optimizations. To
show this wide applicability of our kernels we present results with different
experimental settings, such as: (i) several datasets from different domains such as

newsgroups postings and movie reviews classified into sentiments, (ii) several datasets
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with different languages such as English and Turkish, (iii) different training portions of
the dataset in order to observe the effect of sparsity, and (iv) varying values of

misclassification cost (C) parameter of the SVM.

The other benefit of our methods is that they also form a foundation that can easily be
combined with other term-based semantic similarity methods such as unsupervised
semantic similarity measures. It is also possible to combine with similarities between

terms derived from a semantic source like WordNet or Wikipedia.

Another advantage of our methods, in particular of our class-based methods is about
their execution time. We evaluate this by conducting several experiments. Our class-
based methods outperform other corpus-based semantic kernels in many cases in terms

of accuracy with less execution time.

Additionally, to the best of our knowledge, all of our kernels are the first studies to use
higher-order paths, meaning measure and abstract term weights in a semantic kernel for
SVM. We evaluated all of the proposed approaches by conducting a large number of
experiments on well-known textual datasets and present results with respect to different
experimental conditions. We compare our results with linear kernel which is the
traditional kernel used in SVM. Please note that linear kernel is one the state of the art
kernels for text classification [19], [20]. Our results show that proposed approaches

outperform other kernels in most of the cases.



CHAPTER 2

BACKGROUND AND RELATED WORK

Text classification can be defined as automatically classifying documents according to
predefined category-labels, usually by using machine learning algorithms. There are
large amounts of textual data accumulated both in organizations and especially on the
World Wide Web (WWW) through social networks, blogs, news, forums...etc. This
huge set of documents continues to increase by the contribution of millions of people
every day. Automatically processing these increasing amounts of textual data is one of
the critical problems for research and commercial entities. Text classification is the
basis for several important applications such as document filtering and sentiment or

opinion classification.

2.1 Traditional Classification Approaches

In machine learning applications there are two conventional strategies; supervised
learning and unsupervised learning. Traditional supervised learning algorithms need a
set of sufficient labeled data as training set to train the classifier, which will be used to
predict the class memberships of the unlabeled instances. On the other hand,
unsupervised learning, solely based on unlabeled samples, doesn’t need any labeled data
to learn a model. So as to train a classifier, it attempts to discover the indirect structure
of unlabeled data [21]. There has been massive amounts of accumulated data on the
web, especially on social networks, blogs and forums and continue to increase day by
day without any doubt. But unfortunately most of the available data does not have pre-
assigned labels which limit their use in several practical machine learning application
fields such as text classification, sentiment recognition, speech recognition. Moreover,

generally it can be time-consuming, tedious and expensive to assign labels to them
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manually. Most importantly, learning a classifier using a small number of labeled
training data may not generate sufficient performance. In situations where labeled data
is inadequate, many algorithms have suggested exploiting and utilizing the unlabeled
data to support to learning process for better classification. SSL approaches utilize not

only labeled data but also unlabeled data to increase the classification accuracy.

2.1.1 Supervised Learning

Supervised Classification is a supervised task, where supervision is provided in the form
of a set of labeled training data, each data point having a class label selected from a
fixed set of classes [22]. The goal in supervised classification is to learn a model from
the training data that gives the best prediction of the class label of unseen (test) data
points.The learned model is represented in the form of classification rules, decision
trees, or mathematical formulae. Then, the model is used for classification. First, the
predictive accuracy of the model (or classifier) is estimated. A simple way is to use a
test set of class-labeled samples, which are randomly selected and are independent of
the training samples. The accuracy of a model on a given test set is the percentage of
test set samples that are correctly classified by the model. If the accuracy of the model is
considered acceptable, the model can be used to classify future data of which the class

label is not known[22].

The popular classification techniques are listed below:
e Decision Tree Induction

e Bayesian Classification

e Genetic Algorithms for Classification

o KkNearest Neighbor Classifier (k-NN)

e Support Vector Machines (SVMs)

2.1.1.1 Support Vector Machines

Support Vector Machines (SVM) was first proposed by Vapnik, Guyon and Boser [23].
A more detailed analysis is given in [24]. In general, SVM is a linear classifier that aims
to finds the optimal separating hyperplane between two classes. The common

representation of linearly separable space is
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where w is a weight vector, b is a bias and d is the document vector to be classified. The
problem of finding an optimal separating hyperplane can be solved by linearly
constrained quadratic programming which is defined in the following equations:

- - . l 2 1
minimize: = _ 2.2
ZHM\ +Cx¢& (2.2)

with the constraints

yi(WT¢(di)+b)21_‘§i ’é:i ZO, v, (2.3)

where &=(&,&,..&) is the vector of slack variables and C is the regularization
parameter, which is used to make a balance between training error and generalization,
and has a critical role: if it is chosen as too large, there will be a high penalty for non-
separable points, many support vectors will be stored, and the model will overfit; on the
other hand if it is chosen too small, there will be underfitting [25].

The problem in Eg. (2.2) can be solved using the Lagrange method [25]. After

thesolution the resultant decision function can be formulated as:
f(x) = Sgn(IZai y.k(d;, dj) +b) (2.4)
i=1

where «;is a Lagrange multiplier, k is a proper kernel function and samples d; with
a; >0 are called support vectors. An important property of a kernel function is that it

has to satisfy Mercer’s condition which means being semi-positive[25]. We can
consider a kernel function as a kind of similarity function, which calculates the
similarity values of data points, documents in our case, in the transformed space.
Therefore, defining an appropriate kernel has the direct effect on finding a better
representation of these data points as mentioned in in [2], [11]. Popular kernel functions

include linear kernel, polynomial kernel and RBF kernel:

o Linear kernel: k(d;,d;)=d;d; (2.5)

e Polynomial kernel: k(d;,d;)=(did; +)%,q=12..etc. (2.6)
2

« RBF kemnel: k(d;,d;)=exp|d; —d;[") 2.7)



For the problems of multiclass classification where there are more than two classes, a
decomposition methodology is used to divide it into sub problems. There are basically
two categories of multiclass methodology [26]: the all-in-one approach considers the
data in one optimization formula [27], whereas the second approach is based on
decomposing the original problem into several smaller binary problems, solving them
separately and combining their solutions. There are two widely used strategies for this
category: ‘“‘one-against-the-rest” and “one-against-one” approaches [20],[26].1t is
possible and common to use a kernel function in SVM which can map or transform the
data into a higher dimensional feature space if it is impossible or difficult to find a
separating hyperplane between classes in the original space; besides SVM can work
very well on high dimensional and sparse data [19]. Because of these benefits of SVM,
linear kernel is one of the best performing algorithms in text classification domain since
textual data representation with BOW approach is indeed quite sparse and requires high

dimensionality.

Originally, SVMs were developed to perform binary classification. However,in real
world classification problems involve more than twoclasses. A number of methods to
generate multiclass SVMs from binary SVMs have beenproposed by researchers and is

still a continuing research topic [28].There are two strategies[29]:

The One-Against-All (1AA) approach represents the earliest and most common SVM
multiclass approach [30]. This method is also called winner-take-all classification. It
assumes that the dataset is tobe classified into M classes: Therefore, M binary SVM
classifiers may be created whereeach classifier is trained to distinguish one class from
the remaining M-1 classes. Forexample, class one binary classifier is designed to
discriminate between class one datavectors and the data vectors of the remaining
classes. Other SVM classifiers areconstructed in the same manner. During the testing or
application phase, data vectors areclassified by finding margin from the linear
separating hyperplane. The final output isthe class that corresponds to the SVM with the

largest margin.

The One-Against-One (1A1l) approachis another methodology in whichSVM binary
classifiers for all possible pairs of classes are created[31], [32]. The output from each
classifier in the form of a class label is obtained. Theclass label with the highest
frequency is assigned to that point in the data vector. In case of a tie,a tie-breaking

strategy may be adopted. A common tie-breaking strategy is to randomlyselect one of
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the class labels that are tied. The main disadvantage of this method is the increase in
thenumber of classifiers as the number of class increases. For example, for 7 classes of

interest, 21 classifiers will be created.

SVM is powerful to approximate any training data and generalizes good results on
given datasets. The complexity in terms of kernel affects the performance on new
datasets [34]. SVM supports parameters for controlling the complexity and above all
SVM does not tell how to set these parameters and one should be able to determine
these parameters by Cross-Validation on the given datasets [22], [33]. The major
strengths of SVM are the training is relatively easy. It scales relatively well to high
dimensional data and the trade-off between classifier complexity and error can be

controlled explicitly.

Choosing the most appropriate kernel and its parameters highly depends on the problem
at hand. The choice of a kernel depends on the problem at hand because it depends on
what is trying to be modeled. For example, radial basis functions allowpicking out
circles (or hyperspheres) - in contrast with the linear kernel, which allows only picking
out lines (or hyperplanes).The motivation behind the choice of a particular kernel can be
very intuitive and straightforward depending on what kind of information is being
expected to extract about the data[37]. Automatic kernel selection is possible and is
discussed in the works by Tom Howley and Michael Madden[36].So the weakness of
SVM includes choosing the most appropriate kernel function [33], [34], [35], [38].

2.1.1.2 Semantic Supervised Approaches for Text Classification

Linear kernel has a wide usage in the domain of text classification due to the high
dimensionality of the representation. As shown in Eq. (2.5) the kernel function is based
on the inner products of feature vectors of the documents. So a linear kernel captures
similarity between two documents as much as the terms they share. This yields certain
problems due to the nature of natural language such as synonymy and polysemy since it
IS not considering semantic relations between terms. This can be addressed by
integrating semantic information between words using semantic kernels such as [2], [4],
[81, [11], [27], [39], [40].

According to the definition given in [2], [8], [23], [25],[41] any function in the form

given in Eq. (2.8) is a valid kernel function:
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whered, and dq are input space vectors and ¢ isasuitable mapping from an input space
into a feature space.

As mentioned in Section 1, studies which enhance the representation of documents can

be categorized according to their design principles follows:

e Domain knowledge based systems: These systems use ontology or thesaurus to
capture the concepts in the documents and incorporate the domain knowledge of
separate terms into the words for representation in textual data. They enhance the
representation of terms by taking advantages of semantic relatedness among terms.
These include [2], [6], [7]. [8], [9], [10], [11]. For instance in[11], WordNet [12] is
used to calculate semantic similarity between English words. The study in [41] uses
super concept declaration with some distance measures between words from
WordNet like Wu-Palmer Measure, Inverted Path Length (IPL), Lin Measure and
Resnik Measure. A recent study of this kind uses HowNet as a Chinese semantic
knowledge-base[13]. In[42], the authors present distinct types of approaches to
combine the background knowledge in ontologies into the representation of textual
data and show the improvement in the classification accuracy. Similar works also
can be found in[10], [43].

e Statistical approaches: These systems use statistical analysis depending on the
relations of terms in the set of training documents to expose latent similarities
between them[44]. One of the well-known corpus-based systems is Latent

Semantics Analysis (LSA) [45]which partially solves the synonymy problem.

e Hybrid methods: These approaches combine the information gathering from
ontology and statistical analysis results from the corpus as in[9]. There is a recent
survey in [7] about these methods.

e Word sequence enhanced systems: These types of representations treat the words as
string sequences. Typically the main idea is based on a word sequence taken out
from documents by customary string matching technique. N-gram based
representation [46] and similar works in[47], [48], [49]are conventional examples of

these kinds of systems.
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e Linguistic enriched methods: They make use of syntactic and lexical rules to extract
the noun phrases, terminologies and entities from documents and improve the
representation using these linguistic units. For instance in [50] multi-words are used
to expand the effectiveness of text retrieval system. Also Lewis [51] compares the

word-based indexing and phrase-base indexing for representation of documents.

Siolas and d’Alché-Buc in [11] propose a semantic kernel that is intuitively generated
from the semantic relations of English words in WordNet. The hierarchies and
connections between terms in WordNet are used to calculate semantic relatedness
between two words. They benefit from this information to enrich the Gaussian kernel.
According to this study, using a semantic similarity metric as a smoothing technique

increases the correct classifications.

Bloehdorn et al.[41], uses a semantic kernel with super-concept declaration. Their
purpose is to create a kernel function that captures the knowledge of topology that
belongs to their super-concept expansion. This kernel function is given in Eq. (2.9),
where Q is a semantic smoothing matrix. The Q is composed of P and P' which
contains super-concept information about the corpus. Their results show that they get
remarkable improvement in performance, particularly in situations where the feature

representations are highly sparse or little training data exists[41].

k(d,,d,)=d P PTd; (2.9)

Bloehdorn and Moschitti [5] designed a Semantic Syntactic Tree Kernel (SSTK) by
combining syntactic dependencies like linguistic structures with semantic knowledge
that is gathered from WordNet. Similarly, in[8], WordNet is used as a resource of
semantic knowledge base. Nevertheless, they express that WordNet’s coverage is not
sufficient and a more extensive background knowledge resource is required. This is also
one of the key reasons that other studies aim to use resources with a wider coverage

such as Wikipedia.

One of those works is [1]. The similarity between two documents in the kernel function

designed as in Eqg. (2.9)and P is a semantic proximity matrix that is created from

Wikipedia. The semantic proximity matrix is composed of three measures: 1) content-

based similarity measure which depends on Wikipedia articles” BOW representation, 2)

out-link category-based measure that brings an information related to the out-link

categories of two associative articles in Wikipedia, 3) distance measure which is
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calculated as the length of the shortest path connecting the two categories of two articles
belong to, in the Wikipedia’s category taxonomy. The authors state that adding
semantic knowledge that is extracted from Wikipedia into document representation

overcomes some of the shortages of the BOW approach and improves the accuracy.

The study in [4] also use WordNet to build a semantic proximity matrix based on
Omiotis[40], which is a knowledge based measure for computing the relatedness
between terms. Nasir et al. incorporated this measure into a (Term Frequency-Inverse
Document Frequency) TF-IDF weighting approach. They show that their Omiotis
embedded methodology is superior to standard BOW representation. Nasir et al. further
broadened their work by taking just top-k semantically related terms and utilizing some

evaluation metrics on larger text datasets [9].

Semantic Diffusion Kernel is presented and studied in[27], [39]. Such a kernel is

obtained by an exponential transformation on a given kernel matrix as in

K(1) = K, exp(AK,) (2.10)
where K, is the gram (kernel) matrix of the corpus in BOW representation and A is the
decay factor. As stated in [27] the kernel matrix K, is created by using Eq. (2.11)

G =DD’ (2.11)

where D is the term by document matrix of the corpus. In [27], [39] it has been

demonstrated that K (1) relates to a semantic matrix exp(4 %) asin Eq. (2.12).

2°G? 29G°Y
+...+
ol

S:exp(%G):%(Zl + G + +..) (2.12)

where G is a generator that displays the initial semantic similarities between words and
Sis the semantic matrix of the exponential of the generator. According to the
experiments in [27] the diffusion matrix exploits higher-order co-occurrences to gather
latent semantic relationships between terms in the WSD tasks from SensEval.

Zhang et al. [52], [52], focuses on the usage of multi-word phrases for text
representation in the task of text classification. In their work they extract multi-word
phrases by using the syntactical structure of the noun phrases. They present two
strategies which are called general concept representation and subtopic representation,

to represent the documents using extracted multi-word phrases[52]. Their first strategy
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is based on the usage of general concepts for the representation of documents. The
second strategy uses the subtopics of the general concepts of representation. Following
this they carry out a serious of experiments with SVM linear kernel and non-linear
kernels in order to see the effects of using multi-word phrases in a kernel function. They
express the benefits of using multi-word phrases with the following aspects[52]: Firstly,
using multi-word phrases decreases the number of dimensions. Secondly, acquiring
multi-word phrases is an easy task. Thirdly, multi-word phrases carry more semantics
than individual words. According to their experimental results, their approach with

multi-word linear kernel outperforms the standard linear kernel[52].

2.1.2 Semi-Supervised Learning

There has been massive amounts of accumulated data on the web, especially on social
networks, blogs and forums and continue to increase day by day without any doubt. But
unfortunately most of the available data does not have pre-assigned labels which limit
their use in several practical machine learning application fields such as text
classification, sentiment recognition, speech recognition. Moreover, generally it can be
time-consuming, tedious and expensive to assign labels to them manually. Most
importantly, learning a classifier using a small number of labeled training data may not
generate sufficient performance. In situations where labeled data is inadequate, many
algorithms have suggested exploiting and utilizing the unlabeled data to support to
learning process for better classification. Semi-supervised Learning (SSL) approaches
utilize not only labeled data but also unlabeled data to increase the classification
accuracy. Recently, SSL has become popular and gained increased attention of both
academic and commercial platforms as a new machine learning strategy. SSL is
different from two ordinary classification approaches by the usage of unlabeled data to

mitigate the effect of insufficient labeled data on classifier accuracy.

Many SSL algorithms have been offered in the past decades, like co-training [53], self-
training [54],[55] graph-based methods [56], semi-supervised support vector
machines[21], Expectation-Maximization (EM) with generative mixture models [57],

transductive support vector machines[58].

Semi-supervised learning can be either transductive or inductive. Most of the learning
models and systems in artificial intelligence apply inductive inference where a model is

derived from data and this model is further applied on new data. The model is created
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without taking into account any information about a particular new data vector. The
new data would fit into the model to certain degree (an error is estimated). The model is
in most cases a global model, covering the whole problem space. Creating a global
model that would be valid for the whole problem space is a difficult task and in most
cases but; it is not necessary. The output for a new vector is calculated based on the
activation of one or several neighboring local models (rules). The inductive learning and
inference approach is useful when a global model of the problem is needed even in its
very approximate form, when incremental, on-line learning is applied to adjust this
model on new data and trace its evolution[59]. A block diagram of an inductive

reasoning system is shown in Figure 2.1.

Data set D for > | Traininga modelM | s
training Recall M for

anynew | —> | OQutputy
data x

New input vector x

Figure 2.1A block diagram of an inductive reasoning system.

A simple transductive inference method is the k-nearest neighbor method (k-NN),
where a new data vector x; is classified into one of the existing classes in the data
samples from D based on the majority of classes among k nearest to the new vector
samples that form the set D;. The distance is measured as Euclidean distance or as
another type of distance. In terms of prediction systems, the output value y; for the new
vector x; is calculated as the average value of the output values of the k-nearest samples

from the data set D;[59]. A block diagram of a transductive reasoning system is shown

in Figure 2.2
DatasetDfor |___ s | New input vector x
training —> .
model M —_— Output y
generated
for the input
Data selected from vector x
Model M - D based on x

Figure 2.2A block diagram of a transductive inference system.
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2.1.2.1Semi-Supervised Learning Approaches

Semi-Supervised Learning (SSL) methods make use of unlabeled examples to build
better classifiers with higher accuracy when there are a few amounts of labeled training
examples. In a typical SSL scenario there are labeled training examples (L) and
unlabeled examples (U). Co-training and Self-training are two popular SSL algorithms.
Self-training works as follows [54]; a classifier is constructed from L and used to
estimate the labels for samples in U. Then m unlabeled samples that the classifier has
high classification confidence in U are assigned labels and moved to extend L. After
that, the classifier is re-trained using the enlarged data set L. Although it is a very
simple algorithm; since it is not easy to guarantee the convergence of it, the latter three
steps are commonly repeated for a pre-defined maximum iteration number of times or
reaching up until some heuristic convergence standard (i.e., there is no remaining

unlabeled instances in U).

Co-training works like self-training except that it assumes that attributes can be divided
into two different views. According to co-training algorithm input features are logically
partitioned into two independent groups, and two separate classifiers are trained on
these two subsets in labeled data set (L) [53]. Following this, each classifier is attempted
to label the unlabeled samples in U; to put it in more detail; for each classifier, the
instances in U with the highest classification confidence are selected and added to the
labeled data set L. Consequently these two classifiers can assist for enlarging the data
set L. Both classifiers are retrained on this expanded data set, and the steps are re-
performed a fixed number of times. Thus each classifier then categorizes the unlabeled
data, and teaches the other classifier with some unlabeled instances (those have their
newly estimated labels with high classification confidence). Each classifier will be
trained again with the supplementary training examples specified by the other classifier,
and the procedure is repeated for higher accuracy[21],[53],[60]. As it is discussed in
[61] the main idea in co-training is that a classifier may give suitable labels to some
samples whereas it may be challenging for the other classifier to do so. Therefore, each
classifier can enlarge the training set with instances which are actually informative and

important for the other classifier.

Different kinds of self-training and co-training algorithms have offered by researchers

over the years. One variant of them is to use entire unlabeled data in each iteration
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therefore there will no need for the selection criterion. One example of this kind is
presented in [62]. The labels of the all unlabeled examples are predicted and then used
to extend the training set and update the classifier at all iterations. In [57], co-EM (co-
Expectation Maximization) is presented which uses all the unlabeled samples rather
than a number of samples chosen from the data pool. Another kind of approaches is to
use active learning technique to choose unlabeled examples and then ask some human
experts to label them which yields no mislabeled examples will occur, in principle. In
[63], a system with active learning is applied to choose unlabeled examples for the
multi-view semi-supervised co-EM algorithm. In [64], in each iteration, uncertainty
sampling is used to select unlabeled instances, then a cost-sensitive classifier is built on
the expanded labeled data and all unlabeled instances with assigned labels. EM
algorithm is used in an active learning framework in order to improve SSL in RBF and
is applied to content-based image retrieval in [111]. A very similar method (with the
addition of suitable preprocessing of the data) is described in [112] for text
classification. Nevertheless active learning methods are difficult to apply since they

cannot be accomplished without human experts.

Confidence selection is a popular instance selection criterion, which selects unlabeled
instances to add to the training set which are classified with high classification
confidence [53],[54], [57], [65],[66]. Other selection methods have also been suggested
by researchers. For instance, Wang et al., [66], offered an adapted value difference
metric as the selection technique in self-training. Their approach is based on decision
tree classifiers and used to classify sentences as subjective or objective. They use the
Naive Bayes trees algorithm, in order to build a Naive Bayes Classifier at each leaf of
the tree. Their approach works well on very small datasets. In [67], a new data editing
approach, named SETRED, is presented. Their approach benefits from the information
of the neighbors of each self-labeled instance to recognize and remove the mislabeled
samples from the self-labeled data. In [68], ISBOLD selection strategy is used to

roughly prevent possible performance degradation in self-training and co-training.

Li et al. [69]presents a new methodology which uses three learners. According to [69]L

denotes the labeled example set, hi, h, and hsindicate initial learners and U show the

unlabeled example set and x is an example in U. Firstly, three classifiers are trained

from labeled examples. Then, any two of those classifiers are used to label the

unlabeled sample x, if two of them predict the same label; then that example will be
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utilized to teach the third classifier. It repeats this procedure until none of hy, h, and hs
changes. The final estimation is accomplished with a majority vote among all the

learners.

Ideally, the selected unlabeled examples (together with the assigned labels) can finally
assist to learn a better classifier. However, Cozman (2003) [70]stated that unlabeled
data may degrade classification accuracy in some extreme situations and when the
model assumptions are not correct. For instance in [71], an extensive empirical study
was conducted on several popular SSL algorithms (including co-training and self-
training) using different base Bayesian classifiers. According to their results on 26 UCI
datasets, if the classifier has poor performance and incorrectly assigns labels to some
self-labeled examples, there will be accumulated mislabeled data which yields the final
performance will be jeopardized. McCallum and Nigam (1998) [62]mention that, they
get better classification performance by combining a small set of labeled samples with a
large set of unlabeled data with EM . Unfortunately, there are many studies show that
unlabeled samples are quite often detrimental to the performance of classifier in many
situations [70]. According to those studies the more unlabeled data are joined with a
fixed number of labeled instances, the poorer is the classification performance of the
corresponding classifier. Therefore, it is obvious that, the classifier should have a good
classification performance on the original labeled data if it desires to have good
prediction performance on future data. More accurately, utilizing the accuracy on the
original labeled data to select more reliable unlabeled samples seems critical for the

final classification performance of the SSL algorithm.

In [72], a CASVM algorithm is presented, which includes misclassification costs into
the optimization function of a semi-supervised SVM. In some algorithms only one base
learner is applied, which use the unlabeled samples iteratively based on its own
knowledge. Some approaches include using EM algorithm to estimate posterior
parameters of a generative model, Naive Bayes, by labeling each unlabeled sample, i.e.
a probability for each class as it is done in [62]; using the unlabeled data to search for a
better configuration of Bayesian Network [73]; using a transductive inference for SVM
on a special test set [19]. The self-training algorithm[57] is of that kind, where all
iterations the learner converts the most confidently classified unlabeled sample of each

class into a labeled training example. These methods and their variants are also
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described, analyzed and compared in[65]. Furthermore there is a comprehensive survey
that includes almost all of well-known semi-supervised learning algorithms in [21].

Transductive Support Vector Machines (TSVMs) is an extension of traditional SVM
with the contribution of unlabeled data. The aim is to predict the labels of the unlabeled
data and use them in the training step; therefore a linear boundary has the maximum
margin on the labeled data (the original labeled data with the addition of labeled
unlabeled data this time). One of the recent studies is presented in [113] which is the
implementation of semi-supervised support vector machines (S3VMs). Li et al. name
their approach as S4VMs and explain that S4VMs tries to exploit multiple candidate
low-density separators in contrast to common S3VMs which typically focus on
approaching one optimal low density separator. Their comprehensive experiments
validate the effectiveness of S4VMs.Also there is a recent study [114]in which several

semi-supervised methods and applications are described.

2.2 Higher-Order Co-Occurrence Paths

There are numerous systems with higher-order co-occurrences in text classification. One
of the most widespread of them is the Latent Semantic Indexing (LSI) algorithm. The
study in [74] verified arithmetically that performance of LSI has a direct relationship
with the higher-order paths. LST’s higher-order paths extract “latent semantics”[15], [74].
Based on these work, the authors in [14], [15] built a new Bayesian classification
framework called Higher-Order Naive Bayes (HONB) which presents that words in
documents are strongly connected by such higher-order paths and that they can be
exploited in order to get better performance for classification. Both HONB [14] and HOS
[16], [17] are based on Naive Bayes.

A higher-order path can also be represented as a chain of co-occurrences of entities
(attribute values, words, terms, etc.) in different records (instances, documents, etc.).
Actually they can extract co-occurrence relations from virtually any dataset as long as
there is a meaningful context of entities[15]. Kontostathis et al.[74] proved
mathematically and demonstrated empirically that LSI is based on the use of higher-
order relations, in particular higher-order co-occurrences. The authors also
demonstrated that the retrieval performance of LSI is correlated with higher-order

relations. Higher-order relations in LSI capture “latent semantics” [15], [74].
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Ganiz et al. claimed that their results on several textual datasets show that when training
data is scarce (i.e., a small number of labeled instances), HONB significantly reduces

the generalization error by leveraging higher-order paths[15].

Benefits of using on higher-order paths between documents between terms[14], [17] are
demonstrated inFigure 2.3. There are three documents, di, d,, and ds, which consist of a
set of terms {t;, to}, {to, t3, ta},and {t4, ts}, respectively. Using a traditional similarity
measure which is based on the common terms (e.g. dot product), the similarity value
between documents d; and ds will be zero since they do share any terms. But this
measure is misleading since these two documents have some connections in the context
of the dataset over d; as it can be perceived inFigure 2.3. This supports the idea that
using higher-order paths between documents, it is possible to obtain a non-zero similarity
value between d; and ds which is not possible in the BOW representation. This value
turns out to be larger if there are many interconnecting documents like d;,between d; and
ds. This is caused by the fact that the two documents are written on the same topic using

different but semantically closer sets of terms.

InFigure 2.3, there is also a higher-order path between t; and t;. This is an illustration of
a novel second-order relation since these two terms do not co-occur in any of these
documents and can remain undetected in traditional BOW models. However, we know
that t; co-occurs with t, in document dq, and t, co-occurs with t; in document d,. The
same principle that is mentioned in the case of documents above applies in here. The
similarity between t; and t; becomes more eminent if there are many interconnecting
terms such as t, or t; and interconnecting documents like d,. The regularity of these

second-order paths may reveal latent semantic relationships such as synonymy [17].

2.3 Term Weighting Methods

There are different approaches to assign appropriate weights to the terms to improve the
classification performance: For example; binary, TF, TF-IDF [75], [76] and its variants
are the traditional methods borrowed from IR field and belong to the unsupervised term
weighting methods. Also there are approaches which have proper place in the supervised
term weighting category since term weights are calculated according to the category

membership information of training documents. One type of them is to weight terms by

using feature selection metrics, i.e. gain ratio, Information Gain (IG), odds ratio and so
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Figure 2.3Graphical demonstration of first-order, second-order and third-order paths
between terms through documents[93].

on, in[77], [78]. Another recent approach that improves the terms’ discriminating power
for text categorization task is Term Frequency-Relative Frequency (TF-RF)[79]which
considers only the frequency of relevant documents (i.e. those which contain this term).
Furthermore [80], [81] is inspired from Term Frequency-Inverse Class Frequency (TF-
ICF)[82], [83] and extends the boundaries of traditional weighting method TF-IDF [75]

by the contribution of category information of terms in the training set.

TF-IDF [75] is the most popular term weighting method. Its formula is given in Eq.
(2.14), where tf,, represents the frequency of the term w in the document and IDF is the
inverse of the document frequency of the term in the dataset. IDF’s formula is also given
in Eg. (2.13) where |D| denotes the total number of documents and df,represents the
number of documents which contains term w. TF indicates the occurrence of word w in
document d;. The TF-IDF has proved extraordinarily robust and difficult to beat, even by

much more carefully worked out models and theories [84].

_1Dl
IDF (w) = . (2.13)
TF — IDF (w,d,) = tf,, x log(IDF (w)) (2.14)
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A similar but supervised version of TF-IDF is called TF-ICF whose formula given in
Eq. (16) as in[82], [83]. In Eq. (2.16), |C| represents number of classes and cf,, indicates

the number of classes which contains term w.

ICF (W) = IC] (2.15)
cf,
TF —ICF(w,c, )= ¥ tf, xlog(ICF (w)) (2.16)

dec;
In [79]a new term weighting method is proposed with the idea of simplifying a multi-
label classification problem into multiple independent binary classification problems. In
their methodology, a chosen category is tagged as the positive category and all the
remaining categories in the same dataset are combined together as the negative
category. According to their methodology; the more focused a high frequency term is in
the positive category than in the negative category, the more contributions it makes in
selecting the positive samples from the negative samples. Their term weightings

formula is as follows:

TF —RF =tf  x Iog[z + (2.17)

)
max(, c)

where tf,is the term frequency of word w, a is the number of documents in the positive
category which contain term w and c is the number of documents in the negative
category which contain term w. Table 2.1 demonstrates the difference between the
discriminative powers of both IDF and RF. Table 2.1 lists the IDF and RF values of
four terms based on two categories, namely, 00_acq and 03_earn respectively. The first
two terms, acquire and stake, are closely related to the theme discussed in category
00_acq while the last two terms, payout and dividend, are closely related to the theme
discussed in category 03 earn. However, the IDF disregards the category or label
information of the training set. Thus, each of these four terms is weighted equally by the
IDF even in terms of the two different categories. On the other hand, by using the RF
scheme which pays attention to category information, each term is assigned more

appropriate weights in terms of different categories[79].

By being inspired from the idea of both IDF and ICF, a new term weighting method
which is designed as a part of a feature extraction algorithm is proposed in [80], [81].

According to their approach the effect of a term over a class is calculated as follows:
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N
Wy, ¢ =log(tfc,, ¢ +1) x log(N—) (2.18)

w

where tfc ¢ is the total term frequency of word w in the documents of class ¢, N is the
total number of documents in the corpus and N, is the total number of documents those
contain term w. By using this class-dependent term weighting scheme they develop a
feature extraction method for text classification. They carry out experiments on
benchmark datasets to compare the classification performance with well-known feature
extraction algorithms. Their experimental results show that using this feature extraction
with a class-dependent term weighting scheme enhances classification performance on
the classifiers they use when compared with other feature extraction methods.

Table 2.1Comparison of the weights of four features in Category 00_acq and 03_earn

([79])

Feature Category:00_acq| Category:03_earn

IDF RF IDF RF

acquire 3.553 [4.368 |3.553 |1.074

stake 4.201 2975 |4.201 1.082

payout 4.999 |1 4.999  |7.820

dividend  [3.567 [1.033 [3.567  |4.408

2.4 Helmholtz Principle from Gestalt Theory and Meaning Calculation

According to Helmholtz principle from Gestalt theory in image processing; “observed
geometric structure is perceptually meaningful if it has a very low probability to appear
in noise” [100]. This means that events that have a large deviation from randomness or
noise can be noticed easily by humans. This can be illustrated inFigure 2.4. In the left
hand side of Figure 2.4, there is a group of five aligned dots but it is not easy to notice it
due to the high noise. Because of the high noise, i.e. large number of randomly placed
dots, the alignment probability of five dots increases.On the other hand, if we remove
the number of randomly placed dots considerably, we can immediately perceive the
alignment pattern in the right hand side image since it is very unlikely to happen by
chance. This phenomenon means that unusual and rapid changes will not happen by

chance and they can be immediately perceived.
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Figure 2.4The Helmholtz principle in human perception (adopted from [100])

As an example, assume you have unbiased coin and it is tossed 100 times. Any 100-
sequence of heads and tails can be generated with probability of (¥2)100 and Figure

2.5is generated where 1 represents heads and O represents tails [99].

s, =1010111010 01001 ... 00111 01000 10010
s,=111111111...111111 000000000 ... 000000

50 times 50 times

Figure 2.5The Helmholtz principle in human perception (adopted from [99])

First sequence, s; is expectable for unbiased coin but second output, s, is highly
unexpected. This can be explained by using methods from statistical physics where we
observe macro parameters but we don’t know the particular configuration. For instance

expectation calculations can be used for this purpose[99].

A third example is known as birthday paradox in literature. There are 30 students in a
class and we would like to calculate the probability of two students having the same
birthday and how likely or interesting is this. Firstly, we assume that birthdays are
independent and uniformly distributed over the 365 days of a year. Probability P; of all
students having different birthday in the class is calculated in Eq. (2.19)[109].

_ 365x364x..x336
365%

The probability P, of at least two students born on same day is calculated in Eq.

P ~ 0.294 (2.19)

(2.20).This means that approximately 70% of the students can have the same birthday
with another student in the class of 30 students.

P,=1-0.294 = 0.706 (2.20)

When probability calculations are not computable, we can compute expectations. The

expectation of number of 2-tuples of students in a class of 30 is calculated as in Eq.

(2.21). This means that on the average, 1.192 pairs of students have the same birthday in

the class of 30 students and therefore it is not unexpected. However the expectation
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values for 3 and 4 students having the same birthday, E(C3)~0.03047 and E (C4)
~0.00056, which are much smaller than one, indicates that these events will be

unexpected[109].

30 1
EC,) = —|0|=L 30 _30x29 _, 49, (2.21)
365 2 365 (30—2)! 21 2x365

In summary, the above principles indicate that meaningful features and interesting
events appears in large deviations from randomness. Meaningfulness calculations
basically correspond to calculations of expectations and they stem from the methods in

statistical physics[100].

In the context of text mining, the textual data consist of natural structures in the form of
sentences, paragraphs, documents, and topics. In[100], the authors attempt to define
meaningfulness of these natural structures using the human perceptual model of
Helmholtz principle from Gestalt Theory. Modelling the meaningfulness of these
structures is established by assigning a meaning score to each word or term. Their new
approach to meaningful keyword extraction is based on two principles. The first one
states that these keywords which are representative of topics in a data stream or corpus
of documents should be defined not only in the document context but also the context of
other documents. This is similar to the TF-IDF approach. The second one states that
topics are signaled by “unusual activity”, a new topic can be detected by a sharp rise in
the frequencies of certain terms or words. They state that sharp increase in frequencies
can be used in rapid change detection. In order to detect the change of a topic or
occurrence of new topics in a stream of documents, we can look for bursts on the
frequencies of words. A burst can be defined as a period of increased and unusual
activities or rapid changes in an event. A formal approach to model “bursts” in
document streams is presented in[110]. The main intuition in this work is that the
appearance of a new topic in a document stream is signaled by a “burst of activity" with

certain features rising sharply in frequency as the new topic appears.

Based on the theories given above, new methods are developed for several related
application areas including unusual behavior detection and information extraction from
small documents [105], for text summarization[101], defining relations between
sentences using social network analysis and properties of small world phenomenon

[102] and rapid change detection in data streams and documents [99]and also for
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keyword extraction and rapid change detection[100]. These approaches make use of the
fact that meaningful features and interesting events come into view if their deviations

from randomness are very large.

The motivating question in these studies is “if the word w appears m times in some
documents is this an expected or unexpected event?” [100]. Given that S, is the set of
all words in N documents and a particular word w appears K times in these documents.
Then random variable C,, counts m-tuple of the elements of S,, appears in the same
document. Following this the expected value of Cy, is calculated under the assumption
that the words are independently distributed among the documents. Cy, is calculated
using random variable Xi1,;>.;» Which indicates if words wjy, ..., win co-occurs in the
same document or not. Based on this the expected value E(Cy,) can be calculated as in
Eqg. (2.23) by summing the expected values of all these random variables for all the
words in the corpus.

Cm = z xil ..... im (222)

I<il < ..<im <K

EC,) = D EXy.im) (2.23)

I<il< ..<im<K
The random variable X;;.>...can only take values one and zero. As a result the
expectation of this random variable which shows if these m words co-occurs in the
same document can be calculated in Eq. (2.24), where N is the total number of
documents. “If in some documents the word w appears m times and E(Cm)<1 then it is

an unexpected event” [100].

(2.24)

As a result E(Cy,) can simply be expressed as in Eq. (2.25) and this expectation actually
corresponds to Number Of False Alarms (NFA) of m-tuple of word w which is given in
Eq. (2.26). This corresponds to the number of times m-tuple of the word w occurs by
chance[100]. Based on this, in order to calculate the meaning of a word w which occurs
m times in a context (document, paragraph, sentence), we can look its NFA value. If the
NFA (expected number) is less than one, then the occurrence of m times can be
considered as a meaningful event because it is not expected by our calculations but it is
already happened. Therefore, word w can be considered as a meaningful or important

word in the given context.
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E(C,) =(;jﬁ (2.25)

Based on the NFA, the meaning score of words are calculated using Eq. (2.26) and Eq.
(2.27) in[102]:

K) 1
NFA(w, P, D) = 2.26
AW )(ijm_l (2:26)
Meaning(w, P, D) = —milog NFA(w, P, D) (2.27)

where w represents a word, P represents a part of the document such as a sentence or a
paragraph, and D represents the whole document. Additionally, m indicates the
appearance number of word w in P and K shows the appearance number of word w in
D. N=L /B in which L is the length of D and B is the length of P in words[102]. To
define Meaning function, the logarithmic value of NFA is used based on the observation

that NFA values can be exponentially large or small [100].

As mentioned above, the meaning calculations are performed in a supervised setting. In
other words, we use a class of documents as our basic unit or context in order to
calculate meaning scores for words. In this approach meaning calculations basically
show how high a particular words’ frequency is expected to be in a class of documents
compare to the other classes of documents. If it is unexpected then meaning calculations
result in a high meaning score. In this aspect it is similar to the Multinomial Naive
Bayes in which the all the documents in a class are merged into a single document and
then the probabilities are estimated from this one large class document. It also bears
similarities to TF-ICF approach in which the term frequencies are normalized using the

class frequencies.

In supervised meaning calculations, which are given in Eq. (2.31) and Eg. (2.32),
parameter cjrepresents documents which belong to class j and S represents the complete
training set. Assume that a feature w appears k times in the dataset S, and m times in the
documents of class c;. The length of dataset (i.e. training set) S and class c; measured by
the total term frequencies is L and Brespectively. N is the ratio of the length of the
dataset and the class, which is calculated in Eq. (2.30). The NFAis defined in Eq. (2.31).
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L=>>tf, (2.28)

deS wed

B=>>tf, (2.29)

dec; wed

L
N = B (2.30)
k) 1
NFA(W,CJ-,S) :(m] N (2.31)

Based on NFA, the meaning score of the word w in a class ¢; is defined as:

meaning(w,c;) = —%Iog NFA(w,c;,S) (2.32)

This formula can be re-written as:

meaning(w,c;) =—%Iog(l:n]—[(m—1) log N | (2.33)

The larger the meaning score of a word w in a class ¢;, the more meaningful, significant

or informative that word is for that class.
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CHAPTER 3

EXPERIMENTAL SETUP

We integrated our kernel functions into the implementation of the SVM algorithm in
WEKA [85]. In other words, we built numerous kernel functions those can be directly
used with Platt’s Sequential Minimal Optimization (SMO) classifier [86].

In order to see the performance of our proposed algorithms on text classification, we
performed a series of experiments on several textual datasets which are shown inTable
3.1. Our first dataset IMDB? is a collection of movie reviews. It contains 2,000 reviews
about several movies in IMDB. There are two types of labels; positive and negative.
The labels are balanced in both training and test sets that we used in our experiments.
1150 Haber is our second dataset. It contains 1150 news-articles within five categories
under the titles of magazine, politics, sport, economy and health collected from Turkish
online newspapers [87]. Our third dataset is five-class version of the WEBKB[88]
dataset, namely WEBKB5, which contains web pages, gathered from different
universities’ computer science departments. WEBKBS dataset has highly skewed class
distribution. Other datasets are variants of popular 20 Newsgroups® dataset. This data
set is a collection of approximately 20,000 newsgroup documents, partitioned evenly
across 20 different newsgroups and commonly used in machine learning applications,
especially for text classification and text clustering. We used four basic subgroups
namely,“Politics”, “Comp”,”Science” and “Religion” from the 20 Newsgroups dataset.

The documents are evenly distributed to the classes.

1http://www.imdb.com/interfaces

2http://WWW.cs.cmu.edu/~text|earning
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The sixth dataset we use isthe Mini-newsgroups® dataset which has 20 classes and also
has a balanced class distribution. This is a subset of the 20 Newsgroups dataset, too.

Properties of these datasets are given inTable 3.1.

We apply stemming and stopword filtering to these datasets. Additionally, we filter rare
terms which occur in less than three documents. We also apply attribute selection and
select the most informative 2,000 terms using IG as described in [14], [15], [16], [17].
This preprocessing increase the performance of the classifier models by reducing the

noise. We perform this preprocessing equally in all experiments.

Table 3.1Comparison ofproperties of datasets before attribute selection

Dataset #classes | #instances | #features
IMDB 2 2,000 16,679
1150 Haber 5 1150 7,948
WEBKB5 5 4,336 12,841
20 Newsgroups-Politics 3 1,500 9,864

20 Newsgroups-Science 4 2,000 9,615

20 Newsgroups-Religion 4 1,500 7,790

20 Newsgroups-Comp 5 2,500 12,151
Mini-newsgroups 20 2,000 12,112

In order to observe the behavior of our semantic kernel under different training set size
conditions, we use the following percentage values for training set size: 5%, 10%, 30%,
50%, 70%, 80% and 90%. Remaining documents are used for testing. This is essential
since we expect that the advantage of using semantic kernels should be more observable

when there is inadequate labeled data.

One of the main parameters of SMO [89] algorithm is the misclassification cost (C)
parameter. We conducted a series of optimization experiments on all of our datasets
with the values of {102 107, 1, 10, 10%}. For all the training set percentages we
selected the best performing one. The optimized C values for the corresponding
methods on each dataset at different training levels are given in Table 3.2, Table 3.3,
Table 3.4 and Table 3.5. This is interesting because the values vary a lot among datasets
and training set percentages (TS).

1http://archive.ics.uci.edu/ml/
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Table 3.20ptimized C values for IHOSKon differentdatasets

TS | 20 Newsgroups- | 20 Newsgroups- | WEBKB5 | Mini-

% | Science Politics Newsgroups
5 |1 10! 1 1

10 |1 10 1 1

30 |1 10™ 1 10

50 | 1 10 1 10

70 |1 1 1 102

80 | 1 1 1 10

9 |1 10! 1 10!

Table 3.30ptimized C values for HOTK on different datasets

TS | 20 Newsgroups- | 20 Newsgroups- | 20 Newsgroups- | Mini-

% | Science Politics Comp Newsgroups

5 |1 10" 1 1

10 |1 10™ 1 1

30 |1 10" 1 10°

50 |1 10" 1 10?

70 |1 1 1 10°

80 |1 1 1 10°

90 |1 10" 1 10

Table 3.40ptimized C values for CMK on different datasets
TS% |IMDB (20 20 20 20 Mini-
Newsgroups- [Newsgroups- [Newsgroups- |Newsgroups- [newsgroups
Science Politics Religion Comp

5 10?107 10” 10 10" 10*
10 |10* |107? 10” 10 10 10?
30 |10 [107 10” 10 1 10*
50 |10% |10 10” 10" 10? 1
70 |10 |10 10t 10 10 1
80 |10% |107? 10” 10" 10" 1
90 |10% |107 10” 10 10? 1
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Table 3.50ptimized C values for linear kernel on different datasets

TS% [IMDB |20 20 20 20 Mini-
Newsgroups- [Newsgroups- [Newsgroups- |Newsgroups- [newsgroups
Science Politics Religion Comp

5 10t [107 10* 10% 10% 1

10 |10t 1 10? 10% 10% 1

30 (10t |1 10* 10% 10% 1

50 |10t |1 10* 1 10% 10*

70 |10t |1 10? 10% 1 10*

8o |10 |1 10 10 1 10!

90 |10 |1 1 10t 1 10!

The main evaluation metric in our experiments is accuracy result and in the results
tables they are written with their standard deviations. Also Student’s t-Tests for
statistical significance tests are provided. We use a = 0.05 significance level which is a
commonly used level. In addition for the accuracy we used the following performance

gain equation;

where Py is the accuracy of SMO with our semantic kernel and Py stands for the
accuracy result of the linear kernel. The experimental results tables include training set
percentage (TS), the accuracy results of Linear Kernel, and our other semantic kernels.
Also the last columns demonstrate the (%) gain of our proposed kernel over linear
kernel calculated as in Eg. (3.1). We run our experiments using our experiment

framework called Turkuaz, which closely uses WEKA library.
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CHAPTER 4

HIGHER-ORDER SEMANTIC KERNELS

4.1 Higher-Order Semantic Kernel (HOSK)

We propose a novel semantic kernel called HOSK[97] for SVM applied to document
categorization that takes advantages of latent semantics in higher-order paths between
documents. Although the previous works on higher-order relations focus on the higher-
order paths between terms [15], [16]we focus on the higher-order paths between
documents. We can create a graph structure where the nodes represents documents and
the edges are represents the similarity between documents. One of the most
straightforward ways of defining the similarity between two documents is using
statistics of shared words. As a result edges between documents in our graph structure

are weighted according to the frequencies of the shared words.

The advantage of using shared terms between documents as edges in this graph
structure is that it is easier to grasp semantics of similarity between documents. On the
other hand, when we go second-order and higher-order paths between documents, it is
more difficult to grasp semantic relations compared to the first-order and higher-order
paths between terms. These second-order paths may reveal latent similarity caused by
synonymous or highly related terms. With the help of higher-order paths, in particular
second-order paths, HOSK takes the advantage of getting latent semantics between
documents. In this study[97] we extract and use first-order and second-order paths.
Especially the second-order paths reveal latent semantics. Let’s consider the following
example; in Table 4.1 there are no common terms shared by documents d; and dy; this
means that by using a classical similarity measure such as the Cosine measure or the
Euclidean distance, these documents’ similarity is calculated to zero. However, we can
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see that both d; and d, share terms with d; meaning that words t, and t; have some
similarities in the document space. With a higher-order-path approach, it is possible to
get a similarity between d; and d,which is bigger than zero. We can explain this
situation with the possibility that two documents are written on the same topic using
two different but semantically closer sets of terms. In this case terms belonging to each
set frequently co-occur in other documents relating to this topic, forming a connection

pattern which can be revealed by using second-order paths.

Table 4.1A document by term matrix representation of three documents

Mty th|tz| 1ty
d(1]1]0(0
d (00|11
d;3|0]|1(1(0

4.1.1Methodology

In our system, matrix D is built from the whole corpus as a classical document by term
frequency matrix. Let Dbe the data matrix having r rows (documents) and ccolumns
(words) based on the whole corpus; m;; shows occurrence frequency of the j™word in

thei"document:

mi= [mi1 .. mic] is the row vector representing the document i and mi= [my ..m] the

column vector corresponding to wordj.

Since we deal with textual datasets with high dimensionality and sparsity, a proper
normalization on this initial data matrix is beneficial. We tried many matrix
normalization techniques including row-level normalization (dividing each value in a
row by the maximum value in that row), column-level normalization (dividing each
value in a column by the maximum value in that column), document-length
normalization (dividing each term frequency in a row with the corresponding
document’s length) and other techniques from the literature which are detailed in [90]
such as z-score normalization, min-max normalization, etc. We obtain best accuracy
results with row-level normalization which is defined below:

V.el.r D =—" _ (4.1)
max(m,)
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where r is the number of documents in the corpus,m is the row vector representing the
document and D; is the normalized form of the row vector of m.

We then calculate first-order paths matrix namely F between documents like in the Eq.
(4.2):

F=DD"' (4.2)

In other words, F matrix is calculated by multiplying document by term matrix with its
transpose. Each value in the matrix of F shows the similarity between corresponding
documents. For instance the similarity between documentj(m;) and document; (m;) is

calculated as follows:

F( i, j ):milx M1+ Miz X Mjz + Mijz X Mz + ...+ Mjc X Mj¢ (43)

where c is the number of terms in the corpus.

F is a (document by document) square matrix whose dimension is the same as the
number of documents in the corpus. We observe that F has many zero values. Two
documents have a non-zero similarity value in F only if these two documents share
same words. In order to capture the latent semantic information between documents we
calculated the second-order paths matrix namely S between documents as in the Eq.
(4.4):

S=FF (4.4)

By multiplying F by itself S matrix is formed. Again S is a document by document
square matrix whose dimension is the same as the number of documents in the corpus.

This matrix shows the second-order paths between documents.

Each value in the matrix of S shows the similarity between corresponding documents.
For instance the similarity between document; (m;) and document; (m;) is calculated as
in Eq. (4.5):

S(i, )= (4.5)
F(mi, mg) X F(m;j, my) + F(m;i, mz) X F(m;j, mp) +

F(mi, m3) x F(m;, ma) + F(m;i, mg) X F(m;, mg)+..+  F(m;, m;) x F(m;, m,)
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So, both F and S have similarity information between documents. We observed that the
values in S are extremely larger than the ones in F. This could be explained with the fact
that S has values not only based on only common terms between documents but also
some indirectly latent semantics. So, we normalize the two matrix separately using Eq.
(4.6) and Eq. (4.7):

=
Vi, jel.r FN =1 _ (4.6)
' max(F)
o S;
Vi, jel..r SN, =—1 _ (4.7)
' max(S)

where r is the number of documents in our corpus, F is the matrix shows the number of
first-order paths between documents, FN is normalized first-order paths matrix, S is
second-order paths matrix, and SN is normalized second-order paths matrix,
respectively. After this normalization we combine these two matrices with a weight
value A in order to see the effect of FN and SN matrices to the accuracy in our
experiments. In order to optimize A, the following values are taken into consideration: 0,
0.25, 0.5, 0.75, 0.8, 0.85, 0.9, 0.95, and 1. Combination of FN and SN matrices yields

final similarity matrix which is shown in Eqg. (4.8):

Sim(di,dj) = (A xSNj) + ((1-24) x FNj) (4.8)

Based on the results we tune the A parameter to the value of 0.95.This is a satisfactory
result for us from the aspect of the more contribution of higher-order paths means the

more accurate results.

After that, we use this similarity matrix as a kernel (gram) matrix in SVM by plugging
in the SMO WEKA'’s implementation[85]. In other words we built such a kernel matrix
that is directly applicable in Platt’s SMO learner. One of the most important parameters
of SMO algorithm is misclassification-cost (C) parameter. After a set of optimization
experiments we did not observe a significant difference and that’s why we tuned it to its
default value of 1.In all of the experiments including not only HOSK but also linear

kernel we used this same value.
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4.1.2 Experimental Results and Discussion

According to our experiments HOSK demonstrates a notable performance on 1150
Haber dataset, which can be seen in Table 4.2. HOSK outperforms our baseline kernel
(Linear Kernel, which is one of the state-of-the-art kernels in text classification) by
extensive boundaries in all training set percentages. The performance gain is
specifically obvious at low training set levels. For instance at training levels 1%, 5%,
and 10% HOSK statistically significantly outperforms Linear Kernel with the gains of
20.39% ,15.82%, 8.81% on Linear Kernel ,respectively.

Table 4.2Accuracy of HOSK and linear kernel on 1150 Haber dataset with varying
training set size

TS % | Linear HOSK Gain
1 46.99+4.54 |56.57+12.22 |20.39
5 72.82+4.68 | 84.34+2.33 15.82
10 80.51+2.68 |87.60+1.26 8.81
30 88.55+1.34 |90.78+0.58 2.52
50 89.72+1.13 |90.90+0.82 1.32
70 91.59+1.06 |92.41+0.54 0.90
80 92.30£2.89 |92.43+3.15 0.14
90 91.83+3.18 |92.17+2.21 0.37

According to Table 4.3, on WEBKBS5 dataset, at training levels 1%, 5%, and 10%
HOSK gives statistically significant results over Linear Kernel besides the results that

HOSK outperforms than Linear Kernel in all of the training levels.

The same is valid for 20 Newsgroups-Comp and 20 Newsgroups-Science datasets,
where HOSK outperforms Linear Kernel in all training levels. This can be seen from
Table 4.4 and Table 4.5. The performance improvement is most visible in small training
set levels for instance in train split 1%, HOSK can achieve an accuracy of 72.59%
where the Linear Kernel accuracy is only 52.16% for 20 Newsgroups-Science dataset,

which can be clearly seen from Table 4.5.

At small training data levels first-order methods give zero as the similarity of two
instances those do not contain common words. But by the use of higher-order paths the

similarity between those two instances can be larger than zero.
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Table 4.3Accuracy of HOSK and linear kernel on WEBKBS5 dataset with varying

training set size

TS% |Linear HOSK Gain
1 59.74+3.48 75.1+£2.82 25.71
5 72.77£1.43 84.20+0.87 15.71
10 78.46+1.60 86.79+0.62 10.62
30 84.88+0.97 88.45+0.46 4.21
50 86.40+0.96 89.11+0.48 3.14
70 88.05+1.05 89.61+0.65 1.77
80 87.77+£1.61 89.68+1.01 2.18
90 88.28+1.18 89.15+1.56 0.99

Table 4.4Accuracy of HOSK and linear kernel on 20 Newsgroups-Compdataset with

varying training set size

TS %| Linear HOSK Gain
1 34.93+4.31 49.43+2.80 4151
) 53.73+4.47 65.48+2.56 21.87
10 62.28+2.57 70.66x1.07 13.46
30 73.97£1.62 74.69+1.09 0.97
50 77.87+1.60 78.54+1.15 0.86
70 79.57+1.74 81.11+1.66 1.94
80 78.88+2.31 80.92+1.98 2.59
90 80.88+2.60 83.04+2.48 2.67

Table 4.5Accuracy of HOSK and linear kernel on 20 Newsgroups-Science dataset with

varying training set size

TS % | Linear HOSK Gain
1 52.16%5.25 72.59+5.84 39.17
5 70.93+£3.89 85.69+1.80 20.81
10 77.74+£3.52 87.87+£1.34 13.03
30 86.73+£1.32 93.11+0.77 7.36
50 88.94+1.16 94.18+0.48 5.89
70 90.37+0.93 95.07+0.86 4.84
80 91.25+1.56 95.4+0.87 4.55
90 91.15+1.73 96+1.80 5.32
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4.2 Iterative-Higher-Orders Semantic Kernel (IHOSK)

We propose a semantic kernel for Support Vector Machines (SVM) that takes
advantage of higher-order relations between the words and between the documents.
Conventional approach in text categorization systems is to represent documents as a
“Bag of Words” (BOW) in which the relations between the words and their positions
are lost. Additionally, traditional machine learning algorithms assume that instances, in
our case documents, are independent and identically distributed. This approach
simplifies the underlying models, but nevertheless it ignores the semantic connections
between words as well as the semantic relations between documents that stem from the
words. In this study [92], we improve the semantic knowledge capture capability of a
previous work in [18], which is called y-Sim algorithm and use this method in the SVM
as a semantic kernel. The proposed approach is evaluated on different benchmark
textual datasets. Experiment results show that classification performance improves over
the linear kernel which is one of the state-of-the-art algorithms for text classification
[92].

4.2.1 Methodology

In our approach, Dy is the data matrix having r rows (documents) and ¢ columns (words)
formed from the training set. In this matrix dj; shows the occurrence frequency of the i
word in the i™ document; d; = [di; .. dic] is the row vector representing the document i

and d; = [dy; ..dj] is the column vector corresponding to word j.

We also tried several term weighting methods. First of them is TF-IDF which is a
statistical measure used to evaluate the importance of a word for a document in a corpus
as mentioned in Chapter 2.Another term weighting approach we investigated is from
Dumais’s research in [91]. In this approach, terms are represented in a document after
multiplying by a value that is the global weight of the term in the whole corpus. The
local weight of a term t in a document d is calculated as taking the log value of the total
frequency of t in d. The global weight of a term is the entropy of that term in the corpus

and according to [91] the entropy equals:

Entropy(t,d) =1~ ptdlo'g?l(\l";td) (4.9)
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where N is the number of documents and py equals the number of times that t occurs in

d divided by the total number of times that t occurs.

However, since we get better accuracies for linear kernel with the only TF schema
without any weighting, we use TF instead of TF-IDF or Entropy weighting approaches

in our experiments for both linear kernel and our algorithm.

We use the documents in our training corpus for x-Sim’s SC and SR similarity matrix

calculations. We calculate up to four iterations by using the following equations:

SR, =D SC,, D" ®NR with NR, ; = g ﬁd | (4.10)
i~

SC,=D' SR; D®NC with NC, ; = d ﬁd ‘ (4.11)
i[9

where D is the document by term matrix, D' is the transpose of D matrix, SR is the row
(document) similarity matrix, SC is the column (word) similarity matrix, NR and NC are
row and column normalization matrices and & denotes Hadamard multiplication,
respectively. In a Hadamard product A=B ®C, the elements a;x of matrix A are defined

as: aj k= bi,k- Cik.

Similar to [18], we calculate SRy, SCy, SR1, SC1, SR,, SC», SR3, SCs, SR4, SC4 matrices
and after that we use these SC matrices, which contain iterative higher-order relations

between terms, into our kernel by using Eq. (4.12):

Kiposik(dr,d,) = dlsSszT (4.12)

where Kinosk (di, d2) is the similarity value between documents d; and d,,S is a semantic
matrix which is gathered from the previously mentioned calculations of SC,and d; and
d, are term-frequency vectors of the documents. The S is a semantic matrix is based on
iterative higher-order paths between documents and between terms. This kernel function
means that the transformation of a document vector from input space to a feature space

can be done by multiplying it with a semantic matrix as given in Eq. (4.13):

#(d1) =d;S and ¢(d,) =S"d; (4.13)

40



where ¢(d,) and ¢(d,) are the transformations of document vectors d;and d, from their

original input space into the feature space as required in the definition of kernel which is

mentioned in Section 2.

After performing experiments up to four iterations of SC matrices, we conclude that the
best results are obtained with the second iteration matrices (SR, SC,). The following

experimental results reflect the results of our approach using these matrices.

Since we work with textual datasets which are high dimensional and highly sparse, we
think that it is possible to benefit from normalization methods which could be applied
on the similarity matrices. We also experimented with different normalization methods
as mentioned in Section 4.1. We obtained best accuracy results with length
normalization which is defined in Eq. (4.14).

IHOSK (d,,d,)

Vi, jel.r N-IHOSK(d, d,)= ESNEN
il-1Y;

(4.14)

where r is the number of documents in our corpus, IHOSK is similarity value between
documents d; and d;, N-IHOSK is the normalized similarity value of these documents d;
and d; and |d;| and |d;| are the lengths of these documents depending on the number of
terms they have, respectively. Then, we use this kernel function in SVM by plugging in
the SMO WEKA'’s implementation[85]. In other words we built such a kernel function
that is directly applicable in Platt’s SMO [86] learner.

4.2.2 Experimental Results and Discussion

According to Table 4.6, N-IHOSK outperforms our baseline kernel (linear kernel) by
extensive boundaries in all training set percentages. For instance at training levels 30%,
50% and 70% the accuracies of N-IHOSK are 94.31%, 94.97% and 95.35% while the
accuracies of linear kernel are 86.73%, 88.94% and 90.37% ,respectively. The
performance gain is obvious at all training set levels. It is important to note that high
performance gains are especially visible at low training set levels. For instance at
training levels 5%, and 10% N-IHOSK outperforms linear kernel with the gains of
18.64% and 16.25%, respectively. As mentioned above, this performance is of great
importance since usually it is difficult and expensive to obtain labeled data in real world

applications.
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Table 4.6Accuracy of N-IHOSK and linear kernel on 20 Newsgroups-Sciencedataset
with varying training set size

TS % | linear N-IHOSK Gain
5 70.93£3.89 84.15+2.87 18.64
10 77.74+3.52 90.37+0.81 16.25
30 86.73+1.32 94.31+1.09 8.74
50 88.94+1.16 94.97+0.90 6.78
70 90.37+0.93 95.35+0.88 5.51
80 91.25+1.56 96.23+1.19 5.46
90 91.15+1.73 96.85+1.70 6.25

Table 4.7Accuracy of N-IHOSK and linear kernel on20 Newsgroups-Politics dataset
with varying training set size

TS% | linear N-IHOSK Gain
5 78.33£3.40 82.27+4.60 | 5.03
10 84.66+2.09 88.61+2.1 4.67
30 91.98+1.24 | 93.61+1.08 1.77
50 91.21+0.89 93.55+3.58 2.57
70 92.29+1.22 93.24+3.08 1.03
80 93.7+0.79 95.3+1.82 1.71
90 93.69+2.04 | 95.8+2.28 2.25

Table 4.8Accuracy of N-IHOSK and linear kernel onWEBKB5dataset with varying

training set size

TS % | linear N-IHOSK Gain
5 72.77£1.43 | 76.12+1.39 | 4.60
10 79.1242.18 | 82.41+2.32 | 4.16
30 86.10+1.52 | 88.27+1.62 | 2.52
50 90.16+1.11 | 91.89+1.08 |1.92
70 90.60+1.93 |92.31+1.41 |1.89
80 91.00+1.45 |93.10+1.77 | 231
90 91.93+2.52 |93.13+1.54 |131
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On 20 Newsgroups-Politics dataset, N-IHOSKproduces better classification accuracies
than linear kernel in all of the training levels which can be observable from Table 4.7.

Same trend can be seen for WEBKB5 dataset which has a highly skewed class
distribution. In this dataset our algorithm N-IHOSK outperforms linear kernel. This can

be seen in Table 4.8.

For us one of the best results is observed on Mini-newsgroups dataset.This dataset has
the largest number of classes. Again in all training levels starting from 5% up until 90%
N-IHOSK gives higher accuracies than other kernels. This can be seen from Table 4.9.
This is especially obvious at 5% training level; the performance gain of N-IHOSKon

linear kernel is 17.79%

Table 4.9Accuracy of N-IHOSK and linear kernel on Mini-newsgroupsdataset with
varying training set size

TS % | linear N-IHOSK | Gain
5 52.03£5.95 |61.29+1.03 |17.79
10 59.31+4.58 | 64.15+0.54 | 8.16
30 72.61+4.23 75.51+0.31 4.00
50 76.02+4.24 | 79.24+0.31 4.24
70 77.61£2.76 | 79.73+£0.45 2.73
80 80.70+2.20 | 83.05+0.58 2.91
90 83.25+4.05 | 85.38+1.28 2.56

The particularly high accuracies of the proposed method on 20 Newsgroups-Science
dataset may be explained with the less average sparsity of the documents of this dataset
compare to the other datasets. It is possible that having more terms in documents of this

dataset give us the opportunity to generate more higher-order paths between documents.

At small training data levels first-order methods give zero as the similarity of two
documents that do not contain common words. But by the use of higher-order paths the
similarity between those two instances can be larger than zero. We think that this is the
main reason that the difference between N-IHOSK and linear kernel which is most
visible at small training levels like 5% and 10%. Through the experiments we observed
remarkable gains such as 18.64%, 16.25%, and 17.79% at only using 5% and 10% of

the labeled data as training set. This has important implications on real world
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applications where the labeled data is generally difficult to obtain. In many real world
applications serious costs are associated with the labeling of the data.

4.3 Higher-Order Term Kernel (HOTK)

In this study [93], we present a simple semantic kernel for SVM algorithm. This kernel
uses higher-order relations between terms in order to incorporate semantic information
into the SVM. This is an easy to implement algorithm which forms a basis for future
improvements. We perform a serious of experiments on different well known textual
datasets. Experiment results show that classification performance improves over the
traditional kernels used in SVM such as linear kernel which is commonly used in text
classification[93].

4.3.1 Methodology

In our proposed method, Dy.in is the data matrix having r rows (documents) and t
columns (words) formed using the training set. In this matrix dj represents the
occurrence frequency of the j™ word in the i document; di = [dis,....di] is the row vector

showing the document iand dj = [d3;,...,d;j] is the column vector belongs to word j.

It is important to note that binary term occurrences are used in the premier studies which
use higher-order paths between terms since it simplifies the definition and counting of
the higher-order paths. However, in this study [93], we experiment with term frequencies

(TF). This is similar to the initial attempt to use term frequencies in[17].

We use the training set to extract higher-order paths between terms. The S matrix which
shows the amount or weight of higher-order (second-order in this case) relations between
terms is obtained by using the formula in Eq. (4.15). This approach is motivated by
algorithm which is explained in[17]. However, in this study [93], we are using term

frequencies instead of binary term occurrences and we are not filtering any paths.
T
S = Drrain Dtrain (4.15)

whereDyin IS document by term matrix of the training set S is a symmetric square matrix
whose dimensions are the number of the terms in the training set. The S matrix displays
the first-order relations, in other words just co-occurrences of the terms. In order to get
higher co-occurrence relations or in other words higher-order paths we multiply the S by

itself. For instance, the square of S reveals the second-order relations between the terms.
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Since the second-orderpaths reveal latent semantic relations [15] we use the following
EqQ. (4.16) as a simple semantic kernel.

Knot—k (d1,dp) =diS S'd; (4.16)

The proposed kernel function in Eq. (4.16) means that the transformation of a document
vector from input space to a semantic feature space can be accomplished by multiplying

it with a semantic matrix as shown in Eq. (4.17).
#(d1) =diS and ¢(d,) =S"d3 (4.17)

where ¢(d,)and ¢(d,) vectors are the transformations of documents d; and d, vectors

from their original input space into the feature space as required in the definition of

kernel which is mentioned in Section 2.

We also experimented with different normalization methods as mentioned in Section 4.1.
We obtained best accuracy results with length normalization which is defined in Eq.
(4.18):

k(d;.d))

Vi, jel.r k
|di [.1d; |

(d,d,)= (4.18)

norm

where|d;| and |d;| are the lengths of these documents measured by the sum of the term

occurrences.

4.3.2 Experimental Results and Discussion

According to our experiments HOTKdemonstrates a notable performance on 20
Newsgroups-Science dataset, which can be seen in Table 4.10. HOTKoutperforms our
baseline kernel (linear kernel) in all training set percentages. The performance gain is
specifically obvious at low training set levels. For instance, at training levels 5% and
10% HOTKoutperforms linear kernel with the gains of 7.26% and 5.77% on linear
kernel respectively. 20 Newsgroups-Science dataset is also used in our previous
studies[92], [97]. Therefore we use this dataset to compare the results of HOSK [97]
and IHOSK [92] with HOTK[93]. Although the HOTK be able to outperform the
baseline (linear kernel), the performance of IHOSK is superior to the HOSK and
HOTK. However, the complexity of IHOSK is much higher than the previous works
such as HOSK, and the proposed work of the HOTK. This prevents the IHOSK to be
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applied on large datasets. HOSK also performs slightly better than HOTK but it is based
on the higher-order paths between documents. The semantic relations between the
documents are not as clear as the relations between the terms. HOTK is our first attempt
to use the higher-order paths between terms as a semantic kernel for SVM. Using
higher-order paths between terms instead of between documents (as in HOSK) or both
the documents and terms (as in IHOSK) forms a foundation that is open to several
improvements. For instance HOTK can easily be combined with other term based
semantic kernels such as the ones using WordNet or Wikipedia. Furthermore, it will be
much easier to apply different path filters and normalizations based on the role of terms
in different classes and observe their affects.

Table 4.10 Accuracy of HOTK and other kernels on 20 Newsgroups-Science dataset
with varying training set size

TS % | Linear HOSK IHOSK HOTK Gain
5 71.44+4.30 | 85.69+1.80 | 90.37+0.81 | 76.63+2.67 | 7.26
10 77.97+3.73 | 87.87+1.34 | 94.31+£1.09 | 82.47+2.02 | 5.77
30 86.73+1.32 | 93.11+0.77 | 94.97+0.90 | 89.24+0.74 | 2.89
50 88.94+1.16 | 94.18+0.48 | 95.35+0.88 | 90.84+1.12 | 2.14
70 90.58+0.93 | 95.07+0.86 | 96.23+£1.19 | 92.06+1.28 | 1.63
80 91.33+1.41 | 95.40+0.87 | 96.85+1.70 | 93.38+1.43 | 2.24
90 91.40£1.56 | 96.00+1.80 | 94.31+1.09 | 94.2+1.36 | 3.06

For the remaining datasets we report the results of HOTK compared to the baseline
kernel. 20 Newsgroups-Politics is an exceptional dataset in terms of the performance of
HOTK. We only see improvements at very low training set percentages. This may due to
the size of the dataset. 20 Newsgroups-Politics is our smallest dataset with 3 classes and
1500 documents. We observe that the discussions are centered on a smaller number of
topics compare to the other datasets. In our opinion in this dataset, the classes are easier

to discriminate, giving more advantage to the document based methods.

For 20 Newsgroups-Comp dataset, HOTK outperforms linear kernel in all training
levels. This can be seen from Table 4.12. 20 Newsgroups-Comp is a larger dataset than
the 20 Newsgroups-Politics. It has five classes. As expected, the performance

improvement is most visible in small training set levels which can be seen from Table
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4.12. For Mini-newsgroups dataset, HOTK outperforms linear kernel in almost all of the

training levels. This can be seen from Table 4.13.

Table 4.11 Accuracy of HOTK and linear kernel on 20NewsPolitics dataset with
varying training set size

TS % |Linear HOTK Gain
5 79.01£2.65 |80.72+1.56 |2.16

10 84.69+1.24 |84.89+2.15 |0.24

30 92.04+1.06 |88.31+1.22 |-4.05
50 93.73+0.57 |90.29+0.79 |-3.67
70 94.55+1.21 90.15+1.15 -4.65
80 94.03+0.91 |92.50+1.60 |-1.63
90 94.86+1.26 |92.46+2.01 |-2.53

Table 4.12Accuracy of HOTK and linear kernel on 20 Newsgroups-Comp dataset with
varying training set size

TS % | Linear HOTK Gain
5 56.75+4.72 | 60.22+3.00 |6.11
10 65.45+2.77 | 66.70+1.14 | 191
30 75.38£2.12 | 75.97+1.04 | 0.78
50 77.89+1.60 |78.68+0.71 | 1.01
70 79.63£1.59 | 79.97+1.18 |0.43
80 79.00+2.25 |80.38+1.85 |1.75
90 81.40+2.47 |81.52+1.46 |0.15

Table 4.13Accuracy of HOTK and linear kernel on Mini-newsgroups dataset with
varying training set size

TS % | Linear HOTK Gain
5 56.75+4.72 49.69+5.64 -12,44
10 65.45+2.77 66.24+3.81 1,21
30 75.38+2.12 81.82+2.04 8,54
50 77.89+1.60 85.54+1.20 9,82
70 79.63+£1.59 87.28+1.13 9,61
80 79.00£2.25 88.15+1.58 11,58
90 84.65+2.48 88.10+2.80 4,08
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CHAPTER 5

CORPUS-BASED SEMANTIC KERNELS BY USING CLASS-
BASED MEANING AND WEIGHT VALUES OF TERMS

5.1 Class Meanings Kernel (CMK)

In this study[94], we propose a novel approach for building a semantic kernel for SVM,
which we name Class Meaning Kernel (CMK). The suggested approach smoothes the
terms of a document in BOW representation (document vector represented by term
frequencies) by class-based meaning values of terms. This in turn, increases the
importance of significant or in other words meaningful terms for each class while
reducing the importance of general terms which are not useful for discriminating the
classes. This approach reduces the disadvantages of BOW and improves the prediction
abilities in comparison with standard linear kernels by increasing the importance of
class specific concepts which can be synonymous or closely related in the context of a
class. The main novelty of this approach is the use of this class specific information in
the smoothing process of the semantic kernel. The meaning values of terms are
calculated according to the Helmholtz principle from Gestalt theory [99], [100], [101],
[102] in the context of classes as mentioned in Section 2.4.

5.1.1 Methodology

In our study, we use the general form of kernel function which is given in Eq. (2.8). The

simplest form of kernel function, namely linear kernel is formulated in Eq. (2.5). But as

it is criticized in Section 2 linear kernel is a simple dot product between the features of

text documents. It produces a similarity value of two documents only proportional to the

number of shared terms. Combined with the highly sparse representation of the textual
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data, this may yield a significant problem especially when two documents are written
about the same topic using two different sets of terms which are actually semantically
very close as it is mentioned in the Section 2.2. Also, in cases where training data is
scarce there will be serious problems to detect reliable patterns between documents. This
means that using only simple dot product to measure similarity between documents will
not always give sufficiently accurate similarity values between documents. Additionally,
for a better classification performance it is inevitably required to discount general words
and emphasize more importance on core words (which are closely related to the subject
of that class) as it is analyzed in [3]. In order to overcome these mentioned drawbacks,
semantic smoothing kernels encode semantic dependencies between terms [11], [41],
[103],[104]. We also incorporated additional information of terms other than their simple
frequencies as in our previous studies [92], [93], [97]in which we take advantage of
higher-order paths between words and/or documents. In those studies we showed that the
performance difference between first-order and higher-order representation of features.
In this approach we investigate the use of a new type of semantic smoothing kernel for

text.

Figure 5.1 demonstrates the architecture of the suggested semantic kernel. This system
mainly consists of four independent modules: preprocessing, meaning calculation,
building semantic kernel, and classification. Preprocessing is the step that involves the
conversion of input documents into formatted information. This step includes stemming
and stopword filtering. In meaning calculation step, the meaning values of the terms
according to the classes are calculated based on Eq. (2.32). Then we construct our
proposed kernel, namely CMK, in the step for building semantic kernel. Finally, in the
classification step SVM classifier builds a model in the training phase and this model is

then applied to the test examples in the test phase.

Clearly, the main feature of this system is that it takes advantages of the meaning
calculation in kernel building process, in order to reveal semantic similarities between
terms and documents by smoothing the similarity and the representation of the text
documents. Meaning calculation is based on Helmholtz principle from Gestalt theory.
As mentioned in Section 2.4, this meaning calculations have been applied to many
domains in previous works (for example information extraction [105], text

summarization [101], rapid change detection in data streams [99], and keyword

49



Text Document / \
R
httg... ty
- € —>| CMK
Text Document C,
L
Cx
Text Document K j
Preprocessing Meaning Calculation Building Semantic Kernel Classification

Figure 5.1The architecture of CMK System

extraction). In these studies a text document is modelled by a set of meaningful words
together with their meaning scores. A word is considered meaningful or important if the
term frequency of a word in a document is unexpected if we consider the term
frequencies of this word in all the documents in our corpus. The method can be applied
on a single document or on a collection of documents to find meaningful words inside
each part or context (paragraphs, pages, sections or sentences) of a document or a
document inside of a collection of documents[102]. Although meaning calculation has
been used in several domains, to the best of our knowledge, our work is the first to apply

this technique to kernel function.

In our methodology Dyrin is the data matrix of training set having r rows (documents)
and t columns (terms). In this matrix djjstands for the occurrence frequency of the i
word in the i™ document; d; = [dis,...,di] is the document vector showing the document i
and dj = [dy,...,dy] is the term vector belonging to word j, respectively. To enrich Dyrain,
with semantic information, we build the class-based term meaning matrix M using
meaning calculations given in Eq. (2.32). The M matrix shows the meaningfulness of the
terms in each class. Based on M we calculate S matrix in order to reveal class based
semantic relations between terms. Specifically, the ij™ element of S quantifies the

semantic relatedness between terms tiand t;.
S=MM" (5.1)
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In our system S is a semantic smoothing matrix to transform documents from input space
to feature space. Thus, S is a symmetric term-by-term matrix. Mathematically, the kernel
value between two documents is given as

(d,,d,)=d, S S7d] (5.2)

kCM K

where kewk (d1, do) is the similarity value between documents d; and dy, S is the semantic
smoothing matrix. In other words, here S is a semantic proximity matrix which derives

from the meaning calculations of terms and classes.

If a word occurs only once in a class then its meaning value for that class is zero
according to Eq. (2.32). If a word does not occur at all in a class, it gets minus infinity
based on Eq. (2.32) as a meaning value for that class. In order to make calculations more
practical we assign the next smallest value to that word according to the range of
meaning values we get for all the words in our corpus. After all calculations we get M as
a term-by-class matrix which includes the meaning values of terms in all classes of the
corpus. We observe that these meaning values are high for those words that allow us to
distinguish between classes. Indeed terms semantically close to the theme discussed in
the documents of that class gain the highest meaning values in the range. In other words
semantically related terms of that class, i.e. “core” words like it is mentioned in[3], gain
importance while semantically isolated terms, i.e. “general” words lose their importance.
So terms are ranked based on their importance. For instance, if the word “data” is highly
present while the words “information” and “knowledge” are less, the application of
semantic smoothing will increase the values of the last two terms because “data”,
“information” and “knowledge” are strongly related concepts. The new encoding of the
documents is richer than the standard TF-IDF encoding since; additional statistical
information that is directly calculated from our training corpus is embedded into the
kernel. In other words transformations in Eg. (5.2) smooth the basic term vector

representation using semantic ranking while passing from the original input space to a
feature space through kernel transformation functions ¢(d;) and ¢(d,) for the

documents d; and d,respectively:

#(d,) =d,Sand¢(d,)=S"d; (5.3)
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As mentioned in[106], the presence of S in Eq. (5.3) changes the orthogonality of the
vector space model, as this mapping introduces term dependence. Documents can be

seen as similar even if they do not share any terms by eliminating orthogonality.

Also as it is mentioned in [99], meaning calculation automatically filters stop words by
assigning them very small amounts of meaning values. Let us consider the following
two cases, which are represented in Table 5.1. According toTable 5.1, it is understood
that tand t, occurred in one or more documents of ¢y, not in remaining classes; c,, csand
C4, respectively. In other words t; and teare critical words of the topic discussed in c;.
getting high meaning values according to Eq. (2.32); since the frequency of a term in a
class,m is inversely proportional to the NFA. According to Eq. (2.32), in such a case the
number of times that word occurred in the whole corpus (k) is larger when the times of
that word’s occurrence in a class (m) is smaller NFA calculation directly gives a larger
negative value which will yield a larger positive value. In other words, according to the
spirit of meaning value calculation, the more a word occurred in only a specific class
the higher meaning value it gets, and conversely the more a word occurred in all classes
the less meaning value it gets. This statement can also be represented withTable 5.1,
since t; and t, occurred in only ¢; while tzandtsoccurred in every classes of the corpus. It
is highly possible that these two words, t; andty, are in the type of “general” words since

they are seen in every class of the corpus.

Table 5.1Term frequencies in different classes

C1 Co C3 Cy
t; |1 |0 |0 |O
t, |1 |0 |0 |O
t; |1 1 1 1
t, |1 |1 |1 |1

5.1.2 Experimental Results and Discussion

CMK outperforms our baseline kernel clearly in almost all training set percentages on
1150Haber dataset. This can be observed from Table 5.2. CMK demonstrates much
better performance than linear kernel on this dataset, in all training set percentages
except 5% and 10%. The performance gain is specifically obvious starting from 30%
training set percentage. For instance at training set percentages 30%, 50% , 70% , 80%
and 90% the accuracies of CMK are 91.49%, 93.81%, 93.94%, 93.09% and 93.74%

while the accuracies of linear kernel are 88.55%, 89.72%, 91.59, 92.30% and 91.83%;
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respectively. CMK also has better performance than our previous semantic kernels
IHOSK, and HOTK at training set percentages between 30% and 90% as shown in Table
5.2. The highest gain of CMK over linear kernel on this dataset is at 50% training set
percentage which is 4.56%. Additionally, according to Table 5.2 we can conclude that
the performance differences of CMK while passing from one training set percentage to
another are compatible with the term coverage ratios at those training set percentages.
For instance at training set percentage 30%, term coverage jumps to 71.56% from its
previous value at 10% that is 54.60%. Similar behavior can be observed at performance
of CMK while going through 10% training set percentage to 30% training set
percentage; where it generates the accuracies 72.07% and 91.49%; respectively. This
means an accuracy change of 19.42% between 10% and 30% training set percentages.
Furthermore we also performed our experiments for linear kernel and CMK on
1150Haber dataset without IG. According to Table 5.2 both linear kernel and CMK
generate better classification accuracies on 1150Haber dataset when IG (selection of
2000 attributes with IG) is used in compare to the case of without 1G. This experimental
result shows us the necessity of doing preprocessing (e.g. attribute selection and filtering

stop words and rare words).

Table 5.2 Accuracy of CMK and other kernels on 1150Haber dataset with varying
training set size

TS
%

Linear

Linear
(without
IG)

IHOSK

HOTK

CMK

CMK
(without
IG)

Gain

72.82+4.68

66.51+4.58

74.54+1.75

73.34+1.71

55.15+8.63

37.76%7.49

-24.27

10

80.51+2.68

76.93+1.68

80.74+1.17

79.97+1.24

72.07+4.48

42+4.99

-10.48

30

88.55+1.34

85.84+1.56

90.12+1.69

89.47+1.76

91.49+2.12

80.82+9.45

3.32

50

89.72+1.13

88.54+1.23

92.73+1.11

90.83+0.12

93.81+1.31

87.84+3.27

4.56

70

91.59+1.06

89.51+1.79

93.14+0.87

91.76+1.86

93.94+1.08

90.9+1.23

2.57

80

92.30+2.89

90.13+1.94

93.75+1.98

92.15+0.36

93.89+2.91

91.38+1.10

0.86

90

91.83+3.18

91.13+2.31

94.25+1.72

92.70+1.65

94.54+1.82

92.78+2.81

2.08
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Table 5.3 Accuracy of CMK and other kernels on 20 Newsgroups-Science dataset with
varying training set size

TS% | Linear IHOSK HOTK CMK Gain Term
Coverage
5 71.44+4.3 | 84.15+2.87 | 76.63+2.67 | 64.51+4.86 | -9.70 63.99
10 | 77.9743.73 | 90.37+0.81 | 82.47+2.02 | 82.19+3.58 | 5.41* | 82.28
30 |86.73+1.32 | 94.31+£1.09 | 89.24+0.74 | 95.07+0.87 | 9.62* | 98.01
50 |[88.94+1.16 | 94.97+0.90 | 90.84+1.12 | 96.71+0.61 | 8.74* | 99.90
70 [90.58+0.93 | 95.35+0.88 | 92.06+1.28 | 97.12+0.59 | 7.22* | 99.99
80 |[91.33+1.41]96.23+1.19 | 93.38+1.43 | 97.60+0.66 | 6.87* | 100.00
90 |[91.40+1.56 | 96.85+1.70 | 94.20+1.36 | 97.75+0.89 | 6.95* | 100.00

Table 5.4Accuracy of CMK and other kernels on IMDB dataset with varying training

set size
TS % Linear IHOSK HOTK CMK Gain Term
Coverage
5 | 76.85+1.31 | 76.98+1.14 | 74.21+0.24 | 77.84+2.99 | 129 | 48.00
10| g099+1.76 | 82.55¢2.32 | 82.23+0.42 | 84.51+1.45 | 1.83 | 6151
30 | g557+1.65 | 87.16+1.64 | 85.63+1.69 | 90.54+0.65 | 5.81* | 86.35
50 | g346+1.89 | 89.40+1.91 | 87.20+0.33 | 92.30+059 | 434 | 9591
70 | g993+1.18 | 91.31+0.87 | 90.41+0.55 | 93.23+0.70 | 367 | 99.17
80 | 90.65+1.00 | 92.38+1.43 | 91.37+0.98 | 93.43+0.94 | 3.07 | 99.71
0 | 91754114 | 92.63+1.19 | 91.50+0.27 | 93.65+0.37 | 207 | 99.98

CMK outperforms our baseline kernel clearly in almost all training set percentages on 20
Newsgroups-Science dataset. This can be observed from Table 5.3. CMK demonstrates
much better performance than linear kernel on this dataset, in all training set percentages
except 5%. The performance gain is specifically obvious starting from 10% training set
percentage. For instance at training set percentages 30%, 50% , 70% , 80% and 90% the
accuracies of CMK are 95.07%, 96.71%, 97.12%, 97.6% and 97.75% while the
accuracies of linear kernel are 86.73%, 88.94%, 90.58, 91.33% and 91.4%%;
respectively. CMK also has better performance than our previous semantic kernels
IHOSK, and HOTK at training set percentages between 30% and 90% as shown in Table
5.3. The highest gain of CMK over linear kernel on this dataset is at 30% training set

percentage which is 9.62%. Also it should be noted that, there is a performance gain of
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CMK over linear kernel 5.41% at training set percentage 10%, which is of great
importance since usually it is difficult and expensive to obtain labeled data in real world
applications. Additionally, according to Table 5.3we can conclude that the performance
differences of CMK while passing from one training set percentage to another are
compatible with the term coverage ratios at those training set percentages. For instance at
training set percentage 30%, term coverage jumps to 98.01% from its previous value at
10% that is 82.28%. Similar behavior can be observed at performance of CMK while
going through 10% training set percentage to 30% training set percentage; where it
generates the accuracies 82.19% and 95.07%; respectively. This means an accuracy
change of 12.88% between 10% and 30% training set percentages.

Additional to CMK, that is calculated with Eg. (5.4) and Eq. (5.5) we also built a
second-order version of CMK with the name Second-Order Class Meaning Kernel (SO-

CMK) with the following equation:

Kso_owk (d1,d;)=d, §* SzdzT (5.4)

where S is our term-by-term meaning matrix that is also used for CMK.

Transformations are done with;

#(d) =, S* and ¢(d,) =57 d] 9

where ¢(d,) and ¢(d,) are transformation functions of kernel from input space into

feature space for the documents d; and d,, respectively. In other words, here M is
asemantic proximity matrix of terms and classes which shows semantic relations
between terms. In this case semantic relation between two terms is composed of
corresponding class based meaning values of these terms for all classes. So if these two
terms are important terms in the same class then the resulting semantic relatedness value
will be higher. In contrast to the other semantic kernels that makes use of WordNet or
Wikipedia in an unsupervised fashion, CMK directly incorporates class information to

the semantic kernel. Therefore, it can be considered as a supervised semantic kernel.

We also recorded and compared the total kernel computation time of our previous
semantic kernels IHOSK and HOTK and CMK. All the experiments presented here are
carried on our experiment framework, Turkuaz, which directly uses WEKA[85] on a
computer with two Intel(R) Xeon(R) CPUs at 2.66 GHz with 64 GB of memory. Our
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semantic kernel’s computation time on each dataset is recorded in terms of seconds and
they are proportionally converted into percentages by making the longest run time
100.According to this conversion, for instance on 20 Newsgroups-Science dataset;
IHOSK[92], SO-CMK, CMK and HOTK [93] estimates the following time units in
order; 100, 55, 32, and 27, respectively, which is shown inFigure 5.2.

100 IHOSK
SO-CMK
>0 CMK_ HOTK
0 )
Time Units of Algorithms

Figure 5.2The total kernel computation time units of IHOSK, SO-CMK, CMK and
HOTK on 20 Newsgroups-Science dataset at 30% training set size

These values are not surprising since the complexity and running time analysis supports
them. In IHOSK [92]there is an iterative similarity calculation between documents and
terms, which completes totally in four steps including corresponding matrix calculations
as in shown in Eq. (4.10) and Eq. (4.11). As it is discussed in [18] producing the
similarity matrix (SCy) has overall complexity O(tn®) where t is the number of iterations
and n is the number of training instances. Since in our experiments we fixed t=2 we
obtain O(2n*) complexity. On the other hand HOTK[93]has complexity O(n®) as it can
be noted from Eqg. (4.16). CMK also has a complexity of O(n®) like HOTK, but
additional to the calculations made for HOTK, CMK has a phase of calculating meaning
values which makes CMK run slightly longer than HOTK as shown in Figure 5.2.
Moreover, SO-CMK includes additional matrix multiplications as a result it runs longer
than CMK. Since the IHOSK involves much more matrix multiplications than both
HOTK and the proposed work of the CMK, it runs almost three times longer than the
proposed approach on a relatively small dataset with 2,000 documents and 2,000

attributes.

We also compare CMK with a kernel based on a similar method of TF-ICF which is
explained in Section 2.3. We compare the results of TF-ICF to CMK with Eq. (2.16)
which indeed a supervised approach as mentioned in Section 2.4. Additionally we also
created an unsupervised version of Meaning kernel, Unsupervised Meaning Kernel
(UMK), by using a single document as our context (the P value in Eg. (2.32)) instead of
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using a class of documents. This introduces an unsupervised behavior into CMK since
our basic unit is not class but instead a single document. The results are shown inFigure
5.3. The CMK has much better performance than both UMK and TF-ICF in almost all
training set percentages except 10%. Starting from training set percentage 10% the

difference between the performance of CMK and the other two algorithms start to

INncrease.
Comparison of Accuracies at Different Training Set Levels
100
95—
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Figure 5.3The Comparison of the accuracies of TF-ICF, UMK and CMK at different
training set percentages on 20 Newsgroups-Science dataset

According to our experiments, the CMKdemonstrates a notable performance gain on the
IMDB dataset, which can be seen inTable 5.4. The CMKoutperforms our baseline, linear
kernel, in all training set percentages also making a significant difference at training set
percentage 30% based on Students t-Tests results. In training set percentage 30% the
performance of the CMK is 90.54% while the performance of linear kernel is only
85.57%. It is also very promising to see that the CMK is superior to both linear kernel
and our previous algorithms IHOSK [92] and HOTK [93] throughout all training set

percentages.

Table 5.5presents the experiment results on the 20 Newsgroups-Politics dataset. In this
dataset, the CMK'’s performance is higher than linear kernel’s in all training set
percentages except 5% and 10%. Furthermore, the CMK is performs better than both
IHOSK and HOTK in almost all training set percentages except 5% and 10%. Only in
training set percentages 5% and 10%, the IHOSK gives better accuracy than the CMK.
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For 20 Newsgroups-Compdataset, the CMKoutperforms linear kernel in all training set
percentages except 5% as shown in Table 5.6. The CMK vyields higher accuracies
compared to linear kernel, IHOSK and HOTK. The differences between CMK and
linear kernel are statistically significant according to Student’s t-test at training levels
10%, 30%, 50%, 70%, 80%, and 90%.

Experiment results on 20 Newsgroups-Religiondataset are presented in Table 5.7. These
results show that the CMK has superiority starting from 30% training set percentage
among all of the other kernels. For instance at training set percentage 30% CMK’s gain
over linear kernel is 8.58%. Also, in training set percentages 30% and 50%, the CMK

shows a significant improvement over linear kernel.

Table 5.8presents the experiment results on Mini-newsgroups dataset. According to
these results the CMK outputs better accuracy than linear kernel at training set
percentages 30%, 50%, 70%, 80% and 90%. But in overall the CMK is not as good as
HOTK on this dataset, which can be explained by the capability of HOTK for capturing
latent semantics between documents by using higher-order term co-occurrences as
explained in Section 2.2. These latent relations may play an important role since the
number of classes is relatively high and the number of documents per class is much
smaller yielding a higher sparsity that can be observed from the term coverage statistics.

Since some of the datasets used in this study [94] are also used in [14], we have the
opportunity to compare our results with HOSVM. For instance at training level 30%, on
20 Newsgroups-Compdataset; 75.38%, 78.71%, 75.97%, and 84.31% accuracies are
gathered by linear kernel, IHSOK, HOTK and CMK as mentioned in above tables and
paragraphs. On the same training level HOSVM achieves 78% accuracy according to
the Fig. 2(d) in [14]. This comparison shows CMK outperforms HOSVM by
approximately 8.28% gain. Actually CMK’s superiority on HOSVM is still valid on
other datasets such as 20 Newsgroups-Religion, 20 Newsgroups-Science and 20
Newsgroups-Politics, too. For instance on 20 Newsgroups-Politics dataset while
HOSVM’ performance is about 91%, CMK reaches 96.53% accuracy, which produces a
gain of 8.95%. Very similar comparison results can be seen at a higher training level
such as 50%.For example the experiment results of 88.94, 92, 94.97, 90.84, 96.71 are
achieved by linear kernel, HOSVM, IHSOK, HOTK and CMK at 20 Newsgroups-

Science dataset at training level 50%; respectively.
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Table 5.5Accuracy of CMK and other kernels on 20 Newsgroups-Politics dataset with
varying training set size

TS% Linear IHOSK HOTK CMK Gain Term

Coverage
5 | 79.01+2.65 | 82.27+4.60 | 80.72+1.56 | 65.80+3.99 | -16.72 | 58.60
10 | 84.69+1.24 | 88.61+2.10 | 84.89+2.15 | 78.5046.05 | -7.31 | 75.02
30 | 92.04+1.06 | 93.61+1.08 | 88.31+1.22 | 95.03+0.70 | 3.25 | 96.37
50 | 9373+0.57 | 93.55+3.58 | 90.29+0.79 | 96.43+058 | 2.88 | 99.43
70 | 94554121 | 93.24+3.08 | 90.15+1.15 | 95.82+0.62 | 1.34 | 99.97
80 | 94.03+0.91 | 95.30+1.82 | 92.50+1.60 | 96.73+0.87 | 2.87 | 100.00
90 1 94.86+1.26 | 95.80+2.28 | 92.46+2.01 | 96.53+1.57 | 1.76 | 100.00

Table 5.6Accuracy of CMK and other kernels on 20 Newsgroups-Compdataset with
varying training set size

TS% Linear IHOSK HOTK CMK Gain Term
Coverage
5 |[56.75+4.72 | 68.12+1.04 | 60.22+3.00 | 55.97+5.01 | -1.37 48.26
10 | 65.45+2.77 | 72.71+0.43 | 66.70+1.14 | 70.21+3.88 | 7.27* 65.19
30 |75.38+£2.12 | 78.71+0.04 | 75.97+£1.04 | 84.31+0.91 | 11.85* [ 91.51
50 |77.89+1.60 | 82.18+1.13 | 78.68+0.71 | 85.02+0.72 | 9.15* 98.92
70 |79.63+1.59 | 84.67+2.83 | 80.97+1.18 | 85.60+1.16 | 7.50* 99.83
80 |79.00+£2.25 | 85.81+0.54 | 81.58+1.85 | 85.78+1.42 | 8.58* 99.98
90 |81.40+2.47 | 85.96+0.69 | 81.32+1.46 | 86.00+2.32 | 5.65* | 100.00

Table 5.7Accuracy of CMK and other kernels on 20 Newsgroups-Religiondataset with
varying training set size

TS% Linear IHOSK HOTK CMK Gain Term
Coverage

5 T74.73+2.47 | 77.73+2.47 | 65.33£1.70 | 58.98+7.21 | -21.08 41.80
10 80.98+2.69 | 81.19+1.92 | 72.10+£1.95 | 71.39+7.57 | -11.84 59.03
30 83.87+0.78 | 84.85+1.84 | 83.50+1.58 | 91.07+1.39 | 8.58* 88.18
50 88.39+0.93 | 88.96+2.30 | 86.19+1.35 | 93.04+0.64 | 5.26* 96.16
70 89.68+1.41 | 90.62+1.18 | 87.26+£0.31 | 93.47+1.23 | 4.23 99.37
80 90.70£1.12 | 91.00+0.20 | 88.90+0.24 | 93.37+1.68 | 2.94 99.8
90 91.65+1.63 | 91.70+1.73 | 89.00+2.37 | 93.80+2.18 | 2.35 99.99
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Table 5.8Accuracy of CMK and other kernels on Mini-newsgroups dataset with varying
training set size

TS% Linear IHOSK HOTK CMK Gain Term
Coverage
5 | 52.3845.53 | 61.29+1.03 | 49.69+5.64 | 48.89+2.62 | -6.66 34.90
10 | 59.85+3.88 | 64.15+0.54 | 66.24+3.81 | 59.53+£2.49 | -0.53 50.08
30 | 72.84+3.56 | 75.51+0.31 | 81.82+2.04 | 74.24+1.71 | 1.92 76.16
50 | 78.87+2.94 | 79.24+0.31 | 85.54+1.20 | 79.65+1.64 | 0.99 87.65
70 | 80.05+1.96 | 79.73+£0.45 | 87.28+1.13 | 80.23£1.58 | 0.22 94.27
80 | 82.63+1.36 | 83.05+0.58 | 88.15+1.58 | 83.53+1.72 | 1.09 96.22
90 | 84.65+2.48 | 85.38+1.28 | 88.10+2.80 | 85.64+2.87 | 1.17 98.55

5.2 Class Weighting Kernel (CWK)

In this study[95], we propose a novel approach for building a semantic smoothing
kernel which makes use of the class-based term weights to improve the performance of
SVM especially for text classification. The proposed approach is called Class
Weighting Kernel (CWK). This class-based weighting basically groups terms based on
their importance for each class. Consequently it smooths the representation of
documents which changes the orthogonality of the vector space model by introducing
class-based dependencies between terms. As a result, on the extreme case, two
documents can be seen as similar even if they do not share any terms but their terms are

similarly weighted for a particular class [95].

5.2.1 Methodology

In our previous studies [92], [93], [94],[97]we take advantage of higher-order paths and
meaning calculations. In those studies we show that the performance improvements
between first-order and higher-order representation of features [92], [93], [97]and the
power of meaning calculations[94]. In this approach we investigate the use of a new
type of semantic smoothing kernel for text classification. The main idea behind Class
Weighting Kernel (CWK) is to take advantage of the class-based term weighting of
terms in the semantic kernel building process by establishing the semantic relations
between terms based on their relative weights for classes. This basically gives more
importance to core words of each class during the transformation phase of SVM from

input space to feature space. Term weighting calculation used in this study[95] is taken
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from [81] and is motivated by TF-RF [79] and TF-ICF [82][83] as mentioned in Section
2.3. This term-weighting calculation has been applied to feature extraction in previous
works [80][81]. In these studies, a text document is represented by terms and their class-
based weights. A term has a more discriminative power on a class if it has higher weight
for that class. In other words, the more a word occurred in only a specific class the
higher its weight gets and conversely the more a word occurred in all the classes it
weight gets lower. Although, this class-based weighting calculation has been used in
feature extraction domain, to the best of our knowledge, our work is the first to apply this

technique to a kernel function.

The VSM represents a document collection by a term-by-document matrix. In the initial
step of our methodology a document d is represented in the VSM with the following
BOW approach:

()= [tf(ts,d), th(to,d), th(ts,d), tf(ta,d), ti(ts,d), ..., ftp,d)] (5.6)

where tf(t;,d) is the frequency of term t; in document d, and D is the size of the dictionary
of the corpus. In above expression ¢(d) represents the document d as a TF vector,

respectively. This function however, can be any other mapping from a document to its
VSM representation (e.g., TF-IDF).

To enrich the BOW representation with semantic information, we build the semantic
relatedness matrix S using the class-based term weighting approach. Specifically, the i, j
element of S quantifies the semantic relatedness between terms tiand t;. The class-based
weighting calculations and formulas have been described in detail in the previous
section. We take benefits of calculated weights of terms in the mapping schema of our

kernel function as

S=w W’ (5.7)
where W is a class-based term weighting matrix that is mentioned in Section 2.3 and
calculated with Eq. (2.18). W is a term-by-class matrix. In our system S is a semantic
smoothing matrix to transform documents from input space to feature space. Thus, S is a
symmetric term-by-term matrix. Mapping of document d to new feature space is done in
Eqg. (5.8).

#(d)=¢(d) S (5.8)
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Although the feature space defined above can be directly used in many classification
methods; in a text classification case where we have high dimensionality with sparsity, it
will be helpful to define the feature space implicitly via the kernel function. As it is
mentioned in Section 2.1 and Eq. (2.5), the kernel function computes the inner product

between documents p and g in the feature space. For our case, this can be written as:

ko (A, d0) =(@(d;) pld, |y =g(d,)s ST o) (5.9)

where « (dp, dg) is the similarity value between documents d, and dg, S is the class-based
semantic term relation matrix which makes use of the weights of terms according to Eq.

(2.18). In other words, here S is a semantic proximity matrix of terms.

As in [27], for SVM and other kernel-based approaches the information is stored in

Gram matrix or kernel matrix which is given by:
Gp,q: kCWK (d p’ q) (510)

The Gram matrix or kernel matrix are essentially equivalent. By operating on one of
these matrixes, it is easy to encode the data in a more appropriate way for mining and
learning [27]. Additionally, as it is mentioned in Section 2.1, to be a valid kernel
function, the Gram matrix that is formed from the kernel function must satisfy the
Mercer’s conditions[25]. These conditions are satisfied when the Gram matrix is positive

semi-definite. It has been shown in [107] that the matrix G formed by the kernel function

Eqg. (5.9) with the outer matrix product SSTis indeed a positive semi-definite matrix.

After all calculations we obtainW as a term-by-class matrix which includes weights of
terms in all classes. We observe that these weights reflect the importance of those words
in order to distinguish the classes. Indeed after calculations, terms semantically close to
the theme discussed in the documents of that class, gain the highest weight in the range.
In other words semantically related terms of that class, i.e. “core” words[3], gain
importance while semantically isolated terms, i.e. “general” words, lose their importance.

So terms are ranked based on their importance.

Consequently we argue that S which is based on W performs a similar kind of semantic
smoothing as in Eq. (5.9). The new representation of the documents is richer than the
standard representation with TF-IDF since; supplementary statistical information is
directly calculated from our training corpus and embedded into the kernel function. In
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other words transformations in Eq. (5.9) smooth the simple term vector representation
using semantic ranking while moving from the original input space to a feature space

through kernel transformation functions 4(d,) and ¢(d,) for the documents d, and

dg,respectively as in. As it is explicitly mentioned in[106], the presence of S in Eq. (5.9),
changes the orthogonality of the document vectors, as this mapping introduces term
dependencies. Documents can be seen similar even if they do not have any common

terms by eliminating orthogonality.

We also observe that the class-based weighting calculation degrades stop words by
assigning them very small weights similar to the[94]. Let us consider the following two
cases, which are represented in Table 5.9similar to[94]. According to Table 5.9, tiand t,
are occurred in one or more documents of ¢y, not in remaining classes; c,, ¢z and ¢4 while
t3 and tsare occurred in one or more documents of c3, not in remaining classes; c;, ¢, and
C4, respectively. In other words tiand t; are significant words of the theme discussed in
c1, While t3 and t4 are significant terms of the topic discussed in cs; getting high weight
according to Eg. (2.18); since the number of documents that term w occurs in the entire
corpus that is Ny, is inversely proportional to the weight. Also the total frequencies of
t;and t, in the documents c¢; and the frequencies of t3 and t4 in the documents c; are
directly proportional to the weights of those terms. According to Eg. (2.18), the more a
word occurred in only a specific class the higher it gets a weight and conversely the more
a word occurred in all classes the less it gets a weight. This statement can also be
represented with Table 5.9, since t;and t; occurred in only c; and t3 and t, occurred in
only c3 while tsandtgare occurred in every classes of the corpus. It is highly possible that
these two words, ts andtg, are in the type of “general” words since they are seen in every

class of the corpus.

Table 5.9Term frequencies on different classes [94]

Cq1 Co C3 Cs
t; [1 J]O [0 |O
t, |1 |0 |0 |O
t3 |0 |0 |1 |0
t, |0 |0 |1 |0
ts [1 1 1 |1
te |1 1 1 1
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The algorithm of CWK is as follows:

Module Calculating Class-Based Weights of Words
Input
Training set
Output
Weight Matrix w for each word w and class k
Local variables
tfc wx : total term frequency of word w in the documents of class k
tfwg : total term frequency of word w in the document d
N : total number of documents in the training set

N, : vector shows the total number of documents in the training set those contain word
w

begin
for each word w
for each document dicontains word win the training set
N, =Ny + 1//Increment the number of documents contain word w
end for
end for
for each word w
for each document d;in class k
tfc wk = tfc wk + tfwa //Increment the class frequency of word w
end for
//Calculate the weight of the word w in class k
W, « = (log(tfc wk ) +1)x(log (N/Ny,))
end for
end
Module Training //Building semantic smoothing kernel
Input

Training set, W,
Output

Gy q - Gram matrix shows the kernel value between documents dyand dq

64



Local variables

Sij . Semantic smoothing matrix shows the relatedness between words i and j

begin
Si.j =Wk (Wuk )T //Building semantic smoothing matrix
for each document dj, in the training set
for each document dyin the training set
/ICalculating kernel value between documents d, and dq
Gpq=0dp S S dq
end for
end for
end

5.2.2 Experimental Results and Discussion

CWK outperforms our baseline kernel at all training set percentages also producing a
statistically significant difference based on Students t-Test results on 20 Newsgroups-
Science dataset. This can be observed from Table 5.10. The performance gain is
specifically obvious at training set percentages 5%, 10% and 30%. For instance at
training set percentages 5%, 10% and 30% the accuracies of CWK are 84.31%, 90.94%
and 95.89% while the accuracies of linear kernel are 71.44%, 77.97% and 86.73;
respectively. CWK also has better performance than our previous semantic kernels
IHOSK, and HOTK at all training set percentages as shown in Table 5.10. Also it should
be noted that, CWK is superior to our recent study CMK at training set percentages 5%,
10%, 30%, 50% and 70%. There is another point which deserves attention is that by
using only 5% of the training set the performance gain of CWK over linear kernel is
18.02%, which is of great importance since usually it is difficult and expensive to obtain
labeled data in real world applications. Additionally according to Table 5.10we can
conclude that the performance differences of CWK while passing from one training set
percentage to another are compatible with the term coverage ratios at those training set
percentages. For instance at training set percentage 10%, term coverage jumps to 82.28%
from its previous value at 5% that is 63.99%. Similar behavior can be observed at
performance of CWK while going through 5% training set percentage to 10% training
set percentage; where it generates the accuracies 84.31% and 90.94%; respectively. This
means an accuracy change of 6.63% between 5% and 10% training set percentages.
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Additional to CWK, we also built a second-order version of CWK with the name
Second-Order Class Weighting Kernel (SO-CWK) with the following equation:

g(d)=¢(d) S S (5.11)

Kso-ou(dp.dq ) =70, ) 7l | =a(d,) s 5 (5 8 gay)” (5.12)

where ¢(d,) and ¢(d,) are transformation functions of kernel from input space into

feature space for the documents dpand dg,respectively.

We also recorded and compared the total kernel computation time of our previous
semantic kernels IHOSK and HOTK and CWK. All the experiments presented here are
carried on our experiment framework, Turkuaz, which directly uses WEKA [85], [89] on
a computer with two Intel(R) Xeon(R) CPUs at 2.66 GHz with 64 GB of memory. Our
semantic kernel’s computation time on each dataset is recorded in terms of seconds and
they are proportionally converted into time units. According to this conversion, for
instance on 20 Newsgroups-Science dataset; IHOSK [92], SO-CWK, HOTK [93] and
CWHK estimates the following time units in order; 100, 60, 56 and 40, respectively which
is shown in Figure 5.4.

In IHOSK [92] there is an iterative similarity calculation between documents and terms,
which completes totally in 4 steps including the matrix calculations shown in Eq. (4.10)
and (4.11). As discussed in [18], producing the similarity matrix of terms SC; (nxn) has
overall complexity O(tn®) where t is the number of iterations and n is the number of
training terms. Similarly, calculating the similarity matrix of documents SR; (mxm) has
O(tm®) where m is the number of training documents. Since both matrices need to be
computed iteratively the overall complexity is bounded by the matrix multiplications of
term and document similarity matrices. In our experiments only two iterations are
performed (t=2). On the other hand, HOTK[93]has O(n®) complexity where n is the
number of terms as noted in Eq. (4.16). Although both IHOSK and HOTK is bounded
by the complexity of matrix multiplications, the IHOSK involves much more matrix
multiplications due to the iterative computation of both term and document similarity

matrices and consequently runs much longer than HOTK in practice.
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The CWK is also bounded by the complexity of matrix multiplication. However, the
matrix is much smaller; (nxc), where n is the number of term and c is the number of
classes. In addition, the generation of this term by class matrix is also very fast with
O(logn) complexity. These differences make CWK faster than HOTK as can be seen in
Figure 5.4. On the other hand the, SO-CWK includes an additional matrix
multiplication of a term by term matrix, therefore it runs slightly longer than HOTK as
shown in Figure 5.4. Since the complexity of IHOSK is higher than both HOTK and the

proposed work of the CWK, it is not practical to apply IHOSK on large datasets.

100
IHOSK

80 -

SO-CWK HOTK

I ]

Figure 5.4The total kernel computation time units of IHOSK, SO-CWK, HOTK and
CWK on 20 Newsgroups-Science dataset at 30% training set percentage

60 -

40 -

20 A

0

We also compare CWK with TF-ICF on 20 Newsgroups-Science dataset. The
formulation of TF-ICF is given in Eq. (2.16). TF-ICF is a supervised approach as
mentioned in Section 2.3. The results are shown in Figure 5.5. According to Figure 5.5,
CWK has much better performance than TF-ICF in all training set percentages.

Table 5.10 Accuracy of CWK and other kernels on 20 Newsgroups-Science dataset with
varying training set size

HOTK CMK

TS
%

IHOSK CWK Term

Coverage

Linear Gain

5

71.44+4.30

84.15+2.87

76.63+2.67

64.51+4.86

84.31+2.77

18.02*

63.99

10

77.97+3.73

90.37+0.81

82.47+2.02

82.19+3.58

90.94+1.72

16.63*

82.28

30

86.73+1.32

94.31+1.09

89.24+0.74

95.07+0.87

95.89+0.51

10.56*

98.01

50

88.94+1.16

94.97+0.90

90.84+1.12

96.71+0.61

96.82+0.3

8.86*

99.90

70

90.58+0.93

95.35+0.88

92.06+1.28

97.12+0.59

97.08+0.68

7.18*

99.99

80

91.33+1.41

96.23+1.19

93.38+1.43

97.60+0.66

97.35+0.56

6.59*

100.00

90

91.40+1.56

96.85+1.70

94.20+1.36

97.75+0.89

98.20+0.71

7.44*

100.00
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Table 5.11Accuracy of CWK and other kernels on IMDB dataset with varying training

set size
TS% | Linear IHOSK HOTK CWK Gain | Term
Coverage
5 76.85+1.31 | 76.98+1.14 | 74.21+0.24 | 77.62+2.45 | 1.00 | 48.00
10 82.99+1.76 | 82.55+2.32 | 82.23+0.42 | 84.32+1.19 | 1.60 | 61.51
30 85.57+1.65 | 87.16+1.64 | 85.63+1.69 | 89.66+0.53 | 4.78 | 86.35
50 88.46+1.89 | 89.40+1.91 | 87.20+0.33 | 91.48+0.69 | 3.41 | 95.91
70 89.93+1.18 | 91.31+0.87 | 90.41+0.55 | 92.75+1.05 | 3.14 | 99.17
80 90.65+1.09 | 92.38+1.43 | 91.37+0.98 | 92.73+1.09 | 2.29 | 99.71
90 91.75+1.14 | 92.63+£1.19 | 91.59+0.27 | 93.60+1.52 | 2.02 | 99.98

I
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L I
20 30

L 1
40 50
Training Set Level (%)

1 1
B0 70

1
80

90

Figure 5.5The Comparison of the accuracies of TF-ICF and CWK at different training
set percentages on 20 Newsgroups-Science dataset

According to our experiments, CWK demonstrates a notable performance gain on IMDB

dataset, which can be seen in Table 5.11. At 30% training set level, the performance of

CWK is 89.66% while the performance of linear kernel is only 85.57%. It is also very

promising to see that CWK is superior to both linear kernel and our previous algorithms
IHOSK [92] and HOTK [93] throughout all training set percentages.

Table 5.12denotes experiment results on 20 Newsgroups-Politics dataset. In this dataset,

again CWK’s performance is better than linear kernel’s at all training set percentages.
Similarly, CWK performs better than both IHOSK and HOTK at all training set

percentages. Additionally, CWK statistically significantly outperforms our baseline

kernel at 5% training set level based on Students t-Tests.
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Table 5.12Accuracy of CWK and other kernels on 20 Newsgroups-Politics dataset with
varying training set size

TS% | Linear IHOSK HOTK CWK Gain Term
Coverage
5 79.01+2.65 | 82.27+4.60 | 80.72+1.56 | 83.49+4.16 | 5.67* 58.60
10 84.69+1.24 | 88.61+2.10 | 84.89+2.15 | 88.73+2.29 | 4.77 75.02
30 92.04+1.06 | 93.61+1.08 | 88.31+1.22 | 94.90+0.97 | 3.11 96.37
50 93.73+0.57 | 93.55+3.58 | 90.29+0.79 | 96.15+0.80 | 2.58 99.43
70 94.55+1.21 | 93.24+3.08 | 90.15+1.15 | 95.87+0.90 | 1.40 99.97
80 94.03+0.91 | 95.30+£1.82 | 92.50+1.60 | 96.80+1.09 | 2.95 100.00
90 94.86+1.26 | 95.80+2.28 | 92.46+2.01 | 96.27+1.97 | 1.49 100.00

For 20 Newsgroups-Compdataset, CWK significantly outperforms linear kernel at all
training set percentages similar to the situation in 20 Newsgroups-Science dataset as
shown in Table 5.13. The highest gain of CWK over linear kernel on this dataset is at
5% training set level with 18.52% gain. Overall, the gains of CWK over linear kernel
are usually much larger in 20 Newsgroups-Compdataset compare to the 20
Newsgroups-Politics. This may due to the larger number of classes in 20 Newsgroups-

Compdataset.

Experiment results on 20 Newsgroups-Religiondataset are presented in Table 5.14.
These results show that CWK has superiority over other kernels starting from 10%
training set level. For instance at training set percentage 30% CWK’s gain over linear
kernel is 7.55%. Also in training set percentage 30% CWK shows a significant

improvement over linear kernel.

Table 5.13Accuracy of CWK and other kernels on 20 Newsgroups-Compdataset with
varying training set size

TS% | Linear IHOSK HOTK CWK Gain Term
Coverage
5 56.75+4.72 | 68.12+1.04 | 60.22+3.00 | 67.26+2.53 | 18.52* 48.26
10 65.45+2.77 | 72.71+0.43 | 66.70+1.14 | 76.60+1.53 | 17.04* 65.19
30 75.38+2.12 | 78.71+0.04 | 75.97+1.04 | 84.67+0.58 | 12.32* 91.51
50 77.89+1.60 |82.18+1.13 | 78.68+0.71 | 87.09+0.77 | 11.81* 98.92
70 79.63+1.59 | 84.67+2.83 | 80.97+1.18 | 87.63+1.53 | 10.05* 99.83
80 79.00+2.25 |85.81+0.54 | 81.58+1.85 |88.10+0.96 | 11.52* 99.98
90 81.40+2.47 |85.96+0.69 |81.32+1.46 |87.88+2.56 | 7.96* 100.00
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Table 5.15presents the experiment results on Mini-newsgroups dataset. According to
these results CWK outputs better accuracy results than linear kernel at all training set
percentages. Furthermore, it should be noted that at 5% training set level, the gain of
CWK over linear kernel is 21.55% which is a very important advantage on the
classification accuracy given the very limited labeled information. On the other hand, at
training percentages 50%, 70%, 80% and 90% HOTK generates higher accuracy than
CWK. This can be explained with the capability of HOTK to capture latent relations

between terms with its higher-order approach[93].

Table 5.14Accuracy of CWK and other kernels on 20 Newsgroups-Religiondataset with
varying training set size

TS% | Linear IHOSK HOTK CWK Gain | Term
Coverage

5 T4.73+2.47 | 77.73+x2.47 |65.33+£1.70 | 75.32+2.87 0.7 41.80
9

10 80.98+2.69 |81.19+1.92 | 72.10+1.95 | 82.63+1.97 2.0 59.03
4

30 83.87+0.78 | 84.85+1.84 | 83.50+1.58 | 90.20+1.08 | 7.55* 88.18

50 88.39+0.93 | 88.96+2.30 | 86.19+1.35 | 92.41+0.44 45 96.16
5

70 89.68+1.41 | 90.62+1.18 | 87.26+0.31 | 92.62+0.99 3.2 99.37
8

80 90.70+1.12 | 91.00+0.20 | 88.90+0.24 | 93.17+1.21 2.7 99.80
2

90 91.65+1.63 |[91.70+1.73 | 89.00+2.37 | 93.20+1.66 1.6 99.99
9

Since some of the datasets used in this study [95] are also used in other studies such
as[14], [108] we have the opportunity to compare our results with them. The first
algorithm we compare our results is Higher-Order SVM (HOSVM)[14]. For instance at
30% training set level of 20 Newsgroups-Compdataset; 75.38%, 78.71%, 75.97% and
84.67% accuracies are obtained by linear kernel, IHSOK, HOTK and CWK respectively
as mentioned above. On the same training set level, HOSVM achieves 78% accuracy
according to the Figure. 2(d) in[14].This comparison shows CWK outperforms
HOSVM by approximately 8.55% gain. Actually CWK’s superiority on HOSVM can
also be seen on other datasets such as 20 Newsgroups-Religion, 20 Newsgroups-
Science and 20 Newsgroups-Politics. For instance at 30% training set level on 20

Newsgroups-Politics dataset while HOSVM’s performance is about 91%, where CWK
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reaches 94.9% accuracy, which corresponds to 4.29% gain. Very similar picture can be
seen at a higher training set level such as 50%. For example, the accuracy values of
88.94%, 92%, 94.97%, 90.84%, 96.82% are achieved by linear kernel, HOSVM,
IHSOK, HOTK and CWK respectively on 20 Newsgroups-Science dataset at this level.

Moreover, we also have the chance to compare our results with the study in [108].
Harish et al. proposes a text classification algorithm in [108] which uses B-Tree and
preserves the term sequence with a data structure called Status Matrix. One of the
datasets they use is Mini-newsgroups dataset. They do not apply any attribute selection
technique such as 1G in their preprocessing phase. For instance at training setpercentage
50% on Mini-newsgroups dataset; 78.87%, 79.24%, 85.54% and 84.44% accuracies are
achieved by linear kernel, IHSOK, HOTK and CWK respectively as

Table 5.15Accuracy of CWK and other kernels on Mini-newsgroups dataset with
varying training set size

TS% | Linear IHOSK HOTK CWK Gain | Term
Coverage
5 52.3845.53 | 61.29+1.03 | 49.69+5.64 | 63.67+3.31 | 21.55* | 34.90
10 59.85+3.88 | 64.15+0.54 | 66.24+3.81 | 71.66+1.22 | 19.73* | 50.08
30 72.84+3.56 | 75.51+0.31 | 81.82+2.04 | 81.93+1.13 | 12.48* | 76.16
50 78.874£2.94 | 79.24+0.31 | 85.54+1.20 | 84.44+1.14 | 7.06* | 87.65
70 80.05+1.96 | 79.73+£0.45 | 87.28+1.13 | 84.85+1.56 | 6.00* | 94.27
80 82.63+£1.36 | 83.05+0.58 | 88.15+1.58 | 86.43+1.16 | 4.60 96.22
90 84.65+2.48 | 85.38+1.28 | 88.10+2.80 | 85.05+3.93 | 0.47 98.55

shown in Table 5.15. On the same training set percentage, the maximum accuracy

gathered by the study in [108] is 68.95. According to this comparison we observe that

CWK outperforms the algorithm in [108] by 15.49%.
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CHAPTER 6

INSTANCE LABELING IN SEMI-SUPERVISED LEARNING
USINGMEANING VALUES OF TERMS

In supervised learning systems, only labeled samples are used for building a
classification model which is then used to predict the class memberships of the
unlabeled samples. However, obtaining labeled data is very expensive, time consuming
and difficult in real-life practical situations as labeling a data set requires the efforts of
human experts. On the other side, unlabeled data are often plentiful which makes it
relatively inexpensive and easier to obtain. Semi-Supervised Learning (SSL) methods
strive to utilize this abundant source of unlabeled instances to improve the learning
capacity of the classifier especially when amount of labeled instances are limited. Since
SSL techniques reach higher accuracy and require less human effort, they attract a
substantial amount of attention both in practice applications and theoretical research.
Although the use of unlabeled data compromises a new opportunity to have a better
classification, how to use them to improve prediction is still an open research issue. In
this approach, we offer a new semi-supervised algorithm, which utilizes a new method
to predict the class labels of unlabeled examples in a corpus and incorporate them into
the training set to build a better classifier. The approach presented here depends on a
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meaning measure, which calculates the meaningfulness of the terms in the context of
classes. The meaning measure is based on the Helmholtz principle from Gestalt theory
and applied to several text-mining applications such as document summarization and
feature extraction. However, to the best of our knowledge, ours is the first study to use
meaning measure in a semi-supervised setting to build a semantic kernel for Support
Vector Machines (SVM). We evaluated the proposed approach by conducting a large
number of experiments on well-known textual datasets and present results with respect
to different experimental conditions. We compare our results with standard linear kernel
which is the traditional state of the art algorithm in SVM for text classification, semi-
supervised form of linear kernel and a supervised classification algorithm which also
uses meaning measure, from our previous study. Our results show that labeling
unlabeled instances based on meaning values of terms is valuable, and increase the

classification accuracy significantly.

6.1Instance Labeling Based on Meaning (ILBOM)

6.1.1 Methodology

ILBOM is mainly composed of five independent modules including preprocessing,
meaning calculation, labeling, kernel evaluation and classification. The architecture of
ILBOM System is shown in Figure 6.1.

6.1.1.1Meaning Calculation

We use Eqg. (8) in order to calculate the meaning values of the terms in this labeled set
which produces Myqin class-based term meaning matrix is made up of t rows (terms) and
Jj columns (classes). The Mapeleg Matrix shows the meaningfulness of the terms in the
labeled set for each class. If a word occurs only once in a class then its meaning value
for that class is zero according to Eq. (2.32). If a word does not occur at all in a class, it
gets minus infinity based on Eq. (2.32) as a meaning value for that class. In order to
make calculations more practical we assign the next smallest value to that word
according to the range of meaning values we get for all the words in our labeled
documents. After all calculations we get Miapeeq @S @ term-by-class matrix which
includes the meaning values of terms in all classes of the labeled documents. We

observe that these meaning values are high for those words that allow us to distinguish
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between classes. Indeed terms semantically close to the theme discussed in the class
gain the highest meaning values. In other words semantically related terms of that class,
i.e. “core” words as mentioned in [3], gain importance while semantically isolated
terms, i.e. “general” words lose their importance. Also as it is mentioned in [99] and
utilized in [94], meaning calculation automatically filters stop words by assigning them

very small amounts of meaning values.
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Our approach, ILBOM, utilizes both labeled and unlabeled data. In order to incorporate
unlabeled examples into the classifier model in SVM, we calculate the total meaning

value of an unlabeled document using Eq. (6.1):
t

TM(d;,Cj) = X Miabeled (Wy;)x tfwy, 4 (6.1)
n=1

where M apeieq (Wyj) is the meaning value of the termw, for the class cjas mentionedabove,
tfw, . is the number of occurrence of the term w, in the document d; and TM(d;,c;) is the
total meaning value of the document djfor the class c;.

6.1.1.2 Labeling

In T™M(dj,c;) matrix, di = [dis,...,di] is the document vector showing the document d;’s

total meaning values from the aspects of all the classes, respectively. We simply select
the column (class number) with the greatest value in dix = [dis,...,dik] document vector
and label this document with this class number. After completing this labeling-step, all
the unlabeled instances are assigned labels and the updated version of the labeled

instances are found as follows:

L=Lo+L, (6.2)

where L,is the original labeled instances, L, is the previously unlabeled instances with
their current predicted labels and L is the total of Loand Lp; respectively.

6.1.1.3 Kernel Evaluation

In this step we simply run the CMK which is proposed in our previous study [94] on L.
In CMK, we build the class-based term meaning matrix M using meaning calculations
given in Eq. (2.32). The M matrix shows the meaningfulness of the terms in each class.
Based on M we calculate S matrix in order to reveal class based semantic relations
between terms. Specifically, the i, j element of S quantifies the semantic relatedness

between terms tjand t;.

S=M MT' (6.3)
The S is a semantic smoothing matrix to transform documents from input space to
feature space. Thus, S is a symmetric term-by-term matrix. Mathematically, the kernel

value between two documents is given as
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Kisow (dy,dy)=d; S STd; (6.4)
where Kigom (d1, d2) is the similarity value between documents d; and d,, S is the

semantic smoothing matrix.

As mentioned in[106], the presence of S in Eq. (6.4) changes the orthogonality of the
vector space model, as this mapping introduces term dependence. Documents can be

seen as similar even if they do not share any terms by eliminating orthogonality.

6.1.1.4 Classification

We integrated our kernel function into the implementation of the SVM algorithm in
WEKA[85]. In other words, we built a kernel function that can be directly used with
Platt’s Sequential Minimal Optimization (SMO) classifier [86]. In the classification-step

all the test instances’ labels are predicted and the classification error rate is calculated.

6.1.2Experimental Results and Discussion

In order to compare the results of ILBOM we use two baseline algorithms. First of them
is called SSL-Linear. Please note that linear kernel is the traditional state of the art
algorithm in SVM for text classification [19], [20]. SSL-Linear first classifies unlabeled
examples by using linear kernel that is trained by only the labeled examples. Then, like
ILBOM it merges the labeled examples and unlabeled examples with their pre-labels
and builds the trainer by using standard linear kernel. After that it again attempts to
classify unlabeled examples via the last built model and compares the labels of an
instance. If an instance is classified into a different class by the second classifier then its
label is updated since the final model is more comprehensive than the first model and is
expected to produce predictions with higher classification confidence. The self-training
process ends when either there is no change in the predictions or it reached 100
iterations. We also compare the results of ILBOM to those of CMK, which is the second

baseline.
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Figure6.1 The architecture of ILBOM system

ILBOM outperforms all of the baseline kernels we used (i.e., SSL-Linear and CMK)
which can be observed from Table 6.1, Table 6.2, Table 6.3 and Table 6.4. The
performance gain is specifically obvious at smaller labeled set percentages between 1%
labeled and 15% labeled set percentage. For instance at labeled set percentages 1%, 2%
, 4% , 5% and 7% the accuracies of ILBOM are 59.7%, 64.15%, 79.78%, 86.03%
and89.6% while the accuracies of SSL-Linear are 50.03%, 57.1%, 66.45, 67.95% and
71.7%; respectively. ILBOM also has better performance than our previous supervised
semantic kernel CMK at most of the labeled set percentages expect labeled set
percentages 30% and 50% as shown in Table 6.1, Table 6.2, Table 6.3 and Table 6.4.
The highest gain of ILBOM over SSL-Linear kernel on this dataset is at 5% labeled set
percentage which is 26.61% that is of great importance since usually it is difficult and
expensive to obtain labeled data in real world applications. Also it should be noted that,
there are performance gains of ILBOM over linear kernel except labeled set percentage
3%.
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Table 6.1, Table 6.2, Table 6.3 and Table 6.4also contain the experiment results on the
20 Newsgroups-Politics dataset. In this dataset, ILBOM’s performance is higher than
the baseline kernel’s in all labeled set percentages except 1% and 50%. Furthermore,
ILBOM performs better than both CMK and linear kernel in almost all labeled set
percentages except 50%. Only in labeled set percentages 50%, CMK gives better
accuracy than ILBOM, but ILBOM still remains better than linear at this labeled set
percentage.  According to our experiments, ILBOM demonstrates a notable
performance gain on the IMDB dataset, which can be seen in Table 6.1, Table 6.2,
Table 6.3 and Table 6.4. ILBOM outperforms our baseline, SSL-Linear kernel, in all
labeled set percentages also making a significant difference based on Students t-Tests.
Table 6.1, Table 6.2, Table 6.3 and Table 6.4 also present the experiment results on
Mini-newsgroups dataset. According to these results ILBOM outputs better accuracy
than SSL-Linear kernel at all labeled setpercentages except 2% and 50%. But in overall,
ILBOM is not as good as supervised kernels (linear kernel and CMK) on this dataset
especially between the labeled set percentages 1% and 5%. In other words,
interestingly, SSL algorithms (i.e. ILBOM and SSL-Linear) do not benefit from the
unlabeled examples on Mini-newsgroups dataset at labeled set percentages under 10%.
Because the performance of semi-supervised algorithms (ILBOM and SSL-Linear) at
those labeled percentages is less than the performance of linear kernel, which is a
supervised algorithm and do not utilize the unlabeled instances. One possible
explanation is that ILBOM suffers from capturing enough latent semantics between
documents and terms in meaning calculations at low labeled percentages. This may due
to the relatively smaller amount of labeled instances per class in this dataset. For
instance there are 500 instances per class in 20-newsgroups datasets such as 20
Newsgroups-Science and 1000 instances per class in IMDB but there are only 100
instances per class in Mini-newsgroups. Therefore this yields more misclassified
unlabeled examples before building the model and those mislabeled examples degrade
the classification performance. Those latent relations may play an important role since
the number of classes is relatively high and the number of documents per class is much

smaller yielding a higher sparsity.
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Table 6.1Accuracy of ILBOM and other kernels on 20 Newsgroups-Science dataset

with varying training set size

Labeled Unlabeled | Test | Linear Baseline-1: | Baseline-2: | ILBOM Gain
% % % SSL- CMK
Linear
1 79 20 51.80+5.33 | 50.03+5.29 | 39.42+6.78 | 59.70+21.63 | 19.33*
2 78 20 59.10+5.49 | 57.10+6.01 | 50.30+6.00 | 64.15+15.2 | 12.35*
3 77 20 66.03+3.61 | 64.83+3.64 | 53.40+7.78 | 63.93+12.25 | -1.39
4 76 20 69.05+3.70 | 66.45+3.59 | 60.50+7.17 | 79.78+5.62 | 20.06*
5 75 20 70.10+4.34 | 67.95+4.64 | 70.03+5.07 | 86.03+3.77 | 26.61*
7 73 20 72.72+4.47 | 71.70£3.59 | 78.53+5.07 | 89.60+3.01 | 24.97*
10 70 20 76.68+2.07 | 74.58+3.30 | 87.48+4.81 | 92.55+1.23 | 24.09*
15 65 20 83.53+2.68 | 80.53+2.79 | 89.95+1.71 | 94.38+0.91 | 17.20*
30 50 20 86.28+2.27 | 83.70+1.97 | 95.28+0.95 | 94.98+0.78 | 13.48*
Table 6.2Accuracy of ILBOM and other kernels on 20 Newsgroups- Politics dataset
with varying training set size
Labeled | Unlabeled | Test | Linear Baseline-1: | Baseline-2: | ILBOM Gain
% % % SSL- CMK
Linear

1 79 20 52.60+5.69 | 51.33+6.18 | 38.60+2.26 | 52.63+7.76 | 2.53

2 78 20 64.60+6.34 | 62.20+5.80 | 47.97+4.64 | 82.30+7.78 | 32.32*

3 77 20 69.60+5.28 | 68.97+5.89 | 64.60+10.43 | 86.37+5.43 | 25.23*

4 76 20 69.9745.68 | 69.07+7.29 | 68.57+12.7 | 88.37+5.05 | 27.94*

5 75 20 73.23+3.92 | 72.23+3.29 | 78.03+4.46 | 88.70+2.8 22.80*

7 73 20 78.33+5.30 | 76.87+4.85 | 80.03+5.24 | 92.23+2.26 | 19.98*

10 70 20 82.00+2.38 | 80.77+1.60 | 87.13+2.13 | 93.40+1.28 | 15.64*

15 65 20 84.67+4.92 | 83.93+4.88 | 91.50+1.69 | 94.63+1.62 | 12.75*

30 50 20 90.07+1.91 | 87.50+2.64 | 94.43+1.05 | 95.33+0.82 | 8.95*
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Table 6.3Accuracy of ILBOM and other kernels on IMDB dataset with varying training

set size
Labeled | Unlabeled | Test | Linear Baseline-1: | Baseline-2: | ILBOM Gain
% % % SSL- CMK
Linear

1 79 20 65.75+£7.79 | 65.60+8.37 | 61.33+6.4 70.43£15.32 | 7.36*
2 78 20 69.30+3.28 | 70.13+2.82 | 67.97+6.57 | 82.88+6.52 | 18.18*
3 77 20 72.80+3.28 | 71.15+3.83 | 74.25+3.91 | 79.25+6.78 | 11.38*
4 76 20 76.284+2.27 | 75.70+2.92 | 77.03+3.57 | 80.08+6.56 | 5.79*
5 75 20 77.03£2.55 | 75.88+2.78 | 80.33+3.79 | 82.68+4.99 | 8.96*
7 73 20 79.45+1.76 | 78.53+2.49 | 82.38+1.88 | 86.33+1.84 | 9.93*
10 70 20 79.70£2.86 | 78.83+3.28 | 84.65+1.94 | 87.08+1.99 | 10.47*
15 65 20 81.72+2.47 | 80.35+1.42 | 86.98+1.57 | 88.70+2.18 | 10.39*
30 50 20 85.80+1.37 | 84.78+1.29 | 90.88+1.28 | 91.40+0.76 | 7.81*

Table 6.4Accuracy of ILBOM and other kernels on Mini-Newsgroupsdataset with
varying training set size

Labeled | Unlabeled | Test | Linear Baseline-1: | Baseline-2: | ILBOM Gain
% % % SSL- CMK
Linear

1 79 20 36.70+4.24 | 29.85+4.04 | 19.23+2.59 | 32.45+8.83 | 8.71*
2 78 20 38.4245.47 | 30.58+4.61 | 18.43+2.48 | 29.23+5.45 | -4.41

3 77 20 46.33+4.32 | 38.23+4.71 | 26.63+3.43 | 41.90+4.89 | 9.60*
4 76 20 46.70+8.34 | 38.78+7.55 | 33.48+4.19 | 45.63+3.51 | 17.66*
5 75 20 50.00+5.49 | 40.85+5.63 | 35.78+3.15 | 49.75+4.17 | 21.79*
7 73 20 55.15+4.72 | 47.70+5.62 | 47.23+3.18 | 59.75+3.88 | 25.26*
10 70 20 57.03+2.79 |[47.98+3.37 | 53.65+3.27 | 64.03+2.16 | 33.45*
15 65 20 62.48+4.28 | 55.48+3.48 | 61.83+3.24 | 67.65+2.85 | 21.94*
30 50 20 |69.55+450 |63.60+4.30 |70.68+3.38 |72.88+2.4 | 1459
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CHAPTER 7

RESULTS AND DISCUSSION

It has been shown that higher-order co-occurrence relations between documents and
terms catch “latent semantics” and result higher accuracies in text classification area
[14], [15], [18] and [74]. Motivated by these studies, we propose several corpus-based
semantic kernels such as Higher-Order Semantic Kernel (HOSK), Iterative Higher-
Order Semantic Kernel (IHOSK) and Higher-Order Term Kernel (HOTK) for SVM. In
these studies, we extend the traditional linear kernel (i.e. a dot product between
document vectors) for text classification by embedding higher-order relations between
terms and documents into the kernel. We show significant improvements on
classification performance over linear kernelby taking advantage of higher-order
relations between terms and documents. For instance, the HOSK is based on higher-
order relations between the documents. The IHOSK is similar to the HOSK since they
both propose a semantic kernel for SVM by using higher-order relations. However,
IHOSK makes use of the higher-order paths between both the documents and the terms
iteratively. Therefore, although, the performance of IHOSK is superior, its complexity
is significantly higher than other higher-order kernels. A simplified model, the HOTK,
uses higher-order paths between terms.Experiment results show that our higher-order
kernels outperform the linear kernel in most of the test cases we tried on several datasets
under different training set size conditions. Our results show the usefulness of HOSK,
IHOSK and HOTK as semantic kernels for SVM in text classification. As future work,
we want to analyze the improved performance of HOSK, IHOSK and HOTK.
Especially, we would like to shed light into if and how our approaches implicitly

capture semantic information such as synonyms and word sense
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disambiguation when calculating similarity between documents. Additionally, we plan
to get more observations about under what type of conditions HOSK, IHOSK and

HOTK perform better than other algorithms.

The other suggested approaches are based on class-based term values. One of them is
based on a meaning measure, which we name CMK that calculates the meaningfulness
of the terms in the context of classes. Inspiredby the advantages of CMK, we build a
semi-supervised algorithm, called ILBOM. The suggested approaches smooth the terms
of a document in BOW representation by class-based meaning values of terms. This
actually, increases the significance of important or in other words meaningful terms for
each class while reducing the importance of general terms which are not useful for
discriminating the classes. The meaning values of terms are calculated according to the
Helmholtz principle from Gestalt theory in the context of classes.Gestalt theory points
out that meaningful features and interesting events appears in large deviations from
randomness. The meaning calculations attempt to define meaningfulness of terms in
text by using the human perceptual model of the Helmholtz principle from Gestalt
Theory. In the context of text mining, the textual data consist of natural structures in the
form of sentences, paragraphs, documents, topics and in our case classes of documents.
In our semantic kernel setting, we compute meaning values of terms, obtained using the
Helmholtz principle in the context of classes where these terms appear. We use these
meaning values to smoothen document term vectors. As a result our approach can be
considered as a supervised semantic smoothing kernel which makes use of the class
information. This is one of the important novelties of our approach since the previous
studies of semantic smoothing kernels does not incorporate class specific information.
Our experimental results show the promise of the CMK as a semantic smoothing kernel
for SVM in the text classification domain. The CMK performs better than linear kernel
in most of our experiments. The CMK also outperforms other corpus-based semantic
kernels such as IHOSK [92] and HOTK [93], in most of the datasets. Furthermore, the
CMK forms a foundation that is open to several improvements. For instance, the CMK
can easily be combined with other semantic kernels which smooth the document term
vectors using term to term semantic relations, such as the ones using WordNet or
Wikipedia.

In our semantic semi-supervised approach, ILBOM, we use these meaning values to
smoothen the document term vectors. The main novelty of our approach is to propose a
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non-iterative yet effective way of assigning labels to unlabeled instances and augment
the training set with these in order to build a better performing model using the CMK
which is recently proposed in our previous study. It can be considered as a semi-
supervised algorithm which is inspired by CMK. Our experimental results show the
promise of the ILBOM as a semi-supervised method for SVM in the text classification
domain. ILBOM performs better than linear kernel which is commonly used state-of-the
art kernel in the literature. We also usetwo baseline algorithms, namely SSL-Linear and
CMK, in order to compare the results of ILBOM. According to our experimental results
ILBOM outperforms semi-supervised form of linear kernel (SSL-Linear) in most of our
experiments. The ILBOM also outperforms the supervised CMK, in most of the
datasets. In other words, ILBOM achieves higher classification accuracy by adding
unlabeled data into the same amount of labeled data CMK uses. This exciting and
convincing result shows that we succeed in building a semi-supervised approach that
can benefit from unlabeled data. As future work, we plan to build the self-trained form
of our model and analyze the performance differences especially at lower labeled set

percentages.

Table 7.1 Accuracy of our semantic kernels and linear kernel on 20 Newsgroups-
Science dataset with varying training set size

TS% | Linear IHOSK HOTK CMK CWK Term
Coverage
5 71.44+4.30 | 84.15+2.87 | 76.63+£2.67 | 64.51+4.86 | 84.31+2.77 | 63.99
10 77.97+£3.73 | 90.37+0.81 | 82.47+£2.02 | 82.19+3.58 | 90.94+1.72 | 82.28
30 86.73+1.32 | 94.31+1.09 | 89.24+0.74 | 95.07+0.87 | 95.89+0.51 | 98.01
50 88.94+1.16 | 94.97+0.90 | 90.84+1.12 | 96.71+0.61 | 96.82+0.3 | 99.90
70 90.58+0.93 | 95.35+0.88 | 92.06+1.28 | 97.12+0.59 | 97.08+0.68 | 99.99
80 91.33+1.41 | 96.23+1.19 | 93.38+1.43 | 97.60+0.66 | 97.35+0.56 | 100.00
90 91.40+1.56 | 96.85+1.70 | 94.20+£1.36 | 97.75+0.89 | 98.20+0.71 | 100.00

We also introduce a new semantic kernel for SVM called Class Weighting Kernel
(CWK). CWK is based on weighting the values of terms in the context of classes
according to [80] and [81]. CWK smooths the terms of a document in bag-of-words
(BOW) representation by making use of the terms’ discriminating power for each class

in the training set. This in turn increases the importance of significant or in other words,
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Table 7.2 Accuracy of our semi-supervised semantic kernel and the other kernels on 20
Newsgroups-Science dataset with varying training set size

Labeled |Unlabeled | Test |Linear Baseline- |Baseline- |ILBOM Gain
% % % 1: 2.

SSL- CMK

Linear
1 79 20 |51.80+5.33|50.03+5.29|39.42+6.78 |59.70+21.63 | 19.33*
2 78 20 [59.10+5.49|57.10+6.01 |50.30+6.00 |64.15+15.2 |12.35*
3 77 20 |66.03+3.61|64.83+3.64 |53.40+7.78 |63.93+£12.25|-1.39
4 76 20 |69.05+3.70 |66.45+3.59 |60.50+7.17 | 79.784+5.62 |20.06*
5 75 20 {70.10+4.34 |67.95+4.64 | 70.03+5.07 | 86.03+3.77 |26.61*
7 73 20 |72.72+4.47|71.70+3.59 | 78.53+5.07 |89.60+3.01 |24.97*
10 70 20 |76.68+2.07 |74.58+3.30|87.48+4.81|92.55+1.23 |24.09*
15 65 20 |83.53+2.68|80.53+2.7989.95+1.71|94.38+0.91 |17.20*
30 50 20 |86.28+2.27|83.70+1.97 |95.28+0.95 |94.98+0.78 |13.48*

core terms for each class while reducing the importance of general terms that exist in all

classes. Since this method is used in the transformation phase of a kernel function (from

input space into a feature space), it reduces the effects of the several disadvantages of
the BOW representation which is discussed in Section 1. We demonstrate that CWK
considerably increase the accuracy of SVM compare to the linear kernel by assigning
more weight to class specific terms which can be synonymous or very closely related in
the context of a class. In other words, CWK uses a class-weighting based semantic
smoothing matrix during the transformation from the original space into the feature
space of the kernel function. This semantic smoothing mechanism map the similar
documents to nearby positions in the feature space of SVM even if they are written
using different but semantically closer sets of terms in the context of classes. In our
semantic kernel setting, the document term vectors are smoothed based on weights of
terms in the context of classes. As a result it can be considered as a supervised semantic
kernel which directly makes use of class information. Our experimental results show the
promise of CWK as a semantic kernel for SVM in the text classification domain. CWK
performs better than linear kernel. The CWK also demonstrates better accuracies than
other corpus-based semantic kernels such as IHOSK [92] and HOTK [93], in most of
the datasets we used. According to our experimental results, CWK outperforms our
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baseline kernel at all training set percentages also making a significant difference based
on Students t-Tests results on both 20 Newsgroups-Science and 20 Newsgroups-
Compdatasets. Furthermore CWK gives higher accuracies than our baseline linear
kernel at all of the training set percentages for all of the datasets we used in our
experiments. Additionally, on 20 Newsgroups-Science dataset by using only 5% of the
training set, the performance gain of CWK over linear kernel is 18.02%, which is of
great importance since usually it is difficult and expensive to obtain labeled data in real
world applications. A very similar situation is occurred for Mini-newsgroups dataset at
again 5% training set level, the performance gain of CWK over linear kernel is 21.55%.
Moreover it should be noted that CWK has the capability of reaching more accurate
classification performance in compare to both linear kernel and our previous semantic
kernels with less execution time than both IHOSK and HOTK. We also believe that
CWK forms a foundation that is open to several improvements. The experimental
results of these algorithms on 20 Newsgroups-Science dataset are shown in Table 7.1
and Table 7.2. According to experimental results higher-order algorithms have more
gain on linear kernel at low training set percentages while corpus-based kernels have
more gain on linear kernel at high training set percentages. All the proposed approaches
including CWK have independency of the outside semantic sources such as WordNet, so
that they can be applied to any language domain. They also form a foundation that can
easily be combined with other term-based semantic similarity methods such as
unsupervised semantic similarity measures. For instance, the CWK can easily be
combined with other semantic kernels which smooth the document term vectors using
term to term semantic relations such as the ones using WordNet or Wikipedia. These
semantic kernels can also be applied on different domains in TC such as IR, sentimental
classification, syntactic-semantic analysis of documents, measuring similarities of short
texts such as microblogs, tweets and also can be applied on other domains on otside of
TC such as image retrieval, biomedical applications, recommendation systems etc... As
future work, we plan to implement different class-based document or term similarities

in supervised classification and compare their results to the results of the CWK.
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