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Abstract

Natural language is ambiguous in different online social media
platforms. it contains influential information about different perspectives for
customers' feedback. These digitally stored feedbacks are available in
abundance and in a myriad of forms in the internet especially social networks
platforms e.g. Twitter. It is impossible to manually sift and analyze the needed
information. This tremendous growth in data increases the need for reasonable
filtering and knowledge mining approaches for decision support systems. For
example, organizations need to take appropriate actions and decisions to build
their brand and develop their online communities based on customer
feedbacks and improve their profits.

Sentiment analysis is non-trivial extraction of implicit user opinions
from documents. Emotion detection is task in sentiment analysis, it deals with
the extraction of discrete user attitude from the input data. Analyzing discrete
users’ attitudes in tweets is a quite difficult task. Researchers face a lot of
challenges and obstacles in enhancing accuracy of automatic emotion
detection. These challenges can be listed in three main points bipolarities in
the same input text, inadequate representative feature vectors, and limitations
of adequate annotated lexicons and datasets. Bipolarity challenge is due to
natural language ambiguity especially slang and unstructured text, where users
rephrase words to express their feelings in various and complex forms.
Inadequacy of feature vectors is lack of representative semantic relatedness
between input text and target emotion classes. Then, limitation of annotated
lexicons is due to the cost of effort and time to build well classified annotated
lexicons, which entail widespread acronyms and hashtags.

This research contributes in improving emotion detection accuracy in
text. Firstly, it extracts tokens that imply emotions. Secondly, it converts
preprocessed tokens to representative feature vectors which reflect the

semantic relatedness between input text and the classified emotion using well



annotated lexicons, word embeddings, unigrams, and term frequency
techniques. Thirdly, these feature vectors are trained over Naive Bayes,
Support vector machine, Multi-layer perceptron and Convolutional neural
networks algorithms to generate five multi-label emotion detection models.
Finally, three ensemble techniques are applied to generated models to produce
the final implied emotions. This research proposed representative feature
vectors and applied ensemble techniques on the implemented classifiers to
enhance the previous achieved accuracy by five percentage. The real dataset
is used in training and evaluating the proposed system. The proposed system

has hamming score 0.59 and average f1 score 0.65.
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Chapter One
1. Introduction

Opinions are central to all human activities and are key influencers of
their behaviors. Humans’ beliefs and perceptions of reality, and choices they
make, are to a considerable degree, conditioned upon how they see and
evaluate the world. In recent years there is a huge increase of the role of social
networks in the formation of both the content and the audience of modern mass
media. Customer Feedback from social media happens when customers make
comments on Twitter, Facebook, and a number of other social media, blogs,
and review sites. This feedback is either available to everyone, or may be
exclusive to the customer's followers. Typically, business organizations have
to learn their customers’ feedback. They need to scan hashtags and keywords
to find this feedback, so that they can take actions to turn negative experience
into positive outcome. The data gathering, sifting, and analyzing processes on
customers feedback are impossible to be manually manipulated, it should be

automated as far as possible to limit cost of effort and time.

Opinions and its related concepts such as feedbacks, sentiments,
evaluations, attitudes, and emotions are the subjects of study of sentiment
analysis and opinion mining [1]. Sentiment analysis (SA) is the computational
process that study people’s opinions, attitudes and emotions towards an entity,
this entity can be individuals, events or topics [2]. There are also many names
and slightly different tasks, e.g.: sentiment analysis, opinion mining, opinion
extraction, sentiment mining, subjectivity analysis, affect analysis, emotion
analysis, review mining, etc. Sentiment analysis is a laborious task for
performing with computers and algorithms. It is a Natural Language

Processing (NLP) problem. It touches every aspect in NLP e.g. co-reference



