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Abstract
Sentiment Analysis is the study of determining an author’s opinion from written
text using artificial intelligence and data mining techniques. In this thesis, three different
sentiment analysis techniques; Naïve Bayes Classification, Support Vector Machine and
Ensemble Classification are studied and applied to social media datasets for extracting
opinions.
One of the uses of sentiment analysis is to act as a feedback mechanism to aid in
decision making. In this thesis a Probabilistic Feature Weighting (PFW) technique is
proposed using the principle of the Naïve Bayes Classifier and Bayesian Probability. The
PFW helps in ranking the documents into further sub-categories and is useful to compare
features and their importance in sentiment classification.
An Enhanced Ensemble Classifier Framework (EECF) is also developed based on
the PFW technique. The Enhanced Ensemble Classifier increases the accuracy of the
system compared to the existing techniques. Social media documents consist of a smaller
number of words and often lack formal use of language. As such, social media requires
more sophisticated techniques to establish sentiment. EECF helps in classifying shorter
documents that have a smaller number of features such as Twitter posts.

The

development of the Enhanced Ensemble Classifier is a contribution in the sentiment
analysis domain.
The proposed PFW technique provides an alternative method to investigate
features and classify sentiment into sub-categories beyond positive and negative
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sentiment. The Enhanced Ensemble Classifier that utilizes the PFW is shown to improve
the determination of sentiment.

II

Acknowledgements
I would like to express my sincere gratitude to my co-supervisor, Dr. Craig M.
Gelowitz, for providing me an excellent opportunity and atmosphere to conduct this
research. This would have not been possible without his support, care and guidance. I
would like to thank my supervisor, Dr. Luigi Benedicenti, for teaching me the methods of
conducting scientific research and providing technical reviews during the research. I
would like to thank Petroleum Technology Research Centre for funding parts of this
research. I would like to thank Faculty of Graduate Studies & Research for providing me
scholarship and funding during my studies at the University of Regina. I would like to
thank my teachers for transferring their knowledge due to which I was able to conduct
this research. I would also like to thank my friends and family members, especially my
mother and my wife who supported me emotionally through every phase of life.

III

Table of Contents
1

2

Introduction ............................................................................................................................ 1

1.1

Motivation ............................................................................................................ 3

1.2

Research Objectives ............................................................................................. 3

1.3

Research Contributions ........................................................................................ 4

1.4

Thesis Organization.............................................................................................. 4

Literature Review .................................................................................................................. 6

2.1

2.1.1

Multinomial Naïve Bayes Model ............................................................................. 9

2.1.2

Laplace Smoothing ................................................................................................ 11

2.2

Support Vector Machine .................................................................................... 13

2.2.1

Mathematical Notation........................................................................................... 14

2.2.2

Finding Optimal Margin ........................................................................................ 15

2.3

Ensemble Classifier Framework ........................................................................ 19

2.3.1

Methods for Constructing Ensemble Classifiers .................................................... 20

2.3.1.3

Generation by Manipulating Weights .................................................................... 21

2.3.2

Ensemble Selection ................................................................................................ 21

2.4

Data Pre-processing............................................................................................ 22

2.4.1

Stop Words............................................................................................................. 25

2.4.2

Numbers ................................................................................................................. 27

2.4.3

Hashtags ................................................................................................................. 28

2.4.4

Links ...................................................................................................................... 29

2.4.5

Tags ........................................................................................................................ 32

2.4.6

Stemming ............................................................................................................... 33

2.5

3

Naïve Bayes.......................................................................................................... 8

Feature Extraction & Transformation ................................................................ 35

2.5.1

Bag of Words Model .............................................................................................. 36

2.5.2

N-gram Model ........................................................................................................ 36

2.5.3

Feature Weights ..................................................................................................... 38

2.5.4

Feature Matrix ........................................................................................................ 43

2.5.5

Feature Selection .................................................................................................... 47

Proposed Model.................................................................................................................... 49
IV

3.1

Probabilistic Feature Weighing .......................................................................... 49

3.1.1

Probability Unification Method ............................................................................. 50

3.1.2

Gradient Method with Tangent Normalization ...................................................... 51

3.2

Enhanced Ensemble Classifier Framework........................................................ 54

3.2.1

3.3
4

Datasets .............................................................................................................. 67

4.1.1

Twitter Dataset ....................................................................................................... 67

4.1.2

IMDB Movie Review Dataset................................................................................ 67

4.2

Testing Tools ...................................................................................................... 68

4.2.1

Python .................................................................................................................... 68

4.2.2

NumPy ................................................................................................................... 68

4.2.3

Scikit-learn ............................................................................................................. 69

4.3

Pre-Processing Tests and Classifier Performance Analysis ............................... 69

4.3.1

Stop words ............................................................................................................. 70

4.3.2

Classification using Adjectives as Features ........................................................... 71

4.3.3

Stemming Results .................................................................................................. 72

4.3.4

Bigram versus Unigram Analysis .......................................................................... 73

4.3.5

Chi-squared Feature Selection Performance .......................................................... 74

4.4

Comparison of PFW with existing weighing methods....................................... 75

4.5

Enhanced Ensemble Classifier Test ................................................................... 77

4.5.1

Optimal Threshold Value Test ............................................................................... 78

4.5.2

Enhanced Ensemble Classifier Results .................................................................. 80

4.6

6

Document Ranking ............................................................................................. 61

Experiment & Results.......................................................................................................... 67

4.1

5

Optimal Threshold Estimation ............................................................................... 58

Document Ranking with Normalized PFW-G ................................................... 82

Conclusion & Future Work ................................................................................................ 85

5.1

Conclusion .......................................................................................................... 85

5.2

Applications of Sentiment Analysis ................................................................... 88

5.3

Future Work ....................................................................................................... 88

References ............................................................................................................................. 90

V

List of Figures
Figure 1: General Representation of Classification [70].................................................................. 2
Figure 2: Example of Sentiment Analysis & Features ..................................................................... 2
Figure 3: Algorithm for training and testing Naïve Bayes classifier [18]...................................... 12
Figure 4: Negative & Positive training examples with separating hyperplane [22] ...................... 13
Figure 5: Geometric margins with decision boundaries [22] ......................................................... 15
Figure 6: A simple 2D classification task with multiple linear decision functions [21] ................ 16
Figure 7: A linear separable classification problem with additional constraints [21] .................... 17
Figure 8: General representation of Ensemble Classifier [70] ....................................................... 19
Figure 9: Stages of Data Mining .................................................................................................... 23
Figure 10: Common Stop words .................................................................................................... 26
Figure 11: Hashtags ....................................................................................................................... 29
Figure 12: Chi-square test scores without removing links from dataset ........................................ 31
Figure 13: Post with deliberate spelling mistakes .......................................................................... 33
Figure 14: Term Frequencies of features in the dataset ................................................................. 40
Figure 15: Feature Matrix .............................................................................................................. 43
Figure 16: Example of Sparse Matrix with high density of zeros.................................................. 45
Figure 17: Non-zero and zero ratio in the dataset .......................................................................... 46
Figure 18: Probability Resultant Vector ........................................................................................ 51
Figure 19: Plot of Gradient Values ................................................................................................ 53
Figure 20: Enhanced Ensemble Classifier Framework .................................................................. 54
Figure 21: Enhanced Ensemble Classifier Architecture ................................................................ 55
Figure 22: Flow chart of Enhanced Ensemble Classifier ............................................................... 57
Figure 23: Ideal Histogram plots of Positive & Negative training data ......................................... 59
Figure 24: Histogram plots of social media training dataset.......................................................... 60
Figure 25: Threshold value to use .................................................................................................. 61
Figure 26: Hierarchy of Classes ..................................................................................................... 64
Figure 27: Sub-Classes Regions ................................................................................................... 66
Figure 28: Histogram plots of actual Twitter training dataset used ............................................... 78
Figure 29: Histogram plot of Movie Review Dataset .................................................................... 79
Figure 30: Accuracy Comparison Graph ....................................................................................... 82
Figure 31: Performance of Document Ranking with number of instances .................................... 83
Figure 32: Comparison of Performance of Document Ranking with Vocabulary Size ................. 84

VI

1 Introduction
Sentiment Analysis is the study of determining an author’s opinion from written
text using artificial intelligence and data mining techniques.

For social networks,

messages posted can be about virtually anything including products, celebrities or any
other topic. There are a variety of ways to classify documents ranging from supervised
learning to unsupervised learning [18]. Supervised algorithms make use of pre-classified
data to extract mathematical functions that can predict class of new documents whereas,
unsupervised algorithms does not use labeled data. They make use of clusters and
patterns in the data to predict new documents.
Unsupervised learning is difficult and time consuming because it requires one to
carefully design and implement a variety of rules in order to achieve desired results.
Supervised learning, on the other hand, use labeled training data to infer a function that
can determine sentiment and has been used successfully for text classification and
opinion mining.
Figure 1 shows the general representation of a Class and its features. C denotes
the class and A1, A2, A3 & A4 are the features in the Class C.
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Figure 1: General Representation of Class and Features [70]

Figure 2: Example of Sentiment Analysis & Features

In order to classify text, feature selection methods, i.e. statistical measures to
select best features out of data, is often used to select a subset of features from a dataset
that can be used for training purposes. An example of features in a Positive class in
Sentiment Analysis is shown in Figure 2. Features are then quantized to construct a
model for machine learning [3]. The model varies with the type of classification that is
being performed and may have a significant impact on the accuracy of the classifier.
Feature extraction techniques may also help to determine the accuracy of the analysis [4].
2

1.1

Motivation
Social networking has become a primary mechanism for Internet users to share

their opinions, feelings and ideas. Individuals often utilize social media for responding to
events or providing opinions on particular topics. This public discourse can be useful
when utilized as a feedback mechanism for industry or governments that wish to track the
evolution of the public conscience on a given topic [1].
Many communities have been formed over social networks throughout the world.
The interest in social media has increased dramatically over the past ten years. For
example, Twitter currently has more than 550 million users and over 1 billion users
utilize Facebook each month [2]. Social media networks are not only popular among
individuals; they have also been used extensively for business related purposes as
millions of websites have integrated social networking. This has been accomplished
through APIs that have been made available to both publish and gather social network
data by popular social media platforms such as Facebook and Twitter.

1.2

Research Objectives

The objectives of this research are to:


Study Support Vector Machines, Naïve Bayes Classifier and Ensemble
Classification techniques for sentiment analysis and apply them to social
media datasets.



Develop a classification model that can extract the sentiment of users from
their posts on social media.
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Investigate the kind of noise found in social media posts and removing them
from the dataset.



Develop a Feature Weighting technique for sentiment analysis.



Develop an Ensemble Classifier for classification of short documents such as
social media posts which have a small number of features.



Develop a ranking algorithm for ranking the documents from most positive to
most negative sentiment.



Test the proposed model on social media datasets and compare it with existing
techniques.

1.3

Research Contributions

The research contributions in the area of sentiment analysis for social media are:


The development of a Probabilistic Feature Weighting (PFW) methodology
for sentiment analysis.



The development of an Enhanced Ensemble Classification Model that helps in
classifying documents with fewer features such as social media posts.



The development of a document ranking algorithm that utilizes normalized
probability scores to rank a document’s degree of sentiment.

1.4

Thesis Organization
Chapter 1 contains the introduction of Sentiment Analysis, the motivation and the

objectives of this research. Chapter 2 provides a literature review of sentiment analysis
and some of the work done in this area. It also describes the working principle of Naïve
Bayes Classifiers, Support Vector Machines and Ensemble Classifiers.
4

Chapter 3

describes the proposed Probabilistic Feature Weighing (PFW) Model for feature
weighting, the development process of Enhanced Ensemble Classifier Framework
(EECF) and the algorithm for document ranking. Chapter 4 provides test results and a
comparative analysis of the EECF. Chapter 5 provides a conclusion and the potential
future work for this research.

5

2 Literature Review
Sentiment Analysis has been extensively studied by researchers in the past decade
due to the evolution of social media platforms and the ever growing number of users of
these platforms on the Internet.

Researchers have used various machine learning

techniques to make it possible for a computer to identify good, bad, positive or negative
sentiment from any given electronic documents. Pang & Lee provided a broad overview
of the problem and have worked on various aspects of sentiment analysis techniques [3].
Machine learning techniques have been used for the purpose of classifying text
documents according to their sentiment [8].

The most widely used technique for

sentiment analysis is supervised machine learning.

Pak & Paroubek studied the

behaviour of the Naïve Bayes classifier using a Twitter corpus and reported that Bayesian
analysis works well when compared to Support Vector Machine analysis [7]. Frank &
Bouckacrt studied the Naïve Bayes classifier by varying the number of words present in
each class and concluded that unbalanced classes affect the performance of the classifier
in a negative way. They also proposed a centroid based class normalization technique to
counter the problem. The altered classifier works on two out of four datasets used in the
experiment but they also state that by altering the values of the parameters in the
algorithm , the desired results can be observed [9].
Kamaruzzaman & Rahman conducted a study to find the performance of the
Naïve Bayes classifier using an association concept between features which is opposite to
the feature independence assumption. The result of the study shows that association

6

mining reduces the number of features significantly which affects the performance of the
classifier and decreases its accuracy [10]. M. Karamibekr, Ali A. Ghorbani, proposed a
sentiment analysis model and carried out tests by classifying documents into three
different levels (document level, sentence level and phrase level). They used verbs and
nouns to identify the polarity of a document using parts of speech tagging in the
sentences. The accuracy reported based on this model was 65% [11]. A similar approach
was also utilized by Neri, Aliprandi, Capeci & Cuadros, where the researchers used
“parts of speech” tagging to find the polarity of a sentence by analyzing the complete
architecture of the sentence rather than just the overall polarity. The precision and the
recall of the system were found to be 83% and 87% respectively [12].
Istvan Pilaszy concluded that a text categorization system may have many
parameters and it is often not clear how to set up those parameters. It significantly
depends on the type of the text categorization problem and the datasets available to train
the system. According to Pilaszy, each and every problem is unique and needs to be
handled differently. Some datasets have only a few words in the vocabulary where some
datasets have only a few classes but a large number of instances. Different strategies are
required to pre-process the data in order to achieve the desired results [13]. Machine
Learning techniques are simpler and more efficient than symbolic techniques; however,
there are certain issues that are difficult to handle such as misspellings and slang words
[14].
Ensemble Techniques have sometimes shown improvement in the task of
sentiment analysis where two or more algorithms are used to obtain more reliable results.
This does not always work well as shown in the research carried out by Neethu &
7

Rajasree where the accuracy decreased when compared to the accuracy of individual
algorithms [14]. However Hassan, Abbasi, & Zeng developed a bootstrap ensemble
framework that utilizes an iterative approach to classify the documents. The results of
their research showed that the bootstrap ensemble framework is much more efficient with
higher accuracy. The performance was also balanced throughout the classes [15].

2.1

Naïve Bayes

A Naïve Bayes classifier is a probabilistic classifier which applies the Bayesian rule
with a strong (naïve) assumption [16]. The Naïve Bayes Classifier assumes that a feature
from the data set is independent of the other features in a given class. For example, a
fruit which is green in color, has a spherical shape, and is 10 to 12 inches in diameter
maybe a watermelon. Although these features depend on each other, the Naïve Bayes
classifier will consider each feature as independent of the other features that contribute to
the probability that the fruit is watermelon.
The Naïve Bayes classifier uses Bayesian statistics to find out the class of an
instance. At first, the posterior probability of each class is calculated given the feature
values present in the instance. The instance is then assigned to the class that has the
highest probability [17]. Equation 1 is the Naïve Bayes formula:
|

∝

∏

|

(1)

Equation 1 indicates that the features are independent of each other within each class.
This equation is used to find the posterior probability of the class given the feature
values. The term P(c) on the right side of the equation denotes the prior probability of the
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class. This probability depends on the number of training instances in a class. For
example, if there is one class out of two possible classes to which a new document is to
be classified and the number of training instances are 3 and 6 in class A and B
respectively, the probability of the class A will be 1/3, whereas the probability of class B
will be 2/3 [18].
Similarly, term P (tk|c) in Equation 1 provides the evidence of how much the term tk
contributes to class C being the correct class of the document. If the document’s terms
do not provide clear evidence of the class, we choose the one with the highest prior
probability [18].
2.1.1

Multinomial Naïve Bayes Model
The Multinomial Naïve Bayes Model is based on Naïve Bayes Classifier

framework with an assumption that the frequency of the features follows a multinomial
distribution. According to Murphy, this event model is mostly used for text classification
purposes. In text classification, the task is to find the best class for the document. The
class with the maximum posterior probability is the best class for the document being
tested [19]. Equation 2 is the equation that finds the maximum a posteriori (MAP) class
Cmap. According to the equation, the conditional probabilities are based on the features
present in a document. The multiplication of the conditional probabilities is due to the
assumption that the features are independent of each other.

∏

9

|

(2)

The conditional probabilities in text classification may be relatively small and as
such, multiplication may result in very small numbers that could be insignificant and can
create floating point underflow errors [18]. In order to avoid these conditions, instead of
multiplying the probabilities, the logarithms of the probabilities are added together. This
avoids the floating point error and the results remain unchanged. The class with the
highest logarithmic probability is still the most probable. Equation 3 shows the true
implementation of the Naïve Bayes classifier with the logarithmic function included.
max log

log

|

(3)

The equation can be interpreted as follows. The term log P(c) is the weight that
indicates the relative frequency of the class C whereas, log [P(tk|c)] indicates how
effective the term t is to classify the document to class C [18]. The sum of the log prior
and the log of term weights then indicates the most evident class for the document.
We first find the maximum likelihood estimate which simply corresponds to the most
likely value for every feature in the dataset. The prior P(c) is calculated by dividing the
number of instances of a given class present in the dataset with the total number of
classes in the dataset.
The conditional probability P (tk|c) is estimated as the relative frequency of term t in the
documents belonging to class C [18]. Equation 4 is the formula to find the value of
P(tk|c);

|

∑
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(4)

Tct represents the number of times a term has occurred in the documents belonging to
class C including the multiple occurrences of the term in a single document. We also
make a positional independence assumption which means that the occurrence of a
particular term does not relate to the occurrence of any other term [18].
2.1.2

Laplace Smoothing
One problem with the maximum likelihood estimate is when a feature is not

present in the dataset. This makes the probability of the feature zero and hence results in
the posterior probability also to be zero [20]. This may make the term significant enough
to avoid the document to be classified in the class where the conditional probability was
zero. If this issue is not resolved, the results cannot be trusted. As a result, a single term
could decide the fate of the document where it would fall into a class where the term is
present regardless of the evidence provided by the other terms.
To remove the effect of zeros, Laplace smoothing is utilized and adds one to the term
frequency [20]. This does not cause the probability of the missing term to change
significantly, but makes it very small yet significant enough for calculation. Equation 5
is the equation with Laplace smoothing;

|

(5)

∑
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Figure 3: Algorithm for training and testing Naïve Bayes classifier [18]

Figure 3 shows the Algorithm for training and testing the Naïve Bayes Classifier.
D denotes the documents/dataset for training while V is the extracted vocabulary for the
dataset.

12

2.2

Support Vector Machine
The Support Vector Machine (SVM) is a supervised machine learning algorithm

that learns from a set of labeled data and produces a function that outputs labels for new
documents. The output from the algorithm is a mathematical function that is inferred
from a set of labeled examples. The space takes on one of two values at all points in the
space, corresponding to the two class labels and is considered a binary classification [21].
The derivation of the SVM is based upon a linear decision function. Figure 4 shows an
example of a linear function in a two dimensional vector space where the x’s denote
positive data points while the o’s represent negative data points.

Figure 4: Negative & Positive training examples with separating hyperplane [22]

The centre line indicates the decision function. Point A lies too far from this
boundary and hence we can say with certainty that it is a positive point. However, In the
13

case of point C, although it is on the positive side of the boundary, even making slight
change to the decision function could bring it to the negative side and change its
classification.
2.2.1

Mathematical Notation
These decision functions can be mathematically represented as a function of input

x and the output is the predicted label y for the vector x i.e. {-1, 1}. The linear classifier
can be expressed as equation 6 [21];
,

(6)

The parameter w is the weight vector while b is the scalar. Notation <w,x> is the scalar
product of w and x and is defined by equation 7 [21];
∑

,

(7)

Where d refers to the dimensionality and i is the ith component of w and x in the form of
(w1, w2, w3, w4, wd) and (x1, x2, x3, x4, xd). Figure 5 shows the w and scalar b in the vector
space;
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Figure 5: Geometric margins with decision boundaries [22]

In figure 5, W is orthogonal to the separating hyper-plane. Point A represents
some input from the dataset which has a label yi = 1. Line AB denotes the shortest
distance from input A to the distance boundary denoted by γ (i) [22].
2.2.2

Finding Optimal Margin
For a Linear SVM, “Given a training set of vectors x1, x2, … xn with

corresponding class membership labels y1, y2, … yn that take on the values +1 or -1,
choose parameters w and b of the linear decision function that generalizes well to unseen
examples.” [21]. Consider the example below in Figure 6,

15

Figure 6: A simple 2D classification task with multiple linear decision functions [21]

In this problem, there are multiple decision boundaries that are drawn for a single
problem. All of them provide a feasible solution to the problem. “Given a training set,
the natural need is to try to find a decision boundary that maximizes the margin, since
this would reflect a very confident set of predictions on the training set and a good “fit”
to the training data. Specifically, this will result in a classifier that separates the positive
and the negative training examples with a ‘gap’.” [22]. The idea is to select decision
boundaries which do not only correctly distinguish between two classes but also lie as far
from the training examples as possible [21]. This approach leads to the Linear SVM,
which choses the hyper-plane with a maximum margin.
Finding the maximum margin decision boundary is an optimization problem. In
general, optimization problems have decision variables, a set of constraints and an
objective function. The task is to find the maximum or minimum value for the objective
function.

16

Figure 7: A linear separable classification problem with additional constraints [21]

To formulate the maximum margin hyperplane as an optimization problem,
consider Figure 7. The figure shows some data plotted in two dimensional space having
labels 1 & -1 respectively. The decision function is defined by the parameters w and b.
For our hyper-plane to correctly distinguish between the two classes, the following
constraints in equation 8 & 9 should be considered;
,

0,

,

0,

1

(8)
1

(9)

These constraints can be combined in a single set of constraints as equation 10;
,

0,
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1…

(10)

However, this is not enough to separate the two classes optimally and require a
maximum margin. The solid line in the figure is the decision surface which is denoted by
equation 11 [21];
,

0

(11)

The dotted lines are the additional hyper-planes where the function <w,x> + b is
equal to 1 (at the upper right) and -1 (at the lower right). To find the maximum margin,
the dotted lines should be such that the dotted lines are equidistant and parallel to the
decision hyper-plane and maximize their distance from one another. This can be written
mathematically as equation 12 [21];
,

1,

1…

(12)

The distance between the dotted lines is found to be [21];

√

(13)

,

Finally we end up with an optimization problem which helps to find the
parameters of the maximum margin hyper-plane.

Equation 14 shows the finalized

optimization problem [21];
min

.

,

.

(14)
1

1,2, … ,
Note that the problem is written as a minimization problem rather than
maximization because they are both the same [22].
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2.3

Ensemble Classifier Framework
An ensemble of classifiers is a set of classifiers where individual decisions are

combined in some way (typically by weighted or un-weighted voting) to classify new
examples [23]. An ensemble classifier is constructed from a set of base classifiers that
have individual learning over a training dataset [15]. A general representation of
Ensemble Classifier is shows in Figure 8. A necessary condition and assumption for an
ensemble classifier is that the accuracy must be greater than the individual baseline
classifiers [23]. This is only possible if the errors of the base classifiers are uncorrelated
[15].

Figure 8: General representation of Ensemble Classifier [70]

Base classifier refers to the conventional classifiers used in a classification task.
For example a Naïve Bayes Classifier, a Support Vector Machine, k-NN, Artificial
Neural Networks and the like. The choice of an individual classifier may depend upon its
19

individual performance in a certain classification task. The Ensemble Classifier may
enhance the results of the classification system when two or more of the best performing
classifiers are selected [24].
2.3.1

Methods for Constructing Ensemble Classifiers
An Ensemble Classifier can be constructed in several ways. This idea has been

studied extensively by several researchers and there are multiple ensemble techniques for
ensemble classifiers. Some of these techniques are:
2.3.1.1

Generation by manipulating training data

In this method, the training algorithm is trained multiple times and each time with
different subsets of dataset [23, 24]. This technique is useful with unstable classifiers
whose output varies with the slight change in the input data.

The easiest way to

manipulate the dataset is to select a substantial amount of training examples randomly
from the dataset and then replacing them with an equal amount of randomly drawn
training examples in each iteration. This method is known as bagging [23].
2.3.1.2 Generation by Manipulating Input Features

In this method, different subsets of features are extracted from the dataset and the
base classifiers are trained on one of each dataset. The selection of the subsets is random.
This type of subspace ensemble classifier does not work as effectively as other
techniques [24]. This technique is found to work best when the features are highly
redundant.

Removing some of the features from the subsets affects the individual
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classifiers negatively and ultimately affects the overall performance of the ensemble
classifier [23].
2.3.1.3 Generation by Manipulating Weights

In this method, each classifier is trained utilizing different sets of weighing
techniques depending upon its individual performance on a particular weighing method
[24]. For example, SVM might work well with Term Frequency - Inverse Document
Frequency (Tf-IDF) but not with simple Term Frequencies (TF). Conversely, Naïve
Bayes classifier requires term frequencies to calculate the probabilities of the features. In
this case, two separate weighting methods can be used for two different classifiers [25].
Once the classifiers are trained each of the classifier categorizes the documents
independently and the final result can be obtained by using a logical “AND” operation.
Another variant for this method utilizes a third classifier with another weighting
method. In this case, the best two out of three are used to find the class of new
documents. This is an effective way to reduce the margin of error [25].
2.3.2

Ensemble Selection
An important aspect of the ensemble classification method is the selection of the

best classifiers for the task and whether the individual classifiers would yield better
results. Several ways have been adopted by researchers like the bagging algorithm,
where the determination of the number of iterations is done in advance and acts as a
controlling parameter.

This parameter can be set while training the classifiers.

Individual classifiers can be added until the desired output has been achieved.
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One possible method of doing this would be to test the ensemble classifier after each
individual classifier is added to the framework. The accuracy of the resulting classifier is
observed and the addition of more classifiers is ceased when the maximum accuracy
value has been achieved [26].

2.4

Data Pre‐processing
Data pre-processing is an important step in the task of text classification. Data is

not always clean and is comprised of many unwanted impurities that can alter the results
of a classification task in a negative way. The classification results can be unrealistic,
sometimes biased and unacceptable until the training data is cleaned. This in turn makes
the classification systems unstable and unreliable. Low quality data can lead to low
quality data mining results [27]. Figure 9 shows the general and overall process of data
mining and the stages of data pre-processing are marked with arrows. Data preprocessing depends upon the type of data mining task to be performed. Researchers have
used many different approaches to clean the data but the goal remains the same, to make
classification more effective and efficient.
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Figure 9: Stages of Data Mining

There are numerous data pre-processing techniques that are available to remove
noisy data. It is important to know the attributes of the data that is being used for the data
mining task [27]. The task where numerical values are involved requires a statistical
branch of mathematics to clean the data. Sometimes, the data source is a key factor in
deciding on the approach should be followed in order to clean the data. There are
numerous quality attributes of the data such as; data consistency, completeness, accuracy
and precision levels to be achieved before using it for data mining purposes.
In Text Classification, the data is comprised solely of the String data type which
includes the alphabet and sometimes is also comprised of numerical values [28].
Although punctuation is usually neglected, it can be used when rule based classification
techniques are applied. Text classification requires additional pre-processing techniques
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when compared to the conventional numeric based data mining [28]. It not only requires
statistical pre-processing techniques but also lexical rules to eliminate the undesired
impurities out of the data set to ensure better results. The selection of lexical rules
depends on the nature of text classification because text classification is also further
divided into various sub-categories.
In sentiment analysis for social media analytics, the training data consists of
comments and posts shared by users on their social media profiles. Therefore, the kinds
of impurities found in this data are different from the data obtained from other sources.
The data contains a lessor amount of information that is useful for sentiment analysis.
Words may not have any polarity information or they are insignificant enough to be
dropped from the training data set. Social media data also has a different form of
vocabulary because of the use of casual language when writing posts and comments. The
nature of user posts may vary from highly formal to informal language with the use of
slang words to describe their feelings about a certain issue. This variation in written
language makes it difficult to develop efficient systems [27].
Another problem that arises is human nature with respect to opinion. Every
human being is different with different thought processes and interpretations [29].
Human nature plays a strong role in selecting the appropriate data for the sentiment
analysis task. Due to difference of opinions, sentiment is not always as expected. For
example, “A bright sunny day” could have a positive polarity to one person but could be
negative to another. This difference of opinion sometimes results in ambiguous data
which hinders the development of accurate Sentiment Analysis systems [28].

This

problem is difficult to handle given that the assumptions are that any data coming from
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one source is classified by either single person or a group of people with the same
thought process.
There are various kinds of impurities that can be removed during the task of
sentiment analysis. These impurities contain standard words or features which are global
and do not represent sentiment. They can be removed regardless of the type of text
classification being done. There are some special features that are encountered while
working with social media. In general, there are six categories that can be removed from
social media datasets for sentiment analysis:


Stop Words



Numbers



Hashtags



Links



Tags



Stemming

These categories are explained in the next section.
2.4.1

Stop Words
In text classification, stop words are considered to be words that do not have

significant importance in classifying documents. It is common practice to eliminate them
before training the classifier. Stop words is a general term used for any set of words that
may affect the results of the classification. Although they may be found in every class
with a similar ratio, they still affect the results negatively. They also increase the training
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time of the system because they increase the size of the feature set. Search engines also
use a stop words filter to eliminate the articles and short function words [30]. Figure 10
shows some basic stop words used by search engines.

Figure 10: Common Stop words [75]

Stop words are determined by the nature of the text classification. For example, if
a system is being designed to identify the subject and object in a sentence, the researcher
would be more interested in nouns and would eliminate the adjectives and articles from
the sentence because of their insignificance. Similarly, in sentiment analysis, there are
only a few words in a sentence that help in determining the polarity of the sentence.
Theoretically, anything other than the adjectives can be eliminated from a sentence in
order to get the features that are significant for the task. However, this is not always the
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case. Since the dataset from social media is not formally written, it is difficult to
determine polarity by using the standard adjectives from a dictionary [32]. If a classifier
does not find any features from its vocabulary in a test document, it may produce random
results which can decrease the accuracy of the classifier.
For sentiment analysis, there is a list of words categorized as stop words and
available on the Internet for free. This is a standard list but it can also be customized by
adding stop words depending upon the task.

This standard list is available at

http://www.ranks.nl/stopwords and is comprised of 174 words which can be edited
according to the need.
2.4.2

Numbers
While working with social media datasets, another kind of impurity encountered

is numeric data. Sometimes people use numbers for short notations of words. There is
typically no standard pattern followed and is therefore difficult to use them as training
data. The numbers themselves do not represent any polarity so it is assumed that the
numbers are neutral in nature. For this reason they should be removed from the dataset.
People sometimes use numbers to express sentiment by defining a scale in their
posts. For example “The movie was great. It’s a master class by Steven Speilberg.
However I would rate it 8 on a scale of 10 because of the benchmark he set with his
movie Titanic.” In this post the user rated the movie on a scale which shows that the
movie was above average. But for a computer, 8 and 10 are just numbers and considered
two distinct features.

Due to the assumption of feature independency, there is no

connection between them theoretically. The numbers can only be used if rule based
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classification is applied where the positioning of the words and numbers would be taken
into account by analyzing the structure of the sentence [32].
In sentiment analysis using supervised machine learning techniques, the numbers
are considered to be neutral in polarity because as a single feature they are of no value to
the system. In fact, increasing the feature size increases the training time of the system.
In addition, the time to classify the documents also increases, so it is a good practice to
eliminate them from the dataset.
2.4.3

Hashtags
Hashtags are words or phrases prefixed with the # sign without a space. This is a

popular way on social media and micro-blogging websites to highlight an important event
name or express feeling [33]. Hashtags are also used by social network websites to
indicate trending topics. The hashtag is often used in information technology to define or
highlight important items. This idea was used by Twitter between 2009 & 2010 and is
now used by most of the social network sites including Facebook. The hashtags are used
anywhere freely whether in comments or user status.
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Figure 11: Hashtags [71]

Hashtags can be anything from a name of an event to an expression of one’s
feelings [35]. Users can post anything under hashtags which they feel is important to
them or to society. Although they are used in social media posts, not all of them
represent sentiment [34]. For example, a person who posts his concerns about the Iraq
war on his social media website may post something like “1000’s of lives lost in #Iraq
and #Afghanistan but all went in vein”. The hashtags here are pointing to the locations.
These can be useful for subjective classification or in regression analysis but are of no
use in sentiment analysis [33].
2.4.4

Links
The use of hyperlinks on social media is common. It has been observed that

community pages on social media often post links on their profiles. The main reason for
this is that they want more visitors to their websites. This does not only increase traffic
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on their webpages but is also a way to increase their revenue from advertisements.
Organizations make their community pages on social media and instead of posting
information directly, they post links to their webpages. Users who click on the posts are
automatically redirected to the specific link where the real information is shared.
Often, links are just webpage addresses that direct users to the real information.
The text of the link itself does not contain any information so it does not have any
polarity to it [35]. However, links are also posted between texts.
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Figure 12: Chi-square test scores without removing links from dataset

The links increase the feature size if not removed from the text. Figure 12 shows
the highest ranking features without the removal of links from the dataset while http and
.com is amongst the top ranked features. An increase in the feature size makes the
classifier less effective and affects the performance of the classifier [35]. It can make it
slower and decrease the accuracy of the classifier. Since the links themselves do not
contain any information that represents sentiment, it is a good idea to remove them from
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the training dataset [35]. Another option is to disregard the instances that contain links
but there is a chance that useful information will be lost.
2.4.5

Tags
Tags are similar to hashtags but the difference is that they are used to indicate a

person. This notifies the person through a notification that they are being addressed
somewhere in a comment or a user post. Since names are nouns and do not have any
sentiment attached to them, they can be removed from the dataset. If they are not
removed, the feature size would increase and hence will affect the accuracy of the system
as discussed in previous sections.
Tags are difficult to remove from the dataset.

No standard procedure or

programming function is available to remove tags. A name like “Andrew” and a word
like “Beautiful” are same for a machine and count them as two distinct features. Regular
Expression functions are not useful in this situation. One way to handle this would be to
make a global dictionary that contains names and remove those names from the dataset.
Another way might be to make a dictionary of all the names that are in the dataset and
remove them from the data set one by one. However, both of these methods would be
difficult and inefficient. Another alternate method is to use statistical techniques to
remove them. These are called data selection techniques. One of them is discussed in
detail later in this thesis.
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2.4.6

Stemming
People tend to make mistakes while writing their views and opinions and

sometimes they do it on purpose. This has become a norm on social media to write in an
informal style that indicates the degree of their emotion.

In contrast, there are

professional bloggers and writers who might be excited, over joyed or saddened about
some issue but tend to write in a formal manner.
Due to the differences in the style of writing and the informal norms on social
media, it becomes difficult to handle information that is important but maybe full of
errors. One example is the use of casual writing with spelling mistakes that are deliberate
[37]. This is a common problem found within social media datasets. People use short
notations or short forms for words that represents sentiment. The following post in
Figure 13 is an example of a tweet that indicates the need for the stemming algorithm.

Figure 13: Post with deliberate spelling mistakes
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The feelings and concerns expressed in tweets are genuine but the way of writing
them is not formal or with correct spelling. The word “Happy” is a word that has a
positive sentiment attached to it is written in different ways.

The user wrote

“Happpppyyyyy” in a way that looks like it is the superlative degree of happiness.
However, for a computer system, the two words are two distinct features. As a result,
there is always a chance of losing data which could have created an impact on the
learning process and ultimately affects the results of the classifier.
Genuine writing can also create similar problems.

This is because of the

grammatical rules of the English language. A verb can be used in many different forms.
For example, the word “kill”, “killing” and “killed” despite being the same are treated as
three separate features [37].

As a result the system measures their probabilities

separately. This can affect the importance of the feature in a class or in the dataset.
“In linguistic morphology and information retrieval, stemming is the process for
reducing inflected words to their stem, base or root from.” [67]. The stemming algorithm
provides a way to convert the extracted features into a standard form so that the words
that are similar but are written differently could be counted as a single feature [38].
Stemming is a general term and there are no documented rules for designing a
stemming algorithm. However the idea dates back to late 60’s and the early work was
presented by Julie Beth Lovins which was published in 1968 [65]. Later in the 80’s, “A
stemmer was written by Martin Porter and was published in the July 1980 issue of the
journal Program. This stemmer was very widely used and became the de facto standard
algorithm used for English stemming. Dr. Porter received the Tony Kent Strix award in
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2000 for his work on stemming and information retrieval.” [66]. Many other researchers
have also worked on stemming and produced algorithms that differ in the aspects of
performance, accuracy and the type of task to be performed. Some of these algorithms
are:


Lookup algorithms



Suffix stripping algorithms



Lemmatisation algorithms



Stochastic algorithms

Each of the above mentioned algorithms work differently. Lookup algorithms and
suffix stripping algorithms are simpler and rule based.

In contrast, lemmatization

algorithms are more complex and involve the determination of parts of speech and
applying different normalization rules for different parts of speech. Stochastic algorithms
involve the use of probability to determine the root form of a word [38].

2.5

Feature Extraction & Transformation
Feature extraction is a process in information retrieval and data mining which

involves the extraction of meaningful features that defines a large set of data. For
datasets that are very large and contain redundant data, the feature extraction process
transforms the data into set of features which defines the whole dataset [39]. When
dealing with large datasets, it becomes more difficult to process the information as they
require more memory for processing. The larger the dataset, the larger the number of
variables involved. Feature extraction is a way to reduce the data set into a smaller
number of variables [39].
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In Text Classification, the datasets can be very large containing millions of words.
Each character in a word requires a byte of memory to be stored. Processing trillions of
bytes at once is difficult for normal systems. Also, raw text values in the form of
alphabets and symbols cannot be fed into the algorithms as they require numeric values to
perform calculations. Due to these factors, feature extraction techniques are applied to
the dataset and are discussed in the following subsections.
2.5.1

Bag of Words Model
The bag of words model is an important step in feature extraction of text data. It

is a simplified representation of text data used in Natural Language Processing (NLP) and
Information Retrieval (IR) [40]. In this model, the dataset is considered to be a bag of
words. The presence and occurrence of words are considered to be independent of each
other. The strings in the text documents are tokenized to separate words. Since the
ordering of the words is not taken into account, the document “Australia defeated
Srilanka” and “Srilanka defeated Australia” are both identical [40].
2.5.2

N-gram Model
For Information retrieval and text classification, the N-gram model is a

continuous stream of text or speech of an ‘n’ number of elements. These elements can be
numbers, words or characters in a text or speech document. In text classification, The Ngram model is a way of retrieving features from text documents. The value of ‘n’
depends on the classification task. It is not necessary that all the text classification tasks
would use a similar value of ‘n’. However ‘1’ and ‘2’ are commonly used in sentiment
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analysis. When n=1, the n-grams are known as unigrams and when n=2, the n-grams are
called bigrams [41].
2.5.2.1 Unigram
The Unigram is the basic N-gram model but is the most effective of all other ngram models for sentiment analysis. The Unigram is the implementation of the Bag of
Words model [41]. For Unigram, the words are assumed to be independent of their
occurrence in the document. The Unigram is the most widely used model for sentiment
analysis. This is because it yields the best results when the algorithms are probabilistic in
nature and it takes conditional independence of the features into account. The use of the
unigram also helps in deep analysis of the documents. Every word is counted as a feature
and thus makes it easier to analyze what kind of data is present in the dataset. It also
makes it easier to remove impurities from the dataset. Statistical tests can also be
conducted to check the quality of the data. It also provides the freedom to analyze the
impact of a feature on the classification. Any other n-gram besides unigram does not
provide the freedom to conduct a deep analysis of the data [41]. A comparison of the
Unigram model with other N-gram models is discussed in the results section.
2.5.2.2 Bigram
The Bigram is another variant of N-gram model where the value of N is 2. This
means that two consecutive words are considered as a single feature [40]. For example,
in the phrase “fault in our stars”, the pair “fault, in” will be counted as a single feature.
This can be useful in the kind of classification where conditional probabilities of
occurrence of a word is taken into account. For example to check the conditional
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probability between a negation and an adjective would be very helpful in analyzing the
sentiment of a sentence. The main idea around the feature independence makes bigrams
ineffective for classification. Since most social media posts and especially Twitter, are
comprised of only a few words, the limitation of the number of characters makes it rare to
find a pair of words being used back to back in the dataset. This ultimately leads to
decreased accuracy because there is a higher chance of not finding features in the test
documents.
2.5.3

Feature Weights
Classification algorithms require numeric data to perform calculations in order to

produce results. Raw data in the form of text cannot be fed into the algorithms. It is
important to covert text data into numerical values. The process of converting them into
numerical values is known as feature weighting. “Feature weighting is a technique used
to approximate the optimal degree of influence of individual feature.” [42]. Feature
weights are a measure of the importance of a feature in a dataset, class or document.
Over the years, researchers in the field of data mining have applied various feature
weighting techniques for obtaining optimal results. Many of them have concluded that
feature weighting techniques helps to increase efficiency of classification systems [43].
There are many feature weighting techniques that have been developed and have
been used in the field of text classification. Choosing a weighting technique depends
upon the method used for classification. The most common weighting methods are:


Term Frequency (TF)



Term Frequency – Inverse Document Frequency (TF-IDF)
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2.5.3.1 Term Frequency
Term Frequency is the measure of number of times a word has occurred in a
document [43]. The frequency of the occurrence of a word is helpful in determining
many aspects of the dataset. Probabilistic algorithms such as the Naïve Bayes classifier
require frequency of a feature to calculate the conditional, the prior and the posterior
probabilities which helps it to classify the documents into a class. Similarly, other
algorithms such as support vector machine also use word counts as a weight for the
feature.
In term frequency, we assign a weight to the term t which is equal to the number
of its occurrence in a document d. The term frequency is denoted as tf(t,d) with the
subscripts denoting the term and the document respectively [69]. The ordering of a term
in a document is ignored and the document is considered to be a bag of words model.
The Term frequency weights are also helpful in applying various statistical methods for
feature selection and reduction [43].
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Figure 14: Term Frequencies of features in the dataset

2.5.3.2 Term Frequency – Inverse Document Frequency (TF-IDF)
Term Frequency on its own can be ineffective for classification tasks. The issue
that arises with the raw term frequency is that all of the terms are considered equally
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important [44]. In some information retrieval cases, frequently used words do not help in
determining the class of a document [45]. For example, every document contains articles
such as “a”, “an” and “the” but they do not help in determining the polarity of the
document. To reduce the effect of recurring words and to increase the impact of less
frequently used words, the Inverse Document Frequency (IDF) is introduced.
The term document frequency which is denoted by df is the measure of the
number of documents in which term t has occurred [45] [46]. Table 1 below shows an
example of words and their respective term counts and the document frequency.
Table 1: Term Frequency versus Document Frequency [69]
WORD

TERM FREQUENCY

DOCUMENT FREQUENCY

TRY

10422

8760

INSURANCE

10440

3997

Table 1 shows that although the words have similar term frequency but the word
“insurance” has occurred in less number of documents. This example indicates that the
term frequency and the document frequency exhibit different behaviours. In search
engines, a similar technique is applied to retrieve a smaller number of documents that are
more informative rather than more documents which are less informative. Therefore,
inverse document frequency is used to scale the weight of a term. Equation 15 is the
formula to calculate the Inverse Document Frequency:

(15)
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N stands for total number of documents in a corpus. The log of the ratio between N and
document frequency helps to boost the score of a term which is frequently used in a
smaller number of documents. Table 2 below shows the df versus idf of different terms
from the Reuter’s dataset [69].
Table 2: Document Frequency versus Inverse Document Frequency [69]
Term

Document Freq.

Inverse Document Freq.

Car

18,165

1.65

Auto

6723

2.08

Insurance

19,241

1.62

Best

25,235

1.5

Table shows the lower the document frequency, the higher idf. This is how rarely
occurring terms obtain a higher ranking.
The term frequency and inverse document frequency can be combined by
multiplying them together to find the weight of a feature. Equation 16 shows the tf-idf
formula for a weight calculation,

_

,

,

∗

(16)

Tf-idf assigns a weight to term t that is:


Higher when occurs many times within a small number of documents.



Lower when the term occurs fewer times in a document, or occurs in many
documents.
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2.5.4

Lower when the term occurs in virtually all documents.
Feature Matrix
A Feature Matrix is a two dimensional representation of a dataset. The rows are

the instances and the columns are the features in the dataset. Each element in the matrix
is the weight of a feature in an instance. Figure 15 shows an example of a feature matrix.
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1

1
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0

3

1

0

1
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Figure 15: Feature Matrix

Each row represents a document while each element in a row is the calculated
weight of the features present in the document. The purpose of converting the documents
into matrix form is to aid the calculation process of the algorithms. These matrices can
also be referred to as a bag of words matrix because they store information about
frequency and disregard the placement and occurrence of features in the documents.
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2.5.4.1 Data Sparsity
Data sparsity refers to the empty spaces in a dataset [47]. Figure 16 shows an
example of Sparse Matrix. When a dataset is transformed into a matrix, there may be a
large number of zeros in the matrix [48]. These zeros are due to the small number of
words in a document. For example in Twitter posts, tweets have very few words in them.
This is due to the 140 character limit allowed by Twitter for a tweet. For example,
consider a unique set of words of around 50 thousand. Each document would represent a
1 X 50,000 matrix, where only 20 to 25 elements would be non-zero. Figure 17 shows the
ratio of zeros to non-zero numbers in the dataset.
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Figure 16: Example of Sparse Matrix with high density of zeros
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Figure 17: Non-zero and zero ratio in the dataset

To store these matrices and to speed up algebraic operations, sparse representation
is used [49]. The main technique to store a sparse matrix and to reduce the memory
consumption is to store non-zero elements only in either a coordinate list or compressed
sparse column format.
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2.5.5

Feature Selection
Feature Selection is referred to the techniques for selecting a subset of relevant

features to be utilized in classification [68]. The primary assumption for feature selection
techniques is that the dataset contains many irrelevant features and impurities. Feature
selection is different than feature extraction. Feature extraction only provides a way to
extract the features from a dataset while feature selection techniques help to select
appropriate features that can aid in constructing efficient classifiers. Feature selection
techniques help in three ways [50]:


Dimensionality reduction



Training time reduction



Generalization by reducing overfitting

There are various feature selection techniques that are used extensively in the field
of data mining. One such method is the Chi-square feature selection method.
2.5.5.1 Chi-Square Feature Selection
The Chi-square method is a statistical test that is used to test the independence of
two events. In feature selection it is used to test the independence of occurrence of a
specific feature and a class [51]. The overall feature selection procedure is to score each
potential feature according to a particular feature selection metric, and then take the best
features [52]. Equation 17 shows the general formula for calculating score of a term [69].

, ,

∑

,

∑
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,

(17)

Higher values of x2 shows that the null hypothesis (H0) should be rejected and the
feature and the class are dependent. Feature with high dependence are then selected for
the model. Equation 17 can be simplified as Equation 18 below,

, ,

(18)
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3 Proposed Model
This section discusses the proposed model for sentiment analysis in social media.
The model is comprised of three parts; the proposed term weighing scheme, the ensemble
classifier framework and the document ranking using the probabilistic weights of the
features. The first section explains the proposed weighting scheme for the features
extracted from the dataset. The second section explains the classification based on the
proposed ensemble classification technique. The third section explains the document
ranking algorithm.

3.1 Probabilistic Feature Weighing
The probabilistic feature weighing technique is derived from the multinomial
Naïve Bayes classifier.

The feature independence assumption of the Naïve Bayes

classifier helps to calculate the conditional probability of features in the dataset. The
amount of conditional probabilities of a term is proportional to the number of classes in
the dataset. For the sentiment analysis problem, the number of classes is two (positive
and negative). Equation 19 is the equation that finds the conditional probability of a
feature from the dataset [11].

|

∑

| |

(19)

After the pre-processing techniques are applied to the dataset, the conditional
probabilities are calculated for every word in the vocabulary. Every feature has two
distinct conditional probabilities so there are two distinct weights of a feature. Each
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weight indicates the importance of a feature in a particular class. For example, the word
‘beautiful’ is more likely to have a higher probability in the positive class as compared to
the negative class. The Naïve Bayes classifier predicts the class of a new document
based on the maximum likelihood calculation. It finds the posterior probability and
compares the two calculated posterior probabilities [10]. Other algorithms such as the
Support Vector Machine and Maximum Entropy takes a single weight such as term
frequency as input for every feature [12]. Although the Naïve Bayes classifier the takes
frequency of a term as input in its initial stage, it still requires multiple posterior
probabilities for its prediction stage. Therefore, the conditional probabilities cannot be
used as a weight in their purest form.
3.1.1

Probability Unification Method
To use the conditional probability as a single weight, this thesis proposes a

probability unification method that utilizes vector resultants for unification. The number
of conditional probabilities for every feature is two because there are only two classes for
sentiment analysis (positive and negative). As shown in Figure 18, the horizontal scale
represents the conditional probability of the feature in the positive class, whereas the
vertical scale represents the conditional probability of the feature in the negative class.
The resultant probability vectors of every feature are found by using Equation 20,

| |

|

|
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(20)

Fig 18 represents the resultant vector of word ‘beautiful’ from the dataset. The
resultant probability vector is the unified probability of the feature.

|R|

Figure 18: Probability Resultant Vector
The resultant unified probability can be used as a weight for algorithms such as a
support vector machine and maximum entropy.

The experiment results of this

probability unification method are discussed in section 4.
3.1.2

Gradient Method with Tangent Normalization
Another method proposed by this thesis is the Gradient method. This method is

also based on a two-dimensional vector but with a slightly different approach. In this
method the gradient of the vector is used for the weights of the features. Equation 21 is
the formula for calculating the slope or gradient of the vector [14]. The steeper the slope,
the more negative the feature becomes. The negativity of a feature is proportional to the
steepness of the vector.
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|
|

(21)

The conditional probability of a feature depends on the number of times it has
occurred in a class, the number of total words in that class and the total vocabulary size.
Therefore, it may vary between 0 and 1. Zero probability is not possible because of the
use of Laplace smoothing in the conditional probability formula. However, probabilities
can be very low and sometimes raise floating point errors. The probability of a ‘1’ is
impossible in the presence of other features but may be close to 1. Suppose the negative
probability of a feature is very high in one class and very low in the other, this could
make the value of the slope very large.
Another issue when using the raw values of the gradients is the linearity problem.
Figure 19 shows the plot of slope values of the resultant vector. The graph rises in a nonlinear fashion. As the denominator becomes smaller and approaches to zero, the ratio
becomes very high and the graph approaches infinity.
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Figure 19: Plot of Gradient Values
Because of these issues, the method is modified to utilize tangent
normalization. Instead of using a slope value, the angle becomes the scoring function.
Figure 20 shows the graph of the tangent normalized values. It can be seen from the
graph that the graph rises in a linear fashion. This also helps to rank the features between
the scales of best to worst. This is discussed in detail in section 3.3.
Equation 22 is the tangent normalization equation:
|

tan

|

(22)

This modification has three benefits;
1. The score remains normalized between 0 and 90 degrees
2. Features can be compared on the basis of their sweetness or bitterness
3. The features can be ranked with respect to the degree of positivity or negativity
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Figure 20: Normalized Values

3.2

Enhanced Ensemble Classifier Framework
Ensemble Classification is an alternative classification technique where multiple

classifiers are used to predict a document’s class [57]. This technique has been proved to
be effective with a noisy dataset [58, 59]. An ensemble classifier is constructed using
base classifiers [57].

The approach used for the ensemble classifier is a common

technique where multiple classification algorithms are used in parallel and then a voting
method is used to choose the result based on the highest number of votes [57, 58, 59].
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Figure 21: Enhanced Ensemble Classifier Architecture

The proposed ensemble classification technique utilizes the gradient method in
parallel with the Naïve Bayes and SVM classifier to predict the class of new documents.
Figure 21 shows the Architecture of the proposed ensemble classifier framework.
The working principle is a modified version of the ensemble method. Naïve
Bayes and the Support Vector Machine are the base classifiers. When a disagreement
occurs between two of the baseline algorithms, the normalized weighing method is used
to break the tie. Algorithm 1 shows the working principle of the Enhanced Ensemble
Classifier framework.
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Algorithm 1: Ensemble Classification

Input: Test Documents
Output: Class
Method:
1. Extract features from test document
2. Create feature vector space
3. Calculate Mean NPFW-G
4. Classify document with SVM and NB
5. Check output from SVM and NB
6. If SVM ≠ NB then
7.

Check Mean NPFW-G value

8.

If Mean > Threshold then
Output = Positive

9.

else
Output = Negative

10.

end if

11. end if
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Figure 22: Flow chart of Enhanced Ensemble Classifier
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The algorithms are trained with the same datasets and an equal feature set. The
Mean Normalized weight of the features in the document is also calculated using
Equation 23.

μ

∑

∗
∑

(23)

Figure 22 shows the flowchart of Enhanced Ensemble Classifier. When a new
document arrives, the features are extracted based on the features in the library. Each
classifier classifies the document.

If both of the classifiers agree, the decision is

considered final and the output is considered to the predicted class of the document. If
disagreement occurs in between the baseline classifiers, the mean normalized value of the
features is checked. If the value is greater than or equal to a threshold angle, it is
considered to be a positive document. If the mean value is less than the threshold angle,
the document is considered to be a negative document.
3.2.1

Optimal Threshold Estimation

The threshold value should be 45 degrees as the probability ratio is equal to 1
when both positive and negative conditional probabilities are equal. In practice, this does
not work all of the time because of the noise in the dataset. Because it is impossible to
get an ideal set of features and since the threshold is a mathematical mean of the angles
of the features in a document, the threshold may be above or below 45 degrees. The
figure below shows the histogram plots for an ideal dataset. The mean values are
normally distributed within each class. The red histogram shows the negative dataset and
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the green shows positive data instances. The horizontal axis is the mean angle from 0 to
90 degrees where the vertical axis is the probability of the mean angles in a class. For an
ideal dataset, the mean of the distribution should be equal to 22.5 for the positive dataset
and 67.5 for the negative dataset and the threshold angle is 45 degrees.

Figure 23: Ideal Histogram plots of Positive & Negative training data

Figure 23 shows the threshold value is 45 degrees in an ideal case. However, the
threshold value is not always 45 degrees in real dataset. The value depends on the
training dataset and affects the performance of the enhanced ensemble classifier. Figure
below shows an example of a more realistic plot.
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Figure 24: Histogram plots of social media training dataset

Figure 24 shows that the mean values overlaps and the mean values exceeds 45
degrees in negative instances and are below 45 degrees in positive dataset. This can be
caused by irrelevant features in the dataset. Since it is impossible to clean the data 100%,
this phenomenon cannot be avoided. However, the plots can be helpful in determining the
best threshold value for the Ensemble Classifier. The following indicates how to
determine better threshold values:


Calculate mean values of angles for all training documents.



Plot histograms of positive and negative instances separately.
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Plot Probability Density Function (PDF) of the mean values.



Look for point of intersection between both PDF plots.



Select the intersection point as the Threshold value.

Threshold Value

Figure 25: Threshold value to use

Figure 25 shows a threshold value example. The determined value in this case is
approximately 42.5 degrees.

3.3

Document Ranking
Document ranking is a more advanced level of sentiment analysis than simply

determining positive or negative classes. Ranking documents from best to worst can be
useful in some applications. In sentiment analysis, the training data consists of thousands
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of documents comprised of both positive and negative sentiments. Since the documents
are pre-classified by humans, their polarity differs from one another. For example movie
reviews posted on the Internet by users vary in sentiment. Some people may like a movie
so much that they post their reviews full of praising words. On the other hand, movie
critics may give average comments with both positive and negative sentiments. This can
imply a review is average or neutral. Machine learning algorithms help to find the
overall sentiment of the documents. Alternately, they can be trained with more precise
datasets to differentiate between excellent, good and average documents.
There are various techniques to rank documents according to the degree of their
polarity. One technique is the clustering technique. This technique uses the K-means
algorithm to find similar features in the dataset and uses them to further divide the
documents in sub-categories [61]. Another popular technique is to use WordNet which
can be used to find the score of a document based on the features in it [63]. WordNet is a
lexical database that was created by Princeton University in 1985. They developed a
scoring function to find distance between two words that indicates semantic similarity
between them. The nearer their distance is, the closely they are related to each other [63].
Another technique was developed by Singh & Kumar in which they used domainontology and statistical method to find semantic similarities between the words [60].
However, they also used WordNet as the weight of their features. Farhadloo & Roland
used the approach of nouns instead of adjectives to create their Bag of Nouns
representation and applied clustering method to rank documents [62].
This thesis proposes a normalized gradient weighting technique discussed in
section 3.1.2 to score documents and rank them in three sub-categories within two super62

classes. The positive class is assigned three categories; definitely positive, positive and
marginally positive. The negative class is also assigned three categories; marginally
negative, negative and definitely negative. Figure 26 shows the hierarchy of the classes in
defined for the test.

Algorithm 2 is the steps for proposed document ranking task.

Algorithm 2: Document Ranking Model Training

Input: Training Documents
Output: NPFW-G Values
Method:
1. Extract features from training documents
2. Create feature vector space
3. Calculate Conditional Probabilities
4. Calculate Gradients for each probability pair
5. Calculate Normalized gradient value for each
calculated gradient
6. Store NPFW-G values into feature library
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Figure 26: Hierarchy of Classes
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Definitely
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Algorithm 3 is the steps for assigning a rank to the new documents based on
NPFW-G values.

Algorithm 3: Document Ranking
Input: Test Documents
Output: Rank
Method:
1. Extract features from test document
2. Extract NPFW-G from library
3. Calculate Mean NPFW-G for the document
4. If Mean ≥ 45º then
Check Upper Regions
5.
If Region = 6 then
Output = Definitely Negative
6.
end if
7.
If Region = 5 then
Output = Negative
8.
end if
9.
If Region = 4 then
Output = Marginally Negative
10.
end if
11. else
Check Lower Regions
12.
If Region = 1 then
Output = Definitely Positive
13. end if
14.
If Region = 2 then
Output = Positive
15. end if
16.
If Region = 3 then
Output = Marginally Positive
17.
end if
18. end if

During the training process, the boundaries for the normalized gradient are found.
This is done by finding the mean of the training documents and sorting them in ascending
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order.

The first and the last element in the array represent the boundary of the

normalized means. The boundary for the negative documents is between 0 and 45
degrees. Similarly the boundary for the positive documents is between the 45 and 90
degrees. The mean normalized gradient of the document is calculated using Equation 23.
After assigning each super-class its initial set of boundaries, we further divide each superclass in three distinct intervals to get 6 sub-categories. These categories are used to rank
new documents from most positive to most negative. Fig 27 shows the subcategories on
the two dimensional vector spaces.

Figure 27: Sub-Classes Regions
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4 Experiment & Results
4.1

Datasets
This research in sentiment analysis was conducted on social media. However,

other sentiment analysis datasets have also been used for comparative analysis to measure
the performance of the classifier outside the scope of social media.
4.1.1

Twitter Dataset
There

is

a

dataset

for

social

media

that

is

available

at

http://cs.stanford.edu/people/alecmgo/trainingandtestdata.zip. The dataset was collected
by researchers from Stanford University and is openly available on the Internet for
educational and research purposes.

The dataset contains 1.6 million Tweets which

contains positive, negative and neutral tweets on multiple topics. The data is the same
dataset that is used to create www.sentiment140.com, which is an online testing tool for
sentiment analysis. Alec Go, Richa Bhayani, and Lei Huang created this website and
were involved in collecting Stanford dataset in 2009.
4.1.2

IMDB Movie Review Dataset
The IMDB movie review dataset contains movie reviews with hand coded

polarity for a binary classification task. The core dataset contains 50,000 reviews split
evenly into 25000 training sets and 25000 test sets. The overall distribution of labels is
balanced (25000 positive and 25000 negative). In the entire collection, no more than 30
reviews are allowed for any given movie because reviews for the same movie tend to
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have correlated ratings. The training and test sets contain a disjointed set of movies, so
no significant performance is obtained by memorizing movie-unique terms and their
associated labels [64].

4.2

Testing Tools
Tools used for development, training and testing the classifiers are described

below:
4.2.1

Python
Python is a high-level programming language which is designed with the

intention to be highly readable language. It was authored in 1989 by Guido van Rossum,
a Dutch computer programmer as a hobby programming project. It can perform same
tasks with fewer lines of codes than in any other mainstream programming languages.
Python supports multiple programming paradigms from object-oriented to functional or
procedural programming. It poses a dynamic type system, an automatic memory
management system and has a large and comprehensive library. An important feature is
the dynamic name resolution which binds variables and methods during program
execution. Python’s interpreter and the extensive standard library are freely available for
all major platforms from the Python web site [72].
4.2.2

NumPy
NumPy also known as Numeric Python is an extension to Python programming

language which adds support for large, multi-dimensional arrays and matrices with an
extensive library of high-level mathematical functions to perform on these arrays. It was
developed in 2005 by Travis Oliphant as a successor of Numeric which was originally
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authored by Jim Hugunin. The core functionality of python is its n-dimensional array.
Python was not originally designed for numeric computing which left a vacuum for the
development of a module that can do powerful computing such as matlab and similar
products [73].
4.2.3

Scikit-learn

Scikit-learn is an open source machine learning library for Python. It comprises of
various classification, regression and clustering algorithms including many of the
mainstream supervised machine learning algorithms. It is designed to interoperate with
python modules like NumPy and SciPy [74].

4.3

Pre‐Processing Tests and Classifier Performance Analysis
This section provides the results of the tests performed on the datasets. The tests

were conducted in four stages. The first stage tested the individual classifiers and their
performance on the datasets as mentioned in the previous section. The performance of
the classifiers in the presence and absence of impurities were compared. The data
selection technique’s effect on the performance of the classifier was also analyzed. The
proposed probability feature weighting method was tested.

The ensemble classifier

framework with normalized feature weights as a scoring function was also tested.
Finally, the ranking technique was also tested. The results of these tests are shown in the
following sections.
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4.3.1

Stop words
This section provides the analysis of the classifiers and the effect of stop words on

the feature size, training time and accuracy of the classifiers.
The Table 3 and Table 4 shows the comparison of various attributes of the
classifier and the impact of stop words on the efficiency of the algorithms for Twitter
dataset and Movie Reviews dataset respectively.
Table 3: Stop Words test on Twitter dataset
Tweets

Before Filtering

After Filtering
Change %

Number of Documents

20,000

Feature Size

29,108

28,988

-0.412

Total Number of Words

252,941

161,055

-36.33

MNB Accuracy

73.45

74.25

0.8

SVM Accuracy

71.70

73.30

1.60

Table 4: Stop Words test on Movie Reviews
Movie Reviews

Before Filtering

After Filtering
Change %

Number of Documents

2000

Feature Size

22,822

22,700

-0.54

Total Number of Words

431,217

240,757

-44.17

MNB Accuracy

82.90

84.05

1.15

SVM Accuracy

80.75

80.35

0.4
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The results from the tables indicate that removing stop words reduce the number
of total words in the datasets up to 45%. This also increases relative weights and
conditional probability of individual terms which also increases the accuracy of the
classifiers.
4.3.2

Classification using Adjectives as Features
Table 5 and 6 below shows the results of training the classifier on standard

adjectives for Twitter and Movie reviews respectively.
Table 5: Results of using standard adjectives as features on Twitter dataset
Number of Adjectives as Features

1328

Accuracy on Naïve Bayes

41.35 %

Accuracy on Support Vector Machine

37.65%

Table 6: Results of using standard adjectives on Movie Reviews
Number of Adjectives as Features

1328

Accuracy on Naïve Bayes

61.60 %

Accuracy on Support Vector Machine

59.95%

The result obtained from the test indicates that the classifier based on adjectives
as features is not effective for social media. In the case of the movie reviews, the
classifiers still managed to classify the documents around 60% correctly. This is likely
due to movie reviews having more features on the order of 500 to 1000 words. A
possible reason for low accuracy on the social media dataset is because the words in the
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social media dataset lack the use of formal language. Also the number of features is low
in comparison for any individual document.
4.3.3

Stemming Results

Table 7 and 8 below compares the feature size in the presence and absence of stemming
algorithm applied on the dataset for Twitter and Movie Reviews.
Table 7: Stemming Results on Twitter Dataset
Tweets Dataset

Before Stemming

After Stemming

Change %

Feature Size

18,063

17,045

-5.64

SVM Accuracy

73.45

72.8

-0.65

NB Accuracy

71.7

71.5

-0.20

Table 8: Stemming Results on Movie Reviews
Movie Reviews Dataset

Before Stemming

After Stemming

Change %

Feature Size

22,822

20,540

-9.99

SVM Accuracy

80.35

76.75

-3.60

NB Accuracy

84.05

80.85

-3.20

It can be seen from the above tables that there is a significant difference between
the feature sizes in both the tests. The number of features is reduced when the stemming
algorithm is applied to the dataset. However, the results obtained from the classifier
shows that stemming decreases the performance of the classifier. For the movie reviews
dataset, that is formally written, it experiences significant decreased accuracy on both
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classifiers. However, tweet data is not significantly affected by stemming. The likely
cause of the failure of the stemming algorithm is that, in the process of correcting the
data, it also affects the data which does not require any changes to it.
4.3.4

Bigram versus Unigram Analysis
The test were performed using same dataset with equal number of instances.

Table 9 and 10 shows the comparison of unigrams to bigrams on the Twitter dataset and
Movie Reviews respectively.
Table 9: Unigrams versus Bigrams on Twitter Dataset
Twitter

Unigrams

Bigrams

Change %

Feature Size

5,476

14,187

+61.4 %

NB Accuracy

72.65 %

52.6 %

-17.3 %

SVM Accuracy

71.75 %

57 %

-14.75 %

Table 10: Unigrams versus Bigrams on Movie Reviews
Movie Reviews

Unigrams

Bigrams

Change %

Feature Size

21,387

55,598

+61.53 %

NB Accuracy

83.60 %

61.24 %

-17.91 %

SVM Accuracy

81.01 %

59.98 %

-16.36 %

The result shows that Unigrams outperforms Bigrams in all aspects. The Overall
accuracy of the classifiers is approximately 20% higher when Unigrams are used while
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the feature size is also reduced up to 61.5%. This means that Unigrams does not only
increase accuracy but also reduce training and prediction time.
One of the main reasons of Bigrams to be less effective is that, bigram feature
extraction considers two consecutive words as a single feature.

This reduces the

probability of finding a feature in a test document sharply. Whereas in Unigrams, the
chances of getting the appropriate features out of the test documents are higher.
4.3.5

Chi-squared Feature Selection Performance
Table 11 and 12 shows the comparison of the amount of features before and after

applying the Chi-square method on the Twitter dataset and Movie Reviews.
Table 11: Chi-square Feature Selection on Twitter Dataset
Tweets

Without Chi-square

With Chi-square

Change %

Feature Size

49,056

8,709

-82.5 %

SVM Accuracy

71.05 %

74.65 %

3.60 %

Naïve Bayes Accuracy

72.65 %

73.89 %

0.24 %

Table 12: Chi-square Feature Selection on Movie Reviews
Movie Reviews

Without Chi-square

With Chi-square

Change %

Feature Size

22,163

18,315

-17.36 %

SVM Accuracy

82.55%

82.95%

0.40 %

Naïve Bayes Accuracy

81.01 %

82.35 %

1.34 %
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The Chi-square selection method is very useful in selecting most significant
features for classification. It decreased the feature size up to 82.5% and 17.36% in
Twitter and Movie Review datasets respectively.

It also helped in increasing the

performance of the classifiers. The most evident case is the test on Twitter dataset with
SVM Classifier where the accuracy was increased up to 3.60%. However, it may not
always be a good approach to apply feature selection methods on social media datasets.
Since there is a 140 character limit in Twitter posts, the number of words in a post
averages between 10 and 12. After filtering stop words, only a handful of them are useful
in classification. If features are removed excessively, the classifier is unable to find
words in a document and will not classify it. Conversely, movie reviews average around
250-445 words per document and have a higher margin for feature reduction. However,
in social media, each and every feature takes on higher importance.

4.4

Comparison of PFW with existing weighing methods
Tests were performed with all three variants of the PFW methods proposed in this

thesis. The Support Vector Machine Algorithm was trained using PFW-U (Probability
Feature Weights Unified), PFW-G (Probability Feature Weights Gradient) and the
Normalized PFW-G. The training utilizes 20,000 Tweets and 10,000 movie reviews to
train the classifiers. Table 13 and 14 shows the accuracy of the classifiers with different
feature weighing techniques.
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Table 13: Accuracy of Individual Weighting Techniques on Movie Reviews
SVM

NB

TF

73.05

73.15

TF-IDF

72.05

-

PFW-U

62.35

-

Gradients

69.25

-

N-Gradients

64.50

-

Table 14: Accuracy of Individual Weighting Techniques on Movie Reviews
SVM

NB

TF

80.35

84.05

TF-IDF

60.55

-

PFW-U

56.75

-

Gradients

68.20

-

N-Gradients

74.75

-

This test was conducted to measure the individual performance of the
probabilistic weighting methods with the existing techniques. The result from the tests
shows that TFs outperforms all the other weighting methods including our developed
probabilistic weighting methods.

However, they may be helpful to increase accuracy in

other classification models but does not work well with Support Vector Machine. Naïve
Bayes Classifier on the other hand, is already a probabilistic classifier; therefore it only
takes Term Frequencies as weights of the features.
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4.5

Enhanced Ensemble Classifier Test
The Enhanced Ensemble Classifier was tested with the baseline algorithms

independently. Each classifier was trained on the same dataset with an equal number of
features. The classifiers have different accuracy when tested using both datasets. Table
15 shows the individual accuracy of the classifiers on both the datasets. The algorithm’s
results are uncorrelated which is a prerequisite condition for designing ensemble
classifiers.
Table 15 Accuracy of individual Algorithms
SVM

MNB

Reviews Tweets Reviews Tweets
Tf

81.01

71.23
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84.05

73.15

4.5.1

Optimal Threshold Value Test

Figure 28: Histogram plots of actual Twitter training dataset used

Figure 28 shows the actual Probability density function graph for the Twitter data
set. The value that produced optimal result was found by taking the intersection point of
the PDF curves. The Mean values of the dataset also follow a normal distribution. Table
16 shows the selected threshold values for the Twitter dataset. This value produced the
optimal result and accuracy of the Enhanced Ensemble Classifier.
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Table 16: Standard Deviation (SD), Mean & Threshold value for the Twitter dataset
Twitter

Negative Tweets

Positive Tweets

Standard Deviation (Sigma)

7.69

7.97

Mean

23.47

65.25

Threshold Value

45.28

Figure 29: Histogram plot of Movie Review Dataset
Figure 29 shows the probability density function plots of the actual movie review dataset
used for the experiment. The PDF curves are intersecting below 45 degrees. Table 17
shows the selected value for the Enhanced Ensemble classifier for movie reviews.
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Table 17: Standard Deviation (SD), Mean & Threshold Value for Movie Reviews
Movie Reviews

Negative Reviews

Positive Reviews

Standard Deviation (σ)

7.89

7.95

Mean

22.69

67.58

Threshold Value

4.5.2

43.50

Enhanced Ensemble Classifier Results

Table 18: Comparison of Enhanced Ensemble Classifier Accuracy on Movie
Reviews

Mean Accuracy

SD σ

NB

83.26

1.24

SVM

82.54

0.88

EECF

86.67

0.61
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Table 19: Comparison of Enhanced Ensemble Classifier Accuracy on Tweets

Mean Accuracy

SD σ

NB

72.94

1.6

SVM

71.37

1.13

EECF

76.84

1.18

Table 18 and 19 shows the comparison of the Enhanced Ensemble Classifier with
conventional classifying techniques on movie reviews and tweets. Based on the tests
shown in Table 18 and 19, the Enhanced Ensemble Classifier is more successful than the
classifiers working independently.

The NPFW-G contributed in improving the

classification when compared to existing methods. The accuracy was increased from
82.54% to 86.67% on Movie Reviews and 71.37% to 76.84% on Twitter Dataset when
compared with SVM working individually. Figure 30 shows the overall comparison of
the individual classifiers with EEC.
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Figure 30: Accuracy Comparison Graph

4.6

Document Ranking with Normalized PFW-G
To perform this test, 100 positive documents and 100 negative documents were

manually classified into 6 sub-categories as discussed in section 3.3. The ensemble
classifier was used to classify these documents into the two major categories (positive
and negative). Out of 200 documents, the classifier predicted 91 and 93 of the documents
correctly into their respective classes.

In addition, out of the correctly classified

documents, the method was able to rank the documents with an accuracy of 82.5%. After
further investigation, the performance of the ranking method by varying the size of the
features and number of instances used to extract the weights of the features was
performed. Figure 31 illustrates the accuracy with respect to the training data provided.
The graph shows that the performance increases by increasing the number of
instances. It is because the number of words and vocabulary size also increases with
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increasing the number of instances provided for training. More training documents
ensure that more samples are provided for every feature that is important for the task of
sentiment analysis.

Because the weights of the features depend on the conditional

probability of the features, it is important to provide a significant amount of training
documents.
90
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Figure 31: Performance of Document Ranking with number of instances
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Figure 32: Comparison of Performance of Document Ranking with Vocabulary Size
Figure 32 shows the accuracy of the ranking method with varying
vocabulary size. It indicates that the vocabulary size is also important for accurately
ranking the documents. With a larger vocabulary size, there is a corresponding increase
in correctly ranking the documents. The algorithm increases accuracy in the presence of
more available feature size. Since social media documents are smaller it is difficult to
find relevant features in the posts. However, the ranking algorithm is very helpful in subclassifying larger documents.
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5 Conclusion & Future Work
5.1

Conclusion
This thesis presented a different approach for sentiment analysis classification

which utilizes the probabilistic feature weighting scheme. The proposed methodology
was tested on two widely used datasets publically available on the Internet. The outcome
of this research shows a 4% improvement in sentiment analysis using the proposed
methodology. The improvement was particularly significant on the Twitter dataset but
can also be helpful in improving the accuracy in other Text Classification domains.
The weighting scheme provides a method to investigate the impact of features on
classification. By calculating the normalized probabilistic weights, one can identify
which feature is more or less significant for sentiment analysis. This helps to reduce the
number of features and decreases the training time of the algorithms.

In addition,

individual features can be compared by their normalized probabilistic weight which
allows for ranking the features according to their significance in sentiment analysis
classification. The quality of the data available for training plays an important role in the
accuracy of the methodology. Performing statistical tests on the datasets and high level
of pre-processing on the training dataset makes it possible to select significant features
from the dataset.
The second part of the research was to develop a classification model based on
Ensemble Classification. Although Ensemble Classification has been used by researchers
in past, the Enhanced Ensemble Classification Technique developed in this research
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provides an advanced methodology utilizing the weights of the features as a part of
Ensemble Classifier Framework. This technique was also found to be very effective in
classifying the documents with a low number of features such as Twitter posts. Twitter
has a limit of 140 characters and this methodology proved to be more successful in
classifying them than the individual algorithms. The methodology improved accuracy up
to 3 percent. The Enhanced Ensemble Classifier also proved to be very efficient in
analyzing Movie Reviews as it outperformed the baseline algorithms such as Naïve
Bayes and SVM performing individually. If data is carefully selected and the noise ratio
can be reduced by discovering new ways of cleaning data, it may improve the accuracy of
EECF not only in sentiment analysis area but also on other text classification problems.
The weighting scheme in this research also helps in ranking documents using the
score achieved by the mean normalized weights. It enables the ability to rank documents
in terms of their likely degree of positivity or negativity. The algorithm developed for
ranking produced results with an accuracy of approximately 90 percent. However, the
results may vary depending upon the individual classifying the training data as sentiment
may vary from one person to another.
The research also studied various existing techniques to select and clean the data
for sentiment analysis. Although these techniques are able to select appropriate features
from the datasets, not always they are successful in producing better results with
classifiers. Sentiment analysis of social media is one such issue where the documents are
relatively small in terms of features and therefore further reducing the feature size is
catastrophic.
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When comparing sentiment analysis with other text classification problems, the
feature set is found to be the main driver for the quality of the classifiers. Naïve Bayes
and Support Vector Machines have a higher accuracy on other text classification
problems than sentiment analysis. The reason behind this is that, feature sets in other
classification problems are disjointed or have a minimum common set of features while
sentiment analysis have a more common set of features. This means that both the
positive and negative classes consist of features that are common in both classes. For
example, the probability of finding a term like soccer, football and cricket is close to zero
in weather news. Similarly finding the terms like monsoon, tsunami and hurricane in
sports news is also uncommon. That is why disjoint sets produce better results with
probabilistic classifiers like Naïve Bayes. On the other hand, Sentiment Analysis datasets
contains a significant amount of common features resulting in lower accuracy of the
classifiers.
Polarity Confusion is also problem in sentiment analysis which is difficult to
overcome. This happens when a document has more than one perspective. A document
can be positive from one person’s perspective and negative from another. For example,
consider the following sentence, “Saskatchewan Roughriders beats Calgary Stampedes in
Grey Cup.” This kind of sentence is positive when seen from a Roughrider fan’s
perspective but negative from a Calgary fan’s perspective. These kinds of documents
cannot be classified correctly using the baseline algorithms. They require more
sophisticated techniques which can analyse the structure of the sentence and also take the
position of a feature into account.

87

5.2

Applications of Sentiment Analysis
Sentiment Analysis is useful for many different reasons. Due to the availability of

Internet resources all around the globe and the introduction of intelligent mobile devices,
social networking and blogging is becoming an integral part of life. Sentiment Analysis
can help consumers and stakeholders to make appropriate decisions and choices based on
group sentiment. Sentiment Analysis can be used:


As a feedback mechanism for organizations to obtain people’s opinion on the
issues that are important for their organizations.



As a feedback mechanism for consumers who take other opinions into account
before making decisions.



To forecast stocks and markets based on the news on social media and blogs.



To track down employees those are not loyal to their organizations and speak ill
about them on social media.

5.3



To perform surveys with feedback data that may take a long time to do manually.



By political parties to understand the effect of their political decisions.



In psychology to study human behaviour.
Future Work
Sentiment analysis is not a new area of research but can still be improved. This

section highlights areas where more research can be done to increase the effectiveness of
sentiment classification.
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The Probabilistic Feature Weighting technique provides an alternative way to
weight features in sentiment analysis. However, more research can be done on unifying
the conditional probabilities of a feature such as, mathematical and statistical functions
that take multiple variables as input and provide a single output. The PFW can also be
tested on text classification datasets that have more than two classes. For example, a
neutral class can be added to the dataset to have three classes instead of two. The
determination of a neutral class can be complex and challenging problem.
The Enhanced Ensemble Classifier shows significant improvement in the
sentiment analysis of social media datasets. It provides an alternate ensemble strategy
using the feature weights as a decision factor. The proposed EECF technique requires
further research in this area. For example, more classification algorithms can be applied
in parallel to the existing baseline algorithm to ensure better accuracy. More research
work can be done on ensemble strategies which may use alternative feature weighting
methods than can increase the accuracy of the classification. The EECF could also be
tested on other text classification datasets.
One of the areas where the research can be done is to determine sarcasm from
ambiguous documents. Sarcasm is one of the things that are difficult to determine.
Sarcastic document have a completely opposite polarity to what has been written.
Humans have the power to identify sarcasm but current sentiment analysis techniques
have failed to do so. Artificial intelligence in future may make it possible to design
systems that would also be able to identify sarcasm.
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